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Alaska’s boreal forests are experiencing rapid changes in climate that may favor deciduous-dominated systems, with important implications for global biogeochemical and energy cycles. However, aspen (Populus tremuloides Michx.) has experienced substantial defoliation from the aspen leaf miner (Phyllocnistis populiella Cham., hereafter ALM) in Alaska, resulting in significant growth reductions. We conducted a tree-ring and Δ13C study to test the hypothesis that moisture limitation may have predisposed aspen to leaf miner damage. Contrary to our hypothesis, differences in climate-growth correlations between relatively severely and lightly affected trees were negligible during the pre-outbreak decades. Stands with greater summer precipitation had more limited ALM impact, however differences among models were small and multiple climate variables were suitable predictors of ALM impact. The strong negative relationship we detected between tree-ring Δ13C and basal area increment (BAI) suggested that interannual variation in Δ13C was driven primarily by variation in photosynthesis, limiting the utility of Δ13C as a tool to detect stomatal responses to moisture-limitation. Instead, we found that larger, faster-growing individuals on gentler slopes showed a stronger absolute reduction in BAI (pre-ALM BAI−post-ALM BAI), but were similar in relative BAI reduction (pre-ALM BAI/post-ALM BAI), with smaller, slower growing trees. Older trees and stands with greater relative abundance of white spruce [Picea glauca (Moench) Voss] had greater relative ALM impact whereas slower growing trees on steeper slopes were less affected. The significant effect of white spruce abundance on ALM impact was likely due to favorable leaf miner overwintering habitat provided beneath white spruce trees, which can lead to increased leaf miner survival and thus greater reductions in aspen growth. Our results illustrate the subtle but complex biotic interaction between microclimate and pest physiology in determining ALM-induced aspen growth reductions, adding important nuance to a hypothesized increase in deciduous tree cover in Alaska’s boreal forest.
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Introduction

The boreal forest is experiencing rapid changes in climate with important implications for global biogeochemical and energy cycles (Bonan, 2008; Mack et al., 2021). Air temperatures at northern high latitudes have warmed faster than the global average (Ballinger et al., 2020), with complex impacts on forest productivity. In particular, warming-induced drought conditions have contributed to widespread declines in tree growth and increasing mortality in many boreal regions (Michaelian et al., 2011; Peng et al., 2011; Ma et al., 2012; Chen et al., 2017), while other areas appear to show increasing productivity (Berner and Goetz, 2022). Changing climate has also triggered episodic or sustained insect outbreaks that have caused substantial mortality and declines in growth throughout boreal North America (Berg et al., 2006; Csank et al., 2016; Chen et al., 2018; Foster et al., 2022). The singular and interactive effects of drought and insect outbreaks have led to significant changes in carbon (C) cycling and reduced ecosystem services such as timber supply and carbon storage (Volney and Fleming, 2000; Price et al., 2013). As warming is expected to continue throughout the 21st century (IPCC, 2023), disentangling the effects of insects and climate on tree growth remains an important challenge.

In general, the growth-differentiation balance hypothesis posits that plants face the trade-off of growing to compete or defending against pathogens and herbivores. In an abundance of water and nutrients, plants are expected to prioritize growth and reproduction over cell differentiation and the storage of secondary metabolites, including defensive compounds (Herms and Mattson, 1992). However, when conditions become limiting, for instance during moderate drought conditions, growth is often constrained as C resources are allocated to non-structural carbohydrate pools, including defensive compounds (Lorio, 1986), resulting in reduced plant productivity. Prolonged or severe drought that results in hydraulic failure or sustained stomatal closure to limit water loss (McDowell et al., 2008; McDowell, 2011) reduces photosynthesis and carbohydrate production, eventually leading to the depletion of C-based resources (Anderegg et al., 2015; Gely et al., 2020). While drought can directly affect within-plant carbon and water budgets, the role insects play in impacting plant productivity involves a complex array of biological processes including feeding strategies, seasonality, drought severity and duration, and insect physiology (Koricheva et al., 1998; Jactel et al., 2012; Anderegg et al., 2015; Gely et al., 2020).

The interactive effects of drought-induced reductions in productivity and insect defoliation are possible precursors to tree mortality (Anderegg et al., 2015). However, the outcomes of interactions between drought effects on trees and defoliators appears to vary among and within insect guilds and tree responses to drought severity (Mattson and Haack, 1987; Huberty and Denno, 2004; Jactel et al., 2012). For example, moderate drought has been shown to increase leaf nitrogen concentration, thus encouraging N-limited defoliators such as leaf miners (Mattson and Haack, 1987; Huberty and Denno, 2004). On the other hand, the increased production of secondary metabolites used in defense may counteract the benefits of high nutrient concentrations on insect performance (Jamieson et al., 2017). Drought stress can also result in tougher foliage (Wright and Westoby, 2002) reducing the availability of nitrogen and resulting in lower herbivory among leaf chewing insects (Jactel et al., 2012). Although insect outbreaks are often associated with periods of moisture limitation (Kolb et al., 2016), evidence of drought predisposing trees to defoliation – and subsequent reductions in growth – has been mixed, especially among leaf miners (Jactel et al., 2012).

In Alaska, trembling aspen (Populus tremuloides Michx.; hereafter aspen) has experienced widespread damage from the defoliating insect aspen leaf miner (Phyllocnistis populiella Cham.) since the late 1990s, affecting over 300 thousand hectares at its peak in 20071 and causing a significant reduction in aspen growth (Cahoon et al., 2018). While the large aspen tortrix (Choristoneura conflictana Wlkr) affected aspen in interior Alaska between 1966 and 1969 (Torgersen and Beckwith, 1974), there are no prior reported widespread outbreaks of ALM. ALM larvae impact aspen growth by killing stomata guard cells, reducing gas exchange and limiting C uptake (Wagner et al., 2008, 2020). Recent dendrochronological and forest inventory analyses in interior Alaska have found aspen growth and productivity are sensitive to summer moisture availability and atmospheric vapor pressure deficit (Cahoon et al., 2018; Trugman et al., 2018; Boyd et al., 2021). In western Canada, aspen has shown sensitivity to moisture limitation and insect defoliation, resulting in widespread dieback and a substantial loss of ecosystem C (Hogg et al., 2002, 2008; Michaelian et al., 2011; Chen et al., 2018). In addition, Ruess et al. (2021) linked recent aspen mortality in interior Alaska with the co-occurring effects of moisture limitation, an aggressive fungal stem canker disease, and the ongoing ALM outbreak. Meanwhile, seasonal and annual temperature has increased since the middle of the 20th Century for most of interior Alaska (Ballinger et al., 2023). Annual precipitation has also increased in the same region. However, seasonal variability has resulted in significant increases in summer precipitation and a slight decline in spring precipitation (Ballinger et al., 2023). While the changing climate is expected to have direct impacts on tree growth, it remains unclear whether climate conditions in the late 1990s may have predisposed aspen to greater ALM defoliation through the depletion of defensive compounds and/or favorable conditions for ALM growth and reproduction.

Boyd et al. (2021) showed greater sensitivity to moisture limiting conditions among aspen that died during the ALM outbreak. However, growth of trees that died after the height of the ALM outbreak diverged from living trees in the late 1940s, well before the ALM outbreak in 2000. Moreover, dying trees were smaller and lower in the canopy, suggesting competitive interactions may have been an additional precursor to greater mortality among ALM impacted trees. Despite the dramatic and widespread impact ALM has had on aspen growth in interior Alaska, tree physiological status prior to−and potentially affecting impacts of−the ALM outbreak remains unknown. Stable C isotope discrimination in radial growth rings may provide insight in this regard. Attempts to characterize tree physiology using carbon isotope analysis have focused on the interaction between climate and ALM during an outbreak (Boyd et al., 2019; Wagner et al., 2020). However, evidence from leaf-level studies indicates that adaxial and abaxial feeding habits have differential effects on leaf δ13C (Wagner et al., 2020), thus complicating the interpretation of tree-ring δ13C results during an outbreak without detailed knowledge of leaf miner feeding location and intensity. In contrast, improving our understanding of aspen physiological status prior to an outbreak may lead to more accurate predictions of defoliator impacts on aspen growth if certain conditions predispose aspen to more severe insect herbivory. Tree-ring records provide an opportunity to test these ideas with respect to the most recent ALM outbreak.

Our primary goal in this study was to test the hypothesis that the unprecedented ALM outbreak in the 2000s occurred because moisture limitation predisposed aspen to severe damage. If moisture limitation predisposed aspen to ALM herbivory, we predicted that older trees may have experienced more severe ALM impacts as aspen are susceptible to decay after age 60 (Peterson et al., 1992) due to degraded pit membranes (Sperry et al., 1991), making them more sensitive to hydraulic failure during periods of low water availability. Furthermore, we predicted more severe ALM impacts in locations with steep, well-drained soils, which should exacerbate soil moisture limitation and increase aspen sensitivity to drought conditions. More generally, because we predicted that plant water status would play a key role in determining ALM impact, we aimed to characterize aspen moisture relations prior to the outbreak using annual tree-ring α-cellulose carbon isotope composition (δ13C). Tree-ring δ13C represents a time-integrated measure of tree physiological responses to environmental change (Cernusak and Ubierna, 2022), and is a powerful tool used in dendrochronological studies to assess long-term trends in annual water use efficiency. If moisture limitation played an important physiological role in predisposing aspen to ALM, we expected C isotope discrimination (Δ13C) and growth to decline in the years prior to the ALM outbreak and that trees more severely impacted by ALM would show greater reductions in Δ13C. An alternative hypothesis to moisture limitation predisposing aspen to ALM herbivory is that stand basal area composition played a role in ALM impacts on aspen growth due to preferred ALM overwintering habitat in white spruce [Picea glauca (Moench) Voss] litter. ALM moths have been shown to have better survival rates when utilizing drier white spruce litter for overwintering (Wagner et al., 2012). Thus, we predicted that sites with a greater proportion of white spruce would show greater ALM damage by providing preferential ALM hibernacula.



Materials and methods


Study area

This study took place throughout the Tanana Valley in interior Alaska, broadly encompassed by the southeast interior climate division (Ballinger et al., 2023). Study sites were roughly centered around Fairbanks which experiences a continental climate with warm summers (1981–2010 summer mean temperature: 15.4°C), cold winters (1981–2010 winter mean temperature: −20.3°C) and relatively light precipitation (1981–2010 total precipitation normal: 27.5 cm; NOAA NCEI 2020). The forested area is comprised mainly of black spruce (52%; Picea mariana Mill.), Alaska paper birch (18.7%; Betula neoalaskana Sarg.), white spruce (16.3%); and aspen (8.2%) (Cahoon and Baer, 2022).



Site selection and plot design

Between June and September 2019, we visited 22 sites throughout the Tanana Valley (Figure 1) where we collected aspen tree cores and conducted simple forest inventories. As a guide, we targeted our sampling sites using aerial surveys of ALM damage conducted between 2016 and 2018 by the USFS Forest Health Protection (FHP) program (see text footnote 1). In addition to mapping ALM damage extent, USFS personnel assign damage severity classes to each polygon, based on the percent of live and standing dead trees that are damaged or recently dead. We elected to use the 2016-2018 polygons, as opposed to older versions, because they served as a more recent guide to ALM damage and aligned closely with our 2019 sampling season. Because we were limited to road-accessible plots, our sample size was unequal among FHP damage classes (Supplementary Table 1). However, the distribution of damage classes we sampled was similar to the overall distribution among all FHP polygons (Supplementary Figure 1). At each site, we navigated to a random point within each polygon that was dominated by aspen and conducted an inventory of all trees ≥ 5 cm in diameter at breast height (DBH; approximately 1.37 m from the ground) within a circular plot. The radius of each plot varied among plot locations to efficiently inventory and core a representative number of trees. Plot radius was determined by ensuring the size of the plot would include at least 30 aspen trees. To increase our sample size, we included tree cores collected during previous studies in the region. Three plots (BD35, F028, MDMX) were sampled in 2016, two plots were sampled in 2015 (CPCRW and BCEF), and one plot (LVN137) was sampled in 2013. At the five sites that were visited prior to 2019, trees were sampled unsystematically, plot radius was not determined and information on non-focal species was not available. Slope, elevation, and aspect were measured at plot center using a clinometer and handheld GPS. We extracted missing terrain data from a digital elevation model (Arctic DEM, v3; Porter et al., 2023)
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FIGURE 1
Map of plot locations and aspen leaf miner (ALM) damage throughout the Tanana Valley, Alaska. ALM damage polygons were provided by the Forest Health Protection (FHP) aerial detection surveys (https://www.fs.usda.gov/detailfull/r10/forest-grasslandhealth/?cid=FSEPRD639288&width=full). Between 1997 and 2015, FHP used a simplified classification of defoliation, where areas with less than or equal 50% crown defoliation were consired low impact, whereas locations greater than 50% defoliation were considered high impact (“Legacy” in legend). Since 2016 (“Modern” in legend), FHP classifies damage with more detailed categories ranging from very light (1–3% defoliation) to very severe (> 50% defoliation). This study relied on the modern classification. Very light and light polygons were collapsed into a single “light” category. Tree cores were collected at all locations following a plot inventory. Plots marked with a black triangle represent locations where additional C isotope data were collected from annual tree rings.




Tree core collection and processing

For plots sampled in 2019, trees were selected for coring by randomly choosing 12–15 trees from across five size classes, after completing the inventory. This stratified random sampling design reduces tree selection bias and ensures trees from all age/size classes are included in the tree core sample (Nehrbass-Ahles et al., 2014). When possible, we collected a single through core from each tree at breast height that contained two radii. However, heart rot was common and limited sampling to a single radius in many cases. The aspen running canker (Neodothiora populina Crouse, G.C. Adams, & Winton; Crous et al., 2020) is a major source of mortality in the region, often leading to mortality after a single growing season (Ruess et al., 2021). Trees were inspected for signs of canker along the bole, but the disease was not detected in our study sites. In the lab, cores were mounted on wooden blocks and sanded using progressively finer-grit sandpaper up to 1200 grit. Individual ring widths were measured on digital scans of one radius per core using either web-based micrometry2 or WinDENDRO (Version 2017a, Regent Instruments Canada Inc. Quebec City, Quebec, Canada). Challenging samples were measured using a sliding bench micrometer with a digital encoder (Velmex Inc. Bloomfield, New York, USA) and the shadow technique to identify ring boundaries (DeRose and Gardner, 2010). Age was estimated when possible using the pith offset tool in CooRecorder (Version 9.6, Cybis Elektronik & Data AB, Saltsjöbaden, Sweden) for cores that did not include pith. Each growth ring was aligned with a calendar year and cross-dated with the overall chronology of all cores using COFECHA. Cores that were not significantly (P ≥ 0.05) correlated with the overall chronology were reexamined under a microscope to identify the numerous micro rings during the outbreak years. Potential dating errors identified by COFECHA were adjusted only when visual evidence of a missing ring was obvious (e.g. abnormally large rings when narrow rings were expected). Overall, the mean interseries correlation was 0.52 (SD ± 0.14) from 270 trees spanning the years 1825–2018.



Tree ring analysis

To examine long-term aspen growth trends, we converted ring width data to basal area increment (BAI, mm2 year–1) using the “outside-in” method in the dplR package (Bunn, 2008, 2010) in R (R Core Team, 2022). The substantial heart rot we encountered in many cores made pith offset estimates unreliable. Instead, we estimated inner-bark diameter with field DBH measurements and by measuring bark thickness in the laboratory for a subset of 107 cores and included an estimate of confidence in identifying bark completeness (high, medium, low) based on whether inner and other bark layers could be identified for each observation. Bark thickness among our samples (minimum = 1.6 mm; maximum = 13.4 mm, mean = 5.1 mm) was similar to other allometric studies (Johansson, 1996; Konôpka et al., 2022). We then applied a multiple regression model to predict high confidence bark thickness of the remaining cores using DBH and confidence as the independent variables (R2 = 0.55, P < 0.001). Finally, bark thickness was subtracted from DBH to obtain inner-bark diameter.

Annual BAI was averaged among trees across polygons within each of the 4 FHP damage classes. Because we expected ALM effects on individual trees to vary within FHP severity classes, we created an individual tree ALM impact index by comparing BAI before and after the 2000 ALM outbreak. To do so, we calculated post-ALM growth for each tree as the sum of BAI for the time period common to all trees following the ALM outbreak (12 years; 2001–2012). We then calculated pre-ALM growth as the sum of BAI for the 12 years prior to the ALM outbreak (1989–2000) for each tree. The ALM impact index was then calculated as the ratio between pre-ALM BAI and post-ALM BAI and represents the relative reduction in BAI caused by ALM. Finally, we categorized our dataset into high and low ALM impact classes based on whether each tree fell below or above the median ALM impact index. We then compared growth chronologies between trees in high and low ALM impact categories by calculating the arithmetic mean annual BAI for each category.



Climate data

We obtained a time series of downscaled monthly average air temperature (°C; Tave), total monthly precipitation (PPT, mm), and climate moisture index (CMI) for each plot location using ClimateNA (Wang et al., 2016). ClimateNA downscales the parameter-elevation regressions on independent slopes model (PRISM; Daly et al., 2008) using climate normal data (1971–2000) at 800m resolution to derive monthly, seasonal, and annual variables at specific locations. CMI is the difference between monthly precipitation and PET (Hogg, 1997) and has been linked with drought-driven declines in aspen growth in Canada (Hogg et al., 2008; Michaelian et al., 2011) and Alaska (Boyd et al., 2019). Positive CMI values represent greater moisture availability, whereas negative values represent a deficit. We also obtained standardized precipitation-evapotranspiration index data (SPEI, unitless; Vicente-Serrano et al., 2010) from the SPEIbase dataset3 for each location in monthly increments to compare temporal trends of CMI and SPEI and examine variation among indices that may affect aspen growth (Supplementary Figure 2). SPEI is a multi-scalar drought index with a 0.5° spatial resolution that relies on monthly precipitation minus potential evapotranspiration (PET; using the Penman-Monteith method), relative to the long-term mean. Positive SPEI values represent a relative abundance in moisture availability, whereas negative values represent moisture deficit.



Carbon isotope analyses

To examine tree water relations prior to the 2000 ALM outbreak, we analyzed carbon isotope composition (δ13C) in tree-ring α-cellulose from 44 trees across 16 plots in our study region for the period 1970–2000. We omitted years during the outbreak, as ALM feeding habits can have confounding effects on δ13C (Wagner et al., 2020) and because one of our primary objectives was to investigate tree-water relations as a possible predisposing factor of ALM impact. From each plot, 2–4 cores with the highest correlation with the master chronology (i.e., cores with the highest cross-dating confidence) were selected for isotope sampling. Tissue from annual growth rings was extracted using a razor blade and milled to fine powder. Tree ring α-cellulose was isolated using a water modified Brendel method (Brendel et al., 2000; Gaudinski et al., 2005), dried overnight at 40° C and analyzed for δ13C using an elemental analyzer (Costech 4010, Costech Analytical, Valencia, CA) coupled with a continuous-flow isotope mass spectrometer (Thermo-Finnigan Delta Plus XP, Thermo Electron Corp., Waltham, MA) at the Environment and Natural Resources Institute’s Stable Isotope Laboratory, University of Alaska Anchorage.

We calculated carbon isotope discrimination (Δ13C) as:
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where δ13Catm and δ13Cp are C isotope ratios of atmospheric CO2 and plant material, respectively, and d represents the post-photosynthetic fractionation between leaf material and wood. We used atmospheric δ13Catm data compiled by Belmecheri and Lavergne (2020) to correct plant δ13C for the gradual depletion in atmospheric δ13Catm (i.e., the Suess effect) and a post-photosynthetic fractionation constant (d) of 2.1‰ (Frank et al., 2015).



Ring-width and climate detrending

We examined the temporal relationship between climate and aspen growth using Spearman correlations after removing temporal autocorrelation in ring width and climate data. First, we fit an autoregressive integrated moving average (ARIMA) function, selected using Akaike’s Information Criteria (AICc) to identify the best-fit model for each ring width series with the auto.arima function in the forecast package in R (Hyndman and Khandakar, 2008). Ring width index (RWI) was then calculated as the residual difference between observed and modeled ring-width values. To determine whether autocorrelation had been sufficiently removed from the ring-width data, we computed Pearson’s correlation coefficients in each series for a maximum lag of three years using the acf function in R (Supplementary Figure 3). Finally, we calculated mean RWI chronologies for high and low ALM impact index categories using Tukey’s biweight mean to avoid the influence of outliers. We also controlled for any autocorrelation in the climate data by applying the same ARIMA fitting and residual extraction process to each climate variable prior to climate-growth correlation analyses.



ALM influence among growth classes

To gain insight into tree-level conditions prior to the ALM outbreak, we grouped trees into three growth classes (fast, intermediate, and slow) based on mean diameter increment in the 12 years prior to the ALM outbreak (1989–2000). We calculated diameter increment by first subtracting twice the annual ring width increment (mm) from the inner-bark diameter at the time of coring for each growth year. The mean diameter increment was then calculated as the difference in inner bark diameter between 2000 and 1989, divided by 12. We then compared the distribution of tree size (DBH) and age (assessed at the time of coring) among growth classes to better understand demographic differences. Because we expected slope may affect water availability and hence, ALM impact, we also examined the distribution of plot slope among growth classes. Finally, we compared the relative (i.e. ALM impact index) and absolute (i.e. the difference between pre-ALM BAI and post-ALM BAI) impact of ALM among growth classes. The purpose of this analysis was to examine whether tree size and age affected growth rates, and whether ALM exerted differential effects among tree growth classes. We elected to use mean diameter increment for this analysis to avoid the influence of tree size on BAI.



Statistical analyses

We tested for differences in plot characteristics (e.g. basal area, elevation, aspect, slope, MAT, MAP) and tree attributes (i.e. DBH and age) among FHP damage classes using an analysis of variance model in R. The same procedure was used to test for differences in DBH, age, slope, ALM impact index (i.e. relative ALM impact), and BAIpreALM - BAIpostALM (i.e. absolute ALM impact) among growth classes. Pairwise comparisons were made among FHP damage classes and growth classes using Tukey’s Honest Significant Difference (HSD), and considered significant if P < 0.05. Spearman correlation coefficients were calculated between mean RWI chronologies and climate variables (e.g. Tave, PPT, SPEI, and CMI) for each month, and every combination of consecutive months for the growth year and the year prior to growth in the modendro package in R (github.com/ctmaher/modendro). To determine which drought index was best correlated with aspen growth, we compared Spearman correlation coefficients between monthly SPEI and CMI, and the overall mean RWI chronology (Supplementary Figure 4). To explore the influence of plot slope on climate sensitivity, we first created RWI chronologies at each location as the mean of all trees cored on every plot, after removing temporal autocorrelation using the same ARIMA method mentioned above. We then calculated Spearman correlation coefficients between monthly growing season (May-August) downscaled climate at the same location and plot-level mean RWI. Again, temporal autocorrelation in the climate data was removed using the same ARIMA model fitting process. We then categorized each plot as steep or gentle based on whether the slope was greater or less than the overall median value (7.8°; n = 11 plots per category) and tested for differences in correlation coefficients between slope categories using an analysis of variance (ANOVA) model. Correlations were considered significant if P < 0.05. To avoid the biological influence of ALM in our climate-growth correlation analyses, we excluded years after 2000 when the ALM outbreak expanded rapidly.



Linear mixed-effects modeling

To determine the most important predictors of ALM impact index (BAIpreALM / BAIpostALM), we constructed a series of linear mixed effects models (LMEM) and a model selection approach that began with a full model that included tree age, slope, white spruce proportional basal area (PIGL_propBA) and mean climate averaged over the 12 years prior to the ALM outbreak in 2000. Tree age provided a better fit with the data than tree diameter, as assessed by a lower AICc value (Age model AICc = 197.4; diameter model AICc = 203.5, Table 1). To narrow the range of possible climate variables to include in our LMEM analysis, we used the results from our climate-growth correlation analysis (see above) to select the strongest significant climate-growth (RWI) correlations in the decades prior to the ALM outbreak. These included March-May mean air temperature (Tave_sp), total June-August precipitation in the year prior to ring formation (prev_PPT_sm), and mean June-August SPEI in the year prior to ring formation (prev_SPEI_sm). Although our climate-growth correlation analysis revealed significant correlations with SPEI throughout the current growth year, we limited our selection to the summer months because these were most likely to influence radial growth and were some of the highest correlation values among all months examined. CMI showed fewer and weaker temporal correlations with aspen RWI compared with SPEI (Supplementary Figure 4), therefore, we opted to drop CMI as a predictor variable in our LMEM analysis. PIGL_propBA was calculated on each plot where a complete inventory of trees was available by summing the basal area of all white spruce trees, then dividing by total plot basal area of all species. PIGL_propBA was not correlated with plot basal area (Spearman’s ρ = −0.06, P = 0.81), nor plot size (Spearman’s ρ = −0.16, P = 0.52). We then created seven versions of the full model that only varied in the combination of the three climate variables chosen above (i.e., Tave_sp, prev_PPT_sm, and prev_SPEI_sm; Table 1). Variance inflation factors (VIF) never exceeded 2.5.


TABLE 1 Description and comparison of eight linear mixed effects models designed to assess support for different climate variables affecting spatial variation in ALM impact index.
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Among the seven full models, the version with the lowest AICc value was considered to have the most support in the data (Table 1). Using this full model, we then tested our predictions by iteratively removing individual variables from subsequent models and compared each reduced model to the full version using a likelihood ratio test. We rejected predictions when the reduced model was not significantly different from the full version. Each reduced model was designed to test our predictions that (P1) older trees experienced greater ALM impact; (P2) locations with greater precipitation would result in more moderate ALM impact; (P3) slope would exacerbate moisture limitation, strengthening the severity of ALM; (P4) the proportion of white spruce basal area would promote ALM overwinter survival, resulting in a positive effect on ALM impact; and (P5) trees with more severe ALM impact would show lesser Δ13C as an indication of moisture limitation. The latter prediction was tested using the smaller subset of tree cores (n = 44) that were analyzed for C isotope analysis, but included annual Δ13C averaged over the 12 years prior to the ALM outbreak to align with the ALM impact index and climate variable summaries.

All models were fit using the maximum likelihood method in the nlme package (Pinheiro et al., 2021) in R and included a random effect of plot. To meet the assumptions of normality and homoscedasticity we log-transformed ALM impact index and visually examined histograms of residuals and plotting residuals against fitted values (Supplementary Figure 5). Both diagnostic steps confirmed that our model met underlying LMEM assumptions (Zuur et al., 2010).

Finally, to explore the possibility that interannual variation in Δ13C may have been influenced more by variation in photosynthesis than in stomatal conductance, we used a LMEM with year, BAI (mm2; log-transformed), ALM impact index (high or low), and their interaction as fixed effects. As Δ13C is a proxy for water-use-efficiency (photosynthesis/stomatal conductance), we expected a negative relationship between BAI and Δ13C if photosynthesis was the primary driver of interannual Δ13C, because greater growth would correspond with greater photosynthesis and reduced Δ13C. Alternatively, a positive relationship between BAI and Δ13C may indicate stomatal conductance as the primary driver of interannual Δ13C, because more open stomata would be associated with greater growth and greater Δ13C. We included the interaction between BAI and ALM impact index to examine whether differences Δ13C varied among trees with different relative ALM impact. Random effects included tree nested within plot. To account for temporal autocorrelation in Δ13C values, we included a first order autocorrelation structure for each tree nested within plot with year as the time covariate.




Results


Climate and plot conditions

Plots sampled as part of this study were broadly similar in stand structure and landscape position, as we only detected significant differences among FHP classes in plot elevation (Figure 2; average elevation: Light = 247 m; Moderate = 353 m; Severe = 286 m; Very severe = 246 m). Live tree basal area (m2), ranged from a mean of 1.07 m2 in moderately affected stands to 1.38 m2 in lightly affected stands (Figure 2; Supplementary Table 1). Slope ranged from a mean of 4.3 degrees on lightly affected plots, to a mean of 12.8 degrees on very severely affected locations, a difference that approached statistical significance (P = 0.08). Mean annual temperature (MAT, °C) and mean annual precipitation (MAP, mm) spanned a broader range among moderate plots, however no significant differences arose among FHP damage categories. Overall, the oldest trees tended to be in the severe and very severely affected categories (severe mean age: 129, very severe mean age: 108), whereas the largest trees were mostly found in the moderately affected stands (mean = 27.4 cm DBH). However, differences in DBH and age were not significant among FHP damage classes.
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FIGURE 2
Distribution of plot and tree variables among Forest Health Protection (FHP) damage classes. Basal area (A; m2) is the sum of live trees on each plot. Elevation (B), northness (C) and slope (D) were measured at plot center, or using a digital elevation map. Northness is a linearized version of aspect where –1 = due south, and 1 = due north. Mean annual temperature (E; MAT) and mean annual precipitation (F; MAP) are the mean values over the 30-year period from 1990 to 2010 among all plots in each category. Diameter at breast height (G; DBH, cm) represents cored trees, and estimated age (H) is the approximate age of cored trees after accounting for samples with missing pith. Tukey’s HSD pairwise comparisons were made among FHP damage classes for each variable. Boxplots that share a lowercase letter were not significantly different (P < 0.05) in elevation. Letters were omitted from other panels because significant differences did not arise among FHP damage classes.


Between 1900 and 2020, there was a slight increase in annual temperature, June-August temperature, and March-May temperature, when averaged over all plot locations (Figures 3A, B). There was a notable rise in the rate of temperature increase beginning approximately 1960, especially during the spring months (March-May) and annually. Meanwhile, total annual precipitation showed little trend since 1900, except for an increase since the early 21st century (Figure 3C). Similarly, SPEI showed considerable decadal variation, but no trend over time (Figure 3D). SPEI was mostly positive since 2000 (e.g. relative abundance of moisture), with two notable negative departures (i.e., water deficits) in 2004 and 2013.
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FIGURE 3
Time series of air temperature, total precipitation, and SPEI averaged over all sampling locations for each year (1901–2019). Downscaled air temperature and precipitation data were obtained from ClimateNA (Wang et al., 2016). Air temperature was averaged over the growing season months June-August (Jun-Aug); (A), spring months March-May (Mar-May; B), and over all months in a calendar year (Annual); (B). Precipitation (C) was summed over all months in a calendar year at each location. Standardized precipitation-evapotranspiration index (SPEI); (D) was obtained using the SPEIbase dataset (Vicente-Serrano et al., 2010). Positive SPEI values represent a relative abundance in moisture availability, whereas negative values represent moisture deficit. Yearly values were smoothed using a loess function, represented as thicker solid lines in each panel. Blue shading indicates years when tree-ring isotope data were analyzed, and yellow shading represents ALM outbreak years.




Tree growth

The ALM outbreak that began in the early 2000s resulted in a dramatic decline in aspen BAI among all four FHP damage categories (Figure 4A). However, the steepest decline in BAI was in the Light and Severe categories (83% and 78%, respectively), when comparing the highest average BAI prior to the ALM outbreak with the lowest BAI following the outbreak. Notably, trees in the Light and Severe categories appeared to show positive growth since approximately 2010, whereas trees in the Moderate and Very severe categories appear to have not recovered to pre-outbreak growth.


[image: image]

FIGURE 4
Growth trends (BAI mm2 year–1) among FHP 2016–2018 aerial survey damage classes (A) and ALM impact index categories (B) between 1900 and 2018. ALM impact index was calculated as the ratio of summed BAI before (1989-2000) and during the ALM outbreak (2001–2012). High and low categories were created based on whether the tree fell above or below the overall median ALM impact index, respectively. Sample sizes (n trees) for FHP categories were: Light = 28, Moderate = 102, Severe = 85, Very severe = 55. A total of 130 and 134 trees were classified as High and Low impact index, respectively. Light shaded lines are the annual mean for each category and darker lines are smoothed means of annual BAI. Shading around the dark lines in panel B is ± 1 standard error around the smoothed mean. The orange shaded section represents the large aspen tortrix outbreak and the yellow shaded section represents the aspen leaf miner outbreak.


We analyzed the effect of ALM on individual trees by comparing the ratio of BAI pre- to post-ALM as an index of ALM impact. After categorizing trees (high and low) based on the median ALM impact index, we detected no difference in size (P = 0.31; High DBHmean: 24.3 cm. Low mean DBHmean: 22.1 cm; Supplementary Figure 6). Highly affected trees were marginally non-significantly (P = 0.06) older than lightly affected trees (High mean age: 120.8, Low mean age: 101.6) Both groups of trees experienced moderate increases in growth since 1900 (Figure 4B), which could have been influenced by ontogenetic effects. The large aspen tortrix (Choristoneura conflictana Wlkr) outbreak that occurred between 1966 and 1969 (Torgersen and Beckwith, 1974) caused a brief sharp decline in BAI in both categories of trees. In contrast, the ALM outbreak in 2000 caused a sustained reduction in BAI in both categories of trees, with those in the high category experiencing an 82% decline in BAI, whereas those classified as low saw a 61% decline in BAI in the years following the ALM outbreak in 2000. However, unlike the tortrix outbreak, aspen growth generally has not yet recovered to pre-outbreak levels.

Among the three growth classes, the fastest growing trees were significantly younger than slow growing trees, and significantly larger than slow growing trees (Figures 5A, C). Slow growing trees predominantly occurred at steeper locations, where the mean slope was 9.8 degrees, compared to 7.2 degrees and 6.0 degrees among intermediate and fast-growing trees, respectively (Figure 5B). Relative ALM impact index (i.e. the ratio of pre-ALM vs. post-ALM BAI) did not differ among growth classes (Figure 5D), however the absolute reduction in BAI was significantly greater among fast growing individuals (Figure 5E).
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FIGURE 5
Distribution of tree age (A), plot slope (B), DBH (C), ALM impact index (D) and absolute ALM impact (E) calculated as the difference between mean BAI in the 12 years prior to the ALM outbreak (1989–2000) and mean BAI during the outbreak (2001–2012) among fast, intermediate, and slow growing trees. Trees were separated into growth classes based on mean pre-ALM diameter growth (1989–2000). Comparisons among growth classes were made using an ANOVA model with different lowercase letters indicating significant (P < 0.05) differences among growth classes using Tukey’s Honest Significant Difference.




Temporal climate-growth correlations

After combining successive months of climate data over time, we found evidence of moisture limitation overall in growth-climate relationships, although there were only small differences in climate sensitivity between high and low ALM impact indices (Figure 6). Negative correlations with current year monthly average temperature (Tave) were strongest among less impacted trees, however the overall magnitude was moderate (Spearman ρ = −0.42, P < 0.001; Figures 6A–D). Correlations between RWI and precipitation (PPT; Figures 6E–H) through the summer months of the previous year were weaker, and differences between ALM impact indices were small (High: 0.31, P = 0.002; Low: 0.26, P = 0.007). The strongest correlations between RWI and SPEI (Figures 6I–L) were during the summer months (June-August) in the year prior to ring formation among the highly impacted trees (ρ = 0.33, P < 0.001), whereas the strongest correlations in less impacted trees occurred in the current year spring months (March - May; ρ = 0.31, P < 0.001). Similar patterns in climate-growth correlations emerged when we used the absolute reduction in BAI (e.g. BAIpreALM - BAIpostALM) instead of the relative reduction in BAI (e.g. BAIpreALM / BAIpostALM) as the ALM impact index. In our plot-level analysis, we found that trees growing on steeper slopes showed significantly stronger negative correlations with current year temperature in May and August than trees on gentler slopes (Figure 7B). Trees growing on steeper slopes showed significantly stronger positive correlations with SPEI in August of the previous year (Figure 7E). The maximum strength of correlations among steep plots between plot-mean RWI and temperature, precipitation, and SPEI was −0.34 (P = 0.21), 0.25 (P = 0.98), and 0.34 (P = 0.03), respectively (Figure 7).
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FIGURE 6
Spearman correlation coefficients (ρ) between monthly climate variables and ring width index (RWI). RWI was calculated as the difference between measured and fitted values after removing autocorrelation in the tree-ring data using best-fit ARIMA models. Monthly average temperature (A–D; Tave), total monthly precipitation (E–H; PPT), and mean standardized precipitation-evapotranspiration index (I–L; SPEI) were averaged over all plot locations for each month and fit with the same ARIMA process as the ring width data. RWI was averaged over all trees in each ALM impact index category using Tukey’s bi-weight mean. Correlations were assessed for individual months and all consecutive months in the year of ring formation (Current year) and the year prior to growth (Previous year), beginning with the month when growth ceases (September). Significant correlations (P < 0.05) are shown in bold, non-significant correlations are in gray. Data were limited to the pre-ALM years 1901–2000. Mean RWI chronologies for each category are shown in Supplementary Figure 7.
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FIGURE 7
Distribution of climate-growth Spearman correlations among growing season months between trees growing on steep and gentle slopes. Plot-level mean ring width chronologies were created after removing autocorrelation in each series using an ARIMA model. The same model was used to remove autocorrelation in plot-level climate data. Correlation coefficients between annual plot-level chronologies and downscaled monthly average temperature (A,B; Tave), total monthly precipitation (C,D; PPT), and standardized precipitation-evapotranspiration index (E,F; SPEI) were generated for each month of the growing season. Plots were classified as steep or gentle categories based on the median (7.8°) of plot-center slope measurements. Differences in correlation values between slope categories were examined using an analysis of variance model for each climate variable. Significant differences in correlation strength between steep and gentle slopes are represented with stars (**P < 0.01; *P < 0.05). Non-significant (P < 0.05) differences are omitted for clarity.




Spatial variation in climate and aspen leaf miner severity

While climate-growth correlation analyses offer insight into the temporal effects of temperature, precipitation, and SPEI, our LMEMs were designed to incorporate spatial variation in climate on ALM impact. The model that included June-August precipitation in the year prior to growth (prev_PPT_sm) had the most support in the data (lowest AICc value, Table 1), although the difference in AICc values among models that included age as a fixed effect was small, ranging from 2.0 to 4.3. Results from our likelihood ratio tests revealed that all sub-models were significantly different from the full version (Table 2). Parameter estimates from the best-fit model (Table 3) using the full dataset revealed a significant positive effect of tree age (4.66e–03, P = 0.004) and PIGL_propBA (0.54, P = 0.039) on ALM impact index, whereas slope and prev_PPT_sm had significant negative effects (−0.02, P = 0.016; −4.11e–03 P = 0.028, respectively). Replacing proportional white spruce basal area with raw white spruce basal area had a minor effect on model support (ΔAIC < 0.04). Overall, our LMEMs supported our predictions that older trees (P1) and those associated with a relatively large proportion of white spruce basal area (P4) would experience more severe ALM impacts. The significant negative effect of prev_PPT_sm supported our prediction of greater ALM impacts at locations with less precipitation (P2), while the significant negative effect of slope (P3) contrasted with our original hypothesis. Importantly, the small sample size (176 trees) and little difference in AICc values among sub-models (D AICc ≤ 5.81) suggests similarity among models despite significant likelihood ratio tests.


TABLE 2 Summary of LMEMs designed to test our hypotheses describing factors affecting spatial variation in ALM impact index.
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TABLE 3 Parameter estimates, 95% confidence intervals (CI), degrees of freedom (df) and significance tests (P) for the fixed effects in the best-fit LMEM in Table 2 (Full-4), designed to examine the factors affecting ALM impact index. See manuscript text or Table 1 for variable descriptions.
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Tree physiology

Using the subset of cores to test for the effect of Δ13C on ALM impact, no sub-model was significantly different from the full version (Table 2), although the model that omitted age approached significance (P = 0.051). Importantly, we detected a significant negative relationship between BAI (−0.28, P < 0.001) and Δ13C, while the interaction between BAI and ALM impact category was not significant (−0.15, P = 0.076; Table 4).


TABLE 4 Parameter estimates, 95% confidence intervals (CI), degrees of freedom (df) and significance tests (P) from a linear mixed effects model designed to examine the effects of BAI and ALM impact index on tree-ring Δ13C.
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Discussion

As interior Alaska has warmed since the early and middle 20th Century (Bieniek et al., 2014; Ballinger et al., 2023), we anticipated that moisture limitation would predispose aspen to greater ALM impacts on growth. However, we found mixed evidence that sensitivity to moisture limitation contributed to the severity of ALM impacts on growth. Although our climate-growth analysis indicated aspen growth was generally limited by warm and dry conditions, we detected little difference in climate-growth correlations between trees that were most affected by ALM and those least affected. Second, although, summer precipitation was a significant source of spatial variation in ALM impact in our LMEM analysis, differences among competing models were small, suggesting multiple factors contributed to variation in ALM impact. Finally, tree-ring Δ13C showed limited evidence of stomatal control in the years prior to the ALM outbreak. Instead, the negative relationship between Δ13C and BAI suggests that variation in photosynthesis may have been a more important source of variation in Δ13C than stomatal conductance, complicating our ability to test for a link between moisture sensitivity and ALM-induced growth decline. Collectively, our study showed that spatial variation in white spruce abundance and slope, along with endogenous tree characteristics such as age and growth rate – in addition to precipitation – were major factors contributing to the ALM impact in interior Alaska.


Factors contributing to aspen leaf miner reductions in growth

Previous studies have pointed to moisture sensitivity among ALM-affected trees (Trugman et al., 2018; Boyd et al., 2021). In contrast, we detected limited differences in growth sensitivity to drought conditions between ALM impact index categories. While Boyd et al. (2021) found that aspen trees killed by ALM showed a strong negative growth response to growing season (May-Sep) temperature in the years preceding the ALM outbreak, growth among living and dying trees diverged well before the ALM outbreak, despite no trend in summer temperature or CMI. Boyd et al. (2021) suggested that dying aspen may have been predisposed to ALM starting with a growth decline in response to drought in 1957 and the large aspen tortrix outbreak in the late 1960s. Our data show similar brief declines in BAI, but also rapid recovery to pre-drought and pre-tortrix growth, also shown in Boyd et al.’s study. The same authors highlighted the importance of factors such as tree size, canopy position, or competition that may have played an important role in aspen response to ALM, suggesting that because aspen is a shade-intolerant species, understory individuals may have been less able to produce defensive compounds and were more susceptible to ALM defoliation. Although we lacked detailed inventory data to directly test the effect of canopy position, our protocol sampled a wide range of tree age classes and sizes that included canopy dominant and subdominant individuals, and yet we found little evidence of drought sensitivity contributing to variation in ALM impact. In general, the trees that we sampled were larger than those sampled by Boyd et al. (2021), which may help explain the apparent discrepancy in conclusions between the studies.

Our LMEM analysis pointed to additional spatial and tree-level factors that contributed to greater ALM impact. Our results supported our prediction that older trees would experience greater reductions in ALM-induced growth (P1), which might have been due to older trees being more susceptible to drought (Sperry et al., 1991). Alternatively, older and taller individuals may have experienced greater ALM defoliation due to a larger insect population in canopy dominant trees. ALM pupae have much higher survival rates in taller trees, which receive higher solar radiation in spring, resulting in earlier leaf out than sub-dominant individuals, thus providing more suitable oviposition locations than shorter trees at a time when ALM larvae begin feeding (Tundo, 2021). Although we lack tree height data, tree age covaried with DBH (R2 = 0.32, P < 0.001), suggesting the oldest trees were more likely canopy-dominant and may have been more susceptible to ALM attack. Thus, the phenological synchrony between tree canopy position and ALM oviposition preferences may provide an additional underlying mechanism to explain the pattern of greater ALM impact on older trees. The reduction in growth among older aspen in response to ALM could hold important implications for stand structure dynamics. For example, the premature mortality of older, dominant trees could alleviate intra- and interspecific competition and stimulate growth among suppressed individuals (Reyes-Hernández and Comeau, 2014), or accelerate succession to white spruce dominance, if white spruce are present in the understory.

While our climate-growth correlation analysis captured long-term (1901–2000) interannual variation in precipitation, our LMEMs were designed to examine spatial variation in mean (12 year) precipitation across all plots. Our best-fit LMEM provided some evidence that moisture limitation contributed to variation in ALM impact (P2). However, a few caveats are worth mentioning. First, downscaled precipitation in Alaska is notoriously difficult to model due to inhomogeneities in the underlying datasets (McAfee et al., 2013) and because measured precipitation varies substantially over short distances (Ballinger et al., 2023). In fact, we found notable differences in the accuracy of monthly total precipitation derived from downscaled SNAP4 and ClimateNA models compared with first-order observations (Supplementary Figure 8 and Table 2). Indeed, when precipitation from ClimateNA was replaced with precipitation from SNAP in the best-fit model, precipitation became non-significant (P = 0.086). Moreover, differences between full models that included a variety of climate variables were small (Table 1), suggesting other climate variables could adequately replace precipitation with the same outcome. Therefore, we urge caution in placing too much weight in this result and instead emphasize the relative importance of smaller scale landscape features that are more confidently quantified such as slope and stand characteristics that may contribute to differences in ALM impact among individual trees.

Our best-fit LMEM indicated less severe ALM impact on steeper slopes, whereas we expected greater ALM impact on steeper slopes where access to soil water would exacerbate moisture sensitivity (P3). One possible explanation for the negative effect of slope on ALM impact is that trees growing on steeper hillsides had lower growth prior to the outbreak, which, when expressed as a ratio of pre- vs. post-ALM BAI, the ALM effect would be lower than among trees growing more vigorously prior to the outbreak in flatter areas. Indeed, when we separated trees into growth classes, slow growing trees were predominantly found on steeper slopes (Figure 5). The same trees had a similar relative reduction in growth rate (i.e. the ratio of pre- vs. post-ALM BAI) with other growth classes, but the absolute reduction in BAI (i.e. the difference between pre-ALM and post-ALM BAI) was much smaller. This may also help to explain the stronger negative correlations with summer temperature among lightly affected trees (Figure 6D). Trees categorized as Low ALM impact index may have been more climate sensitive due to their landscape position, resulting in lower pre-ALM growth. On the other hand, trees growing in more favorable sites avoided the strongest moisture limitations, resulting in greater growth, but also the most severe reduction in BAI following the ALM outbreak. Despite the modest range in slope in our study (0–23°), our results point to the importance of topography on soil moisture and tree growth, a mechanism that is likely to endure at steeper locations, especially at a continental region such as interior Alaska.

Lower pre-ALM growth on steep slopes likely reflects greater soil water drainage and may have led to greater climate sensitivity. For instance, our plot-level analysis indicated that trees growing on steeper slopes had significantly stronger positive correlations with SPEI than those found on gentler slopes (Figure 7E). In addition, although aspen has been shown to overcome water shortage on steeper slopes through adaptive strategies such as deeper roots to access groundwater, root architecture that grows downslope (Snedden, 2013), or utilizing spring snowmelt to subsidize mid-summer water deficit (Young-Robertson et al., 2016; Love et al., 2019), our results point to locations across the landscape where limited access to soil water resulted in lower growth prior to the ALM outbreak, suggesting that topography may mediate precipitation effects on aspen growth. Indeed, our results show that gentler slopes, which likely have greater soil moisture, were associated with faster growth. However, these trees also experienced the most significant absolute reduction in growth following the ALM outbreak. Our data indicate that ALM larvae might prefer faster growing, canopy dominant individuals, with an abundance of favorable oviposition locations, whereas slow-growing host trees may not provide suitable habitat or forage to support large ALM populations. Other factors such as localized wind speeds and body size may also affect ALM dispersal dynamics (Tundo, 2021), and thus their impact across the landscape. Our finding that ALM inflict the most severe reduction in BAI among large, robust hosts is similar to colonization by mountain pine beetle (Dendroctonus ponderosae Hopkins [Coleoptera: Scolytidae]) in western North America, which also favors large diameter and older trees as hosts (Safranyik and Wilson, 2006). This result may have implications for management strategies in areas where the aesthetic or socioeconomic value of aspen trees is given priority.

In contrast with the mixed evidence of moisture limitation predisposing aspen to ALM-induced growth decline, we found strong support for our fourth hypothesis that the relative abundance of white spruce would influence ALM impact (P4), pointing to the important influence of stand composition on ALM impacts to aspen radial growth. Sites with relatively high white spruce basal area represent areas that have entered the latter stages of succession, where conifers have become canopy dominant or co-dominant. In these scenarios, the combined effects of interspecies competition for belowground nutrients and light, and older, taller aspen providing favorable habitat for pupae (see above), could have contributed to greater ALM impact. An additional factor contributing to greater ALM impact at sites with abundant white spruce is the complex interaction between climate, microsite conditions and ALM overwintering strategies. Wagner et al. (2012) showed that ALM employ an overwinter freeze-avoidance strategy by entering a supercooled state, and that differences in litter hibernacula microclimate has a substantial impact on ALM survival. They showed that although overwinter temperature was much colder in spruce litter compared to aspen litter, likely due to a shallower snowpack, moth survival in the spring was more than four times higher in spruce litter where conditions were drier. Drier habitats benefit freeze-avoiding insects which are susceptible to mortality when exposed to ice or water (Sinclair et al., 2003).

We suspect that the strong significant effect of white spruce on ALM impact was partly due to an abundance of favorable overwintering microhabitat for hibernating moths, resulting in a larger population emerging in the subsequent spring that defoliated co-occurring aspen at a higher rate. Although they offered little interpretation, Trugman et al. (2018) also noted a significant effect of gymnosperm abundance on aspen mortality in interior Alaska, particularly in dry soils, offering further support for the trends we observed. Our results suggest the impact of ALM defoliation is a function of the complex interplay among winter temperature, forest community composition, and pest physiology. Our finding that white spruce abundance plays an indirect, but integral role in ALM defoliation could have significant implications for mid-succession stands that may accelerate the timing of white spruce succession.



Aspen isotope physiology

We hypothesized that warm and dry conditions would act as a precursor to ALM defoliation, and predicted that trees severely impacted by ALM would exhibit lower Δ13C, reflecting stomatal closure in response to moisture limitation (P5). However, δ13C of organic matter is influenced by the balance of photosynthesis to stomatal conductance. Here, we detected a significant negative correlation between BAI and Δ13C (Table 4), suggesting variation in Δ13C−assuming there is more growth when photosynthetic assimilation is higher – may have been driven more by variation in photosynthesis than by variation in stomatal conductance. If stomatal conductance was the primary driver of interannual variation in Δ13C, a positive relationship would indicate increased diffusion of CO2 through more open stomata, leading to an increase in the substrate used for growth (i.e. increased intercellular [CO2], ci), and greater Δ13C. Our analysis points to the limitations of Δ13C as a tool to infer variation in stomatal conductance and tree physiological responses to moisture limitation, at least for aspen growing in interior Alaska.




Conclusion

Although deciduous species have been predicted to benefit from warmer temperatures and increasing fire severity, aspen has experienced substantial defoliation from the aspen leaf miner (ALM) since the turn of the 21st century. We investigated whether moisture limitation may have predisposed aspen to greater ALM-induced reductions in basal area increment (BAI). Our analyses revealed conflicting lines of evidence that moisture limitation acted as a precursor to ALM defoliation. Overall, aspen growth showed a positive response to summer precipitation, but there was little difference in precipitation-growth correlations between trees that experienced greater versus lesser relative ALM impacts on their growth. Meanwhile, stands that are thought to receive greater summer precipitation showed more limited ALM impact. However, our tree-ring isotope analysis suggested that Δ13C was not a reliable indicator of variation in stomatal conductance and Δ13C was not correlated with ALM impacts on growth. Instead, we found that growth prior to the ALM outbreak, tree age, and relative abundance of white spruce were the primary factors contributing to ALM-induced declines in BAI. Trees that experienced the most severe absolute reduction in BAI were the larger and faster growing trees on gentler slopes, providing insight into beetle-host interactions. Our analysis showed greater ALM impact in stands with a larger proportion of white spruce, which may have provided drier and more suitable overwintering habitat for ALM moths, leading to greater ALM impact. Within the context of shifting boreal forest dominance, our results point to the importance of non-climatic drivers of aspen growth that may limit its ability to replace conifers at broad scales. While temperature in Alaska’s boreal forest has increased since the industrial revolution, precipitation has also increased since the early 1990s, which may alleviate drought-related declines in growth, and shift the importance of insects to the forefront as drivers of forest composition and productivity.
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1      https://www.fs.usda.gov/detailfull/r10/forest-grasslandhealth/?cid=FSEPRD639288

2      http://dendro.elevator.umn.edu
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Full dataset Full-4 age + prev_PPT_sm + slope + PIGL_propBA 7 —88.14 = = 190.95 0
(n=176)
age prev_PPT_sm + slope + PIGL_propBA 6 —92.13 7.98 0.005 196.76 5.81
PPT age + slope + PIGL_propBA 6 —90.76 823 0.022 194.01 3.06
slope age + prev_PPT_sm + PIGL_propBA 6 —91.21 6.13 0.013 194.91 3.96
PIGL age + prev_PPT_sm + slope 6 —90.45 4.6 0.032 193.39 243
ABC subset Full-4 age + prev_PPT_sm + slope + PIGL_propBA + 8 —19.45 E E 59 298
(n=44) ABC
age prev_PPT_sm + slope + PIGL_propBA + A3C 7 —21.35 3.81 0.051 59.81 3.79
PPT age + slope + PIGL_propBA + A'3C 7 —19.91 0.93 0.33 56.93 0.91
slope age + prev_PPT_sm + PIGL_propBA + A3C 7 —20.69 2.48 0.12 58.48 246
PIGL age + prev_PPT_sm + slope + A*C 7 —20.4 1.91 0.17 57.91 1.89
ABC age + prev_PPT_sm + slope + PIGL_propBA 7 —19.46 0.02 0.89 56.02 0

Each hypothesis was tested by removing the variable of interest and comparing the model against the best-fit full model (determined in Table 1) using a likelihood ratio test. Each model included
plot as random effect. See manuscript text or Table 1 for variable descriptions. To test for A>C effects on ALM, the same models were confronted with a subset of the data that contained cores
analyzed for A*C. Values in bold represent a significant (P < 0.05) difference from the full model in each category.
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Full-1 age age + Tave_sp + prev_PPT_sm + prev_SPEI_sm + slope + PIGL_propBA 10 197.4 4.3
Full -1 DBH DBH + Tave_sp + prev_PPT_sm + prev_SPEI_sm + slope + PIGL_propBA 10 203.5 10.4
Full-2 age + Tave_sp + prev_PPT_sm + slope + PIGL_propBA 8 195.8 2.7
Full-3 age + prev_SPEI_sm + slope + PIGL_propBA 8 195.8 27
Full-4 age + prev_PPT_sm + slope + PIGL_propBA 8 193.1 0

Full-5 age + prev_PPT_sm + prev_SPEI_sm + slope + PIGL_propBA 9 195.2 2.0
Full-6 age + Tave_sp + prev_SPEI_sm + slope + PIGL_propBA 9 196.9 3.7
Full-7 age + Tave_sp + prev_PPT_sm + slope + PIGL_propBA 9 195.4 22

Age = tree age; Tave_sp = mean current year Mar-May air temperature; prev_PPT_sm = total Jun-Aug precipitation in the year prior to growth; prev_SPEI_sm = mean Jun-Aug SPEI in the
year prior to growth; slope = slope (degrees) at plot center; PIGL_propBA = proportion of white spruce basal area. Each model leveraged 176 observations across 22 plots. For comparison, the
model with all variables (Full-1) is shown with both age and DBH to compare the effect of tree age and size on model performance. The model with the most support in the data (i.e., lowest
AICc value) is represented in bold.
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Parameter Estimate | 95 % CI df

Intercept 22.48 21:6234 1249 < 0.001
log(BAI) mm? —0.28 —0.41-0.15 1249 <0.001
ALM impact 0.74 —0.35—1.84 28 0.174
index

BAI x ALM —0.15 —0.32—0.02 1249 0.076
impact index

Only trees with a complete chronology of BAI and tree-ring A'3C samples between 1970 and
2000 were selected, resulting in 30 trees from 16 plots. Bold values represent significant (P <
0.05) parameter effects in the model.
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Intercept 1.07 0.47, 1.66 153 < 0.001
age 4.66E-03 0.00, 0.01 153 0.004
prev_PPT_sm —4.11E-03 —0.01, 0.00 18 0.028
slope —0.02 —0.03, 0.00 18 0.016
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Bold values represent significant (P < 0.05) parameter effects in the model.





