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Abstract

The global terrestrial carbon sink is increasing! =, offsetting roughly a third of anthropogenic
CO; released into the atmosphere each decade!, and thus serving to slow the growth rate of
atmospheric CO>*. It has been suggested that a CO,-induced long-term increase in global
photosynthesis, a process known as CO; fertilization, is responsible for a large proportion of the
current terrestrial carbon sink*”’. The estimated magnitude of the historic increase in
photosynthesis as result of rising atmospheric CO; concentrations, however, differs by an order
of magnitude between long-term proxies and terrestrial biosphere models’ !*. Here, we quantify
the historic effect of CO; on global photosynthesis, by identifying an emergent constraint'4-1¢
that combines terrestrial biosphere models with global carbon budget estimates. Our analysis
suggests that CO» fertilization increased global annual photosynthesis by 11.85+1.4%, or
13.98+1.63 Pg C (mean + 95% confidence interval) between 1981 and 2020. Our results help
resolve conflicting estimates of the historic sensitivity of global photosynthesis to CO2, and

highlight the large impact anthropogenic emissions have had on ecosystems worldwide.
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Main

Globally, photosynthesis results in the single largest flux of carbon dioxide (CO.) between the

atmosphere and the biosphere!”-1#

. Long-term changes in photosynthesis, for example in response
to rising atmospheric CO», could therefore provide an important feedback to climate change’.
Global photosynthesis cannot be observed directly, however, and must instead be either
predicted by terrestrial biosphere models (TBMs) or inferred from proxies'®. The multiple long-
term proxies from which changes in global photosynthesis are derived include satellite-based
estimates®’, ice-core records of carbonyl sulfide!3, and herbarium samples of deuterium
isotopomers!'?, along with information gleaned from the seasonal cycle of atmospheric CO»!!.
Despite the importance of photosynthesis, however, and the multiple proxies that exist, there is

no consensus regarding the expected historic global change due to rising CO,7'3.

Satellite-based estimates of global photosynthesis are derived from observations of surface
reflectance, and are therefore often regarded as a benchmark to which TBMs should be
compared!®. Such comparisons suggest that TBMs overestimate the sensitivity of global
photosynthesis to CO>%! (but see ref.!). However, satellite-TBM comparisons are mired by the
fact that most satellite-based estimates do not incorporate the universally observed direct effect
of increasing CO; on the light use efficiency of leaves of C3 vegetation?’, which is not
observable from space?!. In contrast, observation-based proxies, based on ice-core records of
carbonyl sulfide (COS)!*?? and herbarium and field-based deuterium isotopomers'?, suggest that
TBMs may underestimate the sensitivity of global photosynthesis to CO>. TBMs themselves
exhibit a large range of sensitivities of global photosynthesis to CO,'!?>24, though few
demonstrate sensitivities as low as the average satellite-inferred values®?!, or as high as those
derived from the COS or deuterium proxies!?!3->*, The spread in estimates of the sensitivity of
global photosynthesis to CO., and the lack of a global constraint, constitutes a large source of
uncertainty in future projections of the Earth system?’, and hinders attribution of the various

processes responsible for long-term changes in the global carbon cycle.

Here, we combine terrestrial biosphere models and estimates of the terrestrial carbon cycle to

constrain the historic response of photosynthesis to rising CO2, and use the constraint in
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combination with biophysical theory to assess and reconcile differences in previous reports. Our
analysis uses a variance normalization approach (see methods), which quantifies underlying
relationships in multi-variate space, to identify an emergent multi-model relationship!4-16
between the modeled sensitivity of photosynthesis to CO2 and the terrestrial carbon sink from an
ensemble of terrestrial biosphere models (TBMs). When combined with independent estimates of

t!416 which we

the global terrestrial carbon sink, this relationship provides an emergent constrain
use to derive an observationally-inferred estimate of the historic effect of increasing CO2 on
global gross primary photosynthesis (GPP). Combined with biophysical theory, the inferred
constraint helps to reconcile the large apparent difference between satellite- and TBM-inferred
sensitivities of GPP to COz, and to examine previously published estimates from global GPP

proxies.

To identify the emergent multi-model relationship!'#-'® between the modeled terrestrial carbon
sink and the sensitivity of photosynthesis to CO», we use output from an ensemble of TBMs from
the Trends in Net Land Atmosphere Carbon Exchanges project (TRENDY, Extended Data Table
1%). We first described the magnitude of the mean TBM modeled global terrestrial residual
carbon sink (SLanp) over the period 1982-2012 as a function of the sensitivity of both GPP and
total global ecosystem respiration (Reco) to CO, (BT, BRe°, Eq. 1), and an interaction term
between SR and the magnitude of modeled global ecosystem carbon losses that are not
respired (i.e., the non-respired flux, y). Note that we focus on SLanp in order to exclude land
carbon sinks or sources directly resulting from land use and land-use change (e.g., regrowth of

&FF and SLanp explained

vegetation, deforestation). A positive univariate relationship between
36% of the between-model variability in TBM estimates of mean annual Stanp (p = 0.03;
Extended Data Fig. 1). A linear model that also includes Bx¢° and y, however, explained 94%
of the between-model variability in TBM estimates of mean annual Spanp (p <0.01, Extended
Data Fig. 2, Extended Data Table 2). TBM sensitivities of photosynthesis and respiration to CO»
thus directly relate to the magnitude of the modeled terrestrial sink on a multi-decadal scale (as a
stronger COz fertilization effect leads to a larger modeled sink), suggesting a comparatively
smaller influence of non-CO; changes (e.g., climate, N deposition) on Spanp at the global and

multi-decadal scale over the period®?®. The linear model (Extended Data Table 2) can be used to

remove variance in the BSTF ~ Spanp relationship (Extended Data Fig. 1) that is associated with
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R~ SLAND.

other factors, allowing us to focus on the underlying partial relationship between £
The resulting emergent relationship!4-16 therefore provides an opportunity to constrain the wide
range in estimates of the sensitivity of GPP to CO; using the magnitude of S anp inferred from

the global carbon budget!.

We use the identified relationship between S5TF, BRe® and y with S anp (Extended Data Fig. 2)

GPP
R

to examine the underlying relationship between fg" " and SLanp. First, we used the linear model

GPP
R

(Extended Data Table 2) to remove variance in the univariate fg° ~ Sranp relationship

contributed by SR and y. Following this variance normalization, which adjusts the TBM
modeled Spanp to account for variance introduced by modeled BRe® and y (see Methods), Stanp
estimated from the Global Carbon Project (v627) provides an emergent constraint on S5 of
0.54+0.03 (mean, standard dev.; Fig. 1a). The constrained CO> sensitivity of photosynthesis is
33.58% lower than the maximum TBM ensemble member, and 7.63% lower than the TBM
ensemble mean. The associated uncertainty of the estimate is reduced by 73.90% compared to
the unconstrained TBM model distribution (Fig. 1b). Considering present atmospheric CO»
concentrations (416 ppm, 2020 A.D.), the constrained S5 T translates to an increase of
11.85+0.71% in annual GPP between 1982 and 2020, equivalent to a 13.98+0.83 Pg C increase
from 1982 to 2020 (using as reference the mean 1982 model GPP of 118 Pg C yr'! from
TRENDY-v6 S3). Note that although the magnitude of Stanp is higher for more recent than

GPP :
R

earlier decades, the constrained Sg*° is robust to such changes and relatively independent of the

period examined (Extended Data Fig. 4).

Although the linear model does not provide a direct constraint on SR, due to the interaction

term with y, there is a strong correlation (> = 0.96, Fig. 1c) between S5TF and SR, as

photosynthesis and respiration are highly coupled across ecosystems. This coupling can therefore

provide an indirect constraint on SR (Fig. 1c). The resulting joint probability distribution of
REC of 0.49+0.04 is 39.44% lower than the maximum TBM ensemble member and 4.57%

lower than the ensemble mean. The associated uncertainty of the estimate represents a 68.35%

reduction compared to the unconstrained model distribution (Fig. 1d). Note that the resulting
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constraint on SR is subject to higher uncertainty due to the propagation of the uncertainty of

the constrained ST through to the joint probability distribution of SR (Fig. 1d).

The identified emergent constraint provides a point of comparison for satellite-based estimates of
the sensitivity of global photosynthesis to CO, the analysis of which has led to reports that
TBMs greatly overestimate the effect of increasing CO; on global photosynthesis®!?. When
examined as a function of CO,, satellite-based estimates of S5 derived from the Moderate
Resolution Imaging Spectroradiometer (MODIS) GPP algorithm (MA)?® and a widely used
machine learning upscaling approach (ML)?, are 68.95% and 69.82% lower than that inferred
from the emergent constraint, respectively (Fig. 2). These commonly used GPP estimates
however only account for the indirect effect of increasing CO- on the fraction of absorbed

photosynthetically active radiation (fAPAR)?!.

We reconciled the apparent difference between the emergent constraint and satellite-based
estimates of the sensitivity of GPP to CO; (Fig. 2) by modifying the satellite-based estimates to
account for the direct effect of increasing CO» on C; light use efficiency (LUE). This direct
effect reflects the competition between CO> and O; at the active sites of the RuBisCO enzyme,
and the increasing competitiveness of CO; as atmospheric CO; rises (see methods). The direct
effect of COz-induced increases in LUE was roughly twice as large as the indirect effect of

increases in fAPAR (Fig. 2a,b). The long-term sensitivity of the remote sensing-based estimates

fAPAR
R

of GPP modified to account for both the direct (f§”%) and indirect (8 ) effect of increasing

CO: (BSPP) was 0.50+0.09 and 0.4620.13 for the ML and MA approaches, respectively, (Fig.
2b), which more closely approximated that of the TBM ensemble mean (S5°F= 0.59+0.15, mean,
std.) (Fig. 2b). The modified RS-based methods predict a 7.27+0.69% (ML) and 6.72+0.91%
(MODIS) increase in global annual GPP for a 14.49% increase in atmospheric CO; between
1982 and 2012, similar to that predicted by the constrained S5 (7.8+0.41% mean, std.).

The identified emergent constraint also provides a point of comparison for other reported
estimates of the sensitivity of global photosynthesis to CO». A long-term COS proxy has been
proposed!?, which simulates photosynthetic change based on a mass balance of global COS

sources and sinks from 1900 to 2013, and suggests an increase in photosynthesis equivalent to an
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effective ST of 0.94 (Extended Data Table 3). This is comparable to the highest sensitivity of
the TBM models used here?*. The COS estimate however integrates over a longer time-period,
and therefore potentially captures changes in the land surface unrelated to CO> such as
reforestation and the agricultural green revolution®® and is thus not directly comparable to the
emergent constraint and updated remote sensing estimates presented here. Another proxy, based
on deuterium isotopomers gathered from herbarium specimens and field trials'?, suggests a
historic change equivalent to a BSFFof 1.03. Although higher than that derived from COS, the
deuterium isotopomer estimate reflects the effect of increasing CO2 on photosynthesis in the
absence of light limitation, and is thus expected to be much higher than the canopy integrated
sensitivity. The emergent constraint identified here and the updated satellite methods suggest that
such larger implied sensitivities are overestimates, as they would necessitate a larger residual

terrestrial sink (Fig. 1a) than current evidence supports'.

The closer agreement between the updated remote sensing approaches and the TBMs (Fig. 2)
allows for their response to CO; to be probed more deeply. The sensitivity of Cs photosynthesis
to COxz is a strong function of temperature®! (Fig. 3a; Eq. 2-7), due to the fact that the
suppression of oxygenation by ribulose-1,5-bisphosphate carboxylase-oxygenase (RuBisCO)
with increasing COz is greater at higher temperatures. Reduced RuBisCo oxygenation reduces
photorespiration at high temperatures, as represented by the temperature dependence of the
photosynthetic CO2 compensation point (I'*, Eq. 3). The resulting latitudinal gradient is
reproduced by both the TBMs examined (Fig. 3b) and the updated remote sensing approaches
(Fig. 3c,d,e). The results suggest that the influence of CO2 on photosynthesis at high latitudes is
limited due to low temperatures. Estimates of the long-term change in GPP from the updated
remote sensing approaches show large changes particularly in areas of intensive agriculture such
as the midwestern US corn belt, central and northern Europe, and India (Fig. 3¢, d). Compared to
the remote sensing approaches (Fig. 3d), the TBMs predict smaller increases in arid mid- and
low-latitude regions, particularly in Australia and South Africa, but larger increases in tropical
forests (Fig. 3d). The lower TBM sensitivity, in particular of shrublands (Fig. 3f), is potentially
due to poorly represented TBM processes such as the positive relationship between CO, and
woody shrub expansion?2. The relatively higher TBM sensitivity regions, particularly tropical

forests (Extended Data Fig. 5), may be due to insufficient TBM representation of nutrient
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constraints®?, or the saturation of remote sensing vegetation indices at high leaf area**, reflectin
g veg g g

large uncertainty regarding the response of tropical forest photosynthesis to CO»*>.

The magnitude of the constrained TBM and updated satellite SSFF suggests that the global
photosynthetic response to CO; is consistent with the response of the light-limited photosynthetic
rate which has also been suggested by observations of photosynthesis and biomass changes at the

ecosystem scale*¢ 38, theoretical models®**

, and by model results showing that electron
transport-limited leaves are responsible for the majority of global carbon assimilated through
photosynthesis*!. That said, there are multiple processes inadequately represented in both TBMs
and the satellite approaches that could lead to biases in the derived BSFF. For example, models
have been shown to poorly reproduce changes in the seasonal cycle of atmospheric CO»*2, and
demonstrate a range of responses when compared to Free Air CO, Enrichment observations*.
Nutrient limitation, woody encroachment, soil moisture feedbacks, disturbances and leaf area

dynamics are all poorly represented in TBMs#>44

, while remote sensing-based estimates of GPP
are known to have biased responses to drought*. Such issues and differences in process
representations lead to the spread in models. However, this spread is essential for developing an

emergent constraint!®.

A strong emergent relationship between the unknown and the observable (in this case
photosynthesis and the recent land carbon sink) would not be apparent if ignored and varying
model factors affect the relationship. It is important to highlight, however, as with any
application of the emergent constraint technique, multiple factors could lead to biases and
undermine the robustness of the derived constraint. Of primary concern is the potential for
emergent constraints to rely on spurious cross-model correlations that are not based on a clear
physical relationship*. The constraint we identify is based on the known relationship between
CO; and the land-sink’, and tests suggest it is temporally robust (Extended Data Fig. 4). An
additional source of uncertainty relates to the degree of structural similarity between models and
the potential for systematic cross-model biases. For example, if all models in the ensemble had
the same missing or biased process representation, which led to systematic bias in the modeled
relationship between the sensitivity of photosynthesis to CO2 and the land sink across models,

that could bias the emergent constraint reported here. Systematic cross-model biases with shared



248
249
250
251
252
253
254
255
256
257
258
259
260
261
262
263
264
265
266
267
268
269
270
271

structural similarity could also lead to an underestimation of the uncertainty associated with the
values derived from the emergent constraint**#’. The models we examine represent the state-of-
the-science for land surface modeling, and have substantial diversity of process representations
and responses to forcings*®, even for well-studied processes such as photosynthesis. Our analysis
is also designed to reduce the influence of structural diversity on the results through variance
normalization. That said, future implementations of new process representations or model

structures may lead to updated inference on the response of photosynthesis to CO».

Global photosynthesis is the largest flux of carbon dioxide in the global carbon cycle, and small
changes over time can lead to large changes in the net carbon sink. The resulting feedback from
the effect of increasing CO> on photosynthesis (the carbon-concentration feedback) has been
estimated to be over four times larger, and more uncertain, than the direct carbon-climate
feedback®. The large differences between estimates of historic changes in GPP3%:11-13.22 jg
therefore disconcerting, and could potentially lead to incorrect inference regarding biases in

current terrestrial biosphere models®?!

, and long-term changes in related components of the
global carbon cycle such as soil respiration!®>°, The emergent constraint we identify bounds the
plausible range of the historic effect of CO on global photosynthesis to a BSTF of 0.54+0.03
(mean, standard dev.; Fig. 1a), and helps reconcile differences in previous estimates. The results
also show that widely used remote sensing-based estimates of global photosynthesis need to
incorporate the effect of increasing CO> on photosynthetic light use efficiency, and provide a
globally applicable approach that is consistent with the emergent constraint. Together, our results
suggest that increases in atmospheric CO> have led to a large increase in global photosynthesis

since 1982, representing a carbon-concentration feedback that is underestimated by standard

satellite-based methods®, but overestimated by terrestrial biosphere models and other proxies!!?,
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Figure Legends

Figure 1 | A constraint on the sensitivity of global photosynthesis to CO:. a, the relationship between
the modelled sensitivity of global primary photosynthesis (GPP) to CO, (8§FF, TRENDY experiment S1:
dynamic CO; only) and the modelled normalized terrestrial carbon sink (PgC y™', TRENDY experiment
S3: dynamic CO,, climate and land-use). Individual TRENDY model (A-N) details are listed in Extended
Table 1. The vertical dashed line and gray shading show the mean and standard error of the decadal
residual terrestrial carbon sink between 1982 and 2012 as estimated by the Global Carbon Project *’. The
red line and shaded area show the best linear fit across models, and the associated 95% prediction
intervals. The horizontal dashed line shows the implied constraint on the sensitivity of GPP to CO.. b,
The unconstrained probability density function (PDF) distribution of S$FF across models (black line, gray
bars), which assumes that all of the TRENDY models are equally likely to be correct and that they come
from a Gaussian distribution. The orange area represents the conditional probability distribution derived
by applying the constraint from (a) to the across-model relationship. ¢, the relationship between S5FFand
the sensitivity of ecosystem respiration to CO» (Bxe°, TRENDY experiment S1). The vertical dashed
line identifies the BR®° value that corresponds to the BSFT identified by the relationship in (a), and the
dashed red line is the 1:1 line. d, The unconstrained probability density function (PDF) of SR across
models (black line, gray bars). The orange area represents the conditional probability distribution derived
by applying the constraint from (c) to the across-model relationship. See Extended Data Fig. 3 and
Extended Data Table 1 for attribution to individual models. Note that the figure presents the partial
relationship with the terrestrial carbon sink, excluding the influence of other factors through
normalization. See Extended Data Fig. 1 for the underlying relationship between S5 T and the terrestrial
carbon sink. The constrained distributions presented in Fig. 1b,d account for multiple sources of
uncertainty in addition to the uncertainty of the regressions presented in Fig. 1a,b (see Extended Data Fig.

3b).

Figure 2 | Long-term changes in global annual photosynthesis from terrestrial biosphere models
and multiple satellite observations. a, Relative changes in global photosynthesis (AGPP, %) from 1982
(CO2=341ppm) to 2012 (CO2 = 391ppm) based on simulations from process-based models in the
TRENDY project model ensemble (orange, mean+std), and two different satellite approaches (empirical
MODIS algorithm (MA, solid lines); a machine learning method (ML, dashed lines)). Estimates from the
satellite approaches were obtained allowing for an effect of increasing CO; on either: the fraction of
absorbed photosynthetically active radiation (fAPAR, red lines, dots), the light use efficiency (LUE) of
photosynthesis (blue line), or both fAPAR and LUE (black lines, dots). b, Inferred CO; sensitivities

(ﬁg PP see methods) from the data presented in (a), for the standard satellite-based approaches using
machine learning (ML) and the MODIS algorithm (MA) with the CO» effect on GPP manifest through
changes in fAPAR, the modified MA approach with a CO; effect only on light use efficiency (MA, only
LUE), and both ML and MA satellite remote sensing based approaches with an effect of increasing CO»

on both LUE and fAPAR. Black error bars represent the standard error of ﬁg’ PP The horizontal orange
area and dashed line indicate the BS PP constraint inferred from Fig. 1b (mean+std).

Figure 3 | Spatial differences in the estimated long-term changes in global photosynthesis from light
use efficiency theory, terrestrial biosphere models and satellite observations combined with theory.
The global distribution of: a, the sensitivity of photosynthesis on a leaf area basis to CO, (B5UE) due to
changes in light use efficiency; b, CO, induced changes in photosynthesis (AGPP, gC m™ yr™') from 1982
to 2012 from an ensemble of terrestrial biosphere models (TBMs; TRENDY-S1); ¢, mean CO,-induced
changes in GPP from the two updated satellite methods, which includes both a modelled direct (S5YE)
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and measured indirect (ﬂff{APAR) effect of increasing CO, on GPP; d, the difference between the data
presented in panels b and c; e, The latitudinal distribution of long-term changes in gross primary
photosynthesis (AGPP, PgC) from 1982 to 2012, from the TBM ensemble (orange shaded area, mean,
standard deviation across models), and AGPP predicted from remote sensing (RS) approaches with
(black, mean, standard deviation between MODIS and machine learning approaches) and without (red) a
direct effect of CO; on light use efficiency (see methods); f, Long-term changes in AGPP, separated by
plant functional types (EBF, Evergreen broadleaved forest; SAV, savanna; DBF, deciduous broadleaved
forests; CRO, croplands; SH, shrublands; GRA, grasslands; ENF, evergreen needleleaf forests; WET,
wetlands).
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Methods

Deriving an emergent constraint on the effect of increasing CO: on global photosynthesis
Emergent constraints have gained prominence in recent years as a means by which to infer
unobserved quantities of interest in land surface and climate models'#~!¢, The underlying core
concept is that although there is a large spread in the model estimates of an observed variable X
and an unobserved variable Y across models, the relationship linking the two is sometimes
tightly constrained across models. Given the existence of a strong and robust relationship across
models between X and Y, observations of X can be used to generate a probabilistic inference, or
constraint, on Y. This approach has been termed ‘emergent’ because the functional relationship
cannot be diagnosed from a single model, but rather emerges from examining the model

spread!#+16,

The emergent constraint identified in this study links the sensitivity of gross primary
photosynthesis to CO, (8577, see definition below) to the magnitude of the residual terrestrial
sink (Sranp). It is derived from a multiple linear regression across an ensemble of terrestrial
biosphere models (TBMs) between the modelled Stanp, the sensitivity of gross primary
photosynthesis to CO., the sensitivity of total ecosystem respiration (calculated as the sum of
autotrophic and heterotrophic respiration (Ra, Rn)) to CO2 (B¢°°), and an interaction term
between BR¢“°and the magnitude of the non-respired flux (y). The non-respired flux, y (Pg C y-
1, represents all ecosystem CO» losses that are not a result of respiration or land use change. The
interaction term reflects the fact that the relationship between Bx¢“°and Stanp is expected to be
smaller if ecosystem respiration constitutes a smaller portion of total ecosystem carbon losses.
The use of a multiple linear regression allows for variance normalization, which removes
explainable variance imposed on the B57°~ Stanp relationship, and provides a stronger emergent

constraint than could be derived from the simple univariate relationship B57"and Stanp.

We use global simulations from 14 TBMs (Extended Data Table 1) run as part of the Trends in
Net Land-Atmosphere Exchange (TRENDY-v6) initiative (https://sites.exeter.ac.uk/trendy) (v6
data are reported in Le Quere et al., 201827). In TRENDY, common input forcing data was
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prescribed for a series of model experiments from 1901 to 2015. Here we use both the results of
the TRENDY-v6 scenario S3 simulations (temporally dynamic climate, CO», land use) as
reported in the Global Carbon Project (GCP?7), and the TRENDY-v6 scenario S1 simulations
(COz-only: temporally dynamic CO>, time-invariant climate; pre-industrial land use mask). For
more details on the TRENDY project see Sitch et al. (2015)* and for details of the TRENDY-v6

simulations used here see Le Quere et al. (2018)%".

We estimated 577 and SRe° for each TRENDY-v6 TBM from annual GPP and Reco from the
S1 (COz-only) simulations, performed by 14 models (Extended Data Table 1), using Eq. 1 over
the 1982-2012 period (in order to maintain consistency with the remote sensing methods
assessed). v is calculated for each TRENDY-v6 TBM from the S3 simulations as the annual
difference between Net Biome Production plus land use change emissions and (GPP-Reco),
averaged over the 1982-2012 period. Note that processes included in this category (e.g, fire,
volatile organic compounds, dissolved organic carbon fluxes) differ by TBM. Stanxp (Pg C y!) is
calculated for each TRENDY-v6 TBM from the S3 simulations reported by the GCP?’, as the
annual mean net biome productivity plus emissions from land use change, averaged over the

same 1982-2012 period.

We related the modeled GPP COx sensitivity (derived from S1 simulations) to the magnitude of
the modeled terrestrial sink?’ (Fig. 2) using a multiple linear regression. The regression model
used (Stanp ~ BETF + BRe° + BRec:y) explained 94% of variation in between-model

differences in the projected magnitude of SLanp (Extended Data Table 2, Extended Data Fig. 2).

In order to extract the partial relationship between Stanp and S5 (Fig. 1a), we normalized the

Sranp from each TBM to remove variance contributed by SR and y. Specifically, normalized

SLanp (S{ anp) Was calculated as S snp =SLanp — (€ — &), where € = (bBRE® + cfRe°:1y), £ is
the mean across models, and b and c are the corresponding regression coefficients of the terms in
the linear model of Stanp (Extended Data Table 2). Using variance normalization to remove the

influence of BR¢“°and the interaction between SF¢°° and y led to improved inference of S§F7

compared to the unnormalized relationship between Stanp and B§F7 (Extended Data Fig. 1).
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The emergent constraint approach relies on a tight relationship between a model predicted
variable for which an observational constraint exists, and one for which there is no observational
constraint available!4'%. In the case of the relationship between S5F7 and Stanp, estimates of
SLanp are made annually by the Global Carbon Project, along with the associated uncertainties'.
The observed Stanp values we use are the mean reported annual values from the Global Carbon
Project! over the satellite era we study here (1982-2012). Note that the time period we used was
chosen to both coincide with the satellite observations we use and to be sufficiently long so as to
minimize the effect of macroclimatic events such as strong El Nino periods and volcanic
eruptions, but our results were not highly dependent on the choice of period (Extended Data Fig.
4). The Global Carbon Project does not report uncertainties on annual values, but quantifies
Stanp uncertainty on a decadal basis, with an average uncertainty value of 0.9 PgC for each of
the four decades including in this study!. This uncertainty reflects uncertainties from the
component terms used to estimate S anp (emissions from fossil fuel use and cement production;

emissions from land use change; the growth rate of atmospheric CO; the ocean sink), which the

Global Carbon Project sums in quadrature to estimate the associated decadal SLanp uncertainty.

The probability distribution of the constrained S5F7 (Fig. 2¢) accounts for four sources of
uncertainty. The first and second represent uncertainty in the Global Carbon Project SLanp
estimate, used as a constraint, and uncertainty in the relationship between B5°F and the
normalized Stanp. These two sources of uncertainty are propagated to the joint probability
distribution of S§F? through bootstrapping with 10,000 bootstrapped samples, where each
bootstrapped sample quantifies the 57 inferred from random sample of TBMs, with
replacement, and a random sample from the distribution of Global Carbon Project Stanp
estimates. The resulting joint probability uncertainty is the largest of the uncertainties considered
(Extended Data Fig. 3b). The third and fourth sources of uncertainty reflect uncertainty in the
normalization of Stanp due to the influence of individual models on the coefficients of the
normalizing regression (Extended Data Table 2), and uncertainty regarding the true size of the
non-respired flux contribution to SLanp. To quantify the uncertainty associated with the influence
of individual models, we performed St.anp normalization and quantified BSFF by using
coefficients from 10,000 regression models estimated from model subsets. To quantify and

propagate uncertainty regarding the true size of the non-respired flux contribution to SLanp, we
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also bootstrapped the Spanp normalization and quantified S5F7 assuming that the model estimates

of the non-respired flux are equally likely to be correct and that they come from a Gaussian

distribution. These two sources of uncertainty represent the second and third largest sources of

the uncertainties considered (Extended Data Fig. 3b). The total uncertainty associated with the
GPP

constrained Sg°° was then calculated by summing the individual uncertainties in quadrature, and

was then propagated through to the uncertainty associated with the constrained B¢<°.

Other factors, in particular turnover times of vegetation and soil, and model-dependent climate
sensitivities, are also expected to lead to between-model differences in SLanp. We included both
vegetation and soil carbon turnover times, and three estimates of the sensitivity of GPP to
climate (calculated as the slope of the relationship between annual SLanp and annual global
temperature, annual tropical temperature, and the annual Multivariate ENSO Index (MEIv2;

https://psl.noaa.gov/enso/mei/)) individually in the regression model to assess their importance.

None were significant terms in the multiple linear regression and the best predictor (MEIv2
sensitivity) only explained an additional 3% of between-model variance (see Extended Data
Table 2). Specifically, when added individually as predictors to our baseline linear model,
MEIv2 proved the best predictor (CS-MEIL p = 0.22), followed by tropical and global
temperatures (CS-tropicalT and CS-globalT, p = 0.45, 0.90 respectively; Extended Data Table
2). Each led to a reduction in the predicted R-squared (0.86, 0.85, 0.82 vs 0.89 for the baseline
linear model), suggesting that the additional term in the model increased overfitting. We
conclude from this analysis that differences in model sensitivities to climate are not responsible
for differences in modeled Spanp, which are effectively predicted by Stanp ~ 57T + BRE +
BRec .y (Extended Data Table 2). Although sensitivities to climate are known to vary between
models, and climate change is known to have had a large impact on the carbon sink in some
regions, especially high-latitudes®' (Extended Data Fig. 7), the lack of an influence of differences
in model sensitivities to climate suggests that climate change has had a smaller effect on the land
sink at a global scale, compared to that of rising CO,, during our study period. This could be
because climate change has both positive (e.g., growing season extensions) and negative (e.g.,
increased respiration) regional impacts on the land sink, which counterbalance each other at the

global scale. This is supported by recent reports of a negligible influence of climate on the
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cumulative global land sink over the past few decades®, and projections from the models

examined here (Extended Data Fig. 7).

The B metric of CO; sensitivity

We quantified the apparent sensitivity of GPP to CO: in the remote sensing, terrestrial biosphere
model and independent proxy estimates using two approaches: (1) the percent change in GPP
with respect to GPP at the start of the time period (i.e. the f{CO) introduced above), and (2) a

metric defined as the response ratio (R) of GPP with respect to COx:

ﬁ __[GPP(t)— GPP(t()]/GPP(to)
R™ " lca)- ca(to)l/calto)

Eq. 1

where GPP(t) is the value of gross primary photosynthesis (GPP) at time ¢, and Ca(t) is the value
of atmospheric [CO:] at time ¢. Although other methods to calculate the B-factor have been
proposed (e.g. °%), we use Eq. 1 for ease of interpretation. A B of 1 represents direct
proportionality between the GPP CO> response and the change in COz. Note that to avoid undue
influence of year-to-year variability in GPP, we estimated GPP(t) and GPP(to) based on a linear

regression fit to the GPP timeseries.

Assessing the CO:-sensitivity of satellite-based estimates of GPP

Recent reports have highlighted that the most commonly used satellite-based estimates of GPP
have a much lower CO»-sensitivity than that derived from TBMs®!?, However, most satellite-
based estimates do not incorporate the universally observed direct effect of increasing CO; on
the light use efficiency of leaves of C3 vegetation?’, which is not observable from space?!. The
effect of increasing CO: on global C; photosynthesis that we examine here manifests through
two primary pathways: though increasing the biochemical rate of photosynthesis on a leaf area
basis>®, which we refer to as the direct effect, and through increases in leaf area on a ground area
basis, allowing for the interception of greater amounts of light>*>3, which we refer to as the
indirect effect. The former, direct response, is due to the fact that CO; is a substrate for the
photosynthetic enzyme, Ribulose-1,5-bisphosphate carboxylase/oxygenase (RuBisCO). Both
CO; and O2 compete at the active site of RuBisCO, so changes in the concentration of either

affect the rate at which CO; is assimilated, effectively changing the light use efficiency (LUE) of
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photosynthesis on a leaf area basis at a given light level. The latter, indirect response of
increasing leaf area index (LAI*®) and the resulting increase in the fraction of absorbed
photosynthetically active radiation (fAPAR), reflects both the increased carbon available to
invest in structural growth under elevated CO,, and potential changes in the hydrological
equilibrium due to elevated CO»-induced increases in water use efficiency, which can lead to

increased leaf area in water-limited ecosystems>¢->8

. Both response pathways are incorporated in
terrestrial biosphere models®, and long-term proxies account for each to differing degrees. The
majority of satellite-based estimates, however, do not account for the direct effect of increasing

CO:; on the biochemical rate of photosynthesis?!->.

We assessed whether incorporating a CO; sensitivity of LUE in remote sensing-based
approaches for estimating GPP reconciled the difference between the sensitivity of remote
sensing-based GPP to increasing CO> and that implied by the emergent constraint. To do so, we
develop a COz sensitivity function for incorporating the effect of increasing CO; on the LUE of
photosynthesis into satellite GPP estimates, based on the conservative assumption that the
ecosystem-scale CO; sensitivity is consistent with that of the electron-transport-limited rate of
photosynthesis (4j). This is supported by reports that the observed CO, response of
photosynthesis and biomass closely corresponds to the CO,-sensitivity of 4j*7. In addition, it has
been suggested that shaded, and thus primarily electron-transport limited, leaves contribute the

38,60 and global photosynthesis #!. The assumption is further supported by

majority of canopy
optimal coordination theory, which posits that photosynthesis under typical daytime field
conditions is close to the point where Rubisco-limited (Ac) and 4j are colimiting. The
colimitation of Ac and 4j has been shown to hold across a range of ecosystems®!, as has the
downregulation of the maximum velocity of carboxylation (Vcmax) under elevated CO» in order
to maintain coordination®. Given the fact that the sensitivity of 4j to CO is much smaller than
that of 4¢%3, the sensitivity of Aj to CO» therefore represents a conservative approach to
incorporate a CO; sensitivity of light use efficiency® in remote sensing estimates of

photosynthesis. Note that we also make the conservative assumption that C4 plants operate at or

near CO; saturation®*.
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The mechanistic photosynthesis model proposed by Farquhar et al. (1980) captures the
biochemical controls of leaf photosynthesis and responses to variations in temperature, light and
CO: concentration. According to the model, the gross photosynthesis rate, A, is limited by either
the capacity of the RuBisCO enzyme for the carboxylation of RuBP (Ribulose-1,5-
bisphosphate), the electron transport capacity for RuBP regeneration. In the case of the limitation
by the electron transport capacity for RuBP regeneration, the photosynthetic rate (4j, umol m2 s-
1 is given by:

A= ol L5 Eq.2

ci+2rx

where ¢y is the intrinsic quantum efficiency, [ is the absorbed light (umol m2 s1), ¢; (Pa) is the
leaf internal CO, concentration, and I'* (Pa) is the CO, compensation point. I'* depends on

temperature, as estimated through a biochemical rate parameter (r)%:

AH(T—298.15)

I =ryce 29n1sRT Eq.3
where R is the molar gas constant (8.314 J mol! K1), r25= 4.22 Pa, is the photorespiratory point
at 25 °C. 4H is the activation energy for I'" (37.83 kJ mol!), and T is the temperature in K.
Assuming the CO» sensitivity of light-limited photosynthesis allows for the development of an
index of the effect of CO, on photosynthetic LUE* which can be incorporated in any remote

sensing-based LUE model or empirical upscaling estimate of gross primary photosynthesis (GPP).

By rewriting Eq. 2, substituting ¢; by the product of atmospheric CO: (c,) and the ratio of leaf-
internal to -ambient CO» (y=ci/ca), the sensitivity of GPP and LUE to CO- can be described as:

cax-T*
aGpPP _ 0 (polca)(+2r‘*
aco, €0, >
= 0 $coz
0% 3co,
OLUE d
— _ 9%co Eq. 4
aCco, aCco,

Cax-T*
Cax+2r*

where ¢cop = and LUE = GPP/¢,I. Note that the indirect effect of CO> on GPP through
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@ol, 1s explicitly accounted for in satellite-based methods through changes in the fraction of
absorbed photosynthetically active radiation (fAPAR), and considered here as an independent
effect. However, the direct effect, through changes in LUE, (¢.(>), is not. We used Eq. 4 to derive
a scalar, f(C0,), to account for the direct effect of CO; in any LUE based estimate of GPP (e.g.,
satellite or empirical upscaling approaches). To do so, we calculated AGPP in year ¢ due to the

effect of CO2 on LUE as GPP(t = 0) * f(C0O,), where:

t 1982
f(C0p) = oz geon) Eq. 5
co2
f(CO0,) thus represents the fractional increase in LUE due to the direct effect of CO; relative to a
baseline period (here 1982, the start of the timeseries for the satellite-based methods considered

here).

The sensitivity of LUE to CO» thus depends on both I'*, which is calculated via Eq. 3, and 3. We

6667 This states that an optimal long-term

estimated x using the least-cost hypothesis
effective value of y can be predicted as a result of plants minimizing their total carbon costs

associated with photosynthetic carbon gain, and explicitly expressed with the following model:

where & = Eq. 6

where D is vapor pressure deficit, and n* is the viscosity of water relative to its value at 25 °C 8,
and b is the ratio of the cost of maintaining carboxylation relative to that of maintaining

transpiration®®. The Michaelis-Menten coefficient of Rubisco (K) is given by:

K = KC[H%}

Eq.7

where K. and K, are the Michaelis-Menten coefficient of Rubisco for carboxylation and
oxygenation, respectively, expressed in partial pressure units, and P, is the partial pressure of O-.
K responds to temperature via K. and K,, the temperature responses for which are described

using a temperature response function described by Eq. 3 with specific parameters: AH is 79.43

kJ mol™! for K. and 36.38 kJ mol’! for K,, 25 is 39.97 kPa for K. and 27.48 kPa for K, . We
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applied this derived sensitivity to the remote sensing approaches detailed below, on a per pixel

basis in proportion to the percentage of Cs plants in a given pixel®’

, as C4 plants operate at or
near CO; saturation®. We thus make the conservative assumption of no direct CO; effect on

LUE in the C4 proportion of each pixel.

Incorporating a CO: sensitivity of light-use efficiency into satellite-based estimates of GPP
The approach for incorporating a CO; sensitivity we outline above (Eq. 5) can be incorporated
into any satellite-based photosynthesis product. Here, we test it on two broadly used approaches.
The first, the MODIS MOD17 algorithm (GPPyop;s?®) and the second an empirical upscaling
method based on a model tree ensemble (GPPyg2°). We applied the MODIS MOD17 GPP
algorithm driven by 30-year (1982-2012) Global Inventory Modeling and Mapping Studies
(GIMMS3g) fAPAR data’, to calculate a new 30-year global monthly gridded (0.5°) dataset of
MODIS-derived GPP:

GPPyops = GPPyopis*(1+ f(CO,))
— fAPAR xPAR xLUEmax x f(D)* f(T,nin)*<(1+ £(C0O,))
= fAPAR xPAR xLUE Eq. 8

where LUEmax represents biome-specific maximum light use efficiency, f (D) represents a
water stress reduction scalar based on the atmospheric vapor pressure deficit, and f (Ty,ip)
represents a low-temperature stress reduction scalar. LUEmax, f (D), and f (Typ;y,) are
parameterized according to Zhao and Running (2010)7!. £(C0,) is estimated on a per-pixel
based using Eq. 5. We used global monthly gridded (0.5°) weather data, provided by the Climate
Research Unit at East Anglia University (CRU TS4.01). The total available photosynthetically
active radiation (PAR), and vapor pressure deficit (D) were calculated from insolation and CRU

climate data using a simple process-based bioclimatic model (STASH"?).

To incorporate a CO; sensitivity in a global empirical upscaling dataset based on a model tree
ensemble machine learning technique (GPPyrg, 1982-20122°), which does not account for the
direct effect of CO> on LUE, we followed the approach outlined for the MODIS GPP product.
Specifically, we applied the CO» function (Eq. 5) to spatially distributed GPPy;rg, as:
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GPPyrg = GPPyre(1 + f(CO2)) Eq.9

Early remote sensing GPP models®**-”* advocated for including a CO; effect on LUE, though
primarily used the larger, light-saturated, sensitivity. A recent review® found that the most widely
used modern remote sensing GPP approaches?®2° do not include a CO> effect on LUE, and of the
3 that did (out of 14 assessed) two are enzyme kinetics, not LUE, models (BESS’#, BEPS%). The
third (cFix’?) assumes the light-saturated CO, sensitivity, which is not suitable for global
application given the large contribution of RuBP regeneration limited leaves®®’6, A recent
study’’ incorporated a CO; effect on LUE using the light-limited sensitivity, as we do here, but
the approach taken requires the reparameterization of the LUE model and is thus not easily
applicable to other remote sensing GPP products. The approach proposed here provides a generic
and conservative method for incorporating CO- effects on LUE in any remote sensing GPP
product, which allows us to quantify the relative importance of incorporating a CO- effect in
remote sensing GPP products and reconciles the large difference between remote sensing and
TBM-derived sensitivities to CO,. Note that although many remote sensing GPP products are
calibrated to observations from eddy-covariance networks, our implementation does not require
recalibration, in particular as it only affects the CO; sensitivity, and eddy-covariance
observations are not known to contain information on the effect of CO> on photosynthesis

(Extended Data Fig. 6).
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Extended Data Titles and Legends

Extended Data Table 1 | The terrestrial biosphere models (TBMs) used. The model
ensemble used the Trends in Net Land Carbon Exchange (TRENDY)) version 6, as presented in
the 2017 Global Carbon Project report?’.

[Footnote:] Note that VEGAS does not report SLanp in the Global Carbon Project. LPJ-GUESS
does not report heterotrophic respiration in TRENDY-v6 S1. SDGVM and OCN are two
additional models included in the Global Carbon Project and TRENDY-v6 that were excluded
from our analysis due to data issues in the submitted simulations (SDGVM) and the lack of S1
simulations (OCN).

Extended Data Table 2 | Linear models of the land sink as estimated from terrestrial
biosphere models. The baseline linear model presents the model used for variance normalization
presented in the main text. The other three models assessing the role of climate sensitivities (CS)
in a linear model of the land sink as estimated from terrestrial biosphere models. We tested the
influence of climate by calculating the sensitivity of modeled Sranp to climate in three different
ways, in order to assess whether between-model differences in the modeled sensitivity of SLanp
to climate variability translate to between-model differences in predicted Stanp. Specifically, we
calculated the climate sensitivity (CS) of each model as: (1) CS-globalT: The sensitivity of
modeled global Spanp to global temperature (T), calculated as the slope between annual
anomalies in modeled global Stanp and global T; (2) CS-tropicalT: The sensitivity of modeled
global Spanp to tropical T variations, calculated as the slope between annual anomalies in
modeled global S anp and tropical T (motivated by a tight correlation between tropical T and the
growth rate of atmospheric CO); (3) CS-MEI: The slope of the relationship between annual
modeled global Stanp anomalies and the Multivariate ENSO Index Version 2 (MEIv2:
https://psl.noaa.gov/enso/mei/), as this integrates global interannual changes in climate.

[Footnote:] Where y denotes the non-respired flux, quantified as Spanp — (GPP - Reco), where
Stanp is the residual terrestrial carbon sink taken from the Global Carbon Project, and GPP
(Gross Primary Photosynthesis) and Reco (total ecosystem respiration) taken from TRENDY
simulation S3 of the models listed in Extended Data Table 1. B5FFand SR Care estimated from
TRENDY-v6 S1 simulations.

Extended Data Table 3 | Calculation of S from existing proxies.

[Footnote:] Notes on published estimates of the response of global photosynthesis to CO::
Wenzel et al.!! use atmospheric observations of the seasonal cycle of CO; to infer a GPP
increase of 32% for northern extra-tropical ecosystems under a doubling of CO», equivalent to a
SPP of 0.32. This reflects the sensitivity of extra-tropical ecosystem photosynthesis to CO>, and
is therefore expected to be lower than the global sensitivity due to the temperature dependence of
the effect of CO: on photosynthesis (Fig. 3a). It is also based on a doubling of CO, and due to
the saturating response of photosynthesis to elevated CO:z is likely an underestimate of, and not

directly comparable to, the historic sensitivity.
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Ehlers et al.!? estimate the sensitivity of photosynthesis to CO, based on measurements of
deuterium isotopomers in herbarium samples of natural C3 vascular plant species, crops, and a
Sphagnum moss species. Deuterium isotopomers provide an estimate of the
photosynthesis/respiration ratio, and it’s change over time. In order to translate the change in the
photosynthesis/respiration ratio to a change in photosynthesis, Ehlers et al. used a model with the
assumption that photosynthesis is not limited by light'2. The resulting SSF¥ of 1.03 therefore
represents the sensitivity of photosynthesis in the absence of light limitation, which is expected
to be considerably higher than that of whole-ecosystem global photosynthesis due to the large
contribution of shaded leaves, as 0Ac/0CO, >> 0Aj/0CO; (see methods).

Other published estimates of the effect of CO> on global photosynthesis include correlative
analyses based on eddy-covariance observations (Fernandez-Martinez et al., 2017°%; B§FF=1.2),
oxygen isotope estimates (Ciais et al., 2012%; BSFP=1.3+2.3), and modeled products (Cheng et
al., 2017°%; Cernusak et al., 2020?%; Haverd et al., 2020%*; Ueyama et al. 2020°°;Sun et al., 20198,
overall modeled B$FF range 0.1-1.6). We do not discuss these estimates in the main text due to
the lack of causal relationship in °2, the very large uncertainty in °*, and the variety of
assumptions employed in the modeled estimates 22249495,

Extended Data Figure 1 | The relationship between the sensitivity of global primary
photosynthesis (GPP) to CO (BSP?) and the terrestrial carbon sink (Spanp, PgC y™). The
emergent constraint on ST is comparable to that derived using the normalized St anp, though
the associated uncertainty is considerably higher due to the unexplained variance in the
BSFP~S anp relationship. The red line and shaded area show the best linear fit across models,

and the associated 95% prediction intervals.

Extended Data Figure 2 | A multiple linear model of the terrestrial biosphere model
predictions of the global carbon sink. a, The terrestrial biosphere model (TBM) predictions of
the global carbon sink are predicted as a function of the modeled sensitivity of photosynthesis to
CO, (BSFP), the modeled sensitivity of respiration to CO> (SR°°°) and the magnitude of the
modeled non-respired carbon flux (y) (Extended Data Table 2). The red line and shaded area
show the best linear fit across models, and the associated 95% prediction intervals. b, the effect
size of each of the terms included in the model (mean, 95% CI), which estimates main effect on
the response from changing each predictor value, averaging out the effects of the other
predictors. TBM names and details are provided in Extended Data Table 1. Details of the linear
model used are provided in Extended Data Table 2.

Extended Data Figure 3 | An emergent constraint on the sensitivity of global photosynthesis
to COz. a, The relationship between the sensitivity of global primary photosynthesis (GPP) to
CO; and the modeled terrestrial carbon sink (PgC y!), in relative terms (AGPP (%)). The vertical
gray shading shows the range of the observed terrestrial residual carbon sink over the period of
1982 to 2012, as estimated by the Global Carbon Project. The red line and shaded area show the
best linear fit across models, and the associated 95% prediction intervals, and the horizontal
dashed line shows the implied emergent constraint on the sensitivity of GPP to CO.. This figure
reproduces Fig. 1a, but includes model names, which correspond to labels given in Extended
Data Table 1. See Extended Data Fig. 1 for the underlying relationship between the sensitivity of
GPP to CO; and the terrestrial carbon sink. b, Uncertainty contributions to the constrained
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sensitivity of global photosynthesis to CO». The unconstrained probability density function (PDF)
distribution of SSFF across models (black line, gray bars), which assumes that all of the
TRENDY models are equally likely to be correct and that they come from a Gaussian
distribution. The orange area represents the conditional probability distribution derived by
applying the constraint from (a) to the across model relationship, with dashed and dotted lines in
the orange area indicating the relative contribution of different sources of uncertainty (see
methods).

Extended Data Figure 4 | Assessment of the effect of choice of period on the sensitivity of
global primary photosynthesis (GPP) to CO; (B5FF). Estimates of the residual terrestrial sink
(SLanp) from the Global Carbon Project (GCP) used in this study were split into two 15-year
periods (1982-1997 (a, b) and 1998-2012 (c, d)) and the emergent constraint approach (see
methods) was applied to each independently, using GCP estimates of the land sink for those
periods to estimate a constrained value of SSTF from the TRENDY dynamic global vegetation
models (Extended Data Table 1). Estimated Stanp in panel @ and ¢ is Stanp ~ 1 + BSFF + BReCC
+ BRe© .y The vertical dashed lines in @ and ¢ indicate the GCP estimate of the mean residual
sink for that period. The red lines and shaded areas in @ and ¢ show the best linear fit across
models, and the associated 95% prediction intervals.

Extended Data Figure S | Long-term changes in annual gross primary production (GPP) of
global tropical forests. GPP estimated by terrestrial biosphere models (TBMs) in the TRENDY
model ensemble considers either temporally dynamic CO: and fixed climate and land use
(orange, experiment S1), temporally dynamic CO; and climate, and fixed land use (red,
experiment S2), or temporally dynamic COz, climate, and land use (purple, experiment S3).
Shaded areas represent the mean and standard error of the annual estimate across the TRENDY
ensemble. Remote sensing (RS) GPP considers temporally dynamic climate and land use, and
either fixed (blue) or varying (red) CO>. Tropical forests represent the Evergreen Broadleaf
Forest classification within tropical latitudes (23.5°N: 23.5°S).

Extended Data Figure 6 | Assessment of the effect of CO; on global primary photosynthesis
(GPP) at sites included in the FLUXNET 2015 dataset. () The distribution of the length of
the observational record at each of the 206 sites in the FLUXNET 2015 open access database.
The vertical red line indicates the median site record length (5 years). (b) The expected effect of
CO: on GPP at all sites, demonstrated by comparing the GPP predicted by the original (x-axis)
and updated (y-axis) remote sensing-based methods for all site months of observations in the
FLUXNET 2015 database®®. The mean expected difference across sites is 2.39%.

Extended Data Figure 7 | Global and high latitude changes in the terrestrial carbon cycle.
Both the global (a, b, ¢) and northern land (high latitude, > 45°N) (d, e, f) contribution of CO»
(orange shaded area, derived from TRENDYv6 CO;-only simulations (S1)) and climate (red
shaded area, derived from the difference between TRENDYv6 CO;-only simulations and CO> +
Climate simulations (S2-S1)), to long term (1900-2016) changes in annual net ecosystem
productivity (NEP), gross primary production (GPP) and ecosystem respiration (RECO). The
shaded areas represent the annual mean and standard error across the TRENDY model ensemble.
The impact of climate change is large in high latitude ecosystems, increasing both GPP (e) and
RECO (f). This does not however translate to a large impact on the global carbon cycle (a, b, ¢).
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