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Abstract Primary production is the entry point of energy and carbon into ecosystems, but modeling
responses of primary production to “environmental stress” (i.e., reductions of primary production from
nonoptimal environmental conditions) remains a key challenge and source of uncertainty in our
understanding of Earth's carbon cycle. Here we develop an approach for estimating annual “environmental
stress” from tree rings based on the proportion of the optimal diameter growth rate (from species‐speciﬁc
allometric equations) that is realized in a given year. We assessed climatic, topographic, and soil drivers of
environmental stress, as well as their interactions, using both empirical model experiments and linear mixed
effect models. Climate gradients and interannual climate variability dominated spatial and temporal
variability of environmental stress in much of the western United States, where the tree‐ring environmental
stress index was positively correlated with antecedent climatic water balance (precipitation minus potential
evapotranspiration) and negatively correlated with temperature and vapor pressure deﬁcit. Excluding
topographic and soil information from empirical models reduced their ability to capture spatial gradients in
environmental stress, particularly in the eastern United States, where growth was not as strongly limited by
climate. Mean climate conditions and topographic characteristics had signiﬁcant interaction effects with
the climatic water balance, indicating an increasing importance of winter moisture for warmer and drier
sites and as elevation and topographic wetness index increased. These results suggest that including effects
of antecedent climate (particularly in dry regions) and site topographic and soil characteristics could
improve parameterization of environmental stress effects in primary production models.
Plain Language Summary Carbohydrates produced through photosynthesis form the building
blocks of ecosystems and provide many goods and services to humanity, including basic needs like food
and shelter. The amount of carbohydrates produced by plants depends on favorable climate conditions and
adequate supply of key resources, but it has always been challenging to predict precisely where, when,
and how much plant activity will be reduced when environmental conditions are not optimal. We used
tree‐ring widths from more than 1,000 sites across the United States to examine which environmental
conditions were responsible for reduction of plant growth below optimal levels. Importantly, we found that
temperature, rainfall, and humidity before plants even start growing act as important constraints on growth.
Rainfall and snowfall from the previous autumn through spring are particularly important for growth in
dry regions like the western United States. However, the effects of climate on plant growth differ depending
on the conditions in which plants are growing, such as their elevation and soil quality. Predicting how plants
respond to their environment therefore depends not just on the weather they experience while they are
growing but also on the legacies of previous weather and on the soil and topography conditions where they
are growing.

1. Introduction
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Terrestrial primary production—the carbon sequestered by plants via photosynthesis—is the fundamental
source of food for all land‐dwelling organisms and the primary entry point of energy and carbon into ecosystems. Recent estimates suggest that around 80% of available primary production has already been appropriated for human use, with the remainder representing a key “planetary boundary” for future human
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activity (Running, 2012). Terrestrial primary production is also a major component of the global carbon
cycle, which has historically acted as a large sink for human emissions of CO2 (Ciais et al., 2013;
Pan et al., 2011).
Many environmental factors regulate the growth and productivity of terrestrial vegetation, including climate, soil quality, and ecological processes (e.g., disturbance, competition, and succession; Chapin et al.,
2011). The complexity of environmental limitations to plant growth—as well as their interactions with each
other and their importance over different spatial and temporal scales—adds considerable uncertainty to
models that attempt to estimate primary production, such as those based on remote sensing and light‐use
efﬁciency (LUE) theory (Monteith, 1972, 1977; Song et al., 2013, 2015). These models typically assume linear
responses of photosynthesis to absorbed photosynthetically active radiation under optimal conditions, with
a set of “environmental stress” scalars that reduce the LUE in response to temperature or water stress, the
latter of which is often represented as an instantaneous response to vapor pressure deﬁcit (Song et al.,
2013). Uncertainties in primary production estimates derived from remotely sensed data can be largely
traced to the parameterization of these environmental stress scalars (Cai et al., 2014). Estimating water stress
is particularly challenging for many models (Smith et al., 2019; Y. Zhang et al., 2015), especially in arid and
semiarid regions and during periods of extreme drought (Heinsch et al., 2006; Hwang et al., 2008; Mu et al.,
2007; L. Zhang et al., 2007). Additionally, few LUE models incorporate nonclimatic stresses resulting from
nonoptimal topographic position or soil quality.
Here we examine drivers of and interactions among environmental stresses to aboveground forest primary
production, focusing on the effects of antecedent climate and interactions with site characteristics (topography and soil quality). Speciﬁcally, we develop an alternative approach for quantifying annual environmental
stress effects on forest primary production based on measured tree‐ring widths (as a proxy for aboveground
net primary production (e.g., Graumlich et al., 1989; Rathgeber et al., 2000)), species traits, and allometric
models of optimal growth developed for forest gap models. We ﬁrst evaluate the sensitivity of our tree
ring‐based environmental stress estimates to known sources of uncertainty at several test sites. Based on
these sensitivity tests, we then estimate integrated annual environmental stress across a large network of
tree‐ring widths in the conterminous United States and assess the speciﬁc environmental factors that limit
growth in the conterminous United States, including stresses induced by unfavorable climatic, topographic,
and edaphic conditions. We focus on two speciﬁc research questions regarding the spatial and temporal drivers of stress: (1) how responsive is U.S. tree growth to antecedent climate (i.e., during prior winter and
autumn), which is generally not well represented in many primary production models, and (2) how do topographic and soil characteristics interact with climate stresses, and what are the consequences of excluding
topography and soil information from environmental stress models?

2. Materials and Methods
2.1. Tree‐Ring Data
For continental‐scale application of the tree‐ring environmental stress index, we obtained tree‐ring widths
from the International Tree‐Ring Data Bank (ITRDB) for all sites in the conterminous United States with
end dates of 1980 or later (Figure 1). In total, this includes more than 1,000 sites. The most prominent genera
in this data set are Pinus (35% of the sites, mostly ponderosa pine), Quercus (23%, largely white oak and post
oak), Pseudotsuga (12%), Tsuga (9%), Abies (4%), Picea (4%), Juniperus (4%), Taxodium (3%), Larix (1%), and
Liriodendron (1%).
Since the ITRDB does not provide measurements of tree diameter at breast height (DBH), we obtained tree‐
ring widths and DBH measurements from six ponderosa pine (Pinus ponderosa) sites in Washington
(Dannenberg & Wise, 2016; Wise & Dannenberg, 2017), three Douglas‐ﬁr (Pseudotsuga menziesii) sites in
Wyoming, and red maple (Acer rubrum), red oak (Quercus rubra), and eastern hemlock (Tsuga canadensis)
from two sites at Harvard Forest in Massachusetts (Table S1). The Wyoming and Washington sites were
selected based on site characteristics for use in dendroclimatic reconstruction, as are the majority of
ITRDB sites. They were all open‐canopy stands dominated by single species, and we sampled canopy‐
dominant trees following typical sample procedures used for dendroclimatic reconstructions (i.e., targeted
sampling of old trees, avoiding those with obvious evidence of damage from ﬁre or lightning). The
Harvard Forest sites, by contrast, were closed‐canopy, mixed species stands sampled using a nested‐plot
DANNENBERG ET AL.
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Figure 1. Level I ecoregions and distribution of tree‐ring sites used in this study. Open triangles show sites for which we
*
were able to estimate both absolute stress (S ) and relative stress (Sr), and black dots show sites for which we were only
able to estimate Sr.

design in which all individuals (live and dead) were sampled with DBH ≥ 10 cm within a 13‐m radius inner
nest and with DBH ≥ 20 cm within a 20‐m radius outer nest (Dye et al., 2016). Cores were processed
following standard dendrochronological procedures (Stokes & Smiley, 1968) and measurements were
veriﬁed using the program COFECHA (Holmes, 1983). All ring‐width series were subsequently processed
using the dplR package (Bunn, 2008) in the R statistical environment.
2.2. Estimating Environmental Stress From Tree Rings
Consistent with deﬁnitions used in LUE models (Song et al., 2013), we deﬁne “environmental stress” as the
reduction of plant growth below optimal levels in response to inadequate resource availability or unfavorable ambient conditions. The effects of environmental stress can therefore be represented in the annual
growth of trees as the ratio between the actual, measured diameter growth in a given year and the theoretical
optimal diameter growth rate in that same year. While actual tree growth is easily measured using standard
dendrochronological procedures, optimal growth is theoretical and unmeasurable and must therefore be
estimated using species‐speciﬁc allometric equations such as those used in forest gap models (e.g., Botkin
et al., 1972; Shugart, 1984; Song & Woodcock, 2003; Urban et al., 1993).
To estimate the optimal growth of a given tree in a given year, we followed the approach originally proposed
for the JABOWA gap model (Botkin et al., 1972):
ΔDopt ¼

GD½1−DH=Dmax H max 
;
274 þ 3b2 D−4b3 D2

(1)

where ΔDopt is the optimal diameter growth (in cm) in a given year, G is a species‐speciﬁc growth factor, D
and H are the DBH and tree height (respectively) at the start of the year, Dmax and Hmax are the species‐
speciﬁc maximum DBH and height (respectively), and b2 and b3 are species‐speciﬁc tree form parameters.
We estimated Dmax, Hmax, and maximum age based on the maximum observed DBH, height, and age for
each species provided in Hardin et al. (2001), supplemented with information from gap model literature
(Shugart, 1984; Urban et al., 1993). We estimated the remaining parameters (G, b2, and b3) using equations
provided in Shugart (1984). As in many gap models, we estimated H using species‐speciﬁc quadratic functions of D (Shugart, 1984). A full list of species and parameters is provided in Table S2.
For application to the continent‐wide ITRDB, where in situ measurements of DBH are not provided, D must
be estimated using an “inside‐out” approach (D*), in which stem diameter at the start of a given year is estimated by summing all diameter increments prior to that year. D* can then be substituted for D in equation (1), resulting in an estimated optimal growth rate (ΔD*opt ). When increment cores extend to the pith
of the tree (Figure S1a), this approach should provide accurate estimates of annual tree diameter.
However, it is likely to underestimate stem diameter in most cases since the width‐based estimates do not
include bark (which should have a minimal impact on diameter estimates) and since most increment cores
do not extend to the pith of the tree due either to an off‐center angle of the increment borer when it entered
DANNENBERG ET AL.
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the tree (Figure S1b) or to heartwood rot in the center of the tree (Figure S1c). Additionally, some ITRDB
sites, particularly those selected for climate reconstruction in dry regions, may include dead and partially
decayed remnant logs, which would have unmeasured growth in decayed portions of the heartwood
and/or sapwood. If the heartwood were intact, the effect on inside‐out diameter estimates would be minimal
(since it is based on cumulative summation starting at the center of the tree), but partially decayed heartwood could bias the diameter estimates (Figure S1c).
These uncertainties are mitigated by three factors. First, these sources of error are all additive. Thus, as trees
age and stem diameter increases, the error in D* should become proportionally smaller. Second, annual diameter growth generally decreases as trees age so D* changes little from year to year. While ΔD*opt increases
rapidly in the early years of growth, it remains relatively constant thereafter. Finally, our choice to use a
recent study period (1971 to present; discussed in section 2.4 below) limits the presence of remnant logs in
the ITRDB data.
Following estimation of ΔD*opt , the environmental stress index, S*, for a given year was estimated for each
tree as the ratio of measured diameter growth (ΔD) to estimated optimal diameter growth:
S* ¼

ΔD
:
ΔD*opt

(2)

Annual site‐level S* chronologies were then developed by averaging all individual S* series at a given site
using Tukey's biweight robust mean. We used an expressed population signal threshold of 0.85 to exclude
sites with inadequate signal strength during the study period from any further analyses (Wigley et al.,
1984). Theoretically, S* should be in the range [0,1], and it should capture and integrate the dominant
sources of environmental stress experienced by trees, including both interannual variation in stress resulting
from climate variability as well as perennial sources of stress resulting from unfavorable climatic, topographic, and soil conditions.
We tested the sensitivity of ΔD*opt and S* to systematic bias in D* estimates using measured DBH at our test
sites in Washington, Wyoming, and Massachusetts (Table S1). For each tree at these sites, we calculated D
based on measured DBH using an “outside‐in” approach, wherein stem diameter in a given year was estimated by subtracting subsequent diameter increments from the measured DBH. In some cases, when
growth is asymmetric around the circumference of the tree and increment cores extended near the pith
of the tree, the outside‐in method may result in negative diameter estimates in early years of growth.
These were corrected by linearly scaling the D time series for these trees to range from 0 cm to DBH.
Since DBH was accurately measured in situ at the time of sampling, these estimates of D should be more
accurate and should not suffer from the systematic underestimation of D* from the inside‐out approach,
although this method still assumes that growth is homogeneous around the circumference of the tree, that
extracted cores are representative samples, and that increment cores were extracted at breast height. We
calculated both ΔDopt and S using these outside‐in estimates of D, and compared them to the estimates
based on the biased inside‐out estimates of D*.
For comparison to S*, we also deﬁned a relative stress index (Sr) using methods standard to dendrochronology. Speciﬁcally, we ﬁt stiff smoothing splines (two thirds the length of the series with a 50% frequency
response) to the measured ring widths from each individual core, and divided this ﬁtted curve into the measured ring‐width series to obtain a detrended ring‐width index (Cook, 1985). As with S*, we averaged the
detrended ring‐width indices at each site using Tukey's biweight robust mean to obtain site‐level Sr, again
retaining only sites with expressed population signal ≥0.85 during the study period (Wigley et al., 1984).
Unlike S*, this relative stress index has the same mean across all sites and only represents the temporal variation in stress experienced by trees. It therefore cannot capture spatial gradients in stress resulting from perennial reductions of growth due to unfavorable site conditions, but it also does not suffer from uncertainties
introduced by the optimal growth model.
2.3. Climate, Topography, and Soil Data
We assessed the responses of S* and Sr to variation in climate, topography, and soils. To understand climatic
limitations to growth, we used mean monthly minimum and maximum temperatures (TMIN and TMAX,
DANNENBERG ET AL.
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Figure 2. Flow chart of ecoregion‐level environmental stress models. All site‐level, annual environmental stress time
*
series (S ), along with their associated climatic, topographic, and soil predictors (V1, V2, etc.), are pooled into a single
ecoregion‐level attribute table. This attribute table is used to train an ecoregion‐level random forest (RF) regression model
to predict environmental stress as a function of environmental factors, with approximately two thirds of the data used to
train the model and one third withheld for evaluation.

respectively), mean monthly vapor pressure deﬁcit (VPD), and the climatic water balance (CWB), deﬁned as
total monthly precipitation minus monthly potential evapotranspiration calculated using the FAO Penman‐
Monteith model (Allen et al., 1998; Monteith, 1965). All climate data were obtained from the Parameter‐
elevation Relationships on Independent Slopes Model (PRISM) (Daly et al., 2008) at approximately 4‐km
spatial resolution. Each of the monthly climate variables were aggregated to seasonal time scales by
taking the mean of temperature and VPD and summing CWB over four 3‐month seasons: previous
September–November (SON), December–February (DJF), March–May (MAM), and June–August (JJA).
We obtained four topographic metrics at 1‐km resolution from the USGS HYDRO1k data set: elevation,
slope, upslope “accumulated” surface area (UAA), and the topographic wetness index (TWI). UAA represents the total upslope surface area that could contribute runoff to a given point, while TWI adjusts UAA
by the local slope to better capture the tendency of water to accumulate in a given area (Beven & Kirkby,
1979). As indicators of soil texture and quality, we used six metrics from the Global Soil Dataset for use in
Earth System Models (Wei et al., 2014): proportions of the soil made up by sand, silt, and clay; acidity
(pH); organic carbon content (OC); and total nitrogen (TN). For consistency, the 1‐km topographic and soil
data were aggregated to the same spatial resolution as the climate data (4 km).
2.4. Modeling Environmental Drivers of Stress
We conducted a set of modeling experiments (Figure 2 and Table 1) at three spatial scales within the hierarchical EPA ecoregion data set (Omernik, 1987): a coarse (Level 1; Figure 1), medium (Level 2), and ﬁne
(Level 3) spatial scale. Within each ecoregion, we located all tree‐ring sites that fell within its bounds and
pooled the annual stress indices from those sites into a single ecoregion‐level attribute table (Figure 2).
We also extracted the climatic, topographic, and soil information from the grid cell nearest to each site to
use as predictor variables for the environmental stress model. To ensure that both temporal and spatial variability of environmental stress were captured within the modeling experiments, we used all environmental
stress estimates from 1971 through the end of the tree‐ring series (all ending in 1980 or later), thus ensuring
that each site within the ecoregion‐level model has at least 10 years of stress estimates included.
After the ecoregion‐level attribute tables were assembled, we used a series of RF regression model experiments to assess the dominant drivers of environmental stress across the conterminous United States. Each
RF model consisted of a large ensemble of 300 regression trees, in which each tree was “grown” using a random subset of observations and predictor variables (Breiman, 2001). The environmental stress model
DANNENBERG ET AL.
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Structure of the Random Forest Model Experiments
Topography
C
SC
TC
TSC

Soil
x

x
x

Climate
x
x
x
x

10.1029/2019JG005499

experiments included four RF models per ecoregion, each utilizing a different subset of predictor variables (Table 1): one model using climate
only (C), one using soil and climate (SC), one using topography and climate (TC), and one using all predictors (TSC). The same modeling procedure was repeated for Sr.

To assess the relative importance of climatic, topographic, and soil
sources of environmental stress, we calculated the coefﬁcient of determination (R2) for each RF model using observations that were withheld
from model calibration. For each “tree” in the random forest, approximately two thirds of the observations were randomly selected for model calibration, while the remaining observations were withheld
for evaluation. Withheld observations were also used to estimate the importance of each variable to
model skill based on the change in error (ΔError) when a given predictor variable was excluded from
model calibration.
x

To ensure that enough observations were present within each ecoregion, we only ﬁt RF models for ecoregions that included at least 75 site‐years of environmental stress estimates (i.e., approximately 50 for training
and 25 for evaluation). In the conterminous United States, all Level 1 ecoregions except Tropical Wet Forests
(the southernmost tip of Florida) contained at least 75 site‐years of environmental stress estimates (Figure 1).
Many of the ﬁner‐scale Level 2 and 3 ecoregions did not include a sufﬁcient number of observations and
were therefore excluded from further analyses. This was particularly true in regions with sparse spatial coverage of tree‐ring sites due to relatively low forest cover (e.g., warm deserts and much of the Great Plains)
and regions with very few up to date ITRDB sites (e.g., the upper Midwest and Great Lakes regions, where
most sites were sampled in the 1980s; Figure S2). The full lists of ecoregions used in this study can be found
in Tables S3 and S4.
While random forests are useful predictive models, they cannot reveal the direction or magnitude of relationships between predictors and responses variables. Therefore, to assess climatic drivers of stress, we
also calculated Spearman's rank correlation coefﬁcients (ρ) between the pooled, ecoregion‐level tree‐ring
environmental stress estimates and each seasonal climate variable. We further assessed drivers of environmental stress and interactions between climate variables and site‐level topographic and soil variables
using linear mixed effect models, with the tree‐ring environmental stress estimates as the response variable. As in the random forest model experiments, we used environmental stress estimates from 1971
through the end of each site's period of record (always running through at least 1980), resulting in
>9,700 annual observations across the conterminous United States. We started by ﬁtting a hierarchical
model with ﬁxed effects for one season each of temperature, climatic water balance, and VPD anomalies
(i.e., observed climate variation minus the 1981–2010 climatological mean for that season, thus reﬂecting
solely interannual climate variability), with the season selected based on variable importance in the random forest model. We also included interaction effects that allowed slopes between climate variables and
environmental stress to vary based on site‐level topography, soil variables, and mean climate. To avoid
multicollinearity, we used only elevation and topographic wetness index among the topographic variables,
since TWI captures effects of both slope and upslope surface area, and we only used one soil texture variable (silt content, while excluding sand and clay content) since these are inversely co‐dependent. We then
iteratively removed the least signiﬁcant interaction effect (i.e., maximum p value) until model performance stopped improving, as estimated by minimizing the Bayesian information criterion. We also
included independent random slopes (for the three main climate effects) and intercepts by species, and
random intercepts by site (nested within species).

3. Results
3.1. Sensitivity of the Tree‐Ring Environmental Stress Index to DBH Uncertainty
As expected, DBH estimates based on the inside‐out approach were biased relative to measured DBH at the
test sites in Washington, Wyoming, and Harvard Forest (Figure S3). While the inside‐out DBH estimates
were signiﬁcantly correlated with the in situ DBH measurements (Spearman's ρ > 0.5 across all sites), they
were consistently underestimated, with biases generally scaling with overall tree size. In a few extreme
cases for very large trees, diameters were underestimated by more than 50 cm, likely due to off‐center
DANNENBERG ET AL.
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Table 2
*
*
Median Bias of ΔD opt (cm) and S Estimates for Different Diameter Classes for Each Tree Species at the Test Sites, With the Total Number of Samples (n) Within Each
Diameter Class
P. ponderosa
*

P. menziesii
*
opt

D (cm)

n

ΔD

[0,10]
(10,20]
(20,30]
(30,40]
(40,50]
(50,60]
(60,70]
(70,80]
(80,90]
(90,100]
(100,110]

11,678
12,194
13,209
13,401
12,690
10,941
7,259
3,094
1,248
331
84

−0.086
−0.032
−0.016
−0.009
−0.004
0.000
0.002
0.005
0.005
0.005
0.004

S

*

0.155
0.039
0.017
0.008
0.003
0.000
−0.001
−0.003
−0.004
−0.003
−0.003

*
opt

n

ΔD

3052
3726
4816
3673
2049
968
322
99
4

−0.098
−0.036
−0.022
−0.015
−0.011
−0.008
−0.001
−0.003
−0.002

A. rubrum
S

*

0.101
0.018
0.007
0.004
0.003
0.003
0.000
0.001
0.002

Q. rubra
*
opt

n

ΔD

9098
4216
612
136
61

−0.087
−0.028
−0.017
−0.006
−0.001

S

*

0.021
0.004
0.002
0.001
0.000

T. canadensis
*

n

ΔD

8640
11326
8166
3851
1157
296
27

−0.150
−0.042
−0.023
−0.014
−0.007
−0.001
0.000

opt

*

*

S

n

ΔD

0.137
0.015
0.007
0.004
0.003
0.000
0.000

3744
1742
379
20

−0.055
−0.015
−0.007
−0.002

opt

*

S

0.065
0.015
0.006
0.003

boring angles or heartwood rot. The rare occurrences in which diameters were overestimated likely
reﬂected cases where the increment core extended very near to pith and where increment cores were
extracted lower than breast height, where growth was asymmetric around the circumference of the tree,
or slight inconsistencies or errors in DBH measurements (e.g., not measuring exactly at breast height or
at a perfectly horizontal angle).
The persistent low biases in diameter estimates led to substantial underestimation of optimal growth rate, but
only in the early years of growth (Table 2 and Figure 3). For D* = [0,10] cm, median bias of ΔD*opt was nearly
−0.1 cm for most species (and even larger for red oak), with extreme outliers exceeding biases of 1 cm. Once
estimated diameter exceeded 30 cm, however, estimates of ΔD*opt were relatively unbiased. Beyond this diameter threshold, median differences between ΔD*opt and ΔDopt never exceeded 0.01 cm for ponderosa pine,
red maple, and eastern hemlock or 0.02 cm for Douglas‐ﬁr and red oak; ΔD*opt remained nearly unbiased
for the remainder of the lifespan of the trees, with even the most extreme outliers never exceeding a bias of
more than 0.1 cm.
The underestimation of ΔD*opt during the early years of growth resulted in overestimation of S* for all species
(Table 2 and Figure 3). When D* was less than 30 cm, the magnitude of environmental stresses experienced
by trees was substantially underestimated in most cases (i.e., S* > S). When D* exceeded 30 cm, median
biases were consistently near zero, never exceeding ±0.01 for any species, conﬁrming our hypothesis that
the additive nature of potential DBH biases would lead to convergence of ΔD*opt to a relatively stable,
unbiased value as the tree ages.
Based on these sensitivity tests, we applied the environmental stress model to ITRDB sites, excluding any
years with D* < 30 cm. While this threshold is based on only a handful of species, it is fairly conservative
and is based on the two most common species in the U.S. ITRDB network (P. ponderosa and P. menziesii).
Of the tree‐ring sites in the conterminous United States that extend into the 1980s, 462 S* chronologies could
be developed after removing sites where species‐speciﬁc parameters could not be determined, where inadequate sample sizes and interseries correlations prevented an adequate signal strength (expressed population
signal <0.85), and where there were too few trees with D* ≥ 30 cm (Figure 1). The Sr data set included 1,145
tree‐ring sites (Figure 1).
3.2. Correlations Between Climate and the Tree‐Ring Environmental Stress Index
Correlations between S* and TMIN and TMAX indicate that growth stress generally increased with higher
temperatures in most ecoregions (Figure 4), with notable exceptions near the Great Lakes, New England,
and along the west coast. The drier intermountain ecoregions of the western United States exhibited particularly strong negative correlations to TMINMAM and TMINJJA and to TMAX across all four seasons, likely
due to the positive relationship between temperature and evaporative demand. Correlations between Sr and
temperature at the ecoregion scale were generally weaker (particularly for TMIN), although this index
DANNENBERG ET AL.
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Figure 3. Median (left) ΔD*opt and (right) S bias within 100 bins deﬁned by estimated diameter (D ) percentiles of (a and b)
P. ponderosa, (c and d) P. menziesii, (e and f) A. rubrum, (g and h) Q. rubra, and (i and j) T. canadensis. Shading shows the
2.5th and 97.5th percentiles within each diameter bin.

remained negatively correlated with TMAX throughout much of the United States, especially with
TMAXMAM in the western United States and TMAXJJA in the eastern United States (Figure S4). There were
very few ecoregions in which Sr was positively correlated with TMAX.
Correlations between S* and CWB were positive and signiﬁcant throughout most of the western United
States (Figure 5). Notably, growth in the western United States tended to be most strongly correlated with
CWB from autumn of the previous year (SON) through spring in the year of growth (MAM), rather than with
CWB during the growing season. S* was negatively correlated with VPD throughout much of the United
States, particularly west of the Mississippi River, where S* tended to be negatively correlated with VPD during all four seasons. In ecoregions of the Great Lakes and New England, S* was positively, rather than negatively, correlated with VPDSON, VPDDJF, and VPDMAM, likely due to the positive relationship between VPD
and temperature, which can be a limiting factor in these ecoregions (Figure 4). Of ecoregions in the eastern
United States, those in the southeast exhibited the strongest correlations between S* and water variables,
with positive correlations to CWBJJA and negative correlations to VPDJJA. The lack of sensitivity to moisture
in the Midwest and northeastern United States may be partly due to a strong pluvial during our study period
in this region (Maxwell et al., 2016; Pederson et al., 2013) or to an overrepresentation in our data set of oak
species, which are generally less sensitive to moisture variability than more mesophytic species (Brzostek
et al., 2014; Elliott et al., 2015; Pederson et al., 2013, 2015; Yi et al., 2018). Correlations between Sr and
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*

Figure 4. Spearman's rank correlation coefﬁcient (ρ) between absolute stress (S ) and seasonal (left) minimum (TMIN)
and (right) maximum (TMAX) temperatures during (a and b) prior autumn (SON), (c and d) winter (DJF), (e and f)
spring (MAM), and (g and h) summer (JJA). Only ecoregions with signiﬁcant correlations (p < 0.05) are shown.

water variables were generally similar to those for S*, although the correlations tended to be weaker in most
ecoregions (Figure S5).
3.3. Random Forest Models of Environmental Stress
The ecoregion‐level TSC models explained 50–95% of the tree‐ring stress index variance in most of the
United States, with notably poorer performance in the Northern Cascades and many ecoregions of the southern high plains and Appalachians (Figure 6a and Table S3). By comparison, the climate (C)‐only model captured much less variance in S* (Figure 6b). The only ecoregions in which the C and TSC models had
comparable skill were the driest regions of the western United States and parts of the southeastern United
States. Models that included either soil (SC) or topography (TC) in addition to climate performed comparably to the full TSC model (Table S3), in most cases explaining only 0–11% less variance that the full models.
DANNENBERG ET AL.
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*

Figure 5. Spearman's rank correlation coefﬁcient (ρ) between absolute stress (S ) and seasonal, (left) climatic water
balance (CWB) and (right) VPD during (a and b) prior autumn (SON), (c and d) winter (DJF), (e and f) spring (MAM), and
(g and h) summer (JJA). Only ecoregions with signiﬁcant correlations (p < 0.05) are shown.

The RF variable importance tests further show the importance of topography and soils as drivers of environmental stress (Figures 7, S6, and S7), although it cannot be determined from these tests whether topography
and soil directly affect mean site S* or indirectly affect S* via interactions with climate. On average across the
Level 1 ecoregions, most topographic and soil variables were more important than any individual climate
variable except for CWBDJF (Figure 7), although their relative importance varied by ecoregion. In
Northern Forests, UAA was by far the most important topographic or soil variable, and TMINJJA was the
most important climate variable, with most others contributing little to model skill. In Eastern Temperate
Forests, topographic wetness index was the most important topographic variable, while the most important
soil variables were clay, organic carbon, and total nitrogen contents and the most important climate variable
was CWBJJA, although there was considerable variability among the Eastern Temperate Forest subecoregions (Figures S6 and S7). In the Northwestern Forested Mountains ecoregion, which included by far the
most tree‐ring sites, all variables exhibited at least some importance in the RF models, although CWBDJF
DANNENBERG ET AL.
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2

Figure 6. Random forest model strength (R ) for explaining variation in environmental stress. Variance explained for
*
absolute stress (S ) with (a) the full topography, soil and climate (TSC) model and (b) the climate (C)‐only model.
Variance explained for Sr with (c) the full TSC model and (d) the climate‐only model.

was clearly the most important climate variable. Like Eastern Temperate Forests, however, there was a lot of
variability among the Level 2 (Figure S6) and Level 3 (Figure S7) ecoregions within the broader
Northwestern Forested Mountains. In the wetter Marine West Coast Forests, very few variables had
strong effects on model skill, suggesting that growth in these regions may not be particularly limited by
climate or soil quality. Among the drier central and western United States ecoregions (including the Great
Plains, Mediterranean California, Southern Semi‐Arid Highlands, and Temperate Sierras), prior autumn
through current spring CWB tended to be the most important climate variables, while in North American
deserts temperatures and spring/summer VPD were clearly important drivers of environmental stress.
By comparison to the S* models, the ecoregion‐level Sr RF models generally explained far less variance
(Figures 6c and 6d and Table S4). This can likely be explained by high within‐ecoregion variability in
mean S* among tree‐ring sites, whereas this spatial variability is not represented by Sr, in which all sites
have the same mean stress value. Given that all of the variance in Sr is temporal (rather than spatial) in
nature, the TC, SC, and TSC models did not perform substantially better than the climate‐only models.
This is further supported by the variable importance analysis, in which topography and soil variables
generally did not contribute strongly to model skill (Figures S8–S10), which was dominated largely
by prior autumn and winter TMIN, CWB across all seasons, and to a lesser extent by VPD
(especially VPDJJA).

*

Figure 7. Variable importance in the RF models of S for Level 1 ecoregions, represented as change in error (ΔError)
when a given variable is excluded from the model. The mean variable importance across all ecoregions was weighted
by the number of tree‐ring sites available in each ecoregion.
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Table 3
Fixed Effects, Standard Errors (SE), and p Values From a Linear Mixed
*
Effect Model of the Tree‐Ring Environmental Stress Index (S )

TMINDJF
CWBDJF
VPDJJA
ELEV:CWBDJF
TWI:CWBDJF
pH:CWBDJF
ELEV:VPDJJA
CWBDJF:mean (TMINDJF)
CWBDJF:mean (CWBDJF)
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3.4. Mixed Effect Models of Environmental Stress

Based on the RF variable importance (Figures 7 and S6–S10), we used
TMINDJF, CWBDJF, and VPDJJA as the main climate effects in the mixed
Effect
SE
p Value
effect models, with random effects for species (Figure S11) and site
0.0031
0.0013
0.02
(Figure S12). The model explained more than 80% of the variance in S*
−0.0004
0.0001
<0.001
(Figure S13). Overall, there were signiﬁcant positive effects of TMINDJF
0.0065
0.0276
0.81
(p = 0.02) and negative effects of CWBDJF (p < 0.001), likely reﬂecting
1.39E − 07
1.73E − 08
<0.001
thermal limitations to growth at colder and/or wetter sites, with no signif6.29E − 05
9.63E − 06
<0.001
3.24E − 05
6.77E − 06
<0.001
icant effect of VPDJJA (Table 3). However, the effect of CWBDJF was signif−6.00E − 05
1.19E − 05
<0.001
icantly dependent on mean TMINDJF and CWBDJF (with increasingly
1.96E − 05
2.64E − 06
<0.001
positive effects of CWBDJF as site mean temperature and dryness
−1.11E − 07
2.22E − 08
<0.001
increased). The effect of CWBDJF also became more positive with increasing elevation, TWI, and pH. The effect of VPDJJA also became signiﬁcantly
more negative with increasing elevation (Table 3), and there was signiﬁcant variability among species in
their overall sensitivities to VPDJJA (Figure S11). For example, high‐elevation conifers (e.g., Abies sp. and
Picea sp.) tended to have more positive responses to VPD than other species, likely reﬂecting positive
responses to summer temperature (Figure S11). Similar effects were observed in the mixed effect model of
Sr, although the model only explained roughly 16% of the variance (Figure S14) and, unlike the S* model,
included a signiﬁcant overall negative effect of VPDJJA (p < 0.001) that became less negative with increasing
CWBDJF and no signiﬁcant interaction between CWBDJF and TWI (Table S5).

4. Discussion
4.1. Potential for Estimating Environmental Stress With Tree Rings
The global tree‐ring network, while spatially and taxonomically biased, represents a promising but largely
untapped resource for carbon cycle research (Babst et al., 2014; Charney et al., 2016). The tree‐ring environmental stress index developed in this study, deﬁned as the ratio of actual to optimal growth, has the potential
to provide near global coverage of a key component of primary production models that has historically been
difﬁcult to quantify and that contributes substantial error to carbon uptake estimates (Cai et al., 2014; Song
et al., 2013; Y. Zhang et al., 2015). This index depends on estimation of optimal growth rate, which in turn
requires accurate estimates of annual stem diameter and knowledge of basic species traits and growth forms.
While ring‐width‐based estimates of stem diameter are systematically underestimated, these errors get proportionally smaller as trees grow larger. Among the test sites, both ΔD*opt and S* are robust to bias in diameter
estimates once trees attain DBH greater than 30 cm, which is an encouraging sign for future applications.
Further work could test the sensitivity of ΔD*opt and S* among other species and regions and to the parameters used in the optimal growth model.
While the global tree‐ring database offers signiﬁcant potential for informing carbon cycle models, including
the environmental stress component of LUE models, there are several challenges and limitations of tree‐ring
data with respect to ecosystem carbon uptake that must be addressed and overcome. First, primary production of a given ecosystem results from growth of all plants, including both woody and herbaceous species,
and of all tissues and organs within the plant (roots, stem, leaves, etc.), but tree‐ring networks only measure
stem growth of a limited subset of woody plant species, usually those that are long‐lived, widespread, and
form distinct annual growth rings. Any index of environmental stress based on tree‐ring data must therefore
assume that stem‐based environmental stress estimates are representative of whole‐plant stress—an
assumption that may not hold if plants increase allocation of carbohydrates to root production at the expense
of stem growth when belowground resources are limiting (Axelsson & Axelsson, 1986; Pallardy, 2008)—and
that tree‐ring chronologies developed from one woody plant species are reasonably representative of the
environmental stresses experienced by all plants in the surrounding region. Previous studies have shown
that the normalized difference vegetation index over grasslands is signiﬁcantly and positively correlated with
nearby tree‐ring width chronologies (Liang et al., 2005), suggesting that the latter assumption may be a reasonable approximation in relatively dry or cold regions and that stem growth may be a reasonable proxy for
aboveground productivity as a whole. Likewise, tree‐ring chronologies can capture signiﬁcant interannual
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variance in normalized difference vegetation index and satellite‐derived primary production over relatively
large regions (Beck et al., 2013; Bunn et al., 2013; Levesque et al., 2019), suggesting that tree rings may be
reasonably representative of aboveground primary production over entire landscapes.
A second potential limitation is bias within the ITRDB, both in site selection and within‐site sample design.
There is a heavy skew in the spatial representativeness of the ITRDB (Zhao et al., 2019), limiting full application across diverse or undersampled regions. In particular, low‐diversity semiarid conifer forests of western North America are disproportionately represented in the ITRDB, while forests in other regions are
underrepresented (Zhao et al., 2019). Expanding the regional, structural, and taxonomic diversity of the
ITRDB is therefore necessary to fully capture the potential of tree rings for carbon cycle science. Even within
a given site, there are substantial biases regarding which trees are selected for sampling. Since one of the primary applications of dendrochronology is for paleoclimate reconstructions, investigators often target old
trees that are predominantly limited by climatic factors. The most common sample design therefore involves
selecting large, dominant trees growing in stressful landscape positions such as steep, south facing rocky
slopes (Cherubini et al., 1998; Nehrbass‐Ahles et al., 2014). While other sample designs are also used (e.g.,
Davis et al., 2009; Dye et al., 2016; Nehrbass‐Ahles et al., 2014), many of the sites in the ITRDB are likely
biased toward old trees with relatively low growth rates that may not be representative of the entire stand
or region (Zhao et al., 2019). This is especially problematic for studies using tree‐ring data to directly calculate primary productivity or long‐term growth trends (Bowman et al., 2013; Brienen et al., 2012; Cherubini
et al., 1998; Nehrbass‐Ahles et al., 2014), although inferences regarding the environmental drivers of growth
are relatively robust to choice of sample design (Nehrbass‐Ahles et al., 2014). Formally testing the impact of
sample design on the tree‐ring environmental stress index remains a priority for future research. To fully realize the potential for tree rings to inform our understanding of the carbon cycle, we also need to continue
collecting new tree‐ring data that mitigate well‐known sampling biases (Klesse et al., 2018; Nehrbass‐
Ahles et al., 2014), regional biases (Klesse et al., 2018; Zhao et al., 2019), and taxonomic biases (Zhao
et al., 2019).
4.2. Interacting Effects of Climate, Topography, and Soil Quality on Environmental Stresses to
Primary Production
Beyond the potential relevance of a tree‐ring environmental stress index for assimilation into existing primary production models, our results illustrate two key ﬁndings regarding environmental stresses in the conterminous United States. First, we demonstrate the importance of antecedent climate, particularly
antecedent moisture delivery, for forest growth and productivity. Ecosystems of the western United States
in particular rely on water that is delivered during the previous growing season (possibly reﬂecting carryover
of nonstructural carbohydrates from one year to the next (Kagawa et al., 2006)) and during winter prior to
the start of the growing season. While this has also been demonstrated in many previous studies (e.g.,
Crawford et al., 2015; Dannenberg et al., 2019; Dannenberg & Wise, 2016; Earles et al., 2018; Watson &
Luckman, 2002; Williams et al., 2013), even dating back to the early days of dendroclimatology (Fritts,
1976), many primary production models, particularly those based on LUE theory, assume instantaneous
responses of stomata to VPD and do not explicitly represent lags between climate and carbon uptake, except
insofar as these lags are implicitly represented in the vegetation index used to estimate the fraction of photosynthetically active radiation absorbed by the canopy or in water balance‐based soil moisture estimates.
While growing season VPD was an important driver of growth stress in many ecoregions, it does not fully
capture responses of primary production to moisture stress, which are strongly dependent on the moisture
balance over the months leading up to the growing season (e.g., Figure 7 and Table 3). This supports recent
ﬁndings from eddy covariance ﬂux towers that soil moisture, not VPD alone, is the dominant driver of moisture stress in dry regions (Novick et al., 2016; Stocker et al., 2018, 2019). In semiarid and snow‐dominated
hydroclimates, such as those of the western United States, incorporating the effects and legacies of antecedent moisture delivery on plant‐available soil moisture could improve the representation of environmental
stress in existing primary production models.
A second key ﬁnding is our demonstration of the importance of both topographic and edaphic conditions
for driving spatial gradients in mean environmental stress and altering the relationship between climate
and growth. The RF model experiments show that climate gradients alone cannot capture spatial variation of environmental stress, except in ecoregions that are strongly limited by climate, such as the driest
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regions of the western United States, and the mixed effect models further demonstrate the importance of
interactions between site characteristics (especially topography) and climate. We did not ﬁnd strong
effects of soil characteristics, possibly due to limitations of the gridded soil data, but previous work
has demonstrated the effects of both topography and soils on forest responses to drought and other climatic stresses (Fan et al., 2017; Kannenberg et al., 2019; Phillips et al., 2016). Incorporating either topographic or soil variables in addition to climate variables could substantially improve model performance.
These variables are not typically included in the current generation of LUE models, partly due to challenges in accurately representing soil properties at a ﬁne resolution on a continental scale. Updating
the present generation of environmental stress models to include physically meaningful lags between climate and ecosystem carbon uptake and to represent site factors that inﬂuence stress could therefore
improve primary production estimates.

5. Conclusions
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Modeling vegetation responses to nonoptimal environmental conditions has been a major source of uncertainty in primary production estimates. Through this study, we have developed estimates of annual “environmental stresses” to forest primary production, deﬁned as reduction of annual diameter growth below
optimal levels, based on a large network of tree‐ring widths and species‐speciﬁc allometric models. Using
correlation analysis, empirical machine learning model experiments, and linear mixed effect models, we
found that forest productivity depends on antecedent climatic conditions, which often are not explicitly
represented in existing primary production models. Forests of the western United States are particularly
dependent on antecedent moisture supply, suggesting that moisture stress estimates based solely on instantaneous stomatal responses to VPD are unlikely to fully capture stress‐induced reductions of primary production in dry regions. The results presented here show that growth responses to antecedent moisture
depend on local topographic and soil conditions, and that spatial gradients of environmental stress cannot
be adequately explained by climate alone, especially in eastern and northern U.S. ecoregions where growth
is less constrained by water availability than in the drier western United States. These insights from tree
rings have the potential to inform further development of primary production models, both by highlighting
opportunities for improved representation of environmental stress and by directly assimilating tree‐ring
environmental stress estimates into existing models.
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