
Biogeosciences, 17, 3017–3044, 2020
https://doi.org/10.5194/bg-17-3017-2020
© Author(s) 2020. This work is distributed under
the Creative Commons Attribution 4.0 License.

Benchmarking and parameter sensitivity of physiological and
vegetation dynamics using the Functionally Assembled Terrestrial
Ecosystem Simulator (FATES) at Barro Colorado Island, Panama
Charles D. Koven1, Ryan G. Knox1, Rosie A. Fisher2,3, Jeffrey Q. Chambers1,4, Bradley O. Christoffersen5,
Stuart J. Davies6, Matteo Detto7,8, Michael C. Dietze9, Boris Faybishenko1, Jennifer Holm1, Maoyi Huang10,
Marlies Kovenock11, Lara M. Kueppers1,12, Gregory Lemieux1, Elias Massoud13, Nathan G. McDowell10,
Helene C. Muller-Landau6,7, Jessica F. Needham1, Richard J. Norby14, Thomas Powell1, Alistair Rogers15,
Shawn P. Serbin15, Jacquelyn K. Shuman2, Abigail L. S. Swann11,16, Charuleka Varadharajan1, Anthony P. Walker14,
S. Joseph Wright7, and Chonggang Xu17

1Climate and Ecosystem Sciences Division, Lawrence Berkeley National Lab, Berkeley, CA, USA
2Climate and Global Dynamics Division, National Center for Atmospheric Research, Boulder, CO, USA
3Centre Européen de Recherche et de Formation Avancée en Calcul Scientifique, Toulouse, France
4Department of Geography, University of California, Berkeley, CA, USA
5Department of Biology, University of Texas, Rio Grande Valley, Edinburg, TX, USA
6Forest Global Earth Observatory, Smithsonian Tropical Research Institute, Washington, DC, USA
7Smithsonian Tropical Research Institute, Apartado 0843–03092 Balboa, Republic of Panama
8Department of Ecology and Evolutionary Biology, Princeton University, Princeton, NJ, USA
9Department of Earth and Environment, Boston University, Boston, MA, USA
10Atmospheric Sciences and Global Change Division, Pacific Northwest National Laboratory, Richland, WA, USA
11Department of Biology, University of Washington, Seattle, WA, USA
12Energy and Resources Group, University of California, Berkeley, USA
13Jet Propulsion Laboratory, Pasadena, CA, USA
14Climate Change Science Institute, Environmental Sciences Division, Oak Ridge National Laboratory,
Oak Ridge, TN, USA
15Environmental and Climate Sciences Department, Brookhaven National Laboratory, Upton, NY, USA
16Department of Atmospheric Sciences, University of Washington, Seattle, WA, USA
17Earth and Environmental Sciences Division, Los Alamos National Laboratory, Los Alamos, NM, USA

Correspondence: Charles D. Koven (cdkoven@lbl.gov)

Received: 9 October 2019 – Discussion started: 14 October 2019
Revised: 15 February 2020 – Accepted: 20 February 2020 – Published: 15 June 2020

Abstract. Plant functional traits determine vegetation re-
sponses to environmental variation, but variation in trait val-
ues is large, even within a single site. Likewise, uncertainty in
how these traits map to Earth system feedbacks is large. We
use a vegetation demographic model (VDM), the Function-
ally Assembled Terrestrial Ecosystem Simulator (FATES), to
explore parameter sensitivity of model predictions, and com-
parison to observations, at a tropical forest site: Barro Col-
orado Island in Panama. We define a single 12-dimensional

distribution of plant trait variation, derived primarily from
observations in Panama, and define plant functional types
(PFTs) as random draws from this distribution. We com-
pare several model ensembles, where individual ensemble
members vary only in the plant traits that define PFTs, and
separate ensembles differ from each other based on either
model structural assumptions or non-trait, ecosystem-level
parameters, which include (a) the number of competing PFTs
present in any simulation and (b) parameters that govern dis-
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turbance and height-based light competition. While single-
PFT simulations are roughly consistent with observations of
productivity at Barro Colorado Island, increasing the num-
ber of competing PFTs strongly shifts model predictions
towards higher productivity and biomass forests. Different
ecosystem variables show greater sensitivity than others to
the number of competing PFTs, with the predictions that are
most dominated by large trees, such as biomass, being the
most sensitive. Changing disturbance and height-sorting pa-
rameters, i.e., the rules of competitive trait filtering, shifts
regimes of dominance or coexistence between early- and
late-successional PFTs in the model. Increases to the extent
or severity of disturbance, or to the degree of determinism in
height-based light competition, all act to shift the community
towards early-successional PFTs. In turn, these shifts in com-
petitive outcomes alter predictions of ecosystem states and
fluxes, with more early-successional-dominated forests hav-
ing lower biomass. It is thus crucial to differentiate between
plant traits, which are under competitive pressure in VDMs,
from those model parameters that are not and to better un-
derstand the relationships between these two types of model
parameters to quantify sources of uncertainty in VDMs.

1 Introduction

Climate-change-related feedbacks from the terrestrial bio-
sphere are an important and highly uncertain component of
global change (Friedlingstein et al., 2013; Gregory et al.,
2009). Tropical forests may contribute substantially to these
feedbacks, as vegetation dynamics within these ecosystems
may lead to biome shifts and resulting changes to carbon
stocks (Cox et al., 2000; Huntingford et al., 2013; Malhi et
al., 2009). The majority of Earth system models (ESMs) rep-
resent vegetation through conceptual structures that are likely
to inhibit realistic or accurate ecosystem responses to global
change. In particular, most ESMs use prescribed vegetation
distributions, and/or do not represent the functional diversity
that exists within tropical forests, and/or impose static veg-
etation turnover times. Each of these assumptions may sub-
stantially bias model results. Prescribed biogeography does
not allow models to project either the abrupt changes (Cox
et al., 2000) or the long-term committed ecosystem changes
(Jones et al., 2009) that may result from vegetation shifts.
Conversely, assuming all tropical forests are comprised of a
single set of plant traits may lead to overly abrupt changes in
response to an imposed forcing, as compared to approaches
that allow community-wide shifts in the trait composition of
forests (Levine et al., 2016; Powell et al., 2018; Sakschewski
et al., 2016). Lastly, assuming fixed turnover times for vege-
tation may bias the responses to both elevated CO2 and cli-
mate change, as doing so does not permit changes to mor-
tality rates that may result from changes to climate and re-
source competition (Friend et al., 2014; Koven et al., 2015;

McDowell et al., 2018; Powell et al., 2013; Walker et al.,
2015), which may be already underway in tropical forests
(Brienen et al., 2015).

In addition to the above structural problems in existing
ESM vegetation representations, there are enormous uncer-
tainties due to the representation of parameters in such mod-
els (Booth et al., 2012). Typically, ESMs are run with a
single set of parameters that are chosen through processes
that range from formal (but limited-scope) optimization ap-
proaches to ad hoc selection of values that give acceptable
results. These parameters may or may not be measurable,
and if they are measurable, the values used in a given model
may need to be scaled up and may or may not agree with ob-
served ranges (Bonan et al., 2012; Rogers, 2014). It is crucial
to benchmark ecosystem models against a wide range of ob-
servations (Collier et al., 2018; Luo et al., 2012), and at the
same time to understand how sensitive model predictions are
to uncertainty in the model parameters (Dietze et al., 2014;
Raczka et al., 2018), so that we may better assess how much
to trust a given model prediction.

Land surface models (LSMs), by virtue of their enormous
scope – which typically includes aspects of boundary layer
turbulence, radiative transfer, soil hydrology, soil biogeo-
chemistry, plant physiology, land management, and commu-
nity ecology – have many parameters, all of which are un-
certain. In this paper, which focuses on vegetation processes,
we broadly separate these model parameters as belonging to
two sets: the parameters that comprise a plant functional type
(PFT), which we refer to as plant traits, and the parameters
that govern the environment in which PFTs exist, which we
refer to as ecosystem-level parameters. The importance of
this distinction is that, in a dynamic vegetation model with
more than one competing PFT, while we can specify the val-
ues of the traits of each PFT, the overall trait distributions are
controlled by both the trait values of the PFTs and the rel-
ative abundance of each PFT. Because the PFT abundances
are themselves emergent outcomes that result from the trait
values (Fisher et al., 2015), complex feedbacks exist that am-
plify or attenuate the influence of any given trait value on
model predictions as well as trade-offs or other interactions
between traits. These feedbacks greatly complicate the as-
sessment of parameter sensitivity in the models. It is thus im-
portant to distinguish between the parameter uncertainty as-
sociated with plant traits and that associated with ecosystem-
level parameters to better understand how they relate to each
other and contribute in different ways to model dynamics.

This paper has three goals. The first is to describe a vege-
tation demographic model (VDM; Fisher et al., 2018) for use
in ESMs, which we call the Functionally Assembled Terres-
trial Ecosystem Simulator (FATES). A VDM is a size- and
age-structured representation of vegetation dynamics within
an LSM and may also be coupled within an ESM. The second
is to describe FATES behavior at a test bed site at Barro Col-
orado Island (BCI), Panama. The third goal is to explore the
sensitivity of mean-state model predictions by FATES to pa-
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rameter uncertainty. Because this parameter uncertainty can
show up in a number of different ways in a VDM like FATES,
we are interested in trying to separate three distinct types of
parametric uncertainty: (1) the direct effects of traits on phys-
iological predictions by the model, (2) the indirect effects of
trait control on competitive outcomes, which further affect
ecosystem-level processes, and (3) how non-trait parameters
interact with each of these trait uncertainties to further affect
model dynamics.

To do this, we first describe the model and the data that
comprise the test bed used to drive the model. This test bed
includes distributions of plant traits, most of which are based
directly on observations across research sites in Panama. We
then describe a series of numerical experiments aimed at
exploring the structural and parametric uncertainty in the
model. These include (1) assessing direct control of trait un-
certainty on model predictions using an ensemble of model
runs with only one PFT per ensemble member, (2) separat-
ing ensembles where we embed FATES within two related
but divergent land surface models, the Energy Exascale Earth
System Model (E3SM) Land Model (ELM) and the Commu-
nity Land Model (CLM), (3) ensembles where we add greater
numbers of competing PFTs (from 1 to 2 to 10) into each en-
semble member, and (4) a set of ensembles where we com-
pete two PFTs against each other in each ensemble member
while also varying a set of ecosystem-level parameters that
govern competition and disturbance in the model.

2 Methods

2.1 Description of the FATES model

FATES is a size- and age-structured vegetation model whose
foundations are based on a representation of ecosystem bio-
physics from CLM4.5 (Oleson et al., 2013), a discretization
of individual plant and forest disturbance dynamics based on
the ecosystem demography (ED) approach (Moorcroft et al.,
2001), and an approach to scale from individual plants to a
forest canopy based on the perfect plasticity approximation
(PPA; Purves et al., 2008), all of which were first brought to-
gether in the CLM ED model (Fisher et al., 2015). Following
the development of CLM4.5, FATES was created by sepa-
rating the demographic components of the CLM ED model
from CLM itself to facilitate a more modular structure, to
combat the “shanty-town syndrome” prevalent in land sur-
face models (Clark et al., 2017), whereby new model features
are added without a clear infrastructure for supporting the ad-
ditional complexity that they bring, and to enable FATES to
be used within multiple ESMs, initially both the CLM and
ELM.

The two key structural components that FATES adds to a
traditional land surface model, the ED and PPA approaches,
are described elsewhere in greater detail (e.g., Fisher et al.,
2018), so we only briefly summarize them here. ED (Moor-

croft et al., 2001) describes an approach to represent a spa-
tially heterogeneous forest canopy comprised of individual
trees existing on a complex disturbance history by approxi-
mating the forest as a set of partial differential equations in a
two-dimensional space comprised of plant size and the age of
a given location since its last disturbance event. These con-
tinuous equations are then solved numerically by discretiz-
ing the ecosystem along each of these two dimensions: plant
growth and mortality are discretized by tracking cohorts of
individual trees that have a similar size, and disturbance his-
tory is tracked as a set of patches with shared disturbance his-
tories, such that each patch may have several cohorts growing
on it. The number of patches and cohorts varies in time. New
cohorts are generated by recruitment, existing cohort number
densities are reduced by mortality, cohorts are merged if they
grow to be sufficiently similar, and cohorts are split by any
process – such as light competition – that leads to divergence
in outcomes across plants at a similar stage. New patches are
generated during disturbance events by reducing the area of
existing patches, and patches may be merged if their distur-
bance history or composition is sufficiently similar.

The PPA (Purves et al., 2008) describes an approach of or-
ganizing trees (or, equivalently, cohorts) into discrete canopy
strata by rank-ordering the trees from tallest to shortest and
defining canopy trees as those whose cumulative crown area
equals that of the ground (or, when combined with ED, patch
area) that they occupy. Fisher et al. (2010) added a modi-
fied form of the PPA, whereby the cohorts, rather than being
strictly rank-ordered in their separation between canopy and
understory, were probabilistically sorted into the canopy and
understory based on a function of their height.

Since the original version of CLM ED described in
Fisher et al. (2015), there have been numerous develop-
ments in the FATES model, which we briefly summarize
here. These relate to five main areas: (1) the overall struc-
ture of the model and its modularization from the CLM,
(2) changes to canopy biophysics, (3) changes to alloca-
tion and allometry, (4) changes to the representation of dis-
turbance, and (5) changes to the canopy sorting approach.
For a complete reference of the FATES model, see https:
//fates-docs.readthedocs.io/en/latest/index.html (last access:
1 October 2019), and for a schematic of key processes and
their linkages in FATES, see Fig. 1.

A key distinction between CLM ED and FATES is the
modularization of the code into a separate repository, with
clearly identified boundary conditions between the demog-
raphy code and the rest of the LSM into which FATES is
embedded. Information is passed between FATES and the
LSM at two different frequencies: a biophysics frequency,
with a default time step of 30 min, and a vegetation dy-
namics frequency, with a default time step of 1 d. Within
each biophysics time step, the LSM provides FATES with
information about the current state of the soil moisture,
atmospheric radiation inputs, atmospheric thermodynamic
state, and some time-averaged functions of the environment.
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Figure 1. Overall process schematic of FATES. Boxes represent major processes, and arrows represent linkages in the form of material flows
or other dependencies. Fast time step processes are resolved every 30 min, and slow time step processes are resolved daily.

FATES solves the photosynthesis equations for sunlit and
shaded leaves, separately for each PFT, along vertical gra-
dients both within each cohort’s canopy and between cohorts
residing in different canopy layers, to calculate water and car-
bon fluxes at the level of individual leaves. FATES then pro-
vides the LSM with transpiration, integrated canopy conduc-
tance, and albedo terms, which the LSM then uses to calcu-
late the energy fluxes at the whole-canopy level. FATES also
calculates autotrophic respiration at the biophysics time steps
and integrates the resulting net primary productivity (NPP)
over the day to end up with an increment of carbon per cohort
at the end of each day. Heterotrophic respiration is handled
outside of FATES by the LSM it is embedded within.

At the daily time step, FATES sequentially allocates the
daily carbon increment per cohort. If this carbon increment is
negative, the amount is subtracted from the cohort’s storage
pool. If the increment is positive, then the cohort allocates it,
first to replenish storage and then to compensate for tissue
turnover. If the remaining carbon increment is still positive,
the cohort will then allocate to any organ pools that are be-
low their allometric targets, which are intrinsic functions for
a given PFT that are defined relative to the cohort’s stem di-
ameter. If, after this, carbon still remains to be allocated, the
cohort will grow its stem diameter, allocating to each pool
proportionally to that pool’s derivative with respect to stem
diameter.

A key development since Fisher et al. (2015) has been
modularizing all allometry functions so that PFTs of dif-
ferent allometric functional forms and parameters can exist
and compete against each other. FATES requires four dis-
tinct types of allometric models to be defined for each PFT:
height, crown area, sapwood cross-sectional area, and target

biomass pools. All of these are prescribed as functions of a
cohort’s stem diameter, which thus serves as the basic index
for all allometry. FATES currently has six separate allometric
target biomass pools: leaf, stem, coarse root, fine root, seed,
and storage. Of these, FATES also assumes that the target
values of fine-root and storage pools are both linearly pro-
portional to the target leaf biomass pool and that the target
coarse-root pool is linearly proportional to the target stem
biomass pool. Thus only three index target pools exist: leaf,
stem, and seed. As a further simplification, FATES currently
assumes that sapwood cross-sectional area at breast height is
a constant fraction of a cohort’s target leaf area, and thus the
sapwood allometry follows the leaf area allometry.

FATES currently allows several allometric models for de-
termining tree height. These include a generic power law
relationship as well as the models described in O’Brien et
al. (1995), Poorter et al. (2006), Chave et al. (2014), and
Martínez Cano et al. (2019). For the simulations described
here, we use the Martínez Cano et al. (2019) allometry for
all cases, which uses a Michaelis–Menten form to calculate
height (H ) from stem diameter (D):

H =
aDb

k+Db
. (1)

We use a single mean set of height allometry parameters for
all PFTs in this model, with the mean based on the results
from Martínez Cano et al. (2019): a = 57.6, b = 0.74, and
k = 21.6.

Crown allometry (C) in FATES is set as a two-parameter
power law of diameter, subject to a maximum stem diameter
for crown allometry:
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C =

{
fDg D <Dmax
fD

g
max D ≥Dmax

, (2)

We treat the crown area allometry coefficient (f ) and expo-
nent (g) in the above equation as plant traits that we vary
based on species-level values, as described below, and we
use a single maximum size for crown allometry (Dmax), for
all model runs, of 200 cm. Plants can continue to grow past
Dmax, but they do so at a progressively slower rate because
the gross primary productivity (GPP) per individual becomes
capped by the crown allometry, while the carbon cost of
growth continues to increase with increasing stem size.

For the target stem biomass allometric model, FATES in-
cludes several options, including a power law of diameter, as
well as the functional forms of Saldarriaga et al. (1988) and
Chave et al. (2014), which both relate target aboveground
biomass to both the stem diameter and height. For all of the
experiments described below, we use the Chave et al. (2014)
aboveground biomass allometry, expressed in units of kilo-
grams of carbon per individual tree:

AGB= cj (ρwD
2h)p, (3)

where the parameters j and p have values of 0.0673 and
0.976, respectively, ρw is the plant trait wood density, and
c is the carbon-to-biomass ratio in wood, which we set as
0.5 for all cases. We did not yet fully explore the sensitiv-
ity of model dynamics to the alternate aboveground biomass
allometries; this remains future work.

For target leaf biomass, we use a power law allometric
model:

L=mDg, (4)

where the leaf allometric coefficient m is a plant trait that
we allow to vary, as described below, and the target leaf al-
lometric exponent g has the same value as the crown area
allometric exponent above. As with the crown area, we set
a maximum stem diameter above which target leaf biomass
remains constant and use the same maximum diameter for
both allometries. Setting the exponent on leaf biomass to be
the same as that of crown area is equivalent to asserting that
a tree’s (target) crown depth and leaf area index (LAI) within
the footprint of its crown does not vary over the course of its
growth trajectory. This holds true – within a given canopy
strata – even though FATES does allow specific leaf area
(SLA) to vary vertically through the canopy. However, the
canopy trimming logic described in Fisher et al. (2015), as
well as the relative ability of a plant to actually achieve its
target leaf biomass, can lead to large differences in crown
depth between the canopy and understory strata, and thus dif-
ferences in crown depth can occur along growth trajectories.

For seed production, FATES uses as its target a constant
fraction of NPP once tissue turnover and storage demands

have been met. This represents a biomass flux from the indi-
vidual cohorts to the site-level seed pool, which then serves
as a basis for recruitment flux from the seed pool to new co-
horts. This fraction is a plant trait that varies among PFTs.
This approach represents an extremely simplified view of re-
production, which we plan to develop further, but does at
least allow us to test baseline sensitivity of the current con-
figuration.

In early versions of FATES, the presence of understory
trees that persist for long periods of time but only grow
very slowly – as is observed in real forests – was difficult
to achieve because of the lack of any stabilizing term on
an individual cohort’s carbon dynamics. If a given cohort’s
NPP was even slightly negative for sufficiently long, then its
storage pool would eventually be reduced to below zero, at
which point the entire cohort would die. In order to prevent
this and allow the model to produce multiple canopy strata,
we added a stabilizing term to the carbon budgets of trees,
whereby when their storage pools become depleted, we si-
multaneously increase the rate of carbon starvation mortal-
ity and decrease the rate of maintenance respiration. This re-
duction of maintenance respiration during carbon starvation
is consistent with observations of trees under acute carbon
stress (Sevanto et al., 2014). Because the physiologic basis
and form of this process is poorly constrained, we use heuris-
tic functions here to define these processes. First, we define
a target carbon storage pool (St):

St = nL, (5)

where n is a parameter that linearly relates the target storage
pool to the target leaf biomass L. If a given plant is unable to
achieve its target carbon storage because of having a negative
NPP at any given time, then its actual storage pool S will
drop below the target storage pool St. Then we set both the
carbon starvation mortality rate (Mcs) and the fractional rate
of maintenance respiration (R) on the ratio of S to L:

Mcs =

{
Mcs,max(1− S/L) S < L

0 S ≥ L
, (6)

R =

{ (
1− qS/L

)
/(1− q) S < L

1 S ≥ L
, (7)

whereMcs,max is a trait that defines the maximum rate of car-
bon starvation mortality, and q is a parameter that governs
the curvature of the respiration reduction function. Thus we
implicitly assume that there is a critical storage pool Sc = L

that sets the total-plant storage level where mortality begins;
the implied parameter Sc/L= 1 could be made explicit, but
we left this as an implicit parameter here due to the generally
weak data constraints on it at present. For the experiments
described here, we use a single value, 0.01, of the q param-
eter and allow the maximum rate of carbon starvation mor-
tality Mcs,max to be a PFT trait. Because both the increase in
mortality and the decrease in respiration begin when S drops
below L, the parameter (n−1) thus sets the size of the carbon
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storage buffer that determines how much cumulative negative
NPP a plant can experience before it begins to suffer from
carbon starvation.

In FATES, we separate as distinct traits the top-of-canopy
values of maximum carboxylation at reference temperature
(Vc,max,25,top), leaf carbon-to-nitrogen ratios (C : N), and leaf
mass per area (LMA). Though these traits are highly coor-
dinated in plants (Wright et al., 2004), we allow this coor-
dination to occur in FATES at the point of defining a PFT
that has a specific set of trait values rather than by imposing
the trait coordination within the model itself. Exceptions to
this rule include that we do define the maximum rate of elec-
tron transport at reference temperature (Jmax,25) as a direct
function of Vc,max,25. Also, FATES scales leaf traits verti-
cally through the canopy so that Vc,max,25, leaf N per unit
area, and LMA decrease exponentially with overlying leaf
area, following Lloyd et al. (2010) and Kovenock (2019).
This allows shaded leaves, which are deeper in the canopy,
to be thinner and have lower maximum photosynthetic rates
(Vc,max,25, Jmax) than sun-exposed, top-of-canopy leaves and
maintains a fixed leaf C : N throughout the canopy, following
observations (Lloyd et al., 2010).

We generalized some aspects of canopy sorting and dis-
turbance in FATES, as compared to their CLM ED repre-
sentations, where some strong assumptions were implicit in
the model structure. For example, gap-phase disturbance in
FATES occurs when canopy trees die. When a given canopy
tree dies, or more precisely, when the rate of mortality in
a canopy cohort, mc (as measured by the total crown area
of trees that died; in m2 ha−1 yr−1), is greater than zero, the
patch that previously contained the canopy trees may or may
not split off newly disturbed patch area. A pair of ecosystem-
level parameters, the fraction of newly dead crown area that
becomes a new patch (a new parameter, fd, a unitless ratio),
and the fractional understory mortality during a transition to
a new patch due to disturbance, mu,d, control the outcomes
of disturbance, as described below and in Fig. 2a. The rate of
new patch area formation, rd (m2 ha−1 yr−1), equals

rd =mc · fd. (8)

When new patch area is created from an existing (“donor”)
patch, the new patch is initialized with a fraction of the under-
story plants and litter from the donor patch. The pools from
the donor patch are thus split in proportion to the fraction of
the old patch area transferred to the new patch. Thus when
new patch area is created, all understory cohorts in the exist-
ing patch are split, with resulting number densities in the cor-
responding cohorts in the new and old patches proportional
to the fraction of patch area disturbed. Formerly understory
trees in this newly disturbed patch may, however, be killed
in the disturbance event itself; thus the mu,d term is applied
during the disturbance event.

The fd parameter thus allows FATES to scale continuously
between two endmembers in how the simulated ecosystem
responds to gap-phase disturbance dynamics (Fig. 2a). If fd

equals 1, then the existing patch area shrinks in tandem with
the reduction in tree crown area within the patch’s canopy.
What this means is that it is effectively not possible for trees
in the understory to be “promoted” to the canopy while re-
maining in a patch – their only route to the canopy is to
survive that disturbance event, whereupon they are promoted
into the canopy of the new patch. We refer here to this end-
member as a “pure-ED” representation of disturbance (on ac-
count of its similarity to the original ecosystem demography
approach). At the other extreme, if fd equals 0, then no new
patch area is created and there is no horizontal heterogeneity
in the system (i.e., there is only ever one patch). In this case,
when canopy trees die, the entire void in the canopy created
by the loss of their crown area is filled through promotion of
trees from the understory within the patch. We refer to this
endmember as the “pure-PPA” endmember of disturbance.
Intermediate cases exist between these endmembers, where
a fraction of understory trees may be promoted from within
a patch while a fraction of new patch area is generated. A spe-
cial intermediate case considered here is a “bare-ground in-
termediate”, where mu,d equals 1 – i.e., all cohorts in the un-
derstory that are transferred to a new patch are killed during
the disturbance event, and thus the new patch area starts from
bare ground. This bare-ground intermediate, with mu,d = 1
and fd = 0.5, is equivalent to the equations and PPA-type
model described in Farrior et al. (2016). We will consider
each of these three special cases – the two endmembers and
the bare-ground intermediate – below.

A last set of modifications since Fisher et al. (2015) are
in regards to the canopy sorting via the PPA. As described
above, the original PPA (Purves et al., 2008) used a deter-
ministic ranking of trees based on their heights and sepa-
rated them in each time step based on whether their height
was above or below the height, z∗, equal to the tree whose
cumulative crown area equaled the area of the ground that
trees occupied. Fisher et al. (2010) modified this to create
a probabilistic PPA whereby the relative probability of trees
in a cohort (or, equivalently, the fractional number density of
trees of a given cohort) being assigned to the canopy was pro-
portional to their size raised to a parameter called the com-
petitive exclusion parameter cexcl. In FATES, we generalized
the height sorting so that it can use either the deterministic-
or probabilistic-sorting approach to the PPA and discuss both
versions below.

2.2 Site description and driving data

All model experiments here are conducted at Barro Colorado
Island (BCI), Panama (9.151◦ N, 79.855◦W). The environ-
ment at BCI has a mean precipitation of 2600±480 mm yr−1,
with a 4-month dry season during which precipitation drops
below 100 mm yr−1. The ecosystem at BCI is a primary
forest, with a disturbance regime characterized by primar-
ily small-scale disturbance and subject to elevated mortality
rates during ENSO-driven droughts. The site includes a 50 ha
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Figure 2. Schematic of how disturbance and height sorting are represented in the FATES model. (a) Representation of disturbance. When
canopy trees die, some fraction of the crown area of the dead trees is transferred to a newly disturbed patch, while the remainder remains in
the old patch. Trees can be promoted from the understory to the canopy either in the old patch or if they are transferred to the new patch area
as survivors of the disturbance event. Endmembers of this case are the “pure-ED” case, in which all crown area becomes new patch area,
and the “pure-PPA” case, in which no newly disturbed patch area is created. We also consider an intermediate case, in which half of the dead
tree canopy becomes disturbed, but with no survivorship of trees in the newly disturbed patch. (b) Representation of height sorting. When
canopy tree crown area exceeds the patch area that the trees are on due to crown growth, canopy trees are “demoted” to the understory. In the
deterministic case, trees are rank-ordered by height and the shortest cohort is split at the point where total tree crown area equals patch area,
and the remaining cohort is demoted. In the probabilistic case, all canopy trees are demoted, with the fraction of each cohort demoted based
on the cohorts’ relative heights.

census plot, in which every stem ≥ 1 cm diameter has been
measured every 5 years since 1982, with 321 species iden-
tified (Condit et al., 2017), as well as eddy covariance and
other observations.

We force the model with drivers measured at the BCI me-
teorological station for the period 1986–2017; these data are
available at https://biogeodb.stri.si.edu/physical_monitoring/
research/barrocolorado (last access: November 2017). All
site-level data were scanned for quality assurance and quality
control (QA/QC) as described by Faybishenko et al. (2018).
The QA/QC procedure of time-series data was performed

using the R (https://www.r-project.org/, RStudio v1.1, last
access: 9 October 2017) software, with the application of
libraries “zoo” (Zeileis et al., 2019), “xts” (Ryan et al.,
2018), “tsoutliers” (López-de-Lacalle, 2019), and “Rssa”
(Korobeynikov et al., 2017). The procedure includes the fol-
lowing major steps – the identification of problems in the
datasets (QA) and then data cleaning, flagging, and gap fill-
ing of missing data (QC). Step 1 (QA) includes an initial
visual inspection and cataloging data, determining the tem-
poral frequency of sampling to assess data availability and
preliminary assessing data quality. Step 2 (QC) includes pro-
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cessing and cleaning raw datasets; formatting timestamps;
detecting and removing duplicates, bad data, and outliers;
gap filling of missing data; and flagging quality-controlled
data. For each simulation, we recycled meteorology over the
1986–2017 period.

2.3 Plant trait data and application to FATES PFT
definition

A key conceptual point in this study is that we define a PFT
only as a vector of plant traits; we do not make any further
a priori assumptions about the ecological role that a given
PFT plays. In some of these experiments, we do diagnose
properties of a PFT that allow us to – in certain cases –
make post hoc distinctions such as “early-successional” or
“late-successional” PFTs, and in this paper all PFTs may be
thought of as belonging to tropical forest tree communities,
but we essentially take a probabilistic view of PFTs here as
being random draws from some continuous trait covariance
matrix. To define this matrix, we assemble several datasets
and cross-reference them based on mean values per plant
species, with Latin binomials used as the reference index.

We start with two datasets describing plant traits at BCI,
and at two other sites across a precipitation gradient in
Panama, Parque Nacional Metropolitano (PNM) and Fort
San Lorenzo (SLZ), which are originally described in Os-
nas et al. (2018) and Wright et al. (2010). Data from these
sets used here include leaf lifespan, leaf mass per unit area
(LMA), wood density, mortality of 10 cm and larger trees,
and leaf N content. For these datasets, we only use values
for trees in the canopy stratum. Where a given species occurs
in more than one site, we use mean values across the sites.
Because these are the only datasets that include leaf lifespan
estimates, where other datasets also include an estimate of
LMA for a given species, we only use the estimates in these
datasets, as they will correspond to the specific individuals
with which leaf lifespan is also measured.

We add two further datasets on leaf traits, both based on
canopy crane measurements at PNM and SLZ sites: Gu et
al. (2016) and Rogers et al. (2017) and Wu et al. (2019). Each
of these contain estimates of Vc,max, LMA, wood density,
and leaf N content. We use FATES temperature scaling func-
tions to calculate Vc,max at the reference temperature (25 ◦C)
based on the temperature at which specific Vc,max observa-
tions were made. Together these sets of traits describe plant
variation along the leaf and wood economic spectra, two crit-
ical axes of functional diversity (Baraloto et al., 2010; Wright
et al., 2004).

Lastly, we add a dataset on crown area allometry from
trees at BCI (Martínez Cano et al., 2019). The crown area
allometry in FATES is defined with crown area, C, set as a
power law relationship with diameter,D, as described above,
so for each species we use the crown area coefficient g and
exponent d as reported in Martínez Cano et al. (2019). These
crown area traits control the overall light interception ability

of plants, and how it changes over plant size, and thus are
important determinants of both baseline growth rates (for co-
efficient g) and the derivative of growth rates with respect to
plant size (for exponent d).

In total, we thus use eight traits from the observa-
tional datasets: Vc,max,25,top (µmol CO2 m−2 s−1), wood den-
sity (g cm−3), LMA (m2 g−1), leaf N per unit area (Leaf
N/area; g m−2), leaf lifespan (year), background tree mor-
tality (yr−1), crown area coefficient (m2 cm−1), and crown
area intercept (unitless). We assume lognormal distributions
for Vc,max,25,top, LMA, Leaf N/area, leaf lifespan, and back-
ground tree mortality and normal distributions for wood den-
sity, crown area coefficient, and crown area intercept, with
correlations between these traits as determined from the data.
The full matrix of observed traits is shown in Fig. 3, where
each dot represents a pair of mean trait values for a given
species, and the histograms across the diagonal show the full
distribution of species-mean values for each trait.

In addition to the observed traits that allow us to generate
prior distributions on values based on data, we also want to
include parameter variation in a small set of traits that are
poorly observed but that we expect to be important in model
dynamics. We thus add four more unobserved trait values:
the allometric coefficient of relationship of leaf biomass to
stem diameter (kg cm−1), the allometric ratio of fine-root
biomass to leaf biomass (unitless), the fractional allocation
to reproduction (unitless), and the maximum rate of carbon
starvation mortality (yr−1). For each of these, we assume no
correlations with other observed traits, and we assume the
first three of these to be normally distributed and that the
last (maximum rate of carbon starvation mortality) is lognor-
mally distributed as we do for the background mortality trait.
The choice of these additional traits are to extend the possible
range of dynamics to include crown thickness, plant carbon
use efficiency, understory mortality rates and thus shade tol-
erance, and reproductive fecundity as possible determinants
in the competitiveness of a given PFT. Table 1 lists each of
the parameters varied, and the most closely associated pro-
cess box is shown in Fig. 1.

We thus define a single 12× 12 trait covariance matrix as
the basis of all experiments described below, representing the
data-constrained hypervolume from which we sample plant
functional types. In all experiments, the vector of trait values
that defines a PFT is sampled as a single random draw from
this 12× 12 trait covariance matrix. An example of resam-
pled trait matrix from a single model ensemble is shown in
Fig. 4. The traits considered in this study are not meant to be
comprehensive but are meant to cover a range of processes
in the model, including (a) physiology and the leaf economic
spectrum; (b) allocation of biomass within a whole plant to
leaves, roots, and reproduction; (c) patterns of acquisition of
the primary resource, light, through crown area allometry;
and (d) mortality rates in both the canopy and understory.

Biogeosciences, 17, 3017–3044, 2020 https://doi.org/10.5194/bg-17-3017-2020



C. D. Koven et al.: Benchmarking and sensitivity of FATES model 3025

Figure 3. Matrix of plant trait data used to inform FATES ensembles. Measured traits are as follows: leaf Vc,max,25,top (µmol CO2 m−2 s−1),
wood density (g cm−3), leaf mass per unit area (m2 g−1), leaf N per unit area (g m−2), leaf lifespan (year), plant mortality rate (yr−1),
coefficient of relationship of crown area to stem diameter (m2 cm−1), and exponent of relationship of crown area to stem diameter (unitless).
Each dot represents one pair of species-level trait values where both traits are measured for a given species; histograms show the distributions
of all species-level values for a given trait.

2.4 Model testing data

We make use of the long-term forest dynamics plot cen-
sus data at BCI (Hubbell et al., 1999). We use a total of
five censuses here, beginning with the 1985 census. We use
the census data in three ways in this paper. (1) To more
rapidly equilibrate the model, we initialize the forest with
observed size distributions (from the 2005 census); in sim-
ulations with more than one PFT present, we use the same
initial size distribution for each PFT. In order to remove the

initial imprint of these initial size distributions on the model
output, we integrate FATES for 200 or 300 years (depend-
ing on the experiment); after this spin-up time the model dy-
namics have diverged from the initialization (e.g., Fig. 5b).
(2) We compare model predictions of size distributions to
the census data of the forest as a whole. (3) We compare
model predictions of aboveground biomass against observa-
tions, which are also derived from the BCI census data, that
are reported in Meakem et al. (2018), which are approxi-
mately 13.6 kg C m−2; we assign ±10 % uncertainty to these
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Figure 4. Resampled trait matrix, including eight observed and four unobserved traits, as used to define PFTs in FATES simulations. Eight
observed traits are as in Fig. 3 (with background mortality set to be the observed plant mortality). Four additional unobserved traits are
as follows: allometric coefficient of relationship of leaf biomass to stem diameter (kg cm−1), allometric ratio of fine-root biomass to leaf
biomass (unitless), fractional NPP allocated to reproduction (unitless), and maximum rate of carbon starvation mortality (yr−1). Bleaf is leaf
biomass.

biomass observations to account for allometric uncertainty
(Chave et al., 2003).

We compare fluxes of GPP as well as the sensible
and latent heat fluxes to observations made with an eddy-
covariance system. The tower used for these measurements is
41 m a.g.l. (meters above ground level) on a plateau on BCI.
The eddy-covariance system includes a sonic anemometer
(CSAT3, Campbell Scientific, Logan, UT) and an open-path
infrared CO2–H2O gas analyzer (LI-7500, LI-COR, Lincoln,
NE). High-frequency (10 Hz) measurements were acquired

by a data logger (CR1000, Campbell Scientific) and stored
on a local PC. Data were processed with a custom program
using a standard routine described in Detto et al. (2010). GPP
was derived from daytime values of net ecosystem exchange
(NEE) by adding the corresponding mean daily ecosystem
respiration obtained as the intercept of the light response
curve (Lasslop et al., 2010). The light curve was fitted on
a 15 d moving window using a rectangular hyperbolic func-
tion (runs with friction velocity less than 0.4 m s−1 were ex-
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Table 1. Traits varied within each ensemble in order to define plant functional types, their units, and the process or processes (as diagrammed
in Fig. 1) most closely associated with each trait.

Trait Units Associated process(es)

Vcmax,25 top leaf layer (µmol CO2 m−2 s−1) Photosynthesis
Wood density (g cm−3) Stem growth
Leaf mass per unit area (m2 g−1) Leaf growth and turnover
Leaf N per unit area (g m−2) Plant respiration
Leaf lifespan (year) Leaf growth and turnover
Background plant mortality rate (yr−1) Mortality
Coefficient of relationship of crown area to stem diameter (m2 cm−1) Crown area allometry
Exponent of relationship of crown area to stem diameter (unitless) Crown area allometry
Allometric coefficient of relationship of leaf biomass to stem diameter (kg cm−1) Allometry and allocation; leaf growth and turnover
Allometric ratio of fine-root biomass to leaf biomass (unitless) Allometry and allocation; root growth and turnover
Fractional NPP allocated to reproduction (unitless) Allometry and allocation; seed production
Maximum rate of carbon starvation mortality (yr−1) Mortality

Figure 5. Joint distribution of modeled GPP and LAI (a) and
modeled time series of biomass trajectories (b) for a 576-member
ensemble of site-scale FATES simulations, where each ensemble
member, represented here as an individual dot, has a single PFT de-
fined as a random draw from the 12-trait covariance matrix shown
in Fig. 3. Site-level observations of LAI and GPP (mean± 1 SD) are
shown in (a) as a grey ellipse, and observed mean biomass is shown
in (b) as black line.

cluded). Lastly, we compare LAI as predicted by FATES to
observations of LAI reported in Detto et al. (2018).

2.5 Model experiment descriptions

We define a series of model experiments here to explore para-
metric and structural uncertainty in the model and how trait
uncertainty can combine with vegetation dynamics to feed
back on model predictions (Table 2). We first begin with
single-PFT experiments, randomly drawing a set of PFTs
and running each of them as a separate FATES simulation.
We refer to the set of such simulations, which differ only in
their PFT specification, as an ensemble of simulations and
each separate FATES run as an ensemble member. The size
of each of the ensembles here is 576 members, chosen as a
somewhat arbitrary number but one which balances compu-
tational costs against statistical sampling depth while allow-
ing one simulation per CPU on the 36-core computing nodes
used for most simulations. We compare outputs from these
ensembles against a set of observations (of biomass, LAI,
and eddy covariance) at BCI to assess patterns of variabil-
ity in the model and comparisons to observations. We per-
form these single-PFT ensembles, with an identical set of
ensemble members each for two different model configura-
tions, CLM-FATES and ELM-FATES, in order to further test
the structural uncertainty of embedding FATES within two
closely related, yet divergent, land models.

We assess parameter sensitivity via direct trait control
of model predictions in the one-PFT simulations by fitting
splines of each of the model predictions that we analyze as a
function of each of the traits that we vary across the ensem-
ble. We calculate the maximum potential variance explained
as the fraction of variance in the predictions across the en-
semble that is predicted by the fitted spline. Because some
of the traits are correlated, we also assess the minimum vari-
ance explained, which we calculate by first subtracting the
variance explained by all other traits and then assessing how
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Table 2. Experimental matrix used in this study. Each ensemble above consists of 576 ensemble members, with one or more PFTs per
ensemble member chosen as a random draw from the 12× 12 trait covariance matrix.

Number of
PFTs
competing per
ensemble
member

Height
sorting

Recruitment Disturbance LSM Purpose

1 Deterministic Normal Bare-ground intermediate:
fd = 0.5, mu,d = 1

CLM Control

1 Deterministic Normal Bare-ground intermediate ELM Understand sensitivity to driving model

3 Deterministic Mixing Bare-ground intermediate CLM Understand sensitivity to number of PFTs

10 Deterministic Mixing Bare-ground intermediate CLM Understand sensitivity to number of PFTs

10 Deterministic Normal Bare-ground intermediate CLM Understand sensitivity to intergenerational trait
filtering

2 Deterministic Normal Bare-ground intermediate CLM Reference case for looking at regimes of coex-
istence

2 Probabilistic,
cexcl = 3

Normal Bare-ground intermediate CLM Understand sensitivity of coexistence to repre-
sentation of height sorting

2 Probabilistic,
cexcl = 1

Normal Bare-ground intermediate CLM Understand sensitivity of coexistence to repre-
sentation of height sorting

2 Deterministic Normal Pure ED: fd = 1,
mu,d = 0.5

CLM Understand sensitivity of coexistence to repre-
sentation of disturbance

2 Deterministic Normal Pure ED: fd = 1,
mu,d = 1.0

CLM Understand sensitivity of coexistence to repre-
sentation of disturbance

2 Deterministic Normal Pure PPA: fd = 0 CLM Understand sensitivity of coexistence to repre-
sentation of disturbance

much of the remaining variance is explained by the trait of
interest (Xu, 2013; Xu and Gertner, 2008).

As a next experiment, we add increasing numbers of com-
peting PFTs to the model. The premise of this is that a
model can represent plant trait diversity either through mul-
tiple realizations of the model where plants with each set
of traits only interact with plants of the same type or alter-
nately through allowing plants with different traits to inter-
act with each other through competition for resources. In a
PFT-based model such as FATES, these options exist on a
continuum: as we add further PFTs to a given simulation,
we increase the diversity that is resolved within each sim-
ulation and thus, in principle, should reduce the variability
across simulations. The goal here is to ask how increasing
the diversity that is resolved within any specific simulation
changes the distribution of model predictions, as compared
to an ensemble approach, where we only account for diver-
sity by non-interacting PFTs. Again, we construct each ex-
periment as a perturbed-parameter ensemble – where we use
the random draws of parameter values to construct new pa-
rameter vectors for each model run – but instead of including
a single PFT in each ensemble member, we do 576 model

runs with three PFTs and 576 runs with 10 PFTs, in each
case drawing all PFTs at random from the multivariate trait
distributions. We refer to these as the three-PFT ensemble
and the 10-PFT ensemble, respectively.

We conduct the last (10-PFT) experiment twice. In the first
instance, we force the model to maintain functional diversity
by evenly recruiting from a mixed-PFT seed pool into each
PFT, thus preventing competitive exclusion and intergenera-
tional trait filtering. This approach still allows trait filtering to
occur within the lifespan of an individual plant but prevents
any PFT from completely excluding the others, thus acting
as a discrete-PFT analog to the continuous generation of the
trait diversity approach used in the model of Sakschewski et
al. (2016). In the second instance, we allow the normal inter-
generational trait filtering to occur; i.e., each PFT reproduces
only recruits of its own PFT with no supplement so that PFTs
may go extinct.

Lastly we perform a series of two-PFT ensembles aimed
at asking whether we can identify regimes where trade-offs
in general, and in particular early–late-successional trade-
offs, lead to a degree of coexistence, after 300 years, in the
model. To do this, we again conduct 576-member ensembles,
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where each ensemble member is comprised of PFTs that are
randomly drawn from the same trait covariance matrix. In
this case, we also explore different values of the ecosystem
structural parameters that govern light competition and gap-
phase disturbance dynamics, as described above and shown
in Fig. 2. The control for this set of ensembles uses the
“deterministic-PPA” mode for height sorting and a bare-
ground intermediate representation of disturbance (which we
also use in all preceding experiments). Two additional en-
sembles vary light competition parameters to use probabilis-
tic PPA height sorting with cexcl = 3 and probabilistic PPA
height sorting with cexcl = 1. In three further ensembles, we
vary the disturbance parameters fd and mu,d to explore the
two extreme representations of disturbance to the pure-ED
and pure-PPA endmembers, and in the pure-ED case, we ex-
plore the sensitivity of the model to mu,d, or how many un-
derstory plants are killed during a disturbance event. This pa-
rameter mu,d has no effect in the pure-PPA case, since there
is no disturbance when fd = 0.

3 Results and discussion

3.1 Single-PFT simulations and comparison to
observations

A first question is how the distributions of ecosystem-level
properties – such as biomass; size distributions; LAI; and
carbon, water, and energy fluxes – from a set of single-PFT
simulations compare with observations at the site. To answer
this, we conduct an ensemble of single-PFT simulations to
generate a set of possible forests, each of which is comprised
of trees sharing a single set of traits. Results from this single-
PFT ensemble are shown in Figs. 5–7. There is a broad range
of model predictions, ranging from some ensemble members
that fail to establish to others which grow to highly produc-
tive forests.

The joint distribution of GPP and LAI (Fig. 5a) shows that
the overall ensemble spread is roughly centered around the
observed values (shown as ellipse in Fig. 5a), though with
wide spread and a tail that extends to low-productivity, low-
LAI simulations. Likewise, trajectories of biomass in these
simulations (Fig. 5b), where each simulation is initialized
with observed size distributions and is then integrated for
200 years to come into a quasi-steady state that is determined
by the ensemble parameters, converge towards a distribution
in biomass that spans the observed estimates (black line in
Fig. 5b). While the ensemble distributions in LAI and GPP
are roughly symmetric, albeit with a tail extending to the low-
GPP, low-LAI zone in Fig. 5a, the distribution of biomass
shows a tail in the other direction towards extremely high
biomass forests, with some ensemble members converging
towards values that are several times those observed.

Seasonal cycles of ecosystem fluxes, as compared to ob-
servations from the eddy-covariance tower at BCI (Fig. 6),

Figure 6. Comparison of FATES simulations of mean annual cy-
cles in gross primary productivity, latent heat (LH), and sensible
heat (SH) with eddy-covariance observations from Barro Colorado
Island flux tower. Green lines correspond to the mean annual cycle
from each FATES ensemble member. Blue lines show individual
years of eddy-covariance data.

show both the wide spread of ensemble members, as dis-
cussed above, and two systematic model–data mismatches.
The first of these is in the shape and amplitude of the seasonal
cycles: FATES simulations systematically predict a decrease
in GPP during the dry season (February–April) as compared
to the eddy-covariance data that do not show a systematic de-
crease in productivity during the dry season. The second bias
is that the FATES simulations here systematically predict a
lower latent heat flux and a higher sensible heat flux than the
observations. Similar biases are also documented in Huang et
al. (2019). In this paper, we do not try to correct these biases,
which likely arise from a combination of (a) not including a
broader set of plant traits that govern ecohydrological pro-
cesses, such as those traits that govern stomatal conductance,
canopy turbulence, or rooting depth distributions; (b) not us-
ing a full plant hydraulics model (Christoffersen et al., 2016;
Xu et al., 2016); (c) not including processes known to in-
crease GPP during the dry seasons of tropical forests, such
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Figure 7. Stem size distributions (in number – n – of trees per
hectare per centimeter width of size class bin), of single-PFT en-
semble members, as compared to census data from the BCI forest
dynamics plot.

as replacement of old leaves with leaves with greater photo-
synthetic capacity (Wu et al., 2017); and/or (d) biases in the
soil hydrologic modules in which hillslope hydrologic pro-
cesses are largely ignored (Fan et al., 2019). A fuller analysis
of plant hydrologic traits, as well as the structural changes to
represent plant hydrodynamics and photosynthetic seasonal-
ity, is underway in FATES but beyond the scope of this paper.

Observed tree size distributions are an emergent outcome
resulting from the growth rates, death rates, and light compe-
tition parameters in a forest. In principle, the accurate predic-
tion of diameter distributions, which follows a Weibull dis-
tribution (approximately power function at small diameters,
dropping off at larger sizes), is possible in a vegetation de-
mographic model using the combined hypotheses of ED and
PPA (Farrior et al., 2016) or through the combined ED and
plant hydrodynamic hypotheses (Powell et al., 2018). The en-
semble of FATES simulations shown here roughly capture
the shape of the curve (Fig. 7) though, again, with consider-
able spread and some systematic biases. The wide spread in
simulations shows that some trait combinations lead to out-
comes with either too many or two few trees at the larger
end of the tree size distribution. The more systematic bias
is that most of the ensemble members show too many very
large trees, and too few small trees, as compared to obser-
vations, suggesting an overall bias in the rates of establish-
ment, growth, and death. The degree of this ensemble-level
bias – close to an order of magnitude – shows some sen-
sitivity to ecosystem-level parameters, as discussed further
below, which suggests modest control by representation of
gap-phase disturbance dynamics and light competition pa-
rameters.

Parametric control by plant traits on several ecosystem-
level model predictions is shown via variance decomposition
in Fig. 8. While the analysis here is not meant to be as com-
prehensive as that of Massoud et al. (2019), Fig. 8 nonethe-
less shows that each of these model predictions shows sen-
sitivity to a different set of traits, thus highlighting the com-
plex mapping of trait variation onto model predictions. Fur-
ther, many of these model predictions show a high degree
of sensitivity across several variables. To some degree, this
arises because of the correlations between trait values, such
as through the leaf economic spectrum, which can be seen
by the large spread between the maximum potential vari-
ance explained by a given trait (closed circles) and the min-
imum variance explained by that trait (open circles). How-
ever, in other instances, such as for tree growth rates in the
canopy, sets of relatively uncorrelated parameters, such as
wood density and the set of leaf-economic-spectrum traits,
jointly control the rates. And in other cases, individual traits
directly affect the rates predicted; an example of this is the
canopy mortality rates, which in this mean-state configura-
tion effectively show only the background mortality rates.
Understory mortality rates are slightly more complex, with
joint control of both the background mortality rates and the
maximum rate of carbon starvation as well as small contribu-
tions from the leaf and stem physiological traits. Trait con-
trol over LAI shows that, because of the combined effects of
within-cohort leaf optimization, and the potential for multi-
ple canopy strata to exist, there is a relatively weak direct
control on ecosystem-level LAI by the direct leaf-to-stem
allometric-coefficient trait; LAI is equally constrained by the
leaf-economic-spectrum traits that control the marginal costs
and benefits of additional leaves at the bottom of the canopy,
as well as a small contribution from the reproductive alloca-
tion trait, which sets how the recruitment rate and thus many
small plants are contributing to the understory LAI.

3.2 Sensitivity of results to land surface model

FATES is designed to work as a modular representation of
plant biophysical and community assembly processes within
a host land surface model rather than being a land surface
model on its own. It has been developed out of the CLM
ED framework described by Fisher et al. (2015) and cur-
rently works within two related but distinct LSMs: CLM5
(Lawrence et al., 2019; Wieder et al., 2019) and ELMv1 (Go-
laz et al., 2019). This modularity of FATES and its ability to
work within alternate LSMs represents an important capabil-
ity. As LSMs have grown ever more complex, the infrastruc-
ture for managing model complexity and attributing model
behavioral differences to structural and parametric assump-
tions has not grown equivalently; a potential strategy for ad-
dressing this complexity problem is to separate the represen-
tation of processes in such a way that they can be explored
as conditional on alternate boundary conditions, following
the “modular complexity” approach described in Fisher and
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Figure 8. Variance decomposition of trait control on ecosystem states and vital rates. Shown are the fractions of variance explained by each
of the 12 traits for seven ecosystem variables. Filled circles and associated lines show the maximum potential fraction of variance explained
by each trait, without considering trait-trait correlations. Open circles show the minimum fraction of variance explained by each trait after
first subtracting out the variance explained by all other traits.

Koven (2020). Such an approach can allow, for example,
one to ask how the representation of soil physics of bio-
geochemistry feeds back onto an identical representation of
plant physiology in order to better separate the contributions
of each to total model prediction uncertainty. Here we begin
to test this approach by testing the exact same representation
of FATES within the alternate LSMs it can be run in.

We repeated the ensemble described above using FATES
embedded within ELMv1 and compare the ensemble predic-
tions between the two models in Fig. 9. The ensembles used
identical plant traits, forcing data, and other FATES parame-
ters; however, many aspects of the LSMs differ, particularly
including soil depth and the number of soil layers. Thus the
two ensembles can be considered an experiment to the sen-
sitivity of the structural representation of the physical soil
environment that the vegetation is growing in. Distributions
between mean GPP (Fig. 9a), LAI (Fig. 9b), and biomass
(Fig. 9c) are all similar, as are the final size distributions of
the plant community (Fig. 9d). This demonstrates that the
diversity of plant traits used here, at least in this generally
well-watered site, has a stronger control on model predic-
tions than whatever structural divergences have accumulated
in the representation of the soil environment between these
models.

3.3 Sensitivity of results to the number of competing
PFTs

The above experiments each contained a single PFT in each
ensemble member, and so the ensemble spread of the pre-
dictions demonstrates the global trait sensitivity of monocul-
tural forests, in the absence of competition effects. In real
tropical forest ecosystems, the enormous trait diversity exists
as a mosaic of plants of different species, each competing
for resources and contributing to ecosystem-level dynamics.
A key goal of models such as FATES is to explore how this
heterogeneity in traits at the scale of individual cohorts of
plants interacts with atmospheric and soil processes to gov-
ern ecosystem fluxes and structure. Thus we want to move
away from the monocultural representation to ask how trait
diversity affects model predictions in the presence of compet-
itive interactions. To do this, we conduct experiments to add
greater amounts of trait diversity into each ensemble by in-
creasing the number of PFTs in each run. We first hold distur-
bance and light competition parameters constant; in Sect. 3.4
below, we vary these parameters to explore their role in gov-
erning competitive outcomes.

We calculate further ensembles, drawing plant traits from
the same distribution as before, but with either three or 10
PFTs per ensemble member. To separate competition during
the recruitment process from competition by larger-statured
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Figure 9. Comparison of FATES simulations as embedded within two land surface models: ELM-FATES and CLM-FATES. (a) GPP, (b) LAI,
and (c) aboveground biomass. Observational range shown as grey band in (a)–(c).

plants, we first “force” some degree of coexistence between
functional types by recruiting equally into the smallest-size
cohorts of all PFTs, as described above. Figure 10a–d show
a key set of model predictions for each of these simulations.
For all outputs (GPP, LAI, aboveground biomass, size distri-
butions), adding additional PFTs to each ensemble member
both narrows the ensemble distribution and induces a shift to-
wards values indicative of a higher-productivity forest com-
prised of larger trees.

This narrowing and shifting of the ensemble distributions
are separate but related outcomes of resolving trait diversity
and competitive interactions. In the single-PFT case, func-
tional diversity is only resolved across ensemble members,
which are each comprised of monoculture forests. As we add
PFTs, each ensemble member better samples the observed
functional diversity, so we expect that the differences be-
tween ensemble members should decrease as a result. But at
the same time, competitive dynamics mean that some traits
will be more competitive and therefore more strongly repre-
sented in each ensemble member. Thus the single-PFT en-
semble will most evenly sample throughout the possible trait
distribution, while ensembles comprised of greater numbers
of interacting PFTs will unevenly sample the parts of the dis-
tribution that are more competitive.

We can quantify these competitive effects on ensemble
spread by looking at how the standard deviation of the en-
semble shrinks as we add more PFTs (Fig. 10e). We can
formulate a null model: if competition did not matter for a
given trait, then we would expect that the narrowing of the
distribution upon adding further PFTs would follow a sta-
tistical sampling relationship for independent variables and
therefore decrease as proportional to n−1/2, where n is the
number of PFTs. This null model thus represents the “selec-
tion effect” of Tilman et al. (1997). In practice, what is ob-
served here is a rate of narrowing with additional PFTs that
is much smaller than this null model – i.e., the null model
narrows much faster than the realized model outcomes. This
shows that competition is an important component of the
higher PFT cases, both in maintaining variability within an
ensemble and in increasing the ensemble mean productivity
by weighting the overall ecosystem function towards the part
of the trait distribution that is more productive.

Different variables are more strongly affected by compet-
itive dynamics than others: of the three we show here, and
comparing the one-PFT and 10-PFT cases, the competitive
effects on LAI are smaller than those for GPP, which are in
turn smaller than for biomass, where an increasing PFT num-
ber has very little effect on the ensemble spread. An explana-
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Figure 10. Variation between ensemble members as a function of the number of competing PFTs in each ensemble member. (a–c) Histograms
of mean GPP (a), LAI (b), and aboveground biomass (c). Observational range shown as grey band in (a)–(c). (d) Size distributions of
ensembles. (e) Standard deviation across ensemble members as a function of the number of competing PFTs, as compared to a null model,
which considers the distribution changes purely to be a sampling problem, for expected reduction in variation between ensemble members
in the absence of competition effects.

tion for why the competitive effects have stronger effects on
some variables than others may be the relative control of a
given prediction by very competitive – and thus very large –
trees. Leaf area is provided by trees of both canopy strata and
so is represented most evenly across the spectrum of the com-
petitiveness. The relative contribution by a given PFT to GPP
at the ecosystem level is roughly proportional to the frac-
tion of the canopy that the given PFT crown occupies. Be-

cause crown area scales with diameter to the power of ∼ 1.3
(Fig. 3 and Martínez Cano et al., 2019), and the relative pro-
portion of trees in the canopy to the understory will further be
dominated by larger trees, GPP will be more dominated by
larger trees than their relative contribution to LAI. Biomass is
even further dominated by large trees: combining allometry
Eqs. (1) and (3) above implies that a given plant’s contribu-
tion will scale with its diameter to the power of roughly 2.1,
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which would imply that trees that are extremely large should
more seriously impact biomass than either GPP or LAI.

The convergence of the model with increasing numbers of
PFTs towards higher-productivity forests than are observed
demonstrates that, even with the strong assertion of neutral
filtering between generations that we use in these ensem-
bles, either the competitive filtering within each generation
is still too strong or other biases in the model which are com-
pensated for in single-PFT simulations become evident in
the more diverse simulations. This is most apparent in the
tree size distributions (Fig. 10d), where the 10-PFT ensem-
bles generate many more large-statured trees than either the
lower-PFT-number simulations or the sizes that are observed.
Possible causes for this bias include the following: (a) that
the marginal competitiveness associated with a given trait ad-
vantage in the model is too strong, as compared to more neu-
tral dynamics that may occur in real forests (Hubbell, 2011);
(b) that additional, unmeasured trade-offs associated with the
set of possible strategies – which might constrain the set of
possible trait combinations to remove superspecies or loser
species – are insufficiently represented (Clark et al., 2018);
(c) that processes which govern tree vital rates at the large
end of the size distribution are poorly represented, such as
senescence strategies that are observed in forest demography
(Johnson et al., 2018; Needham et al., 2020); or (d) that other
density-dependent effects such as herbivory or pathogen load
act to reduce the competitive success of any given species in
real forests (Connell, 1971; Janzen, 1970), though such ef-
fects should be weaker for functional types than species.

We further investigate the degree of competitive filtering
within and between generations by re-running the 10-PFT
ensemble, but in this instance, we allow species to go extinct
by re-coupling the rate of recruitment of a given PFT to the
seed production by that PFT. Comparisons of the resulting
predictions (Fig. 11a–d) show only subtle differences in the
ecosystem-level rates investigated here: biomass and GPP are
barely shifted, while the distribution of LAI is slightly ex-
panded towards higher values, and the number of small trees
is slightly decreased when we allow intergenerational com-
petition to play out. Thus the effects of trait filtering during
recruitment are much more muted in the model than the trait
filtering that happens after recruitment has occurred. This
can further be illustrated if we compare ranked abundance
curves for the two ensembles of trees greater than 1 cm vs.
trees greater than 10 cm (Fig. 11e–f): at 1 cm, the presence
or absence of recruitment filtering leads to a marked change
in the slope of ranked abundance curves, whereas at 10 cm
the slopes of the two cases are roughly similar. Even when
we force the model to allow neutral filtering during recruit-
ment, by the time trees grow to 10 cm, the resolved filtering
is strongly evident.

3.4 Regimes of coexistence and their sensitivity to
disturbance and light competition parameters

In order to represent shifts in plant trait distributions at a
given location under global change pressures, a model like
FATES must be capable of maintaining some degree of trait
heterogeneity in the first instance. The maintenance of func-
tional diversity in ecosystems is a complex topic (Chave,
2004; Chesson, 2000), and its analysis in the context of
Earth-system-type models such as FATES is in its infancy
(Fisher et al., 2018). Here we seek to first understand which
combinations of traits within FATES allow stable coexis-
tence of PFTs in the mean state and whether there is other
ecosystem-level parametric control on these regimes of co-
existence. In particular, we expect that a model that resolves
heterogeneity in the light environment can accommodate at
least two niches, for fast-growing early-successional plants
and shade-tolerant, slow-growing plants (Moorcroft et al.,
2001). We can represent such a trade-off as a line connect-
ing two points that represent two sets of PFT vital rates in a
growth–mortality space (Fig. 12); while we expect that only
the combinations that define a trade-off – i.e., a positive slope
– between growth and mortality can stably coexist, we do not
know what the range of possible stable lines might be. To in-
vestigate these questions, we conducted a series of six sets
of paired-PFT ensembles (last six rows of Table 2), each us-
ing the same 576 pairs of two-PFT, but with different values
of ecosystem-level parameters that govern light competition
and disturbance.

There are many different ways that a plant can grow
quickly or slowly (Fig. 8). This creates a problem in trying
to map sets of plant traits directly onto the potential for a
given pair of trait combinations to coexist with each other.
To overcome this, we first want to reduce the problem from
the high-dimensional set of plant traits that we use to define
a PFT to a lower-dimensional set of PFT vital rates that may
act to determine the coexistence dynamics. The simplest set
of rates to propose are growth and mortality rates of canopy
trees. For each set of traits that comprise a PFT, we eval-
uate the mean growth and mortality rates for a tree of that
PFT, conditional on the tree being approximately 20 cm in
size and located within the canopy strata of the forest. This
permits a mapping between the 12-dimensional trait space
and a two-dimensional growth vs. mortality space (Fig. 8).
Within this reduced space, we can evaluate the slope of lines
connecting pairs of competing PFTs, as in Fig. 12, to iden-
tify the range of slopes that permit coexistence between PFT
pairs. An example of this is shown in Fig. 13.

In Fig. 13a we show the lines connecting paired PFTs for
a subset of ensemble members in the reference (determin-
istic sorting, intermediate bare ground) case. We first iden-
tify the canopy growth and mortality rates (of 20 cm diam-
eter trees) and examine only combinations with a positive
slope in a growth–mortality space, i.e., ones where we can
classify an early- and late-successional PFT where the early-
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Figure 11. Predictions from 10-PFT ensembles with and without recruitment filtering. (a–c) Histograms of mean GPP (a), LAI (b), and
aboveground biomass (c). Observational range shown as grey band in (a)–(c). (d) Size distributions of ensembles. (e–f) Rank abundance
curves for PFTs. (e) PFT abundances for all trees greater than 1 cm diameter (DBH – diameter at breast height). (f) PFT abundances for
all trees greater than 10 cm diameter. For all cases in (e)–(f), solid line is the median ensemble member, and shaded range is the 5th–95th
percentiles across 576 ensembles.

successional PFT has both higher growth and higher mortal-
ity rates than the late-successional PFT. We color the lines
based on whether, after 300 years, there is a degree of co-
existence (which we define as having less than 95 % of the
biomass in either of the PFTs) and, if not, which PFT is
dominant. The slope of the lines shows evident control on
the competitive outcome, with high slope lines dominated by

early-successional PFTs, moderate slopes having some coex-
istence, and low slopes dominated by late-successional PFTs.

To begin to quantitatively compare the effects of the
ecosystem-level parameters on these competitive outcomes,
we can first plot the fraction of biomass in each ensem-
ble member existing in an early-successional PFT against
the log of the slope of the line connecting the two PFTs
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Figure 12. Growth–mortality trade-off and possible regimes of co-
existence in a model like FATES along a successional axis. In a
growth–mortality space, if a line connecting two PFTs comprising
the system is negative as in (a), one PFT should be competitively
dominant and exclude the other. If the slope of the line is positive
as in (b), coexistence may be possible; however the range of slopes
that may permit coexistence in tropical forests is not known a priori.

in this growth–mortality trade-off space (Fig. 13b). The
points follow a roughly sigmoidal shape, again showing that
low slopes (i.e., small difference in growth, large difference
in mortality) lead to a competitive exclusion by the late-
successional PFT, large slopes (large difference in growth,
small difference in mortality) lead to competitive exclusion
by the early-successional PFT, and intermediate slopes can
either lead to coexistence or exclusion by either of the PFTs.
Following this pattern, we then fit a logistic function to the
ensemble of growth–mortality trade-off slopes and coexis-
tence states.

We can then compare the effects of the different ecosys-
tem structural parameters by comparing the resulting fitted
logistic curves for each ensemble (Fig. 13c). The differences
between these curves indicate the tendency for a given set
of ecosystem parameters to favor PFTs with traits and the
resulting set of vital rates that make them either early or
late successional: curves with a midpoint that is shifted to
the left in Fig. 13c favor early-successional PFTs, and those
with a midpoint shifted to the right favor late-successional
PFTs. For height-sorting parameters, the more probabilistic
the height sorting, the more it favors late-successional PFTs.
This makes sense: at the margin, if growing tall more quickly
than its neighbors is less likely to make a tree end up in the
canopy, then that means that outliving its neighbors becomes
relatively more important. The converse is also true in that
the rapid growth of early-successional trees becomes more
important if even a tiny difference in growth pays off with a
position in the canopy.

For disturbance parameters, the story is slightly more com-
plicated: in the case of no gap-generating disturbance (the
pure-PPA disturbance case), early-successional strategies are
highly unlikely to pay off, as there is no environmental niche
for those PFTs to occupy. The converse is also true for the
high-disturbance pure-ED case, which is the most conducive
to early-successional PFTs as long as the disturbance gen-
erates bare ground (i.e, mu,d = 1) for new recruits to ex-

ploit. But if we reduce the intensity of disturbance by al-
lowing a fraction of trees in the understory to survive dis-
turbance events (by setting mu,d to 0.5), doing so effectively
counteracts the increased niche area for the fast-growing,
fast-dying trees by giving slow-growing understory trees a
chance to end up in newly created patches and dominate
them. Thus the disturbance cases that are bare-ground inter-
mediate (fd = 0.5,mu,d = 1) and pure ED with fractional un-
derstory mortality (fd = 1, mu,d = 0.5) are relatively similar
in their relative tendency to promote success between early-
and late-successional PFTs.

These ecosystem-level parametric differences in the bal-
ance between competitive outcomes are large: over an order
of magnitude in growth–mortality trade-off slopes separates
the midpoint of the logistic regressions between the various
cases in Fig. 13c. Because parameters such as fd and mu,d
are poorly constrained at present, they represent a signifi-
cant source of uncertainty in model predictions; constraining
these parameters with census data thus represents an oppor-
tunity for reducing this uncertainty. Furthermore, looking at
the sensitivity of the relative success of species with different
growth and mortality rates across gradients of disturbance
intensity or frequency may provide further benchmarks of
models of this type.

Canopy growth and mortality rates are only one possible
set of plant vital rates that may determine coexistence. If,
instead of using canopy growth and mortality rates as the de-
pendent variables to explain competitive outcomes produced
by FATES, we substitute canopy growth rates and understory
mortality rates, as may be expected given the importance
of shade tolerance in defining successional strategies, we do
not see a clear sigmoidal pattern as in Fig. 13. Thus, within
the FATES predictions explored here, canopy mortality rates
are more determinative of success than understory mortality
rates.

Overall distributions of ecosystem-level model predictions
(Fig. 14) are relatively similar to the earlier experiments,
though some differences can be seen. GPP distributions are
similar between the cases. LAI distributions are slightly
shifted towards higher values in the probabilistic-height-
sorting relative to the deterministic-height-sorting cases and
are lower in the pure-PPA disturbance case, likely because
of overall suppression of the understory in the absence of
disturbance. Biomass distributions are shifted towards lower
values in the probabilistic-height-sorting cases, as well as in
the pure-ED case withmu,d = 1, and towards higher values in
the pure-PPA disturbance case. The height sorting appears to
have little effect on size distributions, while the disturbance
parameters have a strong effect: the pure-PPA disturbance
case has a greater deficit of small trees, while the pure-ED
disturbance case has greater number of trees in the smaller
size classes (but still not as many as observed). These ef-
fects on size distributions make sense from the perspective
of small trees in each of these cases. In the pure-PPA dis-
turbance case, no new patches are created, so there are no
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Figure 13. Competitive outcomes between two PFTs as a function of PFT growth and mortality rates along an early–late-successional
continuum. Only ensemble members where a successional trade-off, i.e., one of the PFTs both grows and dies faster than the other PFT, are
shown. (a) The lines connecting paired PFTs in a growth–mortality trade-off space, for a random subset of ensemble members in the reference
case, are colored by the competitive outcome in each member to show the importance of the slope of the trade-off line in determining the
outcome. (b–c) The relative fraction of total ecosystem biomass in the faster, early-successional PFT is plotted against the log of the ratios of
the slope of the growth–mortality trade-off in each PFT pairing. Curves in (b)–(c) show a continuous logistic regression as applied to the PFT
biomass fractions in each experiment. Panel (b) shows the individual ensemble members as well as the logistic regression for the reference
case. Panel (c) shows only the logistic regression fit for each of the cases, demonstrating that the parameter uncertainty related to disturbance
and height sorting that differentiates each ensemble leads to divergent outcomes in the relative success between early- and late-successional
PFTs. See Fig. 1 for qualitative schematics of the different structural cases.

Figure 14. Ecosystem-level model results of paired PFT competition experiments. Ensemble distributions of (a) GPP, (b) LAI, (c) biomass,
and (d) size distributions for each of the paired-PFT cases.
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Figure 15. Forest structure and composition at year 600 of one ensemble member for each structural sensitivity experiment. Experiments
are as in Figs. 13–14 and ordered from most promoting of early-successional to late-successional PFTs: (a) deterministic sorting, pure-
ED, bare-ground (fd = 1, mu,d = 1) disturbance; (b) deterministic sorting, intermediate bare-ground disturbance; (c) deterministic sorting,
pure-ED medium-intensity (fd = 1, mu,d = 0.5) disturbance; (d) probabilistic sorting (cexcl = 3), intermediate bare-ground disturbance;
(e) probabilistic sorting (cexcl = 1), intermediate bare-ground disturbance; and (f) deterministic sorting, pure-PPA (fd = 0) disturbance. The
same ensemble member was used for each panel so that plant traits are identical across experiments. Each panel depicts individual cohorts,
arranged from tallest to shortest within a patch from right to left. The horizontal axis of each panel shows area: both cohort crown area
and patch area. Older patches are to the right, with thin vertical lines separating patches. Cohort widths in the figure are proportional to the
crown area of each cohort. Within the canopy, different PFTs are given different colors, with an early-successional PFT in light green and a
late-successional PFT in blue–green. Understory cohorts are shaded darker than canopy cohorts.

gaps in which small trees can grow. In the pure-ED distur-
bance case, when the mu,d – the parameter that controls the
fraction of small understory trees that both survive the death
of a canopy tree above them and find themselves in a newly
opened patch – is 0.5 (thus representing a medium intensity
to disturbance), it provides an additional pathway for plants
that are recruited into older patches to make it to the canopy.
In the higher-intensity bare-ground (mu,d = 1) and pure-PPA
disturbance cases, the only such pathway for plants recruited
into older patches is for them to persist in the understory and
grow through to the canopy, which fewer of them are able to
do.

The difference in forest structure that results from these
ecosystem-level parameters can be further seen in Fig. 15,
which shows, in a quantitative way, the ecosystem structure
as sketched out in Fig. 2 for a single ensemble member of

each of the cases in Fig. 13, which maintained some degree of
early–late PFT coexistence in each of the different cases. In
each panel in Fig. 14a–f, the FATES patches and cohorts are
drawn out and rank-ordered by height, with the tallest to the
right within each patch, with cohort width proportional to the
crown area occupied by each cohort, and with patches simi-
larly arrayed with oldest to the right and the patch width pro-
portional to the patch area. Thus the width of all canopy co-
horts in a closed-canopy patch equals the width of the patch
that they occupy. Cohorts are colored by PFT (color) and
canopy position (shading), with yellow–green representing
an early-successional PFT, blue–green representing a late-
successional PFT, and darker shading of each for the under-
story cohorts. Shown is the final year of a 600-year set of
simulations, started from bare-ground initial conditions. Dif-
ferences between the cases are evident in the resulting struc-
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ture of the forests. The fractional coverage of PFTs roughly
follows the pattern in Fig. 13. The relative heterogeneity
of patch area follows the fd parameter, with most hetero-
geneous patches when fd = 1 and no heterogeneity when
fd = 0. Reducing the disturbance intensity parameter mu,d
from 1 to 0.5 causes a small number of large trees, which
had been in the understory prior to disturbance, to remain
even in newly disturbed patches, thus making the character of
patches more similar across ages. Shifting the height sorting
to a more probabilistic treatment shifts the relative size dis-
tributions of canopy and understory trees within any patch.
Animations of annual snapshots of one of these ensemble
members are in supplementary Video SV1 (Koven, 2019b),
which shows the emergence of heterogeneity in structure and
composition over time. Figures 13–15 demonstrate the wide
range of outcomes, both in terms of PFT composition and in
the size and age structure of the forest, that result from these
ecosystem-level height-sorting and disturbance parameters.

4 Conclusions

Land surface and ecosystem carbon models are highly depen-
dent on parameters that are both imperfectly known and that
may have highly diverse values within any given ecosystem.
We attempt to separate some of these different controls on
model dynamics by distinguishing plant trait variation from
other ecosystem parameters, to explore how representing di-
versity in plant traits affects predictions made by a VDM, and
to determine how ecosystem-level parameters govern com-
petitive outcomes and other predictions by the model.

In a single-PFT configuration, where competitive pres-
sures on trait values are not present, the model exhibits both
some agreement and some biases as compared to a set of ob-
servations that span from physiological processes to ecosys-
tem structure. The degree of agreement with observations
is not sensitive to the choice of two related land models in
which we run FATES, which both behave similarly.

As we add the effects of competitive pressures on param-
eter uncertainty, by increasing the number of PFTs compet-
ing within any given simulation, these shift the distributions
of model predictions in a systematic way. Productivity and
biomass increase as we add further PFTs to a simulation, in
ways that push the model, which agrees roughly with ob-
servations of biomass and productivity in a single-PFT con-
figuration, further from the observations as we add more di-
versity, even though such increased diversity in the model
should better represent processes that exist in species-rich
tropical forests. This emphasizes the need to better repre-
sent trade-offs that equalize competitive performance among
species, so as to limit the competitive ability of any given
functional type to outcompete other types. These effects of
competition are only partially dependent on filtering that
may occur from one generation to the next, as they are also
strongly present even when we prevent advantages in popu-

lation numbers to be passed on from one generation to the
next.

We further explore the effects of non-trait parameter vari-
ability on competitive outcomes in a set of paired-PFT ex-
periments to show how the competitively successful strategy
between early- and late-successional traits shifts as a result
of ecosystem-level parameters. In particular, the parameters
that govern both disturbance and competitiveness for light
have strong effects on the balance between early- and late-
successional PFTs: increases to either the extent or sever-
ity of disturbance, or to the efficiency of height-based light
competition, all act to shift the community towards early-
successional PFTs. These differences in the PFT composi-
tion of the modeled forests feed back onto ecosystem-level
predictions of states and fluxes by the model.

In order to understand how global change pressures will
affect ecosystems, and in turn how ecosystem response will
further feed back on global change, we must consider the
role of shifts in community structure. VDMs are a promising
tool to resolve these processes; however VDMs bring a high
degree of complexity that adds greater uncertainty to model
predictions than more simple model frameworks that may be
more easily tuned to match observations. The results shown
here underscore the need to better understand the roles that
uncertainty in model parameters plays – both the direct role
as well as the indirect roles that govern how parameter uncer-
tainty changes competitive pressures on trait distributions at
the ecosystem level. It is thus crucial to understand and inte-
grate these types of uncertainty into projections of the Earth
system.

Code availability. The FATES model is available at
https://github.com/NGEET/fates (last access: 15 May 2020;
https://doi.org/10.5281/zenodo.3825474, FATES Development
Team, 2020). Experiments here are based on git commit
0bc7a5d on the fork: https://github.com/ckoven/fates (last ac-
cess: 4 June 2020; https://doi.org/10.5281/zenodo.3875687,
FATES Development Team, 2019). FATES is run here within
two host land surface models, CLM5 and ELMv1, available
at https://github.com/ESCOMP/ctsm (git commit b9c92b7, last
access: 15 May 2020; https://doi.org/10.5281/zenodo.3739617,
CTSM Development Team, 2020) and https://github.com/
E3SM-Project/E3SM (git commit 544db3b, last access:
15 May 2020; https://doi.org/10.11578/E3SM/dc.20180418.36,
E3SM Project, 2018), respectively. Scripts to initialize parame-
ter files and analyze model output shown here are available at
https://github.com/NGEET/testbeds (last access: 15 May 2020;
https://doi.org/10.5281/zenodo.3785705, Koven, 2020a), and
scripts to run the all model experiments here are available at
https://github.com/ckoven/runscripts (last access: 15 May 2020;
https://doi.org/10.5281/zenodo.3785703, Koven, 2020b).
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Data availability. FATES output files from all simulations de-
scribed here are archived at https://doi.org/10.15486/ngt/1569647
(Koven, 2019a).

Video supplement. SV1 is an animated version of Fig. 15d, show-
ing 600 years of forest development from bare ground for one en-
semble member.

The video is available at: https://doi.org/10.5446/43627 (Koven,
2019b).
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