

[image: image1]
Climate and nitrogen deposition constrain the maximum size-density boundary for mature and old-growth stands
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Forest stocking guidelines traditionally reference self-thinning lines representing the tradeoff between maximum trees per unit area vs. maximum mean tree size for even-aged stands. While self-thinning lines are roughly linear on logarithmic scales, certain forest types display a curvilinear “mature stand boundary” (MSB). The existence of the MSB suggests that beyond self-thinning, processes such as recruitment limitation, density-independent mortality, and their interactions with site quality may also contribute to a more universal maximum size-density boundary (MSDB). To advance forest modeling and the management of mature stands under global change, we investigated: (1) how the MSDB may differ as stands biologically mature in response to climate and N deposition, (2) whether mortality and recruitment contribute to the curvilinearity of the MSDB. To accomplish this, we compiled forest inventory, climate, and total N deposition data for four western U.S. forest types (California mixed-conifer, ponderosa pine, Douglas-fir, and pinyon-juniper). We examined three aspects of climate: thermal loading, aridity, and seasonality of precipitation. We used 0.95 quantile regression to model the MSDB and generalized linear modeling for mortality and recruitment. Unlike studies of even-aged stands that found abrupt MSBs, we found evidence for curvilinear MSDBs in all four forest types, with climate and/or N deposition modulating the degree of curvilinearity. Aridity constrained maximum stocking in medium-large diameter stands of California mixed-conifer and Douglas-fir, while higher growing-season precipitation constrained maximum stocking in large-diameter ponderosa pine. Heavier N deposition lowered maximum stocking in large-diameter stands of California mixed-conifer and pinyon-juniper. In California mixed-conifer and Douglas-fir, N deposition steepened the slope of the MSDB in small-diameter stands. Mortality was consistent along the MSDB for ponderosa pine, concentrated in large-diameter California mixed-conifer and Douglas-fir stands, and small-diameter pinyon-juniper stands. Recruitment was elevated in small-diameter stands of all four forest types. Our results support roles for both mortality and recruitment in driving curvilinear MSDBs. Our findings caution against assuming that self-thinning consistently defines the MSDB throughout stand development, while having important implications for the management of mature and old-growth stands under global change, especially at extremes of resource availability where the limitations of traditional tools may be most acute.
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1 Introduction

Density management diagrams are used to illustrate the range of possible forest stand structures in terms of tree size and number, from the minimum stocking needed to achieve site occupancy to the maximum stocking which avoids accelerated density-dependent mortality, when managing forest stands for a variety of objectives (Ray et al., 2023). Originally develop for young, even-aged stands, density management diagrams draw upon the-3/2 log self-thinning “rule” of plant ecology, and empirical tradeoff between individual performance and population density that has been found to apply widely across the plant kingdom (Yoda, 1963; Gorham et al., 1979; Keddy, 2001). This accordance across species, combined with the historical assumption that self-thinning lines are independent of site quality, led to the suggestion that the −3/2 self-thinning rule might be among the few universal constants of forest ecology (Long et al., 2004). Subsequent research (e.g., Shaw, 2006; Ducey et al., 2017), however, has raised questions as to whether self-thinning (a) remains linear throughout forest stand development and (b) is consistent across gradients of resource availability.

Whereas self-thinning lines are roughly linear when plotted in log–log scaled space (Reineke, 1933; Yoda, 1963; Drew and Flewelling, 1979), they are not consistently linear for all species at all stand developmental stages (Shaw, 2006; Zeide, 2010). For example, Shaw and Long (2007) constructed a density management diagram for even-aged, pure longleaf pine (Pinus palustris Marsh) with a flatter, nonlinear boundary at high quadratic mean diameter (QMD), which the authors attributed to an inability of overstory trees and regeneration in mature stands of this shade-intolerant species to fully reoccupy canopy gaps. The resulting additional constraint on size-density space has been called the mature stand boundary (MSB) (Shaw, 2006; Shaw and Long, 2007). Studies providing evidence of an MSB in both shade-intolerant pines and shade-tolerant true firs (Abies spp.) suggest this phenomenon is not a function of shade tolerance (Charru et al., 2012; Vacchiano et al., 2013). Zeide (2010) proposed that elevated mortality risk in large trees, rather than purely a lack of regeneration in small trees, contributed to the fall-off in maximum density in mature stands.

In addition to the linearity of the self-thinning line, there is conflicting evidence as to whether the intercept of the line, and thus overall maximum SDI, varies with resource availability. This issue is partly one of semantics, as the original concept of SDI defined a single maximum for a given forest type regardless of age or site quality, acknowledging that local conditions may prevent a stand from approaching full potential (Andrews et al., 2018). Studies of lodgepole pine (Pinus contorta), Scots pine (Pinus sylvestris), and Douglas-fir (Pinus sylvestris) established that maximum stocking is consistent over a range of site quality (Drew and Flewelling, 1979; Jack and Long, 1996; Pretzsch and Biber, 2022). Whereas fertilization only temporarily increases stand carrying capacity (Jack and Long, 1996; Pretzsch and Biber, 2022), studies in the Pacific Northwest (Kimsey et al., 2019), Lake States (Ducey et al., 2017), and New England regions of the U.S. (Andrews et al., 2018; Weiskittel and Kuehne, 2019) found that maximum SDI locally declines with resource limitation. Furthermore, an experiment with quaking aspen (Populus tremuloides) found that maximum SDI may increase with atmospheric CO2 (Kubiske et al., 2019). Climatic factors such as temperature extremes, aridity, and thermal loading may also limit local maximum SDI (Ducey et al., 2017; Andrews et al., 2018; Kimsey et al., 2019). Whether the linearity of the self-thinning line itself varies with abiotic factors remains unexplored.

Soil nutrient status, most commonly nitrogen (N), often presents the primary limitation to stand growth after moisture availability (Powers, 1999). N deposition from agricultural and industrial activity is a key aspect of global change impacts on forests (Clark et al., 2019). Particularly since the advent of synthetic ammonia production in the early 20th century, anthropogenic N inputs have dramatically augmented natural sources. Impacts on forests range from positive to negative and include accelerated-to-reduced tree growth, declining soil buffering capacity, higher rates of tree damage, and the loss of N-sensitive species (Bowman et al., 2008; Bobbink et al., 2010; Fenn et al., 2020). N deposition effects on tree growth may offset increases in aridity or N limitation from rising ambient CO2 levels (Ibáñez et al., 2018). Given trends of declining N deposition in the United States and Europe (Walker et al., 2019) and the anticipated increase in N limitation under rising CO2 (Finzi et al., 2006), understanding the historical role of N deposition on the self-thinning line may provide important insights into sustaining mature and old-growth forests under global change.

Prior studies have generally treated the self-thinning line and the MSB as separate characteristics of stand dynamics. The self-thinning line became entrenched as an ecological “law” through the work of Yoda (1963) and Reineke (1933), but questions about variability of shape, slope, and intercept are more recent. Self-thinning implies a competitive interaction wherein the stand trajectory in size-density space is limited by a biological maximum. This biological maximum can further be defined as what is possible within the natural range of a species. The true nature of this limit at very low stand diameters is likely never to be known, owing to lack of data. Rarely do forest stands establish with enough seedlings to reach maximum stocking, so the resulting observations of natural stands can suggest nonlinearity. The concept of the MSB (Shaw, 2006; Shaw and Long, 2007) suggests that the size-density limit for some forest types is not strictly guided by competition, but that other stand characteristics or phenomena define the limits of size-density combinations in maturing, natural stands. The absence of a competitive self-thinning dynamic can arise when there is an imbalance between the release of growing space and the recapture of that space by survivor trees and recruitment. In Oliver and Larson’s (1996) stand dynamics model, the MSB might routinely delineate the transition between the understory-reinitiation and old-growth stages, if recruitment and survivor tree growth cannot keep up with mortality as disturbance replaces competition as the primary force driving stand dynamics in maturing stands (Larson et al., 2015). Recruitment failure and/or excessive mortality rates may result in size-density combinations that are well below the MSB rather than necessarily defining it. Another possibility is that, instead of describing a consistent self-thinning threshold, the MSB reflects gradual changes in the intercept of the self-thinning relationship. Generational changes in maximum stocking driven by management gains or global change could alter the intercept of a linear limit while giving the appearance of nonlinear distortions in size-density space (Yang and Brandeis, 2022).

Extending traditional plant ecology and density management concepts to mature and old-growth stands would both help predict the trajectory and inform the design of treatments to sustain or recruit these forest structures under global change. Because of the complexity of processes potentially limiting size density space, including those that we explore in this paper, from this point forward we refer to the combined limitation on size-density space as the maximum size-density boundary (MSDB). Regardless of the mechanisms constraining size-density space, understanding the nature of the MSDB is critical to guide the design and scheduling of thinning treatments and final harvest. It defines a “no-go” space that would be violated in cases of stand development planning with strict adherence to the self-thinning relationship. Likewise, understanding whether MSDBs shift during stand maturation could improve estimates of mortality in forest growth and yield modeling (Crookston and Dixon, 2005), since many models rely at least in part on the self-thinning concept to guide mortality. Furthermore, determining whether the shapes of MSDBs vary with climate and N deposition would help anticipate nuanced forest responses to global change. We used forest inventory data for four important, western U.S. forest types to examine the consistency of density management guidelines across broad gradients of stand development and abiotic stress. Our definitions of mature and old-growth stands correspond to the process-based understory reinitiation and old-growth stages of Oliver and Larson (1996), respectively. However, given the lack of a universal consensus on definitions of mature and old-growth stands (Pelz et al., 2023) and the common unavailability of the age structure data needed to make robust classifications (Oliver and Larson, 1996), we interpret mean stand diameter as a continuous indicator of biological maturity (related to mean tree size, e.g., Pretzsch, 2009) rather than define discrete age or structural thresholds of stand development. Our objectives were to understand (Q1) how the maximum size-density boundary may respond differently to climate and N deposition as stands biologically mature, (Q2) whether mortality and recruitment potentially contribute to the curvilinearity of the MSDB.



2 Methods


2.1 Forest inventory and analysis queries

We used U.S. Forest Service Forest Inventory and Analysis (FIA) national inventory data, covering the contiguous U.S. from the Pacific Coast to the Rocky Mountain states and western South Dakota (Figure 1). The current National FIA annualized inventory design was established in 1998, with initial plot installation taking place over the following two decades depending on state (Gillespie, 1999). Plots are organized into panels that are scheduled for measurement every 5 to 10 years, depending on the state and funding constraints, with the panels in a full cycle comprising a statistical sample (Bechtold and Patterson, 2005). All states in our analysis are currently under 10-year remeasurement cycles, except for South Dakota, which is on a 5-year cycle.
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FIGURE 1
 Map of forest inventory and analysis plot locations for four forest types across the contiguous western United States. (A) California mixed-conifer. (B) Ponderosa pine. (C) Douglas-fir. (D) Pinyon-juniper.


On each FIA plot, trees and saplings are assessed within 4 nested, circular subplots. Plots are not relocated based on abrupt boundaries in structure and composition, so plots may sample forest edge or multiple forest “conditions” (i.e., stands). Saplings >2.54 < 12.7 cm diameter at breast height (DBH) are monitored on 4 × 0.0013 ha microplots. Trees ≥12.7cm DBH are monitored on 4 × 0.016 ha subplots, except in the Pacific Northwest and California, where large trees >60.1 cm DBH (California, and eastern Oregon and Washington) or > 76.2 cm DBH (western Oregon and Washington) are monitored on 4 × 0.101 ha macroplots and trees 60.1 cm ≤ DBH ≥ 12.7cm on 4 × 0.016 ha subplots. Parameters including slope, aspect, stand age, treatment, and disturbance are assessed at the stand level. Trees and saplings are assessed for species, DBH, height, crown condition, growth, cull, damaging agents, growth, and ingrowth status.

We used the FIESTA package (Frescino et al., 2023) for R (R Core Team, 2022) to query tree, condition, plot, and the growth, removals, and mortality (GRM) component tables in February 2024. We omitted the state of Wyoming for lack of available change data due to the later implementation of the FIA annual inventory there (Goeking, 2015). We queried the most recent measurement for each condition (range = 2010–2022) such that these data are not temporally dependent. Rather than plots, we analyzed conditions, which we hereafter refer to as stands.

We focused on four common forest types from across the western United States: California mixed-conifer (FIA forest type 371), ponderosa pine (Pinus ponderosa; FIA forest type 221), Douglas-fir (Pseudotsuga menziesii, FIA Forest Type 201), and Pinyon-Juniper (Pinus-Juniperus spp.) woodland (FIA forest type 185). These forest types, which are of wide ecological and economic importance to the region, range from maritime (Douglas-fir) to semiarid (pinyon-juniper) and from shade-intolerant (ponderosa pine) to shade-intermediate (California mixed-conifer and Douglas-fir). All four forest types are comprised of species sensitive to N deposition (Horn et al., 2018; Fenn et al., 2020) and aridity, a predisposing factor in recent drought and insect-driven mortality events (Fettig et al., 2019; Flake and Weisberg, 2019; Bennett et al., 2023). Table 1 summarizes stand structure and site information for each forest type.



TABLE 1 Mean (± standard deviation) physical and stand structural conditions for selected FIA conditions of four forest types.
[image: Table1]

For purposes of this study, we calculated SDI using the additive method (ASDI) based on the contributions of individual trees (Shaw, 2000; Ducey and Larson, 2003). We dropped stands of forest types that were comprised of less than 80% relative ASDI of typical conifer species. We dropped stands with fewer than 60 trees ha−1, mean stand diameters (see definition below) < 5 cm, and stands covering less than 50 percent of plot area to avoid extreme estimates introduced by small sampled areas (Shaw and Long, 2007). We also dropped cases where the proportion of microplots overlap with the stand was less than 0.5, given the importance of microplots on trees ha−1 estimates. We dropped recently treated stands but did not drop naturally disturbed stands. We did not drop stands based on lack of evidence of self-thinning (e.g., Andrews et al., 2018), as this could have filtered out slow-growing older stands of interest to this study. We dropped three outlier stands of California mixed conifer with mean stand diameters (see definition below) < 6 cm or > 80cm. Selected stands numbered 832 for California mixed conifer, 1,843 for ponderosa pine, 2,735 for Douglas-fir, and 3,729 for pinyon-juniper. Please see Supplementary material S5 for data preparation workflow.



2.2 Response and predictor variables

Based on conventional model forms (but see Zhang et al., 2013), we set TPH as our response variable for Q1 modeling of the MSDB. Please see Table 2 for a description of response and predictor variables organized by research question. To address Q2, we defined mortality as saplings and trees that were either previously sampled and died since the last since the last measurement, or crossed plot measurement size thresholds and died by the time of first measurement (Burrill et al., 2024). The inclusion of saplings in our mortality definition allowed us to examine recruitment and mortality across the entire range of stand diameter. We defined recruitment as live stems that were not detected on microplots in the previous inventory and crossed the sapling-size threshold by the latest plot measurement. Our focus on saplings let us discern on how near-term stand structure affected recent regeneration and growth. We calculated annualized per-area ASDI change estimates (ΔASDI) of mortality and recruitment for each stand, assuming forest change calculated with ASDI would be more closely aligned with the MSDB vs. absolute density metrics. While density management studies of even-aged monocultures have commonly used quadratic mean diameter (QMD) to represent mean tree size, QMD may overestimate mean tree size in irregular stands (Shaw, 2000; Ducey and Larson, 2003). Instead, we followed the example of previous studies of diverse forests in the eastern U.S. (Andrews et al., 2018; Yang and Brandeis, 2022) and calculated SDI using Zeide’s (1983) Reineke’s Diameter (DR):
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Where N is the total number of trees per unit area, d is the diameter of tree i, and b is the absolute value of the ln-TPH vs. ln-DR slope coefficient of the maximum size-density relationship. We used Reineke’s traditional value of −1.605 for b to simplify interpretation across forest types with potentially curvilinear MSDBs. Calculating SDI with DR is equivalent to ASDI (Shaw, 2000; Ducey and Larson, 2003).



TABLE 2 Response and predictor variables used in Q1 and Q2 analyses.
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To compile a set of climate variables (Table 2), we extracted historical climate norms (1991–2020) by plot coordinate and elevation using downscaled, 4km-resolution, gridded climate data (ClimateNA) (Wang et al., 2016). We used publicly available plot coordinates, which are fuzzed by ~800m with approximately 20% of private land coordinates “swapped” with nearby similar plots for confidentiality (Burrill et al., 2024). Although we did not have access to exact plot coordinates for comparison purposes, using publicly available coordinates has minimal effects in the Western U.S. where ownership is primarily public (Gibson et al., 2014).

Previous studies have identified thermal loading, aridity, and seasonality of precipitation as important predictors of maximum SDI (Ducey et al., 2017; Andrews et al., 2018; Kimsey et al., 2019). To represent these aspects of climate, we chose growing degree days in excess of 5°C (DD5), annual heat-moisture index (AHM; (MAT+10)/(MAP/1000)), and the ratio of May–September to mean annual precipitation (PRATIO). We selected these variables based on a principal components analysis of climate norms which identified three climatic gradients (Supplementary material S1). Each selected variable was strongly associated with one gradient, reflected important predictors of maximum SDI in the literature (Andrews et al., 2018; Kimsey et al., 2019; Kweon and Comeau, 2021), and did not have strong correlations with the other selected climate variables (r < 0.6).

We also compiled a set of variables to quantify N deposition. We used historical (2000–2020) maps of estimated total (wet and dry) N deposition for the United States (Schwede and Lear, 2014). The mapped 4 km-resolution, gridded data estimate wet deposition based on analyses of rainfall chemistry and estimated MAP, while dry deposition estimates are based on air quality monitoring stations (Schwede and Lear, 2014). We extracted mean annual N deposition for each FIA plot location using bilinear interpolation in the raster package (Hijmans et al., 2020) for R (R Core Team, 2022).



2.3 Analytical procedures

To address Q1, our first analysis modeled the MSDB to determine whether the boundary was linear or curvilinear, as potentially modified by climate and N deposition covariates. Three contemporary quantitative techniques, quantile regression (QR) (Koenker and Bassett, 1978), stochastic frontier analysis (SFA) (Aigner et al., 1977), and linear quantile mixed modeling (LQMM) (Koenker, 2004) are commonly used to quantitatively determine the MSDB (Chivhenge et al., 2024). We selected QR as best suited to our goals of comparing MSDB across forest types and identifying key stand size-density thresholds. SFA created a potential barrier to interpreting patterns among forest types given that the effects of site covariates are quantile-dependent (Tian et al., 2021), while LQMM’s use of a random plot effect to account for variation in site and stand history (Chivhenge et al., 2024) risked masking important stand development signals (See Supplementary material S2 for parallel SFA and LQMM analyses). We modeled the 0.95 quantile of TPH as QR results become increasingly quantile and outlier-dependent at quantiles greater than this value (Tian et al., 2021).

We built a series of competing QR hypothesis models (Table 3). The null hypothesis for each forest type was that TPH varied with a linear DR effect. Our overall hypothesis testing approach was to identify the primary aspect of climate (thermal loading, aridity, or seasonality) that influenced the MSDB while simultaneously evaluating the effect of Ndep. Hypothesis models 1–4 sequentially tested the main effects of DD5, AHM, PRATIO, or Ndep, respectively. Hypothesis models 5–8 sequentially tested the main effects of DD5, AHM, PRATIO, or Ndep, along with each covariate’s interaction with DR. Hypotheses 9–11 simultaneously tested the main effects of DD5 and Ndep, AHM and Ndep, or PRATIO and NDEP. Hypotheses 12–17 tested the main effect of each climate parameter and NDEP, as well as either the interaction of the climate term (H12–14) or Ndep (H15–17) with DR. Hypothesis models included both linear- DR and polynomial quadratic- DR variants to test for the presence of curvilinear MSDBs.



TABLE 3 Hypothesis models by research question and response variable.
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To address Q2, we used generalized linear modeling to examine how mortality or recruitment ΔSDI varied across DR and TPH space, with or without the presence of abiotic stressors. The purpose of this analysis was to quantify and visualize recruitment and mortality trends to evaluate whether these were plausible drivers of curvilinear MSDBs in mature and old-growth stands large-diameter stands. We calculated initial (previous plot measurement) DR and TPH to use as predictors. Our null hypothesis was that mortality or recruitment varied with the main effects of DR and TPH (Table 3). Hypotheses 1–4 sequentially evaluated the added main effects of DD5, AHM, PRATIO, and NDEP. Hypothesis model 5–8 sequentially evaluated the main effects and interactions of site covariates with DR and TPH, allowing mortality or recruitment to vary with site covaries depending on position in size-density space. Hypothesis model 9 assumed that mortality or recruitment varied with the main effects and interactions of TPH and DR. Hypotheses 10–13 sequentially evaluated the main effects of DD5, AHM, PRATIO, and NDEP in the presence of the main effects and interaction between TPH and DR.

Hypothesis model sets for each species were evaluated using the information theoretic approach (Burnham and Anderson, 2002) to determine the relative evidence for each hypothesis. We used Akaike’s (1974) corrected information criterion (Sugiura, 1978). We considered models within 6 units of the best-supported model to be plausible and warrant inclusion in inference (Richards, 2008). We dropped models where the addition of each extra parameter did not reduce AIC by ≥2 or increased the log-likelihood relative to simpler, nested alternatives in order to avoid retaining uninformative lurking variables (Burnham and Anderson, 2002; Richards, 2008).

We used the quantreg package (Koenker et al., 2018) for all QR modeling. We centered and scaled independent variables to make effect sizes comparable, reduce collinearity, and facilitate convergence. We visualized QR models by plotting predicted values over size-density scatterplots. In the event of support for the presence of an interaction, we plotted predicted values at the 10th and 90th percentiles of the covariate involved. We acknowledge these percentiles border on extremes but found them necessary for clear presentation purposes. We used the glmmTMB package (Magnusson et al., 2018) in R for modeling recruitment and mortality. We modeled these data with a Tweedie error distribution to accommodate right-skewedness and abundant zero values (Foster and Bravington, 2013). We constructed two-dimensional heatmaps displaying predicted values of mortality or recruitment in log-transformed TPH- DR space, adjusting for site covariates where appropriate. We calculated pseudo-R2 (Nakagawa and Schielzeth, 2013) for GLMs for descriptive purposes but relied on AICc for inference.

Quantile regression is robust against non-normally distributed residuals and heteroscedasticity (Hao and Naiman, 2007) but noted that QR residuals were left-skewed. We also noted that linearity occasionally improved when regressing residuals against quadratic TPH vs. linear TPH terms, but relied on model selection for selecting QR model forms. We evaluated Tweedie mortality and recruitment model assumptions of normally distributed residuals, homoscedasticity, and linearity (Zuur et al., 2009) using simulated residuals plots (Hartig, 2018). Based on these diagnostics, we log-transformed Ndep in addition to TPH and DR to address non-linearity in mortality and recruitment models (Zuur et al., 2009). We assessed collinearity for all model types by calculating variance inflation factors (VIF) for model parameters using the performance package (Lüdecke et al., 2021). We considered VIF ≥ 5 to signal serious collinearity problems (James et al., 2013). No models exceeded this threshold.




3 Results


3.1 The response of the MSDB to climate and N deposition as stands biologically mature

We found a single plausible model for ponderosa pine and pinyon-juniper (ΔAICc ≤6 vs. best-approximating model, with added parameters reducing AICc≥2 vs. simpler nested alternatives), and two plausible models each for California mixed-conifer and Douglas-fir. The plausible models for all forest types included polynomial quadratic TPH-DR relationships (Table 4). Please see Supplementary material S3 for a full list of QR model comparisons.



TABLE 4 Summary of plausible and null hypothesis quantile regression models of TPH for four forest types.
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3.1.1 Climate factors

We found evidence that climate factors modified MSDBs, either as a main effect or in more complex interactions altering curvature. AHM influenced the MSDB in plausible models for California mixed-conifer, Douglas-fir, and pinyon-juniper (Hyp. H16 quadratic). In the best-supported model for California mixed conifer, predicted maximum ASDI declined 14.4% when the main effect of AHM increased from the 10th to 90th percentile value, holding Ndep and DR constant at their means (Figure 2A). In the second plausible model for California mixed-conifer (Hyp. H13 quadratic, ΔAICc = 4.1), AHM interacted with DR, such that predicted maximum ASDI was similar for low and high-AHM conditions for stands less than about 20cm DBH, above which high-AHM stands supported lower maximum ASDI (Figure 2B). At the 10th percentile of DR, moving from the 10th to 90th percentile of AHM reduced maximum ASDI by 2%. At the 90th percentile of DR, moving from the 10th to 90th percentile of AHM reduced maximum ASDI by 29%. In the best-supported model for Douglas-fir, AHM had a simple main effect in which moving from the 10th to 90th percentile reduced predicted ASDI by 33% (Figure 2D). In the second plausible model for Douglas-fir (Hyp. H6 quadratic, ΔAICc = 2.5), which omitted the Ndep main effect and interaction and so was less complex than the first, the MSDB was roughly linear under high AHM and became curvilinear under low AHM, with predicted ASDI increasing steeply below DR = 10cm (Figure 2E). The relative differences in ASDI between low and high-AHM plots was otherwise stable between the 10th and 90th percentile of DR. At the 10th percentile of DR., predicted maximum ASDI declined by 31% when AHM increased from the 10th to 90th percentile. At the 90th percentile of DR., predicted maximum ASDI declined by 33% when AHM increased from the 10th to 90th percentile. For pinyon-juniper, predicted maximum ASDI declined 26% when the main effect of AHM increased from the 10th to the 90th percentile (Figure 2F).
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FIGURE 2
 Plots of the tree density (trees ha−1)-size (Reineke’s diameter, cm)-relationship under the influence of climate, based on plausible models for four forest types. (A) California mixed-conifer annual heat-moisture index (AHM) main effect. (B) California mixed-conifer AHM interaction (alt. model). (C) Ponderosa pine proportion of May–September to total mean annual precipitation (PRATIO) interaction. (D) Douglas-fir AHM interaction. (E) Douglas-fir AHM main effect (alt. model). (F) Pinyon-juniper AHM main effect. Note that trees ha−1 was analyzed as the response variable and axes are flipped for convention. Inventory plots are depicted as gray dots. Lines and error ribbons (95% confidence interval) represent the predicted maximum size-density boundaries of plausible models for each forest type. Predictions are provided for the 10th (solid line and purple fill) and 90th (dashed line and orange fill) quantile of the climate covariate involved.


In ponderosa pine, PRATIO interacted with DR to influence the curvilinearity of the MSDB (Hyp. H14 quadratic). Under this interaction, PRATIO increased the curvilinearity of the MSDB in ponderosa pine, reducing maximum ASDI in stands with moderate-to-high mean stand diameters (Figure 2C). Moving from the 10th to 90th percentile of PRATIO, the predicted maximum ASDI increased by only 3% at the 10th percentile value of DR. Moving from the 10th and 90th percentiles of PRATIO, predicted maximum ASDI declined by 30% at the 90th percentile of DR.



3.1.2 N deposition

N deposition altered the MSDB in the best-supported models for all four forest types. In the best-supported model for California mixed-conifer, Douglas-fir, and pinyon pine, higher Ndep increased the curvilinearity of the maximum-size-density line (Hyp. H16 quadratic). California mixed-conifer maximum ASDI was similar among small-diameter (DR < 10 cm) and marginally lower for large-diameter mixed-conifer stands (DR > 25cm, Figure 3A). Setting DR. to the 10th percentile, predicted-maximum ASDI increased by 5% when Ndep increased from the 10th to 90th percentile. At the 90th percentile of DR, moving from the 10th to 90th percentile of Ndep reduced predicted California mixed-conifer maximum ASDI by 9%. For Douglas-fir, Ndep lowered maximum ASDI below approximately DR = 15cm while not substantially altering the MSDB in larger DR stands (Figure 3C). At the 10th percentile value of DR, shifting from the 10th to 90th percentile value of Ndep reduced predicted maximum Douglas-fir ASDI by 9.5%. At the 90th percentile value of DR, shifting from the 10th to 90th percentile value of Ndep increased predicted ASDI by 3%. In pinyon-juniper, stands growing under low N deposition exhibited a nearly linear MSDB (Figure 3D). The effect of Ndep on predicted maximum ASDI was minor for small-diameter stands. At the 10th percentile of DR, moving from the 10th to 90th percentile of Ndep lead to a 3.4% increase predicted maximum ASDI. As DR increased above approximately 25 cm, pinyon-juniper exhibited increasingly lower maximum predicted ASDI relative to low Ndep stands. At the 90th percentile of DR, a shift from the 10th to 90th percentile of Ndep translated to an 11% decline in predicted maximum ASDI. However, these distinctions were equivocal as there was limited separation and higher variability in MSDBs at both extremes of DR. For ponderosa pine, Ndep acted as a simple main effect where, when holding DR and AHM constant at their means, moving from the 10th to 90th percentile value of Ndep increased predicted maximum ASDI by 26% (Hyp. H14 quadratic, Figure 3B).
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FIGURE 3
 Plots of the tree density (trees ha−1)-size (Reineke’s diameter, cm)-relationship under the influence of N deposition (Ndep), based on plausible models for four forest types. Note that for Douglas-fir, the best-supported model did not include Ndep effects. (A) California mixed-conifer. (B) Ponderosa pine. (C) Douglas-fir. (D) Pinyon-juniper. Note that trees ha−1 was analyzed as the response variable and axes are flipped for reasons of convention. Inventory plots are depicted as gray dots. Lines and error ribbons (95% confidence interval) represent the predicted maximum size-density boundaries of plausible models for each forest type. Predictions are provided for the 10th (solid line and purple fill) and 90th (dashed line and orange fill) quantile of N deposition.





3.2 Mortality, recruitment and the shape of the MSDB


3.2.1 Mortality

The best-supported model for California mixed-conifer mortality ΔASDI included the main effects of TPH, DR, Ndep, and interactions of Ndep with TPH and DR (Hyp. H8, Table 5). Mortality increased more strongly with DR than TPH so that, while generally elevated along the MSDB, mortality was concentrated at higher values of DR (Figure 4A). Ndep interacted with structure. Holding DR constant at its mean, moving from the 10th to 90th percentile of Ndep increased mortality ΔASDI by 43% at the 10th percentile of TPH while reducing mortality 5% at the 90th percentile of TPH. Moving from the 10th to 90th percentile of Ndep increased mortality ΔASDI by 212% at the 10th percentile of DR while relative mortality declined by 25% at the 90th percentile of DR. No other model was plausible for this forest type. Please see Supplementary material S4 for a full list of mortality and recruitment model comparisons.



TABLE 5 Plausible and null hypothesis models of annual ASDI of mortality and recruitment for four forest types.
[image: Table5]
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FIGURE 4
 Heat maps of predicted tree mortality (Additive stand density index ha−1 yr−1, ΔASDI) based on plausible models for four forest types. Panels depict predicted mortality within tree density (trees ha−1)-size (Reineke’s diameter, cm) space, adjusting for the effects of climate or N deposition covariates. (A) California mixed-conifer, adjusted for nitrogen deposition (Ndep) main effects and interactions. (B) Ponderosa pine, adjusted for Ndep main effects and interactions (C) Douglas-fir, adjusted for growing degree days (DD5) main effect. (D) Pinyon-juniper, adjusted for annual heat-moisture index (AHM) main effect. Please note that density and size are log-transformed and reflect initial (t1) conditions. The color ramp for mortality is log-transformed and scaled by forest type for visibility, with large differences in scale among forest types.


For ponderosa pine mortality ΔASDI, the best-supported model contained the main effects of TPH, DR, Ndep, and interactions of Ndep with TPH and DR (Hyp. H8). Mortality was consistently elevated along the MSDB. N deposition interacted with structure (Figure 4B). Holding DR constant at its mean, moving from the 10th to 90th percentile of Ndep increased mortality ΔASDI by 667% at the 10th percentile of TPH while reducing mortality by just 51% at the 90th percentile of TPH. Holding TPH constant at its mean, moving from the 10th to 90th percentile of Ndep increased mortality ΔASDI by 708% at the 10th percentile of DR while reducing mortality by 34% at the 90th percentile of DR. No other model was plausible for this forest type.

For Douglas-fir mortality ΔASDI, the best-supported model contained the main effects of TPH, DR, and DD5 (Hyp. H5). Mortality ΔASDI varied little with DR but declined with TPH, with mortality concentrated in large-diameter stands that were not closely associated with the MSDB (Figure 4C). At the 10th percentile of TPH, mortality increased by only 3% when DR shifted from its 10th to 90th percentile. A the 90th percentile of TPH, mortality declined by 67% when DR shifted from its 10th to 90th percentile. The DD5 main effect translated to a 37% decline in mortality when DD5 shifted from the 10th to 90th percentile. No other mortality model was plausible for Douglas-fir.

The best-supported pinyon-juniper mortality ΔASDI model contained the main effects of TPH, DR, and AHM (Hyp. H6). However, pinyon-juniper models were the weakest of all forest types examined (pseudo-R2 = 8%). Mortality ΔASDI increased with TPH but not DR, rendering a band of elevated morality along the MSDB that was unevenly concentrated in small-diameter stands (Figure 4D). Holding DR and AHM constant at their means, a change in TPH from the 10th to 90th percentile corresponded with a 29% increase in predicted mortality. Holding TPH and AHM constant at their means, moving from the 10th to 90th percentile of DR resulted in a 34% decrease in predicted mortality. Mortality increased with the main effect of AHM, such that moving from the 10th to 90th percentile of AHM decreased mortality rates by 33%. No other mortality model was plausible for pinyon-juniper.



3.2.2 Recruitment

The best-supported models for California mixed-conifer, ponderosa pine, and Douglas-fir recruitment ΔASDI included the main effects of TPH, DR, PRATIO, and interactions of TPH with DR (Hyp. H12). Given the shifting ranges of TPH and DR in size-density space, we describe broad trends rather than effect sizes for this interaction. Under the TPH x DR interaction and holding PRATIO constant at its mean, predicted recruitment was higher in low-DR stands and increased more slowly with TPH relative to high- DR stands (Figure 5). Recruitment was lowest in stands that had both high DR and low TPH. Under the main effect of PRATIO, California mixed-conifer (Figure 5A), ponderosa pine (Figure 5C), and Douglas-fir (Figure 5E) recruitment declined by approximately 31, 47, and 71%, respectively, when PRATIO moved from the 10th to 90th percentile for each forest type. Given the limited gamut of PRATIO for California mixed-conifer, the PRATIO effect was proportionately strongest for this forest type. A second plausible California mixed-conifer recruitment model had a similar interaction between TPH and DR, but included the main effect of Ndep (Hyp. H13). Under this model, shifting Ndep from its 10th to 90th percentile increased recruitment ΔASDI by 35% (Figure 5B). A second plausible ponderosa pine model indicated that AHM acted as a main effect to influence recruitment (Hyp. H11). Moving from the 10th to 90th percentile of AHM reduced ponderosa pine recruitment by 44% (Figure 5D). No other models were plausible for California mixed-conifer and ponderosa pine.
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FIGURE 5
 Heat maps of predicted sapling recruitment (Additive stand density index ha−1 yr−1, ΔASDI) based on plausible models for four forest types. Panels depict predicted recruitment within tree density (trees ha−1)-size (Reineke’s diameter, cm) space, adjusting for the effects of climate or N deposition covariates. (A) California mixed-conifer, adjusted for nitrogen deposition (Ndep) main effect. (B) California mixed-conifer, (alt. model) adjusted for Ndep main effect. (C) Ponderosa pine, adjusted for the ratio of May–September to mean annual precipitation (PRATIO) main effect. (D) Ponderosa pine (alt model), adjusted for the annual heat-moisture index main (AHM) effect. (E) Douglas-fir, adjusted for the PRATIO main effect. (F) Pinyon-juniper, adjusted for the AHM main effect. Please note that density and size are log-transformed and reflect initial (t1) conditions. The color ramp for recruitment is log-transformed and scaled by forest type for visibility, with large absolute differences in scale among forest types.


For Pinyon-juniper recruitment ΔASDI, the best-support model contained the main effects of TPH, DR, the TPH x DR interaction, and AHM (Hyp. H11). ΔASDI increased more rapidly with TPH in high vs. low DR stands. Recruitment decreased with AHM, such that moving from the 10th to 90th percentile of AHM decreased recruitment rates by 50% (Figure 5F). No other mortality model was plausible for pinyon-juniper.





4 Discussion


4.1 The response of the MSDB to climate and N deposition as stands biologically mature


4.1.1 Climate factors

Previous studies have established that the slope or intercept of MSDBs varies with climate (Ducey et al., 2017; Pretzsch and Biber, 2022), but have not considered whether climate has more nuanced effects on the curvilinearity of the MSDB. We found that curvilinear MSDBs were present in all forest types but were contingent on climate factors in Ponderosa pine and Douglas-fir. PRATIO substantially altered the curvilinearity of the MSDB in ponderosa pine, with large-diameter stands subject to higher PRATIO exhibiting a shallower slope and lower maximum ASDI. Conifers use summer precipitation to a lesser extent compared to winter moisture that infiltrates soils to greater depths (Guo et al., 2018). Higher stand densities can increase interception and lower the retention of snowpack moisture important to sustaining large, deeply rooted ponderosa pine in the continental interior of its range (Gleason et al., 2017; Kerhoulas et al., 2023). Beyond ecohydrological hypotheses, PRATIO effects could reflect broad regional differences in productivity. Observed and modeled forest productivity is higher along the Pacific Coast states compared to the continental interior, reflecting a combination of summer moisture demand and milder winter temperatures (Weiskittel et al., 2011). Ponderosa pine stands subject to low PRATIO support higher site index and maximum SDI (Zhang et al., 2020), which could reflect rain shadow effects in settings such as the eastern Sierra-Cascades and Rocky Mountains (Harris and Taylor, 2020).

Our findings are in agreement with previous studies establishing the importance of site moisture to determining local maximum SDI, including both semi-arid (Kimsey et al., 2019) and temperate forests (Andrews et al., 2018; Pretzsch and Biber, 2022). For the mixed-species forest types, California mixed-conifer and pinyon-juniper, AHM effects could correspond with shifts in species composition. Arid conditions typically favor juniper over pinyon pine (Miller et al., 2019), and monospecific stands of juniper support lower maximum SDI compared to mixed pinyon-juniper stands (Schuler and Smith, 1988). For Douglas-fir, greater site moisture has been correlated with faster tree ring and carbon growth (Griesbauer et al., 2011; Roach et al., 2021). Locally steeper slopes in humid, small-diameter stands under the AHM x DR interaction in plausible alternative models for California mixed-conifer and Douglas-fir confirmed findings that higher site quality can steepen slopes by reducing self-thinning (Kweon and Comeau, 2021). Disproportionate impacts of AHM on maximum stocking in large-diameter stands of California mixed-conifer support findings that large-pine mortality odds were higher on more arid plots during the 2010s Sierra Nevada tree mortality event (Koontz et al., 2021).



4.1.2 N deposition

To our knowledge, our study is the first to link variation in the MSDB to N deposition. A previous experimental study found no long-term shifts in Norway spruce MSDB under fertilization (Pretzsch and Biber, 2022). Our examination of nonlinear N deposition effects over a wide range of stand structures may have allowed us to detect subtle trends not discernable in even-aged stands alone. For all four forest types, quadratic Ndep effects on curvilinearity were evident once controlling for aridity, as indicated by AHM (H16). In California mixed-conifer and Douglas-fir, Ndep slightly reduced the tradeoff between tree size and number in small-diameter stands. This behavior is in agreement with findings of steeper MSDB slopes with increasing site quality and rapid young-stand growth (Kweon and Comeau, 2021). Lower abiotic stress is expected to steepen self-thinning lines as competition shifts from size-symmetric for soil resources to size-asymmetric for light (Zhang et al., 2017). Meanwhile, more biologically mature stands of California mixed-conifer and pinyon-juniper showed marginally more restrictive size-density tradeoffs under heavier N deposition. This finding for mature stands may reflect the disproportionate benefits of higher resource availability to large-tree growth and accelerated self-thinning in smaller trees (Pretzsch and Dieler, 2010; Looney et al., 2021). Mature and old-growth stands may also be more sensitive to deleterious N deposition effects due to lower ecosystem demand (Latty et al., 2003). Meanwhile, our finding that N deposition raised overall stocking (increased the MSDB intercept) in ponderosa pine agrees with previous research finding a positive effect of site index on ponderosa pine maximum stocking (Zhang et al., 2020). Ponderosa pine forests in southern California have declined under extreme N deposition (Takemoto et al., 2001), but comparatively low rates of N deposition may have mild fertilization effects across the broader range of this species.

Our findings of MSDBs that were curvilinear depending on site conditions do not necessarily mean that self-thinning drove these relationships. Generational changes in overall carrying capacity, as indicated by increased slope coefficients, may drive apparent differences in MSDB slope. Yang and Brandeis (2022) noted that historical productivity gains through intensive forest management may distort loblolly pine (Pinus taeda) size-density space. Structural complexity might also mediate abiotic stress effects on MSDBs. Stands with more complex tree size distributions have weaker self-thinning (steeper MSDB slopes) compared to uniform stands (Pretzsch et al., 2024). Heavier N deposition is associated with disproportionately rapid large-tree growth in forests of the U.S. west coast, a growth pattern which can reinforce initially high structural complexity (Looney et al., 2021). Structural complexity could thereby conceivably mediate N deposition effects by promoting further vertical differentiation in tree size and reducing the intensity of self-thinning in already complex stands. Finally, tree interactions could have potentially shifted from competition to facilitation under both N deposition and climate. Facilitation is expected to strengthen under abiotic stress (Maestre et al., 2009) and paradoxically accelerate self-thinning (Zhang et al., 2017).




4.2 Mortality, recruitment and the shape of the MSDB


4.2.1 Mortality

The MSDB is traditionally assessed for even-aged stands dominated by self-thinning (e.g., Charru et al., 2012). Our examination of mortality across a wide gradient may therefore provide insights into whether competition consistently shapes the MSDB or whether it follows stand development models, where external disturbances replace self-thinning as the primary mortality agents affecting mature and old-growth stands (Oliver and Larson, 1996; Larson et al., 2015). We found that for all forest types, mortality ΔASDI varied with the main effects of TPH and DR but that these two aspects of stand structure did not interact (Hypothesis models 5, 7, and 8). The distribution of mortality in size-density space therefore represented the balance of density and mean stand diameter effects, as opposed to the inherent strength of the stand density effect changing as stands matured biologically.

Our analyses of mortality ΔASDI in size-density space revealed that mortality was consistently elevated along the MSDB for ponderosa pine, providing little evidence for large tree mortality (Zeide, 2010) as an explanation of curvilinear MSDBs in this forest type. While N deposition interacted with structure to reduce mortality in dense, large-diameter stands, N deposition had no apparent effect on the curvilinearity of the ponderosa pine MSDB. Relationships between N deposition and tree mortality are complex, with N deposition stimulating higher leaf areas and self-thinning while rendering mature trees more vulnerable to other stressors (Ibáñez et al., 2016; Fenn et al., 2020). Yet low rates of N deposition may be beneficial to survival (Horn et al., 2018). High stand density in fire-excluded western conifer stands can also create N limitation (Marshall et al., 2019) while promoting N throughfall (De Schrijver et al., 2007).

In California mixed-conifer, mortality was elevated along the MSDB but increased in large-diameter stands. This forest type therefore presented a case where mortality may have contributed to curvilinearity in the MSDB. California mixed-conifer stands experienced dramatic mortality in the 2010s, with the combined effects of drought and bark beetle outbreaks heavily impacting large ponderosa and sugar pine in dense stands (Fettig et al., 2019; Koontz et al., 2021). N deposition interacted with stand structure to influence mortality, but not in a way consistent with observed N effects on the MSDB. N deposition mitigated, rather than aggravated mortality in dense stands of large trees. Reduced mortality under N deposition may instead reflect N-driven compositional shifts. Declines in N-sensitive species could have favored white fir (Abies concolor) and incense-cedar (Calocedrus decurrens) (Takemoto et al., 2001), which were less susceptible to the 2010s regional tree mortality event (Fettig et al., 2019).

Mortality in Douglas-fir and pinyon-juniper presented reduced many stands below the MSDB, but did not clearly define its curvilinearity. Douglas-fir and pinyon pine showed elevated mortality concentrated at extremes of size-density space, but not closely corresponding with either the MSDB. Meanwhile structure did not interact with climate factors or N deposition. Douglas-fir demonstrated excessive mortality in open stands of large trees. Meanwhile, DD5 was negatively correlated with mortality. Higher degree days are associated with elevated productivity in coastal Douglas-fir, although high temperatures can lead to direct physiological stress and insect and disease issues (Agne et al., 2018). Pinyon pine models had weak explanatory power (Pseudo-R2 = ≤0.08), with mortality concentrated in dense stands of small trees. Heavy losses of large trees in 2000s pinyon-juniper mortality events (Negrón and Wilson, 2003; Mueller et al., 2005) may have lowered subsequent mortality risk in mature and old-growth stands (Flake and Weisberg, 2019).



4.2.2 Recruitment

Shaw and Long (2007) hypothesized that the inability of recruitment to recapture growing space was a driver of curvilinear MSDBs. Our analysis of recruitment found support for this hypothesis in all four forest types, with consistently lower overall recruitment in large-diameter stands, particularly under low TPH. Furthermore, in contrast to mortality, TPH commonly interacted with DR (Hypothesis models 11–13) indicating that density effects were contingent on biological maturity. Regeneration commonly shows a tradeoff between seed tree availability and stand density, with a combination of mature trees that can serve as productive seed sources and moderate stand density promoting high regeneration in empirical models of natural regeneration (Vandendriesche, 2010; Puhlick et al., 2012). Accumulations of litter in older, dense stands can also reduce regeneration success (Stein and Kimberling, 2003). Forest management could sustain biologically mature stands through practices such as group selection harvesting, which could provide an opportunity to bolster adaptation to global change and fire (Muller et al., 2019; York et al., 2021).

Climate factors and N deposition affected recruitment, but did not interact with forest structure. Our findings that ponderosa pine and Douglas-fir recruitment declined with increasing aridity, as indicated by AHM, are in agreement with previous studies of western U.S. forest regeneration in post-fire settings (Stevens-Rumann and Morgan, 2019). N deposition could increase California mixed-conifer seedling and sapling growth (Fenn et al., 2020). Our finding that recruitment varied with PRATIO was surprising given that the regeneration and growth of both Douglas-fir and ponderosa pine increase with summer moisture (Hankin et al., 2019). As with maximum SDI, rain shadow effects east of Maritime and Mediterranean coastal forests (Harris and Taylor, 2020) could also account for our recruitment results by limiting sapling growth rates.

Our findings have implications for commonly used silvicultural planning tools. Density management diagrams assume that stands fall into different density management zones representing consistent thresholds of the onset of competition, optimal potential growth, and density-dependent mortality (Ray et al., 2023). Our findings challenged this assumption. Mortality was inconsistent across size-density space for all forest types besides ponderosa pine. Recent major disturbance events, such as southern Sierra Nevada and southwestern Pinyon-juniper mortality (Mueller et al., 2005; Fettig et al., 2019), may be leading to fundamental reorganizations of growing space for these forest types. When designing thinning treatments to capture mortality, mature stands of forest types such as California mixed-conifer may warrant prioritization and more severe treatment relative to juvenile stands. Meanwhile, the MSDB may provide an imperfect guide to anticipating contemporary mortality in Douglas-fir and pinyon-juniper. More sophisticated growth and yield models such as the Forest Vegetation Simulator often rely on maximum SDI to predict mortality (Crookston and Dixon, 2005). The use of maximum SDI developed for even-aged stands could also lead to erroneous mortality predictions for mature stands under global change.



4.2.3 MSDBs and the mature stand boundary (MSB)

The MSDB deviated from linear in every forest type examined, with the degree of curvilinearity always contingent on either climate factors or N deposition. While the −3/2 log self-thinning “rule” (Yoda, 1963) has been historically useful (Long et al., 2004), our findings suggest that allowing for greater nuance in the study of tree competition dynamics could advance both forest ecology and density management. Although ours is the first study to quantify curvilinearity in the MSDB for these forest types within their native range, Charru et al. (2012) found evidence that European stands of Douglas-fir also exhibited a curvilinear MSDB. In addition to being contingent on abiotic covariates, curvilinear MSDBs were generally gradual and did not show abrupt thresholds resembling the MSBs of previous studies of even-aged stands (Shaw and Long, 2007; Vacchiano et al., 2013). The MSB may, therefore, not be a regular feature of the transition between Oliver and Larson’s (1996) Understory Reinitiation and Old Growth stages of stand development. Compared to studies focusing on even-aged stands which found abrupt MSBs, our findings were similar to those of Charru et al. (2012), who found evidence of gentler curvilinear MSDBs in several forest types when examining both even-aged and irregular stands.

A limitation of our study was that we were limited to interpreting results in terms of a continuous gradient of biological maturity as indicated by mean stand diameter. While using the MSDB to define the thresholds of the mature and old-growth stages was beyond the scope of our paper, this approach would be overly simplistic for classifying discrete stand development stages. For example, new age classes or cohorts of trees emerging in Oliver and Larson’s (Oliver and Larson, 1996) Understory Reinitiation or Old-growth phases would be expected to reduce mean stand diameter. In any case, the lack of well-defined MSBs independent of site quality suggests the concept of the MSB alone has limited potential to consistently define the thresholds of mature or old-growth conditions. Future studies seeking to refine mature and old-growth classifications might integrate MSDBs, mortality, and structurally-based indices of mature and old-growth stands, such as the Forest Inventory Growth Stage System developed for the FIA dataset (Woodall et al., 2023).





5 Conclusion

Our findings shed light on the nature of the MSDB when extended from its traditional focus on relatively young, even-aged stands to encompass mature and old-growth stands. Rather than a mature stand boundary being a regular feature of stand development, we found that the curvilinearity of the MSDB could encompass the full range of stand diameters or be most evident in biologically young stands. Climate and N deposition also had previously unappreciated interactions with mean stand diameter altering the curvilinearity of the MSDB. Instead of these site factors consistently altering local maximum SDI for a given forest type, we found that climate and N deposition commonly restricted local maximum SDI depending on the stage of stand development. While the precise mechanisms at play remain unresolved, our results suggested how site factors alter the processes of self-thinning, recruitment, growth, and disturbance susceptibility that ultimately shape the limits of tree size and density across the landscape. Our results caution against assuming self-thinning is consistently the primary stand dynamic structuring the MSDB, as has been implied through the interchangeable use of these terms in the literature. More importantly, accurately understanding the limits of feasible stand structures is critical to forest management. Our work can help avoid overly optimistic silvicultural planning for mature stands that may arise from extrapolating existing principles and models from simpler, even-aged systems, particularly on sites representing extremes of climate or N deposition.
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Descriptiol
Log-transformed trees per hectare

Annualized additive stand density index of
mortality trees (3254 cm DBH) dying between

plot measurements

Annualized additive stand density index of
‘mortality trees (>2.54 cm DBH) dying between

plot measurements
Reineke’s diameter
Log-transformed trees per hectare
Growing degree days above 5°C

Annual heat-moisture index based on ratio of
mean annual temperature to precipitation

((MAT+10)/(MAP/1000))

Ratio of May-September precipitation to mean

annual precipitation

Combined wet and dry nitrogen deposition

*Calculated for start of observation period for use as predictor of Q2 mortality and recruitment.

Interpretatior
Higher values = higher stem density
Higher values = greater gross
declines in stand density from

mortality
Higher values = greater gross
increases in stand density from
recruitment

Higher values = greater average
stand diameter

Higher values = higher stem density
Higher values = greater thermal
loading

Higher values = greater moisture

limitation

Higher values = greater fraction of
MAP falling within growing season
Higher values = higher deposition
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Forest

type

CA mixed- 24374 17.7 (7.0)

conifer (555.2)

Ponderosa pine 18138 327(90)
(372.1)

Douglas-fir 18675 162(87)
(505.6)

Pinyon-juniper 2456.0 57.7(15.2)
(506.8)

DD, growing degree days in excess of 5°C; AHM, annual heat-moisture index; PRATIO, ratio of mean May-September precipitation/mean annual precipitation; Ndep, nitrogen deposition;

Dy, Reinekes diameter; ASDI, additive stand density index.
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