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Summary

� The partitioning of photosynthate among various forest carbon pools is a key process regu-

lating long-term carbon sequestration, with allocation to aboveground woody biomass carbon

(AGBC) in particular playing an outsized role in the global carbon cycle due to its slow resi-

dence time. However, directly estimating the fraction of gross primary productivity (GPP) that

goes to AGBC has historically been difficult and time-consuming, leaving us with persistent

uncertainties.
� We used an extensive dataset of tree-ring chronologies co-located at flux towers to assess

the coupling between AGBC and GPP, calculate the fraction of fixed carbon that is allocated

to AGBC, and understand the drivers of variability in this fraction.
� We found that annual AGBC and GPP were rarely correlated, and that annual AGBC repre-

sented only a small fraction (c. 9%) of fixed carbon. This fraction varied considerably across

sites and was driven by differences in stand density and site climate. Annual AGBC was sup-

pressed by c. 30% during drought and remained below average for years afterward.
� These results imply that assumptions of relatively stationary allocation of GPP to woody bio-

mass and other plant tissues could lead to systematic biases in modeled carbon accumulation

in different plant pools and thus in carbon residence time.

Introduction

Forests play a crucial role in the cycling and sequestration of car-
bon and serve as a sink for up to a quarter of anthropogenic
carbon dioxide emissions annually (Bonan, 2008; Pan
et al., 2011). However, understanding the future evolution of the
land carbon sink, including the allocation within different pools
and their residence times (Friend et al., 2014; Pugh et al., 2020),
remains among the largest uncertainties in future carbon cycle
projections (O’Sullivan et al., 2022). As such, there has been a
tremendous amount of research quantifying the fluxes and pools
of forest carbon using a variety of methods, each with their
respective strengths and weaknesses. Eddy covariance, for
instance, provides high-frequency measurements of the net
land-atmosphere carbon exchange but at a relatively small (and
geographically biased) number of sites and with no direct ability
to estimate within-stand allocation of that carbon. By contrast,
forest inventories provide on-the-ground measurements of stand
structure and tree size, but are generally conducted infrequently.
Tree rings provide annually resolved measurements of stem radial

growth over decades to centuries but often contain within- and
among-site sample biases that preclude direct estimation of
woody net primary production (Nehrbass-Ahles et al., 2014).
Given the complementary strengths and weaknesses of these
approaches, the integration of tree biometric measurements, den-
drochronology, and eddy covariance has emerged as a particularly
promising way to quantify forest carbon cycling. Collectively,
these approaches include well-established methodologies,
multi-decadal scopes, and openly available datasets across hun-
dreds of sites globally.

Critically, woody tree growth and forest carbon uptake are
fundamentally different processes, and carbon dynamics inferred
based on the measurement of one may not be consistent with
dynamics inferred from the measurement of the other. These dif-
ferences could arise due to a few nonexclusive mechanisms. First,
growth and photosynthesis are sensitive to different environmen-
tal drivers. Depending on a wide array of factors, wood formation
can sometimes be more limited by turgor pressure, and thus
water availability, or by cold temperatures than by carbon avail-
ability from photosynthesis, which tends to be more sensitive to
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fluctuations in light, temperature, leaf area, and the various dri-
vers of stomatal conductance (Hsiao, 1973; Muller et al., 2011;
Peters et al., 2021). Second, the different measurement methods
of dendrochronology and eddy covariance may preclude direct
comparison of growth and photosynthetic processes. Specifically,
(1) ecosystem fluxes measured by eddy covariance include abiotic
fluxes and a sometimes sizeable contribution of understory vege-
tation (Misson et al., 2007), (2) tree selection and dendrochrono-
logical sampling are often biased toward serving the needs of
individual studies (Nehrbass-Ahles et al., 2014; Dye et al., 2016;
Babst et al., 2018), and (3) uncertainty due to the complex post-
processing of eddy covariance data (Loescher et al., 2006).
Finally, autotrophically fixed carbon is dynamically allocated to
multiple sinks (e.g. coarse and fine roots, stems, leaves, sugars
and starches, defense compounds, and exudates), and the nature
of this allocation is highly variable at short timescales (Br€ugge-
mann et al., 2011; Campioli et al., 2011; Hartmann et al., 2020).
The drivers of these allocation processes are difficult to disentan-
gle (Pugh et al., 2020) and could introduce temporal lags that
further mask potential links between tree growth and forest
photosynthesis (Teets et al., 2018b). Given these mechanisms, we
should perhaps expect tree photosynthesis and growth to poorly
covary at annual or sub-annual time scales, unless they are
strongly co-limited by the same drivers in restrictive (e.g. cold
and/or dry) environments.

There is indeed an emerging view that forest carbon uptake
(gross primary productivity (GPP)) and tree growth are often
decoupled (K€orner, 2015; Cabon et al., 2022). Moreover, various
global change drivers, such as springtime warming (Keenan
et al., 2014; Dow et al., 2022), elevated CO2 (Walker
et al., 2020), and drought (Kannenberg et al., 2019a,b, 2022),
can further decouple temporal variability in stem growth from
carbon uptake, likely due to the changes they cause in carbon
allocation. Importantly, the degree to which growth and GPP are
coupled may differ across space and time (Cabon et al., 2024),
necessitating a mechanistic understanding of when, where, and
why these processes are linked. Extensive curated datasets of tree
growth (e.g. the International Tree Ring Data Bank) and carbon
flux observations (e.g. AmeriFlux, FLUXNET, and ICOS) do
exist, but these measurements are infrequently co-located, pre-
cluding a comprehensive understanding of the linkages between
these two processes.

Recent evidence of systematic growth–GPP decoupling has
prompted a reexamination of the view that tree growth is com-
monly ‘source-limited’. This perspective states that plant growth
is not commonly limited by the availability of sugars or nonstruc-
tural carbohydrates, and is instead more limited by other envir-
onmental factors, such as temperature and water availability
(K€orner, 2015). The implications of this perspective for above-
and belowground tree physiology are large (Prescott et al., 2020),
but the ramifications for the broader carbon cycle depend on the
magnitude of GPP that is allocated to tree growth, since woody
biomass is the longest-lived vegetative carbon pool in forests.
Recent efforts have sought to estimate this fraction using tree
rings (Babst et al., 2014b; Pappas et al., 2020; Teets et al., 2022;
Wei et al., 2024), but these studies have had narrow geographic

scope (less than five sites). Other studies, particularly the
meta-analysis of Litton et al. (2007), have used direct measure-
ments of the fraction of carbon uptake contained in aboveground
growth across numerous sites, but such survey-based efforts are
limited across longer time scales. Improving the spatial and tem-
poral insights into allocation of GPP to woody biomass is neces-
sary to gauge the confidence warranted in generalized C budgets
for forests. These questions have wide-ranging implications for
the forest carbon cycle given the long residence time of woody
biomass, and thus its role in mediating the future evolution of
the global carbon cycle (Carvalhais et al., 2014; Pugh
et al., 2020). For example, many ecosystem models simulate allo-
cation to tree growth using simplistic coefficients (Fatichi
et al., 2019) that are either static or change at a coarse timescale
(Mergani�cov�a et al., 2019), which tends to bias modeled esti-
mates of forest carbon storage toward being more constant
through time, despite the fact that allocation can be highly vari-
able (Litton et al., 2007). If the processes driving wood growth
differ from those driving photosynthesis, assumptions of station-
ary carbon allocation based on source availability will lead to
increasing biases in carbon residence time as hydroclimatic
change potentially induces allocation away from aboveground
woody biomass growth and toward other sinks, such as roots,
defense, or respiration.

Here, we used an extensive dataset of 73 tree-ring chronologies
collected within the footprint of 32 flux tower sites and compris-
ing a total of 348 site-years of overlapping ring width and flux
tower data. We developed a novel method to scale measurements
of tree radial growth to species- and stand-weighted estimates of
annual aboveground woody carbon increment (AWCI) that are
comparable in space and time to GPP derived from eddy covar-
iance. This method only requires estimates of species composi-
tion and stand basal area and can thus be easily applied at any
other flux tower site where tree-ring chronologies have been col-
lected. We ask three primary questions:
(1) To what degree are annual AWCI and GPP correlated?
(2) What fraction of GPP is allocated to tree-ring-derived AWCI
(AWCI : GPP), and how does this vary across space and time?
(3) What are the primary drivers of interannual variability in
AWCI : GPP, and how well can we predict AWCI : GPP?

Materials and Methods

Tree-ring and eddy covariance data

We used tree-ring and eddy covariance data from Cabon
et al. (2022), which represents the most comprehensive dataset to
date of tree-ring chronologies collected within the footprint of
flux towers. This dataset comprises 32 flux tower sites and spans
73 chronologies across North America and Europe (Supporting
Information Fig. S1; Table S1). These include annual measure-
ments of ring width and monthly GPP, aggregated to current
year, previous year, and water year (i.e. previous October to the
current September) sums. The mean overlap period between
tree-ring chronologies and GPP at these sites was 14 yr, with
only four sites having an overlap period of < 10 yr. Many of
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these sites were sampled for tree cores in a systematic way to
represent stand species and size distributions, while others tar-
geted trees representative of those in the canopy. More details on
data acquisition can be found in Cabon et al. (2022). In addition
to the site metadata present in Cabon et al. (2022), available here
in Table S1, we obtained MODIS-derived leaf area index (LAI,
the 500 m resolution MCD15A2H product) for the grid cells
containing each site using the R package MODISTOOLS (Tuck
et al., 2014) and aggregated it into annual growing season (May
through September) means.

Scaling from tree rings to aboveground woody biomass
carbon

To directly compare the magnitude of absolute tree-ring widths
(a unit of annual radial growth) with annual GPP (a flux of car-
bon on a per area basis), we generated time series of aboveground
woody biomass carbon (AGBC) for each tree-ring chronology,
weighted by species composition, and applied a scalar based on
aboveground carbon density data at each site (Fig. 1). First, abso-
lute ring widths were converted to diameter at breast height
(DBH) by summing ring widths in all years before the target year
and multiplying by 2. Because increment cores exclude outer
bark and only occasionally extend to the pith, these ‘inside-out’
DBH estimates will frequently be biased low (Dannenberg
et al., 2020; Lockwood et al., 2021), but our stand-level scaling
procedure (Fig. 1) accounts for this bias as described below. This
method also assumes that trees grow symmetrically (a common
assumption in dendrochronology). Our cores were sampled to
minimize asymmetry (e.g. by coring on perpendicular sides of
the tree and avoiding growth irregularities), but this potential
source of error is worth highlighting. Next, annual diameter
reconstructions were converted into aboveground dry biomass
using the R package ALLODB (Gonzalez-Akre et al., 2022). Allodb
relies on a large dataset of allometric equations for 701 tree spe-
cies to derive aboveground biomass, while also weighting equa-
tion parameters for sample size and climatic/taxonomic

similarity. Out of the 43 species in our dataset, species-level allo-
metric equations were available for 34 species, and genus-level
allometries were available for the remainder. Next, aboveground
woody biomass was estimated by subtracting out leaf biomass,
calculated using the mean percent leaf biomass attained from the
BAAD database for each of our species (Falster et al., 2015).
Only field-derived allometries done on mature trees were consid-
ered for this analysis. When species-level values were not avail-
able, genus-level or family-level averages were used. Foliar
allocation has been found to be fairly static across sites and years
(Litton et al., 2007), and furthermore significant relationships
between tree DBH and foliar allocation were rare in our dataset
(< 10% of sites). Thus, we believe using species means to be a
reasonable assumption. Finally, aboveground woody biomass was
converted to AGBC using mean species-specific wood carbon
content values from the TRY database (Kattge et al., 2020).
When species-level values were not available, genus-level or
family-level averages were used. AGBC was then converted into
yearly increments (AWCI) by subtracting the previous year
AGBC from the current year AGBC.

In total, this method calculated the mass of aboveground
woody carbon that is contained in each chronology from raw
measurements of ring width. However, multiple species are pre-
sent at most flux tower sites and do not occur in equal abun-
dance. In order to account for the presence of multiple species,
we used species fractional abundance (percent of total stand basal
area attributed to each species) estimates available at each site
(Cabon et al., 2022) to create community-weighted AWCI values
for each site-year, and removed any site-years where not all spe-
cies chronologies were present. These community-weighted
AWCI values were still not appropriate to compare directly with
GPP, though, since they are indicative only of the carbon con-
tained in the cored trees. Therefore, AWCI chronologies needed
to be converted to stand-level values. To do so, we searched the
literature for estimates of stand basal area for each site (Table S1)
and compared these values to estimates of community-weighted
basal area contained in our chronologies to develop a scaling

Fig. 1 Schematic detailing the method for scaling measurements of tree-ring width to chronologies of aboveground woody carbon increment (AWCI).
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factor that converts AWCI from the cored trees to a stand- and
community-weighted estimate of AWCI. This stand scaling fac-
tor should also implicitly correct for any low-bias in ring-width-
based DBH and AWCI. We only amassed literature stand basal
area measurements during years near when flux data and
tree-ring chronologies overlapped, and the scaling factor was cre-
ated using our reconstructed basal area measurements that
occurred closest to the year when basal area was directly sampled.
While uncertainties are inherent in the use of allometric equa-
tions and stand basal area values, we note that these uncertainties
are likely to be larger across sites than across years within a
given site.

The use of basal area estimates from the literature, along with
diameter reconstructions and other uncertainties detailed here, may
cause noise and/or biases in our results. Therefore, we compared
our AWCI estimates to those from Teets et al. (2022), which is the
most comprehensive dataset of AWCI at flux tower sites to date
that uses on-site stand surveys (as opposed to our literature-based
values). First, in order to make their estimates of woody biomass
increment (above- and belowground, including foliage) comparable
to our AWCI estimates (aboveground woody biomass only), we
subtracted out the mean percentages of foliage and root biomass
(obtained via our BAAD-derived dataset) from the Teets
et al. (2022) woody biomass increment estimates. We then com-
pared our AWCI estimates with theirs across the 6 sites and 76
site-years that were present in both datasets. The two AWCI esti-
mates were significantly correlated (Fig. S2; P < 0.001) and
well-linked (R2 = 0.51). Importantly, our AWCI estimates are only
2% higher on average than the Teets et al. (2022) estimates. There-
fore, while we believe that there is much value in uncovering the
mechanisms by which AWCI estimates may differ across methods,
our approach is valid for understanding AWCI dynamics across a
broader range of sites than was previously possible.

Random forest analysis

To better understand the environmental drivers of AWCI, GPP,
and the AWCI : GPP ratio, we conducted a random forest ana-
lysis using the R package RANDOMFOREST (Liaw & Wiener, 2002).
Most predictor variables were previously compiled for each flux
site (Cabon et al., 2022) except for stand basal area, which was
compiled from the literature (see Table S1) and LAI (described
above). For each of the response variables – AWCI, GPP, and
AWCI : GPP – we developed two types of random forest mod-
els: one focusing on interannual variability in the response vari-
ables and another on mean annual site-level values. These two
model types were chosen to distinguish whether the drivers of
AWCI, GPP, and AWCI : GPP were primarily due to temporal
variability in meteorological conditions, or due to broader site-
specific differences (e.g. mean climate or vegetation type/
density).

To quantify the drivers of interannual variability in our
response variables, we used growing season (May–September) cli-
mate data as predictors: climatic water deficit, precipitation,
vapor pressure deficit, Palmer Drought Severity Index (PDSI),
air temperature, incoming shortwave radiation, and LAI. Due to

its high collinearity with other variables, climatic water deficit
was excluded from the final model. The remaining predictors,
which demonstrated low collinearity (correlation coeffi-
cient < 0.7), were retained (Dormann et al., 2013). We normal-
ized all climate variables by z-scoring (except for PDSI, which is
inherently scaled) to account for variability in climatic conditions
across sites.

At the site level, our predictors were site-specific characteristics
and annual climate variables: IGBP vegetation classification,
mean annual LAI, climatic water deficit (potential evapotran-
spiration minus actual evapotranspiration), precipitation, incom-
ing shortwave radiation, air temperature, and stand basal area.
We confirmed that none of these predictors were highly collinear
(correlation coefficient < 0.7), and thus, all variables were
retained in the final model (Dormann et al., 2013).

Each model consisted of 500 decision trees, with the number of
predictors sampled at each random forest split determined through
k-fold cross-validation (five predictors produced the lowest cross-
fold validation error for all models). To evaluate model perfor-
mance, we partitioned the data into training (80%) and testing
(20%) subsets, randomly resampling this division 100 times. We
evaluated the predictive accuracy by applying models trained on
the training subset to the testing subset. Variable importance for all
predictors was calculated using the ‘importance’ function in RAN-

DOMFOREST (which quantifies variable importance via the decrease
in Gini impurity when using a particular variable to split the data),
and we explored the relationships between model predictors and
response variables by creating smoothed partial dependence plots
using the R package PDP (Greenwell, 2017).

Effect of pluvials, droughts, and drought legacies

To quantify the impacts of water stress on AWCI : GPP, we
identified severe drought (PDSI < �3) and extreme pluvial
(PDSI > 3) years within our dataset. Any drought/pluvial years
that were also followed by a consecutive drought/pluvial were
removed before analysis. The AWCI : GPP ratio was then com-
pared between climatically normal years, droughts, pluvials, and
for the 5 yr following drought.

Statistical tests

Ordinary least squares regression was used to assess the relation-
ship between AWCI and GPP (after confirming that the assump-
tions of linear regression were met), and two-tailed t-tests were
used to compare differences among groups. The AWCI : GPP
ratio was multiplied by 100 so that the resulting units are percen-
tages. All statistical analyses were conducted in R v.4.3.1 (R Core
Team, 2023).

Results and Discussion

Weak coupling of AWCI and GPP

Across all site-years, AWCI was significantly correlated with cur-
rent year GPP, previous year GPP, and previous October to
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current September GPP (P < 0.001), though the strength of
these relationships was low (R2 = 0.07, 0.08, and 0.07, respec-
tively). The relationship remained weak when AWCI outliers
(> 2 SD from the mean) were removed (R2 = 0.06–0.08 for
all GPP aggregations) and when only considering sites with at
least 10 yr of overlap between chronologies and GPP
(R2 = 0.08–0.12). Therefore, for all subsequent analyses we only
refer to current year GPP and include data across all sites.
Within-site correlations between AWCI and GPP were also very
low and largely nonsignificant (Fig. 2a,b), though there were cer-
tain sites where AWCI and GPP were moderately coupled.
Within-site interannual variability in AWCI (mean coefficient of
variation = 0.23) was comparable to that of GPP (mean coeffi-
cient of variation = 0.21); however, the coefficient of variation
for mean AWCI across sites was 0.84 while it was only 0.32 for
GPP. This indicates that AWCI and GPP are comparable in their
temporal variability at a given site, but AWCI is substantially
more variable across locations. This result expands upon previous
research that tree-ring widths and GPP are quite decoupled by
finding that GPP is also decoupled from AWCI, especially across
sites.

Previous research has found contrasting evidence that tree
growth and GPP can be linked at some sites (Teets et al., 2018a,
2022; McKenzie et al., 2021) and yet also can be decoupled at
others (Rocha et al., 2006; Delpierre et al., 2016; Pappas
et al., 2020; Wei et al., 2024). We found similar results across a
much broader range of sites – the linkage between AWCI and
GPP seemed to be poor generally, but can exist in some forests. It

is worth noting that these processes have been found to be signifi-
cantly correlated at some of the sites in our dataset (Teets
et al., 2022), though this study also found tree growth to be only
loosely coupled to GPP across site-years. Moreover, other pre-
vious research has found a strong growth–GPP coupling at some
of our Canadian plantation sites (McKenzie et al., 2021), a result
we also find here. This replication gives us confidence that our
method of scaling ring width to AWCI results in robust estimates
of whole-forest growth variability, especially in forests where spe-
cies composition and allometry are well resolved.

How much of GPP is allocated to AWCI?

Scaling tree-ring width chronologies to whole-stand woody bio-
mass carbon allowed us to calculate the fraction of GPP that was
allocated to AWCI on an annual scale. We found that this frac-
tion was relatively small and highly variable across sites, with a
mean value of 8.97% and a 5th to the 95th percentile range of
1.68–23.08% (Fig. 3). While this fraction varied interannually
within a given site (mean coefficient of variation within a given
site = 0.23), most of the variability in AWCI : GPP was cross-
site (coefficient of variation across site means = 0.79). Higher
cross- vs within-site variability in AWCI : GPP has been
reported previously (Guillemot et al., 2015; Rog et al., 2024),
and likely indicates that the drivers of AWCI : GPP are site-
specific factors (e.g. fertility or age; DeLucia et al., 2007; Vicca
et al., 2012) instead of interannual climate variability (to be
described later for tests of this hypothesis). Given that many
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Fig. 2 Relationships between aboveground woody carbon increment (AWCI) and gross primary productivity (GPP) (a), along with the coefficient of
determination (R2) of the linear relationship between AWCI and GPP at a given site (b). In (a), colored lines represent the linear model fit for all sites within
a given IGBP classification, while the black dotted line represents the linear fit across all site-years. In (b), gray points represent nonsignificant relationships
while black points represent significant relationships (P < 0.05). Both axes in (a) are plotted on a log scale for clarity, but see Supporting Information Fig. S9
for a nonlog transformed version.
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ecosystem models simulate wood allocation using simplistic coef-
ficients that are derived from limited empirical data (Fatichi
et al., 2019), this result should prompt further investigation into
the drivers of carbon allocation, as well as developing models of
sink-driven processes (Cabon et al., 2024).

The small magnitude of AWCI : GPP may be surprising, but
it is within the range of previous estimates of forest carbon bud-
gets. For example, a substantial fraction (c. 10–50%) of stand
GPP may represent carbon fixed by understory species or small
trees that are not represented in our dataset (Misson et al., 2007;
Ikawa et al., 2015; Piponiot et al., 2022). Of that remaining
GPP, c. 50–60% is used for autotrophic respiration (Rog
et al., 2024), c. 10–20% is allocated to foliage (Falster
et al., 2015), and c. 25–50% is allocated to various belowground
pools, such as root growth, mycorrhizas, and exudates (Litton
et al., 2007). Thus, while the fate of fixed carbon is highly vari-
able across space and time, we contend that it is expected that
AWCI represents only a small percentage of stand GPP.

However, some other studies have found higher AWCI : GPP
percentages (c. 12–20%), especially when reconstructing AWCI
using dendrometer and/or survey-based approaches (Litton
et al., 2007; Brzostek et al., 2014; Babst et al., 2014b; Finzi
et al., 2020; Teets et al., 2022). As most of these other studies
were able to directly quantify stand biomass with on-site mea-
surements, we acknowledge that these discrepancies could have
arisen due to uncertainty in our stand basal area estimates. How-
ever, we suggest that there is no reason to suspect that uncertainty
in these data would produce a consistent underestimation of
AWCI : GPP. There could also be biases associated with the lack
of diameter measurements of the trees cored in our dataset (Lock-
wood et al., 2021), which can produce underestimates of tree dia-
meter when summing ring widths together to calculate DBH.
However, our method for scaling chronology carbon increments
to the stand should implicitly adjust for those underestimates.
Likewise, there may be uncertainties related to mortality,

allometry, and sampling design (Alexander et al., 2018), though
again we note that there is no reason why these would direction-
ally bias our AWCI : GPP estimates. We highlight that our
method still produces estimates of AWCI : GPP that are within
the bounds of previous estimates, while also allowing us to gener-
ate the large number of AWCI : GPP data necessary to elucidate
the drivers of its variability over space and time (which is not pos-
sible with single-site estimates or low-frequency surveys).

Drivers of AWCI, GPP, and AWCI : GPP

We next sought to uncover drivers of interannual variability in
AWCI, GPP, and AWCI : GPP. First, we built random forest
models with growing season climate anomalies and LAI to quan-
tify the degree to which these quantities were associated with
interannual climate variability. The models were not strong pre-
dictors of AWCI (mean R2 between testing and training data-
sets = 0.20) or AWCI : GPP (Fig. 4; R2 = 0.26). Solar
radiation was the most predictive variable, with lower incoming
radiation levels increasing AWCI and AWCI : GPP (Figs S3,
S4). This could be due to light competition inducing allocation
to aboveground growth, or increased cloudiness alleviating water
stress at some sites. The models built to predict GPP were much
more successful, however (Fig. S5; R2 = 0.61), likely because the
controls over GPP are less complex and more instantaneous than
those for AWCI. LAI was the variable that most increased the
predictive ability of the GPP model, with higher LAI values asso-
ciated with higher annual GPP, likely due to the strong linkage
between canopy density and carbon uptake across space (Hoek
Van Dijke et al., 2020).

Since most of the variability in AWCI, GPP, and AWCI :
GPP occurred across sites, we then built random forest models to
predict these processes using mean site climate, mean LAI, and
stand basal area (Fig. 4). These models were much more success-
ful at predicting AWCI (R2 = 0.61), GPP (R2 = 0.85), and
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AWCI : GPP (R2 = 0.66). Variable importance plots revealed
that stand density and LAI were critical variables for AWCI and
GPP model predictive ability, respectively, with denser
forests/canopies being associated with higher AWCI and GPP
(Figs S6, S7). AWCI : GPP, however, was highest at colder
stands with low LAI and high basal area (Fig. S8). This finding
adds to existing evidence that high biomass forests are likely to
allocate higher percentages of photosynthate to growth (Vicca
et al., 2012), while the high allocation of carbon to growth in low
leaf area forests could be due to known allometric trade-offs
(Chen et al., 2013) that arise due to the nature of competition
and resource availability in forests. While there were slight differ-
ences across processes, hydroclimatic drivers were also important
model predictors. For example, AWCI was highest at wetter sites,
while GPP was highest at sites with intermediate rainfall. This
may reflect how water availability consistently enhances woody
biomass production, though very wet sites might experience
reductions in GPP due to direct suppression of photosynthesis or
increased cloud cover at wetter sites. The small role of IGBP
vegetation class in these models is notable and likely indicates
that the variability in these processes is controlled by the broad
climatic factors already included in the model, rather than

intrinsic differences in vegetation type (Barnes et al., 2021). We
do caution that these analyses do not indicate causality and are
instead intended to provide fruitful avenues for further research.
Promisingly, though, the fact that the fraction of GPP allocated
to AWCI was best predicted by broad site-level climate and struc-
ture hints that developing a mechanistic representation of this
allocation may be tractable.

While it is well known that severe water stress suppresses both
woody tree growth and photosynthesis, we further hypothesized
that these climate extremes also might decrease AWCI : GPP,
given that (1) radial growth is likely a minor allocation priority
for a tree during these times (Kannenberg et al., 2019a,b; Wei
et al., 2024), and (2) growth processes are usually more sensitive
to water stress than photosynthesis (Muller et al., 2011; Peters
et al., 2021). To test this, we identified drought years (PDSI <
�3) and pluvial years (PDSI > 3) in our dataset, and compared
AWCI : GPP during those years with climatically normal years.
Pluvial years did not significantly alter the fraction of GPP allo-
cated to AWCI, relative to normal years. However, severe drought
significantly (P < 0.05) decreased AWCI : GPP by 33% relative
to normal years (Fig. 5). Furthermore, this effect persisted for
3 yr following the drought event (P < 0.05), with reductions of
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30% in postdrought year 1, 34% in year 2, and 29% in year 3.
These results held regardless of whether we considered all climati-
cally normal years in our dataset vs only considering normal years
at sites that experienced severe droughts or pluvials. This result is
consistent with previous research indicating that ‘drought legacy
effects’ in tree rings commonly last for c. 2–4 yr (Anderegg
et al., 2015), while GPP tends to recover quickly (Kannenberg
et al., 2020). The ramifications for the carbon cycle could be sig-
nificant. In forests that are projected to experience accelerating
and intensifying drought (McDowell et al., 2020), this may indi-
cate that forests will increasingly allocate carbon to pools with
much lower residence times, thus impacting long-term carbon
sequestration (Kannenberg et al., 2022).

Limitations

Our method, developed to complement a large database of tree-
ring chronologies at flux tower sites, has several caveats and uncer-
tainties. For example, (1) allometric equations can be highly uncer-
tain across sites (as can estimates of foliar allocation), (2) many
times tree-ring chronologies are not collected in a randomized or
systematic manner and thus ignore suppressed or understory trees
(Nehrbass-Ahles et al., 2014), (3) there may be interspecific and
interannual fluctuations in wood density not accounted for here
(Babst et al., 2014b), and (4) stand basal area estimates used a
number of different methodologies and may be uncertain.

Allometric equations also do not account for branch turnover,
which can increase estimates of woody biomass production by c.
16% (Lim et al., 2024). We also lack consistent data on site ferti-
lity across time and space, which may be an important driver of
variability in AWCI : GPP (Vicca et al., 2012). Our estimates of
AWCI : GPP, which lie on the lower end of previously published
estimates, likely reflect some of these uncertainties. To reduce these
uncertainties, future tree-ring chronology development at flux
tower sites should incorporate measurements of tree diameter
along with stand surveys with either fixed area or randomized sam-
ple designs. Estimating growth from smaller trees would also be
useful, as they can make up a sizeable portion of productivity in
some forests (Piponiot et al., 2022, though see Babst et al., 2014a),
as would estimates of branch turnover (Lim et al., 2024) and car-
bon allocation to bark (Neumann & Lawes, 2021). Despite this,
our approach can generate estimates of AWCI that are in line with
other published estimates, and due to the limited data collection
requirements (i.e. only tree-ring chronologies, species composition
estimates, and stand basal area) can be easily implemented and
applied across a wide range of flux tower sites. Accurate and wide-
spread AWCI estimates are exceedingly useful for improving our
ability to track the flow and permanence of carbon in forest ecosys-
tems and are thus highly relevant for quantifying the efficacy of
forest-based climate solutions.

Conclusions

Scaling ecological dynamics from individual trees to whole eco-
system processes is a critical frontier in ecological, dendrochrono-
logical, and carbon cycle research (Babst et al., 2018). By
developing a method to generate chronologies of whole-forest
aboveground woody carbon derived from tree-ring samples, we
facilitate direct comparisons between historical records of tree
growth and ecosystem carbon uptake. We found that AWCI was
a relatively small and decoupled fraction of GPP that varied con-
siderably across space and somewhat through time. Notably,
most of this variation was due to differences in site climate and
stand structure, which offers clues toward better representing this
fraction in vegetation models and assessments of forest carbon
sequestration. Ultimately, our results highlight some vital points
for the ecological community: (1) that past and projected
increases in GPP do not necessarily translate directly into
increased long-lived woody biomass as simply as many allocation
schemes suggest, (2) we need more field-based studies on carbon
allocation in mature trees, especially high-resolution sampling via
automated dendrometers, xylogenesis, LAI measurements,
ground-based LiDAR, or similar, and (3) care should be taken
when quantifying ecological phenomena using only tree rings or
flux towers in isolation. Approaches where multiple carbon cycle
processes are investigated concomitantly hold great promise
toward accurately quantifying variability in forest carbon
cycling/storage (Novick et al., 2022) and improving projections
of forest responses to current and ongoing changes in climate
(Babst et al., 2021), as do recent optimality-based improvements
in the modeling of carbon allocation (Trugman et al., 2018; Pot-
kay et al., 2021).
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Fig. S1Map of sites.

Fig. S2 Relationships between AWCI derived from this study
and Teets et al. (2022).

Fig. S3 Smoothed partial dependence plots documenting the
dependence between AWCI and various scaled annual climate
variables.

Fig. S4 Smoothed partial dependence plots documenting the
dependence between AWCI : GPP and various scaled annual cli-
mate variables.

Fig. S5 Smoothed partial dependence plots documenting the
dependence between GPP and various scaled annual climate vari-
ables.

Fig. S6 Smoothed partial dependence plots documenting the
dependence between AWCI and various mean stand variables.

Fig. S7 Smoothed partial dependence plots documenting the
dependence between GPP and various mean stand variables.

Fig. S8 Smoothed partial dependence plots documenting the
dependence between AWCI : GPP and various mean stand vari-
ables.

Fig. S9 Fig. 2 but with nonlog-transformed axes.

Fig. S10 Fig. 3 but with nonlog-transformed axes.

Fig. S11 Fig. 5 but with nonlog-transformed axes.
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basal area estimates.
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