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Conventional calculations of the global carbon budget infer the
land sink as a residual between emissions, atmospheric accumu-
lation, and the ocean sink. Thus, the land sink accumulates the
errors from the other flux terms and bears the largest uncertainty.
Here, we present a Bayesian fusion approach that combines multiple
observations in different carbon reservoirs to optimize the land (B)
and ocean (O) carbon sinks, land use change emissions (L), and
indirectly fossil fuel emissions (F) from 1980 to 2014. Compared
with the conventional approach, Bayesian optimization decreases
the uncertainties in B by 41% and in O by 46%. The L uncertainty
decreases by 47%, whereas F uncertainty is marginally improved
through the knowledge of natural fluxes. Both ocean and net land
uptake (B + L) rates have positive trends of 29 + 8 and 37 + 17 Tg C-y 2
since 1980, respectively. Our Bayesian fusion of multiple observa-
tions reduces uncertainties, thereby allowing us to isolate important
variability in global carbon cycle processes.

global carbon budget | carbon cycle | decadal variations | Bayesian fusion

he land and ocean carbon sinks provide a vital climate mit-

igation “service” by absorbing on average about 55% of an-
thropogenic CO, emissions from fossil fuel combustion and land
use change. Research has focused on understanding the rela-
tionships between year-to-year variability in carbon sinks and
climate (1, 2), as well as the long-term trend over the full in-
strumental period of CO, monitoring at the Mauna Loa station
(3). Quasidecadal variations of emissions and sinks have received
comparatively less attention. However, significant climate varia-
tion occurs at this specific timescale (4). Since 1980, the variable
occurrence of different El Nino-Southern Oscillation events, two
large volcanic eruptions (EI Chichén and Pinatubo) and the recent
slowdown of land surface warming have modulated the strength of
carbon sinks. There are also decadal-scale changes in the rate at
which human activities perturb the natural carbon cycle, in par-
ticular the recent acceleration of fossil fuel and cement emissions
in the 2000s (5) and the slowdown in global land use change
emissions (LUC) in the mid-2000s, which appears to be partly
driven by reduced deforestation in Brazil (6).

Here, we provide a data-driven assessment of global CO,
sources and sinks at 5-y intervals for the period of 1980-2014.
We use a Bayesian fusion approach whereby different data
streams of ocean and land uptake, LUC emissions, are optimally
combined, and their uncertainty reduced from prior knowledge.
This approach estimates the land sink constrained by data, which
is a major improvement over the conventional method for calcu-
lating the global carbon budget by Ciais et al. (7) and Le Quéré
et al. (8), hereafter LQ15, where the unknown land sink was de-
termined as a residual from the other components (emissions,
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atmospheric increase, ocean uptake). Most of the data streams
used in this analysis start in 1980, and about one-half of them
give decadal mean values of natural sinks and thus do not allow
us to tackle the reconstruction of interannual variability. Our
choice of applying a Bayesian fusion approach to optimize 5-y
average component fluxes of the global carbon budget is there-
fore a compromise that maximizes the use of available obser-
vations of decadal average fluxes.

The principle of the Bayesian fusion approach is to combine
an a priori imperfect knowledge of fluxes with observations and
their uncertainties to infer optimized estimates of fluxes. Here,
we define a priori values of terms in the global carbon budget
that are not from observations. Specifically, we set prior fossil
fuel and cement emissions (F) from inventories and the simu-
lated land, ocean, and land use change carbon fluxes from process-
based models (Table S1). The fluxes in this study are only an-
thropogenic fluxes, assuming a mean CO, growth rate of zero
during preindustrial times. Observational datasets independent
from those prior values are applied to constrain land use change
emissions (L), the ocean uptake of anthropogenic CO, (O), the
land-biosphere sink (B) in ecosystems not affected by land use
change, and the net land flux (B + L) (Table S2). We select the
constraining data from peer-reviewed publications and evaluate

Significance

The conventional approach of calculating the global carbon
budget makes the land sink the most uncertain of all budget
terms. This is because, rather than being constrained by ob-
servations, it is inferred as a residual in the budget equation.
Here, we overcome this limitation by performing a Bayesian
fusion of different available observation-based estimates of
decadal carbon fluxes. This approach reduces the uncertainty in
the land sink by 41% and in the ocean sink by 46%. These
results are significant because they give unprecedented confi-
dence in the role of the increasing land sink in regulating at-
mospheric CO,, and shed light on the past decadal trend.
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their reported uncertainties and possible error correlations with
each other (see details in Table S2).

Results

In the optimization of the global anthropogenic carbon budget
(Fig. 1), the prior value of F and its uncertainty (Table S1) were
defined from the mean value and the range of different fossil fuel
and cement emission inventories, namely from the Carbon Di-
oxide Information Analysis Center (CDIAC) (9), International
Energy Agency (IEA) (10), Emissions Database for Global At-
mospheric Research (EDGAR) (11), and BP Statistical Review
of World Energy (12). These emission inventories are not
treated as direct observations of emissions, and there is currently
no independent observation to verify F. The prior values of O
are from seven ocean biogeochemistry models (8), and the prior
values of B are from the nine TRENDY land carbon models
(13). These prior values from state-of-the-art models are without
direct observational constraints. Some of these models could
possibly be tuned using similar observation-based data, but which
observational data were used for model tuning was not explicitly
reported. The prior estimates of L are derived from the differ-
ence of simulated land carbon fluxes with and without LUC in
the TRENDY carbon models (13). All fluxes are defined as
positive if CO, is emitted to the atmosphere by the land or the
ocean reservoir. Uncertainties in the prior estimates of 5-yearly
O, B, and L, are set to the maximum between those reported by
LQ15 and the SDs across models. All uncertainties here refer to
1-0 Gaussian errors. In this context, the prior uncertainties are
0.5 for O, 0.9 for B, and 0.8 Pg C-y‘l for L, thus not smaller than
the values of 0.5, 0.8, and 0.5 Pg C-y™" from LQ15. It is important
that the prior uncertainties are not too small, so that adding
observations can adjust and constrain the sought fluxes.

Several independent data streams, each with their specific
uncertainty and temporal averaging period (Table S2), are
combined in the Bayesian optimization with the above prior
knowledge. These data streams are as follows: (i) the atmo-
spheric CO, growth rate (CGR) from the National Oceanic and
Atmospheric Administration (NOAA)/Earth System Research
Laboratory (ESRL) atmospheric network (14), which constrains
the sum of all fluxes and is determined very accurately from
more than 60 monitoring stations; (if) the atmospheric 5-y mean
(negative) growth rate of O,/N, in the atmosphere from the

CGR| x1 ref. (14)

[Flolfe][:

O,/N, x 1 ref. (15)

|§| x5 ref. (17-21)
<1 ref. (22)

L x 2 ref. (23, 24)

prior uncertainties

reduced uncertainties

B+L | x 1 RECCAP

Floje

Fig. 1. The framework of our optimization. The number of constraining
data streams and the specific data sources are marked on the Right. The
fluxes that are optimized are 5-y averages of F, O, B, and L, representing
fossil fuel and cement emissions, ocean sink, land sink, and land use change
emissions, respectively. The observations used to constrain these fluxes are
the 5-y averaged growth rates of CO, and O/N, in the atmosphere, obser-
vations of O and B from carbon measurements made in these two reservoirs,
and inventory-based estimates of L and the net land sink (B + L). In this
framework, the CO, growth rate constrains the sum of all of the fluxes. The
0O,/N, growth rate allows us to separate O and B + L and bring some con-
straint on F as well.
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Scripps O, Program (15), which relates to the combined effect of
B + L and F changes, while being insensitive to changes in O
(note that O,/N; has a negative trend in the atmosphere); (iii) a
set of yearly mean estimates of O from observational products
based on in situ partial pressure of CO, (pCO,) surveys cor-
rected for natural ocean CO, outgassing from carbon delivered
by rivers (16) and using a neural network approach (17) and a
diagnostic mixed-layer approach (18), and a set of decadal-mean
estimates of O from inventories of carbon change in the ocean
deduced indirectly from chlorofluorocarbons (CFCs) (19) com-
bined with '*C (20), and observed atmospheric mean CO, level
and oceanic CO, and dissolved inorganic carbon observations
(21); (iv) 10-y mean estimates of B from a global synthesis of
changes in forest carbon stocks (22); (v) decadal mean B + L from
inventory-based land carbon storage change from the RECCAP
publications on regional budgets (Table S3); (vi) 5-y mean LUC
emissions from two independent bookkeeping approaches con-
strained by observed carbon stocks (23, 24). The uncertainties in
each data stream are either derived directly from the original
publications (when reported) or estimated from expert judgments
(see details in Table S2). The optimization is performed for seven
consecutive 5-y windows between 1980 and 2014.

In the Bayesian optimization, observations that describe mean
fluxes during intervals longer than 5 y are still useful to infer
5-yearly fluxes. For example, the mean ocean sink observation
for the 1990s (19) constrains the two mean 5-yearly O during
1990-1999, whereas other independent observations (O,/N, and
CGR) help to further allocate O values between the periods
1990-1994 and 1995-1999. Despite no direct observation of F,
this flux is found to be slightly improved in the Bayesian fusion,
through knowledge of the other terms, and because the sum of
all fluxes is very well constrained from CGR observations. We
are aware that some observation-based land sink estimates have
systematic errors in the way they are included in the optimiza-
tion. In particular, the estimate of B from ref. 22 is only for
forests and ignores other biomes. However, the Regional Carbon
Cycle Assessment and Processes (RECCAP) studies (25-27) and
other estimates (22, 28) of the carbon stock change in nonforest
biomes suggest that the forest sink alone accounts for most of the
global land sink B.

The improved global budget of anthropogenic CO, is shown in
Fig. 2, and all data are given in Table S1. After optimization, the
a posteriori uncertainty in each flux is reduced. Compared with
the conventional method applied by LQ15 and IPCC-ARS (7),
uncertainties in B and O are reduced by 41% and 46% in this
study. In the Bayesian data fusion, the land sink is no longer
solely inferred as a residual that accumulates uncertainties from
all other terms, and it exhibits a large reduction in uncertainty.
The uncertainty in L decreases by 47%, but the uncertainty in F
is marginally improved (by 1%) through the indirect constraints
of other terms. In the absence of direct constraint on F, this small
reduction in the F uncertainties compared with LQ15 and IPCC-
ARS (7) is also because we use multiple emission inventories
[whereas LQ15 and IPCC-ARS (7) only used CDIAC (9)] and
start at relatively higher prior uncertainties in F (Table S1) than
in LQ15. Despite their improved (smaller) uncertainties, the 5-y
mean fluxes shown in Table S1 do not differ statistically in their
mean values from LQ15. This indicates that each flux of the
Bayesian carbon budget is fully consistent with LQ15 even though
we used an array of data with different measurement methods and
with uncertainties estimated in different ways. Specifically, we
obtain emissions from fossil fuel burning and cement production
that are smaller than LQ15 by 0.18 + 0.19 Pg Cy~! during 1980
2014 (Fig. 2). A downward revision of global F is consistent with
the correction of the emissions for China based on evidence of the
lower carbon content for coal burned in that country (29). Com-
pared with LQ15, the optimized ocean sink during 2000-2004 is
larger by 0.22 Pg Cy~* but lower by 0.18 + 0.10 Pg C-y™* during
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Fig. 2. (A) The fossil fuel and cement emissions (F), (B) ocean sink (O) and
(C) net land flux (B + L), and (D) land sink (B) and land use change emissions
(L) from prior knowledge, posterior results, and LQ15. All of the fluxes are
5-y means in each period. The error bars represent the 1-c¢ uncertainties.

all of the other periods. In the past decade (2005-2014), both
ocean sink and land sink from our optimization are smaller than
LQ15. The optimized fluxes of L are similar to or lower than
those from LQ15. The trend of F for the seven 5-y periods is
positive (P = 0.003), with a probability of a positive trend for
ocean and net land (B + L) uptake rates of 93%; the trend of B
or L individually is not statistically significant (P = 0.23 for both).
The increasing rate of ocean and net land uptake are 29 + 8 and
37 + 17 Tg Cy 2 since 1980, respectively. Similar statistically
positive trends were also found in the 5-y mean ocean and net
land uptake rates between 1980 and 2014 calculated from the
yearly budget updated by LQ15 (Fig. S14). Given the robustness
of O inferred by our optimization (Fig. S2), and in view of the
many observations constraining this flux, there is a high confidence
that the ocean sink has been increasing over time since 1980. The
optimized land sink is less variable between different 5-y periods
than in LQ15 (Fig. S14). However, the ocean sink is more vari-
able, with a SD of 0.34 Pg C:y~' compared with 0.27 Pg Cy~' by
LQ15 (SDs across the seven periods analyzed).

From 1980 to 2014, the average fractions of F + L emission
reabsorbed by the land and ocean carbon reservoirs are 29 + 5%
(mean + 1 o of inter-5-y variability) and 26 + 2%, respectively.
The ratios of both O and B to F + L emission do not exhibit any
significant trends (P > 0.05; Fig. S1B). Even with their reduced
uncertainty in this study compared with LQ15, the variability of

Li et al.

O and B between 5-y intervals prevents us from assessing the very
small trends in their ratios to emissions. Similarly, we found no
significant trend in the ratio of O or B to fossil fuel emission (F).
The larger variability of the B-to-(F + L) ratios compared with the
O-to-(F + L) ones (Fig. S1B) suggests that the efficiency of the land
sink at absorbing emissions is more variable than that of the ocean
sink. For instance, during the period that followed the cooling from
the Pinatubo eruption in 1990-1994 (30-32), the B-to-(F + L) ratio
increased by 46% above its long-term mean. This ratio was also
higher than normal during 2005-2009, possibly due to the absence
of El Nifo and to the occurrence of a cooler and wetter La Niha
event in 2008-2009 manifested by lower than normal CGR (3).

Discussion

In our Bayesian fusion, the CGR constrains the sum of the dif-
ferent fluxes; thus, an overestimation of a component flux due to
the use of a single published estimate of that flux would result in
an underestimation of another flux, leading to negative corre-
lations between uncertainties in the different components of the
posterior fluxes. These negative correlations are clear between
uncertainties in B and F (ranging from —0.80 to —0.35), in B and
O (from —0.60 to —0.30), and in B and L (from —0.53 to —0.24)
(Fig. S3). This indicates that, although the uncertainties for each
flux can be significantly decreased, the remaining (posterior)
uncertainties are hard to be decoupled. In comparison, we also
calculate the correlations between uncertainties in B and other
fluxes by classical error propagation rule from mass balance
equation B = CGR - F — O — L. The conventional error budget
calculation gives a typical uncertalnty of 0.76 Pg Cy~! for
B. Negative error correlations also exist in that approach between
B and F (0. 39) between B and O (-0.79), and between B and L
(—=0.39). Thus, in our study, not only the posterior uncertainties
of B (0.42-0.53 Pg C:y~!') are smaller than those calculated by
the conventional approach, but also the negative error correla-
tion between B and O is smaller, indicating a better separation
between the carbon sinks of B and O. In addition, although the
negative correlations between B and F, and between B and L are
slightly larger than those calculated by the conventional ap-
proach, it does not mean our approach has poorer ability to
separate these components because we have succeeded in sig-
nificantly decreasing the absolute uncertainties for all of the
fluxes, thus allowing us to draw more definitive conclusions.

The Bayesian fusion of different observational components of the
anthropogenic CO, budget proposed in this study provides the most
robust estimate to date of the strength and evolution of the land
sink on 5-y intervals and brings a more robust picture of the current
perturbation of the carbon cycle. Future work could apply the same
fusion approach to regional carbon budget estimates and to gross
CO; fluxes of photosynthesis, respiration, and fire emissions.

Materials and Methods

Bayesian Estimation System. Each estimate of the 5-y mean carbon fluxes,
called hereafter the “control variables” x, is based on the update from a
prior estimate of these variables x®, using some observation-based estimates
y° of the fluxes that are connected to the control variables through the
relationships H: x—y = H[x]. We follow a Bayesian statistical approach for
this estimation. Assuming that the distributions of uncertainties in x® and y°
are unbiased and Gaussian, being characterized by the prior and observation
uncertainty covariance matrices B and R, respectively, and that H is linear
(denoted as a matrix H), the statistical estimate of x, given x® and y°, is
unbiased and Gaussian, and the corresponding optimal estimate x* and
uncertainty covariance matrix A are given (33) as the following:

A=(BT+HRH), )]
x2=x® + AH'R™ (y Hx) 21

where the superscripts T and “—1" denote the transpose and inverse of a
matrix, respectively.
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In the optimization, we update the estimate of the mean fluxes of fossil
fuel and cement emissions (F), ocean sink (O), land sink (B), and land use
change emissions (L) for each 5-y interval from 1980 to 2014 (Fig. 1 and Table
S1). The observation vector contains estimates of 5-y mean global value for
the following: the atmospheric growth rates of CO, (CGR, in petagrams of
carbon per year), atmospheric growth rates of O,/N, (CGR-O,, per meg unit),
observation-based estimates of ocean sinks, land sinks, land use change
emissions, and net land sink (B + L) (the data sources for these components
of y° are summarized in Fig. 1 and provided in Table S2). H is defined for
each 5-y interval by the following:

X - y° = Hx
CGR F+O+B+L
F CGR-0; apF+og(B+L)+Zo2
H:- 1912 o _ 0 E]]
| B B B !
L L L
B+L B+L

where a, ag, and Zg, are constant coefficients from ref. 15.

The prior estimates for the different control variables are built with in-
dependent datasets so that there are no correlations between the prior
uncertainties in the different control variables. When setting up the obser-
vation covariance matrix, the temporal correlations between the uncer-
tainties in different 5-y intervals for CGR and O are estimated using the
method in ref. 34. The correlations between the uncertainties in the two
data-driven estimates of O (17, 18) are estimated from the series of annual
fluxes of the two products by assuming that the correlation in annual fluxes
within each 5-y period is an approximation of the 5-y mean flux error
correlation.

Data Used to Derive the Prior Statistics of the Control Variables. To define the
prior estimate of F, individual country data from four emission inventories
[CDIAC (9), IEA (10), EDGAR (11), and BP (12)] are grouped into geographic
regions as specified by the United Nations Statistics Division (unstats.un.org/
unsd/methods/m49/m49regin.htm). Cement emissions from EDGAR are added
into the IEA and BP datasets that do not include cement emissions. Uncer-
tainties for each country (35) are used to create regional uncertainty distri-
butions using a bootstrapping method, with the uncertainties of the highest
emitters in each region contributing the most to the uncertainty distributions.
This effect is achieved by weighting the sampling probability (P by the rela-
tive contribution of each country’s emissions (E¢) to the total emissions within
the region (Eg) as follows:

p=-C.
s Er

[4]
To constrain the temporal component of the emission errors, 10 random
samples are drawn from the corresponding regional uncertainty distribution
for each country, producing 10 random uncertainties for each country. These
country-level uncertainties are used to constrain a random error time series
covering 1980-2014, which is then run through an algorithm incorporating
autocorrelated random noise, such that

er(t) = 0.95 X gp(t_1) + &), [5]

where emission error factors for any given year &g are correlated with the
emission errors from the previous year eg:_1) by an autoregressive coefficient
of 0.95 with gy as random error. The autocorrelated time series are then
multiplied and added to the fossil fuel emissions for each country, and
subsequently 500 samples of global fossil fuel emissions are taken for each
5-y bin. The means and SDs of each bin for each inventory are calculated
from these 500 samples. Additionally, the correlation in global uncertainty is
calculated between 5-y bins and inventories to produce an error-covariance
matrix. The maximum between the uncertainties calculated above and the
SDs of the 5-y means across four emission inventories were adopted as the
uncertainties in the prior estimate of F.

Prior O values are set from the ocean biogeochemistry model values used
in LQ15, which represent state-of-the-art ocean models and are generally
consistent with estimates from data-based products (8). Note that LQ15
adjusted their simulated O so as to match ocean observations during the
decade of the 1990s and then used these bias-corrected ocean models out-
side this period (see adjusted values in Table S1). Here, for setting the prior O
estimate and uncertainty, we consider simply the spread and the mean of
ocean models without any adjustment, because the adjustment performed
by LQ15 is already a kind of model data-fusion approach based on the ocean
observations used in our study.
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Prior values of L and B are set from simulations in the TRENDY (version 2)
model intercomparison project (13). The simulations in TRENDY (version 2)
are up to 2012, and thus the priors for the period of 2010-2012 were used
for the period of 2010-2014. All of the prior flux values are summarized in
Table S1.

Uncertainty Correlations Between Optimized Variables. The correlations of the
uncertainties between optimized variables are shown in Fig. S3. In com-
parison, we also calculate the correlations between uncertainties in the
fluxes when deriving the estimate of B using the classical mass balance
equation B = CGR - F — O — L. First, the uncertainties in an estimate of the
flux i is calculated using inverse variance method, based on the variances
associated with all of the estimates of this flux (=1, 2, ..., m):

[6]

The resulting uncertainties for CGR, F, O, and L are as follows: 0.2, 0.3, 0.6, and
0.3 Pg Cy~", respectively. Based on a simple error propagation: ez =&cgr —
er —eo — ¢, and the independence of the estimates of CGR, F, O, and L, the
variance of the uncertainty in B is given by the following:

gé:E(sgaB)=()'E—GR+0'Z—+(75+O%, [71

where E(.) is the expectation of a variable. The correlation between the
uncertainties in B and in another variable, namely, O in the equation below,
is given by the following:

;
r(ess 80>=M:_”_0_ [8l]

00O oB

Sensitivity Tests. Four sets of sensitivity tests were conducted (Fig. S2):
(/) using F from different inventory datasets (IEA, EDGAR, CDIAC, and BP,
respectively) as priors; (ii) using different ocean constraining datasets (only
data from ref. 17, only data from ref. 18, data from refs. 17 and 18 but
without other ocean data, and all ocean data except ref. 19, respectively);
(iii) using different tiers of constraining data (tier 1 only, tier 1 plus tier 2,
and tier1 plus tier 2 plus tier 3, respectively); and (iv) using enlarged prior
uncertainties (10° Pg Cy~" except F), prior B and O from CMIP5 models (36)
instead of TRENDY (version 2) models, and a subset of constraining data
including CGR, Oy/N,, L from ref. 24 and O from pCO, and inventories (17,
18, 20). The constraining data tiers (Table S2) were defined as follows: tier 1,
direct carbon observations (e.g., CGR); tier 2, indirect carbon observations
unambiguously related to carbon quantities (e.g., O2/Ny); tier 3, direct car-
bon observations with an empirical (data-driven) model used to obtain
global estimates, for example, the use of geostatistics to up-scale local data
into global values; tier 4, indirect carbon observations not simply related to
global carbon flux quantities.

The ocean sink is rather consistent in all sensitivity tests (Fig. S2), implying
it is very robustly constrained in the optimization because of the sufficient
number and consistency of constraining observational data (see the O
constraining data in Table S2). Small changes in optimized F were found
(Fig. S2A) in the sensitivity tests using prior F from different datasets, and
the land sink is more dependent on the prior F choice. In the sensitivity
tests using different ocean constraining data (Fig. S2B), all fluxes are
generally consistent, and very slight changes for O appear in the tests using
ocean data from ref. 17 only and from ref. 18 only during 2000-2004 and
2005-2009. The decadal estimates (19-21) only have small impact on their
corresponding periods. The important point for the sensitivity tests using
different tiers of constraining data are that there is no inconsistency (i.e.,
shift in posterior estimate) between the assimilations of different “obser-
vation-based” tiers, although L may change due to the lack of individual
constraints in tier 1 and tier 1 plus tier 2 (Fig. S2C). With enlarged prior
uncertainties (10° Pg C-y‘1 except F), the mean flux values do not shift in
general but the posterior uncertainties increase (Fig. S2D). Results are also
very consistent by replacing prior B and O from TRENDY, version 2, models
with from CMIP5 models (Fig. S2D). The sensitivity test using a subset of
constraining data underestimate B and L compared with the original opti-
mized results (Fig. S2D) because the L estimates in ref. 23 (used in the
original optimization but not in this sensitivity test) is higher than that in
ref. 24 (Table S2).

Trend Test. A Mann-Kendall statistical test was applied as a trend test.
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Fig. $3. Correlations between the posterior uncertainties. The subscripts 1-7 represent the 5-y periods from 1980-1984 to 2010-2014 in sequence.

Table S1. Prior and posterior values and uncertainties (petagrams of carbon per year)

Variable 80-84 85-89 90-94 95-99 00-04 05-09 10-14
Prior
F 5.27 +£0.28 5.79 + 0.41 6.18 + 0.35 6.55 + 0.35 7.19 £ 0.39 8.40 + 0.53 9.16 + 0.41
(e] -1.70+ 050 -1.71+050 -198+050 -191+050 -198+050 -2.20+0.50 -2.43+0.50
O_adj -193+050 -194+050 -225+050 -2.15+050 -224+050 -248+050 -2.74+0.50
B -1.31 + 0.95 -1.89 + 0.83 —2.06 + 0.85 -2.08+080 -2.31+080 -243+080 -2.37+1.01
L 1.30 + 0.62 1.39 + 0.65 1.78 £ 0.94 1.83 + 1.04 1.20 = 0.70 0.94 + 0.65 1.00 + 0.70
Posterior
F 5.22 + 0.27 5.77 + 0.38 5.96 + 0.31 6.43 + 0.32 7.17 +0.33 8.03 + 0.40 9.14 + 0.37
o -1.82+040 -1.76 + 0.33 -2.02 +0.19 -1.77 + 0.22 -245+024 -230+024 -2.69+0.26
B -1.86 + 0.53 -1.83 £ 0.52 -3.07 + 0.45 -231+044 -1.64+042 -2.36 + 0.47 -2.82 + 0.50
L 1.43 + 0.29 1.63 + 0.30 1.52 + 0.31 1.54 + 0.29 0.96 + 0.26 0.86 + 0.22 1.24 + 0.19
B+L -0.43 + 0.49 -0.20 + 0.49 -1.55 +0.39 -0.77 + 040 —-0.68 + 0.42 -1.50+0.48 -1.58 + 0.48

The adjusted O values (O_adj) from LQ15 that are not used in the optimization are also shown for a comparison with the unadjusted
prior O values. The adjusted O values are, on average, 0.26 + 0.03 Pg Cy~' smaller than the unadjusted ones.

Li et al. www.pnas.org/cgi/content/short/1603956113 30f6


www.pnas.org/cgi/content/short/1603956113

"(61) "|B 39 |ISNDIN Wouy sdjewilss O Yyum diysuonejas a|qissod ayy Joj anoge 295
'saseqelep se|ly ueadQ PUOAA Pue dvdo1D ayi wouy Aluljes pue
‘ainjesadwial ‘), [eANIRU ‘(SD4D) SUOQGJEI0ION|J0IO[Yd S NS ‘SI9DBIL JIUBSIO 4O SJUBWINSeIW
pI3l} UO paseq 2JaMm S31eWIlsd 3saYL (07) ‘|e 19 BJeMIeYY WO SJe S3]IUIRIISdUN pUe SUeI| v
"JUD]SISUOD JBYIEI BJE S} NSdl
31 pue ‘pa1dNpuod sem (gL) ‘|e 19 [IINDIN Woly erep Buisn Inoyum 193 ALAIISUSS 7 "dejuano 31|
e s| 843y} ybnoyije ‘uoirewIoul 10w Ydnw sasn snyl (0Z) |8 39 ejemileyyl 40 poyidw sy "paxiw
Buiaq aJe jey) sio1em 4o sadA) syl SulWISISP 0} JSQWIW-PUS UO UollewWIOoUl 396 03 a1eydsoyd
pue ‘uabAxo ‘Ayuijes ‘aunjesadwal Ag paruLWS|dWOd ‘w3 Hsuel} JO1ISIUI-03-9DBHINS IO4 D, pue
‘11-24D "21-24D pasn (07) “|e 12 ejemneyy “Ajuo elep z|-d4d Buisn O parewnss (61) ‘e 19 [IINDIA
"e1EpP SD4D UO Paseq s 91ewilsd
O |eped3p SIYL '6661 03 0661 WO O UIBIISUOD 01 (61) ‘| 19 [ISNDIN WOU) 31 S3IJUIRLISdUN PUR SUBS|A v
*(£1) "[e 18 J9zZinydspue wody s91ewilss O Yum diysuoneal a|qissod sy} o4 anoge 99§
‘abueu o-| sy spuasaudals
51591 AlAIISUSS By} Jo abueu 1eyy Buiwnsse Aqg (8€) °|e 19 paquapey Aq Apnis syl wouy parejndjed
SI (81) "[e 19 3P9quapPQY 4O 91eWIISd JO AJUIL1I3dUN Y] "UOIIBAISSUOD SSEW PUB UOI}RAISSCO
20Dd adeyns uo paseq yoeoidde uake|-paxiw d13soubelp e Buisn saxn|y UOGIed URSDO BY) PALWIISD
(81) "|e 33 %>2quapey *(91) "|e 33 uosqoder wouy (,_AD Bd 81°0) Buissebino jo ssnuledUN
Buipuodsa.iiod ayi pue | A b4 Si°0 40 Buissebino ue o1 pappe ale (81) “|e 12 YP3quapey Woly sanjep € 890 F 6£°C— 89°0 ¥ 95'L—
‘pawIoyiad Os|e SJaMm s)}aselep O OM1
953U} JO duo Ajuo Buisn 51593 AHAINISUSS ‘UOIHPPE U] “(F€) “|e 1@ dukiue|jeg wol) poyidw ay3 buisn
P331eWIlse Os|e SJaM S}3Selep OM] 9s9Y3 JOJ S|AISIUL A-G JUDIDHIP Ul S3I1IUIBLISdUN SY} USIMIS]
suolle[2410d [eJjodwial YL "UOIIB[BLI0D JOJID XN|} ueaw A-g 8y} Jo uonewixoidde ue s polsad
A-G yoes ulynm saxn|y |enuue Ul Uo1e|31I0d Y3 1eyl bulwnsse Ag s1onpoud om) syl JO saxn |4 jenuue
JO $9113S 3Y} WOJ} S}9selep O OM) 9S3U3} USaMISQ SUOIIR|410d 101D [eljudlod Sy} pajewiiss am
‘UOISIBAUL JNO U] “[(L€) "1 32 XPaquapQy Aq Jaded uosiiedwodiaiul (INODOS) buiddey ¢0Hd uesado
92eJINS BY] 995 S} NsaJ [euoibau Juasayip A1an 106 pue xnjy sjessdn 01 saydeoidde juspuadapul
papnpuod Aay3 1nq ‘elep ¢0Dd pasn (81) ‘|e 13 J29quapQy pue ‘(£1) ‘|e 18 J9zInydspue] yiog
‘Yyonw jou ybnoyije ‘pousad y861-0861 dYl Joy sishjeue Jiayy
ul B1EP SI 9J3Y) PUB ‘96| Ul SHIBIS 1BY) BIEP ZALYDOS Pasn (/1) ‘|e 19 J9zinydspueT 1eyl 910N ¢odd
uead0 ddeyns uo paseq Ajuewnid yoeoidde 3jJomiau [eIndU e pasn (/1) e 19 J9ZINYdSpUET Wois
$91eWIISd 3Y1 “(91) ‘|e 32 uosqoder woly (,_AD Bd 81°0) Buissebino jo sapuiessdun buipuodssiiod
ay1 pue |_A> bd St°0 4o Buissebino ue o) pappe aue (£1) ‘e 19 JBZANYISPURT WOL saN|eA € LO'L ¥ 8T~ LO'L ¥ 20T
"¥DD o asn ay3 a1edidnp
0} 10U JBPJO Ul “7 + g pue 4 JO WNS 3y} UIRIISUOD O} Pash sem ZN/ZQ Jo a1ed yimoub ayy Ajuo ‘aisHy
Apnas siyy ul pasn st (§1) buiuuey pue bui@ay wouy 207 + (1 + g)8o
+ 43— =20V Jo diysuone|al ayL (Q) xnjJ ueado jo abueyd sy} sAIISUSSUI SI 11 INg ‘(4) UOISSIWS [any
|ISso4 pue (7 + g) xn|} pue| 18U 4o abueyd ay3 01 paie|al si QO dusydsowie Jo abueyd ay] ‘plaom sy
Jano suonels burioyuow 1e sajdwes Jie 6uida||od Aq sjana| uabAxo >usydsowse ul seabueyd spiodal
weuboud ¢Q sddiuds oy "S913UIRLISdUN S PAsn aJe SUOILe]s 9saYl WOy elep ssosde sqgs syl *(Sl)
Buluuepy pue 6uijaayl ul se sueaw [eqo|b ay3 se uaxe) aie wn ade) pue ‘e||of B ‘1IS|V JO SUOIIe]S
wouJj ejep jo abeiane paiybiam ayy pue ‘(/npapson-zosddiids) weiboud ¢Q sdduds wouy ale eleq 4 [E0 F ¥9°0L— GE0F SL6—
abueypd e 1d919p 03 AljiIge uno juasaidals saijuieladuUN
9s3Y] ,'SUOIIBINSP pJepUE]s [EPEISP dY) 4O SUBSW dY3, dJe YdIym ‘(y€) ‘|e 18 aukiue|eg
ul | 9|ge} Wouy dJe saiuiedun ‘(L) J4omiau dusydsowle TYSI/VVON Syl Wody suoiiels
Burioyuow 09 UBY} SJOW WO SUOIIBAIDSCO UOCJED 134IP S| (YDD) 91ed ymmoub 20D dusydsowie ay | l 910 F 08V 9L 0F 2LV

090 + S0'C—

890 F9L'L— 890 ¥ 89'L—

LO'L F65°L— LO'L F €S°L—

0£°0 + 68'8— 690 F LEL—

91’0 ¥ €6'€ 810 ¥ 68°€

090 F L6'L— A2 Bd ‘0

0’0 ¥ 002~ A2 Bd ‘0

89°0 F €0'C— 89°0 F Z8'L— kD> Bd ‘0

L0l F88'L— LO'L F68'L— LO'L F6L1L— A2 Bd ‘O

ToF 0L9- Hun Baw Jad NQ

810 F S€C TT0 ¥ 18°€ TOF 6 A2 Bd "4DD

S3dUB43J3J pue spoyIsip 1911 71-0l 60-50

S YN

70-00 66-596
uoneziwndo ay) uj pasn

¥6-06 68-G8 ¥8-08 ejep Bujujeiysuod
swieas}s eyep BujuiesISuod JUIALIP JO SIN|EA pUE S324N0S TS d|gel

40f 6

Li et al. www.pnas.org/cgi/content/short/1603956113


http://scrippso2.ucsd.edu/
www.pnas.org/cgi/content/short/1603956113

'salypuenb xnj4 uogued |eqo|b o3 parejas Ajdwis 10U SUOIIBAISSGO UOGJRD 1D3JIPUL ‘f J31) ‘sanjeA |eqo|6 olul elep |ed0| djeds-dn 03 $J11513e1s0ab JO asn ay) ‘d|dwexa 1oy ‘sd1ewllsd |eqo|b uielqo 01 pasn [dpow (UdALIP-elep) [ed1Idwa ue YHM SUOIIeAISSqO
uogJed PaJIp ‘s 4313 {(N/O “6°9) sennuenb uogued 0} pajejas Ajsnonbiquieun SUOIIBAISSAO UOGIED 134IpUl ‘Z 4313 /(YD) “6°9) SUOIIBAISSGO UOGIED 1D31IP ‘| 41} [SMO||O4 Se PAUIDP SJ9M SI313 Blep Bululelisuod sy "Palanod awiy Jo Yyibus| ays sazedipul buipeys abuelo pue an|q ayL

(72) "1e 1@ uoybnoH wouy 7 yum diysuoiiejas a|qissod 1o} anoge 935
*A1isusp uoqued jualsayyip buisn
$91EWI1SD DAIIRUISY|E SYJ YLM 9DUDIDLIP Y] 01 J343J 949y SDIIUIBLISDUN Y[ "SSUO 18U Uey} Jayiel
SUOI}ISUBJ] JOAOD pUB| pUB 3N pue| ssoJb Y3 10y sJunodde os|e 1] *||92 plb Yyoea ul suoldesalul J1dyl
pue abueyd JSA0D pue| pue asn pue| SAISSIIINS JO SILIO1SIY SyDeJ) pue [spow Buidaadypooq 1d1jdxa
Ajjenneds e si [spow 3N19 *(£2) ‘| 19 sisueH Ag |9pow JNTg 9yl WO dJe S31IUIRLIIdUN pue SUBIA
'S91BWI1SD T OM] dY} USDMISQ UOI[1B|31I0D J0LID OU S| 949y} ‘D10)a19y] ‘(6E) e1ep
(HN7) uoneziuowuey asn pue| pasn (£7) '|e 19 sisueH seasaym ‘nduj se eyep sabueyd asn pue| yy4
JOV4 Pasn (Z) "|e 1@ uolybnoH "sassad0.d Jualailp papnpul pue sdew abueyd asn pue| JUdIa4IP
pasn Asys ‘spoyiaw Buidasypjooq pasn (£7) ‘| 19 sisueH pue () ‘|e 3@ uoybnoH yioq ybnoyyy
'saxn|} abueyd asn pue| ay} 91ewiss 0} (]1os pue uonelaban 6 9) sjood uogued JualaIp ul AYisusp
uogJed pauiquod pue ‘abueyd asn pue| Jo eaJe dY} 3desl 01 QY4 wou) erep Aiojuaaul pasn (yg)
‘|e 18 uolybnoH wouy [pow Buidasypooq ay] *(8) | 19 219Ny o7 wouy 19bpng uogsed |eqo|b ay3 ul
pasnh os|e sI Yd1ym ‘(7z) ‘|e 32 uoybnoH Aq |apow Buidasy00q Y} WO SJe S3I3UIEIIDUN PUE SUBIA|
‘(@noqe 99s) paJoubl sem (gg) ‘|e 19 ued Wou) g YUM uoi1e|aaiod [jews Ajjeiualod
"€S d|qeL ut [(91) ‘e
12 uosqoder wouy | _AD 6d 81°0 F G¥°0 40 saxn|} BuissebIno JaAL 104 Pa13.410d] 33N dlusbodouyiue
(sonjeA |euoibal Jo wns) |eqo|b syl 01 si9yad 249y pasn 7 + g dYL *(ES 9|gel) $92unos eyep
snoliea Buisn 934> uoqgJued |euoifbas uo paseq palewilse s1PNPOoId USALIP-eIep BJe dyDD3IY woly 33N
"(€S @19el) dvdD3Y
'a13Yy PapN[dul 10U Sem dyyDDIY WoU) T + g pue (Zg) °|e 19 ued Wou) g Ussamlad uolle|alliod
9yl snyx pue ‘(€S ajqe]) ||ews A1aA sI 3N |gO|6 Y3 01 edLIY Ul JIN JO UOIINQIIIUOD Y] 'JSASMOH "]
+ g UleJ1suod 01 dyDDIY wouy (3IN) abueydxa wa3sAsods 3au [euoibai Jo wns 3y} pasn am pue ‘(zz)
‘|e 19 ued WOJ BOLILY Ul 91BWIISS g Pasn dyDDIY "edl)y Jo) 1dadxa erep Jayio YlM Uolle[24i0d ON
‘pue|ssesb 91| swa3sAs0da JBY10 WO SHUIS uogJed pue| Jo Ajuielsadun ay) Juasaidal
Kew ydiym ‘papnjpul osje ale (zg) '|e 18 ued wouy € d|qel ul sjenpisal [eqo|b Jo sanuieadun ayl
's15940} paysi|qe1ss |eqo|b ul yuis uogued ay3 J0) SJUNOdJE AJUO 943y g 1BY] USAID "SUOIIRAIDSCO P|al)
aw-buo| pue salo0lUSAUI UO paseq Yoeoudde dn-wo110q e Buisn saxn|4 pue 3>01s UOGJed 15910}
|eqo|6 pajewiyss Aoyl *(91) saxn|y BuissebINO JSALI IO PSI1IDII0D pue (Z7) °|B 18 Ued WOI dJe SUBS|A
R-DB]
UM UoI1e[2410d OU SI aJ9Y) ‘snyL "Apnis SIyl ul pasn YOO JO SUOIIBLIBA SY) UeY] JBYlel aiaydsowie
9y} Ul [9A9] Z0D ueaw ay} pasn Ajuo 1 ‘ZQ) dusydsowle pspnpul O 40 91ewnsa siyl ybnoyyy
‘B1ep JO 3sn 3|NOP Ou SI aJay}
SNyl pue ‘Yo ay3 1ou ‘assydsowie ay1 ul [9A9] 0D ueaw ayl pasn Ajuo syl palou aq pinoys 1
's9xn|} pue| paseqg-Aiojuanul pue ‘exep ¢Qdd adegins pue ‘(DQQ) UogJed djuebioul PaA|oSSIP JoLIRIUI
uea0 Q) d1vydsowie Buisn UOISISAUI UBSI0-249YydSOW]e Ue WOl PIALISP SeM 91eWIlSS O
SIYL "6661 01 0661 WOJL O UIRIISUOD O] (L Z) JogNnJD pue dweduldls WoJ) S1e S911Uleladun pue suesjy

€

€

7T0 F9€°L

050 + 880

8C0FELL oo+ LT

0S°0 + £8°0 0S50 0L

190 ¥ 6C°L—

€Ll FS8L—

€70 F vSlL

0S0 F 9L

60'L ¥ S0°C—

0S0 28l

050 ¥ 9971

020+ 08'L—

750 F68°L 670 F9L°L A2 Bd 1

050 F¢S'L 050 F €€7L A2 6d 1

kD Bd "1 +4

A Bd ‘g

&> bd 'O

S3DUDID4DI pUE SPOYIBIA

S YN

.1

v1-0l

60-50 ¥0—00

66-56

6—06

68-S8 78-08 elep bujuresysuod

Juo)y ¢S s|qel

50f 6

Li et al. www.pnas.org/cgi/content/short/1603956113


www.pnas.org/cgi/content/short/1603956113

L T

z

D\

Table S3.

Estimates of net ecosystem exchange (NEE) from Regional Carbon Cycle Assessment and Processes (RECCAP) international
research project

Mean, Uncertainty,

Region Flux Period Tg Cy™" Tg Cy~' References in the mass balance calculation
North America NEE 2000-2009 -418 288 King et al. (27); Peters et al. (40)
Europe NEE 2000-2007 234 166 Luyssaert et al. (26); Peters et al. (40); Hartmann et al. (41)
Russia NEE 2007-2009 —-600 224 Dolman et al. (42); Hartmann et al. (41)
South Asia NEE 2000-2009 -86 34 Liu et al. (28); Peters et al. (40); Hartmann et al. (41)
East Asia NEE 2000-2009 -256 35 Piao et al. (25); Lauerwald et al. (43); Peters et al. (40); Hartmann et al. (41)
Southeast Asia NEE Undefined -97 186 Liu et al. (28); Peters et al. (40); Hartmann et al. (41)
South America NEE 2000-2009 11 284 Gloor et al. (44); Peters et al. (40); Hartmann et al. (41)
Africa NEE 2000-2007 12 292 Pan et al. (22); Valentini et al. (45); Peters et al. (40); Hartmann et al. (41)
Australia NEE 1990-2011 -71 36 Haverd et al. (46); Hartmann et al. (41)
Globe NEE 2000-2009 -1,740 604 Sum of regional NEE

B+L 2000-2009 -1,290 611 NEE corrected for river outgassing to ocean (16)

In brief, the observed carbon fluxes in the nine regions were evaluated and summed to give the global fluxes. NEE is calculated from the mass balance of the
change in territorial carbon stocks and the lateral carbon fluxes (soil carbon export to river, river outgassing to ocean, crop and wood export) in each region.
The global NEE corrected for river outgassing flux (16) is used to constrain B + L in this study. Negative values indicate a flux from the atmosphere to the land.
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