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Preamble 

The research presented in this thesis is in manuscript form and intended for 

publication in a peer-reviewed journal. I will be the lead author on the paper, with Tyler 

Refsland and Hall Cushman as co-authors. Accordingly, I use plural pronouns instead of 

singular ones throughout the manuscript. 

Abstract 

Forests are a dominant feature of many terrestrial landscapes throughout the 

world and have large influences on critical biogeochemical processes and a wide range of 

other ecosystems services. Unfortunately, many tree species have been reported to be in 

decline, and increasing temperatures and drought have been implicated as important 

drivers of this change. To gain a more comprehensive understanding of tree performance 

during a period of unprecedented anthropogenic climate change, we need to assemble and 

evaluate demographic data for tree species over longer time periods and across large 

expanses of their geographic ranges, which often vary substantially in climate and 

topography. Here, we focus on quaking aspen (Populus tremuloides), the most 

widespread tree species in North America, because it is recognized as a foundational 

species and has undergone decline in numerous parts of its range. We evaluated the 

patterns and drivers of recruitment, growth, and mortality of aspen along the more arid 

parts of its range within a network of 184 aspen-monitoring plots distributed across five 

states in the western U.S. during a 10–13-year study period. We found that the mortality 

rate for mature aspen stems was high (mean = 4.3% per year) across all four geographic 

regions in our study area: Sierra/Cascades, Great Basin, Middle Rockies, and 
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Wasatch/Colorado Plateau. Consequently, the live basal area of aspen decreased by 2% 

per year while that of co-occurring conifer species collectively increased by 4.4% per 

year. We found aspen demographic rates did not vary significantly among the four 

geographic regions in our study area. Model comparisons revealed that initial stand 

structure was among the best-performing predictors of aspen performance. Stands 

composed of fewer, smaller mature stems were associated with faster growth rates, higher 

sapling density, and increased recruitment into the mature size class (≥ 12.7 cm diameter 

at breast height). Variables related to summer and annual water balance predicted several 

aspen response variables, indicating that warmer temperatures and/or drier conditions 

were associated with faster growth rates, higher sapling and immature aspen densities, 

and — surprisingly — less mortality. Finally, variables that are either influenced by or 

correlated with winter and early growing season temperatures were associated with less 

mortality, increased mature stem recruitment, and higher immature aspen densities. 

Collectively, our findings indicate that temperature influences demographic rates of all 

aspen size classes, warranting further research into how interactions among heat, water 

availability, and evaporative demand, as well as the annual timing of these factors, affect 

aspen performance. This study documents a decline of aspen populations over the past 

10-13 years within its dry range margin that is pervasive across large spatial scales. 

Despite this result, aspen performance is highly variable at smaller spatial scales, 

indicating that much of the variation in aspen performance is driven by landscape-scale 

factors including stand structure, topography, and variations in local climate.  

Keywords: Climate change, forest dieback, growth rates, demographic rates, Populus 

tremuloides, recruitment, mortality rates, stand dynamics.  
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1. Introduction 

Forests cover 30% of the globe’s terrestrial surface area (Keenan et al. 2015) and 

provide a diverse range of ecosystem services, including the maintenance of biodiversity, 

hydrological and nutrient cycling, and carbon sequestration (Bonan 2008, Pan et al. 2011, 

Trumbore et al. 2015). However, there is growing concern that many tree species are in 

decline due to large-scale tree mortality, contracting stand cover, and/or reduced 

recruitment (Breshears et al. 2005, van Mantgem et al. 2009, Allen et al. 2010, Peng et al. 

2011, Anderegg et al. 2013b, Allen et al. 2015, Millar and Stephenson 2015, Trumbore et 

al. 2015, Cohen et al. 2016). Increased temperatures and drought associated with 

anthropogenic climate change are frequently recognized as important drivers of this 

decline around the world (Allen et al. 2010, 2015). However, it is often unclear 1) how 

pervasive decline is across large swathes of tree species’ ranges and 2) the extent to 

which climatic and topographic factors — along with stand structure, forest composition, 

disturbances, and herbivore pressures — mediate tree performance. Thus, understanding 

the dynamics and spatial extent of tree decline, as well as the many individual and 

interacting drivers of decline, are of great importance given the essential role that trees 

play in ecological systems. 

Recent reports of large-scale mortality and recruitment failure of quaking aspen 

(Populus tremuloides), the most widely distributed tree species in North America (Perala 

et al. 1990), indicate that the significant ecosystem services this species provides are 

under threat. Because aspen’s expansive range encompasses a large degree of 
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environmental heterogeneity, it offers an excellent opportunity to study the effects of 

climate and topography on tree demographic rates. 

Numerous factors have been implicated in the recent demographic decline of 

aspen, including fire suppression (Shinneman et al. 2013), conifer encroachment (St. 

Clair et al. 2013), herbivory from insects (Hogg et al. 2002, Chen et al. 2018) as well as 

wild and domestic ungulates (Beschta and Ripple 2009, Eisenberg et al. 2013, Seager et 

al. 2013), fungal pathogens (Marchetti et al. 2011, Zegler et al. 2012), and climate change 

(Worrall et al. 2008, Huang and Anderegg 2012). Although stress-induced mortality and 

recruitment failure have been reported in several parts of aspen's more arid range in the 

western U.S. (Kaye et al. 2005, Huang and Anderegg 2012, Zegler et al. 2012) and 

Canada (Hogg et al. 2002, Michaelian et al. 2011), responses of this influential tree 

species are known to vary substantially (Yang et al. 2015, Shinneman and McIlroy 2019), 

and considerable uncertainty remains as to why certain populations are more susceptible 

to mortality and recruitment failure than others.  

Many authors have found that metrics related to water stress, such as climatic 

water deficit, have been the most successful at predicting aspen dieback and mortality 

(Rehfeldt et al. 2009, Worrall et al. 2013, Anderegg et al. 2015, Chen et al. 2018). 

However, studies have found considerable spatial variation in how well climate predicts 

the growth (Dudley et al. 2015) and dieback (Worrall et al. 2013) of aspen. Studies that 

examine the effect of climate as well as mediating factors, such as stand structure and 

topography may help explain these discrepancies. 



3 
 

Topography strongly influences microsite conditions in the montane landscapes 

that aspen commonly inhabits, and thus should be an important driver of tree 

performance. However, to date results on this relationship have been variable. For 

example, studies have shown that topographic features associated with warmer, drier 

microsites (i.e., solar radiation index or more southerly aspects) can be associated with 

less mortality, at least among relatively small aspen stems (Bell et al. 2015), or can 

experience greater mortality (Worrall et al. 2008, Huang and Anderegg 2012). These 

mixed results may be due to context dependencies in the effect of topography on aspen, 

as the studies by Worrall et al. (2008) and Huang and Anderegg (2012) were focused on 

areas that experienced severe drought, while Bell et al. (2015) was not. However, another 

study, also following severe drought (Kane et al. 2014), failed to detect a relationship 

between aspen mortality and topography, which highlights the need for additional 

research that explores the ways that topography interacts with other drivers to affect 

aspen performance.  

While many studies have found that climate is the dominate driver of aspen 

performance, others have reported that stand structure and composition are more 

important (Bell et al. 2014, Zhang et al. 2015). Stand age, density, basal area, and 

structural diversity, as well as stem diameter have been found to affect the mortality rate 

of aspen (Luo and Chen 2013, 2015, Bell et al. 2014, Zhang et al. 2015, Hember et al. 

2017, Trugman et al. 2018, Kweon and Comeau 2019). Similarly, stand stem density and 

basal area (BA) have been shown to strongly influence aspen growth (Canham et al. 

2006, Zhang et al. 2015, Trugman et al. 2018) and recruitment rates (White et al. 2003). 
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It is unclear what the relative contribution of different drivers are to aspen 

performance, which drivers are the most significant in different parts of aspen’s range, 

and how interactions among drivers affects aspen performance. Additionally, most 

studies have focused on growth, dieback, and mortality of mature aspen stems, and it thus 

remains unclear to what extent the drivers of performance vary among aspen stems of 

different ages. It is also still unclear how aspen performance varies across its extensive, 

climatically heterogeneous range. For example, there have been few studies of aspen 

performance in some parts of its dry range margin, including California, Nevada, and 

Idaho (but see Bell et al. 2014, Shinneman and McIlroy 2019, McIllroy and Shinneman 

2020). These areas are topographically complex, contain forests of diverse ages, 

structures, and compositions, and have experienced severe drought in the past 20 years. 

Thus, studies in these areas will be particularly useful at elucidating the relationships 

among climate, topography, and stand structure in mediating aspen demographic rates.  

To address these knowledge gaps, we use an extensive plot network distributed 

across five states in the western U.S. to address the following questions: 1) To what 

extent do the densities of immature aspen and the recruitment, growth, and mortality rates 

of mature aspen vary across different geographic regions in the western U.S. over the past 

10–13 years?; 2) Do aspen and co-occurring conifers differ in their performance across 

this plot network during the same time period?; and 3) What climatic, topographic, and 

stand structure/composition variables best predict the densities of immature aspen and the 

recruitment, growth, and mortality rates of mature aspen in the western U.S. over the past 

10–13 years? 
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2. Methods 

2.1 Study System 

Our study was conducted across an extremely heterogeneous landscape spanning 

five states: California, Nevada, Idaho, Wyoming, and Utah (Figure 1). The western 

portion of our study region contained portions of the Sierra Nevada and Cascade 

mountain ranges. The central portion of the study region was located primarily within the 

Great Basin, extending north into the Snake River Plain and Idaho Batholith region 

(hereafter referred to simply as ‘Great Basin’ for brevity). The northeastern portion of our 

study region contained mountain ranges of the Middle Rocky Mountains, and the 

southeast portion contained portions of the Wasatch Mountains and Colorado Plateau.  

Mean annual precipitation varied greatly across our study region, being wettest in 

the Sierra Nevada and Cascade mountains (from 368 to 1449 mm per year within our 

field sites) and driest in the Great Basin (from 264 to 470 mm per year within our field 

sites). The Sierra Nevada and Cascade portion of the study region experiences a 

Mediterranean-type climate, receiving almost no precipitation during the summer. The 

Great Basin receives a slightly larger portion of its precipitation during the summer, 

while the Middle Rocky Mountains, Wasatch Mountains, and Colorado Plateau receive 

much more of their precipitation during the summer. 

Quaking aspen is a fast-growing, shade-intolerant, deciduous hardwood species. 

As the most abundant broadleaved tree species in Canadian boreal forests (Peterson and 

Peterson 1992) and one of the few deciduous tree species in western U.S. forests, aspen 
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are considered to be a foundation or even keystone species (Rogers et al. 2020). Although 

aspen can reproduce sexually (Mock et al. 2008), it propagates primarily asexually by 

suckering from roots, and clones can be very long lived (Kemperman and Barnes 1976). 

This species commonly regenerates after fire, varies in ploidy level across its range, and 

exists as both successional stages as well as relatively stable, persistent stands 

(Shinneman et al. 2013, Callahan et al. 2013). Aspen occurs in relatively high-elevation 

sites within the study region, with our field plots ranging from 1,273 to 3,155 m in 

elevation.  

In much of the Sierra Nevada and Cascade Mountains, co-occurring conifers 

included ponderosa pine (Pinus ponderosa), Jeffrey pine (P. jeffreyi), lodgepole pine (P. 

contorta), incense cedar (Calocedrus decurrens), white fir (Abies concolor), red fir 

(Abies magnifica), and Douglas fir (Pseudotsuga menziesii). In the portion of the 

Cascades lying near the California–Nevada border, aspen co-occur with red fir and 

western juniper (Juniperus occidentalis). In the Great Basin, aspen co-occur with single 

leaf pinyon pine (P. monophylla), limber pine (P. flexilis), and Douglas fir. In the Middle 

Rocky Mountains, aspen co-occur with subalpine fir (Abies lasiocarpa), Douglas fir, 

limber pine, lodgepole pine, and Utah juniper (Juniperus osteosperma). In the Wasatch 

Mountains and Colorado Plateau, aspen co-occur with Engelman spruce (Picea 

engelmannii) and subalpine fir. 

2.2 Aspen Plot Network 

We addressed our research questions with data collected from a network of 184 

long-term plots established by the United States Forest Service in aspen stands 



7 
 

throughout California, Idaho, Nevada, Utah, and Wyoming (Figure 1). The network 

contained 62 plots that were established in 2006 (27 plots in central and northeast 

Nevada, 31 plots in central and southern Utah, and four plots in western Wyoming); 

(Guyon and Hoffman 2011), 46 plots that were established in 2007 (all in southern 

Idaho); (Guyon and Hoffman 2011), and 75 plots that were established in 2009 (in 

northeastern California); (Cluck 2011). The plot-selection criteria were somewhat 

different for plots established in California than those established in other states. 

Specifically, the location of non-Californian plots were randomly chosen from within 

areas of known recent aspen dieback based on aerial surveys, were within one mile of a 

road, and contained at least seven overstory aspen stems within the plot borders (Guyon 

and Hoffman 2011). In contrast, plot locations in California were chosen from within 

areas of previously mapped aspen cover (but not necessarily areas of dieback), were in 

close proximity to roads, and contained at least two live mature aspen stems within the 

plot (Cluck 2011). Aspen stands in California were typically small and plot selection was 

biased toward larger stands to ensure that they contained the minimum required number 

of live mature aspen stems (Cluck 2011). Seven of the 75 plots in California were chosen 

from within aspen stands that had recently received conifer-removal treatments. 

All plots were circular in design, with an 8.02 m radius and contained three 2.07 

m radius subplots. Plot centers were monumented with a metal U post, and all trees with 

≥ 12.7 cm diameter at breast height (DBH) were permanently marked with metal tags. 

2.3 Field Sampling 



8 
 

All 184 plots were initially sampled between in 2006, 2007 or 2009 (see above) 

and then again between June and September of 2019 to assess mortality, growth, and 

recruitment rates of mature aspen stems, as well as the density of immature aspen stems 

and percent cover of understory vegetation. During the first and second samplings, the 

DBH, species, canopy dieback rating, and status (alive/dead) were recorded for all mature 

trees (defined as DBH ≥ 12.7 cm) in each plot. Canopy dieback was quantified into four 

categories: no dead branches in crown; 1–33% of branches in crown dead; 34–66% of 

branches in crown dead; and 67–100% of branches in crown dead. 

During the first and second sampling, regeneration was quantified by counting all 

aspen stems with DBH < 5.1 cm within each of the three subplots. In order to study 

regeneration of different size classes, we counted seedlings/suckers (DBH < 5.1 cm and 

less than 1 m tall) and juveniles (DBH < 5.1 cm and more than 1 m tall) separately during 

the second plot sampling. Although true seedlings may exist, we refer to aspen 

seedlings/suckers simply as suckers throughout the text.  

Additionally, during second sampling, we counted seedlings and juveniles of all 

non-aspen tree species, and visually estimated the percent cover of herbaceous species 

and non-aspen woody species in the understory for each subplot. We recorded percent 

cover as the percent of the subplot’s surface area covered by the vertical projection onto 

the ground of plants in the understory such that both herbaceous and woody cover 

estimates could be up to 100% simultaneously. Percent covers were estimated into 11 

cover classes (0%, > 0–10%, 11–20%, 21–30% …). Non-aspen tree seedlings and 
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juveniles were included in estimates of woody cover, but trees with a DBH ≥ 5.1 cm were 

excluded from estimates.  

We recorded the presence of any streams within the plot boundaries that 

contained running water at the time of the second sampling. We also recorded slope and 

aspect, as well as the number of cut down conifer stumps within the plot boundary. We 

measured the plot center location to within 3 m accuracy with an Eos Arrow 100 GPS 

unit.  

2.4 Soil Analyses 

In order to assess how aspen performance varied with soil organic carbon (C) and 

total nitrogen (N), we collected soil samples from each plot during the second sampling. 

We collected a single soil core to a depth of 16.2 cm, located within 2 m of the plot 

center. Soil samples were sealed in zip-lock bags until we returned from the field 

(between 1 and 25 days), then allowed to air dry and stored for approximately 6 months 

at room temperature before analysis. Soil samples were processed and analyzed by the 

Soil, Water and Forage Analytical Laboratory at Oklahoma State University. Percent 

mass of soil organic C and total N were determined using a dry combustion C/N analyzer 

(Leco CN628, LECO Corp, St Joseph, Michigan, USA); (Nelson and Sommers 2018). 

2.5 Response Variables  

We used data from our field sampling to calculate six plot-level response 

variables: annual percent mortality, annual percent recruitment of mature stems, growth 

rate, sapling density, juvenile density, and sucker density. 
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Annual percent mortality was calculated as the percent of mature aspen stems that 

died between the two sampling periods, normalized by the number of years between 

samplings (Equation 1). 

Equation 1.  Annual percent mortality =
(nI−nF)∕nI

YF−YI
 (100%) 

Here nI equals the number of live mature aspen stems present in a plot in the initial 

sampling, nF equals the number of mature aspen stems present and alive in both 

samplings, and YI and YF equal the years of initial and final samplings, respectively. 

Annual percent recruitment of mature stems was the number of live aspen stems 

in each plot that transitioned into the mature stem size class during the study period, 

normalized by the number of years between sampling dates and by the number of mature 

aspen stems in the plot during the initial sampling, to account for differences in duration 

of the study period, and differences in overall clone stem densities (Equation 2). 

Equation 2. Annual percent recruitment of mature stems =
nR∕nI

YF−YI
 (100%) 

Here nR equals the number of aspen that recruited into the mature aspen size class during 

the study period. 

The metric we chose to use for growth rate was the percent change in individual 

basal area (BA), divided by the number of years between samplings, averaged across all 

surviving mature aspen stems in each plot (Equation 3). 
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Equation 3. Growth rate =

(∑
BAFi−BAIi

BAIi

nF

i=1

) nF⁄

YF−YI
 (100%) 

For each individual mature aspen stem, i, BAIi and BAFi equal their BA during the initial 

and final samplings, respectively.  

Because saplings, juveniles, and suckers were not permanently tagged, we were 

unable to calculate growth, mortality, or recruitment rates for them. Instead, we used 

density of live stems in the final sampling as a response variable for each of these size 

classes. 

2.6 Predictor Variables of Aspen Performance 

2.6.1 Climate variables  

Based on previous studies of climate-driven patterns in aspen demographic rates, 

we selected seven climate variables to summarize from monthly climate data (Table 1a). 

We used data available from TerraClimate (Abatzoglou et al. 2018), which provides 

interpolated monthly climate data at 4-km resolution. The climate variables of interest 

were precipitation accumulation, daily high temperature, vapor pressure, vapor pressure 

deficit (VPD), climatic water deficit (CWD), snow water equivalent (SWE), and Palmer 

drought severity index (PDSI). We generated several summaries, each of which was 

calculated over two different time periods. The first time period was the duration between 

plot establishment and resampling (i.e., 2006, 2007, or 2009 — depending on plot — 

through 2019), and climate variables summarized over this timer period were used to 

model all of our aspen response variables except mortality rate. The second time period 
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was the interval beginning five years prior to plot establishment and ending upon plot 

resampling (i.e. 2001, 2002, or 2004 — depending on plot — through 2019). Climate 

variables summarized over this second time period were used to model aspen mortality 

rate. This extended time period was chosen to account for the possibility that mortality 

may have a lagged relationship with climate (Rogers et al. 2018). We calculated the 

following summaries, averaged over each of the two time periods, for each climate 

variable (see Table 1a for climate summary definitions): 1) mean annual value/mean 

seasonal value for winter (Dec–Feb), spring (Mar–May), summer (Jun–Jul), and fall 

(Sep–Nov); 2) mean annual difference from normal; and 3) annual deviation/seasonal 

deviation for winter, spring, summer, and fall. Additionally, we included the maximum 

value of summer temperature and minimum value for annual and seasonal Palmer 

drought severity index because single extreme heat or drought events may cause 

mortality even if average climate conditions over the study period are within aspen’s 

tolerance. 

To account for large climatic differences across our study area, we also included 

climate normals, available from WorldClim version 2 (Hijmans et al. 2005), which 

provides interpolated 30-year averaged (1970–2000) climate variables at 1-km resolution. 

Many of the variables provided by WorldClim are highly correlated with our summaries 

from monthly data (e.g., WorldClim’s ‘precipitation of the wettest quarter’ is equivalent 

to our mean winter precipitation). However, we included five variables from WorldClim 

that provided information not present in our summaries from TerraClimate. These 
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variables were diurnal temperature range, annual temperature range, temperature 

isothermality, temperature seasonality, and precipitation seasonality (Table 1b). 

2.6.2 Topographic variables 

We calculated several variables to assess the role that topography plays in 

mediating the effect of climate and how microsite conditions influence aspen 

performance. Details for all topographic variable derivations can be found in Table 2. We 

derived the following variables from data collected in the field: stream presence (a 

categorical predictor), elevation, slope, folded aspect (rescaling aspect values between 

180° and 360° to range from 0 to 180°, such that NE = NW = 45°, E = W = 90°, etc.), 

potential solar radiation, and heat-load index. We also calculated several variables in 

arcMap using USGS digital elevation models. We calculated topographic-wetness index 

(a proxy for cold air drainage and soil moisture), topographic-position index (a location's 

elevation relative to the average elevation of the surrounding neighborhood), curvature 

(the degree of concavity or convexity of a slope), profile curvature (curvature parallel to 

the direction of maximum slope), and planform curvature (curvature perpendicular to the 

direction of maximum slope).  

2.6.3 Stand structure and composition variables  

Because stand age, stem density, and individual differences in tree size and 

morphology all likely influence aspen performance, we calculated several variables 

relating to stand structure and composition from our field data (Table 3). We calculated 

the following metrics for mature trees in the initial sampling: BA, tree count, mean BA of 
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individual trees, standard deviation of individual BA, and quadratic mean diameter. Each 

of these metrics were calculated for several different subsets of the stand (e.g., live aspen 

only, live conifers only; see Table 3 for complete list). We also included the sum of aspen 

suckers and juveniles in the initial sampling as a predictor, primarily to help accurately 

model sapling density in the final sampling. However, ‘initial suckers plus juveniles’ was 

excluded as a predictor when modeling sucker density and juvenile density; no distinction 

was made between suckers and juveniles during the initial sampling, and it would not be 

reasonable to model a single one of these size classes as a function of both size classes 

pooled together. The number of non-aspen seedlings plus juveniles in the final sampling 

was also used as a predictor variable, primarily to characterize the competitive 

environment of the smaller aspen size classes. Finally, we quantified the relative 

abundance of aspen in the initial sampling in two ways: the ratio of aspen trees to the 

total number of trees, and the ratio of live aspen BA to the total live BA. 

2.6.4 Biological, geographic, and soil variables  

We included several other variables that we hypothesized would influence aspen 

performance. We included mean canopy dieback rating of all live mature aspen stems in 

each plot in the initial sampling (the minimum value of zero would indicate no dieback in 

any aspen, and the maximum value of 3 would indicate between 67 and 100% dieback in 

all aspen), in order to account for differences in stand health at the onset of the study, and 

to mitigate for possible biases due to differing plot-selection criteria in California 

compared to the other states. We included state, region, latitude, and longitude to assess 

larger-scale geographic patterns in aspen performance. We also included the following 
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non-aspen variables: growth rate of conifers (calculated the same as for the aspen 

response variable, shown above); percent cover of woody species and of herbaceous 

species, primarily to characterize the competitive environment for suckers and juveniles; 

number of conifers removed; duration in years between plot samplings; and percent 

nitrogen, carbon, and total organic matter, of the soil. Finally, when modeling sucker 

density and juvenile density only, we included aspen mortality rate and aspen growth rate 

as predictor variables in order to assess whether the health and vigor of the mature aspen 

in a stand influenced suckering and survival of suckers and juveniles. 

2.7 Data analyses 

2.7.1 Geographic pattern analyses  

We evaluated the degree to which each of our response variables varied across 

four broad geographic regions: Sierra/Cascades, Great Basin, Middle Rockies, and 

Wasatch/Colorado Plateau. These regions were chosen based on geographic clustering of 

plots and distinguishing environmental conditions. Specifically, the Sierra/Cascades 

experience a Mediterranean climate, setting them apart from the other study regions. The 

Great Basin plots were distinguished by occurring in relatively wet, high-elevation sites 

among an otherwise extremely arid landscape. The Wasatch/Colorado Plateau region has 

documented occurrences of sudden aspen decline — a primarily climate-driven 

phenomenon (Worrall et al. 2010) — unlike the other study regions. The Middle Rockies 

receive more annual precipitation than either the Wasatch/Colorado Plateau or great 

Basin regions, and receive significant amounts of precipitation in the summer, unlike the 

Sierra/Cascades. 
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We tested the hypothesis that our aspen response variables varied across the four 

regions using permutation ANOVA tests. All permutation tests were run with 10,000 

permutations using the RVAideMemoire package version 0.9-77 (Hervé 2020) in R 

version 3.6.3 (R Core Team 2020). For response variables that varied significantly among 

regions, we followed up with permutation t-tests to evaluate differences among means (α 

= 0.05). We adjusted t-test p values for multiple comparisons using the Benjamini and 

Hochberg (1995) method. 

2.7.2 Correlations among response variables 

To determine whether our various aspen response variables covaried with each 

other, we calculated pairwise correlation coefficients between each response variable. We 

used Kendall’s 𝜏b to test the associations between variables because it allowed us to test 

for monotonic, but not necessarily linear, relationships.  

2.7.3 Correlations among predictor variables 

We calculated pairwise Pearson correlation coefficients between all predictor 

variables present in our best-performing models, as well a select few additional predictor 

variables (mean high temperature for winter, spring, summer, and fall, and mean 

individual aspen BA) in order to aid us in the qualitative interpretation of our results. 

Because many of the predictor variables were highly correlated, this information allowed 

us to better understand the commonalities between the best-performing model for each 

aspen response variable, despite the multiplicity of variables contained in them. A matrix 

of Pearson correlation coefficients between predictor variables is shown in Figure S2. 
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2.7.4 Comparison between aspen and conifer performance 

To compare the demographic trends of aspen and co-occurring conifers across the 

different regions, we calculated the plot-level annual percent change in live BA of mature 

tree stems over the study period, as this metric allowed us to compare the combined 

effects of mortality, adult recruitment, and growth in a single analysis. We used a 

permutation two-way ANOVA to evaluate the effects of taxonomy (aspen versus 

conifer), region (Sierra/Cascade, Middle Rockies, and Wasatch/Colorado Plateau), and 

their interaction on annual percent change in BA, followed by pairwise permutation t-

tests for response variables that varied significantly among regions. The tests were 

carried out using the same methods as those described above for the geographic pattern 

analyses. Given the comparison of trends among aspen and co-occurring conifers 

required that plots contained at least one mature conifer in the initial sampling, this 

analysis was restricted to a subset (n = 85) of the total number of plots (n = 184), none of 

which were in the Great Basin region. 

2.7.5 Modeling aspen performance — Overview 

We used a two-step process to determine which climate, topographic, and stand 

structure/composition variables best predicted aspen performance. First, we used random 

forest regressions to select the 15 most important predictor variables for each response 

variable from the large set of potential predictors. Second, we created candidate 

generalized linear models for each response using the list of 15 predictors and assessed 

their performance using AIC. The approach of using random forest to select variables of 

high explanatory power, for subsequent use in generalized linear models or other 
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modeling techniques has been used successfully in the past with ecological datasets 

(Arthur et al. 2010, Seidl et al. 2011), and allowed us to assess a much larger set of 

predictors than would be computationally practical with AIC based model selection 

techniques alone. 

2.7.6 Modeling aspen performance — Variable reduction 

To select the set of 15 predictors for each response, we employed a stepwise 

elimination process. We began by running a random forest regression with the full set of 

potential predictors (n = 144 for mortality, growth, mature stem recruitment, and sapling 

density; n = 145 for sucker and juvenile densities), then removing the predictor with the 

lowest variable importance score (as measured by percent increase in mean squared 

error). We then repeated this procedure with the new set of predictors until only 15 

variables remained. The analysis was carried out using the RandomForest package 

version 4.6-14 (Liaw and Wiener 2002) in R. All random forest models were created with 

500 trees and n/3 variables tried at each node, where n is the number of variables in each 

regression. 

2.7.7 Modeling aspen performance — Generalized linear modeling 

We arrived at a final model for each response variable by selecting from all 

candidate models the one with the lowest AIC. For each response, the fully-saturated 

model contained the 15 predictors resulting from the stepwise selection process, as well 

as 3 to 5 interaction terms (Table S1). Predictors were centered to avoid inflation of 

coefficient estimate standard errors, and to allow for meaningful interpretation of main 
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effect coefficients in the presence of interaction terms (Schielzeth 2010). Because we 

were interested in how the effects of environmental conditions (i.e. climate or 

topography) on aspen performance are mediated by intrinsic stand characteristics, we 

chose interaction terms that fit into the categories of climate x stand 

structure/composition, and topography x stand structure/composition. We also included 

climate x topography interactions in order to classify microsite conditions experienced by 

the stand, which may differ from the relatively coarse scale climate data. Decisions about 

which predictors to include in these interaction categories were guided by the 

performance of variables in preliminary analyses with no interaction terms, and by 

variable combinations we believed to be biologically relevant, a priori. 

We used the package MuMIn version 1.43.15 (Barton 2019) in R to rank 

generalized linear models for each response based on AIC or AICC (see below). 

Candidate models included all possible models nested within the saturated model, that 

met the following criteria: the maximum number of terms was nine; pairs of predictors 

with a Pearson correlation coefficient of 0.65 or greater were excluded from appearing in 

the same model; and the variance inflation factor (VIF) for all terms in the model was 

less than two. The highest ranked model was then checked for highly influential points. If 

any were present, the points were removed and candidate models refitted and reranked. 

Following this procedure, the highest ranked model was assessed for meeting the 

assumptions of linear regression and possible model misspecifications, using the 

diagnostic tools in the DHARMA package version 0.3.1 (Hartig 2020) in R. We checked 

that the distribution of standardized residuals was approximately uniform with respect to 
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residual rank and with respect to each predictor in the model. We also used DHARMa’s 

tests for over/under dispersion and zero inflation. If the highest ranked model did not 

meet these criteria, the highest-ranked model that did meet these criteria was chosen as 

our final model. 

Annual percent mortality was modeled using a Gaussian error distribution and an 

identity link function, as was growth rate after being log transformed. These two models 

were ranked based on AICC. Annual percent recruitment of mature stems as well as 

sapling, juvenile, and seedling density were all modeled with a negative binomial error 

distribution and a log link function. These models were ranked by AIC rather than AICC 

because AICC has been shown to be ineffective at reducing biases of relative, expected 

Kullback-Liebler divergence estimates when used for models with non-Gaussian error 

distributions (Richards 2005). Because mature stem recruitment was modeled with a 

negative binomial model, the response variable used for the purpose of linear modeling 

was simply the number of aspen stems that transitioned into the mature stem size class 

during the study period. This number was then normalized by using an offset equal to the 

number of years between samplings multiplied by the number of live mature aspen stems 

in the initial sampling, to account for differences in duration of the study period, and 

differences in overall clone stem densities. Similarly, the actual response variable used in 

the negative binomial models for saplings, juveniles, and suckers, was the stem count in 

each plot. However, because our plots were all equal in area, density and count are 

equivalent. Predicted values generated from our models were transformed to densities so 
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that they could be compared directly to values reported in other studies, and we refer to 

density rather than count throughout the text for the sake of consistency. 

3. Results 

3.1 Geographic Patterns 

Aspen mortality, mature stem recruitment, and growth rates did not vary 

significantly among the four geographical regions that we designated for this analysis 

(F3,180 = 0.35, p = 0.786; F3,180 = 0.26, p = 0.866; and F3,152 = 0.77, p = 0.522, 

respectively). The average rate per year across all plots was 4.25% for mortality, 1.22% 

for mature stem recruitment, and 2.43% for growth. 

The overall mean sapling density in 2019 was 0.059 stems m-2 and varied 

significantly among regions (F3,180 = 2.77, p = 0.043; Figure 2a). The Great Basin had the 

highest density at 0.09 stems m-2 and differed from the Middle Rockies, which had the 

lowest density at 0.04 stems m-2. The regions with intermediate sapling density — the 

Sierra/Cascades and the Wasatch/Colorado Plateau — did not differ significantly from 

any other region. The overall mean juvenile density was 0.228 stems m-2 and, in contrast 

with sapling density, did not differ significantly among regions (F3,143 = 1.90, p = 0.131; 

Figure 2b).  

The overall mean sucker density was 0.28 stems m-2 and varied significantly by 

region (F3,143 = 8.22, p < 0.001; Figure 2c). The Sierra/Cascades region had the greatest 

density at 0.586 stems m-2, followed by the Great Basin region at 0.36 stems m-2, the 

Wasatch/Colorado Plateau region at 0.16 stems m-2, and the Middle Rockies region at 



22 
 

0.04 stems m-2. The Sierra/Cascades, Wasatch/Colorado Plateau, and Middle Rockies 

regions all differed significantly from each other. The Great Basin region also differed 

from the Middle Rockies but not from any other regions. 

3.2 Correlations Among Response Variables 

There were positive relationships of moderate strength between aspen sucker and 

juvenile density (𝜏b = 0.36; p < 0.001), juvenile and sapling density (𝜏b = 0.31; p < 

0.001), sapling density and mature stem recruitment (𝜏b = 0.26; p < 0.001), and mature 

stem growth rate and recruitment (𝜏b = 0.26; p < 0.001; Figure S1). We also found weak 

positive relationships between mature stem growth rate and sapling density (𝜏b = 0.19; p 

< 0.001), and between mortality rate and juvenile density (𝜏b = 0.18; p = 0.002). There 

was a weak negative relationship between mature stem growth rate and sucker density (𝜏b 

= -0.15; p = 0.019). We found no other monotonic associations between response 

variables at an 𝛼 = 0.05 significance level. 

3.3 Comparison of Aspen and Conifer Performance 

We found the annual percent change in live BA was significantly different for 

aspen and conifers among the six geographic regions (taxonomy x region: F2,164 = 4.08, p 

= 0.021; Figure 3). Specifically, mean live BA of aspen decreased by 1.98% per year and 

did not differ by region. In contrast, live BA of conifers increased 4.44% per year, on 

average, and differed from aspen in all regions. Conifer BA increased most rapidly in the 

Middle Rockies region at 8.40% per year, which differed significantly only from the 

Sierra/Cascades, where conifer BA increased at 2.73% per year. 
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3.4 Modeling Aspen Performance 

3.4.1 Variable reduction and interaction terms 

The 15 variables selected by the random forest stepwise selection processes for 

each response variable, as well as the interaction terms we chose to include in candidate 

linear models, are listed in Table S1. 

3.4.2 Mortality rate 

The best-performing model predicting annual percent mortality included initial 

aspen dieback and terms related to climate, topography, and stand structure (R2 = 0.39; 

Table 4a). The strongest predictor of aspen mortality rate was the initial mean canopy 

dieback rating of aspen, such that plots with high levels of initial aspen canopy dieback 

had subsequently high rates of mortality (Figure 4a). Similarly, there was a positive 

relationship between mortality rate and total standing dead BA in the initial sampling 

(Figure 4d). In terms of climate, mortality was positively correlated with 30-year normal 

annual temperature range (Figure 4c), such that mortality rates were greater in plots with 

larger variation in annual temperature. Mortality was negatively correlated with deviation 

in annual VPD (Figure 4b), potential incident solar radiation (Figure 4e), and deviation in 

annual precipitation (Figure 4f). Specifically, aspen mortality rates were lower in plots 

situated on sunnier slopes that experienced higher-than-normal evaporative demand and 

higher-than-normal precipitation. 

3.4.3 Mature stem recruitment 
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The best-performing model predicting mature stem recruitment contained terms 

related to stand structure and climate (McFadden’s pseudo R2 = 0.103; Table 4b). 

Recruitment was negatively associated with initial aspen live BA (Figure 5a) and mean 

spring SWE of the study period (Figure 5b). Recruitment tended to be higher in stands 

with less drought, as measured by mean annual PDSI over the study period (Figure 5c). 

3.4.4 Growth rate 

The best-performing model predicting log-transformed growth rate contained 

terms related to stand structure, climate, and topography (R2 = 0.265; Table 4c). Growth 

rate was most strongly associated with initial total live BA, with faster growth rates in 

stands with lower BA (Figure 6a). Growth rate was positively associated with mean 

summer vapor pressure of the study period (Figure 6b) and mean annual high temperature 

of the study period (Figure 6c), both of which indicate that aspen tended to grow faster in 

warmer conditions. Growth rate was also positively correlated with the standard deviation 

of the individual BAs of live aspen in the initial sampling, meaning that plots with greater 

variation in aspen stem diameter had faster growth rates (Figure 6d). Finally, growth rate 

was negatively associated with topographic position index, such that aspen located in 

relatively upland environments had faster growth rates (Figure 6e). 

3.4.5 Sapling density 

The best-performing model predicting sapling density contained terms related to 

stand structure, climate, and their interaction (McFadden’s pseudo R2 = 0.276; Table 4d). 

Sapling density was positively associated with the number of aspen suckers plus juveniles 
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in the initial sampling (Figure 7a), as well as summer water deficits, as indicated by 

CWD (Figure 7b). Sapling density was negatively associated with both live mature stem 

BA (Figure 7b) and the total number of live mature trees in the initial sampling (Figure 

7c). However, sapling density had a positive association with the interaction term 

between live BA and mean summer CWD, such that the effect of CWD on sapling 

density was mitigated for plots with lower BA. For plots with moderately low BA 

(approximately one standard deviation below the mean), there was no relationship 

between summer CWD and sapling density at all (Figure 7b). 

3.4.6 Juvenile density 

The best-performing model predicting juvenile density contained terms related to 

topography and climate (McFadden’s pseudo R2 = 0.075; Table 4e). Juvenile density was 

positively associated with elevation (Figure 8a), deviation in summer CWD (i.e. plots 

with greater-than-normal summer water deficits had more juveniles; Figure 8b), and 

deviation in winter high temperature (Figure 8c). 

3.4.7 Sucker density 

The best-performing model predicting sucker density contained terms related to 

topography and climate (McFadden’s pseudo R2 = 0.330; Table 4f). Sucker density was 

most strongly influenced by the presence of a stream, with higher densities found in plots 

containing a stream (Figure 9a and 9b). Sucker density was positively associated with 

mean winter VPD, meaning that plots that experienced higher winter evaporative demand 

had more suckers (Figure 9a). Finally, sucker density was positively associated with 
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seasonality of precipitation, such that plots with larger seasonal variation in precipitation 

had higher sucker density (Figure 9b). 

4. Discussion 

We leveraged a large network of forest inventory plots established within aspen 

stands and distributed across five states in the western U.S. to examine patterns and 

drivers of aspen performance during a 10–13-year period. Our study provides important 

insights into the context-dependency of aspen performance across topographically 

heterogeneous, semi-arid environments that represent the more arid margin of aspen’s 

geographic range. 

We observed high rates of mature aspen mortality (4.3% yr-1), with approximately 

half of all mature aspen stems in our plots dying during the 10–13-year study period. 

Paired with the lack of correlation between mortality and mature stem recruitment 

(Kedall’s 𝜏b = -0.08) and low recruitment rates overall (1.2% yr-1), our findings indicate 

that the majority of the aspen stands in our study are failing to regenerate, either due to 

successional processes or stress-induced decline. Although aspen demographic rates did 

not vary substantially among geographic regions, they were highly variable within 

regions, even among neighboring plots. The high degree of spatial heterogeneity within 

geographic regions highlights that aspen demographic performance is highly contingent 

on landscape and stand-level processes. 

We found that mortality strongly increased with the severity of initial canopy 

dieback and decreasing evaporative demands (as measured by deviation in annual VPD), 

whereas mature stem recruitment and growth were greatest in stands with lower initial 
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BA. Similarly, the density of saplings was greatest in stands with fewer, smaller mature 

trees that experienced high summer CWD during the study period. The performance of 

smaller aspen size classes was primarily associated with climate and topography. Juvenile 

density was greatest at high elevation sites that have recently experienced drier than 

normal summers, and sucker density was greater at sites near streams with high mean 

winter VPD. 

4.1 Effect of initial canopy dieback and standing dead BA 

Our best-performing model of aspen mortality showed that stands with higher 

initial levels of canopy dieback subsequently had higher mortality rates (Figure 4a). A 

similar association was noted by Zegler et al. (2012), who found that canopy dieback was 

correlated with percent dead aspen BA. Our findings were also consistent with those of 

Anderegg et al. (2013c), who found that water-stress-induced embolism of branches and 

roots, which often results in canopy dieback, predicted the probability of aspen survival. 

Our results also demonstrate the lagged response of aspen mortality to environmental 

stress, documented by other authors (Kane et al. 2014, Rogers et al. 2018). Our best-

performing mortality model also revealed that stands with greater standing dead BA in 

the initial sampling had higher subsequent mortality rates (Figure 4d). This finding 

suggests that stands that experienced elevated mortality in the past tend to deteriorate 

further with time, similar to the findings of Worrall et al. (2015). 

4.2 Effect of stand structure 
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We found that variables related to initial stand structure were among the best 

predictors of aspen demographic performance. Specifically, recruitment and growth rates 

of mature aspen stems were greater in stands with initially low aspen and total BA, 

respectively (Figures 5a and 6a). Given that aspen is highly shade intolerant (Perala et al. 

1990), its growth and recruitment may have been light limited in stands with relatively 

high BA, consistent with the large number of studies in the western US that have found a 

negative relationship between competitor density and rates of aspen growth (Brown et al. 

2006, Pierce and Taylor 2010, Berrill and Dagley 2012, Bretfeld et al. 2016) and 

recruitment (Miller et al. 2000, White et al. 2003, Jones et al. 2005, Krasnow and 

Stephens 2015, Hansen 2016). Furthermore, stands with initially low BA may have been 

composed of younger, and therefore faster-growing aspen stems, as previously found for 

the species in the Sierra Nevada (Pierce and Taylor 2010, Berrill and Dagley 2012). 

Indeed, for our study plots, the initial mean BA of individual aspen stems was positively 

correlated with initial total live BA (r = 0.53; Figure S2). 

Additionally, we found aspen growth rate was higher in stands with greater 

variability in initial individual aspen BA (Figure 6d), suggesting that after accounting for 

the effect of overall competition (i.e. initial total live BA) in our models, structurally-

complex aspen stands (i.e. multi-cohort, uneven-aged stands) achieved higher growth 

rates than more structurally-uniform stands. Structural-complexity of aspen stands may 

be indicative of overall clone health and vigor, as suggested by other studies that found 

that structurally-complex stands had greater survival rates than structurally-uniform 

stands during mortality events (Worrall et al. 2010). 
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The density of aspen saplings was negatively associated with both initial total live 

BA (Figure 7b) and total stem density (Figure 7c). This pattern could be explained by a 

cohort of aspen establishing, following a past disturbance (Perala et al. 1990, Kashian et 

al. 2007), or by increased growth and survival of young aspen due to increased light and 

resource availability in sparser stands. Consistent with both these interpretations, Pierce 

and Taylor (2010) found that the recruitment of aspen stems into the sapling size class 

was positively correlated with light availability. 

4.3 Effect of summer and annual water balance 

Summer and annual water balance variables as well as variables that were 

strongly correlated with these variables (i.e., mean summer CWD, deviation in summer 

CWD, deviation in annual VPD, and mean annual high temperature), were important 

predictors for several of the aspen response variables. Warmer temperatures and/or drier 

conditions were associated with less morality, faster growth rate, and higher sapling and 

juvenile densities.  

Contrary to expectations, we found a negative relationship between aspen 

mortality and deviation in annual VPD, such that stands that experienced higher-than-

normal evaporative demands during the study period, had less mortality (Figure 4b). Our 

results contrast with numerous past studies that have found a positive relationship 

between aspen mortality and hotter, drier conditions (Hanna and Kulakowski 2012, Bell 

et al. 2014, 2015, Kane et al. 2014). We speculate that there are at least two potential 

reasons for the disagreement between our findings and past literature. First, it is possible 

that VPD deviation was simply acting as a proxy for some other factor driving aspen 
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mortality. Second, it could be that the temperature component of annual VPD deviation 

was responsible for decreasing aspen mortality. Although there is strong evidence that 

extreme heat events may cause mortality in aspen (Rehfeldt et al. 2009, Michaelian et al. 

2011, Anderegg et al. 2013a), our VPD deviation variable may not reflect whether or not 

such events occurred, because it is averaged over such a long time period (15 to 18 years, 

depending on the plot). A study in the Greater Yellowstone Ecosystem found that aspen 

cover was lost in areas with fewer growing degree days (Brown et al. 2006). Our VPD 

deviation variable may be picking up on a similar climate signal of increased growing 

season length. Aspen photosynthesize through their bark before leaf-out (Foote and 

Schaedle 1978) and may be able to increase carbon stores in the early growing season, 

particularly if the period is unusually warm. This could increase survivorship, as carbon 

starvation is one of the main mechanisms by which drought kills trees (McDowell et al. 

2011). Or similarly, VPD deviation may be indicating warmer temperatures during more 

mesic parts of the year which may enhance carbon assimilation. 

In terms of growth of mature aspen, we found a positive relationship between 

growth rate and mean annual temperature (Figure 6c). In our study region, mean annual 

temperature was strongly and inversely correlated with elevation, and therefore length of 

the growing season, which likely contributes to the relationship between temperature and 

growth. Past studies have found mixed results with regards to the relationship between 

aspen growth and temperature. Brown et al. (2006) found that aspen radial growth rate 

increased both with mean annual daily minimum temperature and growing degree days, 

similar to our own results. Hanna and Kulakowski (2012) on the other hand, found that 
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aspen growth was negatively correlated with temperature, except at their highest 

elevation sites, where growth was positively correlated with temperature. 

With regard to the performance of immature aspen, juvenile density was 

positively associated with elevation (Figure 8a) and deviation in summer CWD (Figure 

8b), suggesting high-elevation sites that experienced warmer and/or drier conditions than 

normal during the study period tended to have more juveniles. Similarly, sapling densities 

tended to be higher in warmer and/or drier sites, as measured by mean summer CWD 

(which was correlated with summer CWD deviation in our plots; r = 0.64; Figure S2). If 

the survivorship of juveniles, saplings, and mature aspen all respond similarly to 

environmental conditions, then the same mechanism responsible for the mortality–VPD 

deviation relationship discussed above (whether it truly is driven by temperature or water 

balance or an unknown correlated factor) may be responsible for the immature aspen 

density–water balance relationships as well, via increased survivorship of the smaller size 

classes. Furthermore, the strength of the effect of summer CWD on sapling density 

diminishes as stand BA decreases (Figure 7b). This result is consistent with the idea that 

moderately elevated temperatures increase aspen survivorship via enhanced carbon 

acquisition; it suggests that in plots with high competition the summer CWD–sapling 

density relationship is important, but in low competition plots, where carbon acquisition 

is already easy, the relationship disappears. Previous studies have found mixed results 

with regards to relationships between temperature and immature aspen performance. 

Studies that assessed climate variables have found seedling and/or vegetatively produced 

immature aspen stem densities to increase with temperature (Shinneman and McIlroy 
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2019), decrease with temperature (McIlroy and Shinneman 2020), or did not find strong 

relationships with temperature at all (Clement et al. 2019). Hansen et al. (2016) found 

aspen seedling presence in post-fire sites in Yellowstone to be more likely in warmer 

sites 11 years post-fire, but less likely in warmer sites 24 years post-fire. Furthermore, 

they found that of the sites that still contained aspen 24 years post-fire, densities were 

higher in warmer sites. Studies that have examined the effect of microsite conditions (i.e. 

elevation and/or south facing aspect) have found that densities are higher in warmer 

microsites (Turner et al. 2003), or that the direction of the relationship differs for 

different size classes of immature aspen (Rhodes et al. 2017), or that survivorship of 

immature aspen is lower in warmer microsites (Zegler et al. 2012). A possible 

explanation for these mixed results is that extremely high temperatures cause reduced 

growth or mortality of young aspen, but moderate temperature increase — perhaps at 

particular parts of the year or when other conditions are met — may be enhancing their 

performance. Studies such as our own, that lack any intra or inter-annual sampling of 

aspen performance, do not have the ability to parse out the potentially complex, non-

monotonic, and context dependent relationships between aspen performance and 

temperature with any conclusiveness.  

4.4 Effect of winter temperature 

Winter temperature variables as well as variables that were strongly correlated 

with these winter temperature variables (i.e. deviation in winter high temperature, annual 

temperature range, mean winter VPD, mean spring SWE, and seasonality of 

precipitation) were important predictors for several aspen response variables. Warmer 
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winters were associated with less mortality, increased recruitment, and higher juvenile 

and sucker densities.  

Mortality of mature aspen was associated with annual temperature range (which 

was, itself, correlated with deviation in winter temperature; r = -0.71; Figure S2), such 

that plots with warmer winters had less mortality (Figure 4c). As discussed previously, 

conditions more conducive to carbon acquisition in the early growing season may have 

contributed to this pattern.  

Similarly, the relationships between juvenile and sucker densities and warmer 

winters may be due to a lack of mortality in these smaller size classes, driven by the same 

mechanism. The effect may be particularly pronounced for suckers (which we defined as 

less than one meter tall) which would not be able to photosynthesis at all when buried 

under snow. In our sucker model, there are two winter temperature related terms, mean 

winter VPD and seasonality of precipitation (a variable strongly correlated with deviation 

in winter temperature; r = 0.91; Figure S2), which together account for a larger portion of 

the variance explained by the model, than did the winter temperature related terms in our 

best models for the other response variables. This relationship may not hold for aspen 

stands in elk winter range, however, as snowpack has been found to protect suckers from 

herbivory (Martin and Maron 2012, Brodie et al. 2012, Rhodes et al. 2017). It is also 

important to note that there is a strong geographic pattern to some of the winter 

temperature related variables. The Sierra/Cascade plots, which have a Mediterranean 

climate, stood out from the rest of the plot network in terms of their annual temperature 

range, precipitation seasonality, and deviation in winter temperature. We must consider 
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the possibility that the relationships we found are just a proxy for some other regional 

differences among plots. However, Shinneman and McIlroy (2019) found a similar 

relationship between aspen establishment density and winter temperature (five year 

averaged winter low temperature, centered five years prior to establishment year) in a 

large study area within the Great Basin.  

Finally, mature stem recruitment rates were negatively associated with lower 

mean spring SWE. Mean spring SWE was not as strongly correlated with the other 

variables in this group as they were to each other, but this relationship still suggests that 

warmer early growing season temperatures enhance growth and/or survivorship, leading 

to more recruitment. 

4.5 Effect of drought 

Metrics of drought, specifically mean annual PDSI and deviation in annual 

precipitation, were associated with increased mortality and decreased mature stem 

recruitment rate, although the effect size was small relative to all other terms our models 

(Table 4a and 4c). Previous studies have fairly consistently found that wetter conditions 

are associated with reduced mortality (Hanna and Kulakowski 2012, Anderegg et al. 

2013a, Bell et al. 2014, 2015, Kane et al. 2014), faster growth rates (Brown et al. 2006, 

Chen et al. 2017), higher densities of immature aspen (Rhodes et al. 2017, Clement et al. 

2019, McIlroy and Shinneman 2020), and higher proportions of establishment within 

stands (Kaye 2011, Shinneman and McIlroy 2019). Given the evidence that precipitation 

is a critical driver of aspen performance, it is slightly surprising that only two 

precipitation related variables, of small effect size, were present among our best 
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performing models. It may be that our climate summaries failed to accurately reflect 

periods of severe drought, which could have been brief relative to the duration over 

which climate values were averaged (15 to 18 years in the case of mortality predictor 

variables, 10 to 13 years in the case of predictors of all other response variables). 

4.6 Conclusions 

We have documented high rates of mortality relative to recruitment in quaking 

aspen, a widespread, foundation tree species. This demographic decline over the past 

decade was persistent across a large geographic area, that constitutes the more arid parts 

of aspen's range. However, aspen performance was highly variable ay small spatial 

scales, leading us to conclude that consideration of landscape-scale factors — including 

stand structure, topography, and local climate — will be essential for predicting the 

future dynamics of aspen. We found that aspen stands with fewer, smaller trees exhibited 

faster growth and recruitment rates, and that stands that experienced initial high levels of 

dieback continued to deteriorate. Furthermore, given that 1) we found a surprising 

negative relationship between mortality and VPD deviation (a variable strongly 

influenced by temperature), 2) variables heavily influenced by temperature had a strong 

association with every demographic rate and every size class of aspen we modeled, and 

3) the results found by previous studies with regards to temperature–growth rate 

relationships and temperature–immature aspen performance relationships are mixed — 

we suggest that temperature is a critical driver of aspen performance and that the complex 

nature of this relationship is not yet fully understood. In order to fully elucidate 

temperature–aspen performance relationships, we suggest that future studies should 1) 



36 
 

investigate the possibility of a non-monotonic relationship between temperature and 

aspen performance; 2) distinguish between warming trends in climate and discrete 

extreme heat events; 3) incorporate interactions between temperature, water availability, 

and evaporative demand; and 4) consider the annual timing of these factors. This study 

provides evidence that aspen, in the more arid portions of its range, is contributing to an 

increasing worldwide pattern of tree decline. While tree decline is a global phenomenon, 

our work demonstrates the importance of local-scale factors in contributing to the risk of 

different populations.  
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Figure Legends 

Figure 1. Locations of the184 aspen monitoring plots in the western United States. Plots 

are colored according to their assigned geographical region. 

Figure 2.  Mean (± SE) stem density of aspen (a) saplings, (b) juveniles, and (c) suckers 

in 2019, by region. Means denoted by a different letter indicate significant differences 

between regions. 

Figure 3.  Mean (± SE) annual percent change in live basal area of aspen and conifer 

mature trees during the study period, by region. Means denoted by a different letter 

indicate significant differences between aspen and conifers and/or between regions. 

Figure 4.  Marginal effect plots of the best-performing predictors of aspen mortality rate. 

Panels show the predicted mean and 95% confidence interval of annual percent mortality 

of aspen as a function of (a) mean initial canopy dieback rating of aspen, (b) annual vapor 

pressure deficit deviation, (c) annual temperature range, (d) total dead basal area of all 

species in the initial sampling, (e) potential incident solar radiation, and (f) annual 

precipitation deviation. 

Figure 5.  Marginal effect plots of the best-performing predictors of aspen recruitment 

rate. Panels show the predicted mean and 95% confidence interval of annual percent 

recruitment of aspen into the mature stem size class as a function of (a) live aspen basal 

area in the initial sampling, (b) mean spring snow water equivalent, and (c) mean annual 

PDSI. 
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Figure 6.  Marginal effect plots of the best-performing predictors of aspen growth rate. 

Panels show the predicted mean and 95% confidence interval of growth rate (mean 

percent change in individual basal area) as a function of (a) total live basal area (of all 

species in the initial sampling), (b) mean summer vapor pressure, (c) mean annual high 

temperature, (d) the standard deviation of individual aspens’ basal areas in the initial 

sampling, and (e) topographic position index (calculated with a 100 m radius 

neighborhood). 

Figure 7.  Marginal effect plots of the best-performing predictors of aspen sapling 

density. Panels show the predicted mean and 95% confidence interval of sapling density 

as a function of (a) the number of aspen suckers plus juveniles present in the initial 

sampling, (b) mean summer climatic water deficit, and (c) the number of mature trees (all 

species) present in the initial sampling. Panel (b) illustrates the interaction between mean 

summer climatic water deficit and total live basal area (of all species in the initial 

sampling) by showing the marginal effect of mean climatic water deficit on aspen sapling 

density at three different values of basal area: one standard deviation below the mean (9.5 

m2ha-1), the mean value (33.4 m2ha-1), and one standard deviation above the mean ( 57.3 

m2ha-1). 

Figure 8.  Marginal effect plots of the best-performing predictors of aspen juvenile 

density. Panels show the predicted mean and 95% confidence interval of juvenile density 

as a function of (a) elevation, (b) summer climatic water deficit deviation, and (c) winter 

high temperature deviation. 
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Figure 9.  Marginal effect plots of the best-performing predictors of aspen sucker 

density. Panels show the predicted mean and 95% confidence interval of sucker density 

as a function of whether a stream was present in the plot and at the time of the final 

sampling and (a) Mean winter vapor pressure deficit and (b) seasonality of precipitation 

on sucker density. 

Figure S1. Correlation matrix of aspen response variables. Values represent Kendall's 𝜏b 

correlation coefficients. Periods indicate 0.5 ≤ p < 0.1, single asterisks indicate 0.01 ≤ p < 

0.05, double asterisks indicate 0.001 ≤ p < 0.01, and triple asterisks indicate p < 0.001. 

Larger dots with darker tone represent stronger correlations. Blue dots indicate positive 

correlations, red dots indicate negative correlations. 

Figure S2. Correlation matrix of predictor variables. Includes all predictor variables 

present in our best-performing models, as well as mean high temperature for spring, 

summer, fall, and winter, and mean individual aspen BA. Values shown are pairwise 

Pearson correlation coefficients. Significance statistics for correlations were not 

calculated. Larger dots with darker tone represent stronger correlations. Blue dots 

indicate positive correlations, red dots indicate negative correlations. 
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Table 1. Climate variables included in random forest stepwise selection process for 

modeling aspen mortality, mature stem recruitment, growth rate, and sapling, juvenile, 

and sucker densities. (a) Variables derived from monthly climate data provided by 

TerraClimate. (b) Variables included from WorldClim climate normals. 

a. Climate summaries calculated from monthly TerraClimate data 

Variable name Formula Description 

Mean annual 
value or Mean 
seasonal value 

∑ Xi
t2
i=t1

t2 − t1

 

Annual or seasonal climate values averaged over 
time period of interest 

Mean annual 
difference from 
normal 

∑ Xi − X̅norm
t2

i=t1

t2 − t1

 

Annual climate values centered on the 30-year 
normal mean, then averaged over time period of 
interest 

Annual deviation 
or Seasonal 
deviation 

∑ (Xi − X̅norm) σnorm⁄
t2

i=t1

t2 − t1

 

Annual or seasonal climate values centered and 
scaled by the mean and standard deviation, 
respectively, of the 30-year normal, then averaged 
over time period of interest 

Minimum PDSI min{Xt1, . . . , Xt2} 
Minimum value of annual or seasonal PDSI that 
occurred during time period of interest 

Maximum 
summer high 
temperature 

max{Xt1, . . . , Xt2} 
Maximum value of summer high temperature that 
occurred during time period of interest 

b. Predictor variables included from WorldClim normals 

Variable name Description 

Diurnal 
temperature 
range 

The mean of monthly maximum temperature minus minimum temperature 

Annual 
temperature 
range 

The maximum temperature of the warmest month minus the minimum 
temperature of the coldest month 

Isothermality 
The ratio of Diurnal temperature range to Annual temperature range, scaled from 
zero to 100 

Seasonality of 
temperature  

The standard deviation of monthly temperature multiplied by 100 

Seasonality of 
precipitation  

The coefficient of variation of monthly precipitation 

Note: For the first time period of interest, t1 equals the year of plot establishment and t2 

equals the year of plot resampling. For the second time period of interest, t1 equals five 

years prior to the year of plot establishment and t2 equals the year of plot resampling. For 

annual summaries, X represents the mean annual value for vapor pressure, VPD, daily 

high temperature, and PDSI, and the cumulative annual value for precipitation 

accumulation, CWD, and SWE. For seasonal summaries, X represents the mean of 

monthly values over a single season for vapor pressure, VPD, daily high temperature, and 

PDSI, and the sum of monthly values over a single season for precipitation accumulation, 

CWD, and SWE. The mean of X over the 30-year normal (1960-1990) is represented by 

 X̅norm and the standard deviation by σnorm. 
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Table 2. Topographic variables included in random forest stepwise selection process for 

modeling aspen mortality, mature stem recruitment, growth rate, and sapling, juvenile, 

and sucker densities. 

Variable name Units Description 

Stream presence Unitless A binary predictor indicating if a stream with water in it was present 
within the border of the plot at the time of the final sampling  

Elevation Meters The elevation of the plot center 

Slope % The average slope of the plot 

Folded aspect 
(about 0° line) 

Degrees “Aspect […] ‘folded’ about the north-south line, rescaling 0-360° to 0-
180°, such that NE = NW, E = W, etc.” (McCune and Keon 2002) 

Folded aspect 
(about 45° line) 

Degrees A plot’s aspect ‘folded’ about the northeast-southwest line 

Potential solar 
radiation 

𝑀𝐽

𝑐𝑚2 𝑦𝑟
 

Estimates potential annual direct incident radiation as a function of 
slope, folded aspect (about 0° line), and latitude as per McCune and 
Keon (2002), table 2, equation 3. 

Heat load index Unitless Analogous to potential incident solar radiation, but uses aspect 
folded about 45° line as an input rather than aspect folded about 0° 
line. Calculated as per McCune and Keon (2002), table 2, equation 3. 

Topographic 
wetness index (30 
m resolution) 

Unitless A proxy for cold air drainage and runoff accumulation based on the 
local slope and upslope area within the watershed such that points 
with shallower slope and greater upslope area will have higher index 
values. Calculated from 30 m resolution USGS DEMs using 
‘Topography tools for ArcGIS 10.3 and earlier’ (Dilts 2019) running in 
arcMAP version 10.6.1. 

Topographic 
wetness index (90 
m resolution) 

Unitless Topographic wetness index calculated from 90 m resolution USGS 
DEMs using ‘Topography tools for ArcGIS 10.3 and earlier’ (Dilts 
2019) running in arcMAP version 10.6.1. 

Topographic 
position index 

Meters The elevation of a point relative to the average elevation of the 
surrounding neighborhood. The index was calculated for four circular 
neighborhoods of different sizes: 100 m radius, 500m radius, 2.25 km 
radius, and 20 km radius. The 100 m through 2.25 km radius 
neighborhood index values were calculated from 10 m resolution 
USGS DEMs and the 20 km radius neighborhood index value was 
calculated from 90 m resolution USGS DEMs using ‘Topography tools 
for ArcGIS 10.3 and earlier’ (Dilts 2019) running in arcMAP version 
10.6.1. 

Curvature %

𝑚𝑒𝑡𝑒𝑟
 Describes the degree of concavity (positive values) or convexity 

(negative values) of a hill slope (i.e. change in percent slope per 
meter). Calculated from 10 m resolution USGS DEMs using the 
curvature function in arcMAP version 10.6.1. 

Profile curvature %

𝑚𝑒𝑡𝑒𝑟
 

Curvature calculated in the direction parallel to the slope. Calculated 
from 10 m resolution USGS DEMs using the curvature function in 
arcMAP version 10.6.1. 

Planform curvature %

𝑚𝑒𝑡𝑒𝑟
 

Curvature calculated in the direction perpendicular to the direction 
of maximum slope. Calculated from 10 m resolution USGS DEMs 
using the curvature function in arcMAP version 10.6.1. 
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Table 3. Stand structure and composition variables included in random forest stepwise 

selection process for modeling aspen mortality, recruitment, growth rate, and sapling 

density. Juvenile and sucker density stepwise selection models include all variables 

except ‘Initial suckers plus juveniles’. 

Metric name Units Description 
Summarized for each of the 
following stand components 

 Initial basal area m2/ha 
Basal area of mature trees present 
in plot during initial sampling 

All live mature trees 
All standing dead mature trees 
Live mature aspen 
Dead mature aspen 
Live mature conifers 
Dead mature conifers 
Live mature non-aspen 
     hardwoods† 
Dead mature non-aspen 
     hardwoods† 

Initial tree count Unitless 
Number of mature trees present 
in plot during initial sampling All live mature trees 

Live mature aspen 

Live mature conifers 

Live mature non-aspen 

     hardwoods† 

Live mature non-aspen trees 

Initial mean 
individual basal area 

m2 
The mean basal area of each 
mature tree during initial 
sampling 

Standard deviation 
of individual basal 
area 

m2 
The standard deviation of each 
mature trees’ basal area, during 
initial sampling 

Initial quadratic 
mean diameter 

cm 
Quadratic mean diameter of 
mature trees present in plot 
during initial sampling 

Initial suckers plus 
juveniles 

Unitless 
Number of aspen suckers plus 
juveniles present in subplots 
during initial sampling 

Live aspen stems < 5.1 cm DBH  

Final seedling plus 
juvenile sum 

Unitless 
Number of seedlings plus 
juveniles present in subplots 
during final sampling  

Live conifers < 5.1 cm DBH 
Live non-aspen hardwoods†  
     < 5.1 cm DBH 
Live non-aspen trees  
     < 5.1 cm DBH 

Relative aspen 
abundance by count 

Unitless 

The ratio of the number of live 
mature aspen to the total number 
of live mature trees, during the 
initial sampling 

NA 

Relative aspen 
abundance by basal 
area 

Unitless 

The ratio of mature aspen live 
basal area to total stand mature 
tree live basal area, during the 
initial sampling 

NA 

† Hardwood species include Acer grandidentatum, Alnus spp., Populus trichocarpa, and 

Salix spp. 
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Table 4. Table 4. Best performing generalized linear model for each response variable. 

Models (a) and (b) use a gaussian error distribution and an identity link function. Models 

(c)-(f) use a negative binomial error distribution and a log link function. Mature stem 

recruitment counts (c) are offset by number of years of the study period and number of 

mature aspen stems in the initial sampling. Model fit statistics are R2 values for gaussian 

models and McFadden's pseudo R2 values for negative binomial models. Relative 

importance refers to cumulative AIC weight of all candidate model containing each 

predictor, normalized from zero to one. 
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Table S1. Main effect and interaction terms included in candidate linear models for each 

aspen response. Relative importance refers to cumulative AIC or AICC weight of all 

candidate models containing each predictor, normalized from zero to one. Terms 

included in final model for each response variable are indicated by bold typeface. 

Response 
variable Model term 

Relative 
importance 

Annual 
percent 
mortality 

Mean initial canopy dieback rating 
Potential incident solar radiation 
Deviation in annual VPD 
Annual temperature range 
Deviation in annual precipitation 
Initial total tree count 
Initial total dead basal area 
Initial aspen dead basal area 
Diurnal temperature range 
Deviation in fall high temperature 
Deviation in annual SWE 
Deviation in fall VPD 
Longitude 
Initial aspen tree count 
SWE mean annual difference from normal 
Initial total tree count x Deviation in annual VPD 
Potential incident solar radiation x Deviation in annual VPD 
Initial total tree count x Potential incident solar radiation 
Potential incident solar radiation x Deviation in annual precipitation 
Initial total tree count x Deviation in annual precipitation 

1.00 
0.86 
0.76 
0.71 
0.61 
0.60 
0.59 
0.38 
0.30 
0.21 
0.20 
0.17 
0.14 
0.13 
0.08 
0.24 
0.20 
0.13 
0.12 
0.06 

Annual 
percent 
recruitment 
of mature 
stems 

Initial aspen live basal area 
Mean spring SWE 
Deviation in summer CWD 
Mean annual SWE 
Elevation 
Mean annual PDSI 
Minimum winter PDSI 
Deviation in spring PDSI 
Mean spring high temperature 
Deviation in winter vapor pressure 
Deviation in fall high temperature 
Mean fall high temperature 
Mean annual high temperature 
Mean winter PDSI 
Mean summer high temperature 
Initial aspen live basal area x Mean spring SWE 
Elevation x Mean spring SWE 
Initial aspen live basal area x Mean annual high temperature 

0.86 
0.35 
0.24 
0.22 
0.22 
0.18 
0.17 
0.17 
0.14 
0.12 
0.09 
0.07 
0.06 
0.05 
0.05 
0.09 
0.05 
0.01 

Growth 
rate 

Initial total live basal area 
Standard deviation of individual aspen basal area 
Topographic position index (100 m radius) 
Mean summer vapor pressure 
Deviation in fall precipitation 

1.00 
0.71 
0.68 
0.66 
0.35 
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Mean spring high temperature 
Latitude 
Mean annual high temperature 
Mean summer high temperature 
Maximum summer high temperature 
Mean winter high temperature 
Mean fall high temperature 
Seasonality of temperature 
Minimum annual PDSI 
Deviation in fall high temperature 
Initial stand basal area x Topographic position index (100 m radius) 
Deviation in fall precipitation x Topographic position index (100 m radius) 
Initial stand basal area x Deviation in fall high temperature 
Mean spring high temperature x Topographic position index (100 m 
     radius) 

0.30 
0.25 
0.18 
0.18 
0.16 
0.16 
0.14 
0.12 
0.09 
0.09 
0.23 
0.15 
0.09 
0.07 

Sapling 
density 

Initial aspen suckers plus juveniles 
Mean summer CWD 
Initial total live basal area 
Initial total tree count 
Seasonality of temperature 
Deviation in summer vapor pressure 
Mean annual CWD 
Mean spring VPD 
Mean annual VPD 
Mean fall CWD 
Mean summer VPD 
Mean summer PDSI 
Mean fall PDSI 
Deviation in summer PDSI 
Mean annual PDSI 
Initial total live basal area x Mean summer CWD 
Mean summer CWD x Initial aspen sucker plus juvenile sum 
Initial total tree count x Mean summer CWD 

1.00 
0.99 
0.99 
0.88 
0.32 
0.29 
0.00 
0.00 
0.00 
0.00 
0.00 
0.00 
0.00 
0.00 
0.00 
0.95 
0.33 
0.26 

Juvenile 
density 

Elevation 
Deviation in summer CWD 
Deviation in winter high temperature 
Standard deviation of individual aspen basal area 
Longitude 
Deviation in fall precipitation 
Initial aspen quadratic mean diameter 
Vapor pressure mean annual difference from normal 
Deviation in fall CWD 
High temperature mean annual difference from normal 
Deviation in summer high temperature 
Seasonality of temperature 
Deviation in summer precipitation 
Deviation in fall vapor pressure 
Deviation in annual high temperature 
Elevation x Deviation in summer CWD 
Elevation x Deviation in winter high temperature 
Standard deviation of individual aspen basal area x Deviation in summer 

0.76 
0.67 
0.57 
0.44 
0.29 
0.29 
0.20 
0.12 
0.11 
0.10 
0.09 
0.09 
0.06 
0.04 
0.03 
0.26 
0.13 
0.10 
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     CWD 
Standard deviation of individual aspen basal area x Deviation in winter 
     high temperature 

 
0.07 

Sucker 
density 

Steam presence 
Mean winter VPD 
Seasonality of precipitation 
Deviation in fall vapor pressure 
Deviation in winter high temperature 
High temperature mean annual difference from normal 
CWD mean annual difference from normal 
Deviation in fall CWD 
Deviation in annual CWD 
Deviation in annual VPD 
Mean summer CWD 
Mean fall VPD 
Mean fall CWD 
Deviation in fall precipitation 
Mean annual CWD 
Stream presence x High temperature mean annual difference from normal 
Stream presence x Deviation in annual CWD 
Stream presence x Deviation in fall precipitation 

0.97 
0.96 
0.42 
0.33 
0.28 
0.28 
0.23 
0.19 
0.14 
0.09 
0.09 
0.02 
0.01 
0.00 
0.00 
0.07 
0.04 
0.00 

 


