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Abstract
The CO2 efflux from soil (soil respiration (SR)) is one of the largest fluxes in the global carbon (C)
cycle and its response to climate change could strongly influence future atmospheric CO2

concentrations. Still, a large divergence of global SR estimates and its autotrophic (AR) and
heterotrophic (HR) components exists among process based terrestrial ecosystem models.
Therefore, alternatively derived global benchmark values are warranted for constraining the
various ecosystem model output. In this study, we developed models based on the global soil
respiration database (version 5.0), using the random forest (RF) method to generate the global
benchmark distribution of total SR and its components. Benchmark values were then compared
with the output of ten different global terrestrial ecosystem models. Our observationally derived
global mean annual benchmark rates were 85.5± 40.4 (SD) Pg C yr−1 for SR, 50.3± 25.0 (SD)
Pg C yr−1 for HR and 35.2 Pg C yr−1 for AR during 1982–2012, respectively. Evaluating against the
observations, the RF models showed better performance in both of SR and HR simulations than all
investigated terrestrial ecosystem models. Large divergences in simulating SR and its components
were observed among the terrestrial ecosystem models. The estimated global SR and HR by the
ecosystem models ranged from 61.4 to 91.7 Pg C yr−1 and 39.8 to 61.7 Pg C yr−1, respectively. The
most discrepancy lays in the estimation of AR, the difference (12.0–42.3 Pg C yr−1) of estimates
among the ecosystem models was up to 3.5 times. The contribution of AR to SR highly varied
among the ecosystem models ranging from 18% to 48%, which differed with the estimate by RF
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(41%). This study generated global SR and its components (HR and AR) fluxes, which are
useful benchmarks to constrain the performance of terrestrial ecosystem models.

1. Introduction

As the largest CO2 flux from the terrestrial bio-
sphere to the atmosphere, soil respiration (SR) plays
an important role in regulating land C budgets
and atmospheric CO2 concentrations (Raich and
Schlesinger 1992, Rustad et al 2000, Davidson and
Janssens 2006). SR primarily consists of autotrophic
respiration (AR) from plant roots and heterotrophic
respiration (HR) from decomposition of soil organic
carbon (SOC) by microorganisms (Lambers 1979,
Hanson et al 2000). SR rates are highly sensitive to
changing environment and disturbances (Davidson
and Janssens 2006, Harmon et al 2011, Wang et al
2017), and especially global warming is expected
to enhance SR on the global scale (Bond-Lamberty
et al 2018). Moreover, disturbances induced soil C
loss likely accounts for 20%–50% HR flux in forests.
Therefore, changes of disturbances in frequency
and severity can profoundly impact SR dynamics
(Harmon et al 2011). Due to its large magnitude,
even a small change in the global SR can substantially
impact atmospheric CO2 concentrations (Zhou et al
2014).

Large uncertainties in simulating global SR and its
components (HR and AR) exist among current ter-
restrial ecosystem models. The simulations of global
HR by 20 Earth system models (ESMs) from CMIP5
(Coupled Model Inter-comparison Project Phase)
varied from 42 to 73 Pg C yr−1, and the maximum
estimate by the Max-Planck-Institute Earth System
Model-Mixed Resolution (MPI-ESM-MR) model
(∼73 Pg C yr−1) was 1.7 times of the lowest estim-
ate of∼42 Pg C yr−1 simulated by Community Earth
System Model, version 1-Biogeochemistry (CESM1-
BGC) (Hashimoto et al 2015). Such a large diver-
gence implies a low confidence in the estimated C
budgets over global scales. Therefore, it is necessary to
evaluate models based on well-defined benchmarks
to diagnose model strengths and deficiencies. How-
ever, there is limited knowledge on model perform-
ance with respect to SR, as well as the HR and AR
component fluxes, due to limited benchmark datasets
that allow for identification of simulated uncertain-
ties in the magnitude and spatial distribution of SR
(Bond-Lamberty 2018).

The changes of SR components (HR and AR)
provides information about the different carbon cyc-
ling processes in the diverse ecosystem models. HR is
the CO2 efflux that derives from microbial decom-
position of soil organic matter, which is regulated
by C substrate supply and quality, soil and envir-
onmental factors (i.e. soil temperature and mois-
ture, clay content and pH), as well as microbial
physiology. The AR indicates the CO2 released from

the autotrophic metabolism of plant roots, which is
more directly from plant photosynthesis, and highly
depends on C allocation of plant photosynthate to
root (Trumbore 2006, Brunner et al 2015). A recent
study showed an increasing ratio of HR to SR during
the past two decades, which suggests larger increased
magnitude of soil C losses due to climate change in
many ecosystems (Bond-Lamberty 2018). Accurate
quantification of HR and AR is essential to under-
standing of C-cycling processes in response to global
change (Trumbore and Czimczik 2008). Therefore,
the model evaluations and analyses also require dis-
tinguishing the spatial variations of HR and AR to
assess if the inter-ecosystem processes of the model
have been represented adequately. Usually, the model
evaluations only focused on the magnitude of SR
(sum of HR and AR), which cannot judge the reliab-
ility of HR and AR simulations, and was not able to
reveal the inadequate representation of HR and AR in
the ecosystem models.

The development of global soil respiration data-
base (SRDB) open the path to the application of
machine learning approaches in global simulations
of SR and its components (Bond-Lamberty 2018 and
Jian et al 2018). The random forest (RF) algorithm
is widely considered to be one of the best meth-
ods to model complex interactions among independ-
ent variables (Cutler et al 2007), which has been
deployed in estimating biomass and litterfall produc-
tion over regional and global scales (Xia et al 2018,
Li et al 2019). Jian et al (2018) estimated global SR
of 78.8 Pg C yr−1 by the RF approach. Warner et al
(2019) generated global SR at 1 km spatial resolu-
tion using RF, based on that, they indirectly pre-
dicted global HR by empirical relationships between
SR and HR deriving from meta-analyses. However,
only a few studies have been conducted to estimate
SR and its components (HR and AR) using the RF
method. In this study, the latest SRDB (version 5.0)
(Jian et al 2021) and related climate data would be
used to develop the RF model. The primary object-
ives of this study were to (a) develop RF models to
estimate the global spatial distribution of SR and its
components (HR and AR), (b) evaluate the perform-
ance of process-based ecosystem models on repro-
ducing SR, HR, and AR against the simulations of
the RF model and (c) compare the differences among
process-based ecosystem models.

2. Data andmethods

2.1. Global datasets of soil respiration
In this study, the field observations of SR and HR
were collected from the global SRDB, version 5.0,
which encompasses all published studies that report
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Figure 1. Distribution of the total soil respiration (SR) and heterotrophic soil respiration (HR) observations. Background colors
show the vegetation type derived from the Global Land Cover 2000 (GLC-2000; Giri et al (2005)).

the annual SR or HR data measured in the field
(not laboratory). The SRDB v5.0 compiledmore than
10 000 SR records fromnearly 2000 publications (Jian
et al 2021). We selected a subset of the SR and HR
observations from the SRDB using the following cri-
teria: (a) the observed SR and HR were under natural
condition, without any experimental treatments (i.e.
experimental warming, precipitation manipulation,
nitrogen addition); (b) for each record, the SR value
should be larger than the corresponding HR value if
the corresponding HR was reported, to avoid incon-
sistent data. In total, 3331 annual SR flux records and
840 annual HR flux records were selected in this ana-
lysis. The observation sites were distributed across
various ecosystem types with latitudes ranging from
44.23◦ S to 69.42◦ N and longitudes from 150.33◦ W
to 175.77◦ E (figure 1).

2.2. Random forest method
The SR and HR models were developed using the
‘quantregForest’ package version 1.3-7 (https://
cran.r–project.org/web/packages/quantregForest/ind
ex.html) in the R software version 3.4.3 (R Core
Team 2017). The ‘quantregForest’ package is sim-
ilar to the previous ‘random Forest’ package (https://
cran.rproject.org/web/packages/randomForest/), but
can yield the entire distribution of predictions instead
of a single mean value of prediction (Meinshausen
2006). As an efficient machine learning method, the
RF approach was extensively used for spatial pre-
diction of biogeochemical parameters in geosciences
(Xia et al 2018, Li et al 2019, Reichstein et al 2019).

The original RF algorithm was proposed by Breiman
(2001). The RF algorithm produces a model com-
posed of many independent regression trees. The
independent trees are obtained by randomly select-
ing from a subgroup of predictors every time a
branch of a tree is grown. Based on the given train-
ing database, each individual decision tree in RF
outputs the mode of classes or the mean predic-
tion, and the generalization error for RF can con-
verge to a limit with the increase of the decision tree
number.

The SR and HR models were developed by the
RF approach. The initial set of explanatory vari-
ables included: mean annual air temperature (MAT),
annual precipitation (Prec), mean annual relative
humidity (RH), mean annual leaf area index (LAI),
annual photosynthetically active radiation (PAR),
soil organic carbon (SOC) content (in 0–30 cm
soil depth), precipitation during growing season
(Prec_GS), mean relative humidity during grow-
ing season (RH_GS), mean LAI during growing
season (LAI_GS) and PAR during growing season
(PAR_GS). In this study, the growing season is com-
posed of all months where the mean monthly air
temperature was above 0 ◦C. The period of the time
series of all these variables was from 1982 to 2012.
The LAI data were derived from the Global Land Sur-
face Satellite LAI datasets (Xiao et al 2013) and the
SOC data were developed by Shangguan et al (2014).
The meteorological variables were derived from the
Modern-Era Retrospective analysis for Research and
Applications datasets (Rienecker et al 2011).
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A complete combinatorial method was employed
to select the optimal set of predictors out of the ten
variables. The root mean squared error (RMSE) was
used to evaluate the performance of eachmodel based
on different predictor combination. In our RF mod-
els, five predictors, including MAT, Prec, RH, RH_GS
and LAI_GS, were selected to predict SR. The vari-
ables combination of MAT, Prec, RH, PAR, RH_GS,
LAI_GS, PAR_GSwas selected forHRprediction. The
best combination of predictors was further used for
the RF model establishment and cross-validation. It
should be noticed that therewas a large discrepancy in
the number of the observations within SRDB among
various vegetation types. We compared the propor-
tions of the SR and HR observations and the area
proportion of various vegetation types (figure S1(a),
table S1 (available online at stacks.iop.org/ERL/16/
054048/mmedia)). Large divergences were observed
between the proportions of the SR and HR obser-
vations and the area proportion of the correspond-
ing ecosystem types. Especially, the proportion of
SR and HR observations at the evergreen broadleaf
forests and the shrublands were much lower compar-
ing with the proportion of corresponding ecosystem
area (figure S1). The results reflected the scarce obser-
vations of SR and HR in evergreen broadleaf forest
and shrubland ecosystems which are corresponding
to the high and low respiration rate regions, respect-
ively (figure S1(b)). Therefore, in order to reduce the
model uncertainty induced by observations imbal-
ance among various ecosystem types, the SR and HR
observations were binned to five bins according to
the ecosystem types (table S1). The RF models of SR
and HR were developed and cross-validated by ran-
domly selecting observations from each vegetation
type bin with the different probability. The probab-
ility of selection was equal to the area proportion of
the corresponding vegetation types to global veget-
ated land area (figure S1). As a result, 80% of the
observations were selected for model training, leav-
ing 20% for cross-validation. The observations selec-
tion procedures and the RF models were run 2000
times for cross-validation and prediction. In addition,
as a comparison, we also developed RF models by
selecting observations from each vegetation type with
equally probability (figures S2 and S3). The estab-
lished models were implemented to estimate SR and
HR at 0.5◦ × 0.5◦ resolution over 1982–2012. The
global AR fluxes were calculated as the difference of
SR and HR. The uncertainty of the predicted global
SR, HR and AR were expressed in the standard devi-
ation (SD), the median absolute deviation (MAD)
and the coefficient of variation (CV, %). The vari-
able importance and partial dependence analyses of
the RFmodels for SR andHRwere conducted (figures
S4–S6). However, it should be cautious the instabil-
ity of the variable importance ranking, especially
when the predictors are highly correlated (Gregorutti
et al 2017).

2.3. Terrestrial ecosystemmodels
This study includes ten process-based terrestrial eco-
system models: the Boreal Ecosystem Productivity
Simulator (BEPS) (Liu et al 1997), the coupled
Canadian Land Surface Scheme and Canadian Ter-
restrial Ecosystem Model (CLASS-CTEM) (Melton
and Arora 2016), the Community Land Model, ver-
sion 5.0 (CLM5.0) (Lawrence et al 2019), the CSIRO
Atmosphere and Biosphere Land Exchange (CABLE)
(Wang et al 2010), the Integrated Biosphere Simulator
(IBIS) (Foley et al 1996, Yuan et al 2014), the Land
surface Processes and eXchanges (LPX-Bern) (Lienert
and Joos 2018), the Lund-Postdam-Jena General Eco-
system Simulator (LPJ-GUESS) (Smith et al 2014,
Olin et al 2015), the ORganizing Carbon and Hydro-
logy In Dynamic EcosystEms (ORCHIDEE) (Krinner
et al 2005), the Vegetation Integrated Simulator for
Trace Gases (VISIT) (Ito 2019), and the Vegetation
Global Atmosphere Soil model (VEGAS) (Zeng et al
2004).

The CLASS-CTEM, the CLM5.0, the LPX-
Bern, the ORCHIDEE, the VEGAS and the VISIT
model were driven with the Climatic Research Unit
(CRU) Japanese Reanalysis (JRA) v2.0 atmospheric
forcing dataset (https://catalogue.ceda.acuk/uuid/
7f785c0e80aa4df2b39d068ce7351bbb). The BEPS,
the CABLE, the LPJ-GUESS and the IBIS model
were driven by CRUNCEP v7 dataset (https://
rda.ucar.edu/datasets/ds314.3/). Both the CRU JRA
and the CRUNCEP datasets are six hourly and grid-
ded reanalysis data which are based on the com-
bination with the CRU monthly dataset. The CRU
JRA version 2.0 dataset is constructed by combin-
ing the CRU monthly data covering from 1901 to
2018 with the JRA data six hourly data covering from
1958 to 2018. The CRUNCEP dataset is a combin-
ation of the CRU monthly data covering the period
1901–2015 and the National Centers for Environ-
mental Prediction (NCEP) reanalysis six hourly
data covering the period 1948–2016. There is high
consistence of the two datasets in terms of sev-
eral major climate variables (i.e. air temperature,
precipitation, specific humidity, pressure and the
incident shortwave radiation; figures S7 and S8). All
models used the Land-use Harmonization (LUH2)
land use data (http://gsweb1vh2.umd.edu/LUH2/
LUH2_GCB_2019/states.nc).

3. Results

3.1. Global estimates of SR, HR and AR derived
from the RFmodels
The RF models were cross-validated against total SR
and HR observations to test the model performance.
SR model and HR model explained 89% and 86%
of the variation of observed SR and HR, respect-
ively (figures 2(a) and (b)). Based on the RF mod-
els, we generated global distribution of SR and HR
from 1982 to 2012. On average, total global SR and
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Figure 2. Observed and predicted total soil respiration (SR) (a) and heterotrophic soil respiration (HR) (b). The dash line
indicates 1:1 line and the solid line is the fitted linear regression to the data.

HR were 85.5 Pg C yr−1 (83.6–87.8 Pg C yr−1) and
50.3 Pg C yr−1 (49.2–51.1 Pg C yr−1) during this
period, respectively. The global uncertainty were 27.3
(MAD) and 40.4 (SD) Pg C yr−1 for SR, and 16.9
(MAD) and 25.0 (SD) Pg C yr−1 for HR. Average
global AR (the difference between SR and HR) was
35.2 Pg C yr−1 (33.9–36.9 Pg C yr−1 during 1982–
2012). The global average ratio of AR contribution to
SR (AR/SR) was 0.41 across all ecosystem types.

Overall, our results showed that the simulated SR,
HR and AR were the highest in the tropical moist
forest regions and lowest in cold tundra and dry
desert regions (figures 3(a), (c) and (e)). The simu-
lated ratio of AR contribution to SR pointed toward
an exceptionally high contribution of AR at north-
ern hemisphere high latitude regions (figures 3(f) and
7(d)). Generally, the CV of simulated SR and HR
were highest in the regions with lower SR and HR
predictions (i.e. cold tundra and dry desert regions)
(figures 3(b) and (d)).

3.2. Evaluation and intercomparison of
process-based ecosystemmodels
The performance of the RF model and the ten invest-
igated terrestrial ecosystem models were examined
against the SR and HR observations from the SRDB
(figure 4). The Pearson’s correlation was employed to
evaluate the relationship between the observed and
simulated SR and HR values. Both of the correla-
tion coefficient for SR and HR simulated by the RF
model were above 0.5 and it was larger than all the
other investigated models (figures 4(a) and (b)). The
RMSE was used for quantifying the spatial differ-
ences between the simulations and observations of
SR and HR. The smaller RMSE indicate the better
model performance for reproducing spatial pattern of
SR and HR against the observations. The RMSE of
SR and HR simulated by RF across the observation

sites were 348 g C m−2 yr−1 and 240 g C m−2 yr−1,
respectively. Comparingwith the ten investigated eco-
system models, the RMSE of both SR and HR sim-
ulated by RF were the lowest (figures 4(c) and (d)).
Overall, among the ten investigated ecosystem mod-
els, the VEGAS model performed the best on SR sim-
ulation (figures 4(a) and (c)), while the VEGAS and
CLM5.0 model performed the best on HR simulation
(figures 4(b) and (d)). The performance of the RF
models was better than all the ten investigated eco-
system models.

Our results showed large differences in the simu-
lations of SR and its components among the invest-
igated terrestrial ecosystem models. For SR simu-
lation, the estimate derived by the CLASS-CTEM
model (91.7 Pg C yr−1) was ∼30 Pg C yr−1 lar-
ger than the estimate of 61.4 Pg C yr−1, derived
from the BEPS model (figure 5(a)). The SR simu-
lated by the RF model was 85.5 Pg C yr−1, which
was higher than the average simulated SR of the ten
models (76.9 Pg C yr−1). The simulated HR ranged
from 39.8 Pg C yr−1 by the ORCHIDEE model to
61.7 Pg C yr−1 by the CLASS-CTEM model. The
differences of the HR simulations among the mod-
els were up to 1.5 times (figure 5(b)). The estim-
ate of HR by the RF model (50.3 Pg C yr−1) almost
matched the ensemble mean of the ten ecosystem
models (50.4 Pg C yr−1). A large divergence of AR
estimates was observed among the ten investigated
terrestrial ecosystem models. The highest estimate of
42.3 Pg C yr−1 derived from the CLM5.0 model was
3.5 times of the lowest estimate of 12.0 Pg C yr−1

by the BEPS model (figure 5(c)). The ensemble
mean of the ecosystem models (26.5 Pg C yr−1)
was 8.7 Pg C yr−1 lower than the estimate by RF
(35.2 Pg C yr−1). The estimates of global average
AR/SR ratio varied from 18% by the LPX-Bernmodel
to 48% by the LPJ-GUESS model (figure 5(d)).
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Figure 3. Global distribution of simulated average total soil respiration (SR) and the corresponding coefficient of variation (CV)
(a), (b), heterotrophic soil respiration (HR) and its CV (c), (d), autotrophic soil respiration (AR) (e) and the ratio of AR to SR (f)
during 1982–2012.

Ecosystem models reproduced overall similar lat-
itudinal variations of SR and HR (figure 6). The
largest quantitative divergences among individual
models were found at the tropical and subtropical
regions (figures 6(a) and (b)). The simulated RF val-
ues showed similar latitudinal pattern of SR and HR
with that derived from ecosystem models, except at
the northern high latitudes where the RF simulations
were higher than those of all process-based models
between 70 and 80◦ north. AR showed an overall sim-
ilar latitudinal pattern as SR and HR with increas-
ing trend towards the equator (figure 6(c)). While
the RF models suggest an increasing AR contribu-
tion to SR towards higher latitudes, most ecosystem
models suggest a reverse trend towards highest con-
tribution of AR at the mid-latitudes and/or the trop-
ics (figure 6(d)).

4. Discussion

4.1. Simulation of global SR and its components by
the RFmodels
In this study, we developed SR and HRmodels by the
RF method and estimated the global distribution of
SR and its components (HR and AR). The model val-
idation against the observations suggested that the RF
models can reproduce very well the global patterns of
SR and its components (figure 2). Our estimate of the
average global SR was 85.5 Pg C yr−1, which was close
to a recent estimate of 87.9 Pg C yr−1 by Warner et al
(2019) generated by the RF method. However, higher
estimates of SR were also reported. Hashimoto et al
(2015) developed a climate-driven empirical model
and yielded the mean global SR of 91 Pg C yr−1 dur-
ing 1965–2012, andZhao et al (2017) reported amean
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Figure 4. The RMSE and correlation coefficient of simulated SR (a), (c) and HR (b), (d) against the observations. The RMSE
shows the spatial differences between the simulated and observed SR and HR, a lower RMSE value indicates better performance of
the model (a), (b). The unit of RMSE is kg C m−2 yr−1. The correlation coefficient indicates the correlation relationship between
the estimates by models and the observations (c), (d). A correlation coefficient value of a model close to 1 represents good model
performance.

Figure 5. Simulated global annual total soil respiration (SR) (a), heterotrophic soil respiration (HR) (b), autotrophic soil
respiration (AR) (c) and the average ratio of AR to SR (d) by the benchmark RF model and process-driven ecosystem models
during 1982–2012. The dash lines indicate the ensemble mean of the ten ecosystem models.
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Figure 6. Latitudinal patterns of total soil respiration (SR) (a), heterotrophic soil respiration (HR) (b), autotrophic soil
respiration (AR) (c) and the ratio of AR to SR (d) by the benchmark RF model and the compared process-driven ecosystem
models. The grey shaded area indicates the mean±MAD of predicted SR and HR by RF.

annual global SR of 93 Pg C yr−1 using an artificial
neural network model. Our estimate of global HR
(50.3 Pg C yr−1) was also comparable to other estim-
ations. Hashimoto et al (2015) employed the empiric
relationship from ameta-analysis betweenHR and SR
and estimated themean global HR of 51 Pg C yr−1. In
a recent study, Warner et al (2019) provided a global
HR of 49.7 Pg C yr−1 based on the empiric ratio
between HR and SR.

Other lines of evidences also implied that our
estimates were reliable. Our RF simulations suggest
a HR/SR ratio 0.59. Based on the global SR observa-
tions database, Bond-Lamberty et al (2018) reported
that the global HR/SR ranging from 0.54 to 0.63 dur-
ing 1990–2014. Our estimate of global HR/SR ratio
therefore is consistent with this result. The highest
AR/SR ratios in our RF simulations were observed
in boreal tundra and coniferous forest ecosystems in
high latitude regions (figures 3(f) and 6(d)). A recent
global analysis of carbon allocation showed the larger
photosynthate allocate ratio to root in boreal forests
than subtropical and tropical forests (Xia et al 2019).
As the CO2 emission from the autotrophic metabol-
ism of root biomass contributes to AR, and therefore,
the larger carbon allocation ratio to root in boreal
forests highly increase the ratio of AR to SR.

However, the RF outputs in high latitude regions
has to be seen with some caution. The CV maps of
simulated SR and HR showed the highest variation

in the regions with lower SR and HR predictions (i.e.
cold tundra and dry desert regions) (figures 3(b) and
(d)). One of the reasons is that the relatively high CV
may be caused by the low estimates of SR and HR,
which does not necessarily mean a higher prediction
error. In other cases, the high CV of simulated SR
and HR may be due to the divergent prediction dis-
tributions across the RF model (Warner et al 2019)
(figure S9). Moreover, the northern high latitude
regions were comparatively poorly represented in our
model training dataset, and the observation records
within 60–90◦ N regions only account for ∼8% of
the total records of SRDB (figure 1). Previous study
has highlighted that the quantity of the training data
had strong influence on the performance of machine
learning models (Chen et al 2014), and therefore
sparse distribution of observations in the high lat-
itudes may be the major cause for low reliability of
the simulated AR contribution to SR. Hence, more
intensive field observations regarding SR, HR and AR
should be conducted in the high latitude regions in
order to enhance the estimates of SR and its compon-
ents. In addition, it should be cautious that ecological
data are almost always spatial autocorrelated, ignor-
ing the autocorrelation might lead to an overoptim-
istic performance ofmodel validation and hidemodel
overfitting (Dormann et al 2007, Roberts et al 2017,
Ploton et al 2020). Recently, Ploton et al (2020) foun-
ded that ignoring the spatial autocorrelation of data
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Table 1. Representation of C flux in global carbon cycle.

C flux (Pg C yr−1) Reference C flux (Pg C yr−1) Reference

GPP 120 (111–126) Jung et al (2017) TAR = GPP-NPP 64
NPP 56± 14.3 Ito (2011) AAR = TAR-AR 28.8
HR 50.3 This study NEP = NPP-HR 5.5
AR 35.2 This study NBP = NEP-Disturb 3.3
Disturb 2.2 van der Werf et al (2017) NBP 3.8± 0.8 le Quéré et al (2018)

Note: GPP: gross primary productivity; NPP: net primary productivity; HR: heterotrophic soil respiration; AR: autotrophic soil

respiration; TAR: total ecosystem autotrophic respiration; AAR: aboveground autotrophic respiration; NEP: net ecosystem productivity;

NBP: net biosphere productivity; Disturb: C emission due to global fire disturbance.

Figure 7. The relationship between the simulated soil respiration and carbon pools derived from the process-based ecosystem
models. SR, HR and AR indicate the soil respiration, heterotrophic soil respiration, and autotrophic soil respiration, respectively.
Csoil, Clitter and Croot indicate soil organic carbon stock, litterfall carbon stock and root biomass carbon stock, respectively. The
black dots in the plots showed the average outputs from each model during 1982–2012. The shade areas indicate the 95%
confidential intervals. The dash lines indicate no significant relationship.

leaded strong disparities in modeling aboveground
carbon stocks of tropical forests by machine learning
approaches.

Due to the defect of SR and HR measurement
methods, few studies directly measured CO2 efflux
from decomposing dead wood debris. That resulted
in an inevitable bias on the observations of SR and
HR in the SRDB. Given that, we assumed that the RF
models which based on the SRDB might lead to the
underestimation of SR and HR. However, the model
bias highly depends on the ratio of decomposition
of dead woody pools to SR. Rowland et al (2013)
estimated that the respiration from the coarse wood
debris (⩾10 cm diameter) is approximately 5% of
annual total ecosystem respiration in tropical rain-
forest. Considering the grassland and the other forest
biomes where the productivity and wood density is

less than the tropical rainforest, we infer that the
contribution of dead wood debris respiration to the
total ecosystem respiration is less than 5% at global
scale. The further evaluation should be conducted
by integrating more observations of decomposition
from dead woody pools.

4.2. Benchmark analysis of process-based
ecosystemmodels against RF estimates
Our estimates of SR and its components by RF
method provides an opportunity to conduct the
benchmark analysis of ecosystem models. All invest-
igated ecosystem models in this study estimated the
global SR varying from 61.4 to 91.7 Pg C yr−1

(figure 5), however, their estimates of global ter-
restrial net C sink are in the reasonable ranges
3.8 Pg C yr−1 with a relative low variation (SD of
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Figure 8. Estimated global soil carbon stock (a), litterfall carbon stock (b), root biomass carbon stock (c), gross primary
production (GPP, d) and net primary production (NPP, e) by the diverse ecosystem models.

0.8 Pg C yr−1) during 2008–2017 (le Quéré et al
2018). In order to match the estimates of terrestrial
net C sink within reasonable ranges, the models
usually adjust estimates of vegetation gross primary
production (GPP) with SR estimates. Therefore, the
uncertainties of SR simulations can lead to the bias of
other variables in C cycling (e.g. GPP and net primary
production (NPP)). Moreover, there are large differ-
ences in the components estimates (i.e. HR and AR)
(figures 5(b) and (c)). Especially, the variation of sim-
ulated AR from the ten investigated ecosystem mod-
els was higher than that of SR and HR (figure S10).
It is a big challenge for current terrestrial ecosystem
models that model validation and benchmark for the
internal processes are absent, which strongly limits
our abilities to accurately quantify the magnitude of
C cycle variabilities and to predict future scenarios. In
addition, the inadequate performance of internal pro-
cesses also highly impacts the simulated responses of
ecosystem carbon cycle to future climate change.

Based on this study and other estimates using
machine learning methods and meta-analysis

independently, the critical variables of global C cyc-
ling can be estimated for further model benchmark-
ing analysis (table 1). The global GPP was reported
as ∼120 Pg C yr−1 (111–126 Pg C yr−1) by FLUX-
COM using machine learning methods (Jung et al
2017), and the NPP was estimated as 56 ± 14.3
(mean ± SD) Pg C yr−1 by a global meta-analysis
(Ito 2011). Based on the global GPP and NPP estim-
ates, the total ecosystem autotrophic respiration was
calculated as 64 Pg C yr−1. Our results showed the
AR (below ground AR) was 35.2 Pg C yr−1. Given
that, the aboveground autotrophic respiration (AAR)
was 28.8 Pg C yr−1. Meanwhile, this study estimated
SR as 85.5 Pg C yr−1, and HR as 50.3 Pg C yr−1, thus
the net ecosystem production (the residual of NPP
and HR), was 5.5 Pg C yr−1. If we take the C emis-
sion due to global fire disturbance in account, which
was estimated of 2.2 Pg C yr−1 during 1997–2016
(van der Werf et al 2017), the global C sink was
3.3 Pg C yr−1, this figure is very close to the estim-
ate of 3.8 ± 0.8 Pg C yr−1 by Global Carbon Project
during 2008–2017 (le Quéré et al 2018).
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Figure 9. The relationship between the simulated soil respiration and vegetation production derived from the process-based
ecosystem models. SR, HR and AR indicate the soil respiration, heterotrophic soil respiration, and autotrophic soil respiration,
respectively. GPP and NPP indicate gross primary production and net primary production, respectively. The black dots in the
plots showed the average outputs from each model during 1982–2012. The shade areas indicate the 95% confidential intervals.
The dash lines indicate no significant relationship.

4.3. Intercomparison of process-based ecosystem
models
Basically, the magnitude of simulated SR and HR was
determined by environmental variables (e.g. soil tem-
perature and moisture), respiration substrates and
model parameters (e.g. SOC transit time, temperate
sensitivity). Our results showed no significant rela-
tionship between simulated SR and SOC, litterfall
and root biomass C stocks among the investigated
ecosystem models (figure 7). The results suggested
the parameterization exerted more important influ-
ence on the SR simulation than SOC, litterfall and

root biomass C stocks, although there were extensive
differences of simulated C pools among investigated
models (figure 8). Other lines of evidences also sup-
port this conclusion that terrestrial ecosystem mod-
els have shown substantial differences of soil C transit
time (Wang et al 2019). For example, there is a four-
fold difference in the simulated C transit time among
the ESMs from the CMIP5 (Todd-Brown et al 2013).
In addition, the soil and litter C pools is a result of
C input and decomposition at long time scale and
a proportion of SOC was chemically and physically
protected from decomposition by microbes, which
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contribute to the recalcitrant carbon pools (Bradford
et al 2016). We further examined the variation of
simulated GPP and NPP and their relationship with
the simulated SR and its components among eco-
system models (figure 9). Significant positive rela-
tionship was observed between simulated NPP and
HR (figure 9(d)). It can attribute to the changes of
litterfall production induced by NPP which directly
impact the HR. However, there were no significant
correlation between AR and GPP (figure 9(e)). AR
only represents the root respiration, and therefore
the ecosystem GPP hardly explains the differences of
AR among various models. Our results highlight that
detailed analysis should be conducted to investigate
the relationship between AR and the ratio of the pho-
tosynthates allocating to belowground components.

Moreover, previous studies also highlighted the
importance of theQ10 (temperature sensitivity of SR)
value in current terrestrial ecosystem models to the
divergent of HR simulations (Holland et al 2000,
Todd-Brown et al 2014). Furthermore, some ESMs
employ constant Q10 values whereas highly spatial
variability of Q10 has been widely observed in field
studies (Anav et al 2013). Those simplified repres-
entations can contribute to the poor model perform-
ance on SR simulations (figures 4 and 6). In addi-
tion, the global SR, HR, AR and AR/SR of different
ecosystem types simulated by the ecosystem mod-
els were estimated. The highest CV of the simulated
SR, HR, AR and AR/SR by the ecosystem models
were observed in open shrublands/tundra ecosystems
which mainly distributed in the northern high latit-
ude regions (tables S2–S5). That might attribute to
the large divergences in simulating permafrost soil
carbon and turnover time among the ecosystemmod-
els (Todd-Brown et al 2013). This also suggested that
more field observation of SR should be conducted in
those regions to constrain the ecosystem models.

5. Conclusion

The accurate estimation of global SR and its com-
ponents is crucial to the projection of terrestrial C
budgets. In this study, we developed SR models by
the RFmethod based on the global observed SR data-
base. The RF model performed well on simulating
the global distribution of SR and its components.
The estimates of global average total SR, HR and AR
were 85.5, 50.3 and 35.2 Pg C yr−1 during 1982–2012,
respectively. Comparing with the observation data,
the RF models showed better performance than all
the investigated ecosystem models. Moreover, inter-
comparison of the ten terrestrial ecosystem models
revealed large divergence of model performance on
SR simulation. All the models could reproduce the
spatial patterns of SR, but substantial differences in
magnitude of simulations were shown. Our study
provided an extensive and normalized global distri-
bution of SR and its components, which can be used

as a benchmark for advancing ecosystem models and
their parameterization and validation.
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