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Summary

e Grass-dominated ecosystems cover wide areas of the land surface yet have received far less
attention from the Earth System Model (ESM) community. This limits model projections of
ecosystem dynamics in response to global change and coupled vegetation—climate dynamics.
e We used the Functionally Assembled Terrestrial Ecosystem Simulator (FATES), a dynamic
vegetation demography model, to determine ecosystem sensitivity to alternate, observed
grass allometries and biophysical traits, and evaluated model performance in capturing Cali-
fornia C3 annual grasslands structure and fire regimes.

e Grass allometry, leaf physiology, plant phenology, and plant mortality all drove the seasonal
variation in matter and energy exchange and fire dynamics in California annual grasslands.
Allometry influenced grassland structure and function mainly through canopy
architecture-mediated space and light competition instead of through carbon partitioning
strategy. Regional variation in grassland annual burned area was driven by variation in ecosys-
tem productivity.

e Our study advances the modeling of grassy ecosystems in ESMs by establishing the impor-
tance of grass allometry and plant phenology and mortality in driving C3 annual grassland sea-
sonal dynamics and fire regime. The calibrated annual grass allometry and biophysical traits
presented can be applied in future studies to project climate-vegetation-fire feedbacks in

annual grass-dominant ecosystems under global change.

Introduction

Grasslands cover > 30% of the Earth surface; therefore, accu-
rately representing grassland ecosystems in Earth System Models
(ESMs) is important for understanding vegetation—climate—fire
feedbacks (Blair et al, 2014). Grasslands also store about
one-third of global terrestrial carbon stocks, mostly in the form
of soil organic matter, which may be more stable under changing
climate and shifting disturbance regimes than living biomass (Bai
& Cotrufo, 2022; Wilcox et al., 2023). Grasslands are one of the
predominant vegetation types in arid and semiarid regions where
tree cover is limited by climate and recurrent disturbances
(Anderson, 20006). Persistence of grasses in ecosystems such as
grasslands and savannas depends on just-enough precipitation
and periodic disturbances to prevent woody plant encroachment
and maintain a dynamic equilibrium (Scholes & Archer, 1997;
Maraiién ez al, 2009). However, anticipated changes in the
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frequency and intensity of precipitation extremes and fire distur-
bances will likely alter species composition and thus ecosystem
structure and carbon dynamics in grasslands (Staver ez al., 2011;
Yu et al., 2017; D’Onofrio et al., 2019). Yet, representing change
in these grassy ecosystems in ESMs remains a modeling challenge
due to the complexity introduced by climate—vegetation—fire
feedbacks and limited investment in simulating herbaceous com-
munities (Beckage er al, 2009, Dantas et al., 2016, Holdo &
Nippert, 2023).

In the last decade, dynamic vegetation demography models
(VDMs) that capture size-dependent growth, mortality, and
competition for water, nutrients and light have been a focus of
development by the ESM community to better predict the role
of vegetation dynamics on global carbon cycles (Fisher
et al., 2018). They are also useful tools for understanding the
local and regional drivers of community structure and ecosystem
function. However, most vegetation demographic models (e.g.

© 2025 The Author(s).
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LPJ-GUESS, ED2, and FATES but see aDGVM) were originally
developed for closed-canopy forests with most model applica-
tions hitherto focused on tree-dominated systems, resulting in
less developed model processes and poorly calibrated model para-
meters for grass plant functional types (PFTs) and open ecosys-
tems (Sitch ez al, 2003; Medvigy et al, 2009; Moncrieff
et al., 2014; Koven et al., 2020). One of the fundamental differ-
ences between trees and grasses is the size-dependent carbon allo-
cation to different plant structures (Niklas, 2004), which is
important for understanding plant—environment interactions and
species competition (Shipley & Meziane, 2002; Metcalf
et al., 2006; McCarthy & Enquist, 2007). For instance, greater
allocation to stem biomass enables greater access to light, while
greater allocation to deep root biomass enables access to ground-
water to help plants avoid drought and effectively compete for
water compared to shallowly rooted plants (Holmes &
Rice, 1996). Due to the lack of empirical data on individual grass
biomass allocation and plant architecture, parameterization of
grass allometry (hereafter referring to the size dependence of bio-
mass, allocation, and canopy architecture) in these VDMs is less
constrained or does not distinguish between different grass func-
tional types (e.g. C3 vs C4 and annual vs perennial grass) despite
known species differences in growth and development (Sitch
et al., 2003; Medvigy et al., 2009; Nafus et al., 2009).

However, differences in biomass allocation can potentially
influence ecosystem structure, function, and fire regime through
partitioning of net primary productivity to aboveground biomass,
and thus fuel load, or between photosynthetic and supporting
structures to influence carbon assimilation and transport (Li
et al., 2018). Variations in plant canopy architecture can also
influence community structure: A larger crown area may result in
reduced stem density per unit ground area due to stronger com-
petition for space and light (Pretzsch er al., 2012). Interactions
between biomass partitioning and canopy architecture and the
resulting impacts on community structure and ecosystem func-
tioning are not clear. In addition, some grasses are annual plants
that differ from perennials in terms of leaf phenology and plant
life span, which both influence the seasonal variation in matter
and energy exchange and fire regime (Davies & Nafus, 2013).
Yet, most VDMs assume grass PFTs to be perennials (Bart
et al., 2017). Misrepresenting grass life history, allometry and
phenology in vegetation demographic models can generate unrea-
listic biomass patterns in grasslands, which in turn may affect
how the model simulates community structure, fire behavior, and
vegetation—fire feedbacks (Wilcox ez al., 2023).

Grasses in Mediterranean regions are mainly annual species
that are adapted to seasonal droughts by completing reproduc-
tion before the onset of the dry season and persisting as dormant
seeds until the first rainfall in early winter (Fernindez Ales
et al., 1993; Volis et al., 2002; Sherrard & Mabherali, 2006). Sea-
sonal dynamics in matter and energy exchange, which are driven
by the phenology and life history of the dominant species, thus
coincide with the seasonal variation in soil water content in these
annual grasslands (Xu & Baldocchi, 2004; Liu er 4/, 2011).
Grasses are also the main components of surface fuels in open
ecosystems, influencing the regional fire regime (Vila ez al., 2001;
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Rahlao ez al., 2009; Balch et al., 2013). Change in grass phenolo-
gical phase therefore directly influences wildfire dynamics: As the
curing level of grass fuels increases, fire risk increases due to
decreased fuel moisture (Wittich, 2011; Cruz et al., 2015). Cap-
turing annual grass phenology, life span and fuel conditions, and
their responses to climate variability is important for reconstruct-
ing the historical fire regime and projecting community dynamics
into the future for these fire-prone ecosystems.

Using modeling experiments with generalized and species-
specific grass allometries and varying plant traits, we addressed
the following research questions: (1) how does variation in bio-
mass partitioning between leaf and stem, and in canopy architec-
ture, influence simulated ecosystem structure and function in
California annual grasslands? (2) What plant traits and ecological
processes are important in controlling the mean state in ecosys-
tem properties and fire behavior, and how does trait importance
to ecosystem properties change seasonally? We also use
site-optimized parameters to run the model across California
annual grasslands, validating model performance and determin-
ing the main drivers for grassland annual burned area. We
hypothesize that: (1) a higher carbon partitioning to leaf than to
stem will result in a more productive ecosystem despite the varia-
tions in canopy architecture; (2) traits controlling leaf physiology,
plant phenology, and sensitivity to soil moisture are important in
controlling ecosystem energy and matter exchange and their sea-
sonal variations; (3) fire behavior is determined by both fuel traits
and key ecological processes such as mortality and litter decom-
position; and (4) variation in ecosystem productivity drives
annual burned area at the regional scale.

Materials and Methods

Vegetation model

To address our questions, we used a VDM: the Functionally
Assembled Terrestrial Ecosystem Simulator (FATES) coupled to
the Community Land Model (CLM), running simulations at a
single site and across the entire California annual grassland region
(Fig. 1). FATES is a cohort-based, vegetation demography model
that incorporates plant competition for resources, multiple dis-
turbance types, and simulates the climate—vegetation—fire feed-
back when coupled to land and atmospheric models (Koven
er al., 2020). FATES tracks ecosystem dynamics by resolving
PFT competition for light, space, and water (Fisher ez al., 2015,
2018). Plant architecture and carbon allocation to different plant
organs follow PFT-specific allometric relationships defined by a
set of model parameters. Plant mortality is driven by disturbances
such as drought and fire and self-thinning processes. Spatial het-
erogeneity in community structure is represented by cohorts vary-
ing in diameter and height, which occur on patches varying in
time-since-last-disturbance. FATES represents plant phenology
in three ways: evergreen, drought-, or cold-deciduous leaf habit.
Environmental factors such as daily mean temperature and soil
water content aggregated across the root profile are used, along
with user-defined plant response thresholds, to determine the
timing of leaf-on and leaf-off. We used the drought-deciduous
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Fig.1 Model experimental design, study site and region. Site-level parameter perturbation experiments were conducted at Vaira Ranch, California, USA.
Evaluation of model performance was conducted across the California annual grassland region, indicated by the orange grid cells in the map.

phenology to simulate Mediterranean annual grasses that respond
to seasonal change in soil water content, and relied on
drought-driven mortality to regulate the population size, and
therefore leaf area and live biomass of grasses at different times of
the year.

FATES uses an approach based on the SPITFIRE model
(Thonicke ez al., 2010) to track fuel dynamics, fire risk, fire beha-
vior, and the resulting fire damage and plant mortality (Shuman
et al., 2024). Fuel load and fuel moisture content are the two key
fuel traits influencing fire behavior and fire effects. Fuel is calcu-
lated as the sum of live grass biomass, leaf litter, and aboveground
coarse woody debris excluding 1000-h fuels (dead woody fuels
with diameter > 7.6 cm). Fuel moisture content is either a func-
tion of fire weather and drying rate for dead fuels; or is deter-
mined by soil water content of the top 30 cm of soil for live grass
fuels. Patch-level fuel moisture content is then calculated as the
fuel-load-weighted average fuel moisture content of dead and live
grass fuels. Fuel characteristics such as surface area to volume
ratio and fuel bulk density play important roles in determining
rate of spread, which in turn influences fire intensity and burned
area. As most perennial grasses resprout after fire (Simpson
et al., 2022), currently in FATES, there is no fire-induced mortal-
ity for grass PFTs. However, burning of aboveground biomass by
fire can deplete the carbon storage pool required to regrow the
burnt tissues, and thus, fire impacts can be indirectly reflected as
part of carbon starvation mortality.

FATES needs to be coupled to a host land model to simulate
the soil hydrology and canopy energy balance. Currently, FATES
is readily coupled to the CLM5 (Lawrence ez al, 2019; Buotte
et al., 2021) and the E3SM land model (Golaz et ., 2019; Ma
et al., 2021). In this study, we used CLM5 as the host land
model, and we refer to the model hereafter as CLM-FATES.

Study region and available observations

We conducted site-level simulations at Vaira Ranch
(38.4133°N, 120.9508° W), a C; annual grassland with < 10%
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tree cover located in the lower foothills of the Sierra Nevada
Mountains, California, USA. Mean annual precipitation at the
site is 560 mm, mostly occurring between October and May
(Baldocchi e al., 2004). The plant community is dominated by
Cs annual grasses including Brachypodium distachyon L., Bromus
madpitensis L., and Avena spp. (Xu & Baldocchi, 2004). The soil
is classified as a rocky silt loam with 13% clay and 30% sand
(Baldocchi et al., 2004). To drive and benchmark site-level simu-
lations, we used the flux tower measurements from 2000 through
2014 (Ma et al.,, 2022). Ecosystem measurements are available
for evaluating simulated gross primary productivity (GPP), leaf
area index (LAI), live aboveground biomass (AGB), and energy
fluxes (Ma et al., 2022).

We ran regional simulations across grid cells with noncrop
herbaceous cover > 80% as determined by the National Land
Cover Database (Homer et al, 2004). To assess the CLM—
FATES representation of vegetation structure and carbon cycle,
we compared model output with remote sensing estimates of
GPP (Xiao et al., 2014) and LAI (Lin et al, 2023). Both GPP
and LAI data were resampled to the model domain and spatial
resolution, which is 9km. Burned area data during the
2000-2020 period collected by The California Department of
Forestry and Fire Protection’s Fire and Resource Assessment
Program (FRAP) were used to assess simulated burned fraction
(Fire and Resource Assessment Program. Fire Perimeters
2020). We first calculated the fraction of each model grid inter-
sected by the burned area polygon each year during
2000-2020. We then masked the regional burned fraction
using the derived grassland mask to retain burned fraction each
year only for grassland regions.

Parameter perturbation experiments and model validation

We carried out two parameter perturbation experiments at the
site level for leaf traits and phenology, drought tolerance,
drought-induced mortality, and fuel characteristics (Table 1),
considering three alternate allometry assumptions.

© 2025 The Author(s).
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Table 1 Model parameters examined in this study and the minimum and maximum values used for parameter perturbation experiments.

Parameter
Category short Parameter description Min Max Source
Physiology Leafpia Leaf diameter (m) 0.01 0.04 Prior simulations
Leafrumovr Leaf turnover (yr ") 0.02 0.32 TRY
SLAwp Specific leaf area (m? g~' C) 0.015 0.072 TRY
Ve Maximum carboxylation rate (umol CO,; m=2s~") 356 916 Maire et al. (2012); Griffith et al.
(2020)
BBincpt Stomatal intercept (pmol H,O m~2s™") 10000 2030000 Miner et al. (2017)
BBsjope Stomatal slope (unitless) 5.25 17 Miner et al. (2017)
LNC Leaf N : C ratio (leaf g N leaf g~ C) 0.01 0.06 TRY
Reproduction  Recruitpgy Reproduction basal diameter threshold (cm) 15 4 Gao et al. (2024)
Recruitajioc Seed allocation (mature, fraction) 0.1 1 Prior simulations
Recruitpgt Recruitment min. height (m) 0.1 0.5 Prior simulations
Cstorage Storage allocation (fraction) 1 15 Prior simulations
Phenology SWCphen Soil water content drought threshold deciduous phenology 0.1 0.23 Baldocchi et al. (2004)
(m*m=3)
smpsc Soil matric potential at full stomatal closure (MPa) -20 -06 Prior simulations
smpso Soil matric potential at full stomatal opening (MPa) -06 —0.33 Prior simulations
Root, Rooting depth parameter a (unitless) 5 13 Schenk and Jackson (2002)
Rooty, Rooting depth parameter b (unitless) 3 10 Schenk and Jackson (2002)
Mortality SMhydro Soil moisture (drought mortality begin, unitless) 0.25 0.9 Prior simulations
Morthyd-scala Hydraulic mortality scalar (yr”) 3 20 Prior simulations
Mortest-scala Carbon starvation mortality scalar (yr~") 1 6 Prior simulations
Respirgrow Growth respiration (unitless) 0.1 0.5 Prior simulations
Fire FBDgead Fuel bulk density (dead, kg m~—3) 4 22 Prior et al. (2017); Snell (1979)
FBDjive Fuel bulk density (live, kg m~3) 1 4 Snell (1979)
Ignition Ignition density (strikes km? yr™") 0.01 1 Keeley & Syphard (2019)
DryingRatio Fuel drying ratio (unitless) 66 66 000 Prior simulations
FuelEnergy Fuel energy (ki kg™") 6450 14300 Simpson et al. (2022)
MaxDecomp ~ Maximum litter fragmentation rate (g g ' yr ") 0.8 1.6 Zhang et al. (2008)

To parameterize allometry in FATES, which is defined by 22
interrelated model parameters that govern the relationship
between plant diameter and height, crown area, and tissue-
specific biomass pools, we used observed species-specific allo-
metric relationships for two Cj annual grasses that are dominant
species at the site, Brachypodium distachyon (BRDI) and Avena
barbata Pott ex Link (AVBA), and a general C; annual grass
(GENL) allometry using data pooled from four common Califor-
nia C; annual grasses (Gao er al, 2024). We chose the two
species-specific allometries to represent strong differences in
canopy architectures (e.g. AVBA represents a tall grass with a
wide crown area, while BRDI represents a short grass with a nar-
row crown area) and carbon partitioning between leaf and stem
for the dominant species at the study site (Supporting Informa-
tion Fig. S1). In FATES, for all PFTs, plant size is tracked using
a diameter variable, which serves as the independent variable for
all allometric relationships. For trees, this diameter corresponds
to the stem diameter at breast height (DBH); for grasses, we use
basal diameter of the grass as the index variable. Grass PFTs do
not produce woody biomass or fuels; all aboveground grass bio-
mass eventually goes into a grass litter pool after mortality. The
details of how we defined each allometric relationship are pro-
vided in Notes S1; Table 2.

For all other parameters, the minimum and maximum values
of each model parameter, obtained either from the literature or
prior model simulations, were used to define the parameter space

© 2025 The Author(s).
New Phytologist © 2025 New Phytologist Foundation.

for Latin hypercube sampling (McKay, 1992). To account for
potential parameter correlations in Latin hypercube sampling, we
built a Spearman rank correlation matrix based on the available
C; grass trait data from the TRY database (Kattge et 2/, 2020),
and only accounted for correlations that were statistically signifi-
cant at the 95% confidence level (P < 0.05) to avoid introducing
spurious correlations. We sampled values for 20 parameters
related to nonallometry traits (Table 1) from uniform distribu-
tions and significant rank correlations, generating 1500 ensemble
members. To determine the effects of grass allometry on ecosys-
tem structure and function, we repeated the 1500-member
ensemble three times, once for each of three grass allometries.
This experimental design resulted in three 1500-member ensem-
bles with allometry differing between the three ensembles to
answer the first question; and nonallometry traits varying
between the 1500 members within each ensemble to answer the
second question. To facilitate comparison to observations, this
first parameter perturbation experiment was conducted under a
no-fire scenario because there was no fire recorded at Vaira Ranch
during the observation period.

Ensemble member simulations were then compared with
observations and selected if simulated GPP, LAI, AGB, latent,
and sensible heat flux simultaneously captured the observed sea-
sonal variation, with model monthly means during the growing
season within 15-85% quantiles of the observations in the same
month. The 15-85% quantiles were chosen to avoid overfitting

New Phytologist (2025) 245: 2480-2495
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Table 2 Model allometry parameters and the corresponding values for Avena barbata, Brachypodium distachyon, and generalized allometry used in this
study, using data from Gao et al. (2024). The letters a, b, and c indicate corresponding model parameters for each applied allometry model.

Parameter AVBA BRDI GENL Allometric equation
AGB allometry coefficient 0.00368612 0.02353439 0.00206078 AGB = c¢ X height?® x BD
AGB allometry exponent for height 1.463894 2.20989 1.209238
AGB allometry exponent for DBH 0.9188281 1.0510878  1.614535
Leaf allometry coefficient 0.00041331 0.00044499 0.000434 Leaf =a x min (BD, BDmax_hgt)b
Leaf allometry exponent for DBH 2.090633 1.597315 1.915118
Height allometry coefficient 0.08811922 0.12812118 0.1476171  Height=a x min (BD,
Height allometry exponent for DBH 1.465103 0.510092 0.6995105 BDmax_hgt)b
BD at maximum plant height (cm) 7 9 9
Leaf to fine root biomass ratio 1 1 1 Froot=a x Leaf
Coefficient for crown area allometry 0.03220912 0.01651188 0.02913376 Crown area =a x BD®
Difference between crown area and leaf biomass allometry exponents for —0.720075 —0.182835 —0.671656

DBH
Intercept for the leaf area — stem area relationship 1000 1000 1000
Baseline seed reproduction allocation before reach the threshold 0 0 0

reproductive size
Initial recruitment density for bare ground start 100 100 100

AGB, aboveground biomass; BD, basal diameter for grasses; BDmax ngt, basal diameter at which the plant reaches its maximum height; DBH, diameter at

breast height; Froot, fine root biomass.

the model at the site level. This is necessary because when apply-
ing site-derived parameters to regional simulations, spatial het-
erogeneity in climate and soil properties will likely result in a
wide range of ecosystem structure and functioning, which a
strictly constrained parameterization based on the mean state of
one single site may fail to capture. A total of eight ensemble
members, which spanned our three allometry assumptions, met
our criteria and formed the basis for the second site-scale para-
meter perturbation experiment.

Our goal with the second parameter perturbation experiment
was to understand how fire-relevant parameters influence simu-
lated fire behavior, and to tune those parameters to where the
simulated fire area falls within the range of observed burned area
across California annual grasslands. Six fire-relevant parameters
were varied to determine simulated fire area sensitivity (Table 1).
Those parameters were chosen based on previous work focusing
on woody fuels (Buotte er al, 2021). Using each of the eight
PFT parameter sets selected from the fire-off experiment and
holding parameters besides the six fire parameters constant within
the ensemble, we turned on the fire dynamics and ran CLM—
FATES with 500 new ensemble members. We again filtered the
ensemble members, retaining those that represented ecosystem
characteristics. We also calculated the 15 and 85% quantiles for
annual burned fraction across all grassland grid cells in California
for Years 20002020 and retained parameter sets for which more
than half of the simulated years were within this range. The
observations are positively skewed, with many years having zero
burned area due to both the discrete nature of wildfires and active
fire suppression. We thus used these filtering criteria to capture
the central tendency and the interannual variability of the obser-
vations without requiring simulated burned area to reach zero in
low fire years given that CLM-FATES treats burned area as a
continuous rather than discrete phenomenon and does not yet
include a fire suppression process.

New /’/{}'/(l//(@}l (2025) 245: 2480-2495
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All parameter perturbation simulations used 2000-2014
meteorological data from the flux tower at Vaira Ranch to drive
the model for 80 model years to reach an equilibrium biomass
state by recycling the forcing data, with CO, concentration fixed
at 400 ppm, starting from a bare ground state. Current default
trait values for grass PFTs in FATES are either inherited from
other vegetation demography models (e.g. ED2) or based on
observations from woody plants, and have not yet been thor-
oughly validated for Mediterranean ecosystems. Therefore, we
also used the same meteorological drivers, but default C; grass
parameters, to demonstrate the default California grassland pre-
diction.

To understand the sensitivity of ecosystem structure and func-
tion to allometry and nonallometry traits, we fit linear regression
models for the time-means of simulated GPP, LAI, AGB, total
latent heat flux, and burned area as functions of the allometry
group that defines each ensemble (as a discrete variable) or one of
the continuously varying traits that defines each member within
an ensemble, and calculated the percentage of variation that was
explained by allometry group or each trait for each model vari-
able. The importance of plant traits was then ranked by the per-
cent variance explained for each simulated variable. To determine
how plant trait effects change seasonally, we grouped model
results into growing (January to April), senescence (May to
August), and emergence (September to December) seasons, cal-
culated model means for each season and conducted sensitivity
analyses for each following the same procedure as discussed ear-
lier.

Regional simulation and model evaluation

Finally, we ran CLM—-FATES with three final selected parameter
sets across California annual grasslands and compared model
simulations of regional GPP, LAI, and burned fraction to

© 2025 The Author(s).
New Phytologist © 2025 New Phytologist Foundation.
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Fig.2 Allometry effects on model simulated carbon, water, and energy flux at the site. Model simulated (a) gross primary productivity, (b) leaf area index,
(c) aboveground biomass, (d) latent heat flux, and (e) sensible heat flux varied between the three allometry groups (significant differences at P < 0.05
between groups using ANOVA test are indicated by different letters). Allometry groups are color-coded: AVBA refers to the Avena barbata allometry, BRDI
refers to the Brachypodium distachyon allometry, and GENL refers to the generalized C3 annual grass allometry. Variation within each allometry group is
due to the difference in 20 additional nonallometry biophysical traits that were varied among ensemble members. From the bottom to the top of each box,
the horizontal line refers to the first quantile, median value, and the third quantile of model simulated mean; lower whiskers refer to the minimum value
and upper whiskers refer to the maximum value of model simulated mean respectively; points are outliers.

observations. To drive the CLM-FATES simulations, we used
1981-2020 ERA5 reanalysis data, dynamically downscaled to
9 km for California (Rahimi ez 4/, 2022). We followed the same
protocol to run the regional simulations as for running the site
simulations. Model output for the last 20 yr of the simulations
(2000-2020) were used for model performance evaluation by
comparing simulated annual mean to the corresponding annual
mean of each observed variable and calculating the root-mean-
squared error (RMSE). We then determined the major drivers of
annual burned area by doing sensitivity analysis as described
above.

Results

Grass allometry influences ecosystem structure and
functioning

Our results showed that simulated carbon, water, and energy
fluxes were strongly affected by the choice of allometry in the
model. The BRDI ensemble had the highest model mean GPP
(1.13+£1.07g Cm >d™"), AGB (0.06 + 0.06 kg C m™?), and
latent heat flux (25.06 +5.76 W m™2), but the lowest average
sensible heat flux (56.67 & 6.25 W m ™ 2), which is in contrast to
the AVBA ensemble (GPP: 0.98 £1.14g C m °d~', AGB:
0.04 +0.04 06kg C m 2, latent heat flux: 24.7 + 6.9 W m ™2,
Fig. 2). The GENL ensemble had results that were intermediate
between the BRDI and AVBA ensembles except that the GENL
ensemble had the highest mean LAI (0.48 £0.6 m?m™?)
while the AVBA ensemble had the lowest mean LAI
(0.42 + 0.56 m* m™?). The effects of grass allometry on model
predictions were strongest for AGB and sensible heat flux, where
we found statistically significant differences across the three
ensembles (P < 0.001).

© 2025 The Author(s).
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Effects of biophysical traits on matter and energy exchange
and their seasonal dynamics

Carbon, their
dynamics were mainly influenced by plant leaf traits and
phenology in CLM-FATES. Across all simulations, specific
leaf area (SLA) alone explained 24.5% and 38.4% of the
total variation in GPP (1.06+2.26g C m2d™Y) and LAI
(0.45+0.85m* m ™), respectively  (Fig. 3). For AGB
(0.047 £0.07kg C m2) and total latent heat flux
(24.86 £22.39 W m™2), the soil water content threshold
triggering leaf-on and leaf-off (SWCpy.,) was the most

water, and energy fluxes and seasonal

important trait, explaining 8.7% and 35.1% of total varia-
tion in the two model outputs, respectively. Among these
four model variables, AGB was the least sensitive to trait
perturbations. In addition to SLA and SWCpj,, the maxi-
mum leaf carboxylation rate (V ), plant height of new
recruits, and growth respiration cost were among the top
three important traits influencing simulated matter and
energy exchange at the site (Fig. 3). In general, SLA was
positively correlated with the four model variables, while
SWCppen was negatively correlated (Fig. S2).

The relative importance of traits determining simulated
GPP, LAI, and AGB differed according to the phenological
phase of the grass PFT. SLA was the key plant trait influen-
cing GPP and LAI throughout the growth stage (January to
April) and later during the emergence stage (September to
December), when plants were actively growing or slowly
greening up (Fig. 4). By contrast, SWCpp., was the top
trait during the senescence stage (May to August) when
plants were browning-down during the dry season (Fig. 4).
A similar pattern was observed for simulated AGB, except
that mortality rate due to hydraulic failure was the
New Phytologist (2025) 245: 2480-2495
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Fig. 3 Model sensitivity to examined parameters. Important model parameters for simulated gross primary productivity (a), leaf area index (b),
aboveground biomass (c), and total latent heat flux (d). Parameters are ranked in descending order by percent variance explained by each parameter for
the corresponding model variable. BBj,,, Ball-Berry stomatal conductance intercept; LNC, leaf N : C ratio; Mortyyg_scala, drought-induced mortality rate;
Recruit,yo, allocation to reproduction once plants reached the threshold reproductive size; Recruitygt, height of new recruitment; Respirgow, growth
respiration rate; Rooty, parameter b for rooting depth profile; SLA,, specific leaf area at top of the canopy; smpsc, threshold soil matric potential for
stomatal closure; SWCppen, threshold soil water content triggering drought-deciduous phenology; V..., maximum carboxylation rate at 25°C.

dominant trait affecting AGB during the emergence stage,
suggesting a lagged response of AGB to drought-induced
mortality in established plants. SWCpy., remained as the
most important trait influencing total latent heat flux
throughout the three phenological phases.

We compared model simulations with site-level observed
GPP, LAI, AGB, and energy fluxes, and retained eight para-
meter sets that enabled CLM-FATES to capture seasonal
variation in matter and energy exchanges at the site
(Fig. 5). CLM-FATES using the default, perennial C; grass
parameterization  resulted in  large  model-observation
discrepancy in monthly mean GPP (Fig. S3). Selected para-
meter sets were from all three allometry groups with two
AVBA, three BRDI, and three GENL ensemble members,
respectively. Simulated mean GPP and sensible heat flux
varied less across the eight ensemble members than did LAI,
AGB, and latent heat flux in the dry season (Fig. 5). In
addition, divergence between model simulations and observa-
tions was largest for LAl and AGB; selected ensemble mem-
bers tended to overestimate the former and underestimated
the latter.

New Phytologist (2025) 245: 2480-2495
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Fuel traits and ignition probability determine simulated
burned fraction

Simulated burned fraction (0.0003 +0.0007 yr~' across all
simulations) at the site was mainly determined by bulk density of
dead leaf fuels with a negative correlation between the two in the
model (Figs 6a, S4). Ignition density and fuel energy were among
the top three model parameters determining grass fire burn frac-
tion in CLM-FATES, with both positively influencing fire area.
In the model formulation, fuel abundance is a major driver of
burned fraction; therefore, we further examined the effects
of both model parameters and variables on simulated fuel
amount. The most influential factor was the selected PFT para-
meter set that varies in 20 biophysical traits, which explained
> 60% of the total variance in simulated fuel amount (Fig. 6b).
As expected, maximum litter fragmentation rate was also an
important model parameter determining fuel availability at the
time of fire. Model variables that had direct effects on litter
influx, namely all of the mortality- and productivity-relevant vari-
ables such as GPP, LAI, and AGB, were also among the top

model variables to determine simulated fuel amount.

© 2025 The Author(s).
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Fig. 4 Difference in parameter importance as grass phenological phase changes. The top Community Land Model-Functionally Assembled Terrestrial
Ecosystem Simulator model parameters determining at least 5% of the variance in simulated gross primary productivity (a), leaf area index (b),
aboveground biomass (c), and latent heat flux (d) varies as the phenological phase of the grass plant functional type changes from growth to senescence to
dormancy. BBincpt, Ball-Berry stomatal conductance intercept; LNC, leaf N : C ratio; Morthyg.scaia, drought-induced mortality rate; Recruit,yo., allocation to
reproduction once plants reached the threshold reproductive size; Recruity,g;, height of new recruitment; Respirgow, growth respiration rate; Rooty,
parameter b for rooting depth profile; SLA,,, specific leaf area at top of the canopy; smpsc, threshold soil matric potential for stomatal closure; SWCphen,
threshold soil water content triggering drought-deciduous phenology; V., .., maximum carboxylation rate at 25°C.
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dynamics compared to observations at Vaira Ranch. Model monthly means of gross primary productivity (a), leaf area index (b), aboveground biomass (c),
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mortality.

More than 80% of 500 ensemble members were able to recon-
struct observed GPP, LAI, AGB, and energy fluxes at the site
after fire was enabled in our simulations (Figs S5-S9). Six ensem-
ble members had > 50% of years during 2000-2020 fall within
15-85% quantiles of observed mean annual burned fraction
(Fig. $10). We chose three high-performing ensemble members
from the GENL group to further assess model performance at
the regional scale. These three ensemble members were selected
because: while fuel loads were overestimated across all ensemble
members, the simulated mean fuel load of the three
(0.54+£0.21kg C m~2) was closer to observed fuel load
(0.43+0.17kg C m ?) in tallgrass prairies (Kidnie & Wot-
ton, 2015), but still higher than that in central coastal grasslands
in California (0.004-0.35 kg C m™?, Ratcliff ez @/, 2022); and
they represented a low, medium, and high annual burned frac-
tion that best captured the range of observed annual burned frac-
tion.

The spatial correlation between productivity and burned
area in California annual grasslands

CLM-FATES, using the site-level filtered parameter sets, was
able to capture the spatial heterogeneity in peak growing season
(March-May) GPP (RMSE: 1.27g C m °d~") and LAI
(RMSE: 0.52 m*> m™2) across California annual grasslands, but
tended to either overestimate or underestimate burned fraction
(RMSE: 0.012 yr_l) in most regions. Both model and remote
sensing estimates showed higher LAI and GPP in northern Cali-
fornia and in the foothills of the Sierra Nevada Mountains rela-
tive to elsewhere in the state (Fig. 7). Toward the south, as mean
annual precipitation decreases, both the simulated and remotely
sensed estimates of LAI and GPP decreased. However, the mean
burned fraction from the three regional simulations failed to fully
capture the spatial pattern observed from remote sensing pro-
ducts: The ensemble member with a high annual burned fraction
at the site level overestimated fire area in most grassland regions
while the other two ensemble members underestimated burned
fraction (Figs 7, S11). While the spatial pattern of simulated

New /’/{}‘/(l//lg/}[ (2025) 245: 2480-2495
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burned fraction coincided with the spatial heterogeneity in GPP,
thus suggesting a fuel load effect (Fig. 8), observed mean burned
fractions were positively skewed, with most grid cells having zero
or low annual burned fraction and few grid cells having extremely
high annual burned fraction. Sensitivity analysis also demon-
strated that wind speed is the most influential factor for simulated
burned areas after accounting for the fuel load effect (Fig. 8).

Discussion

We examined the effects of alternate allometry assumptions on
matter and energy exchange in a C; annual grassland in Califor-
nia using model simulations. While simulated GPP, LAI, AGB,
and sensible heat flux varied among the three allometry groups
(Fig. 2), the effects of canopy architecture and carbon partition-
ing strategy differ from our expectations. A. barbara has the high-
est leaf-to-stem biomass ratio and was expected to result in a
more productive community as suggested by previous work (Lane
et al., 2000). However, the larger canopy area of A. barbata, com-
bined with the higher leaf biomass per plant, can also result in
stronger competition for light and space, and higher water
demand due to greater canopy evapotranspiration at the indivi-
dual plant level (Pretzsch ez al., 2012). Given that water is one of
the limiting factors in semiarid grasslands, it is likely that this
large, leafy canopy of A. barbataled to reduced plant density and
biomass per unit land area due to higher mortality. The effect of
canopy architecture dominated over the effect of carbon parti-
tioning strategies in the model to result in a lower mean ecosys-
tem level LAI, GPP, and AGB for the AVBA ensemble compared
with the other two ensembles. Related, lower biomass per unit
crown area could result in greater sensible heat flux due to lower
LAI and transpiration at the site scale and therefore lower latent
heat flux. The AVBA ensemble also has a mean canopy cover of
0.477 m*>m~2, which is slightly higher than the BRDI
(0.448 m* m ™~ ?) and the GENL (0.446 m* m~?) ensembles. This
difference in canopy cover might also contribute to the variation
in simulated sensible heat flux through albedo effects. It is worth
noting that FATES is designed for closed-canopy ecosystems so

© 2025 The Author(s).
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Fig.7 Model performance in capturing the spatial pattern in grassland productivity, structure, and fire dynamics. Community Land Model-Functionally
Assembled Terrestrial Ecosystem Simulator simulated gross primary productivity, leaf area index (LAI) and burned fraction (Agymt) in comparison with
MODIS GPP and LAI and FRAP burned fraction across the annual grassland domain in California. Dashed lines are 1 : 1 lines.

that canopy architecture-mediated light and space competition
might be overly emphasized in the model, with a strong influence
on ecosystem structure. Competition for limiting soil resources

© 2025 The Author(s).
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(e.g. nutrients and water) can be relatively more important deter-
minants of ecosystem structure and function in open ecosystems
such as semiarid grasslands. However, in the current
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implementation of CLM—FATES, greater root biomass does not
directly result in greater water or nutrient uptake. If allocating
greater carbon to roots to actively compete for more water would
actually be more beneficial for promoting ecosystem productivity
than withstanding low water availability via a narrower crown in
semiarid grasslands, allometry effects may differ from what we
observed here. Empirical work is needed to help better under-
stand how morphological variation among grassland species
affects ecosystem structure and plant sensitivity to changing
environments.

The behavior of the different allometries overlapped substan-
tially at the site level, such that all three allometry groups had
ensemble members well representing the observed site character-
istics (Fig. 5). However, the model best captured the spatial het-
erogeneity in grassland LAI when using the generalized grass
allometry instead of the B. distachyon allometry (Fig. S12). Thus,
while either species-specific or generalized C; annual grass allo-
metry can reconstruct community structure and ecosystem func-
tion at the site level, the latter is preferred at a larger spatial scale
to represent the average growth curves of the C; annual grass
functional type. The differences in simulated regional LAI
between the two allometries might result from the more varied
species composition at the regional scale (Keeler-Wolf
et al., 2007) such that a general ecosystem-scale pattern of growth
and development can emerge.

As expected, leaf traits and SWCpy,, that influence phenology
determine the simulated carbon, water, and energy cycling and
their seasonal variations at the site; and selected best-performing
parameterizations use a combination of plausible trait values,
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varying within the range of 0.032-0.059 m* g~ ' C, 56.15-83.85
pmol CO, m™?s™', and 0.124-0.169 m’ m > for SLA, V,_,
and SWCpy,,,, respectively. The importance of SLA and V,_ in
influencing LAl and GPP has been well-documented in both
land models and empirical studies (Wolf ez al., 2006; Castanho
et al., 2013; Ricciuto et al., 2018; Koven et al., 2020). Consistent
with empirical studies at the site (Baldocchi et al, 2004; Xu &
Baldocchi, 2004), seasonal dynamics in matter and energy
exchange are influenced by change in soil volumetric water con-
tent (Figs 3, 4). The observed seasonal pattern in carbon flux is
also a result of the seasonal variations in leaf traits (Ma
et al., 2011). Given that our simulations do not incorporate a
daylength effect on V,_ and so are not resolving temporal or
spatial variations in grass biophysical traits, the mismatch in GPP
between model and data, especially at the regional scale, could
be partially due to the lack of trait acclimation or adaptation
to changing environments (Verheijen er al, 2015; Sterck
et al., 2016). While leaf traits and SWCpy,,, alternately influence
simulated GPP and LAI as the grass phenological phase changes,
the latter has a constant strong effect on simulated latent heat flux
(Fig. 4). This could be due to the fact that SWCpy,,, determines
the length of growing season, thus the population size and struc-
ture that directly affect evapotranspiration.

The simulated AGB showed little sensitivity to the examined
model parameters and a larger deviation from site observations
for the selected parameter sets (Fig. 5). Aboveground biomass is a
result of the interaction between factors including growth, mor-
tality, and regrowth following disturbance, which thus may
respond nonlinearly to change in individual model parameters.
The large model-data discrepancy in AGB is likely because site
observations include both dead and live AGB given that observed
AGB peaks in June while live AGB in California annual grassland
usually peaks in April or May before onset of the dry season. This
hypothesis is supported by a smaller model-data discrepancy
when comparing model simulated mean annual AGB to observa-
tions from another C; annual grassland located in the Sierra
Nevada Mountain foothills (Fig. S13, Seabloom ez al., 2021).

Simulated fuel load and burned fraction varied significantly
and outside the range of observations: Both AVBA ensemble
members and two of the three BRDI ensemble members had
much higher fuel load (fuel load >1.0kg C m™?) and burned
fraction than the other four ensemble members (Fig. S14). The
PFT parameter bases, which differ across 20 model parameters
that are relevant to key plant life events, have the most influence
on simulated fuel amount (Fig. 6b). Plant traits including V
and SLA and key ecological processes such as litter decomposi-

‘max

tion rate, plant sensitivity to change in soil water content (e.g.
SWCphen), and drought mortality play important roles in affect-
ing fuel load given their strong effects on ecosystem productivity
and litter accumulation (Figs 3, 6).

The addition of further processes might also be necessary for
accurately representing fuel load in annual grasslands. An annual
life history is a drought adaptation strategy in regions with pro-
nounced dry seasons (Volis ez al., 2002; Kooyers, 2015; Monroe
et al., 2019). The coupling of cooler temperature and ample pre-
cipitation in California’s wet season favors the rapid growth and

© 2025 The Author(s).
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seed production in cool season, C; annual grasses, which then
become completely senescent by early- and mid-summer; the
whole population dies shortly after soil water content drops
below a threshold (Holmes & Rice, 1996). We were able to cap-
ture these phenological changes by configuring annual grasses
phenology  and
drought-induced mortality, which emphasizes the importance of

with a  drought-deciduous increasing
both leaf- and organism-level plant traits in governing the seaso-
nal cycles of ecosystem fluxes in these annual grasslands. How-
ever, the current phenology model considers soil water content as
the only control for plant green-up and senescence, which might
be oversimplified. Recent work suggests that photoperiod, in
addition to soil water potential, can be another factor influencing
annual grass phenology (Bart ez 4l., 2017), indicating the poten-
tial need for a more mechanistic and integrated annual plant phe-
nology model. In our CLM-FATES simulations, recurrent
recruitment, including new recruits from seed following plant
mortality and regrowth after leaf shedding before the seed carbon
pool and plant carbon storage are depleted can result in excess
carbon transfer to the litter pool in the model, contributing to an
unreasonably high fuel load for grass-dominant ecosystems.
Thus, addition of environmental constraints on seed germination
and regrowth may help reduce recruitment and allow a dormant
period until new plants emerge (Hanbury-Brown ez al., 2022).
Simulated burned fraction decreased with higher fuel bulk
density, and increased with greater fuel load. Empirical work
shows that the negative effect of fuel bulk density on fire rate of
spread — and thus burned area — in litter fuels is due to the slowed
drying process and limited air flow when fuels are densely packed
(de Magalhies & Schwilk, 2012). However, dead grass fuels
often are standing canopy fuels with relatively low compactness
(Brown, 1981; Hoffmann ez al., 2012). Previous work argues that
under a certain threshold, an increase in canopy fuel bulk density
should increase spread rate due to increased fuel continuity when
oxygen flow is not yet limited; and the correlation becomes nega-
tive once above that threshold (Kunst et 2/, 2012; Schwilk, 2015;
Brou & Adou, 2022). These processes are not yet represented in
the SPITFIRE-derived CLM-FATES fire model. While the
negative correlation between fuel bulk density and flame spread is
generally observed (Catchpole ez al., 1998), it is still surprising to
see such a pattern in arid and semiarid grasslands, where fuels are
relatively sparse. There are several potential explanations. First,
our simulated fuel load is higher than observed grassland fuel
loads, which might change simulated fire behavior. Second, we
applied a wide range of fuel bulk densities for dead leaf fuels vary-
ing between 4 and 22 kg m 2, which is within the observed range
for litter fuels but higher than that in standing grass fuelbeds
(Kendall, 1979; Hoffmann et al, 2012; Kunst et al, 2012).
Lastly, fire behavior in the current version of CLM—-FATES was
designed for surface fire that consumes ground litter fuels typical
of forest ecosystems. The lack of canopy fuel characteristics and
the resulting canopy fire behavior can lead to unrealistic fuel-fire
relationships in regions that are not influenced by forest surface
fires. To better simulate fire behavior, improvements in model
structure are required to: separate dead grass fuels from litter fuels
as they are different fuel types varying in fire behavior;

© 2025 The Author(s).
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incorporate canopy fuels, considering both standing grass fuels in
grasslands and woody fuels in regions with shrub and tree cover;
and capture canopy fire behavior.

In agreement with our hypothesis, simulated burned fraction
follows the spatial pattern of grassland productivity at the regio-
nal scale, with higher mean burned fractions in the northern
coastal regions and the Sierra foothills, and lower mean burned
fractions in the southern regions. This regional pattern of
burned fraction is thus largely determined by spatial heterogene-
ity in model meteorological drivers, such as precipitation and
temperature, that directly affect fuel load (Fig. 8, the maximum
effect and Fig. S15). However, after accounting for fuel load
effects, wind speed becomes the most important meteorological
variable influencing simulated fire area (Fig. 8, the minimum
effect), supported by empirical work (Keeley & Syphard, 2019).
In contrast to the strong spatial pattern in simulated burned frac-
tion, observed fire area shows no clear relation to either vegeta-
tion productivity or climatic condition. Instead, observations
generally indicate little or zero burned fraction in most of the
grassland grid cells. The FRAP fire perimeter database only
includes grass fires that are > 300 acres; this observation bias can
contribute to overprediction of fire area by the model when com-
pared to observations. However, the model-observation discre-
pancy is still present when we compare simulated burned area to
the Spatial Wildfire Occurrence data (Short, 2022), in which
small grass fires are also included. In addition to potential obser-
vation bias, this large model-observation discrepancy in burned
area is also likely due to land management processes that are cur-
rently missing in the model: fire suppression, especially on mana-
ged grasslands; and grazing that removes significant amounts of
fine fuels and creates a patchy fuel distribution that further sup-
presses fire spread across the landscape (Ratcliff er al, 2022,
2023). Moreover, we applied a constant ignition density across
the model domain, which can cause over- and underprediction of
fire depending on the actual ignition probability. A mechanistic
ignition probability model, resolving the temporal and spatial
variations in ignition density and accounting for anthropogenic
causes will be useful for improving the model predicted fire
regime (Syphard et al, 2017). Lastly, the high degree of stochasti-
city in observed fire also represents a challenge to improving
model fidelity as compared to observed fire climatologies.

Our work contributes to limited prior progress on model devel-
opment for grassy ecosystems. The adaptive dynamic global vege-
tation model (aDGVM), designed for semiarid tropical rangelands
with an individual-based framework, simulates grasses with
dynamic carbon allocation (but only in proportional allocation to
different carbon pools) and phenology schemes (Scheiter & Hig-
gins, 2009). A further refinement of grass PFTs in aDGVM was
made to distinguish between annual and perennial grasses by vary-
ing their carbon allocation and leaf traits, and applying different
mortality mechanisms for the two (Pfeiffer ez al, 2019). While
encouraging, most models still simulate annual grasses as peren-
nials despite the differences in their phenology, nutrient and water
use efficiency, and carbon investment strategy that can influence
ecosystem matter and energy exchange and fire regime (Taylor
et al, 2010; Liu et al, 2019; Wilcox et al., 2023; Gao et al., 2024).

New Phytologist (2025) 245: 2480-2495
www.newphytologist.com



212 Vet

Our work advances the modeling of grassy ecosystems in ESMs by
implementing a data-informed C; annual grass that was thor-
oughly calibrated to reconstruct the seasonal variations and regio-
nal patterns in annual grassland productivity and structure, as well
as some aspects of fire behavior. To facilitate future model simula-
tions in grassy ecosystems, we implemented the new grass allome-
try into the current version of FATES and updated relevant
parameters. We also provided the calibrated nonallometry para-
meters as part of the data files that are associated with this work
(see Data availability section). Moreover, the observed allometry
effect on ecosystem structure and function provides insights into
understanding community assembly via species variations in mor-
phology, which requires further empirical evidence.

Conclusion

Our study highlights the importance of using observed plant allo-
metry and traits in model parameterization, rather than ‘default’
parameter values, to reconstruct site-level carbon, water, and
energy fluxes and spatal heterogeneity in grassland GPP
and LAIL We also found that grass allometry determines ecosys-
tem structure and functioning via canopy-architecture-mediated
space and resource competition. The seasonal dynamics in matter
and energy exchange in California annual grasslands is affected
by leaf physiological traits, plant phenology, and mortality in the
model, underscoring the close coupling between physiology, phe-
nology, and mortality that is needed to capture the seasonal cycles
of annual grasses. Future model developments to further improve
seasonal dynamics of biomass and thus fuel dynamics include
implementing tissue senescence that downregulates photosynth-
esis and new leaf production. The large deviation between model
simulated and observed fire area underlines the need to incorpo-
rate the human dimension into future fire model development,
including not only the effects of land management on fuel char-
acteristics and wildfire dynamics but also how human activity will
affect ignition probability and wildland firefighting. A standard
protocol and collaborative platform for real-time monitoring of
fire behavior and fire effects at the global scale is also needed to
facilitate model development and validation, so accurate predic-
tions of global wildfire dynamics are possible.
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Fig. S1 Grass allometry applied in Community Land Model-
Functionally Assembled Terrestrial Ecosystem Simulator.
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Fig. S2 Correlations between Community Land Model-
Functionally Assembled Terrestrial Ecosystem Simulator vari-
ables and tuned model parameters.

Fig. 83 Comparisons of model simulated monthly means of
gross primary productivity using default vs best-performing para-
meters to site observations.

Fig. S4 Correlations between Community Land Model-
Functionally Assembled Terrestrial Ecosystem Simulator vari-
ables and tuned model parameters shown for one fire-on ensem-
ble using the base parameter set selected from the generalized Cj
annual grass allometry ensemble.

Fig. S5 Seasonal variation of simulated gross primary productivity
monthly mean for the eight fire-on ensembles that use base para-
meters selected from the fire-off perturbed parameter ensemble.

Fig. S6 Seasonal variation of simulated leaf area index monthly
mean for the eight fire-on ensembles compared with site observa-
tions.

Fig. S7 Seasonal variation of simulated aboveground biomass
monthly mean for the eight ensembles compared with site obser-
vations.

Fig. S8 Seasonal variation of simulated latent heat flux monthly
mean for the eight ensembles compared with site observations.

Fig. 89 Seasonal variation of simulated sensible heat flux
monthly mean for all the eight ensembles compared with site
observations.

Fig. 10 Six fire-on ensemble members that have > 50% of simu-
lated annual mean burned fraction fall within 15-85% quantiles
of observations for years 2000-2020.
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Fig. S11 Community Land Model-Functionally Assembled Ter-
restrial Ecosystem Simulator simulated gross primary productiv-
ity, leaf area index, and burned fraction using the 6_node_005-
task_008 base parameter set and the comparison to observations.

Fig. S12 Model simulated leaf area index using base parameters
from the Brachypodium distachyon allometry group (RMSE:
+0.55).

Fig. S13 Community Land Model-Functionally Assembled Ter-
restrial Ecosystem Simulator simulated annual mean live above-
ground biomass using the eight selected parameter sets in
comparison with observed annual mean live aboveground bio-
mass for a C; annual grassland located in the lower foothills of
Sierra Nevada mountains in California.

Fig. $14 Model simulated fuel amount for the eight ensembles
using base parameters selected from the fire-off simulations.

Fig. S15 Correlations between meteorological drivers, model
variables, and burned fraction.

Notes S1 Allometric relationships defined for annual grass plant
functional types in Community Land Model-Functionally
Assembled Terrestrial Ecosystem Simulator.
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