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Despite its importance in the Earth system, NBE is 
challenging to predict

projection uncertainty to model structure. Both
unweighted and weighted uncertainty estimates of
terrestrial carbon uptake are presented.

We develop 7 weighting schemes that weight the
models by their ability to simulate observed changes in
terrestrial carbon uptake over 1959–2005. Models that
successfully reproduce past changes are given higher
weights in all schemes. Schemes are based on the
probability density of normally-distributed, linear
trends in cumulative carbon uptake over 1959–2005,

f ðxÞ ¼ 1

s
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where m and s represent the mean and standard
deviation, respectively, of the modeled trends in
cumulative terrestrial carbon uptake over 1959–2005.
Each weighting scheme (WS) uses different values of m
and s, derived from trends from a subset of models in
thecorrespondingmodel tier(s) (table S1). Forexample,
WS 1 uses m and s values derived from Tier 1 models,
WS 2 uses m and s values derived from Tier 1 and 2
models, and so on. WS 7 uses m and s values
derived from all of the models (Tiers 1 through 7).
Models were categorized into tiers according to the
absolute value of the difference between the modeled
trend and the observationally-based trend over this
period (table S1).

Each model is given a weight, wm, according to the
resulting probability density ( f (x)) of the modeled
trends in cumulative land uptake for a given weighting

scheme. These weights are expressed as normalized
weights, Wm, in our analysis of variance,

Wm ¼ wmP
m wm

: ð8Þ

3. Results and discussion

The time series of globally-integrated, cumulative
ocean carbon uptake from 2006 to 2100 reveals a
growing ocean carbon sink for all CMIP5 ensemble
members, with higher uptake corresponding to higher
CO2 concentration pathways (figure 1(a)), consistent
with previous studies (Jones et al 2013). The
uncertainty in these projections grows exponentially
from 0 Pg C in 2006 to 94 Pg C in 2100 (figure 1(c)),
reflecting greater divergence in the projections at long
prediction lead times. The analysis of variance reveals
that emission scenario is the dominant source of
uncertainty in the latter half of the century, with model
structure playing an important role in the early part of
the century (figure 1(e)), when overall uncertainty is
low. These findings are similar to those from previous
studies that report on annual-mean (Lovenduski et al
2016) and decadal-mean (Hewitt et al 2016) air-sea
CO2 flux projections. We note, however, that the roles
of internal variability andmodel structural uncertainty
in ocean carbon uptake highlighted in previous studies
(Lovenduski et al 2016, McKinley et al 2016,
Resplandy et al 2015) are small in our analysis, owing
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Figure 1. Projections of cumulative, globally integrated carbon uptake by the ocean and land from 2006 to 2100, and the associated
uncertainty and sources of uncertainty in the projections.
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Model uncertainty is a key determinant of the spread in 
future terrestrial carbon cycle predictions
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3. Results and discussion

The time series of globally-integrated, cumulative
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members, with higher uptake corresponding to higher
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3advances are needed, but theremay be a limit to
howmuchmodel uncertainty can be reduced (94).
More complexity does not necessarily lead to bet-
ter predictions or reduce uncertainty.
A second pathway is to better integrate ESMs

and VIA models. The gap between models arises
fromdisciplinary expertise (atmospheric and ocean
sciences for ESMs and hydrology, ecology, biogeo-
chemistry, agronomy, forestry, andmarine sciences
for VIA models), but effective communication
among, rather than across, disciplines is not trivial.
There are also pragmatic considerations, partic-
ularly with regard to spatial scale and process
complexity, that limit collaboration between global
ESMs and VIA models with a more local to re-
gional domain. However, just as the science of
Earth systemprediction is seen as ameans to unite
the weather and climatemodeling communities
(80,81), so, too, can the broadening ofEarth system
prediction to include the biosphere stimulate col-
laborations with the VIA community.
A third promising researchpathway is to expand

the concepts andmethodology of seasonal to dec-
adal climate prediction to include terrestrial and
marine ecosystems and to quantify prediction un-
certainty at spatial and temporal scales relevant
to stakeholders. The predictability of the terres-
trial carbon cycle can be considered from an eco-
logical perspective (97), but only recently has it
been considered in an Earth system perspective
of natural climate variability, the forced climate
response, and model uncertainty (92, 94). Anal-
ysis of natural variability, model uncertainty, and
scenario uncertainty is similarly informingmarine
biogeochemistry (87–90, 93). Whether the bio-
sphere is a source of climate predictability is not
necessarily the right question to pose. A more
fruitful research pathway may be to investigate
how to predict the biosphere and its resources
in a changing environment, as identified specif-
ically for marine living resources (96) and con-
sidered also for atmospheric CO2 (98). Initial
condition uncertainty and the difficulty in separat-
ing natural variability from the forced trend likely
produces irreducible uncertainty in climate pre-
diction (99). At the regional or biome scale, nat-
ural variability is large for the ocean and land

carbon cycles (89, 92, 93). Whether a similar ir-
reducible uncertainty manifests in terrestrial and
marine ecosystems remains to be explored.
With their terrestrial and marine ecosystems,

biogeochemical cycles, and simulation of plants,
microbes, and marine life, ESMs challenge ter-
restrial and marine ecologists and biogeochem-
ists to think in terms of broad generalizations
and to find the mathematical equations to de-
scribe the biosphere, its functioning, and its re-
sponse to global change. ESMs similarly challenge
geoscientists to think beyond a physical under-
standing of climate to include biology. Themodels
showmuch promise to advance our understand-
ing of global change but must move from the
synthetic world of an ESM toward the realworld.
Bridging the gap between observations and theory
as atmospheric CO2 rises, climate changes,more
nitrogen is added to the system, forests are cleared,
grasslands are plowed or converted to pastures,
coastal wetlands and coral reefs are degraded or
lost, andoceanswarmandare increasinglypolluted
poses challenging opportunities for the next gener-
ation of scientists to advance planetary ecology and
climate science.
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Fig. 4. Ocean and land carbon cycle
uncertainty. The percentage of total variance
attributed to internal variability, model
uncertainty, and scenario uncertainty in
projections of cumulative global carbon uptake
from 2006 to 2100 differs widely between
(A) ocean and (B) land. The ocean carbon cycle
is dominated by scenario uncertainty by the
middle of the century, but uncertainty in
the land carbon cycle is mostly from
model structure. Data are from 12 ESMs
using four different scenarios (94).
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Fig. 4. Ocean and land carbon cycle
uncertainty. The percentage of total variance
attributed to internal variability, model
uncertainty, and scenario uncertainty in
projections of cumulative global carbon uptake
from 2006 to 2100 differs widely between
(A) ocean and (B) land. The ocean carbon cycle
is dominated by scenario uncertainty by the
middle of the century, but uncertainty in
the land carbon cycle is mostly from
model structure. Data are from 12 ESMs
using four different scenarios (94).
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Model uncertainty comprises:

Structural uncertainty (i.e., how realistic is the model’s representation 
of different processes?)

Parametric uncertainty (i.e., how accurate are the model’s parameter 
values?)

4



1970’s 1980’s 1990’s 2000’s 2010’s

Fisher & Koven, 2020

Each colored line is a process represented in land surface models

Efforts to reduce model uncertainty have mainly 
focused on structure, namely by adding processes 
and increasing complexity

5



Without accurate parameters, increasing complexity 
can degrade skill

6
Famiglietti et al., 2021

(a) All runs in the experiment (b) All runs with assimilated data

25th-75th percentile 

Median of runs in bin
5th-95th percentile 

More complex models →

↑
Better skill

More complex models →

All runs in experiment All runs with assimilated data



Without accurate parameters, increasing complexity 
can degrade skill

7
Famiglietti et al., 2021

(a) All runs in the experiment (b) All runs with assimilated data

25th-75th percentile 

Median of runs in bin
5th-95th percentile 

More complex models →

↑
Better skill

More complex models →

All runs in experiment All runs with assimilated data

Structurally complex models with 
uninformed parameters perform 
poorly relative to simpler models



Parameterizing a global 
model is challenging

e.g., How to assign a leaf 
lifespan parameter globally?

à Simplifying assumptions 
are necessary

8
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Here we ask:

How does the choice of parameterization 
assumption affect NBE prediction error?



5506 L. M. Verheijen et al.: Trait variation impacts on global vegetation model performance

Fig. 5. Global distribution of dominant PFTs. (a) Default simulation, (b) observed traits simulation and (c) variable traits simulation.

Biogeosciences, 10, 5497–5515, 2013 www.biogeosciences.net/10/5497/2013/

Most commonly, parameters are 
assigned in global models using 
plant functional types (PFTs)



… but the true variability in parameters within a given PFT can 
often exceed that between them

Adapted from van Bodegom et al., 2012

log(Leaf Nitrogen mass concentration [%])-0.6 0.8 log(Leaf Mass per Area [gm-2])1.0 3.5

Boreal forest
Desert
Savanna
Temperate forest
Temperate wet forest
Tropical dry forest
Tropical wet forest
Tundra
Woodland/grassland



Alternative approaches—like 
the environmental filtering 
hypothesis—may represent a 
way forward



Alternative approaches—like 
the environmental filtering 
hypothesis—may represent a 
way forward

A pixel’s parameters can be predicted 
as a function of local climate, soil, 
and canopy characteristics Observed
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… but the degree to which EF-based assumptions can improve 
C cycle predictions is unclear

1. Previously EF relationships 
were developed using trait 
observations from the TRY 
database, which has 
significant spatial- and 
species-related biases

Example of locations of Vcmax measurements from the TRY database



… but the degree to which EF-based assumptions can improve 
C cycle predictions is unclear

2. Many studies have only 
assessed differences in 
predictions, not errors

Verheijen et al., 2015



… but the degree to which EF-based assumptions can improve 
C cycle predictions is unclear

3. When errors are evaluated, 
proxies used for validation 
can themselves be 
uncertain

Walker et al., 2017
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Here we ask:

Can CARDAMOM help us avoid these issues?



We performed a simulation experiment to directly compare 
each parameterization assumption

1. CARDAMOM’s flexible structure allows us to 
substitute either EF- or PFT-based assumptions 
into DALEC

2. CARDAMOM’s optimal retrievals and resulting 
NBE predictions can be used as a benchmark

→ Because we compare to optimal predictions rather 
than to observations, mismatches across 
simulations are wholly attributable to parametric 
uncertainty

Intermediate-complexity 
carbon cycle model

Optimized 
fluxes, pools, & 

parameters

Carbon cycle 
observations

Climate 
drivers

Bayesian model–data fusion
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Methods summary



1. Retrieve optimal model parameters globally using CARDAMOM’s standard 
inversion approach. 

For example:

1. Simulate PFTs by sampling optimal parameters from a few “sites” for each 
vegetation type 

a) Assume the aggregated parameter sets are representative of all pixels sharing that vegetation 
type.

2. Develop environmental filtering relationships to predict parameters using 
pixels’ climate, soil, and canopy properties

a) Train random forest models for each parameter using optimal retrievals.

b) Predictors include climate (e.g., temperature, VPD), canopy (e.g., leaf area index), and soil (e.g., 
soil pH, clay fraction)

Leaf lifespan LongerShorter



1. Retrieve optimal model parameters globally using CARDAMOM’s standard 
inversion approach. 

For example:

1. Simulate PFTs by sampling optimal parameters from a few “sites” for each 
vegetation type 

a) Assume the aggregated parameter sets are representative of all pixels sharing that vegetation 
type.

2. Develop environmental filtering relationships to predict parameters using 
pixels’ climate, soil, and canopy properties

a) Train random forest models for each parameter using optimal retrievals.

b) Predictors include climate (e.g., temperature, VPD), canopy (e.g., leaf area index), and soil (e.g., 
soil pH, clay fraction)

Observation Source Years Uncertainty Reference

Net biome exchange (NBE) CMS-Flux 2010–2015 Optimized Liu et al., 2017, 2021

Leaf area index (LAI) MODIS 2010–2015 ±log(1.2) Myneni et al., 2002

Solar-induced fluorescence (SIF) GOSAT 2010–2015 ±log(2)
Frankenberg et al., 
2011

Above- and below-ground 
biomass (ABGB) Multiple 2000 ³±log(1.5) Saatchi et al., 2011

Soil organic matter (SOM) SoilGrids 2000 ±log(1.5) Poggio et al., 2021

Fire C emissions MOPITT 2010–2015 ±20%
Bowman et al., 2017;
Worden et al., 2017

Adapted from Quetin et al., in revision



1. Retrieve optimal model parameters globally using CARDAMOM’s standard 
MCMC approach. 

2. Simulate PFTs by sampling optimal parameters from a few “sites” for each 
vegetation type 

a) For each coarse-scale CARDAMOM pixel, determine its PFT composition using an underlying land 
cover map (GlobCover).

3. Develop environmental filtering relationships to predict parameters using 
pixels’ climate, soil, and canopy properties

a) Train random forest models for each parameter using optimal retrievals.

b) Predictors include climate (e.g., temperature, VPD), canopy (e.g., leaf area index), and soil (e.g., 
soil pH, clay fraction) variables.

4. At each vegetated pixel globally, run CARDAMOM forward with each parameter 
set to produce NBE time series.



1. Retrieve optimal model parameters globally using CARDAMOM’s standard 
MCMC approach. 

2. Simulate PFTs by sampling optimal parameters from a few “sites” for each 
vegetation type 

b) Identify representative pixels for each PFT. Create aggregated parameter set.

c) Assume the aggregated parameter sets are representative of all pixels sharing that vegetation 
type. *Exception for initial conditions

3. Develop environmental filtering relationships to predict parameters using 
pixels’ climate, soil, and canopy properties

a) Train random forest models for each parameter using optimal retrievals.

b) Predictors include climate (e.g., temperature, VPD), canopy (e.g., leaf area index), and soil (e.g., 
soil pH, clay fraction) variables.

4. At each vegetated pixel globally, run CARDAMOM forward with each parameter 
set to produce NBE time series.

Representative pixels for PFT X
Representative pixels’ 
optimal retrievals for 

parameter i

Aggregated distribution for 
parameter i (PFT X)



1. Retrieve optimal model parameters globally using CARDAMOM’s standard 
MCMC approach. 

2. Simulate PFTs by sampling optimal parameters from a few “sites” for each 
vegetation type 

a) Assume the aggregated parameter sets are representative of all pixels sharing that vegetation 
type.

3. Develop “top-down” environmental filtering relationships to predict parameters 
using pixels’ climate, soil, and canopy properties

a) Train random forest models for each parameter using 
optimal retrievals. *Exception for initial conditions

b) Predictors include climate (e.g., temperature, VPD),
canopy (e.g., leaf area index), and soil (e.g., soil pH, clay 
fraction) variables.

Retrieved by CARDAMOM
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- Fire- and combustion-related 
parameters are poorly predicted 
by the EF approach

- Phenology & canopy structure/ 
function parameters are well 
predicted



4. At each vegetated pixel globally, run CARDAMOM forward with each 
parameter set to produce NBE (as well as component flux) time series.
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Results



NBE MAE hotspots largely overlap between PFT and EF-based 
approaches

Skill determined using mean absolute error in NBE over the period 2000-2015, relative to 
the optimally parameterized NBE estimates

Global average: 
0.47 gC m-2 day-1

Global average: 
0.4 gC m-2 day-1



Error patterns 
broadly follow 
gradients of 
climate and 
vegetation



EF outperforms PFT-based approach at 2x as many pixels as 
the converse

Skill determined using mean absolute error in NBE over the period 2000-2015, relative to 
the optimally parameterized NBE estimates



EF captures NBE mean and IAV more accurately than PFT-
based approach



What controls variations in the EF-based model’s relative NBE 
performance across space?  

H1. Accuracy of EF-based parameter predictions

H2. Uncertainty of CARDAMOM’s retrievals

Here we expand our lens to also consider NBE’s component fluxes.



H1. Parameter accuracy is a poor predictor of flux MAE



H2. But CARDAMOM’s uncertainty is a strong predictor, at least 
for GPP and Reco



H2. But CARDAMOM’s uncertainty is a strong predictor, at least 
for GPP and Reco

Why not NBE?



NBE errors are the result of strong compensation between 
component flux predictions

Compounding errors = NBE 
error larger than both GPP 
and Reco errors

Compensating errors = NBE 
error smaller than either GPP 
or Reco error, or both



NBE errors are the result of strong compensation between 
component flux predictions

Compensation occurs in both models, but impacts differ



Key takeaways:

・ NBE predictability strongly controlled by choice of parameterization 
assumption

・ EF-based model shows lower NBE MAE than PFT-based model at 2x 
as many pixels as the converse

・ EF-based model matches mean and IAV of NBE more closely than 
PFT-based model across pixels

・ Still, both models show significant compensation between 
component flux (GPP and Reco) errors



Thank 
you!


