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A B S T R A C T  

Understanding how stand structure responds to stresses such as drought and pollution could aid forest managers 
in evaluating silvicultural treatment success, predicting treatment durability, and designing adaptive manage-
ment approaches. The size-growth relationship (SGR), a measure of growth partitioning among different size 
trees in a stand, may provide a means of linking stresses impacting individual trees to forest stand development 
and growth. No study to date has tested SGR’s response to drought and pollution, specifically N deposition, 
across landscapes. We combined Forest Inventory and Analysis (FIA) stand development and plot-level lichen 
bioindicator data on N deposition with climate data denoting moisture availability. Using linear regression, we 
examined SGR, stand structural complexity, individual tree growth and mortality in largely multi-aged, mixed 
species stands in California, Oregon, and Washington, USA, coniferous and pine-oak forests. Our goals were to 
determine a) the influence of moisture availability and/or N deposition on SGR, b) whether SGR translates to 
differences in stand structural complexity over time, and c) the extent to which SGR mediates the impacts of 
abiotic stress on tree growth and mortality. Consistent with previous research, our results indicated that SGR 
increased with stand density, indicative of larger trees possessing a disproportionate advantage in aboveground 
competition for light. SGR declined linearly with stand age, trending over time towards disproportionately slow 
large-tree growth. SGR strongly increased with low-moderate bioindicated N deposition, which is consistent with 
past findings that SGR increases with site quality and suggests that N deposition disproportionately increases 
growth in larger trees. We did not find evidence that drought stress (as indicated by the Palmer Drought Severity 
Index) influenced SGR. Stands that were already more structurally complex showed further gains in complexity 
under high SGR (disproportionately rapid large-tree growth), whereas stands that were initially structurally 
simpler increased in complexity under low SGR (disproportionately slow large tree growth). As such, individual- 
tree growth and mortality may drive changes in complexity. Our results support the utility of SGR as a predictor 
of how stress impacts stand structure, but only when accounting for initial structural complexity. Our findings 
also have implications for the design and durability of silvicultural treatments, given that silvicultural pre-
scriptions often involve the manipulation of tree size distributions. Moreover, these findings underscore the 
importance of accounting for the historical influence of N deposition on stand development during treatment 
planning, as well as the likelihood of socioeconomic changes altering N deposition in the future.   

1. Introduction 

Silviculture seeks to develop effective approaches for sustaining 
ecosystem services (Puettmann et al., 2009) and lowering vulnerability 
to global change (Nagel et al., 2017). Within the realm of silviculture, 
ecological forestry approaches such as variable retention harvesting and 
irregular shelterwoods can enhance present ecosystem services by 

increasing structural heterogeneity (Franklin et al., 2007; Raymond 
et al., 2009). Increased structural heterogeneity may also reduce risks 
from global change-related stresses such as drought, invasive species, 
and air pollution, while fostering transitions to future-adapted tree 
species (Muller et al., 2019). Understanding how stand structure de-
velops in response to stress could allow managers to better evaluate 
treatment success, predict treatment durability, and guide adaptive 
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management. 
Stand response to stress is most often evaluated in terms of growth 

(Bottero et al., 2017; Jucker et al., 2016) and tree mortality (Zhang et al., 
2013). Evidence from long-term stocking studies suggests thinning even- 
aged stands enhances resistance and resilience of growth to drought 
(Bottero et al., 2017; Zhang et al., 2019). However, tree sensitivity to 
stress commonly changes with tree size, leading to within-stand varia-
tion in stress effects (Trouillier et al., 2019). Over time, such nuanced 
stress effects may alter structural complexity (Pretzsch and Dieler, 
2010), which may be a more consequential response than stand growth 
for objectives such as maintaining wildlife habitat or fire risk reduction 
(Bauhus et al., 2009; Ziegler et al., 2017). Quantifying within-stand 
variation in growth can aid the design of more efficient silvicultural 
treatments (Bradford et al., 2010). 

The size-growth relationship (SGR) may provide an effective means 
of linking stresses impacting individual trees to stand development and 
growth (Forrester, 2019). SGR is a measure of growth partitioning 
among different size trees in a stand (Pothier, 2017; Pretzsch and Biber, 
2010). High SGR indicates disproportionately rapid large-tree growth, 
which is predicted to reduce variation in tree size during stand devel-
opment (Forrester, 2019). In contrast, low SGR indicates high small-tree 
vigor and potential for release from disturbance (Bradford et al., 2010). 
The size-growth relationship has strong parallels to the concept of 
competition symmetry (Pretzsch and Dieler, 2010). High SGR values 
signify partial size asymmetry (larger trees monopolize resources, as 
with competition for light); a 1:1 correspondence between growth and 
size signifies perfect size symmetry (resource distribution proportional 
to tree size), and low values signify partial size symmetry (suppressed 
growth of large relative to small trees assumed to result from limitations 
in below-ground water and nutrient resources; Pretzsch and Dieler, 

Fig. 1. Map of study plot locations in the U. 
S. States of California, Washington, and 
Oregon. Plot locations are based on publicly 
available (~800 m fuzzed) plot coordinates. 
The left panel depicts the nitrogen deposition 
air score (N airscore) within each FIA plot. 
The right panel summarizes the Palmer 
Drought Severity Index (PDSI) at each sam-
ple plot location based on climate records 
corresponding with individual-plot remea-
surement periods. Values of both indices are 
converted for Z-scores for consistent display.   

2010; van Kuijk et al., 2008). Although SGR has inconsistent direct ef-
fects on stand growth (Dye et al., 2019), it may nevertheless impact 
stand structure. Over time, high SGR may diversify tree diameter dis-
tributions as larger trees accelerate in growth (Forrester, 2019), pro-
vided that smaller trees do not experience self-thinning mortality 
(Pretzsch and Dieler, 2010). 

In addition to quantifying trends in stand structural development, 
increasing evidence suggests SGR is sensitive to environmental fluctu-
ations (Pretzsch and Dieler, 2010). SGR can vary with site quality and in 
response to stresses such as drought and pollution. Higher SGR is asso-
ciated with higher site index, an indicator of long-term site productivity 
(Pretzsch and Dieler, 2010). Temporary declines in SGR are associated 
with drought in both hardwood and conifer stands (Castagneri et al., 
2012; Looney et al., 2016; Pretzsch and Dieler, 2010). A fumigation 
experiment found tropospheric ozone reduces SGR by disproportion-
ately reducing large tree growth, particularly in wetter years (Pretzsch 
and Dieler, 2010). Nitrogen (N) deposition may also potentially alter 
SGR, although its effects remain unclear. In general, N deposition in-
creases tree leaf area and susceptibility to physical damage, drought, 
and mortality (Carter et al., 2017; Fenn et al., 2020). However, Ibáñez 
et al. (2018) found that N deposition helped sustain the growth of in-
dividual sugar maple (Acer saccharum L.) trees under drought, rather 
than antagonizing water limitation. No study to date has tested how SGR 
responds to drought and pollution, in particular N deposition, across 
landscapes. 

Pollutants such as N deposition are quite variable over short dis-
tances and may be attenuated or concentrated by local topography and 
stand structure (Jovan et al., 2021). To avoid the resolution limitations 
and interpolation issues of gridded datasets for N (Walker et al., 2019), 
land managers in the western U.S. and elsewhere commonly use 
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Table 1 
Description of predictor and response variables used in modeling.  

Analysis Variable Level Description Data source 

SGR, 
ΔSCI, 
G, M 

ΔSCI 

ΔSCI 

SGR, SCI 

SGR, SCI 

SGR, G 

SGR 

SGR 

M 

G, M 

G 

M 

G, M 

M 

SGR 

ΔSCI 

SCI 

Stand 
age 
SDI 

Heat 
load 
N 
airscore 
CMD 

REMPER 

SDIL 

Growth 

Status 

DBH 

LCR 

Plot 

Plot 

Plot 

Plot 

Plot 

Plot 

Plot 

Plot 

Plot 

subplot 

Tree 

Tree 

Tree 

Tree 

Metsaranta & Lieffer’s 
(2010) index, proportional 
size vs. growth 
Periodic change in 
structural complexity index 
Initial value of structural 
complexity index  
Estimated predominant 
breast height tree age 
Stand density index* 

Heat load based on aspect, 
slope, latitude 
N deposition index within 
FIA plots 
Ratio of total precipitation/ 
actual evapotranspiration 
Plot remeasurement period 
(yr) 
SDI of trees larger than each 
subject tree sharing a 
sample plot 
Net sound cubic volume 
increment (m3 tree-1 

year�1) 
Tree status (0 =  live, 1 =  
dead) upon plot 
remeasurement 
Initial tree diameter at 
breast height 
Initial tree live crown ratio 

FIADB-
derived 

FIADB-
derived 

FIADB 

FIADB-
derived 
FIADB-
derived 
Bioindicators 
DB 
Terraclim 

FIADB 

FIADB-
derived 

FIADB 

FIADB 

FIADB 

FIADB 

Note: Abbreviations note explained in the table are as follows: G = individual-
tree growth, M = individual-tree mortality, FIADB = Forest Inventory and 
Analysis Database, Biodindicators DB = FIA lichen macrodatabase, Terraclim = 
TerraClimate dataset (Abatzoglou et al., 2018). Level indicates whether a vari-
able is assessed plot-wide, within subplots (nested subplots and macroplots), or 
for individual-trees. 

* SDI calculated using the summation method based on individual-tree di-
ameters (Long and Daniel, 1990). 

epiphytic lichen communities as inexpensive in-situ bioindicators of 
long-term N deposition (e.g., Jovan et al., 2021; Root et al., 2015). Li-
chens derive the majority of essential nutrients such as N directly from 
the atmosphere (Root et al., 2015), removing the mediating effects of 
factors such as soils. Lichen species show distinct tolerances for envi-
ronmental N, with strong correlations between functional group rich-
ness/evenness and N deposition (Jovan, 2008). Forest Inventory and 
Analysis (FIA) lichen bioindicator data has been applied to a broad va-
riety of ecological research (e.g., Jovan et al., 2020, Appendix 1), 
contributing to a global assessment of N deposition effects on plant di-
versity (Bobbink et al., 2010) and an investigation into the cascade ef-
fects of N eutrophication on ecosystem services in US ecoregions ranging 
from temperate forest to desert (Clark et al., 2017). However, to our 
knowledge, no previous study has used lichen bioindicator data to 
examine N deposition effects on forest stand dynamics. 

To investigate how SGR responds to drought and air pollution, we 
combined FIA stand development and plot-level lichen bioindicator data 
on N deposition with climate data denoting moisture availability. We 
examined SGR, stand structural complexity (defined as a gradient 
ranging from simple, unimodal diameter distributions associated with 
even-aged stands to right-skewed or multimodal distributions associated 
with uneven-aged stands; Ducey, 2009), individual tree growth and 
mortality in largely multi-aged stands in coniferous and pine-oak forests 
in the U.S. Pacific Coast states of California, Oregon, and Washington. 
Our goals were to determine a) the influence of moisture availability and 
N deposition on SGR, including possible interactions between these 
stressors, b) whether SGR translates to difference in stand structural 
complexity over time, and c) the extent to which SGR mediates the 

impacts of abiotic stress on tree growth and mortality. Evaluating SGR as 
a driver of historical stress-growth-stand structure patterns could 
potentially aid the management of western U.S. forests, where 
increasing drought and air pollution may have unanticipated conse-
quences for stand development. More broadly, it will help determine the 
utility of the metric for assessing the success and durability of silvicul-
tural treatments designed to mitigate global change impacts. 

2. Materials and methods 

2.1. Study system and plot selection 

We based this study on national inventory data from the USDA Forest 
Service Forest Inventory and Analysis (FIA) program. We selected data 
from the Pacific Northwest region of FIA, encompassing the states of 
California, Oregon, and Washington. This region shares a common FIA 
sampling protocol (Waddel, 2013). The climate is Mediterranean from 
the coast through the western Sierra and Cascade ranges. Summers are 
warm and most precipitation occurs in winter as rainfall that becomes 
snow in the north and at higher elevations. East of the mountain ranges, 
climate is more arid and continental, with more precipitation occurring 
as winter snowfall (Western Regional Climate Center, 2021). Incorpo-
rating data from across this large region both enhanced sample sizes and 
assured greater variation in drought and air pollution across time and 
space. Among the plots selected for this study, elevation ranged from 30 
to 2160 m. Publicly available plot coordinates, fuzzed by ~ 800 m from 
true locations (Bechtold and Patterson, 2005), ranged from 37.53 to 
48.77◦ degrees latitude and from �117.3 to �124.3◦ longitude (Fig. 1). 
Mean plot precipitation over the prior 10 years ranged from 240.1 to 
5041.0 mm yr�1, and mean annual temperature over the study period 
from 3.3 to 15.0 ◦C (PRISM Climate Group, 2019). 

We queried forested plots (≥10% canopy cover) falling within a 
single stand, or “condition” in the FIA database (condition table: con-
dprop_unadj > 0; Woudenberg et al., 2010). We selected plots free of 
recent treatment or natural disturbance (≥25% of trees per species 
impacted ; Woudenberg et al., 2010). Under the present annual in-
ventory plot design, 4 × 0.016 ha subplots are used to measure trees 
(>12.7 cm diameter at breast height (DBH)) and 4 × 0.0013 ha 
microplots to measure saplings (>2.54 DBH < 12.7 cm). Large trees 
(generally ≥ 60.1 cm but up to ≥ 76.2 cm DBH depending on locale) are 
measured on annular macroplots (0.101 ha). Plots are targeted for 
remeasurement every 10 years, and we included only plots with 8 yr < 

remeasurement period < 12 yr for consistent growth estimates. At the 
time of querying (8/14/2020), sampling dates of selected plots ranged 
from first measurements in 2006 to second measurements in 2018. 

We dropped plots that did not have at least 1 lichen bioindicator 
visit, consisting of a timed survey of up to 2 h by a specially-trained field 
crew who noted the abundance of all epiphytic macrolichen species 
using broad abundance classes (Jovan et al., 2020). We also excluded 
plots with < 10 trees for accurate regression-based SGR estimates and 
with stand ages < 20 and > 250 years to avoid the confounding influ-
ence of succession in the lichen bioindicator community. Lastly, we 
dropped individual trees with a non-positive net volume increment, 
assuming these represented cases where growth was within measure-
ment error or reflected cull due to damage, as well as trees on low-
productivity plots where preliminary analysis found no net growth. 
Based on these criteria, from our initial sample of 5,847 plots, we 
retained 463 plots consisting of a variety of forest types ranging from 
coastal redwood and Douglas-fir to lower-productivity interior ponder-
osa pine and foothill oak woodlands (See Appendix Table A.1). Plot 
densities were higher in Oregon and Washington, reflecting both the 
higher intensity of bioindicator program sampling on National Forest 
lands in these states (Jovan et al., 2020) and extensive disturbance in 
California’s southern Sierra Nevada and Transverse Ranges (Preisler 
et al., 2017). 
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Table 2 
List of different hypothesis models evaluated for size-growth relationship (SGR), 
structural complexity index (SCI), growth, and mortality responses in this study. 
Null model terms (e.g., stand age and SDI for SGR) are included in all models for 
a given response.  

Response Hypothesis Response varies as a function of: 

SGR SGR0 Null model (stand age, SDI, CMD) 
SGR SGR1 Null model, PDSI 
SGR SGR2 Null model, N Airscore 
SGR SGR3 Null model, PDSI, N Airscore 
SGR SGR4 Null model, PDSI, N Airscore, PDSI × N Airscore 
ΔSCI ΔSCI0 Null model (stand age, SDI, initial SCI) 
ΔSCI ΔSCI1 Null model, SGR 
ΔSCI ΔSCI2 Null model, SGR, SGR × stand age 
ΔSCI ΔSCI3 Null model, SGR, SGR × SCI 
G/M G0/M0 Null model (DBH, heat load, SDIL, CMD, plus rem.per for 

mortality models) 
G/M G1/M1 Null model, SGR 
G/M G2/M2 Null model, SGR, DBH × SGR 
G/M G3/M3 Null model, PDSI 
G/M G4/M4 Null model, N airscore 
G/M G5/M5 Null model, N airscore, PDSI 
G/M G6/M6 Null model, SGR, PDSI 
G/M G7/M7 Null model, SGR, N airscore 
G/M G8/M8 Null model, SGR, N airscore, PDSI 
G/M G9/M9 Null model, DBH × SGR, PDSI 
G/M G10/M10 Null model, DBH × SGR, N airscore 
G/M G11/M11 Null model, SGR, N airscore, PDSI, N airscore × PDSI 

Note: Please see Table 1 for abbreviations of model responses and terms. 

2.2. Size-growth relationship 

We selected Metsaranta and Lieffer’s (2010) index to represent SGR 
in this study based on its relative ease of calculation and use of stan-
dardized tree growth and size, which facilitates interpretation (For-
rester, 2019). Metsaranta and Lieffer’s (2010) SGR is based on the slope 
of the linear regression between individual-tree proportional growth 
and proportional initial volume. Both growth and volume are center log- 
ratio transformed (Aitchison, 1986), making individual tree contribu-
tions proportional to stand totals. These transformations linearize re-
lationships between growth and volume, an assumption we visually 
confirmed for a random sample of trees (N = 50). We dropped plots with 
< 10 trees to assure adequate sample sizes for linear regression (Ellison 
and Gotelli, 2004). We calculated a single plot estimate of SGR based on 
plot trees pooled across subplots. We based SGR on net sound cubic 
volume and volume increment, which discounts volume and growth lost 
to rot, cull, or stem breakage (Table 1; Woudenberg et al., 2010). Dead 
trees and ingrowth were excluded from SGR calculations. The average 
number of trees included in SGR estimates was 27.0 (SD = 12.3). 

Values of SGR = 1 signify tree growth directly proportional to size, or 
perfect size-symmetry (Metsaranta and Lieffers, 2010; Pretzsch and 
Dieler, 2010). Values > 1 signify disproportionately high large-tree 
growth, corresponding with partial size-asymmetric competition. 
Values < 1 signify disproportionately low large tree growth, or partial 
size-symmetry. Values ~ 0 signify equal (absolute) growth among trees 
regardless of size. 

2.3. Climate and N deposition 

We summarized within-site drought stress using the Palmer Drought 
Severity Index (PDSI; Palmer, 1965). We represented long-term across-
site variation in moisture stress using the climatic moisture deficit 
(CMD), defined as the difference between potential evapotranspiration 
(PET) and actual evapotranspiration (AET). Following Stephenson 
(1998), potential evapotranspiration is defined as evapotranspiration 
from a standard crop given the availability of sufficient water, while 
actual evapotranspiration is the evaporative water loss from a given site 
covered by a hypothetical standard crop given observed water avail-
ability. This index has strong performance in predicting tree species 

distributions (Lutz et al., 2010) and growth across landscapes (Restaino 
et al., 2016). In contrast, precipitation and temperature variables may 
yield misleading inferences regarding growth-climate relationships 
based on periodic growth data and space-for-time substitution (Klesse 
et al., 2020). We used 4 km gridded PDSI estimates from Terraclim, 
which are based on a Thornthwaite-Mather model (Abatzoglou et al., 
2018). We joined PDSI estimates to sample plot locations with bilinear 
interpolation using the raster package (Hijmans et al., 2020) for R (R 
Core Team, 2018). Monthly PDSI records were summarized to mean 
periodic PDSI based on the most recent date and interval between 
measurements for each plot. For CMD, we used long-term (1961–1991) 
4 km-resolution norms from the UBC Climate NA project (Wang et al., 
2016) incorporated into the FIA lichen bioindicators database for each 
true FIA plot location (Jovan et al., 2020). 

‘N airscores’ is the primary species composition index used to esti-
mate N with the FIA lichen dataset (Geiser et al., 2019). In brief, N 
airscores are the average deposition tolerance of all lichen species 
occurring at a site. Low scores mean the site has a high proportion of 
deposition-sensitive species tolerating only “clean” conditions; high 
scores mean the site has a high proportion of deposition-tolerant species 
characteristic of “dirty” conditions. As N airscores are weighted by the 
abundance of species found during the FIA lichen bioindicator visit, each 
species has more emphasis on parts of the deposition gradient where it is 
more abundant and less emphasis where it is rare. The distribution of 
sample plots also reflected more intense bioindicator sampling in the 
Pacific Northwest states of Washington and Oregon (Fig. 1). The 
comparatively fewer plots in California were restricted to the northern 
half of the state. The calculations used to synthesize the N airscore index 
from lichen community data help minimize age-related effects and, thus, 
the confounding influence of succession on N airscore estimates (Geiser 
et al. 2019). Additionally, the age range of trees included in this study 
(≥20 ≤ 250 years) eliminated the extremes of successional stages, i.e., 
stands too young to be colonized by lichen and stands dominated by a 
special community of rare old-growth lichens. 

Periodic mean plot PDSI ranged from �1.64 (mild drought) to 0.94 
(mildly moist), averaging �0.18 (SD = 0.41). Periodic PDSI values were 
lower east of the Sierra Nevada and Cascade Range in California and 
Oregon, as well as along the central Oregon coast. Mean annual climatic 
water deficit ranged from 11.1 mm yr�1 (most humid) to 862.0 mm yr�1 

(most xeric), averaging 358.3 mm yr�1 (SD = 169.0). Long-term climatic 
moisture deficit generally decreased with latitude and proximity to the 
coast. The average N airscore among plots selected for this study ranged 
from 1.6 (cleanest) to 9.6 (most polluted), with an average score of 4.7 
(SD = 1.7). Plots east of the Cascade Range in eastern Oregon had the 
cleanest air scores. Areas of notably high N deposition included the 
California central valley, western Washington, and northwestern 
Oregon. 

2.4. Linear plot-level SGR and structural complexity models 

We built a series of competing generalized linear models of SGR as a 
function of PDSI and the lichen index of N deposition (i.e., N airscores). 
Stand age, stand density, and climatic moisture deficit terms were 
included in all models. Stand age has generally been linked to declining 
SGR following stand establishment (Binkley et al., 2006; Pothier, 2017). 
Stand density is also important predictor of SGR, influencing the 
strength of many interactions between neighboring trees, such as light 
competition, that affect tree resource use efficiency (Pothier, 2017). We 
used stand density index (SDI; Reineke, 1933), based on the summation 
of individual-tree SDI to accommodate irregular stand structures (Long 
and Daniel, 1990). The size-growth relationship is also sensitive to 
general site quality (Pretzsch and Dieler, 2010). We chose long-term 
CMD as a basic climatic indicator of site quality, as tree growth-based 
indicators such as site index incorporate soil nutrient status (Danescu ˘

et al., 2017), potentially obscuring N deposition impacts. Our null hy-
pothesis model was that SGR varied as a function of stand age, SDI, and 
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long-term CMD. Alternative hypothesis models examined the individual, 
combined, and interactive influences of recent PDSI and N deposition 
(Table 2). 

Higher values of SGR are divergently predicted to either increase 
(Forrester, 2019) or decrease (Pretzsch and Dieler, 2010) stand struc-
tural diversity. To determine whether SGR influences structural di-
versity, and by extension, mediates any PDSI or N deposition effects, we 
modeled the response of Ducey’s (2009) SDI-based index of structural 
complexity to SGR. Because quadratic mean diameter varies depending 
on distribution skew, Reineke’s (1933) SDI commonly underestimates 
stocking in structurally complex stands where mean tree size is less than 
the median (Ducey, 2009). The ratio of conventional to summation SDI 
therefore indicates structural complexity. For ease of interpretation, we 
rescaled this ratio to form a structural complexity index: 

SDIReinekeSCI = 1 �( )
SDIsummation 

Where SDIReineke is stand density index, calculated using Reineke’s QMD 
method, and SDIsummation is the additive SDI of individual trees. Values 
> 1 indicate multimodal or reverse-J DBH distributions more charac-
teristic of uneven-aged stands (Ducey, 2009). Values ~ 1 are indicative 
of even-aged stands with normal diameter distributions. 

We analyzed the change in SCI between plot measurements (ΔSCI) 
using generalized linear modeling. Our null ΔSCI model included SCI 
change as a function of stand age, site class, SDI, and initial SCI 
(Table 2). Our first alternative model added the main effect of SGR to 
these terms. A second alternative model examined whether an SGR × 
initial SCI interaction additionally influenced ΔSCI. The third alterna-
tive model investigated whether SGR instead interacted with stand age 
to affect ΔSCI. 

2.5. Linkages among SGR, stand structural complexity, tree growth, and 
mortality 

The size-growth relationship is thought to primarily reflect the 
growth efficiency of large trees rather than smaller stems (Baret et al., 
2017). In addition, a retrospective study of boreal quaking aspen (Pop-
ulus tremuloides Michx.) found that tree mortality may drive variation in 
SGR, particularly over longer reconstructions (Metsaranta, 2020). To 
better illuminate the roles of size-dependent growth and mortality on 
SGR, we examined individual-tree growth records. We also used this 
analysis to infer whether these processes contributed to any observed 
SCI-SGR relationships. 

Our individual-tree mortality analysis was based on all trees entering 
the study alive (N = 15,706 trees), whereas growth analyses censored 
trees that died between measurements to focus on survivor growth only 
(N = 13,529 trees). For growth, we used annual net sound volume 
increment as per stand-level models. For mortality, we used binary live/ 
dead tree status at the time of remeasurement. We followed widespread 
individual-tree modeling approaches to build null models of basic pre-
dictors (Crookston and Dixon, 2005). Our null tree growth model 
included initial tree diameter, heat load (McCune, 2007), and compe-
tition based on relative tree sizes. Our competition index (SDIL; del Río 
et al., 2014) was based on subplot-level SDI but modified as follows to 
only include subplot neighbors larger than each subject tree: 

(
Dj∑n )1.605 

SDIL = 
25

j = 1 
Dj > Di 

where Di is the diameter of target tree i, Dj is the diameter of plot 
neighbor tree j, and n is the total number of subplot neighbors. Our null 
tree mortality model included the terms of initial tree diameter, and 
SDIL. In addition, we included live crown ratio (LCR; crown length/total 
tree height), a common indicator of tree vigor (Zarnoch et al., 2004). To 

represent long-term site moisture, we included 1961–1991 CMD norms 
in both sets of models. We also included remeasurement period to ac-
count for the 8–12 yr observation window among plots. We used linear 
mixed modeling for SGR and SCI models with a Gaussian error distri-
bution. To help control for differences in mean SGR and SCI among 
forest types, we included FIA forest type as a random effect. Individual- 
tree growth models contained the random effect of plot and subplot 
nested within plot, as well as a separate random effect of tree species to 
avoid the confounding influence of species composition. Individual-tree 
mortality models only included plot and species random effects due to 
the rarity of mortality within individual subplots. 

Based on these null growth and mortality models, we created 11 
alternative models for each individual-tree response (Table 2). Our first 
alternative examined the main effect of SGR on growth and mortality. 
The second alternative included the main effect of SGR, as well as the 
SGR × DBH interaction. Alternatives 3–5 examined support for PDSI, N 
airscore, and combined PDSI and N airscore effects on individual-tree 
performance. Alternatives 6–8 iteratively compared the individual and 
combined effects of PDSI and N airscore in addition to SGR. Alternatives 
9 and 10 examined the main effects of SGR and the initial diameter × 
SGR interaction in addition to PDSI and N airscore, respectively. The 
final alternative included the main effects of PDSI, N airscore, SGR, and 
the PDSI × N airscore interaction. Support for an interaction between 
SGR and DBH in models 2, 9, and 10 would provide evidence that SGR 
altered the size-dependence of growth or mortality. In the case of models 
6–11, substantial support for PDSI and N effects in the presence of an 
SGR term would suggest SGR does not fully mediate these effects. 

2.6. Statistical procedures and model selection 

We used the information-theoretic framework with corrected 
Akaike’s information criterion (Sugiura, 1978) to compare evidence for 
alternative hypothesis models (Burnham and Anderson, 2002). We 
considered models plausible and warranting inference when ΔAICc 
values were within 6 units of the best-approximating model that did not 
contain better-supported nested models (Richards, 2008). We also 
dropped models with higher AICc support if they were within 2 ΔAICc of 
simpler alternatives (Burnham and Anderson, 2002). To aid readers in 
evaluating relative model support, we calculated the evidence ratio, 
which indicates the likelihood of the best-approximating model being 
valid relative to competing models (Burnham and Anderson 2002). 

We confirmed the linearity of bivariate relationships among SGR, 
ΔSCI, net sound cubic volume growth, and predictor variables. We 
examined residuals plots to assess model assumptions of normal re-
siduals, linearity, and homogeneous variance. We used log-gamma 
models for individual-tree growth. We modeled binary tree status 
(live/dead) data using a logit link to the binomial error distribution. We 
inspected model residuals for normality of residuals, homoscedasticity 
and linearity. We log-transformed SDI in plot-level SGR and SCI models, 
and log-transformed initial diameter in individual-tree growth models to 
meet these model assumptions. Predictor variables were scaled and 
centered (converted to Z-scores) for analysis and back-transformed for 
presentation. 

We performed all generalized linear mixed modeling with the 
glmmTMB package (Magnusson et al., 2018) for R (R Core Team, 2018) 
using maximum likelihood estimation. We used the MuMIn package 
(Barton, ´ 2017) to perform model comparisons with AICc and calculate 
conditional (fixed plus random effects) R2 for mixed gaussian models. 
We calculated the area under the receiver operating characteristic curve 
(AUC) for binomial tree mortality models. We used simulated residuals 
plots to perform mixed model diagnostics (Hartig, 2018). We evaluated 
variance inflation factors (VIFs) as a diagnostic of multicollinearity. We 
found that VIFs did not exceed 3 for any model term, indicating low to 
moderate collinearity (James et al., 2013). See Appendix Table A.2 for a 
correlation matrix between variables and predictors for each set of 
models. 
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Table 3 
Plausible plot-level size-growth relationship (SGR) and structural complexity index (SCI) models based on model selection with corrected Akaike’s information cri-
terion (AICc).  

Response Hypos Model terms logLik ΔAICc ER R2 

SDI Stand age N airscore CMD SGR SGR × SCI 

SGR SGR3 x x x �12.7 0 1 0.19 
SGR1 x x �26.08 24.7 0 0.13 

ΔSCI ΔSCI5 x x x x 1169.4 0 1 0.2 
ΔSCI1 x x 1160.54 15.64 0 0.14 

Note: Please see Table 1 for abbreviations regarding model terms and responses, and Table 2 for descriptions of hypotheses. Other abbreviations are as follows: Hypos 
= hypothesis, logLik = log-likelihood, ΔAICc = difference in model support (corrected Akaike’s information criterion) relative to best-approximating model, ER = 
evidence ration, R2 = coefficient of determination. 

Fig. 2. Predicted values of the size-growth relationship (SGR) as functions of nitrogen deposition air score (N airscore), stand density index (SDI), and stand age (yr). 
Model predictions represent estimated marginal means (lines) and 95% confidence intervals (shaded bands), calculated while holding other predictors constant at 
their means. 

Fig. 3. Predicted values of the structural complexity index (SCI) as functions of stand age (yr) and the size-growth relationship (SGR). Model predictions represent 
estimated marginal means (lines) and 95% confidence intervals (shaded bands), calculated while holding other predictors constant at their means. For SGR, SDI is 
back-transformed from the log scale used in analysis. 

3. Results 

3.1. Plot-level responses: Size-growth relationship and structural 
complexity 

The SGR on sampled plots was generally < 1 (partial size symmetry), 
ranging from 0.07 to 1.90 and averaging 0.74 (SD = 0.27, see Appendix 

Table A.3 for complete summaries of response and predictor variables). 
The best-approximating SGR model described SGR as a function of stand 
age, SDI, and N deposition (Table 3). We found that SGR declined lin-
early towards greater size symmetry with stand age (Fig. 2). SGR 
exhibited a non-linear increase with SDI. Holding other factors constant, 
mean SGR ranged from partial size symmetry under low SDI to nearly 
perfect size symmetry at high SDI, increasing less steeply at higher 
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Table 4 
Plausible individual-tree growth and mortality models based on model selection with corrected Akaike’s information criterion (AICc).  

Response Hypothesis Model terms* logLik ΔAICc ER R2 

DBH SDIL Heat load LCR REMPER SGR N airscore CMD SGR × DBH 

Growth G3 x x x x x x x �5078.26 0.00 1.00 0.79 
G1 x x x �5125.70 947.73 0.75 

Mortality M3 
M1 

x 
x 

x 
x 

x 
x 

x 
x 

x x �1703.82 
�1709.47 

0.00 
7.29 

0.98 
0.01 

0.67 
0.67 

Note: Please see Table 1 for descriptions of model responses and terms. Other abbreviations are as follows: logLik = log-likelihood, ΔAICc = difference in model 
support (corrected Akaike’s information criterion) relative to best-approximating model, ER = evidence ration, R2 = coefficient of determination based on conditional 
(combined random and fixed) effects. 

Fig. 4. Interaction plots based on model predictions 
for the best-supported models of individual-tree 
growth (left panel) and mortality (right panel). Dis-
played along the y-axis, growth is defined as net cubic 
sound volume growth (m3 yr�1), while mortality re-
flects the status (0 = living, 1 = dead) of live trees 
entering the study upon plot remeasurement. The x-
axis shows initial tree diameter at breast height (DBH 
(cm)). The interaction between DBH and the size-
growth relationship (SGR) is depicted for low (0.5) 
and high (1.0) values of SGR based on the range of the 
data, roughly corresponding with the 1st and 3rd 
quartiles of SGR. Model predictions are back-
transformed from the log scale for growth, and cu-
mulative log–log scale for mortality.   

values. The size-growth relationship increased with N airscore, such that 
SGR was higher (i.e., large trees grew disproportionately faster) on more 
polluted plots. SGR varied by approximately 40% depending on N air-
score, corresponding with a shift from partial size symmetry on low-
pollution plots to perfect size asymmetry on the most polluted plots. 
The size-growth relationship did not vary with long-term CMD. The only 
models that included PDSI and had substantial AICc support were more 
complex variants of the best-supported model. The null model (ΔAICc = 
6.2) did not have substantial support based on our ΔAICc threshold of 6. 

SCI ranged from nearly 0 (0.008) to near the theoretical maximum of 
0.198 (Ducey, 2009) and averaged 0.061 (SD = 0.036). Mean ΔSCI 
between plot measurements was 0.001 (SD = 0.014) and ranged from 
�0.138 to 0.081. We found greatest AICc support for the model 
describing ΔSCI as a function of SDI, stand age, initial SCI, the main 
effect of SGR, and the initial SGR × SCI interaction. Under this model, 
ΔSCI showed a positive, linear increase with stand age and did not vary 
with SDI (Fig. 3). We found that the response of ΔSCI to SGR was 
contingent on initial SCI. Under low initial SCI (structurally simple 
stands), ΔSCI varied little with SGR. In stands with high initial SCI 
(structurally complex stands), ΔSCI ranged from negative (declining 
structurally complexity) when SGR was low to positive when SGR was 
high. Neither the null model, which dropped SGR, nor an alternative 
model that added an SGR × stand age interaction had substantial AICc 
support. 

3.2. Tree-level responses: Growth and mortality 

The best-approximating volume growth model included the null 
model terms of initial DBH, SDIL, CMD, and heat load, the main effects 
of N airscore, and SGR, and the DBH × SGR interaction (Table 4). 

Growth increased with DBH and N airscore, while decreasing with SDI 
(see Appendix A.1 for a complete graphical summary). Growth was 
neutral with respect to heat load and CMD. We found that SGR strongly 
interacted with DBH, such that growth increased strongly with DBH on 
plots with high SGR (i.e., disproportionately faster growth of large trees; 
Fig. 4). The growth of trees with an initial DBH of less than approxi-
mately 30 cm was higher on plots with low SGR. Above this tree size 
threshold, growth became increasingly more rapid with increasing 
diameter on high SGR plots. We found no plausible support for any 
competing growth models. 

Mean annual plot mortality rates were 1.2% (Sheil and May 1996). 
Tree mortality was best described by the model that included the null 
model terms (initial DBH, LCR, SDIL, CMD and remeasurement period; 
Appendix 2), PDSI, SGR, and the SGR × DBH interaction. Mortality risk 
declined with LCR and PDSI (moister conditions; see Appendix Fig. A.2 
for a complete graphical summary). Mortality odds varied little with 
respect to SDIL and remeasurement period had a negligible effect on 
mortality (Fig. 4). Under the DBH × SGR interaction, mortality odds 
steeply declined with increasing DBH under high SGR and remained 
constant with DBH under low SGR. Small trees were, therefore, at 
comparatively higher risk of mortality under high SGR, while larger 
trees were at relatively greater risk at low SGR. A model dropping the N 
airscore main effect but retaining the SGR × DBH interaction also had 
substantial support (ΔAICc = 4.26). No other model had substantial 
AICc support, including the null model. 
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Fig. A.1. Growth model coefficients plot showing the influence of predictors on 
individual-tree net sound volume increment. Terms (y-axis) correspond to those 
in the best-approximating growth model and include initial diameter at breast 
height (DBH), the size-growth relationship (SGR), stand density index of larger 
neighbors sharing an FIA subplot (SDIL), and the DBH × SGR interaction. The x- 
axis displays log-scale effects. Dots signify means and error bars 95% confi-
dence intervals; confidence intervals are not visually distinguishable from 
means due to low variability. Coefficients represent ratios relative to mean 
growth; a coefficient overlapping with 1 signifies a neutral effect. Coefficients 
< 1 and > 1 signify negative and positive growth effects, respectively. 

4. Discussion

4.1. General stand development influences on SGR

Partially size-symmetric SGR (values < 1) was predominant across 
our study network of conifer-dominated inventory plots. Consistent with 
previous research, SGR increased with increasing stand density, indic-
ative of greater aboveground competition and a disproportionate 
advantage of large trees at acquiring light resources (Forrester, 2019). 
Furthermore, we found that SGR declined linearly with stand age, 
trending over time consistently towards greater partial size-symmetry 
(disproportionately low large-tree growth). Binkley et al. (2004) hy-
pothesized that as stands develop, growth shifts from size-asymmetry 
(large trees disproportionately suppress growth of smaller trees) to-
wards size-symmetry (access to resources is directly proportional to tree 
size). In support of this hypothesis, we found that SGR consistently 
declined towards greater size-symmetry with stand age when control-
ling for stand density and abiotic stress. The decline in SGR with stand 
age was apparent in both multiple regressions, which adjusted for SDI, 
and simple bivariate correlations, suggesting the decline in large tree 
growth efficiency over time was not an artifact of stand age being 
positively correlated with stand density. Lower SGR in old stands may 
reflect autogenic processes, such as nutrient limitation, hydraulic limi-
tation, or crown shyness adversely impacting the growth of larger trees 
(Smith and Long, 2001), or factors such as improved lower canopy mi-
croclimates favoring the growth of smaller trees (Forrester, 2019). A 
positive correlation between SCI and stand age suggest older stands are 
also more likely to be uneven-aged. Large trees in older, uneven-aged 
stands may display low SGR as a result of low competition for light. 
We also noted that mean values even for the youngest stands were 
indicative of partial size-symmetry (disproportionately slow growth of 

Fig. A.2. Mortality model coefficients plot showing the influence of predictors 
on individual-tree mortality risk ratios. Terms (y-axis) correspond to those in 
the best-approximating growth model and include initial diameter at breast 
height (DBH), the size-growth relationship (SGR), stand density index of larger 
neighbors sharing an FIA subplot (SDIL), and the DBH × SGR interaction. The x- 
axis displays log-scale effects. Dots signify means and error bars 95% confi-
dence intervals. Coefficients represent risk ratios relative to mean mortality; a 
coefficient overlapping with 1 signifies a neutral effect. Coefficients < 1 and > 1 
signify decreased and increased mortality risk, respectively. 

large trees). Although size-asymmetric SGR appears to be prevalent in 
certain species (Doi et al., 2010; Metsaranta and Lieffers, 2010), partial 
size-symmetric growth appears more common among both natural 
coniferous and hardwood-dominated stands (Dye et al., 2019; Pothier, 
2017). 

4.2. N deposition, moisture stress, and SGR 

We found that SGR strongly increased with bioindicated N deposi-
tion, a pattern consistent with findings that SGR increases with site 
quality (Pretzsch and Dieler, 2010). Compared to ozone damage, which 
has a neutral-negative influence on the growth of most tree species, low- 
moderate rates of N deposition commonly have neutral-to-positive ef-
fects (Fenn et al., 2020; Horn et al., 2018). The positive influence of N 
deposition on SGR suggests that N deposition disproportionately in-
creases growth in larger trees. Nutrient limitation has been hypothesized 
as a key factor behind the age-related growth decline in forests (Gower 
et al., 1996), a decline which is, in turn, thought to primarily manifest in 
large tree growth (Binkley, 2004). This decline in large tree growth rates 
has been theorized to reflect declining tree allocation to leaf area pro-
duction and photosynthetic efficiency (Baret et al., 2017). N deposition 
may sustain growth by countering declines in leaf area that typically 
follow canopy closure early in stand development (Long et al., 2004). 

Considering the relatively moderate maximum deposition rates 
estimated for the plots in this study (<10 kg N ha-1 yr-1; Jovan et al., 
2020), relationships between SGR and N deposition could become 
negative under more intense pollution (Carter et al., 2017). The most 
intensely polluted plots in southern California were excluded from this 
study based on our requirements that plots have consistently regular 
longitudinal data, lack recent major disturbance, and fall within a single 
stand, possibly preventing our study from capturing any nonlinear SGR- 
N deposition relationships in chronically N-saturated stands. More 
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Table A.1 
Mean relative density, tree height, and DBH by major species (>1% of relative stand density index).  

Species Species code Mean % relative SDI Mean height (m) Mean diameter (cm) N carbon increment response* N response citation 

Pseudotsuga menziesii PSME 31.70 30.6 48.0 neutral Horn et al. (2018) 
Pinus ponderosa 
Tsuga heterophylla 
Pinus contorta 

PIPO 
TSHE 
PICO 

14.79 
6.08 
5.77 

18.7 
21.7 
14.8 

36.4 
31.8 
20.0 

neutral 
increase 
increase 

Horn et al. (2018) 
Horn et al. (2018) 
Horn et al. (2018) 

Abies concolor 
Juniperus occidentalis 

ABCO 
JUOC 

4.70 
4.28 

20.0 
8.3 

36.7 
22.4 

N/A 
N/A 

N/A 
N/A 

Abies grandis 
Abies amabilis 

ABGR 
ABAM 

3.69 
2.96 

19.0 
18.7 

29.1 
29.2 

N.S. 
increase 

Fenn et al. (2020) 
Fenn et al. (2020) 

Alnus rubra 
Thuja plicata 
Calocedrus decurrens 

ALRU2 
THPL 
CADE27 

2.70 
2.64 
1.91 

19.5 
21.0 
19.1 

25.5 
38.9 
42.2 

unimodal 
increase 
unimodal 

Horn et al. (2018) 
Horn et al. (2018) 
Horn et al. (2018) 

Quercus Chrysolepis 
Tsuga mertensiana 
Pinus jeffreyi 

QUCH2 
TSME 
PIJE 

1.88 
1.85 
1.76 

9.0 
16.5 
22.1 

23.0 
30.0 
46.7 

neutral 
decrease 
neutral 

Horn et al. (2018) 
Horn et al. (2018) 
Fenn et al. (2020) 

Larix occidentalis LAOC 1.74 26.4 29.7 N.S. Fenn et al. (2020) 
Quercus keloggi 
Abies lasiocarpa 
Lithocarpus densiflorus 

QUKE 
ABLA 
LIDE3 

1.65 
1.64 
1.35 

13.5 
13.0 
15.6 

25.0 
21.4 
23.8 

N.S. 
neutral 
increase 

Fenn et al. (2020) 
Horn et al. (2018) 
Horn et al. (2018) 

Arbutus menziesii 
Acer macrophylla 
Pinus lambertiana 

ARME 
ACMA3 
PILA 

1.32 
1.16 
1.14 

14.2 
18.6 
24.9 

25.7 
25.9 
46.1 

increase 
N/A 
increase 

Horn et al. (2018) 
N/A 
Fenn et al. (2020) 

Picea engelmanii PIEN 1.01 24.2 39.4 increase Fenn et al. (2020) 
Quercus garryana 
Pinus monticola 
Sequoia sempervirens 

QUGA4 
PIMO 
SESE3 

1.00 
0.92 
0.90 

8.8 
19.3 
27.7 

19.2 
38.2 
49.5 

increase 
unimodal 
increase 

Horn et al. (2018) 
Horn et al. (2018) 
Horn et al. (2018) 

Note: SDI = stand density index, N = nitrogen.
* Unimodal carbon increment-N deposition responses are in all cases positive, quadratic relationships. References: Horn et al. (2018); Fenn et al. (2020). 

Table A.2 
Correlation matrices for variables in tree-level and stand-level analyses, based on Pearson’s correlation coefficient.  

Variable Tree-level analyses 

Stand age DBH Growth SDIL Heat load SGR CMD N airscore Status 

Stand age 
DBH 

1.00 
0.32 

0.32 
1.00 

0.12 
0.59 

0.15 
�0.33 

�0.01 
0.01 

�0.19 
�0.07 

�0.05 
�0.08 

�0.29 
0.04 

�0.01 
�0.04 

Growth 0.12 0.59 1.00 �0.23 �0.02 �0.01 �0.07 0.11 �0.03 
SDIL 0.15 �0.33 �0.23 1.00 �0.07 0.13 �0.14 0.01 0.00 
Heat load �0.01 0.01 �0.02 �0.07 1.00 �0.15 0.08 �0.11 0.06 
SGR �0.19 �0.07 �0.01 0.13 �0.15 1.00 �0.07 0.28 0.09 
CMD �0.05 �0.08 �0.07 �0.14 0.08 �0.07 1.00 �0.35 0.10 
N airscore �0.29 0.04 0.11 0.01 �0.11 0.28 �0.35 1.00 �0.03 
Status �0.01 �0.04 �0.03 0.00 0.06 0.09 0.10 �0.03 1.00 

Variable Stand-level analyses 

Stand age SDI SGR CMD N airscore ΔSCI Initial SCI 

Stand age 
SDI 

1.00 
0.35 

0.35 
1.00 

�0.18 
0.16 

�0.05 
�0.28 

�0.31 
0.08 

0.07 
0.12 

0.38 
0.13 

SGR �0.18 0.16 1.00 �0.12 0.31 0.17 �0.26 
CMD �0.05 �0.28 �0.12 1.00 �0.39 �0.07 0.10 
N airscore �0.31 0.08 0.31 �0.39 1.00 0.05 �0.15 
ΔSCI 0.07 0.12 0.17 �0.07 0.05 1.00 �0.36 
Initial SCI 0.38 0.13 �0.26 0.10 �0.15 �0.36 1.00 

Notes: *Status (1 = dead, 0 = living) is summarized to the plot level for this table. Abbreviations are as follows: SDI = Stand density index, SGR = size-growth 
relationship, CMD = climatic moisture deficit, N = Nitrogren, SCI = structural complexity index, SDIL = plot-level SDI comprised of trees larger than a given subject 
tree, DBH = diameter at breast height. 

intense N deposition could lower tree resilience to disturbances such as 
drought or insect defoliation by reducing root growth and non-structural 
carbohydrate reserves (Li et al., 2018). Deposition may also adversely 
affect soil chemistry through the leaching of plant-essential cations and 
soil acidification (Bowman et al., 2008). 

We did not find evidence that drought stress, as indicated by PDSI, 
influenced SGR. Compared to N deposition, which was assessed directly 
on the FIA plots, our climate analysis was based on gridded data. 
Nevertheless, we found evidence for a substantial, negative influence of 
PDSI on individual-tree mortality, suggesting SGR-PDSI relationships 
were genuinely weak rather than obscured by limited resolution. Pre-
vious studies have found inconsistent SGR-climate relationships. 

Pretzsch and Dieler (2010) found that SGR in Picea abies [L]. (Karst) 
(Norway spruce) was more symmetric in drought years, whereas Fagus 
sylvatica L. (European beech) SGR did not vary significantly. Other 
studies of SGR report that climate either had insignificant (Castagneri 
et al., 2012; Metsaranta and Lieffers, 2010) or inconsistent relationships 
with SGR among stands of a single species (Looney et al., 2016). Pre-
viously, higher SGR has been linked with higher site quality (Pretzsch 
and Biber, 2010). Site quality, in turn, integrates soil nutrition, soil 
physical characteristics, physiographic setting, and climatic factors 
(Danescu ˘ et al., 2017). Considering the lack of SGR responses to either 
long-term CMD or periodic PDSI, soil nutrition appears to more conse-
quential than moisture stress in regulating SGR in our study systems. 
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Table A.3 
Summary of response and predictor variables.  

Variable Mean SD Median Min Max Range S.E. 

SCI 0.06 0.03 0.06 0.01 0.20 0.19 0.00 
ΔSCI 0.00 0.01 0.00 �0.14 0.08 0.22 0.00 
Stand age 
SDI* 

97.80 
740.68 

53.04 
403.85 

90.00 
682.31 

0.00 
128.36 

242.50 
2801.65 

242.50 
2673.29 

2.72 
20.69 

SGR 0.74 0.28 0.73 0.07 1.90 1.83 0.01 
CMD 25.39 13.89 21.09 6.45 65.15 58.70 0.71 
Net sound volume m 3 2287.83 2912.53 1142.68 29.00 17563.36 17534.37 149.21 
Net annual sound volume increment (m3 yr�1) 40.34 42.82 28.59 2.43 526.63 524.21 2.19 
Remeasurement Period (yr) 
Aspect 
Elevation (m) 

9.98 
180.94 
935.48 

0.33 
103.11 
502.34 

10.00 
180.00 
934.00 

8.70 
0.00 
14.00 

11.60 
360.00 
2471.00 

2.90 
360.00 
2457.00 

0.02 
5.58 
25.74 

PPT (cm) 
T (C◦) 
N deposition (kg�1 ha�1 yr�1) (Tdep) 
N deposition (kg�1 ha�1 yr�1) (CMAQ) 
N airscore 

169.83 
8.33 
3.17 
3.07 
4.73 

76.81 
2.08 
1.26 
1.23 
1.68 

176.00 
8.33 
3.07 
2.89 
4.70 

24.00 
3.33 
1.08 
1.01 
1.60 

501.00 
13.89 
9.32 
8.48 
9.60 

477.00 
10.56 
8.24 
7.47 
8.00 

3.95 
0.11 
0.06 
0.06 
0.09 

Annual mortality rate (%)* 
Tree DBH 

1.122 
15.03 

0.279 
11.30 

0.002 
10.40 

0.008 
5.00 

0.011 
91.70 

0.003 
86.70 

0.000 
0.58 

Tree Height 77.40 46.30 64.00 5.00 260.00 255.00 2.37 
Tree LCR 44.30 19.50 40.00 1.00 99.00 98.00 1.00 

Note: SCI = Structural complexity index, ΔSCI = change in structural complexity index, SDI = stand density index, SGR = size-growth relationship, CMD = climatic 
moisture deficit, PPT = mean 10 yr precipitation, T = mean 10 yr temperature, Tdep = National Atmospheric Deposition Program Total deposition estimate, CMAQ = 
Community Multiscale Air Quality Modeling System. 

* Calculated using Sheil and May (1996) formula. 

Aspects of our study may have influenced our SGR-stress findings. 
Our use of periodic growth and space-for-time substitution may obscure 
important interannual variations within sites (Dye et al., 2019; Klesse 
et al., 2020). In contrast to most studies on SGR (for an exception, see 
Dye et al., 2019), our study included largely multi-aged mixed-species 
stands as well as monocultures. The diversity of regional forests com-
bined with the relative rarity of lichen bioindicator plots did not allow us 
to investigate composition-driven differences in stress responses. Asyn-
chronous species responses could have buffered stand-level growth 
against variation in both moisture stress and N deposition (Jucker et al., 
2016). Species occurring in our study plots vary considerably in terms of 
growth sensitivity to N deposition, with P. ponderosa, for example, 
showing a positive carbon increment response, while growth of an 
otherwise similar species, P. jeffreyi Grev. & Balf (Jeffrey pine) is unre-
sponsive (Table A.1; Fenn et al., 2020; Horn et al., 2018). Even within 
monoculture stands, the climate sensitivity of tree growth varies 
considerably with tree size and canopy position, and uneven-aged stands 
typically support more vigorous small-tree growth in canopy gaps as 
opposed to suppressed trees in even-aged stands (Bowman et al., 2013). 
The FIA stand age variable does not capture within-stand variation in 
tree age (Stevens et al., 2016), and the high average values of SCI in our 
study suggest stands in this study are commonly uneven-aged. 

4.3. Linkages between SGR, stand structural complexity, tree growth, and 
mortality 

Size-asymmetric SGR (values > 1) was associated with increasing 
complexity in stands that were already more structurally complex (i.e., 
with diameter distributions typical of even-aged stands), suggesting that 
high SGR reinforced structural complexity. This finding is in agreement 
with Forrester (2019), who predicted that disproportionately high large- 
tree growth under high SGR would be expected to increase initial in-
equalities in tree size as large trees diverge from smaller individuals 
(Forrester, 2019). In comparison, partial size-symmetric SGR (values < 

1) appeared to simplify stand structure in complex stands, consistent 
with disproportionately rapid small tree growth reducing inequalities in 
tree size over time. Our analysis of individual-tree volume increment 
also supported the importance of large tree growth in driving differences 
in SGR (Pretzsch and Biber, 2010). Growth increased more steeply with 
initial tree size under high SGR, whereas growth of small trees remained 

relatively consistent as SGR varied. 
We found that structurally simple stands (i.e., with diameter distri-

butions typical of even-aged stands) trended towards increasing 
complexity under partially size-symmetric SGR, opposite the pattern we 
observed in complex stands. Rather than high SGR promoting structural 
complexity by increasing existing inequalities in tree size (Forrester, 
2019), Pretzsch and Dieler (2010) predicted that high SGR would 
diminish structural complexity due to accelerated rates of self-thinning 
in small trees. Our individual-tree modeling results confirmed that high 
SGR was associated with self-thinning in smaller trees. Relatively 
vigorous small-tree growth under low SGR may point to a role of 
resource-use efficiency in reducing self-thinning or the recruitment of 
new cohorts as a driver. In a study spanning the same California-Oregon- 
Washington FIA plot network used in this study, Liang et al. (2007) 
found that low structural diversity was associated with higher tree 
recruitment. 

We found a strong interaction between SGR and DBH, with high SGR 
manifesting in terms of rapid large-tree growth. Considered alongside 
the dramatic decline in large-tree mortality odds under high SGR, our 
data suggests several possible pathways through which SGR may alter 
large-tree mortality risk. Disproportionately faster large-tree growth and 
reduced mortality risk could potentially reflect higher carbohydrate 
reserves for enduring drought, coupled with greater ability to produce 
defensive compounds to repel subsequent insect outbreaks (Kolb et al., 
2016). However, Bigler and Veblen (2009) found that faster tree growth 
rates can be associated with lower longevity, which they suggest may 
reflect poorer tree resistance to pathogens or stem breakage. The sus-
ceptibility of fast-growing trees to stem breakage, in particular, would 
be expected to contribute to tree mortality under N deposition (Fenn 
et al., 2020). Consequently, competition reduction may be more a 
plausible explanation than stress resistance for increased large-tree 
survival under high SGR. A final possibility is that SGR is confounded 
with structural complexity. Although the relationship was weak, we 
noted a significant, negative bivariate correlation between SGR and SCI 
(r2 = 6%). Low values of SGR would, therefore, be more prevalent in 
uneven-aged stands, where larger trees are senescent and declining in 
vigor. Further investigation is needed to isolate the mechanisms through 
which high SGR may reduce large-tree mortality, as these mechanisms 
may be important in determining the durability of structural complexity 
under climate change. 
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4.4. Direct and indirect drought and N deposition effects on tree growth 
and mortality 

Forrester (2019) proposed a conceptual model in which stress has 
both direct and mediated effects (via SGR and stand structure) on stand 
growth. Our individual-tree models provided insights into two elements 
of stand growth: individual-tree growth and mortality (Liang et al., 
2007). We found that N deposition directly impacted individual-tree 
growth. The limited evidence supporting a unresponsiveness of indi-
vidual tree mortality to stress in our study was unexpected given that 
growth, a key predictor of tree mortality risk (Cailleret et al., 2017), was 
responsive. Nitrogen deposition has been found to have only limited 
direct effects on individual tree survival (Horn et al., 2018), instead 
appearing to predispose sensitive species to mortality through increased 
top kill and stem structural defects (Fenn et al., 2020). Our finding that 
higher N deposition was associated with higher SGR and, in turn, with 
greater small-tree mortality suggests that SGR may mediate N deposition 
effects on tree vigor. One possibility is that higher growth under N 
deposition creates tree mortality feedbacks through higher stand den-
sity. Fertilization typically supports greater stand leaf area index, 
accelerating rates of stand development and self-thinning mortality 
(Long et al., 2004). Faster stand densification under N deposition could 
offset lower mortality odds otherwise associated with improved 
individual-tree vigor. 

We found limited evidence of individual-tree responses to climate 
and drought, as neither long-term CMD nor shorter-term drought 
influenced SGR and individual-tree growth. The neutral effect of 
drought on growth may point to release effects from tree mortality 
offsetting temporary declines in survivor tree growth. Tree mortality 
may also have censored trees showing adverse growth impacts of 
drought from our analysis. Between-site variation in long-term site 
moisture, as represented by our basic model CMD term, may not be 
readily distinguishable from forest type or tree species influences, which 
we included as random effects in modeling. In terms of tree mortality, 
we found limited evidence for a role of temporarily drier conditions in 
increasing individual-tree mortality. Our selection of stands free from 
substantial disturbance, including drought impacts, may have selected 
for cases where drought impacts were insufficient to reorganize stand 
growth among survivor trees. 

5. Conclusions 

Linkages between abiotic stress, SGR and forest structural 
complexity may be more nuanced than previously hypothesized (For-
rester, 2019; Pretzsch and Dieler, 2010), which has implications for the 
management of western U.S. forests. Stands that were already more 
structurally complex showed further gains in complexity under high 
SGR (i.e., disproportionately rapid large-tree growth), whereas stands 
that were initially simpler structurally increased in complexity under 
low SGR (i.e., disproportionately slow large tree growth). Thus, the 
importance of size-dependent tree growth and mortality in fostering 
structural complexity may differ between simple and complex stands. 
Because silvicultural prescriptions are often conceived in terms of 
manipulating tree size distributions (Agee and Skinner, 2005), our 
findings have implications for the design and durability of silvicultural 
treatments. Traditional forest fuels treatments typically simplify forest 
structure by removing small trees that could serve as ladder fuels (Agee 
and Skinner, 2005). Reductions in ladder fuels may be more durable on 
high-quality (or moderately N-polluted) sites even if stand density, a 
major control on canopy bulk density, recovers more quickly. Rapid 
large tree growth under high site quality may also complement treat-
ments enhancing structural complexity to balance fire risk reduction 
with objectives such as improving wildlife habitat (Ziegler et al., 2017). 
Finally, forest managers might consider the historical influence of N 
deposition on stand development during planning, as well as the like-
lihood of socioeconomic changes altering N deposition in the future. The 

positive relationship between SGR and N deposition suggests that, at 
low-moderate intensities, N pollution impacts on forest stand dynamics 
are more consistent with fertilization than an abiotic stress effect. Ni-
trogen inputs from either pollution or fertilization could potentially help 
maintain wood production in economically and ecologically valuable, 
large-diameter trees. Experimental studies could establish whether 
fertilization offers an avenue for intentionally promoting structural 
complexity and counterbalancing the impacts of stressors, such as 
drought and insects and diseases, in these systems. 

CRediT authorship contribution statement 

Christopher E. Looney: Conceptualization, Methodology, Formal 
analysis, Visualization, Writing - original draft. Anthony W. D’Amato: 
Conceptualization, Methodology, Writing - original draft. Sarah Jovan: 
Conceptualization, Methodology, Data curation, Resources, Writing -
original draft. 

Declaration of Competing Interest 

The authors declare that they have no known competing financial 
interests or personal relationships that could have appeared to influence 
the work reported in this paper. 

Acknowledgements 

Support for this research was provided by the USDA Forest Service 
Pacific Southwest Research Station, the University of Vermont Ruben-
stein School of Environment and Natural Resources, and the USDA 
Forest Service Pacific Northwest Research Station. Andrew Gray and 
Wilfred Previant provided advice on the FIA database, Mark Fenn and 
Margaret Evans on air pollution and climate, and Nels Johnson on sta-
tistical modeling. The rFIA package for R developed by Hunter Stanke 
facilitated the estimation of forest variables from the FIA dataset. 
Thanks to the participants in the 2020 Western Mensurationists Con-
ference whose comments on a previous version greatly improved the 
manuscript. Aspects of the study design grew out of research on Colo-
rado forests conducted with Linda Nagel and the Adaptive Silviculture 
for Climate Change Network. 

Appendix 

See Figs. A.1 and A.2, Tables A.1–A.3. 

References 

Abatzoglou, J.T., Dobrowski, S.Z., Parks, S.A., Hegewisch, K.C., 2018. TerraClimate, a 
high-resolution global dataset of monthly climate and climatic water balance from 
1958–2015. Sci. Data 5, 170191. https://doi.org/10.1038/sdata.2017.191. 

Agee, J.K., Skinner, C.N., 2005. Basic principles of forest fuel reduction treatments 
Relative Risk Assessments for Decision –Making Related To Uncharacteristic 
Wildfire. For. Ecol. Manag. 211, 83–96. https://doi.org/10.1016/j.
foreco.2005.01.034. 

Aitchison, J., 1986. The Statistical Analysis of Compositional Data. Springer, 
Netherlands, Dordrecht. 

Baret, M., Pepin, S., Ward, C., Pothier, D., 2017. Long-term changes in stand growth 
dominance as related to resource acquisition and utilization in the boreal forest. For. 
Ecol. Manag. 400, 408–416. https://doi.org/10.1016/j.foreco.2017.06.026. 
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