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A B S T R A C T   

This study assesses how numerous stressors shape the vital rates (survival, growth, and fecundity) of sugar pine 
across the vast majority of its range. Sugar pine (Pinus lambertiana Dougl.) is the largest Pinus species, an 
important timber species, and a component of several dry conifer forest types of western North America, in 
particular the extensive Sierra Nevada mixed conifer forest. The species faces several challenges in the 
Anthropocene, including a disrupted fire regime, an invasive pathogen, forest structure changes, and drought 
with ensuing bark beetle epidemics. Managers are concerned about the conservation outlook for sugar pine, but 
it is unclear where and how to best invest conservation resources. Using data from the US Forest Service’s Forest 
Inventory and Analysis program, we estimate the parameters for the vital rate functions and use these to 
construct an integral projection model which predicts the effects of various stressors on the asymptotic popu-
lation growth rate. The asymptotic population growth rate is near or slightly below one even under reference 
conditions, and the actual abundance (in terms of both stem density and basal area) slightly declined over the 
duration of the study (2001–2019). The analysis reveals that wildfire, white pine blister rust, and forest density 
are key drivers of the demographic rates of sugar pine across its range. Drought and site dryness had lesser, but 
still meaningful, effects. Fire has strong negative effects on survival, resulting in a strongly negative population 
trajectory on burned sites. Conversely, lower than average forest density (plot-level basal area) results in a 
positive population growth rate via beneficial effects on individual growth. These results highlight the value of 
fire hazard mitigation, particularly where it also reduces forest density, in the conservation of this important 
species.   

1. Introduction 

1.1. Overview 

The ecology of the Anthropocene is characterized by the global loss 
of biodiversity, the emergence of novel disturbance regimes, and the 
degradation of ecosystem services (Bradshaw et al., 2021; Kress and 
Krupnick, 2022; Millar et al., 2007; Newman, 2019). Trees and forests 
are no exception. Almost a third (30%) of the extent tree species are at 
risk of extinction (BGCI, 2021). A decline in tree biodiversity at this scale 
jeopardizes the sustainability of forest ecosystems and the well-being of 
human livelihoods (Rivers et al., 2023). 

An immediate management need is to assess the threats to tree 
species. Globally, forest conversion for development or agriculture 
represents the primary driver of tree extinctions (BGCI, 2021). But in 
North America, invasive pests and pathogens along with climate change 

are the major hazards (Rivers et al., 2023). For fire-prone forest, the 
disruption of the fire regime also poses a significant challenge to 
biodiversity conservation (Spies et al., 2012). 

In the western United States, there has been a long-standing concern 
about the persistence of sugar pine (Pinus lambertiana Dougl., Kinloch 
et al., 1996). Sugar pine faces a suite of novel stressors including an 
invasive pathogen, hotter droughts, and an altered fire regime (van 
Mantgem et al., 2004; Maloney et al., 2011; Dudney et al., 2020). 
However, despite the perception of resource professionals and public 
stakeholders “that sugar pine as a species might be in imminent jeop-
ardy” (Kinloch and Marosy, 1996), global and national assessments do 
not consider sugar pine a species currently at risk of extinction. 
NatureServe classifies the conservation status of sugar pine as “secure” 
(NatureServe, 2023); the International Union for Conservation of Nature 
(IUCN) Red List describes it as a species of “Least Concern” (IUCN, 
2022); and Stanke et al.’s (2020) forest stability index ranks sugar pine 
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as a stable tree species (i.e., not in decline). Moreover, a recent review of 
plants likely to be winners and losers in the Anthropocene identifies 
sugar pine as a “winner useful to humans” (Kress and Krupnick, 2022). 
Even detailed, site-specific studies conducted of sugar pine populations 
exposed to known stressors do not report consistent evidence of decline 
(van Mantgem et al., 2004; Maloney et al., 2011). 

This contrast between perception and evidence presents a major 
challenge to forest management. To date, efforts to protect sugar pine 
have been extensive (e.g., Aitken and Whitlock, 2013; Waring and 
Goodrich, 2012, Stevens et al., 2016, Hood et al., 2022, Sniezko and Liu, 
2022). And yet, resources for conservation and restoration are limited. 
These scarce resources must be prioritized given the broad risks posed 
by novel anthropogenic stressors (Millar et al., 2007). 

In this paper, we evaluated the status of sugar pine and quantified the 
vulnerability of sugar pine to major stressors. Specifically, we addressed 
four questions:  

1) What are the recent changes in sugar pine abundance across its 
range?  

2) What are the regional differences in the trajectory of sugar pine 
populations across its range?  

3) What is the relative importance of the major stressors on sugar pine 
vital rates?  

4) What is the likely impact of these stressors on sugar pine population 
dynamics? 

To answer these questions, we took advantage of data from the U.S. 
Forest Service Forest Inventory and Assessment Program (FIA, Burrill 
et al., 2021, Westfall et al., 2022). First, we conducted a range-wide 
assessment of sugar pine population decline between 2010 and 2019 
(sensu Stanke et al., 2020). Next, we used the FIA data to estimate vital 
rates as a function of individual size and the presence or severity of 
potential stressors (Eitzel et al., 2013, 2015; Kohyama et al., 2018; 
Shriver et al., 2021). Once the impacts of stressors on individual vital 
rates were quantified, we predicted the population trajectory in 
response to each stressor by synthesizing the vital rates in an integral 
projection model (IPM; Merow et al., 2014; Needham et al., 2018; Doak 
et al., 2021). Our overarching goal was to quantify the threats to sugar 
pine persistence in order to inform sugar pine management. 

1.2. Background 

Sugar pine is the largest pine species in both height and volume; it is 
an important timber species; and it is a component of several dry 
western conifer forest types (Kinloch and Scheuner, 1990). In the 
extensive Sierra Nevada mixed conifer forest, sugar pine typically 
comprises 5–25% of basal area (Safford and Stevens, 2017; Bohlman 
et al., 2021). Its range extends through much of the North American 
Mediterranean zone throughout mountain ranges in California and 
central Oregon. There is a small population in northwestern Mexico but 
California encompasses the heart of its range (Kinloch and Scheuner, 
1990). Sugar pine seeds are an important food source for animal species 
(Fowells and Schubert, 1956; Thayer et al., 2005; Murray and Tomback, 
2010), and mature sugar pines are large-diameter trees which play a key 
role in the structure and function of ecosystems in which they occur 
(Lutz, 2018; Lutz et al., 2013, 2020). However, sugar pine trees face 
numerous challenges in the Anthropocene. 

First, disruptions to the fire regime impact the fitness of this 
moderately shade-tolerant, fire-surviving species (Schwilk and Ackerly, 
2001; Niinemets and Valladares, 2006). In California, sugar pine reaches 
its greatest dominance in frequent fire forest types with mean fire return 
intervals of at most 11–16 years (Yeaton, 1983, 1984; Safford and Ste-
vens, 2017; Bohlman et al., 2021). Large adults typically survive 
low-to-moderate severity wildfires and produce recruits that can take 
advantage of the reduced competition for light and water in the post-fire 
environment. However, changes in forest structure wrought by 

historical timber harvests and fire suppression, coupled with a warming 
climate, have increased sugar pine’s exposure to high severity wildfire 
(Safford and Stevens, 2017; Stevens et al., 2017; Parks and Abatzoglou, 
2020; Bohlman et al., 2021). This altered fire regime threatens not only 
the persistence of sugar pine but also the mixed conifer forest type as a 
whole (Steel et al., 2015; Shive et al., 2018; Coop et al., 2020). 

Second, an invasive fungal pathogen, Cronartium ribicola (white pine 
blister rust; WPBR) has spread across much of sugar pine’s range since 
its introduction to North America in the early 20th century, causing 
substantial mortality (van Mantgem et al., 2004; Maloney et al., 2011; 
Dudney et al., 2020). WPBR affects white pines (subgenus Strobus, 
excluding the pinyon pines in subsection Cembroides) by parasitizing 
foliage, shoots, inner bark, and outer xylem, causing the formation of 
cankers which can reduce vigor and kill outright by girdling the stem 
(Geils et al., 2010). The epidemic in the western United States has been 
severe enough to cause the related species, Pinus albicaulis, to be listed as 

Fig. 1. 1221 Forest Inventory and Analysis (FIA) plots where live sugar pine 
was present at initial measurement (2001–2009) or remeasurement 
(2010–2019) with US state borders. Plot locations based on the fuzzed, rather 
than true, coordinates. Inset shows position relative to North America and 
national borders. 
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Endangered by ICUN (Mahalovich and Stritch, 2013) and more recently, 
it was listed as Threatened under the Endangered Species Act of the 
United States (US Fish and Wildlife Service, 2020). 

Third, there is evidence that the contemporary forest structure im-
pacts the population dynamics of sugar pine, beyond its contribution to 
an altered fire regime, by increasing competitive stress. Effective fire 
suppression, which was instituted across much of sugar pine’s range in 
the 20th century, has resulted in an overall densification of these forests 
(Stephens et al., 2015; Safford and Stevens, 2017; Bohlman et al., 2021; 
North et al., 2022). In these dense forests, the recruitment of sugar pine 
is limited (van Mantgem et al., 2004) especially in comparison to the 
more shade-tolerant tree species (e.g., Abies concolor and Calocedrus 
decurrens, Ansley and Battles, 1998; Levine et al., 2016). There is also 
evidence that increased competition in these crowded forests has 
reduced the vigor of adult sugar pines, thus reducing their ability to 
resist other stresses (Young et al., 2017; Restaino et al., 2019; Furniss 
et al., 2021; North et al., 2022). 

Finally, the changing climate may increase the duration and aridity 
of droughts and thus water stress. Heightened water stress at the land-
scape scale can drive bark beetle epidemics, which have already caused 
mass mortality events in sugar pine’s range (Fettig et al., 2019; Ste-
phenson et al., 2019; Steel et al., 2021). Once these epidemics are un-
derway, bark beetles tend to preferentially target healthy 
reproductively-valuable large and sugar pines (Stephenson et al., 
2019), exacerbating the impact of this pest on the demographic outlook 
for sugar pine. Water stress can also kill trees, especially small in-
dividuals, more directly via hydraulic failure and/or carbon starvation 
(Moran et al., 2019). 

2. Methods 

2.1. Study area 

We focused on the status of sugar pine in the contiguous United 
States (Fig. 1). This area of interest represents the vast majority of sugar 
pine’s range; it excludes only an isolated population in Baja California. 
The range of sugar pine in the United States extends from 33.7◦N to 
45.3◦N throughout much of the Sierra Nevada and Klamath mountains, 
and parts of the Transverse, Peninsular, and Southern Cascades ranges in 
the US states of California and Oregon. Sugar pine is widely distributed 
throughout this range as an important element of the mixed conifer 
forest belt at elevations ranging from 1000 m to 2700 m (Safford and 
Stevens, 2017; Bohlman et al., 2021). The climate throughout this range 
is Mediterranean, with a cool-wet season and a warm-dry season (Saf-
ford and Stevens, 2017). 

2.2. Inventory data 

The Forest Inventory and Analysis program (FIA) conducts the na-
tional forest inventory program for the United States (Westfall et al., 
2022). Since 2001, the empirical foundation to the national inventory 
consists of a network of repeat-measure, tagged-tree, fixed-area plots 
measured at decadal frequency in the western United States (Phase 2 
plots, Westfall et al., 2022). In the public database, the geographic co-
ordinates listed for the FIA plots are not exact. To protect privacy and 
preserve plot integrity, the coordinates are “fuzzed.” This fuzzing in-
cludes randomly perturbing the location of all plots so that most fuzzed 
locations are within 0.8 km of the true location and no fuzzed location is 
more than 1.6 km from the true location. In addition, between 0% and 
20% of plots on private land ownership have their coordinates swapped 
with a compositionally and structurally similar private-ownership plot 
in the same county (Burrill et al., 2021; Westfall et al., 2022). In our 
dataset, 280 out of 1221 plots were privately owned, so up to 56 (4.6%) 
of plots may have had their coordinates swapped. We assessed the effect 
of using fuzzed and swapped coordinates to extract bioclimatic variables 
(described below) by treating the observed values as true and simulating 

1000 fuzzed and swapped datasets. The results of that analyses (Sup-
plementary Figure 1) indicate that the error introduced by fuzzing and 
swapping is very small for the vast majority of plots, relative to the 
distribution of climate variables across plots (Supplementary Figure 2). 

FIA plots are placed on a hexagonal grid with a density of approxi-
mately 1 plot per 2429 ha. Each plot is revisited approximately once 
every 10 years, which we treat as the census interval for the purpose of 
modeling population dynamics. Of the plots used for this study, 90% had 
an inventory interval from 9.6 to 10.3 years, with a mean interval of 
10.0 years, a minimum interval of 7.9 years, and a maximum interval of 
12.3 years. Each included plot was remeasured one time in this study. 
Thus, there is one census interval per plot, with the initial censuses 
taking place from 2001–2009 and the remeasurements from 2011–2019. 

The design of the FIA Phase 2 tree inventory relies on both spatial 
adjacency and nesting to conduct a statistically robust sample of trees at 
each location (Burrill et al., 2021; Westfall et al., 2022). Thus, each 
Phase 2 plot is a constellation of fixed-area samples. Trees ≥ 12.7 cm 
diameter at breast height (DBH, breast height = 1.37 m) are inventoried 
on four 168 m2 permanent subplots. Small trees from 2.54–12.7 cm DBH 
are inventoried on four 13.5 m2 microplots nested within the subplots, 
and large trees (≥ 70.0 cm or ≥ 91.4 cm DBH, depending on the plot) on 
four 1012 m2 macroplots that include the subplot. Data inventoried for 
each individual stem include the species, live/dead status, DBH, and (up 
to) three damage agent and severity codes indicating whether some 
agent (e.g., white pine blister rust) is visibly affecting the individual’s 
health. Trees (all stems ≥ 2.54 cm DBH) are physically tagged to facil-
itate relocation of specific individuals at remeasurement. In addition to 
the tree-level data collected, the FIA program also records information 
about forest conditions, including the presence of significant distur-
bances (e.g., fire), the ecological subsection the plot is located within 
(Bailey, 2016), and the fuzzed GPS coordinates of the plot center. 

These repeated inventories for California and Oregon (FIA Phase 2 
Database version 1.8.0.03) were first used to quantify the decadal trend 
in sugar pine abundance using FIA’s design-based estimators (Scott 
et al., 2005; Stanke et al., 2020). For the demographic analyses, we 
selected the 1221 Phase 2 plots where live sugar pine was present in the 
plot at either the initial measurement (2001–2009) or first remeasure-
ment (2010–2019). With these data, we estimated parameters for vital 
rate functions (described in detail below) of survival, growth, and 
recruitment across the range of sugar pine. The fate of 3530 sugar pine 
individuals was tracked to estimate the parameters of the survival 
function (an average of 3.3 individuals per plot); the growth of the 2821 
surviving individuals was measured to estimate the growth function (an 
average of 3.0 individuals per plot); and the observed fecundity, namely 
the mean number of new recruits per existing individual, was calculated 
to estimate the recruitment function. Recruits were defined as stems 
with DBH between 2.54 cm and 12.7 cm that were not present on the 
microplot at initial census but appeared in the second census. This es-
timate of fecundity was based on the 967 plots with sugar pine present at 
initial census. 

2.3. Climate data 

To assess the water stress experienced by sugar pine individuals, we 
extracted monthly climatic water deficit (CWD) estimates for each fuz-
zed plot location from the TerraClimate dataset (Abatzoglou et al., 
2018). CWD is a measure of evaporative demand not met by available 
water (Stephenson, 1998). The TerraClimate dataset provides modeled 
estimates of CWD at 4 km resolution for the years 1958–2020. The 4 km 
resolution approximately matches the degree of fuzzing associated with 
the FIA plot locations, so that fuzzing is unlikely to add substantial error 
in the estimation of CWD experienced at the true plot location. For each 
plot, we calculated the annual mean growing season (May-October) 
CWD estimates for 2000 to 2020. The distribution of annual mean 
growing season CWD estimates for each plot informed two variables: 
Site dryness (calculated as the mean of the annual mean values) and 
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drought (calculated as the 90th percentile of the annual mean values). 

2.4. Analytical overview 

Our analyses were guided by well-established FIA procedures (i.e., 
estimating changes in tree populations, Scott et al., 2005) and by recent 
progress in the application of FIA data to assess the impact of biological 
and environmental agents on tree vital rates (Shriver et al., 2021). Prior 
to any modeling, we inspected and summarized the inventory data from 
FIA. To quantify recent changes (i.e., last ten years) in sugar pine 
abundance across its range (i.e., Oregon and California), we calculated 
the annual percent change in live tree density for plots remeasured be-
tween 2010 and 2019. 

While demographic modeling provides valuable insights regarding 
the range-wide vulnerability of trees (Ohse et al., 2023), the FIA data (e. 
g., Shriver et al., 2021) and the demographic modeling (e.g., Doak et al., 
2021) present challenges. To navigate these challenges, we followed the 
workflow for building an integral projection model (IPM) outlined in 
Doak et al. (2021). We used data for individuals greater than 2.54 cm 
DBH on every plot where sugar pine was present at initial measurement 
or remeasurement (1221 plots). We then fit statistical models to the vital 
rate data extracted from FIA. Given the well-established influence of tree 
size on vital rates (Needham et al., 2018), we modeled survival, growth, 
and recruitment as continuous functions of tree size. We generated 
covariates based on the presence or severity of known stressors and 
included them as continuous state variables in our survival and growth 
functions. Next, we built a structured population model from these vital 
rates. We combined the vital rate functions into projection kernels to 
forecast decadal trends in sugar pine abundance. We integrated each 
projection kernel across 99 size classes and analyzed the results to es-
timate the asymptotic population growth for sugar pine under various 
scenarios. Throughout, we relied on advice distilled from recent com-
ments in the literature to guide how we built and tested our structured 
population model (Doak et al., 2021; Merow et al., 2014). For example 
(more details below), we constructed the size bins in such a way as to 
avoid the problem of evicting overlarge individuals from the IPM and 
used the cumulative density function difference method to discretize the 
continuous growth kernel when constructing the IPM. 

2.5. Changes in abundance 

The FIA growth, removals, and mortality (GRM) estimator provides a 
robust, annual estimate of population change by combining Phase 2 
inventory data (on-the-ground sampling) with strata defined by Phase 1 
sampling (remotely sensed classification of the landscape; Scott et al., 
2005). For our population of interest, namely sugar pine trees in Cali-
fornia and Oregon, we used the rFIA package (Stanke et al., 2020). The 
mean annual percent change in density was calculated for trees 
≥12.7 cm with 95% confidence intervals based on a t-distribution. 

2.6. Vital rates models 

As noted by Shriver et al. (2021), a weakness in the FIA data for 
demographic analysis is that the fates of individual seedlings (stems 
<2.54 cm DBH) are not tracked between inventories. The inventories 
include only counts of live seedlings. Shriver et al. (2021) demonstrated 
an effective solution that leveraged the seedlings counts and relied on 
jointly modeling survival, growth, and fecundity to estimate recruit-
ment. However, this approach when applied to our sugar pine analysis 
performed poorly. A minor overestimation of the growth rate for the 
smallest stems resulted in a major overestimation of the recruitment 
rate. Instead, we limited the definition of recruits to tagged trees 
growing into the smallest size class (stems ≥ 2.54 cm DBH) since the last 
inventory and modeled vital rates independently using the observed 
data. However, our vital rate models did follow the functional forms 
used in Shriver et al. (2021). 

The model for survival is: 

si ∼ Bernoulli(pi) (1)  

logit(pi) = Xi,∗β(s) + γ(s)j + δ(s)k (2)  

where si is an integer indicating the live/dead status (1 if live, 0 if dead) 
of individual i at the revisit measurement (approximately 10 years after 
initial measurement), pi is the probability of survival from initial mea-
surement to remeasurement, Xi,∗ is a row vector of covariates (described 
below) for individual i, β(s) is a column vector of fixed effect coefficients 
for the survival sub model, γ(s) is a vector of plot-level random effects 
indexed by the plot j for individual i with γ(s)j ∼ N(0,σ2

γ(s)), and δ(s) is a 
vector of ecoregion subsection-level random effects indexed by the 
ecoregion subsection k for individual i with δ(s)k ∼ N(0, σ2

δ(s)). Plot and 
ecoregion random effects were included to ensure independence of re-
siduals in a context where there are potentially unmeasured covariates 
affecting vital rates at fine spatial scales (plot level random effects) or 
coarse spatial scales (ecoregion level random effects). 

The model for growth is: 

zi ∼ Normal
(
μi, σ2

ε
)
T[0.0254, ] (3)  

μi = Xi,∗β(z) + γ(z)j + δ(z)k (4)  

where zi is the DBH in meters of individual i at remeasurement drawn 
from a truncated normal distribution (to prevent excluded-by-sampling- 
design size below 2.54 cm DBH), μi is the mean predicted DBH of indi-
vidual i at remeasurement, σ2

ε is the residual variance, Xi,∗ is a row vector 
of the fixed effects covariates, and the other parameters are as defined 
for the survival sub model, though here indexed z to indicate that they 
are the parameters specifically for the growth sub model. The fixed ef-
fect covariates for the growth model are the same as those for the sur-
vival model. Note that the coefficient for the main effect of initial size 
should be very close to 1, because the size at remeasurement is primarily 
determined by the initial size. 

The response distribution for the fecundity model is: 

c′j ∼ Neg.Binomial(n′j × a, κ) (5)  

where c′j is the observed count of new recruits (individuals between 
2.54 cm and 12.7 cm DBH which were newly present at the follow up 
census) on plot j. n′j is the area-standardized occurrence rate of new 
recruits on plot j at remeasurement, a gives the total plot area surveyed 
for individuals between 2.54 cm and 12.7 cm DBH, and κ is the 
dispersion parameter for the negative binomial distribution. 

The area-standardized occurrence rate of new recruits (n′j) is the sum 
of the fecundity of each of 99 size classes (2.54 to 250.4 cm DBH in 
2.54 cm wide bins): 

n′j =
∑99

k=1
f × nj,k (6)  

where f is the fecundity (the number of new recruits produced per 
existing individual) and nj,k is the area-standardized occurrence rate of 
individuals in the kth size class at the initial census. The low frequencies 
of new recruits in the data (942 of the 967 observed plots had no new 
recruits) precluded estimation of a more complex fecundity function 
which would have allowed fecundity rates to vary by individual sizes 
and/or the presence of stressors, as with the survival and growth func-
tions. Instead, we estimated a simple overall fecundity rate using an 
intercept-only linear model with a log link: 

logf = β0(f ) (7)  

where β0(f) is the intercept for the log-scale linear predictor of fecundity. 
We developed two sets of vital rate models, the first intended to 
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assess overall population trajectories within each ecoregion and the 
second to understand which stressors are having the largest impact on 
vital rates. The two sets of vital rate models are distinguished by the 
which covariates are included in the row vector Xi,∗ for each individual i 
of a given size. In the first (population assessment) set of vital rates, the 
fixed effects are: The intercept (INTERCEPT), the DBH in meters at initial 
measurement (DBH), and the squared DBH (DBH2). A quadratic effect of 
size was included to allow the vital rate functions to capture potentially 
nonlinear relationships between size and vital rates (e.g. allowing 
growth expressed as diameter increment to be low for saplings, high for 
midsize trees, and decline for the largest trees). Only size and random 
effects (both plot and ecoregion) were included in the first suite of vital 
rate models so that the fixed effects (for the intercept, size, and quadratic 
size) reflect aggregate conditions across all plots regardless of whether 
they were exposed to potential stressors (e.g., fire, drought, or WPBR). 

For the second set of vital rate models, we included additional 
covariates representing the major stressors facing sugar pine. We 
defined major stressors as those likely to impact sugar pine persistence. 
However, given the dependencies among morality agents, attribution of 
losses poses challenges (Das et al., 2016). The most important challenge 
was separating losses due to fire and drought from losses due to timber 
harvest. FIA assessments identify trees that were lost due to cutting. 
These intentional removals are assumed to be used and reported as 
timber harvest. For sugar pine trees (≥ 12.7 cm DBH), the loss rate due 
to these harvests was 0.64% yr-1 (2010–2019) which accounts for 25% 
of all sugar pine deaths (Data: FIA Phase 2 Database version 1.8.0.03). 
From this perspective, harvest is clearly a major stressor. However, some 
of the cutting was part of post-fire salvage operations or hazard tree 
removals. In other words, not all the cut trees were part of a planned 
silvicultural operation, but rather were emergency responses to fire and 
drought-induced deaths. For example, 12.5% of the plots with cut trees 
had the presence of fire recorded in the disturbance codes (DSTRBCD in 
the FIA database). In addition, during the remeasurement interval there 
was mass tree mortality related to the 2012–2016 hotter drought with 
losses concentrated in the heart of sugar pine’s range (Stevens et al., 
2017; Stephenson et al., 2019). In response to the risks posed by such 
widespread mortality, a joint federal and state task force removed more 
than 1.6 million dead “hazard” trees in California (California Wildfire 
and Forest Resilience Task Force, 2023). Given these dependencies, we 
choose not to exclude cut trees from our analysis so not to underestimate 
the impacts of fire and drought, and to get a realistic understanding of 
the population trajectory in contexts where other stressors are absent. 
Therefore, we included cut trees in our reference scenario (see expla-
nation below). We note that our findings are robust to this inclusion of 
harvested plots: When we excluded plots with harvested sugar pines and 
re-ran the entire analysis (described below), the results were virtually 
identical to those presented in this manuscript (Supplementary 
Figure 3). Insect attacks, especially bark beetle outbreaks induced by 
drought (sensu Fettig et al., 2019), can also be an important mortality 
agent. However, only rarely (2.5% of plots) were bark beetles reported 
as a disturbance. Thus, we included four major stressors as covariates in 
our vital rate models: fire, WPBR, competition, and water stress. 

We modeled these major stressors as fixed effects covariates repre-
sented by the row vector Xi,∗. Specifically, the fixed effects are: The 
intercept (INTERCEPT), the DBH in meters at initial measurement 
(DBH), the squared DBH (DBH2), a binary flag indicating whether the 
individual’s plot experienced a fire at least 0.404 ha in size that killed or 
damaged at least 25% of trees between initial measurement and 
remeasurement (FIRE), a binary flag indicating whether any trees in the 
individual’s plot displayed signs of white pine blister rust infection at 
initial measurement (WPBR), the plot-level live basal area (BA) at initial 
measurement (BA; a proxy for competition, Eitzel et al., 2013), the 
plot-level 90th percentile of growing season departure from mean cli-
matic water deficit (DROUGHT) between initial measurement and 
remeasurement, the plot-level growing season mean climatic water 

deficit over the period 2000–2020 (DRYNESS), and interactions between 
DBH and DBH2 and all other variables (DBH× FIRE, DBH2 × FIRE, DBH×

WPBR, DBH2 × WPBR, DBH× BA, DBH2 × BA, DBH× DROUGHT, 
DBH2 × DROUGHT, DBH× DRYNESS, and DBH2 × DRYNESS). We 
included size (and quadratic size) and added the interactions between 
size (and quadratic size) and the stressors given that the impacts of these 
stressors are size-contingent (Hood et al., 2007; Stephenson et al., 2019; 
Dudney et al., 2020). BA, DROUGHT, and DRYNESS were centered and 
scaled to have 0 mean and unit variance across all plots. We used size on 
the meter scale so that size was on a similar scale as the other explan-
atory variables, which improved the model’s performance during 
parameter estimation (details below). 

Model data were prepared using the tidyverse package (Wickham 
et al., 2019) in R Version 4.1.1 (R Core Team, 2021), and Bayesian 
parameter estimation was performed using Hamiltonion Monte Carlo as 
implemented in Stan version 2.28.2 (Stan Development Team, 2022). 
The sampler was run in four chains for 2000 iterations per chain (dis-
carding the first 1000 iterations as warmup). The prior distribution 
specified for all parameters was Normal(0,5) (with variance terms 
restricted to positive values) except for the negative binomial dispersion 
parameter κ, which received a Cauchy(0,5) prior following Shriver et al. 
(2021). Other R packages used for data preparation, statistical analysis, 
and processing of results were bayesplot (Gabry and Mahr, 2021), 
cmdstanr (Gabry et al., 2022), cowplot (Wilke, 2020), DBI (R-SIG-DB 
et al., 2021), ggspatial (Dunnington, 2021), here (Müller, 2020), pos-
terior (Bürkner et al., 2021), raster (Hijmans, 2021), RSQLite (Müller 
et al., 2021), sf (Pebesma, 2018), spData (Bivand et al., 2021), tmap 
(Tennekes, 2018), units (Pebesma et al., 2016), and USAboundaries 
(Mullen and Bratt, 2018). 

2.7. Model checking 

The basic diagnostics provided by cmdstanr (R-hat values, effective 
sample size, trace plots, per-chain posterior density plots, posterior pair 
plots, and assessment of divergences) were inspected for evidence of 
convergence and between-chain consistency or signs of difficulty esti-
mating parameters. To assess the out-of-sample predictive performance 
of the models, 10% of plots were randomly held out of the training 
dataset used to estimate parameters. For both the training and validation 
data sets, the central tendency and spread of data simulated using pos-
terior parameter values (posterior predictions) were compared to the 
true observed values of individual growth and individual survival to 
assess whether model results were consistent with empirical results. 
Likewise, we compared histograms of observed vs. simulated counts 
using the estimated fecundity rate to assess whether model results were 
consistent with real data. 

2.8. Evaluation of vital rate functions 

Once parameters were estimated and model validity checked, the 
fitted model for vital rate functions was used to assess the impact of size 
and the various stressors (fire, WPBR, competition, and water stress) on 
the vital rates of growth and survival. Effect strength was assessed in 
relative terms based on the magnitude of the median parameter estimate 
and the coverage of the 90% quantile-based credible interval (CI). For 
the survival model, fixed effects coefficients whose median absolute 
value exceeded 2.0 (on the logit scale) were interpreted as strong, while 
effects whose median absolute value was less than 2.0 but whose CI 
excluded 0 were interpreted as moderate. For the growth model, fixed 
effects coefficients whose CI excluded 0 were interpreted as significant. 
For both models, the effect of a stressor on a vital rate was interpreted as 
weak or uncertain if the CI for the associated fixed effect included 0. The 
choice of 90% quantile-based credible intervals follows the conventions 
of the posterior package in R (Bürkner et al., 2021), though any specific 
threshold for significance is somewhat arbitrary (McElreath, 2016). 
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To provide more nuanced insight into the effects of the various 
stressors than simple hypothesis tests, we constructed posterior pre-
dictions to represent a suite of hypothetical environmental scenarios 
designed to evaluate the effect of a single stressor. The reference sce-
nario serves as a null model where the major stressors are absent (i.e., 
FIRE and WPBR) or held at their mean value (i.e., BA, DROUGHT, and 
DRYNESS). As noted above, the reference scenario for survival includes 
cut trees. The remaining scenarios correspond to situations where a 
single stressor is present (in the case of the discrete explanatory vari-
ables FIRE and WPBR) or elevated/depressed by one standard deviation 
(in the case of the continuous variables BA, DROUGHT, and DRYNESS), 
while other stressors are absent or held at their mean value (0 for scaled 
variables). Given these environmental contexts, vital rates for in-
dividuals ranging in size from 0.0254–1.25 m DBH (up to approximately 
the 95th percentile individual size observed) were predicted using the 
parameters from each posterior sample, and the predicted response 
plotted against DBH and stressor. 

2.9. Construction of IPM models 

To assess the population trajectories within each ecoregion in sugar 
pine’s range, and to understand the demographic implications of the 
stressors’ impacts on vital rates, we constructed two suites of integral 
projection models (Merow et al., 2014; Needham et al., 2018; Doak 
et al., 2021). 

In the first suite of IPMs, intended to assess the population trajec-
tories of sugar pine across its range, we constructed an integral projec-
tion model transition kernel for each ecoregion c and posterior draw d. 
Each transition model kernel Ac,d,∗,∗ is a 99 × 99 discretized integral 
projection model kernel describing the rates of transition from each v =
1, 2,…,99 size classes (each 2.54 cm DBH wide) into u = 1, 2,…,99 size 
classes over the course of a single 10-year census interval. The largest 
individual appearing in the vital rates datasets was 2.45 m DBH, though 
even larger sugar pines have been recorded. The elements of this matrix 
are a function of the parameters for the survival, growth, and fecundity 
functions and the data describing scenario-specific covariates, as 
described below. A separate Ac,d,∗,∗ exists for each ecoregion c and 
posterior draw d. The elements of Ac,d,∗,∗ for each ecoregion c and draw d 
are given by: 

Ac,d,u,v = pc,d,v • gc,d,u,v + ru • fd (8)  

where pc,d,v is the proportion of individuals in size class v which will 
survive the 10-year census interval for ecoregion c using the dth draw of 
the survival parameters, gc,d,u,v is the proportion of surviving individuals 
in class v which grow into class u during the census interval for ecor-
egion c using the dth draw of growth parameters, ru is the probability 
that a new recruit will transition into size class u by the end of the 10- 
year interval, and fd is the number of new recruits generated per exist-
ing individual using draw d of the fecundity parameters. 

Following the recommendations of Doak et al. (2021), the contin-
uous growth kernel described in Eq. 3 is discretized into size class 
transition probabilities using the cumulative density function difference 
method. That is, gc,d,u,v is the probability that an individual in ecoregion c 
with DBH equal to the midpoint of size class v will have a DBH at 
remeasurement somewhere between the upper and lower bounds of size 
class u, and is given by: 

gd,j,u,v =
Φ
(

Upperu|μc,d,v, σ2
ε,d

)
− Φ

(
Loweru|μc,d,v, σ2

ε,d

)

1 − Φ
(

0.0254|μc,d,v, σ2
ε,d

) (9)  

where Φ is the cumulative probability density function of a normal 
distribution with mean μc,d,v and variance σ2

ε,d evaluated at three loca-
tions: 1) The upper bound of size class u (Upperu), 2) the lower bound of 
size class u (Loweru), or 3) at 0.0254 m (the minimum modeled size). 

This is an exact method for calculating the area under the probability 
density function for the growth kernel. This area is then normalized by 
that portion of the kernel in the modeled size range. μc,d,v is calculated 
for each draw d, ecoregion c, and size class v from Eq. 4 using the 
midpoint DBH of size class v and the random intercept for ecoregion c. 
We included a plot random effect when estimating the vital rate pa-
rameters so that the estimates for fixed effects and ecoregion random 
effects properly reflect the plot-level correlations among many of the 
observed individuals. However, because this analysis was focused on 
macro-scale trends, the fine-scale plot random effects were assumed to 
sum to 0 within each ecoregion and were not included when calculating 
the elements of the transition matrices. 

Likewise, pc,d,v is calculated using Eq. 2 to predict the proportion of 
those individuals whose DBH is equal to the midpoint of size class v in 
ecoregion c which survive to the second census (using parameter values 
from draw d). We used the observed size distribution of new recruits to 
calculate the proportion of new recruits falling into each 2.54 cm bin, 
giving ru ≅ [0.72,0.10,0.10,0.08,0,…,0]. Eviction from the largest size 
class is avoided by setting an extremely high upper size bound for the 
largest class, such that portion of individuals growing beyond the 
maximum bound is numerically indistinguishable from 0. 

We estimated asymptotic population growth rate of sugar pine 
within each ecoregion using this suite of IPM transition kernels. The 
largest real eigenvalue of each full transition matrix corresponds to the 
asymptotic population growth rate λc,d for ecoregion c and posterior 
draw d. The distribution across draws of λc,∗ for each ecoregion c was 
mapped to assess the overall population trajectory (including parameter 
uncertainty) in each ecoregion. 

The second suite of IPMs was constructed to understand how the 
various stressors impact the demographic outlook for sugar pine. In this 
second suite, we constructed an integral projection model transition 
kernel for each hypothetical environmental scenario e (described above) 
and posterior draw d, simply replacing c with e in the above description 
of the IPM construction (Eqs. 8 and 9). Vital rates for each scenario were 
projected using the vital rate functions which incorporate the presence/ 
strength of stressors at the plot level. Because the objective was to better 
understand the influence of the stressors on vital rates (i.e., the fixed 
effects), the calculation assumes that both the plot random effect and the 
ecoregion random effect are equal to 0. The distribution of λe,∗ for each 
scenario e was plotted to understand how the presence or absence of 
different stressors is expected to shape the asymptotic population 
growth rate. In each scenario, each posterior sample of the parameters is 
used to calculate a transition matrix for a population of sugar pines on an 
idealized plot where the fixed effect covariates (other than size) for the 
vital rate models are held to specific values representing each scenario. 
For each of the nine scenarios, one transition matrix is constructed using 
the parameter values from each of the 4000 posterior draws. The 
dominant eigenvalue of each matrix gives the estimate of λ for that 
scenario and draw. 

We also used the constructed transition kernels for the hypothetical 
environmental scenarios to project the sugar pine abundance over the 
course of a single census interval (i.e., 10 years): 

n′c,d,∗ = Ac,d,∗,∗ × n∗ (10)  

where n′c,d,∗ is the 99 × 1 vector giving the projected stem density of 
individuals in each of the 99 size classes for scenario c and draw d, Ac,d,∗,∗

is the transition kernel for scenario c and draw d, and n∗ is the 99 × 1 
vector giving the mean (across all real plots) stem densities of in-
dividuals in each of the 99 size classes. These projected size distributions 
were summed to get a total stem density projection for each scenario c 
and draw d to better understand how the various stressors contributed to 
the observed trends in abundance on the FIA plots. To evaluate trends, 
we compared the projected stem densities against the mean observed 
density from the 2000–2009 census interval (Supplementary Figure 4). 
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3. Results 

3.1. Changes in abundance 

The abundance of sugar pine consistently declined between 2011 
and 2019 (Fig. 2). Annual percent change in live tree density ranged 
from –3.1% yr-1 (2008–2018) to –1.6% yr-1 2003–2013) with a median 
decline of –2.4% yr-1. The absolute change in live tree density for trees 
≥12.7 cm between 2010 and 2019 was –8% with mean range-wide 
density (±standard deviation) declining from 2.8 (0.1) to 2.5 (0.1) 
trees ha-1 (Supplementary Figure 5a). Trends in basal area were also 
negative but the drop was not as step. Basal area declined by 2.8% in the 
interval from 0.48 (0.02) to 0.46 (0.02) m2 ha-1 (Supplementary 
Figure 5b). 

3.2. Model checking 

Diagnostics for mixing, convergence, R-hat, and transitions all indi-
cated that the model fitting algorithm performed well. Comparisons of 
posterior distributions with prior distributions showed that the posterior 
was strongly informed by the data, rather than the prior, for most pa-
rameters (Supplementary Figures 6–11). The exceptions, where the 

posterior was only weakly informed by the data, were the estimates for 
the interactions of WPBR with size and quadratic size affecting survival. 
This uncertainty regarding interactions involving WPBR was likely due 
to the relatively low frequency of WPBR presence in the data. Posterior 
predictions generated using the posterior parameter samples and the 
training data as explanatory variables were consistent with the true 
values observed in the training data, with the true values nearly always 
falling within the range of variation predicted by the model (Supple-
mentary Figure 12, Supplementary Figure 13, and Supplementary 
Figure 14). The survival model appeared slightly underconfident, in that 
true survival rates were slightly lower than predicted survival rates for 
ps < 0.8, and true survival rates were slightly higher than predicted 
survival rates for ps > 0.8. The growth model performed well, with a 
strong linear relationship between mean predicted and observed indi-
vidual size at remeasurement. The frequency distribution of simulated 
new recruit counts closely matched the observed frequency distribution 
of recruit counts. Simulations generated using the posterior parameter 
and the held-out validation data as explanatory variables (survival: 
Supplementary Figure 16, growth: Supplementary Figure 16, and 
fecundity: Supplementary Figure 17) were broadly consistent with the 
true values observed in the validation data. 

3.3. Survival 

There was a strong positive effect of size on survival, with a negative 
quadratic effect (Table 1). Median posterior predicted 10-year survival 
rates increased from approximately 84% for stems with 0.0254 m DBH 
up to a maximum of 96.5% for stems with 0.88 m DBH, before falling off 
for the largest stems (Fig. 3a). Of the 171 individuals with DBH >1.25 m 
at the initial census, only 135 (78.9%) survived to the remeasurement. 
However, there was large uncertainty about survival rates for the largest 
stems because there were few extremely large individuals. There was a 
strong negative main effect of fire, a positive interaction between fire 
and size, and a negative interaction between fire and squared size. These 
results indicate that fire substantially reduced survival, particularly for 
the smallest and largest trees (Fig. 3b). There were moderate negative 
effects of WPBR and basal area on survival (Fig. 3c and d). Other effects 
were weak or uncertain (their 90% quantile-based credible intervals 
overlapped 0; Fig. 3e and f). 

3.4. Growth 

The effect of initial tree size on growth followed a quadratic function 

Fig. 2. Annual percent change in sugar pine live tree density for 10-yr panels 
from 2001–2019 for California and Oregon. Error bars represent 95% confi-
dence intervals. Dotted line represents no change (0% change). Results include 
stems greater than or equal to 12.7 cm DBH. 

Table 1 
Summary of results for survival sub model, giving (from left to right) the mean, median, standard deviation, 5th percentile, and 95th percentile of posterior samples for 
each parameter, plus diagnostics R-hat, effective sample size (bulk), and effective sample size (tail).  

Parameter Mean Median StDev q5 q95 rhat ess_bulk ess_tail 

Intercept  1.60  1.60  0.26  1.18  2.01  1.00  1506.35  2415.77 
DBH (m)  3.96  3.95  0.79  2.70  5.28  1.00  1344.03  2318.48 
DBH2 (m)  –2.26  –2.26  0.57  –3.23  –1.36  1.00  1416.84  2254.01 
Fire  –4.10  –4.10  0.59  –5.11  –3.14  1.00  1546.32  2135.26 
WPBR  –1.06  –1.05  0.57  –1.99  –0.15  1.00  1589.91  1892.62 
Basal Area  –0.66  –0.66  0.23  –1.05  –0.28  1.00  1403.30  2244.98 
Drought  –0.18  –0.18  0.21  –0.51  0.17  1.00  1417.02  2248.52 
Site Dryness  –0.33  –0.32  0.23  –0.73  0.04  1.00  1398.86  1813.38 
DBH x Fire  3.70  3.70  1.52  1.21  6.22  1.00  1282.09  2077.02 
DBH2 x Fire  –1.65  –1.63  0.96  –3.24  –0.10  1.00  1234.10  1951.74 
DBH x WPBR  0.01  0.01  1.88  –3.08  3.14  1.00  1695.31  2146.93 
DBH2 x WPBR  0.53  0.52  1.42  –1.78  2.85  1.00  1872.47  2281.46 
DBH x BA  0.74  0.74  0.56  –0.19  1.63  1.00  1512.10  2145.78 
DBH2 x BA  –0.11  –0.11  0.32  –0.63  0.44  1.00  1563.40  2360.91 
DBH x Drought  –0.02  –0.03  0.61  –0.99  1.01  1.00  1413.84  2175.04 
DBH2 x Drought  0.08  0.09  0.42  –0.62  0.75  1.00  1495.65  2166.34 
DBH x Dryness  0.62  0.61  0.70  –0.50  1.77  1.00  1188.31  1779.99 
DBH2 x Dryness  –0.61  –0.60  0.49  –1.42  0.20  1.00  1291.86  1850.61 
SD Plots  2.00  2.00  0.16  1.75  2.27  1.00  1131.53  2272.20 
SD Ecoregions  0.28  0.26  0.17  0.03  0.59  1.01  521.18  1116.88  
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with growth peaking in the mid-size trees (Fig. 2a). The posterior me-
dian for the intercept of the model for size at the second census was 
0.018, with a 90% credible interval from 0.014 to 0.022 (Table 2). The 
effect of initial size was, as expected, very close to 1, and the quadratic 
effect of initial size was negative. Together, these results indicate that 

the smallest and largest trees grew approximately 2.5 cm DBH in the 10 
years between initial and follow-up census, with midsize trees (initial 
DBH approx. 0.70 m) growing faster, at around 4.4 cm in 10 years 
(Fig. 4a). Though all three fire effects were weak or uncertain individ-
ually (Table 2), their aggregate effect was to significantly reduce the 

Fig. 3. Fixed effects of initial DBH, fire, WPBR, neighborhood basal area, drought, and site dryness on 10-year survival probability. In panel (a), probability of 
survival (Y-axis) is predicted for stems of various initial size (X-axis), holding other variables at “Absent” (for fire and WPBR) or 0 (scaled mean, for basal area, 
drought, and site dryness). In the other panels (b-f), probability of survival is predicted for stems of various sizes and across two levels of each other explanatory 
variable: with or without disturbance, or at high (1.0) or low (− 1.0) values for scaled continuous variables. Predictions were generated using the posterior samples 
for model parameters, resulting in a range of predicted survival for each set of explanatory variable values. Lines show the median predicted survival and lighter 
ribbons show a 90% quantile-based credible interval. Random effects were held at 0. 1.25 m is approximately the 95th percentile DBH of trees used to train 
the model. 
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growth rate of stems greater than approximately 0.30 m DBH (Fig. 4b; 
note how the 90% CIs for growth as a function of size do not overlap 
between the “fire present” and “fire absent” scenarios). White pine 
blister rust presence actually increased the growth of the smallest stems, 
perhaps due to cankers increasing stem diameter or WPBR mortality 
reducing competition for the survivors (Fig. 4c). By contrast, increased 
basal area reduced the growth of small stems but not large ones (Fig. 4d). 
Site dryness also had a negative main effect and a positive interaction 
with initial size, plus a negative interaction with quadratic size: For the 
smallest and largest stems, growth was lower on dry sites, whereas for 
stems between approximately 0.40 m and 1.10 m DBH, growth was 
higher on dry sites (Fig. 4f). Other effects were weak or uncertain 
(Table 2). 

3.5. Fecundity 

The posterior median value for the intercept of the fecundity model 
was –2.94, with a 90% CI from –3.32 to –2.58 (Table 3). These param-
eters indicate that the average number of new recruits produced per 
existing tree per 10 years was 0.05 (0.04–0.08). 

3.6. Asymptotic population growth rates 

There were stark regional differences in the asymptotic population 
growth rate (λ) of sugar pine populations (Fig. 5, Supplementary Table 1; 
both constructed using the vital rates models where INTERCEPT, DBH, 
and DBH2 were the only fixed effects). The posterior median value of λ 
was below one in every ecoregion, and below 0.90 in several ecoregions 
in the southern Sierra Nevada. The 90% credible interval for λ excluded 
one (the model was highly confident in predicting decline) in 15 out of 
65 ecoregions. 

Fig. 6 shows the posterior distribution of λ predicted from IPMs built 
on a variety of hypothetical scenarios (produced using vital rate func-
tions with the full suite of fixed effects). In the reference scenario, 
discrete stressors (fire and WPBR) were absent, while continuous 
stressors (basal area, drought, and site dryness) were held at zero (their 
scaled means). Under these circumstances, the asymptotic growth rate is 
near or slightly below one, with a median posterior value of λ of 0.980 
and a 90% quantile-based CI from 0.954 to 1.005 (Fig. 6, Supplementary 
Table 2). Where fire is present, λ is strongly reduced (median 0.644, CI 
0.520 to 0.788). Where WPBR is present, the posterior distribution for λ 
is below 1 (median 0.947, CI 0.855 to 0.995). When basal area is lower 

than average, the posterior distribution of λ is near or slightly above one 
(median 1.001, CI 0.974 to 1.029). By contrast, when basal area is 
higher than average the posterior distribution of λ is below one (median 
0.946, CI 0.912 to 0.976) and is clearly lower than the reference sce-
nario. For sites experiencing low amounts of drought, the median is 
0.991 and the 90% CI of λ straddles one, while for sites experiencing 
high drought the posterior distribution of λ is below one (median 0.967, 
90% CI from 0.934 to 0.997). Likewise, on particularly dry sites the 
posterior distribution of λ is below one (median 0.953, 90% CI from 
0.918 to 0.985). Fire has the clearest effect on λ, followed by WPBR and 
high basal area, and then drought and site dryness. However, the pos-
terior median value of λ is below one even in the reference scenario, 
suggesting that even under “unstressed” conditions the population of 
sugar pine may be declining. 

3.7. 10-year projections 

Total stem densities were projected to decline over the duration of a 
single census under nearly all hypothetical scenarios, the only exception 
being the low basal area scenario (Supplementary Figure 4). The decline 
was particularly severe in the fire scenario, followed by the WPBR sce-
nario. Declines were predicted even for reference plots, with similar 
declines in the high basal area, high drought, and high site dryness 
scenarios. 

4. Discussion 

This study is the first range-wide assessment of stressors impacting 
the vital rates and population dynamics of sugar pine. It finds that the 
abundance of sugar pine is declining in terms of stem density and to a 
lesser extent in basal area (Fig. 2 and Supplementary Figure 5). This 
observed decline is consistent with the asymptotic population growth 
rates and the 10-year stem density projections, both of which project the 
abundance of sugar pine to decline (Fig. 5 and Supplementary Figure 4). 
Though predicted population declines are particularly severe in the 
southern Sierra Nevada, there was strong evidence for declining popu-
lation in ecoregions across the range of sugar pine. Likewise, the 
scenario-based IPM predicts sugar pine populations to decline even in 
the reference scenario (Fig. 6). The scenario-based IPM analysis allows 
direct comparison of the influence of fire, WPBR, stand density, short- 
term drought, and long-term site dryness, providing valuable guidance 
for managers seeking to prioritize efforts to prevent further decline. 

Table 2 
Summary of results for growth sub model, giving (from left to right) the mean, median, standard deviation, 5th percentile, and 95th percentile of posterior samples for 
each parameter, plus diagnostics R-hat, effective sample size (bulk), and effective sample size (tail).  

Parameter Mean Median StDev q5 q95 rhat ess_bulk ess_tail 

Intercept 0.018 0.018 0.003 0.014 0.022 1.00 1932.23 2370.47 
DBH (m) 1.076 1.076 0.006 1.067 1.086 1.00 3524.26 3051.14 
DBH2 (m) –0.056 –0.056 0.004 –0.063 –0.049 1.00 3626.18 3225.29 
Fire –0.007 –0.007 0.007 –0.019 0.005 1.00 2513.11 2712.72 
WPBR 0.011 0.011 0.005 0.003 0.020 1.00 2895.99 2856.91 
Basal Area –0.013 –0.013 0.002 –0.017 –0.010 1.00 4376.90 3496.19 
Drought –0.002 –0.002 0.002 –0.005 0.000 1.00 3798.53 3164.24 
Site Dryness –0.007 –0.007 0.002 –0.010 –0.003 1.00 3209.21 3237.66 
DBH x Fire –0.012 –0.012 0.018 –0.042 0.018 1.00 2332.80 2469.12 
DBH2 x Fire 0.007 0.007 0.011 –0.011 0.024 1.00 2432.29 2427.42 
DBH x WPBR –0.012 –0.012 0.016 –0.038 0.015 1.00 3008.42 2767.14 
DBH2 x WPBR 0.000 0.000 0.011 –0.018 0.018 1.00 3138.79 2684.75 
DBH x BA 0.018 0.018 0.005 0.010 0.025 1.00 4579.41 3151.88 
DBH2 x BA –0.003 –0.003 0.003 –0.008 0.001 1.00 4548.37 2823.81 
DBH x Drought 0.003 0.002 0.005 –0.006 0.011 1.00 4215.27 3110.52 
DBH2 x Drought 0.002 0.002 0.004 –0.004 0.007 1.00 4124.82 3026.97 
DBH x Dryness 0.024 0.024 0.006 0.015 0.034 1.00 3594.70 2575.45 
DBH2 x Dryness –0.016 –0.016 0.004 –0.023 –0.010 1.00 3577.96 2781.10 
SD Plots 0.017 0.017 0.001 0.016 0.018 1.00 1346.76 2286.28 
SD Ecoregions 0.013 0.013 0.002 0.010 0.016 1.00 1164.93 2129.77 
SD Residuals 0.021 0.021 0.000 0.021 0.022 1.00 2432.84 2942.95  
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The results of this study highlight fire as a key stressor negatively 
impacting demographic rates of sugar pine. Fire strongly reduces sur-
vival of individual trees, particularly small ones. This finding is broadly 
consistent with the existing literature, which has documented many 
cases of negative (and size-dependent) impacts of fire on the survival of 

sugar pine (van Mantgem et al., 2004; Hood et al., 2010; Nesmith et al., 
2015; Furniss et al., 2018; Dudney et al., 2020). Fire can also injure 
surviving trees, reducing their growth rate as seen in this study and 
others (Foster et al., 2020). Reduced growth rates may have particularly 
strong effects on the asymptotic population growth rate in species where 

Fig. 4. Fixed effects of initial DBH, fire, WPBR, neighborhood basal area, drought, and site dryness on 10-year diameter growth. In panel (a), DBH growth over the 10 
years between censuses (Y-axis) is predicted for stems of various initial size (X-axis), holding other variables at “Absent” (for fire and WPBR) or 0 (scaled mean, for 
basal area, drought, and site dryness). In the other panels (b-f), growth is predicted for stems of various sizes and across two levels of each other explanatory variable: 
with or without disturbance, or at high (1.0) or low (− 1.0) values for scaled continuous variables. Predictions were generated using the posterior samples for model 
parameters, resulting in a range of predicted survival for each set of explanatory variable values. Lines show the median predicted survival and lighter ribbons show a 
90% quantile-based credible interval. Random effects were held at 0. 
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large and old individuals disproportionately contribute to reproduction 
(Shriver et al., 2019); Sugar pine is one such species, though this study 
was unable to estimate a relationship between size and fecundity. The 
literature suggests that a core way in which fire influences the popula-
tion dynamics of sugar pine is by killing large high-fecundity individuals 
(van Mantgem et al., 2004). The most extreme form of this dynamic 
results in type conversion, where high severity fire locally extirpates 
sugar pine and other mixed conifer species, resulting in the loss of mixed 
conifer forest generally (Shive et al., 2018; North et al., 2019; Coop 
et al., 2020). 

In this study, the effects of fire on survival and growth combine with 
observed fecundity to result in posterior λ values well below one for 
burned plots (Fig. 6), and sharp declines in stem density projected for a 
single census interval (Supplementary Figure 4). However, we caution 
that the scenario-based asymptotic population growth rates presented in 
this study should not be interpreted as predictions, because in reality fire 
is unlikely to repeatedly occur on the same site during every census 
interval. Instead, the scenario-based asymptotic population growth rates 
give some insight into the overall influence of each stressor on popula-
tion dynamics, which is supplemented by the single-step projections and 
the ecoregion-level projections. Existing literature has shown that most 
trees killed by fire die within 1 year of the fire (Furniss et al., 2018) and 
mortality rates in stands affected by prescribed fire returned to back-
ground levels approximately six years postfire (van Mantgem et al., 
2011). These details suggest that the negative effects of fire on survival 
are transient. However, there is abundant evidence that the ecological 
footprint of fire, in particular high severity wildfire, is increasing 
throughout the range of sugar pine because of climate changes and 
biomass accumulation resulting from fire suppression (Parks and Abat-
zoglou, 2020; Alizadeh et al., 2021). Given this context and the results of 
this study, it is clear that the disrupted fire regime is a core threat facing 
sugar pine. 

Though their effects are less severe than those of fire, both WPBR and 
densification negatively impact sugar pine’s population dynamics in this 
study. The results here show that WPBR negatively impacts survival 
(Fig. 3). Numerous other studies have shown that blister rust tends to kill 
smaller trees (van Mantgem et al., 2004) and negatively affects survival 
rates of sugar pine and other vulnerable species (Maloney et al., 2011; 
Dudney et al., 2020). The presence of WPBR on individual trees (and 
thus on their plots) may be difficult to detect (Dudney et al., 2020), and 
is likely that WPBR was only detected in this study where it caused a 
particularly severe infection in a sampled tree. However, WPBR in-
fections on a plot could have been missed by crews if infected trees were 
dead and down at the time of sampling. Given the difficulty of assessing 
WPBR progression as part of a decadal forest inventory, a more targeted 
effort is needed to better quantify the prevalence and virulence of WPBR 
across the range of sugar pine. 

Relatively high competition (as measured by plot basal area) lowers 
the rates of survival for all size classes (Fig. 3). It also results in lower 
growth for small individuals (Fig. 4). There is extensive evidence in the 
literature that high neighborhood density and other proxies for 
competition negatively impact sugar pine survival (van Mantgem et al., 
2004; Maloney et al., 2011; Levine et al., 2016) and growth (Latham and 
Tappeiner, 2002; Das, 2012; Eitzel et al., 2013; Steel et al., 2021). 
Though this study is unable to estimate how stressors affected fecundity, 
the literature suggests that competition may result in decreased repro-
duction due to stress of parent trees or decreased survival and/or growth 
of new recruits (Schubert, 1956; York et al., 2004, 2012; van Mantgem 

et al., 2006; Angell et al., 2014; Levine et al., 2016; Moran et al., 2019). 
In this study, high plot basal area and presence of WPBR both reduce the 
expected asymptotic growth rate relative to an unstressed site (i.e. 
reference scenario), though negative impacts are weaker than that of fire 
(Fig. 6, Supplementary Table 2). By contrast, reducing neighborhood 
basal area to one standard deviation below the mean has positive effects 
on λ (Fig. 6). 

This study finds that long-term site dryness has clearer effects on 
population dynamics than does drought (i.e., departure from average 
climate), with site dryness having a negative impact on the growth of the 
largest and smallest trees. However, the asymptotic population growth 
rate is below one for both populations on dry sites and those experi-
encing drought (Supplementary Table 2). Other literature has empha-
sized the role of moisture stress in increased mortality rates and reduced 
growth among sugar pine both directly and indirectly via decreased 
ability of trees to resist mountain pine beetle (Das et al., 2007, 2013; van 
Mantgem and Stephenson, 2007; Paz-Kagan et al., 2017; Restaino et al., 
2019; Bohner and Diez, 2021). However, Furniss et al. (2021) found that 
stand density played a more important role than climate variables in 
shaping mortality dynamics after fire and/or drought. Stephenson et al. 
(2019) examined the role of mountain pine beetle as the primary mor-
tality agent taking advantage of widespread stress among sugar pine 
populations affected by drought. Intermittent droughts and/or 
long-term mean climatic conditions may particularly challenge small 
trees, causing recruitment failures even on sites where adult trees are 
able to persist (Bell et al., 2014; Maloney, 2014; Davis et al., 2019; 
Moran et al., 2019; Stewart et al., 2021). However, our analysis did not 
find strong effects of plot-level drought on survival. Though the extreme 
drought from 2012–2016 resulted in beetle epidemics that caused 
massive mortality among sugar pine (Stephenson et al., 2019), plot-scale 
drought may be a necessary but not sufficient condition for causing such 
epidemics: Some droughts (e.g. the 2001 drought in southern Oregon) 
did not resulting in widespread sugar pine mortality, but others (e.g. 
California’s 2012–2016 drought) were associated with major mortality 
events. 

One unexplained but troubling finding of this study is the relatively 
low survival rates observed for the largest sugar pines. One possible 
explanation is bark beetles, which are a driver of mortality for these 
trees: Once an outbreak is underway, beetles often preferentially kill 
large individuals (Stephenson et al., 2019), and localized beetle out-
breaks could explain the low survival of the largest trees in these data. 
However, this study’s finding is based on relatively few data points and 
should be interpreted with caution. This uncertainty regarding the 
outlook for the largest individuals, which are an important ecological 
resource (Lutz et al., 2018), highlights a need for further research. 

An important limitation of this study is that it does not test for 
interaction between stressors in shaping vital rates of sugar pine. The 
complexity of the necessary models, namely three-way interactions be-
tween size and two stressors, would not only be difficult to fit given the 
sample size but also produce difficult-to-interpret vital rate models. 
Prior research suggests that a variety of such interactions may be 
important. For example, water stress increases the likelihood of regen-
eration failure, which may be a particularly acute problem in postfire 
landscapes where seed sources and shade trees may be limited (Davis 
et al., 2019; Stewart et al., 2021). A warmer and dryer climate may 
provide some relief from WPBR for sugar pine, as the disease’s climatic 
envelope shifts upslope away from existing populations of sugar pine 
(Maloney, 2011; Dudney et al., 2021). A relationship between fire 

Table 3 
Summary of results for recruitment sub model, giving (from left to right) the mean, median, standard deviation, 5th percentile, and 95th percentile of posterior samples 
for each parameter, plus diagnostics R-hat, effective sample size (bulk), and effective sample size (tail).  

Parameter Mean Median StDev q5 q95 rhat ess_bulk ess_tail 

Intercept  –2.94  –2.94  0.23  –3.32  –2.58  1.00  2972.44  2109.28 
NB Dispersion  0.07  0.06  0.04  0.03  0.12  1.00  2874.39  2201.71  
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Fig. 5. Asymptotic population growth rate by ecoregion. Ecoregions are filled according to the posterior median asymptotic population growth rate from the IPM for 
each ecoregion. The vital rate functions for each IPM were developed using the posterior parameter values for growth and mortality as a function of size plus random- 
intercept ecoregion and plot effects and fecundity as an intercept only model. For the purposes of predicting ecoregion-level asymptotic growth rates, local-scale plot 
effects were assumed to sum to 0. Thicker black borders indicate that the 95th percentile posterior asymptotic population growth rate is below one, i.e., that there is 
strong evidence for population decline in the indicated ecoregion. The posterior median asymptotic population growth rate in below one in all ecoregions, and the 
90% credible interval for the asymptotic population growth rate excludes one in several of them, with particularly severe population declines predicted in the 
southern Sierra Nevada. 
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Fig. 6. Posterior distribution of asymptotic population growth rate. In the “Reference” scenario, all fixed effect covariates other than the intercept are held at 
0 (representing the absence of fire and WPBR, and basal area, drought, and site dryness at average levels). In each other scenario, a single stressor is set to TRUE (for 
fire and WPBR), − 1 (low levels of basal area, drought, or site dryness), or + 1 (high levels of basal area, drought, or site dryness). Random effect values are held at 0, 
representing an average plot in an average ecoregion. 
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exclusion, competition, and WPBR infection has been suggested (Dud-
ney et al., 2020), but evidence is mixed. Some studies have found that 
conspecific basal area was an important driver of sugar pine mortality 
(Das et al., 2008), but others have failed to find evidence linking fire 
exclusion to elevated rates of WPBR infection (van Mantgem et al., 2004; 
Dudney et al., 2020). Water stress and/or competition may decrease 
trees’ ability to resist wildfire (Nesmith et al., 2015; Furniss et al., 2018, 
2021; van Mantgem et al., 2018, 2020), and beetle epidemics may kill 
off the largest and most fire-resistant individuals (Stephenson et al., 
2019; Steel et al., 2021). Water stress and densification both alter the 
fuel bed in ways that may increase the intensity of wildfires (Hicke et al., 
2012; Stephens et al., 2018; Wayman and Safford, 2021). Likewise, 
wildfires may decrease trees’ ability to resist bark beetles, facilitating 
epidemic outbreaks in the event of a post-fire drought (Davis et al., 
2012; Furniss et al., 2021). Competition tends to reduce trees’ ability to 
resist water stress and beetle epidemics (Young et al., 2017; Furniss 
et al., 2021; Bradford et al., 2022). Finally, there is potential for stressors 
to mitigate one another, primarily by a mechanism where mortality 
caused by one stressor results in less competitive stress and increased 
resilience to other stressors (van Mantgem et al., 2016; Voelker et al., 
2019; North et al., 2022). For example, wildfire could reduce basal area, 
leaving the surviving trees better able to resist water stress over the long 
term. Exploring how stressors are likely to interact and shape population 
dynamics is another goal for future research. 

5. Management implications 

This study’s results, which identify fire, WPBR, and competition as 
the major stressors of sugar pine, suggest that fuel treatments with a 
density reduction component could substantially benefit sugar pine 
populations. At first glance, this conclusion appears inconsistent with 
the findings of Hood et al. (2022), which found that radial thinning did 
not reduce the mortality rate of large sugar pines (>38 cm DBH in that 
study). However, close examination reveals consistency. Both this paper 
and Hood et al. (2022) find little-to-no effect of lower neighborhood 
basal area on mortality (which, in Hood et al., 2022, is driven primarily 
by bark beetles for large trees). Likewise, Hood et al. (2022) found that 
extended radius thinning increased growth of surviving trees, which is 
consistent with our findings that lower neighborhood basal area in-
creases diameter growth rate for most sugar pines. Furthermore, Hood 
et al. (2022) report that radial thinning with a large radius increased the 
number of sugar pine seedlings, appearing to boost the recruitment rate. 
Thus, both papers are consistent in that reduced basal area have a 
positive effect on sugar pine population dynamics and that this effect is 
due to increased growth and fecundity rather than reduced mortality. 

Fuel treatments to reduce or rearrange the dead biomass which fuels 
wildfires have been proven to reduce the hazard of severe wildfire 
(Stephens and Moghaddas, 2005; Stephens et al., 2009; Foster et al., 
2020), and in many cases have the co-benefit of reducing basal area 
(Hessburg et al., 2016; North et al., 2021). Our findings, along with 
results from other studies examining the effects of prescribed fire on 
sugar pine mortality (van Mantgem et al., 2004; Steel et al., 2021a), 
suggest that managers should be careful in their application of pre-
scribed fire to reduce wildfire hazard and consider measures such as 
raking or local density reduction to protect individual trees where 
pre-fire fuels are abundant (Nesmith et al., 2010; Furniss et al., 2021). 
Mechanical fuel treatments will provide some protection from wildfire 
and can be applied in combination with timber harvests, for a dual 
benefit of reducing wildfire hazard and competition (Collins et al., 2014; 
McCauley et al., 2022; Restaino et al., 2019). Managers can take 
advantage of established programs producing WPBR-resistant seedlings 
in reforestation efforts aimed at restoring sugar pine on landscapes 
impacted by high severity fire (Kinloch et al., 2018). Investments in 
artificial regeneration should likewise be made deliberately and secured 
with follow up treatments for wildfire hazard (North et al., 2019) and 
pruning to limit the effects of WPBR (Bronson et al., 2018). 

Finally, contemporary timber harvest of sugar pine in California 
(approximately 106 million board feet per year, Marcille et al., 2020; 
Morgan et al., 2012) is about a third of the peak rates in the late 1980 s 
of over 300 million board feet per year (Western Wood Products Asso-
ciation, 1993). Because it was impossible to disentangle harvest as a 
cause of mortality and post-mortality harvests in the FIA data, this study 
was unable to quantify the impact of these harvest activities on the 
population dynamics of sugar pine. However, this study did find that 
even in the “reference” scenario, where most stressors other than har-
vests are absent, the sugar pine population is declining (λ below one). 
Further limiting the harvest of healthy live sugar pines is an obvious 
conservation strategy and should be considered when designing man-
agement plans to benefit this iconic species. 
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Record, S., Rees, M., Salguero-Gómez, R., Mcmahon, S.M., 2014. Advancing 
population ecology with integral projection models: a practical guide (Available at:). 
Methods Ecol. Evol. 5 (2), 99–110. https://doi.org/10.1111/2041-210X.12146. 

Millar, C.I., Stephenson, N.L., Stephens, S.L., 2007. Climate change and forests of the 
future: managing in the face of uncertainty. Ecological applications 17 (8), 
2145–2151. 

Moran, E.V., Das, A.J., Keeley, J.E., Stephenson, N.L., 2019. Negative impacts of summer 
heat on Sierra Nevada tree seedlings (Available at:). Ecosphere 10 (6). https://doi. 
org/10.1002/ecs2.2776. 

Morgan, T.A., Brandt, J.P., Songster, K.E., Keegan, C.E., III, Christensen, G.A. (2012) 
California’s forest products industry and timber harvest, 2006, Gen. Tech. Rep. 
PNW-GTR-866. U.S. Department of Agriculture, Forest Service, Pacific Northwest 
Research Station. 48 p. 

Mullen, L.A., Bratt, J., 2018. USAboundaries: historical and contemporary boundaries of 
the United States of America (Available at:). J. Open Source Softw. 3 (23), 314. 
https://doi.org/10.21105/joss.00314. 

Müller, K. (2020) here: A Simpler Way to Find Your Files. Available at: 〈https://cran. 
r-project.org/package=here〉. 

Müller, K., Wickham, H., James, D.A. and Falcon, S. (2021) RSQLite: “SQLite” Interface 
for R. Available at: 〈https://cran.r-project.org/package=RSQLite〉. 

Murray, M.P., Tomback, D.F., 2010. Clark’s nutcrackers harvest sugar pine seeds from 
cones (Available at:). West. North Am. Nat. 70 (3), 413–414. https://doi.org/ 
10.3398/064.070.0314. 

NatureServe (2023) ’Sugar Pine.’ 〈https://explorer.natureserve.org/Taxon/ELEM 
ENT_GLOBAL.2.161150/Pinus_lambertiana〉. Accessed on: 8/4/2023. 

Needham, J., Merow, C., Chang-Yang, C.H., Caswell, H., McMahon, S.M., 2018. Inferring 
forest fate from demographic data: from vital rates to population dynamic models 
(Available at:). Proc. R. Soc. B: Biol. Sci. 285 (1874). https://doi.org/10.1098/ 
rspb.2017.2050. 

Nesmith, J.C.B., O’Hara, K.L., van Mantgem, P.J., de Valpine, P., 2010. The effects of 
raking on sugar pine mortality following prescribed fire in sequoia and kings canyon 
national parks, California, USA (Available at:). Fire Ecol. 6 (3), 97–116. https://doi. 
org/10.4996/fireecology.0603097. 

Nesmith, J.C.B., Das, A.J., O’Hara, K.L., van Mantgem, P.J., 2015. The influence of 
prefire tree growth and crown condition on postfire mortality of sugar pine following 
prescribed fire in Sequoia National Park (Available at:). Can. J. For. Res. 45 (7), 
910–919. https://doi.org/10.1139/cjfr-2014-0449. 

Newman, E.A., 2019. Disturbance ecology in the anthropocene (Available at:). Front. 
Ecol. Evol. 7, 147. https://doi.org/10.3389/fevo.2019.00147. 

Niinemets, Ü., Valladares, F., 2006. Tolerance to shade, drought, and waterlogging of 
temperate northern hemisphere trees and shrubs (Available at). Ecol. Monogr. 76 
(4), 521–547. https://doi.org/10.1890/0012-9615(2006)076[0521:TTSDAW]2.0. 
CO;2. 

North, M.P., et al., 2019. Tamm review: reforestation for resilience in dry western U.S. 
forests (Available at:). For. Ecol. Manag. 432 (July 2018), 209–224. https://doi.org/ 
10.1016/j.foreco.2018.09.007. 

North, M.P., York, R.A., Collins, B.M., Hurteau, M.D., Jones, G.M., Knapp, E.E., 
Kobziar, L., Mccann, H., Meyer, M.D., Stephens, S.L., Tompkins, R.E., Tubbesing, C. 
L., 2021. Pyrosilviculture needed for landscape resilience of dry western United 
States forests (Available at:). J. For. 1–25. https://doi.org/10.1093/jofore/fvab026. 

North, M.P., Tompkins, R.E., Bernal, A.A., Collins, B.M., Stephens, S.L., York, R.A., 2022. 
Operational resilience in western US frequent-fire forests (Available at:). For. Ecol. 
Manag. 507 (November 2021), 120004. https://doi.org/10.1016/j. 
foreco.2021.120004. 

Ohse, B., Compagnoni, A., Farrior, C.E., McMahon, S.M., Salguero-Gómez, R., Rüger, N., 
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