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Abstract There is large uncertainty whether Amazon forests will remain a carbon sink as atmospheric
CO2 increases. Hence, we simulated an old‐growth tropical forest using six versions of four terrestrial
models differing in scale of vegetation structure and representation of biogeochemical (BGC) cycling, all
driven with CO2 forcing from the preindustrial period to 2100. The models were benchmarked against tree
inventory and eddy covariance data from a Brazilian site for present‐day predictions. All models predicted
positive vegetation growth that outpaced mortality, leading to continual increases in present‐day biomass
accumulation. Notably, the two vegetation demographic models (VDMs) (ED2 and ELM‐FATES) always
predicted positive stem diameter growth in all size classes. The ﬁeld data, however, indicated that a quarter
of canopy trees didn't grow over the 15‐year period, and while high interannual variation existed, biomass
change was near neutral. With a doubling of CO2, three of the four models predicted an appreciable biomass
sink (0.77 to 1.24 Mg ha−1 year−1). ELMv1‐ECA, the only model used here that includes phosphorus
constraints, predicted the lowest biomass sink relative to initial biomass stocks (+21%), lower than the other
BGC model, CLM5 (+48%). Models projections differed primarily through variations in nutrient constraints,
then carbon allocation, initial biomass, and density‐dependent mortality. The VDM's performance was
similar or better than the BGC models run in carbon‐only mode, suggesting that nutrient competition
in VDMs will improve predictions. We demonstrate that VDMs are comparable to nondemographic
(i.e., “big‐leaf”) models but also include ﬁner scale demography and competition that can be evaluated
against ﬁeld observations.
1. Introduction
The effects of rising atmospheric CO2 concentrations on tropical forests have been the focus of a large body
of research, and the question of whether intact tropical forests will act as a large CO2 sink remains contested.
Evidence supporting a sink includes a sequence of pantropical inventory analyses, which have suggested
that the Earth's intact tropical forests sequester carbon at 1.4 Mg ha−1 year−1 globally, or roughly half of
the global net terrestrial sink (Baker et al., 2004; Lewis et al., 2009; Pan et al., 2011; Phillips et al., 2008;
Phillips et al., 1998). Evidence that is not in support of a large tropical carbon sink includes data from growth
rings and stable carbon isotopes at tropical sites in South America, Africa, and Asia, which show no acceleration of individual tree growth over the past 150 years with historical CO2 fertilization (van der Sleen
et al., 2015). A 12‐year ﬁeld‐based estimate found that the annual productivity of a tropical forest in Costa
Rica did not increase as expected with elevating CO2 (eCO2), due to climatic stress (increasing minimum
temperatures and greater dry‐season water limitation) (Clark et al., 2013). Analysis of mature Amazonian
forests suggests that the biomass sink may be declining in magnitude over the past two decades, a trend
attributed primarily to increased mortality rates and a shift to faster life‐history strategies (Brienen et al.,
2015). A challenge with individual plot studies is the bias arising from underestimates of tree mortality from
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rare, sporadic, small, and large disturbances, yet accurate individual tree growth estimates, yielding overestimation of net carbon sequestration (Körner, 2003). As Clark et al. (2017) and Wright (2013) point out, estimates of pantropical net carbon ﬂuxes are uncertain and need better observational constraints.
Manipulative ﬁeld experiments such as free‐air CO2 enrichment (FACE) studies provide needed insight on
tree ecophysiology (Medlyn et al., 2015; Norby et al., 2010) and offer promise to ﬁll knowledge gaps. A FACE
experiment in the tropics is planned for the future and highly needed (Norby et al., 2016). To inform the
experimental design needs of this upcoming AmazonFACE study, an ensemble of 14 ecosystem models
showed that modeled phosphorus (P) feedbacks reduce the biomass sink by 50% compared to estimates from
the carbon and carbon‐nitrogen models (Fleischer et al., 2019). These experiments are on the order of one
decade, and hence, do not capture progressive nutrient limitation effects or changes in forest functional composition. Quantiﬁcation of the tropical forest carbon sink is also a grand challenge of measurement scale,
and difﬁcult to capture in FACE experiments, due to the geography of disturbance (Asner, 2013), and scaling
from plot to continental scale introduces signiﬁcant uncertainty that is difﬁcult to quantify (Chambers
et al., 2013).
There is large model uncertainty in plant responses to eCO2 in Earth system models (ESMs) (De Kauwe
et al., 2014; Ghimire et al., 2016; Hoffman et al., 2014; Zaehle et al., 2014), with key model algorithms that
lead to divergent projections of carbon sequestration pertaining to plant nitrogen (N) uptake and stoichiometry, carbon (C) allocation to plant tissues, and self‐thinning (Walker et al., 2015). Models participating
in the Coupled Model Intercomparison Project 5 (CMIP5) (Taylor et al., 2012) estimate a wide range of
net land carbon ﬂuxes over the next century, including differences even in the sign of the ﬂux
(Friedlingstein et al., 2014), with estimates from tropical forests contributing to a large portion of the uncertainty. Apart from modeled land‐use change assumptions contributing to the large spread among CMIP5
models, additional variability manifested in either the coupling of nutrients between soil and vegetation,
gross primary productivity (GPP) responses to changes in CO2 concentration, how assimilated carbon is allocated across biomass pools with different turnover periods, and variable carbon storage and ﬂux in coarse
woody debris and soil C (Luo et al., 2006; Medlyn et al., 2015; Thompson et al., 1996). In contrast to the more
recent observational studies listed above, some global land surface models predict that tropical forests will
act as a large, long‐term C sink under eCO2 (Huntingford et al., 2013; Rammig et al., 2010; Zhang
et al., 2015).
1.1. Variations in Terrestrial Biosphere Model Approaches
Vegetation representation and ecosystem processes differ substantially across models, contributing to a large
spread in ecological predictions. Therefore, we compare and evaluate examples of this spread using six versions of four terrestrial biosphere models that vary in their scale of representing vegetation structure, inclusion of demography, and plant nutrient competition (Table 1). We perform a quasi‐factorial design to test
structured vegetation dynamics and plant competition for nutrients as two critical processes to tropical forest
dynamics and CO2 fertilization responses (Figure 1), also referred to as direct “CO2 effect” (i.e., β response).
We begin with two biogeochemical models that simulate aggregated, coarse vegetation structure (i.e., “big‐
leaf” models), and therefore, do not represent dynamic vegetation processes in this study. As a baseline, we
then applied these two models in their nutrient‐unconstrained (i.e., C only) modes. After which we investigate the β response using these same two models with prognostic biogeochemical cycling and nutrient limitation. These two models are the Community Land Model version 5 (CLM5) (Lawrence et al., 2019; Oleson
et al., 2013) and the Energy Exascale Earth System Model (E3SM) Land Model version 1.1 (ELMv1) with
Equilibrium Chemistry Approximation (ECA) kinetics (Zhu et al., 2017) (ELMv1‐ECA), with ELMv1 being
based upon CLM4.5.
In contrast to the aggregated “big‐leaf” approach, vegetation demographic models' (VDMs; Fisher et al.,
2018) represents vegetation in a more highly resolved manner through demography. Cohorts of trees are distinguished by plant functional type, size structure, and age since disturbance, each competing in different
growth phases which can be informed directly by ﬁeld observations. For each cohort the dynamic process
of recruitment, growth, and mortality is mechanistically represented and emergent properties due to competition. As a last test in the quasi‐factorial design, we tested the β response in two VDMs, which here does not
include nutrient limitation. Demography provides different sensitivities to eCO2 via ﬁner scale ecological
HOLM ET AL.
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Table 1
Summary and Description of Relevant Model Processes, State Variables, and Key Parameters Found in ED2, ELM‐FATES, CLM5, and ELMv1‐ECA
ED2
Time step
Scale of vegetation
Dynamic vegetation
Biomass pools
Litter C pools
Soil C pools
C allocation

a

15 min
Gap scale
Yes
L, WS, WH, R, ST, S
2
3
Pipe model, resource capture,
allometric equations
Prognosed; ﬁve forms
Prognosed allometrically

Mortality
LAI
Photosynthesis
Tissue stoichiometry
Vcmax (μmol m
−1
s )

ELM‐FATES
a

−2

Nutrient limitation of
CO2 fertilization
N cycle
P cycle

30 min
Gap scale
Yes
L, WS, WH, CR (L and D),
FR, ST, S
4
3
Pipe model, resource
capture, allometric
equations
Prognosed; ﬁve forms
Prognosed allometrically
and via optimization
Farquhar et al. (1980)
Fixed C:N ratios

CLM5

ELMv1‐ECA

30 min
2
100 km
No
L, WS, WH, CR (L and D),
FR, ST, G
3
3
Fixed fractions

30 min
2
100 km
No
L, WS, WH, CR (L and D), FR,
ST
4
3
Flexible, dynamic based on
light, nutrients, water stress
Fixed annual mortality (2%)
Prognostic based on C, N pools

Yes
Yes

Phenomenological thermal cutoff at
very low and high temperatures

Fixed; 45

No

No

Fixed annual mortality (2%)
Prognostic based on C, N
pools
Farquhar et al. (1980)
Flexible with target C:N
ratio
Prognostic via leaf
utilization of N for
assimilation
Yes

No
No

Yes
No

Collatz et al. (1991)
Fixed C:N ratios

b

Tracks leaf N mass balance
No

Farquhar et al. (1980)
Flexible stoichiometry
Prognostically calculated with
leaf‐level N and P content
Yes

Note. Adopting terminology and abbreviations from Walker et al. (2014).
Abbreviations: L = leaf; WS = sapwood; WH = heartwood; R = roots; CR = coarse roots; FR = ﬁne roots; ST = storage; S = seeds; L = live; D = dead; G = grain;
CWD = coarse woody debris; C = carbon.
a
b
Vegetation dynamics occur once per day. N does not limit photosynthesis in this version.

processes, ultimately altering responses of land‐atmosphere interactions (Levine et al., 2016; Purves &
Pacala, 2008), which cannot be achieved in models with more aggregated vegetation.
The two VDMs used here are the Ecosystem Demography model 2.2 (ED2) (Knox, 2012; Longo, 2014;
Medvigy et al., 2009), and the newly developed Functionally Assembled Terrestrial Ecosystem Simulator
coupled to the global biophysical E3SM Land Model (ELM‐FATES) (Fisher et al., 2015) both which simulate
terrestrial ecosystems using physically based parameterizations of ecosystem processes. In previous model
analyses over the Amazon Basin, Zhang et al. (2015) and de Almeida Castanho et al. (2016) both concluded
that the ED2 model, when compared to two other terrestrial biosphere models (JULES and IBIS), exhibited
the strongest “CO2 fertilization” effect on vegetation productivity and sustained high tropical biomass. The
version of ED2 used here does not represent nutrient constraints on productivity although evidence for
downregulation of photosynthesis under eCO2 is strong in experimental studies (Luo et al., 2004; McGuire
et al., 1995; Medlyn et al., 1999).
1.2. Goal and Hypotheses
The goal of this study is to compare predictions of four terrestrial biosphere models with alternate representations of vegetation structure, demography, and nutrient biogeochemistry to present‐day observations and
to each other over an idealized long‐term eCO2 scenario.
Speciﬁcally, we compare the models to (i) a detailed 15‐year ﬁeld inventory dataset of present‐day biomass,
forest dynamics, and energy‐water ﬂuxes of an old‐growth central Amazonian lowland forest. The site differs
from typical single‐site inventory plots, in that sampling occurred along long transects with undulating topography of plateau, slope, and valleys, and soil types more representatively, and thus provide a diverse
landscape‐scale estimate of forest dynamics. Next we compare (ii) the models to each other in simulating forest biomass responses to continuously rising atmospheric CO2 concentrations out to 2100, and (iii) the critical processes across all models that inﬂuence the range and magnitude of potential biomass
accumulation given varying constraints and model assumptions. Apart from de Almeida Castanho et al.
HOLM ET AL.
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Figure 1. Quasi‐factorial design for model comparison, showing the baseline case of two models with no structured dynamic vegetation and no plant or soil nutrient constraints (i.e., CLM5 and ELMv1‐ECA big‐leaf models run in C‐only mode; black boxes and lines) and models with structure dynamic vegetation (ED2,
ELM‐FATES; green boxes and lines) or nutrient competition (CLM5, ELMv1‐ECA; purple boxes and lines). The next release versions of the host land models will
contain both dynamic vegetation via FATES and plant nutrient competition indicated by dashed lines.

(2016), there has been little evaluation of terrestrial models' abilities to simulate tropical biomass dynamics
against ﬁeld measurements with repeated inventories, distinguishing this study from others. The four
models we apply here collectively span a range of vegetation structure scales, turnover dynamics, and
nutrient cycling representations (with ELMv1‐ECA being the only model considering P interactions).
Further, this study takes a ﬁrst step at comparing advantages or disadvantages of coupling a VDM to an
ESM's land surface model by comparing ED2 and ELM‐FATES outputs against observational data,
relevant literature, and theory.
We test the hypothesis that the VDMs, which here, all lack nutrient dynamics and are parameterized for a
generic Amazon forest, will better capture observed forest structure and dynamics over the inventory period
and produce similar response to eCO2 as the big‐leaf C‐only version, but larger positive response to eCO2
when compared to the big‐leaf nutrient‐enabled vegetation models, due to nutrient limitations on plant
growth. We also analyze the nutrient‐enabled big‐leaf models' predictions of increased N and/or P uptake
through shifts in C allocation (represented in ELMv1‐ECA only) and ﬂexibility in plant C to nutrient ratios
(as discussed as critical model limitations in Medlyn et al., 2016). van der Sleen et al. (2015) argues that historical increases in CO2 (1850–2000) do not show signiﬁcant fertilization effects on tropical tree growth, suggesting that some models are overestimating tropical CO2‐driven biomass accumulation, perhaps due to a
lack of nutrient constraints or accurate mortality representation. Therefore, the scope of this study was to
evaluate the direct “CO2 effect” (β response) on the tropical forest sink as CO2 increases and as represented
across multiple model approaches. The β response represents the single largest source of uncertainty in terrestrial ecosystems projections of net ecosystem exchange of CO2 (Cox et al., 2013; Friedlingstein et al., 2014;
Sitch et al., 2015). Our intent is to highlight the major controls over tropical forest CO2 response in vegetation
that is dynamically structured vs. unstructured, in order to identify processes that should be priorities for
future ESM development with regard to direct CO2 effects and improving simulations of tropical forests.
HOLM ET AL.
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2. Methods
2.1. Forest Inventory Data
Forest inventory data for use in model benchmarking were collected over two intersecting 5‐ha transects (20
× 2,500 m) at the ZF2 Estação Experimental de Silvicultura Tropical (EEST) operated by Brazil's National
Institute of Amazonian Research (Instituto Nacional de Pesquisas da Amazônia—INPA), located in the
Cuieiras Reserve (2.45–2.66° S, 60.02–60.32° W), 53‐km north of the city of Manaus, Brazil (Figure 2); see
Negrón‐Juárez et al. (2015) and supporting information, section 1 for more site‐level information and ﬁeld
inventory synthesis. The site has had minimal human disturbance and is classiﬁed as an old‐growth primary
forest dominated by oxisol soils with local relief up to 50 m. The two transects (10 ha) are crossed by small
streams in valleys (Figure 2a), with soils varying from high clay content to white sand soils (de Carvalho
Conceição Telles et al., 2003), cover a range of plateaus to valleys, with high species diversity (856 species),
similar to forest dynamics at the landscape scale.
The ZF2 transects were established in 1996, with ﬁeld inventories conducted in 1996 and every two years
from 2000 to 2010, and again in 2011 for a 15‐year dataset, with a total of nine census intervals. In each
inventory, the diameter at breast height (DBH, cm) was recorded for all trees larger than 10‐cm diameter.
Tree diameter was then converted to aboveground biomass (AGB) using allometric relationships obtained
through destructive sampling of trees near the study site (Chambers, Santos, et al., 2001). Growth increment
was estimated as the annual change in biomass for trees that were still alive, with biomass allometrically tied
to changes in DBH. Loss from mortality was calculated by accumulating the biomass of trees that died in
each interval, using biomass estimates from the previous survey, and annualizing the loss. In all cases, the
mortality ﬂuxes did not include a litter ﬂux from live trees. We compared AGB (Mg ha−1), growth increment
(G; Mg ha−1 year−1), mortality ﬂux (M; Mg ha−1 year−1), net increment (Δ) (where Δ = G−M + recruitment
of new trees into the >10‐cm size class) all reported as dry biomass, and growth fraction (%) from ﬁeld observations for years 1996–2011 to model predictions.
2.2. Simulation Protocol
Simulations with ED2, ELM‐FATES, CLM5, and ELMv1‐ECA were conducted at the ZF2 old‐growth lowland forest site, with the main differences between model processes, operations, and key parameters for each
of the four models described in Table 1. Following common modeling protocols (Zhang et al., 2015), all models were updated to use the same soil texture parameters (i.e., soil fractions of 70% clay and 20% sand, based
on ﬁeld data) and site‐level meteorological climate‐forcing data, to eliminate model biases contributed by
edaphic factors or climate forcings. Apart from these changes, no site‐level tuning was conducted with the
models. Aside from ELM‐FATES, which is a new model that required some parameterization development,
each model were each run “out of the box” to avoid site‐speciﬁc over‐tuning, thus allowing for model evaluation based on their default conﬁgurations and relatable to simulations across the broader central
Amazon region (see section 2b in the supporting information for a description on ELM‐FATES
sensitivity tests).
All models were driven by climate‐forcing data derived from measurements at the eddy covariance ﬂux
tower at kilometer 34 (K34) of the ZF2 road. The measurements included precipitation, downwelling shortwave radiation, downwelling thermal (longwave) radiation, air temperature, relative humidity, and wind
speed. Processed data from 2000 to 2008 were used to drive the models using 30‐min averages, which were
cycled repeatedly throughout the simulations, another widely used site‐scale modeling approach to simulate
longer time periods (de Almeida Castanho et al., 2016; Zhang et al., 2007). Atmospheric pressure was held
constant at 1,000 millibars. We opted to use tower‐based climate drivers due to large biases in re‐analysis
meteorology and resulting biases in model predictions of land processes using re‐analysis forcing (Niu
et al., 2017; Zhang et al., 2007). Medvigy et al. (2010) highlighted the importance for climate driver data to
include high intradiurnal variability, which is typical of site‐level tower data. The ED2 model has shown
strong sensitivity to large‐scale meteorological precipitation inputs, that is, overestimates “drizzle” and
leads, for example, to large overestimations of leaf evaporation due to inadequate canopy throughfall in
ED2 (Knox et al., 2015). We also used recorded measurements of sensible heat, latent heat, and derived
GPP from the K34 eddy covariance ﬂux tower to evaluate modeled seasonal cycle for all models, which
has been more fully investigated by (Restrepo‐Coupe et al., 2013) at this site.
HOLM ET AL.
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Figure 2. (a) False color IKONOS image (dry season 2001) of the ﬁeld experiment site. Intersecting gray lines show the location of the two transects (5 ha each)
compared to local topography and the ZF2 road, which the curving feature that touches the North and Eastern tips of the two transects. Leaﬂess
drought‐deciduous trees are evident as red crowns. (b) A visible image showing the geographic position of the ﬁeld site (marked as “ZF2‐EEST”) in context of the
Amazon basin biome and geopolitical boundaries courtesy of Google Earth.

All model simulations employed a 350‐year spin‐up phase beginning at year 1500 until vegetative biomass
became stable under preindustrial (1850) CO2 concentrations (i.e., 292 ppm). A broadleaf evergreen tropical
tree was the main plant functional type (PFT) for all model simulations here, although these models can be
run with multiple tropical PFTs. The scope of this study was to evaluate the direct β effect on the tropical
forest sink over time as CO2 increased, maintaining climate drivers unchanged. The modeled trajectory of
CO2 concentrations was imposed using a simple third order quadratic approximation that ﬁts the global historical mean and IPCC scenario IS92a projections (Chambers, Higuchi, et al., 2004; IPCC, 2000). The simulations were continued through an idealized historical and future projection phase, in which CO2
concentration increased from preindustrial levels to a doubling of present‐day CO2 in 2073, after which
eCO2 was held constant at 584 ppm until 2100. To evaluate effects of constant doubled CO2, we extended
the simulations to 2200 at 584 ppm CO2.
We used a quasi‐factorial design to test vegetation demography and plant competition for nutrients separately as critical processes to tropical forest dynamics and CO2 fertilization responses (Levine et al., 2016).
For example, the two big‐leaf models used here allow for evaluation of dynamic approaches that allows
plants to adjust C assimilation in response to climate and atmospheric CO2 change, and environmental stresses, including water, nutrient availability (N in CLM5, and N and P in ELMv1‐ECA), and light. Currently the
two VDMs do not include changes to allocation based on nutrient competition and essentially represent
C‐only processes. Through demography these VDMs will vary in size‐structured forest composition, with different plant types competing for light within the same vertical proﬁle, as well as heterogeneity in light availability along disturbance and recovery trajectories. To isolate the nutrient effects from demographic effects
we ran the two big‐leaf models in their C‐only modes. This allowed for direct comparison of unstructured,
aggregated vegetation to the VDM predictions using highly resolved demographic processes and the effects
of each approach on current and long‐term biomass predictions (Figure 1).
2.3. ED2 Simulation Speciﬁcations
The ED2 simulations were initialized with equal and low number densities of saplings from three forms of a
broadleaf evergreen tropical PFT: early successional, midsuccessional, and late successional PFTs at the ZF2
site. These variants differ in four functional traits (wood speciﬁc gravity, maximum photosynthetic capacity,
leaf lifespan, and speciﬁc leaf area), which further serve as a basis for prediction of a number of other
HOLM ET AL.
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functional traits (Moorcroft et al., 2001). See Knox (2012) and Longo et al. (2019) for speciﬁc references on
model equations and assumptions. The ED2 photosynthesis solver is based on the model of Farquhar, von
Caemmerer, and Berry (FvCB) (Farquhar et al., 1980), using the temperature‐dependent functions of photosynthesis (within the Rubisco‐limited CO2 demand) from Collatz et al. (1991) (Q10 equation). ED2 estimates
rates of tree mortality that vary as a function of plant size and functional type. See supporting information;
section 2a (Table S1), for more information on the three mortality terms that encompass ﬁve
mortality processes.
The ED2 simulation started in the year 1500 to allow the vegetation competitive growth, mortality, and
recruitment dynamics to reach biomass equilibrium. Equilibrium in this context is determined if the stand
total biomass of each plant functional type remained stable over interdecadal time scales under the tower
data's hydrologic climate forcing loop and preindustrial carbon dioxide concentrations. Within 250 years
the biomass of the late successional broadleaf evergreens stabilized as the dominant functional type and
the early successional broadleaf evergreens stabilized as the subdominant functional type in terms
of biomass.
2.4. ELM‐FATES Simulation Speciﬁcations
ELM‐FATES is an age and size‐structured VDM coupled with the E3SM Land Model (ELM) v1, a critical
addition for representing disturbance‐partitioned landscapes in ESMs (for documentation, see https://
fates‐docs.readthedocs.io/en/latest/index.html). The underlying concepts and vegetation dynamics in
ELM‐FATES are based on the ED model (Moorcroft et al., 2001), including individuals represented as
cohorts (i.e., similar plant type and height), patch “time‐since‐disturbance” concept, and plant trait ﬁltering.
A major and ﬁrst development was coupling the ED concepts to the physical processes inherit to the CLM
land surface scheme, as described in R. A. Fisher, McDowell, et al. (2010) and Fisher et al. (2015) for the
development of CLM (ED). The demographic and disturbance components were then detached from CLM
(ED) to create FATES along with signiﬁcant development including updates to canopy physics, allocation
and allometry, the approach for canopy competition and sorting, and the representation of disturbance.
For example, a major modiﬁcation is the adoption of the perfect plasticity approximation (PPA) (Purves
et al., 2008) used for the accounting of canopy crown spatial arrangements by scaling from individual plants
to a multilayered forest canopy based on available light and cohort height, a more detailed description in
Fisher et al. (2018). Further updates include multilayer multi‐PFT radiation transfer, a target C allocation
to storage, and a proxy for hydraulic failure tree mortality related to soil moisture potential. ELM‐FATES
calls for four allometric models (tree height, crown area, sapwood cross‐sectional area, and target biomass
for six separate pools), allowing for dynamic competition and varying size structure. As with ED2, the additional forms of plant mortality in these ELM‐FATES simulations are based on C starvation, tree‐fall impact
mortality, and a background mortality rate (0.009 N year−1). Following CLM5, ELM‐FATES photosynthesis
is also based on FvCB (Farquhar et al., 1980), but unlike ED2, it uses the original Arrhenius equation from
Farquhar et al. (1980) and also accounts for the maximum potential rate of electron transport (Jmax) within
the light‐limited photosynthesis rate calculation, as well as the triose‐phosphate utilization limitation. Other
photosynthetic mechanisms are derived from CLM4.5 (Oleson et al., 2013).
Calibration of ELM‐FATES is at a less mature phase than the other models used herein. Through sensitivity tests of ELM‐FATES conducted here, we determined that several tropical parameters needed to be
adjusted to generate more realistic tropical forest attributes and size structure distributions (Figure S1):
target C storage as a ratio of leaf biomass (Scushion), parameters controlling allometric crown area spreading (m2 cm−1) of each canopy layer (Sc), the canopy threshold fraction at which light competition begins
to impact tree growth (At), speciﬁc leaf area (SLA), and senescence mortality rates. See supporting information, section 2b for a more detailed description of the sensitivity analysis of ELM‐FATES for robust
simulations of demographically structured forest dynamics. An advantage of including ELM‐FATES in
this study is the linkage between a VDM with the surface energy ﬂuxes and physiology concepts in
ELMv1 (see Figure 3 for closest match of ﬂuxes between ELM‐FATES and observations). The
ELM‐FATES simulations included a single broadleaf evergreen tropical tree PFT, and during the
350‐year spin‐up period, vegetation successfully reached equilibrium prior to the post‐industrial CO2 concentrations changes at 1850.
HOLM ET AL.
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Figure 3. Observed vs. modeled (a) evapotranspiration (ET) deﬁned as sum of soil and vegetation evaporation and transpiration; all models except for ELMv1‐ECA‐
−1
−2
C overestimated ET (annual average higher by +0.5 to +33 mm month ). (b) Net radiation (Rn; W m ); all models underestimated Rn (annual average
−2
2 −1
lower by −26 to −63 W m ). (c) Gross primary productivity (μmol m s ) (GPP), and similar to Rn all models underestimated GPP (annual average lower by −0.6
2 −1
to −4.2 μmol m s ). (d) Bowen ratio deﬁned as sensible heat (SH) divided by latent heat (LH). Panels (a)–(d) use observed data from K34 tower at ZF2 averaged
from 2000 to 2008, and model results averaged over 2000–2010.

2.5. CLM5 Simulation Speciﬁcations
CLM5 (Lawrence et al., 2019; Oleson et al., 2013) is the land model for the Community Earth System Model
version 2 (CESM2.0) and is a terrestrial model with prognostic biogeophysics and biogeochemistry (BGC).
CLM5 operates as a “big‐leaf” land surface model that represents the plant canopy in an aggregated manner
and has constant mortality and stem turnover (Table 1). Substantial updates have been made to the plant
nutrient dynamics in an effort to reduce structural uncertainty in the CLM4.5 representation of N limitations
and downregulation (Ghimire et al., 2016; Keller et al., 2017; Zaehle et al., 2014). For example, N uptake
imposes a C energy cost, symbiotic N ﬁxation is represented (Brzostek et al., 2014; J. B. Fisher, Sitch,
et al., 2010; Shi et al., 2013), and plant C:N ratios are now variable (Ghimire et al., 2016). This approach
replaces the “relative demand” (RD) approach of downregulating potential GPP (i.e., limiting net photosynthetic rate) based on the relative demand of plants and soil microbes.
Allocation of C is not dynamic in CLM5 and always allocations the same ﬁxed fraction to plant tissues. A new
plant hydraulic stress routine has been included, where vegetation water potential is forced by transpiration
demand and soil water potentials (Kennedy et al., 2019). The former stomatal conductance from CLM4.5
(Ball et al., 1987) has been updated to the conductance model of Medlyn et al. (2011) due to its more realistic
behavior at low humidity levels. It is known that, at a global scale, CLM5 has a higher response to CO2 fertilization than other versions of the CLM which included the relative demand approach (Wieder et al., 2019).
We initialized CLM5 from a 1,000‐year “accelerated decomposition spin‐up” simulation (Koven et al., 2013),
followed by a standard equilibration run starting at year 1500. Simulations were run within a 1° grid cell (100
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km2) that covered the ZF2 ﬁeld site and was used to deﬁne the surface properties. We used a mass balance
approach between annual changes in AGB and losses due to mortality (M) to calculate the plant growth ﬂux
(G) in CLM5. We calculated N use efﬁciency (NUE) as NPP divided by plant N uptake. The CLM5 C‐only
simulations were achieved by activating the mode to supply unlimited N in the BGC submodel, which
was simulated over the 350‐year spin‐up and into the historical and future time periods (1850 to 2100), thus
eliminating plant growth limitations due to N competition. The N addition averaged ~0.21 gN m−2 month−1
over the present‐day period, which lead to a 11% increase in soil N.
2.6. ELMv1‐ECA Simulation Speciﬁcations
We also used a “big‐leaf” version of ELM (ELMv1‐ECA; Zhu & Riley, 2015; Zhu et al., 2016, 2017; Riley et al.,
2018), which incorporates coupled C, N, and P dynamics. The original version of ELM is based on CLM4.5.
Major updates in ELMv1‐ECA include (1) consideration of the P cycle (Wang et al., 2007), (2) inclusion of
ECA kinetics theory for trait‐based plant‐microbe nutrients competition (replacing the RD concept; Tang
& Riley, 2013), (3) ﬂexible and prognostic vegetation C:N:P stoichiometry and its effects on plant photosynthesis (Ghimire et al., 2016; Walker et al., 2014), and (4) dynamic C allocation following the structure
of Friedlingstein et al. (1999). This model directly links ﬁne root biomass to the nutrient competitiveness
of roots, consequently, the amount of nutrient taken up by plant. Therefore, dynamic allocation is directly
linked to nutrient dynamics.
The simulation protocol for ELMv1‐ECA is similar to CLM5, with the only difference being that after the
“accelerated decomposition spin‐up phase,” soil inorganic phosphorus pools (labile P, solution P, secondary
P, occluded P, and parent material P) are initialized with Hadley P fractionation observations at tropical lowland forest ecosystems (Yang et al., 2013). The model continued for another 350 years in “regular spin‐up”
mode with C, N, and P fully prognostic, with transient simulation from 1850 to 2200. As with CLM5, simulations were run using a 1° grid cell (100 km2) that was used to deﬁne the surface properties, which covered the
ZF2 ﬁeld site with 100% broadleaf evergreen tropical tree cover. ELMv1‐ECA simulations include annual N
and P deposition based on Lamarque et al. (2010) and Wang et al. (2015), respectively. Losses due to mortality, plant growth ﬂux, and annual changes in AGB were calculated as in CLM5. We calculated P use efﬁciency (PUE) as NPP divided by plant P uptake.
The ELMv1‐ECA C‐only simulations were achieved by activating the modes to supply both unlimited N and
P in the ECA submodel, which was simulated over the 350 year spin‐up and into the historical and future
time periods (1850 to 2100), thus eliminating plant growth limitations due to NP competition. The N addition and P addition averaged ~0.008 gN m−2 month−1 and ~0.004 gP m−2 month−1 over the present‐day period, which lead to a 42% and 11% increase in soil N and soil P, respectively.

3. Results
3.1. Evaluation of Present‐Day Forest Demographics and Energy and Water Fluxes
At the ZF2 transects, which capture landscape‐scale forest variability, observed forest biomass balance was
nearly neutral for 15 years, with a mean annual net increment of 0.09 ± 1.95 Mg ha−1 year−1 in AGB (0.03%
of its mean mass) (Table 2). Observed annual growth and mortality ﬂuxes were roughly balanced and the
small positive net increment was due to the incoming recruitment ﬂux (see supporting information,
section 1). ED2 agreed best with AGB ﬁeld estimates (within approximately +3% mean AGB), while the
two ELM models underestimated AGB (ELMv1‐ECA: −69% difference; bias = −156 Mg ha−1 and ELM‐
FATES: −22% difference; bias of −60 Mg ha−1), and CLM5 slightly overestimated AGB (+16% difference;
bias = +52 Mg ha−1). However, ED2 overestimated growth and mortality ﬂuxes, and the overestimation
of growth (almost double the ﬁeld data) compared to the mortality ﬂux resulted in large positive annual
net increments over time (1.2 ± 0.47) (Table 2). The growth and mortality ﬂuxes predictions from ELM‐
FATES, ELMv1‐ECA, and CLM5 were within ~18% (growth) and ~35% (mortality) of ﬁeld measurements
despite less accurate estimates of total biomass. None of the models matched the neutral net biomass increments observed in the census, although ELMv1‐ECA was the closest: 0.43 ± 0.46 Mg ha−1 year−1.
As a prerequisite for overall carbon predictions, we further evaluated model predictions of seasonal energy,
carbon, and water ﬂuxes (evapotranspiration (ET), net radiation (Rn), GPP, Bowen ratio (sensible (H)
divided by latent heat (LE) ﬂuxes), and annual LH) at the well‐studied central Amazon site (Araújo et al.,
HOLM ET AL.
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Table 2
−1
−1
Mean Aboveground Biomass (AGB) ± Standard Deviation, Fluxes of Living Trees, Annual Net Increment, Linear Coefﬁcient Trends (all in Mg ha year ) Using
Least Square Regression Along With the Standard Error in Parentheses, and Total AGB Accumulation Over the 15‐Year Period as Measured at the ZF2 Field Site
From 1996 to 2011, and Estimated by the Four Models, as Well as the Carbon‐Only Versions of the Two Biogeochemical Models (CLM5‐C and ELMv1‐ECA‐C)
−1

Mean AGB (Mg ha )
−1
−1
Growth increment (G) (Mg ha year )
−1
−1
Mortality (M) (Mg ha year )
−1
−1
Annual net increment (Δ) (Mg ha year )
−1
−1
Linear coefﬁcient trend (Mg ha year )
−1
15‐year AGB accumulation (Mg ha )
d
−1
−1
Long‐term AGB sink (Mg ha year )
Long‐term relative Δ AGB (%)
−1
AGB amplitude (Mg ha )

ZF2 Field

ED2

303 ± 2.3
4.52 ± 1.22
5.01 ± 1.68
0.09 ± 1.95
0.003 (0.12)
b
−1.38 ± 4.49
a
c
0.46 to 0.9
N/A
6.6

311 ± 4.2
8.03 ± 0.49
6.83 ± 0.98
1.20 ± 0.47
1.2 (0.05)
17.97
1.04
78.3
3.4

ELM‐FATES
243 ± 4.8
4.72 ± 0.35
3.53 ± 0.23
1.19 ± 0.23
1.2 (0.03)
17.24
0.80
87.4
2.9

CLM5

CLM5‐C

355 ± 3.6
5.45 ± 0.28
4.54 ± 0.04
0.91 ± 0.26
0.9 (0.06)
13.3
0.77
48.0
2.3

506 ± 6.3
8.05 ± 0.36
6.48 ± 0.07
1.57 ± 0.32
1.5 (0.07)
23.4
1.24
56.0
4.5

ELMv1‐ECA

ELMv1‐ECA‐C

147 ± 4.1
4.03 ± 0.23
3.59 ± 0.05
0.43 ± 0.46
0.4 (0.05)
6.66
0.10
21.0
1.7

245 ± 4.0
9.54 ± 0.34
8.70 ± 0.12
2.30 ± 0.34
0.8 (0.07)
12.5
0.66
63.8
2.8

Note. Mortality (M) is the average annual aboveground mortality ﬂux due to death of an individual (this does not include maintenance litter ﬂuxes of living trees).
Growth increment (G) is the average annual accumulation of AGB in live trees. The net increment as calculated by the models is (Δ) = G − M, due to inability to
calculate a recruitment ﬂux in the big‐leaf models. The ﬁeld dataset has a diameter threshold of 10 cm, and new trees entering this threshold were accounted for,
−1
−1
therefore a recruitment ﬂux (R) for the mass of newly recruited plants was used (i.e., 0.58 Mg ha year ) to close the observed mass balance, where Δ = G − M
+ R. The error terms for (Δ) were calculated using the annual 1996–2011 values for (Δ) = G − M. Model response compared to site‐level ﬁeld observations for the
long‐term biomass sink and interannual amplitudes in AGB over each cycle from 1900 to 2000.
a
b
Baker et al. (2004) after separating the Brazilian forests from the Amazon basin. Standard deviation of AGB accumulation between the two ZF2 transects (5
c
d
ha each). Aragão et al. (2014); Brazilian Amazon. Field data: maximum of 22 years (Baker et al., 2004); 24 years (Aragão et al., 2014); Models: over 200 year
period 1900–2100.

2002). While a large spread emerged, the models best predicted monthly ET, a key water variable for linkages
to ecosystem functioning and carbon feedbacks (Fisher et al., 2017), with ELMv1‐ECA and ELM‐FATES
models most similar to observations (Figure 3a). With respect to ED2, Wehr et al. (2017) reported that
ED2 captured overall ET for a temperate forest, but with unrealistic partitioning between transpiration
and ground evaporation indicating model predictions remain uncertain. The remaining three ﬂuxes were
all underestimated by all four models. Each model underestimated Rn, but successfully captured its
seasonal cycle (Figure 3b). Each model also underestimated average monthly GPP, with little variation
across seasonal cycles, compared to a substantial dry season decline in the observations (Figure 3c).
Following the same trend, all models predicted a lower Bowen ratio except for ELMv1‐ECA‐C
(Figure 3d), primarily due to lower modeled H compared to observations, 27.6 W m−2. The more
productive C‐only version of ELMv1‐ECA predicted both H and LE similar to observations. For each of
the energy, carbon, and water ﬂuxes the largest range was between the two big‐leaf models.
An interesting outcome was ELMv1‐ECA‐C reported lower GPP and ET than ELMv1‐ECA, even though the
C‐only simulation produced larger stand biomass (Table 2). This was a result of differing Vcmax schemes (i.e.,
a critical parameter deﬁning the maximum rates that enzymes drive photosynthesis) and leaf N and P concentrations. The C‐only version used ﬁxed values of Vcmax and leaf C:N. Alternatively ELMv1‐ECA predicts
Vcmax as a function of leaf N and leaf P relationships. These different schemes result in C‐only simulations
having lower prescribed Vcmax (lower photosynthesis and GPP) and lower prescribed leaf N (lower AR),
therefore, higher net product (NPP = GPP − AR) and biomass (Figure S2a). An additional explanation is
with no limitation of nutrients in ELMv1‐ECA‐C, there was no need for a shift in C allocation to ﬁne root
production (seen in Figure 7b), thus lower leaf N in ELMv1‐ECA‐C (8.5 gN m−2) compared to
ELMv1‐ECA (9.8 gN m−2) (Figure S2b) contributing to the larger difference in AR in ELMv1‐ECA‐C.
With regards to lower ET in ELMv1‐ECA‐C, ET and GPP are tightly linked in ELMv1 due to calculating stomatal resistance based on the Ball‐Berry conductance model, which inﬂuences ET and tracks GPP.
3.1.1. Demographic Model Output and Field Inventory Size‐Structured Data
By comparing against the detailed 15‐year forest inventory dataset we were able to provide insight into how
the VDMs predicted vegetation size structure and how ELM‐FATES compared to ED2 (Figure 4). The census
observations showed patterns typical of an old‐growth tropical forest: reduction in basal area with increasing
tree size (Figure 4a), small diameter increments that increase with size (Figure 4b), steep reductions in stem
density with size (Figure 4c), a large number of trees that showed no growth across size classes (Figure 4d),
and low mortality rates for stems >10 cm DBH that increased slightly with size (Figure 4e). Both VDMs
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Figure 4. Field data (black circles) and ED2 and ELM‐FATES model estimates of (a) basal area, (b) mean diameter annual increment, (c) stem abundance, (d) fraction of trees showing detectable growth (>1‐mm increment in diameter) reported by the two models and averaged over time windows of 1 and 10 years of
inventory measurements, (e) mean annual mortality rates across size classes, (f) mean mortality rate partitioned by mechanism, separated by DBH (cm) size classes
and both ﬁeld data and models predictions averaged from 1996 to 2011 corresponding to the full 15‐year inventory. Values in ﬁgure legends correspond to the mean
value over all diameter classes.

predicted lower basal areas in all trees <40 cm and greater basal area in all trees >50 cm, in contrast with
ﬁeld observations, with one exception being the largest size class (>60 cm) in ELM‐FATES. Biomass
increment plots (Figure S3) showed that half of forest biomass in the transects is contained in the top 11%
largest trees and half of the growth increment is contained in the top 20% largest trees (conﬁrming
Figure 4b). However, the two size‐structured models showed the opposite pattern (decreasing growth with
size class) and overestimated mean diameter increment, particularly in smaller sized stems (Figure 4b).
Overestimates of growth rates in both models could be due to low stem density (Figure 4c), and
subsequent reduced light competition, among other factors. ELM‐FATES had stem density predictions
closer to the observations compared to ED2, particularly in the smallest size class.
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In both VDMs, virtually all trees across all size classes exhibited positive
diameter growth increments and thus accumulated woody stem biomass,
in contrast to the observations (Figure 4d). In the ﬁeld data as many as
50% of trees in the lowest size class showed no detectable growth, even
when observed over the entire 15‐year inventory period. In larger size
classes (>60 cm) trees that had no growth ranged from 25% to 50% of
stems depending on the length of the observation window chosen (i.e.,
10‐ or 1‐year windows, respectively). We found that ED2 compensated
for high growth with correspondingly high mortality rates (overestimated
by 85%, 0.032 vs. 0.017 year−1) and weak rate of ingrowth into the 10 cm
DBH class leading to lower total stem density compared with census data
(287 vs. 565 N ha−1) (Figure 4e). These high mortality rates in ED2 were
dominated by the density‐dependent C starvation mechanism
(Figure 4f). We ruled out overestimation of understory light competition,
after ED2 estimates of vertical radiation scattering were accurately benchmarked against published data of height structured light competition
Figure 5. Annual mean aboveground biomass relative to the 1996 estimate
(Cabral et al., 1996; Mercado et al., 2007), (Figure S4 and supporting infor(ΔAGB) as measured in the ﬁeld (black line), and estimated by two VDMs
mation, section 3b). The overestimation of C starvation was likely due to
(squares), two aggregated vegetation biogeochemical models (diamonds),
and the same two aggregated vegetation models, but their carbon‐only varuncertainty in the relationship between carbon balance ratio (CBR, i.e.,
iants (circles). Least squares regression is used to calculate mean trends and
an appraisal of the plant's actual carbon acquisition versus its potential
coefﬁcients over the 1996–2011 interval and can be found in Table 2.
carbon acquisition under optimal conditions) and the mortality rates
determined from these ratios. ELM‐FATES estimated total mortality rate
closer to observations (0.013 vs. 0.017 year−1), mainly via a lower C starvation mortality (Figure 4f).
3.1.2. Evaluation of Current Biomass Trends
Typical of quasi‐equilibrium mosaic landscapes, AGB at ZF2 (Figure 5, Table 2) showed pronounced interannual variability (mean of 3.40 Mg ha−1), with a neutral mean annual C sink (0.003 Mg ha−1 year−1) when
using a linear ﬁt. Summed over the 15‐year study period, AGB accumulation was negative (−1.38 Mg ha−1
year−1). Though mean annual net increments from all models were within the error estimate of the inventory data (1.95; Table 2, Row 4), all models showed close to no interannual variability and predicted constant
positive ΔAGB trends (1.2, 1.2, 0.9, and 0.4 Mg ha−1 year−1 for models ED2, ELM‐FATES, CLM5, and
ELMv1‐ECA, respectively). This led to large modeled 15‐year total biomass accumulations (17.97, 17.24,
13.30, and 6.66, respectively, for models vs. −1.38 Mg ha−1, Table 2). The 15‐year total biomass accumulation
was lowest for ELMv1‐ECA because of its strong P‐cycling restrictions on GPP, as discussed below.
We compared the landscape‐representative ZF2 transects and all model results against average annual net
biomass accumulation rates across other Brazilian sites (Baker et al., 2004). A third of the sites had negative
biomass change (no signiﬁcant sink), conﬁrming that ZF2 is not an outlier and that biomass neutrality is present across the region, but not consistently (Figure S5). The Brazilian ﬁeld sites had an average sink of 0.46 Mg
ha−1 year−1 with a large standard deviation of 1.49 Mg ha−1 year−1. Therefore, all predictions of net annual
biomass accumulation from the models (which were not site tuned and remained in their original, generic
regional calibrations) fell within this standard deviation range. Within the VDMs used here, stochastic mortality events are smoothed out by grouping trees into representative classes and averaging across multiple
disturbance patches (<1‐ha scale), thus muting any large local variability in biomass ﬂux due to episodic,
large mortality events. However, interannual variability was captured when evaluating mortality rate in terms
of number of stems (stems year−1) (Figure S6) and is a better comparison and good local‐scale benchmark.
3.2. Modeled Long‐Term CO2 Sensitivity and Biomass Projections
Under an idealized long‐term CO2 fertilization scenario in which CO2 concentrations grow exponentially
until they were capped at doubled preindustrial values in 2073, three of the four models estimate that the
central Amazon forest remains a large long‐term biomass sink from 1900 to 2100 (Figure 6), increasing concurrently with CO2. Differences in magnitudes of the biomass sink, timing response relative to the CO2 signal, and decadal ﬂuctuations emerge due to each model's conceptual and mechanistic differences. Over 200
years (1900–2100), the spread in predicted total forest biomass sinks was very large (Figure 6a; 179 Mg ha−1).
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Figure 6. Projected biomass estimates to 2100 (right y‐axis) relative to preindustrial values (year 1900), at the central Amazon ZF2 site from four terrestrial biosphere models, with two baseline simulations of the big‐leaf models as unconstrained carbon‐only model versions (CLM5‐C and ELMv1‐ECA‐C). ΔAGB
−1
−1
−1
reported as (a) absolute change in AGB (Mg ha ) from 1900 values, with modeled annual biomass increment (Mg ha year ) increasing by (from lowest to
−1
−1
highest) 0.10, 0.66, 0.77, 0.80, 1.04, and 1.24 Mg ha year for ELMv1‐ECA, ELMv1‐ECA‐C CLM5, ELM‐FATES, ED2, and CLM5‐C, and (b) relative change in
AGB (%) from 1900 values. Left y‐axis on both panels (referencing the black line): Atmospheric CO2 concentration driving the model simulations.

Assuming a linear trend the biomass sink for the models were 1.04, 0.80, 0.77, and 0.10 Mg ha−1 year−1 for
ED2, ELM‐FATES, CLM5, and ELMv1‐ECA, respectively (Table 2). When evaluating relative ΔAGB
(Figure 6b), by 2100 the increases in biomass were large for ED2, ELM‐FATES, CLM5 (78%, 87%, and
48%, respectively) but only 21% change for ELMv1‐ECA. Out of the two VDMs, ELM‐FATES predicted
lower current total AGB for this region (Table 2) contributing to a lower absolute biomass sink (Figure 6a)
but enabling a higher potential for increasing biomass (Figure 6b). When nutrients are not constraining
photosynthesis, CLM5‐C predicted the largest biomass sink (1.24 Mg ha−1 year−1), greater than the
VDMs. ELMv1‐ECA‐C's predicted biomass sink increased from 0.10 to 0.66 Mg ha−1 year−1, comparable
to the nutrient‐enabled version of CLM5, but slightly lower than the VDMs. The relative change in AGB
by ELMv1‐ECA‐C (64%) was closest to estimates by the VDMs.
Averaged over the 2000–2010 period, the two big‐leaf models have the highest C allocation to aboveground
wood (~40%) compared to the other models and ﬁeld data (34%), at the expense of C allocation to coarse
roots (1%) vs. 8% in the ﬁeld data (Figure 7a). The ZF2 site has very weathered nutrient poor soils compared
to Amazonia (Baillie, 1996; Quesada et al., 2010), and as a result, tropical forests have high root production
rates and faster turnover than other forested ecosystems (Silver & Miya, 2001; Vogt et al., 1995), making ﬁne
root growth C expensive. ELMv1‐ECA was the only model that shifted C allocation to ﬁne roots (for more P
acquisition and compensating for faster turnover) in the 21st century (Figure 7b), contributing to the lower
AGB response in ELMv1‐ECA (Figure 6). With regards to the VDMs, the largest shift in C allocation was a
decrease in ﬁne roots allowing for more C accumulation in woody components, which should dampen once
nutrient competition is introduced. Over the 21st century, higher N demand from eCO2 was met with higher
NUE, especially for CLM5 and ELMv1‐ECA, increasing by 80% and 10%, respectively, compared to the 20th
century (Figure 7b insert). The increase in PUE (89%) over the 21st century by ELMv1‐ECA contributed to a
stable biomass sink even under limiting conditions, with PUE increases due to changes in plant stoichiometry and shift towards more ﬁne root allocation, allowing the plant to increase AGB.
Once CO2 was capped (584 ppm) at year 2073, ED2 and CLM5 displayed inertia by continuing to increase in
biomass for several decades (supporting information, section 4). We ran model simulations for another 100
years, to year 2200, to investigate AGB turnover rates (i.e., loss of tissues, Mg ha−1 year−1), thus estimating
longevity of biomass stocks under constant, doubled CO2 compared preindustrial CO2 (more information on
modeled turnover rate in the supporting information, section 2c). All models showed an increase in vegetation turnover, thus shortening the longevity of C pools, except for ED2 which had a decreased turnover
(Figure S7), contributing to a stronger biomass accumulation.
3.3. Model Differences Contributing to Divergent Biomass Projections
The contrasting predictions of modeled long‐term woody NPP response between the VDMs and
nutrient‐enabled big‐leaf vegetation models (Figure 8a) were an important contributor to the model
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Figure 7. (a) Average carbon allocation (% of total biomass allocation) between the four models and the unconstrained carbon‐only versions of the big‐leaf models
(CLM5‐C and ELMv1‐ECA‐C) averaged from 2000 to 2010 (corresponding to the ﬁeld data timeframe), ZF2 ﬁeld data, across six plant production components
(AG_wood = aboveground wood, F_Root = ﬁne root, Cr_Root = coarse root). Field data estimates at ZF2 and K34 averaged from Chambers, Higuchi, et al.
(2004), Chambers, Tribuzy, et al. (2004) and Malhi et al. (2009), data not available for storage. (b) Difference in the percentage of carbon allocation (% of total
biomass allocation) between the 20th century mean (1900–2000) and 21st century mean (2000–2100) periods for each tissue component, across the four models.
Insert: percent change (%) between the 20th century (1900–2000) and 21st century (2000–2100) periods for plant uptake of N, nitrogen use efﬁciency (NUE = NPP/
N_uptake), plant uptake of P, and phosphorus use efﬁciency (PUE = NPP/P_uptake). CLM5 only includes N cycling.

divergence in biomass projections with eCO2. Over 200 years with a doubling of CO2, the two (C‐only) VDMs
predicted the largest increase in woody NPP (174% change, +10.6 MgC·ha−1·year−1 for ED2 and 112%
change, +6.9 MgC·ha−1·year−1 for ELM‐FATES) that was proportionally much greater than the increase
in leaf area (9.8%, +0.4 m2 m−2 for ED2 and 15.8%, +0.7 m2 m−2 for ELM‐FATES). This higher allocation
to woody NPP was the primary driver of the simulated biomass response and likely inﬂuenced 100% of
modeled trees experiencing positive growth (Figure 4d). In C‐only mode, ELMv1‐ECA‐C also predicted a
large response of NPP to eCO2 (+70%) consistent with its excess biomass accumulation in the present‐day
simulation and larger than the version with nutrient limitations (+23%). CLM5‐C also predicted a large
NPP response (+58%), but this ended up being a smaller increase compared to CLM5 with nutrient
constraints (+64%), oddly. ELM‐FATES response of NPP to eCO2 was lower and closer to the big‐leaf
models, compared to ED2. Even though CLM5 predicted a weaker increase in woody NPP compared to
the VDMs, it still projected a large increase in absolute biomass, very similar to the VDMs (Figure 6). This
larger biomass response in CLM5 could be a result of higher vegetation C:N ratio (Tang et al., 2018),
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Figure 8. Model estimates from the four models and two baseline simulations of the big‐leaf models as unconstrained carbon‐only model versions (CLM5‐C and
ELMv1‐ECA‐C). Estimates for (a) mean annual NPP allocated to total woody biomass (above and belowground) and the ZF2 ﬁeld measurement (black dot; 6.5
−1
−1
2 −2
MgC·ha ·year ), (b) mean annual leaf area index (LAI) and the ZF2 ﬁeld measurement (black dot; 5.7 m m ). (c) Mean annual leaf N:C for the big‐leaf models
and the C‐only versions of these models, as well as leaf P:N for ELMv1‐ECA. (d) Total vegetation N:C ratios for the nutrient‐enabled models and their C‐only
versions and total vegetation P:N for ELMv1‐ECA (right axis with different scales), indicating decreasing N and P quantity, two forms of nutrient limitation on GPP
and NPP.

compared to the other big‐leaf model (inverse of vegetation N:C; Figure 8d) or warrants further
investigation. ED2 predicted the lowest LAI (~4 m2 m−2), yet simulated the highest NPP and biomass
sink, suggesting that assimilated and stored C was connected to processes other than phenology. Both
ELMv1‐ECA and ELMv1‐ECA‐C predicted the same LAI of 5.9 m2 m−2 closest to observed values,
although with no interannual variability or eCO2 response. CLM5‐C (which has constant leaf allocation
fraction, and thus, no feedback control over leaf area) predicted the largest increase in leaf area index
(LAI) (81% change; Figure 8b) and largest biomass accumulation out of the big‐leaf models.
Evaluating changes to plant stoichiometry provides useful insight into potential photosynthetic C gain or
acclimation with eCO2. Both CLM5 and ELMv1‐ECA showed a muted response of leaf N:C change to doubling CO2 (Figure 8c), but a stronger decreasing trend of N:C ratio in total vegetation (Figure 8d). The nominal decrease in N:C ratios in CLM5 likely resulted from an increase in N uptake over the 21st century
(Figure 7b insert). ELMv1‐ECA produced a minor increase in leaf N:C with doubling CO2 as a result of
N‐P interactions and shifts in ﬁne root allocation that were only captured in the P‐enabled model.
ELMv1‐ECA simulates a stronger decreasing trend in total vegetation N:C ratio (14% change) and leaf and
total vegetation P:N ratio (Figures 8c and 8d, right y‐axis) with eCO2, indicating nutrient limitation on both
GPP and NPP, resulting in a decreased biomass sink prediction. The interacting C‐N‐P cycles and C allocation schemes in ELMv1‐ECA led to the lowest relative biomass sink (+21%) compared to the other models.
The observed low soil P availability at ZF2 (Quesada et al., 2010), and the predicted importance of P under
eCO2, illustrates the importance of representing P feedbacks at this site.
By 2100, both VDMs predicted that individual trees progressed more quickly through size classes, shifting
the biomass of the forest canopy structure towards larger size classes (Figures S8a and S8b), a diagnostic that
is only available in the VDMs. For the case of ED2, this shift of the forest canopy towards larger trees
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occurred mainly in the late successional PFT (Figure S8a). The increased leaf area of large trees and associated shading of the understory at the end of the 21st century drives higher carbon starvation mortality
of understory stems, further contributing to a shift towards larger size classes. This enhanced mortality feedback which generates vigorous self‐thinning (as seen by the highest modeled mortality in the smallest DBH
size class in Figure 4f, but not in observations in Figure 4e) could provide insight into why the VDMs show
higher NPP projections compared to the “big‐leaf” models.

4. Discussion
The two VDMs (C‐only ED2 and ELM‐FATES) predicted this central Amazon site to act as a large forest biomass sink until 2100, likely an overestimate due to the lack of nutrient constraints in those models. This was
conﬁrmed by comparing the VDMs to the big‐leaf models in either nutrient‐enabled mode (lowest sink) or
C‐only mode, therefore no nutrient constraints and higher sinks similar to biomass sinks from the VDMs,
conﬁrming our main hypothesis.
CLM5 (N constraints only) also predicted a large biomass sink, even though photosynthesis became limited
over time. ELMv1‐ECA (with both N and P constraints) produced the most limited response to eCO2
mediated by large P limitations on production, also conﬁrming our main hypothesis.
Further addressing our hypotheses, the VDMs accurately captured trends in present‐day demography and
total biomass (Figure 4, Table 2). Improvements could be made with representing density‐dependent (i.e.,
competition‐induced) mortality processes, interannual variability in biomass, and lowering the continual
increasing biomass accumulation (due to high woody NPP and growth), as well as incorporating constraints
due to nutrients and more diverse life‐history strategies. When considering present‐day mean annual net
increments (Δ), all models were within the large error estimates of the ﬁeld data, but divergence from the
neutral ﬁeld data occurs in all models when considering the total 15‐year biomass accumulation, with all
the models showing a fertilization effect on biomass that is not evident in the data from this site.
These VDMs were designed to operate at the ESM scale but have never been fully tested for this application.
While the demographic processes are slightly different between the two VDMs, this study takes a ﬁrst step at
showing the potential advantages of coupling FATES to an ESM's land surface model by comparing ED2
with ELM‐FATES, which displayed a more realistically constrained absolute biomass sink, NPP ﬂux, mortality rates, and LAI. We conclude that VDMs are applicable and fruitful at ESM scale (e.g., similarities or
improved performance compared to unconstrained C‐only big‐leaf models), but more testing needs to be
done over regional scales.
4.1. Goal 1: Uncertainties in Model Predictions Compared to 15‐Years of Field Observations
4.1.1. Patterns and Uncertainties Related to Mortality
In the two VDM simulations, there was an underestimate of total stem density, likely due to an overactive
density‐dependent mortality and self‐thinning of small trees, hence an overestimate of basal area of large
trees (Figure 4a) contributing to the large biomass sink. Alternatively, stress‐related mortality of very large
tree could be underestimated. This highlights that predicting stem density can have strong dependence on
model parameters. We suggest modeled density‐dependent mortality (i.e., not background mortality) could
beneﬁt from more ﬁeld‐based mortality attribution (McDowell et al., 2018). For example, when mortality
has been observed to be higher for the largest trees, these trends were dependent on life‐form class (King
et al., 2006; Manokaran & Kochummen, 1987), a mechanism capable of being reproduced in size‐structured,
successional models. Mortality can also be improved by comparing functional composition relationships
such as correlations between wood density and “senescence” mortality as done in Figure S9. We suggest that
density‐dependent mortality be more rigorously tested for improved application of VDMs in ESMs.
The ZF2's data illustrated no biomass accumulation on transects that represent multiple landscape types
(plateaus, valleys, and slopes) and soil types, typical for a quasi‐equilibrium forest state. The VDMs use here
were designed to represent generic lowland Amazonian forests that could be resolved at Earth systems
scales, averaging across disturbance patches and cohorts, “stochastic” mortality, and subgrid landscape features. The VDM models predicted a larger present‐day ΔAGB (1.2 Mg ha−1 year−1) than observed. This discrepancy was due to an opposite trend in biomass growth and mortality predicted by all models, compared to
observations. Mortality at the central Amazon site was higher than growth contributing to the neutral
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ΔAGB, while the VDMs have growth outpacing mortality (Table 2). High mortality rates are consistent with
other studies showing increased mortality with eCO2 and a weakening biomass sink (Brienen et al., 2015;
Bugmann & Bigler, 2011).
While the VDMs did not predict the present‐day observed interannual variability in AGB, it was captured
through annual stem mortality rates (stems year−1; Figure S6) and is a good local‐scale benchmark. For
example, the forest inventory displayed large annual ﬂuctuations in biomass gains and losses, which canceled each other over time leading to a biomass‐neutral forest (a typical pattern in old‐growth forests).
Mortality of large trees is commonly the source of this large temporal variability in AGB, with punctuating
episodic, single disturbance events occurring within a steady‐state forest mosaic (Brokaw & Scheiner, 1989;
Chambers et al., 2013). These observed large ﬂuctuations support the argument for size‐dependent vegetation demographics in ESMs. The VDMs predict larger variability in stem mortality and turnover rates with
long‐term fertilization compared to the big‐leaf models (Figure S7) but notably predict different signs
of responses.
4.1.2. Patterns and Uncertainties Related to Growth
Both VDMs predicted that all plants with DBH >10 cm had positive diameter growth increments. A notable
result from the ﬁeld inventory showed that sizeable portions of the population had no detectable diameter
growth, even over periods of up to 10 years (Figure 4d). In the VDMs, trees that cannot meet their maintenance respiration and tissue turnover costs are in negative carbon balance and will draw down the carbon
storage pool and trigger carbon starvation mortality, removing these trees from the population.
ELM‐FATES does allow users to choose the option to reduce a plant's maintenance respiration under low
light conditions and when a plant's C storage is low, delaying C starvation‐induced mortality. Our results
suggest that the amount or timespan of cohorts sustaining near‐zero C balance still needs to be investigated
for tropical trees. Additionally, due to all models underestimating GPP compared to observed (Figure 3c;
potentially due to less investment into canopy leafs; Figure 7a) yet predicted higher NPP, present‐day 15‐year
biomass accumulation, and/or growth rates, we strongly suggest C assimilation, C use efﬁciency, and allocation of NPP needs to be further explored in models (Malhi, 2012). Field research of NPP allocation is starting
to emerge (da Costa et al., 2014; del Aguila‐Pasquel et al., 2014), but an understanding of how carbon partitioning within viable, surviving but nongrowing understory trees is a challenge for future studies. For example, branch turnover (being implemented in newer versions of ELM‐FATES) may be important for
maintaining viability in slow‐growing trees (Marvin & Asner, 2016) (descriptions of modeled C allocation
and growth strategies found in the supporting information, section 2c). Individual‐based models (IBMs) that
can simulate greater heterogeneity in plant growth dynamics have the ability to sustain trees that have short
periods of zero growth rates [e.g., ZELIG‐TROP, Holm et al., 2014]. This framework could alleviate the plant
homogenization that occurs in cohort‐based models, where all trees in a cohort experience identical conditions and growth properties are averaged across cohorts in a given size class.
4.2. Goal 2: Forest Response to Rising Atmospheric CO2 and Model Application
We provide an illustration of how VDMs can simulate processes important at the ESM scale. The two VDM
models have outputs that are similar to or improvements on performance of C‐only big‐leaf models while
also providing ﬁner scale demography and vital rates that can be informed by census data (e.g., Figures 4,
S6, and S7). In addition the VDM results fall within the range of a larger Brazilian dataset (Figure S5).
Application of VDMs within ESMs, as suggested by others (Fisher et al., 2018) appears attainable and fruitful. The introduction of soil nutrient processes in VDMs, and their spatial variation, should further improve
tropical biomass predictions yet still challenging with many unknowns (Medvigy et al., 2019). Determining
scales of benchmarks for evaluating speciﬁc model processes that would provide greater conﬁdence in
mechanisms determining various scales of biomass sink remains a challenge (Clark et al., 2017).
One of the most distinct differences between the classes of models is the representation of nutrient cycling
and uptake, which under low availability can limit the CO2 fertilization effect (Fleischer et al., 2019;
Norby et al., 2010). In CLM5, limited N availability produced an increasingly constrained NPP over the
21st century (Figure 8a), as also seen by the slight decrease in leaf N:C and total vegetation N:C. However,
the large biomass accumulation was sustained by the increase in NUE in CLM5, which can adjust
leaf‐level N allocation with environmental conditions (Xu et al., 2012). Tropical forests have long been
hypothesized to be P limited and not N limited (Hall & Matson, 1999; Vitousek & Sanford, 1986). The
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former is demonstrated by soil measurements of P availability (Vitousek et al., 2010) and strong vegetation
response to P fertilization (Ellsworth et al., 2017), while the latter is conﬁrmed by large N2O efﬂuxes (Silver
et al., 2001), high N2 ﬁxation (Cleveland et al., 1999), and high dissolved N content in streams (Brookshire
et al., 2012). ELMv1‐ECA reproduced this hypothesis by the small increase in leaf N:C over time. It is uncertain whether N limitation in models is an appropriate surrogate for other nutrient constraints that might
play a stronger role in the tropics such as P.
Both big‐leaf models have vegetation N:C ratios that similarly become lower over time and thus lower potential photosynthesis, but ELMv1‐ECA predicts a much lower biomass response to doubled CO2 (21% vs. 48%),
because modeled P limitation plays a critical role in the C sink at this site. Decreasing P:N ratios (Figures 8c
and 8d) have been found to accelerate leaf senescence, limit plant productivity, and contribute to lower shoot
biomass in developing plants (Güsewell, 2004). Therefore, it is commonly thought that including the P cycle
in ecosystem models is critically important to predict P constraints on mature tropical forest carbon
dynamics (Reed et al., 2015; Yang et al., 2014). This is further conﬁrmed by Fleischer et al. (2019) who used
an ensemble of 14 terrestrial ecosystem models at the same ZF2 site, reporting that P availability reduced the
projections CO2‐induced C sink by ~50%, compared to models assuming no P limitation. The modeling of P
availability has not been considered in any of the CMIP5 models, further stressing the need for explicit representation of the P cycle and its potential impacts on the C cycle.
Field data ZF2 and K34 also showed a large portion of C allocation to ﬁne roots (23%) (Chambers, Tribuzy,
et al., 2004; Malhi et al., 2009), indicating nutrient limitation in these P poor soils (Vitousek et al., 2010) similar to the shift to ﬁne root allocation in the ELMv1‐ECA over the 21st century when P was limiting
(Figure 7b). This modeled shift to produce more ﬁne roots to acquire P, in a system that already has an imbalance of available N compared to P, led to a modeled slight increase in N uptake (Figure 7b insert) and alleviation of leaf N limitation (indicated by the small rise in leaf N:C). In these simulations, rising atmospheric
CO2 further exacerbates P limitation (Figure 8c), leading to little CO2 fertilization effect on forest biomass
accumulation (Figure 6).
4.3. Goal 3: Processes Contributing to Biomass Sink Patterns in Response to β Effect
ED2 simulations predicted a greater increase and dominance in late successional tree species (compared to
early) and larger sized trees in response to eCO2 (Figure S8), both which have more woody biomass to store
CO2 and for long time periods (Chambers, Higuchi, et al., 2001). This pattern is consistent with observations
by Stephenson et al. (2014) who found increased mass growth rates and biomass accumulation with tree size
in angiosperms in Cameroon, Central and South America (via increases in a tree's total leaf area that outpace
declines in productivity per unit of leaf area).
ELM‐FATES, CLM5, and ELMv1‐ECA all predicted an increase in biomass turnover rates and reductions in
biomass pool longevities, under constant doubled CO2 (Figure S7). This result suggests that the predicted
biomass accumulation was not related to turnover but other processes (e.g., potentially shifts to woody allocation with increased NPP; or higher understory death), but these interactions need to be benchmarked.
These increases in turnover rates was opposite to results reported by Walker et al. (2015) for two temperate
forest sites, who showed that six out of seven models had decreasing vegetation turnover rates in response to
elevated CO2.
There have been assertions that biomass sink predictions in intact tropical forests have been overestimated,
due to increased mortality rates, shifts to faster life‐history strategies, and no accelerated tree‐ring growth
observed in long‐term records (Brienen et al., 2015; van der Sleen et al., 2015). The VDMs, which are parameterized for a generic Amazon forest, predicted a large ΔAGB that was similar to older estimates based on
ﬁeld measurements from across the Basin (Baker et al., 2004; Lewis, 2006; Phillips et al., 1998), which have
been noted to potentially have artifactual biased trends favoring growth and biomass gain (Feeley et al.,
2007; Fisher et al., 2008). Instead, and similar to results of the P‐enabled ELMv1‐ECA model used here,
Chambers and Silver (2004) concluded that a 25% increase in productivity (ELMv1‐ECA predicted 23%) or
a 31% increase in biomass stocks with doubling CO2 (Wright, 2013) (ELMv1‐ECA predicted 21%) may be
more reasonable compared to the biomass gains in Phillips et al. (1998), Baker et al. (2004), Lewis (2006).
Furthermore, CO2 fertilization results from the subtropical EucFACE study (Ellsworth et al., 2017) showed
almost no increase in productivity, mainly due to P limitation (conﬁrmed by a paired P fertilization
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experiment), consistent with only the ELMv1‐ECA predictions at our ZF2 site. Clearly, the predicted and
measured spread in biomass change over time in the Amazon region is highly variable, with biomass neutrality of individual sites being present but not consistent.
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Both the C‐only ED2 and CLM5‐C simulations had large increases in woody NPP and the largest ΔAGB over
200 years, unlikely outcomes given current understanding of eCO2 effects and constraints (Chambers &
Silver, 2004; Fleischer et al., 2019; Wright, 2013). The overestimated growth increments by the VDMs warrant critical investigation into the fundamentals of NPP response to eCO2, as well as investigating the lack of
fully representing slow‐growing understory and smaller DBH stems which contribute to a higher proportion
of larger trees. Key processes in large trees are also ignored in these models, such as allocation to stress
defenses (e.g., parasites, infection, and secondary metabolites). ELM‐FATES predicted the third largest biomass sink with eCO2 (0.80 Mg ha−1 year−1), which compares to the Brazilian Amazon estimate of 0.9 Mg
ha−1 year−1 covering larger spatial scales (Aragão et al., 2014). Compared to ED2, this is a lower biomass
response and potentially due to more accurate (i.e., lower) estimates of growth and mortality rates and the
switch from calculating photosynthesis functions based on Collatz et al. (1991) in ED2 to Farquhar et al.
(1980) in ELM‐FATES, thus including a different temperature‐dependent function, Jmax, and including
the triose‐phosphate limited rate. This model‐observation comparison highlights the challenge of representing tropical biomass sink dynamics in a system that may be highly variable in space and time, as well as
nutrient limited.

5. Conclusions
We ﬁnd that the patterns and trajectories of biomass accumulation in response to eCO2 vary widely across
six simulations from four terrestrial biosphere models due to different model structures and assumptions.
With respect to the contemporary climate, mean annual net biomass increments from all models were
within the ﬁeld data interannual variability. Over the 15‐year observational period ﬁeld data show that there
was no net change in biomass, whereas the models diverge from the ﬁeld data and predict a continuous biomass accumulation (i.e., trends in linear coefﬁcients and their standard errors). A wide range in present‐day
AGB was predicted across all model variants, contributing to varying initial AGB states thus varying projections. The challenge in representing observed interannual variability of biomass and confronting
landscape‐scale models with appropriate scales of observed data are important issues to resolve for future
evaluation of model‐derived simulations.
Three of the four models estimate that this central Amazon site will be a large biomass C sink under a doubling of CO2 by 2100. ELMv1‐ECA, which represents both dynamic allocation and C‐N‐P nutrient competition, predicted the lowest forest C sink over the 21st century due to P limitation (21% increase in biomass), an
estimate that is closer to recent studies that do not support a large tropical C sink (Brienen et al., 2015; van
der Sleen et al., 2015). This result indicates that tropical CO2 fertilization experiments are of critical importance (Norby et al., 2016) to distinguish between likely future responses of the tropical forest C sink. The
long‐term β effect response by ELM‐FATES was similar to the big‐leaf C‐only versions indicating that the
future inclusion of nutrient competition in ELM‐FATES, along with the detailed beneﬁt of ﬁne‐scale demography, will help to improve eCO2 response. We further advocate that the inclusion of ecosystem heterogeneity and demography into ESMs that account for nutrient limitations will better represent processes that
govern carbon ﬂuxes and their responses to environmental change.
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