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Canadian net forest CO2 uptake enhanced by 
heat drought via reduced respiration
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The response of net forest carbon uptake to warm extremes remains 
elusive. The year 2023 was at the time ‘the hottest year on record’ globally, 
with Canada’s forests experiencing warm anomalies of above 2 °C and 
unprecedented drought and wildfires, providing a unique case to examine 
the response of boreal forest net carbon uptake to climate extremes. Here we 
combine satellite-based atmospheric CO2 flux inversions with ground-based 
in situ observations of CO2 fluxes and concentrations to investigate Canada’s 
forest net carbon uptake and its underlying mechanisms in 2023. We find 
that, compared with 2015–2022, Canada’s forest net carbon uptake was 
enhanced by 0.28 ± 0.23 PgC, offsetting 38–48% of Canadian wildfire 
emissions in 2023. This enhanced net uptake was dominated by large 
ecosystem respiration reductions, mainly attributable to severe root-zone 
soil moisture deficits and the unimodal temperature response of respiration. 
However, most dynamic global vegetation models failed to simulate the 
respiration reductions and the responses to hydrothermal conditions well. 
This study improves our understanding of boreal forest net carbon uptake 
in response to climate extremes and highlights an urgent need to improve 
vegetation models under global warming.

Terrestrial ecosystems absorb ~30% of anthropogenic carbon dioxide 
(CO2) emissions, playing a critical role in mitigating climate change1. 
However, it is threatened by disturbances such as weather extremes2, 
which may lead to carbon losses through reduced gross primary pro-
duction (GPP) and/or increased total ecosystem respiration (TER) and 
disturbance3. Interannual variability (IAV) of global net land CO2 flux 
(net biome production; NBP) is typically caused more by the variations 
in GPP rather than TER4, but large uncertainties remain in their relative 

contributions at regional scales4. Earth system model projections of 
land sink trends over the twenty-first century under future warming 
remain highly uncertain, varying widely from positive to negative5,6. 
These uncertainties largely stem from incomplete understanding of 
terrestrial carbon cycle processes.

Boreal forests play an important role in the terrestrial carbon 
cycle on Earth7,8, holding about 30% of the global forest carbon stocks9. 
Canada’s forests, covering one-third of the boreal forests10, absorb a 

Received: 28 April 2025

Accepted: 5 November 2025

Published online: xx xx xxxx

 Check for updates

A full list of affiliations appears at the end of the paper.  e-mail: jiangf@nju.edu.cn

http://www.nature.com/naturegeoscience
https://doi.org/10.1038/s41561-025-01875-1
http://orcid.org/0009-0006-7543-4470
http://orcid.org/0000-0003-1744-7565
http://orcid.org/0000-0001-8286-300X
http://orcid.org/0000-0002-0010-7401
http://orcid.org/0000-0001-8057-2292
http://orcid.org/0000-0001-8560-4943
http://orcid.org/0000-0001-8166-2070
http://orcid.org/0000-0002-3990-6737
http://orcid.org/0000-0002-7184-6594
http://orcid.org/0000-0002-4327-3813
http://orcid.org/0000-0002-7489-7629
http://orcid.org/0000-0002-1200-9577
http://orcid.org/0000-0002-1433-5173
http://orcid.org/0000-0003-2717-218X
http://orcid.org/0000-0003-4202-8071
http://orcid.org/0000-0003-0026-237X
http://orcid.org/0000-0002-1469-4395
http://orcid.org/0000-0002-7987-037X
http://orcid.org/0000-0002-1834-5088
http://orcid.org/0000-0002-8861-8192
http://orcid.org/0000-0002-0622-6903
http://orcid.org/0000-0003-2206-0429
http://orcid.org/0000-0003-1821-8561
http://orcid.org/0000-0003-3309-4739
http://orcid.org/0000-0002-6278-3392
http://orcid.org/0000-0002-4947-7067
http://orcid.org/0000-0001-9494-3509
http://orcid.org/0000-0002-3959-4155
http://orcid.org/0000-0002-4759-5158
http://orcid.org/0000-0002-3603-4283
http://orcid.org/0000-0003-0767-4721
http://orcid.org/0000-0001-5602-7956
http://orcid.org/0000-0001-8814-804X
http://orcid.org/0000-0003-1141-3022
http://orcid.org/0000-0001-7359-1647
http://orcid.org/0000-0003-1275-1824
http://orcid.org/0000-0001-6313-213X
http://orcid.org/0000-0002-6124-328X
http://orcid.org/0000-0002-8682-1293
http://crossmark.crossref.org/dialog/?doi=10.1038/s41561-025-01875-1&domain=pdf
mailto:jiangf@nju.edu.cn


Nature Geoscience

Article https://doi.org/10.1038/s41561-025-01875-1

by in-situ-constrained estimates (hereafter GCB2024-in-situ). Con-
sidering the influence of prior fluxes IAV on inverted NBP IAV, we per-
form extra inversions using the Global Carbon Assimilation System24, 
version 2 (hereafter GCAS-extra; Methods). Two wildfire emission 
datasets were used to reduce the uncertainty in NEP estimates, and 
two satellite-derived GPP products were then utilized to separate TER 
(TER = GPP – NEP). We also analyse in situ observations of CO2 fluxes 
and concentrations, as well as simulations of dynamic global vegetation 
models (DGVMs) from the TRENDYv13 project1,25. We aim to address 
the following key questions: (1) How does the NEP of Canada’s forests 
change in 2023 compared with 2015–2022? (2) Which carbon cycle 
process is primarily responsible for this change?

Enhanced net carbon uptake of Canada’s forests  
in 2023
Our estimates of the annual NBP in 2023 from GCB2024-satellite and 
GCAS-extra inversions are 0.003 ± 0.30 PgC yr−1 and −0.14 ± 0.15 PgC yr−1 
(sink positive/source negative, same thereafter) (Fig. 1a), and all show 
negative anomalies for 2023 relative to 2015–2022. Surprisingly, when 
using different wildfire emissions (that is, Global Fire Emissions Data-
bases v4.1 (GFED4.1s), Global Fire Assimilation System (GFAS) and 
mean of GFED4.1s and GFAS (MGG)) to separate NEP from atmospheric 
inversion-derived NBP, we find overall positive NEP anomalies (Fig. 1b), 
despite extreme heat drought and unprecedented wildfires occurring in 
2023. Because uncertainty in wildfire emissions can be passed into the 
NEP estimates, we compare the GFED4.1s, GFAS and MGG emissions with 
a recent top-down estimate for the 2023 Canadian wildfire emissions26 
(hereafter Byrne emissions) and find that MGG emissions are closest to 
the Byrne emissions (Fig. 1a). Thus, we use MGG as the optimal estimate 
for wildfire emissions to provide the optimal NEP estimates. Moreo-
ver, to fully remove the effect of wildfire emissions on NEP estimates, 
we calculate NEP scenarios for regions with no or only little wildfires 
occurrence, which show similar NEP anomalies (Supplementary Fig. 2), 
indicating that the estimated NEP anomalies for 2023 are robust. 
We estimate the NEP anomalies for 2023 are 0.31 ± 0.33 PgC yr−1 and 
0.25 ± 0.15 PgC yr−1 based on the GCB2024-satellite and GCAS-extra 
inversions, respectively. Similar results are also found based on the 

large amount of CO2 every year and are considered important in miti-
gating the increasing growth rate of atmospheric CO2 concentrations 
and climatic warming9,10. However, although Canada’s forest carbon 
uptake may benefit from warming by increasing production11,12, carbon 
losses associated with wildfires and weather extremes can offset the 
enhanced uptake and even turn it from a sink into a source13. Recent 
studies based on eddy covariance (EC) and chamber measurements 
have provided insights into drought effects on boreal forest carbon 
uptake14,15, but the contributions of GPP and TER to changes in net 
forest uptake remain controversial. Also, the mechanisms regarding 
the boreal forest drought response at regional scale are still poorly 
understood. The year 2023 was at that time the hottest year globally on 
record since 185016, with Canada experiencing extreme high tempera-
ture and drought (Supplementary Fig. 1). Widespread air temperature 
anomalies exceeding 2 °C were observed in Canada, concurrent with 
unprecedented low precipitation (Supplementary Fig. 1a), leading to 
severe drought and wildfires17. This situation provides a unique case to 
investigate the impact of heat drought on the boreal forest net carbon 
uptake (we use ‘heat drought’ to refer to a compound event of high 
temperatures and persistent dryness).

Atmospheric inversions use atmospheric transport models com-
bined with atmospheric CO2 observations to quantify global and/or 
regional terrestrial carbon sinks or sources18,19. Compared with surface 
CO2 measurements, satellite column-averaged dry air CO2 mole fraction 
(XCO2) observations have better spatial coverage and can therefore 
improve the estimates of NBP and its responses to climate extremes20. 
By assimilating satellite XCO2 observations, atmospheric inversions 
have been widely used to study the responses of terrestrial ecosystem 
carbon sinks to climate extremes such as the 2015/2016 El Niño, the 
2021 La Niña, the 2019 Indian Ocean Dipole and regional droughts in 
China and North America3,21–23.

Here, we investigate the responses of Canada’s net forest carbon 
uptake (that is, NEP = NBP + wildfires) to climate extremes using an 
ensemble of NBP from the Global Carbon Budget 2024 (GCB2024) 
atmospheric inversions1. Due to fewer in situ CO2 observations 
in Canada in 2023 than in previous years, this study primarily uses 
satellite-constrained NBP (hereafter GCB2024-satellite), supplemented 
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Fig. 1 | Terrestrial carbon fluxes in 2023 and their anomalies relative to 
2015–2022 over the Canadian forests. a,b, Terrestrial carbon fluxes (that is, NBP, 
NEP, GPP, TER and wildfire emissions) in 2023 (a) and their anomalies relative to 
2015–2022 (b). NBP is from GCAS-extra and GCB2024-satellite inversions; NEP is 
estimated as the sum of NBP and wildfire emissions (including GFED4.1s, GFAS, 
mean of GFED and GFAS (MGG)). GPP is the mean of GOSIF GPP and FluxSat GPP. 
TER in a and b is separated from NBP by using MGG wildfire emissions and GPP. 

Bars represent optimal estimates of these carbon fluxes, and error bars represent 
uncertainties of these carbon fluxes. For the uncertainties, NBP is calculated as 
the standard deviation of ensembles (n = 4 for GCAS-extra inversion ensembles, 
n = 6 for GCB2024-satellite inversion ensembles), wildfire emissions are assumed 
to be 20%, GPP is estimated using the standard deviation of the bootstrapped 
GPP ensembles (n = 1,000) and NEP and TER are estimated using equations (3) 
and (5), respectively.
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GCB2024-in-situ inversions (Supplementary Fig. 3). These suggest 
an enhanced net ecosystem CO2 uptake by Canada’s forests in the 
extremely hot and dry year 2023.

The 2023 NEP in Canadian forests ranked as the largest during 
2015–2023. Compared with 2015–2022, widespread positive NEP 
anomalies in 2023 were observed, mainly in western and parts of south-
eastern Canada (Fig. 2a,b). The positive NEP anomalies started in May 
and peaked in June, then returned close to zero in October (Fig. 2g,h), 
namely most positive NEP anomalies occurred in summer ( June–
August; Supplementary Fig. 4). We also quantify seasonal NEP anoma-
lies across dominant plant functional types (PFTs), that is, conifer forest, 
mixed forest and northern taiga (Supplementary Fig. 5). All three domi-
nant PFTs show similar patterns of seasonal NEP anomalies, with conifer 
forests dominating the NEP anomalies (Supplementary Fig. 6). Further-
more, the in situ flux observations from five sites show pronounced 
positive NEP anomalies as well (Fig. 2c and Supplementary Fig. 7). 
The IAV of atmospheric CO2 seasonal amplitudes (SAs) can reflect the 
NEP changes in a region to some extent4,27. We calculate the SAs dur-
ing 2015–2023 using the OCO-2 XCO2 retrievals and atmospheric CO2 
concentrations from eight sites in Canada (Methods). The results show 
that satellite XCO2 SAs are the largest in 2023 and most surface stations 
exhibit obvious positive SA anomalies for 2023 relative to 2015–2022 
(Fig. 2i, Supplementary Fig. 8 and Supplementary Table 1). Overall, 
these results all suggest an enhanced NEP in Canadian forests in 2023.

Large reductions in respiration dominate the 
enhanced uptake
We further analyse the two components of NEP: GPP and TER. Com-
pared with 2015–2022, overall negative TER anomalies were observed 

in 2023 (–0.28 ± 0.33 PgC yr−1 and –0.22 ± 0.16 PgC yr−1 based on 
GCB2024-satellite and GCAS-extra inversions, respectively; Fig. 1b). 
Areas with substantial TER reductions show notable positive NEP anom-
alies (Fig. 2), confirmed by flux observations at the Scotty Creek Land-
scape (CA-SCC) site located near the enhanced NEP hotspot regions 
in northwestern Canada (Supplementary Fig. 7). However, compared 
with TER anomalies, GPP increased marginally, despite reductions 
occurring in some regions with reduced respiration (Fig. 2f). These 
findings suggest that large reductions in TER, rather than increases 
in GPP, contributed to the enhanced forest NEP in Canada in 2023.

The mechanisms behind positive NEP anomalies varied monthly, 
owing to different responses of GPP and TER to 2023 climate anomalies. 
Minor NEP increases in May probably resulted from an earlier onset of 
growing season due to the higher spring temperatures (March–May)28. 
Warmer spring and the accompanying accelerated snowmelt enhanced 
photosynthesis29 (Supplementary Fig. 9), as indicated by a strong 
positive correlation (r = 0.63, P < 0.01) between May GPP anomalies 
and spring temperature anomalies (Supplementary Fig. 10b). However, 
due to the concurrent stimulation of TER by a warmer spring, most 
GPP increases were offset by TER increases, resulting in small positive 
NEP anomalies in May.

The positive GPP anomalies in June were probably attributable 
to warmer spring effects on early-summer forest productivity30–32. 
In contrast to the increased GPP, TER showed striking reduc-
tions and thus dominated the positive NEP anomalies in June 
(Fig. 2g,h and Supplementary Figs. 11 and 12). Due to the persis-
tent root-zone soil moisture (RZSM) deficit and high temperature 
(Supplementary Fig. 9), the GPP anomalies shifted from positive 
to negative in July, while negative TER anomalies remained. As TER 
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Fig. 2 | The NEP, GPP and TER anomalies over Canada’s forests in 2023, relative 
to the 2015–2022 average. a,b, The spatial distribution of annual mean NEP 
anomalies in 2023 calculated on the basis of GCAS-extra (a) and GCB2024-
satellite (b) inversions, respectively. c, NEP anomalies in 2023 for each EC site. 
d,e, The spatial distribution of annual mean TER anomalies in 2023 constructed 
from GCAS-extra (d) and GCB2024-satellite (e) inversions, wildfire emissions 
and independent GPP products. f, The spatial distribution of annual mean GPP 
anomalies in 2023. g,h, Monthly anomalies of the NEP, GPP and TER in 2023 over 

Canada’s forests based on GCAS-extra (g) and GCB2024-satellite (h) inversions. 
i, SA anomalies of CO2 concentrations in 2023 for each surface station. Lines 
in g and h represent optimal estimates of NEP, GPP and TER, and shaded areas 
represent the uncertainties of NEP, GPP and TER. The uncertainty of GPP is 
estimated using the standard deviation of the bootstrapped GPP ensembles 
(n = 1,000), and those of NEP and TER are estimated using equations (3) and 
(5), respectively. Basemap data in a–f,i from Esri, Garmin International, Inc., US 
Central Intelligence Agency and National Geographic Society.
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reductions were greater than GPP reductions, positive NEP anomalies 
persisted until mid-autumn (Fig. 2g,h).

Subsequent decreases in GPP could be explained by reduced 
stomatal conductance, which is associated with enhanced water use 
efficiency and reduced evaporative losses at the expense of vegetation 
photosynthesis during the summer drought conditions33. This can 
be confirmed by the reductions in canopy near-infrared reflectance 
detected by recently proposed kernel normalize difference vegetation 
index (kNDVI) and solar-induced chlorophyll fluorescence (SIF). The 
spatial–temporal patterns of summer kNDVI and SIF anomalies agree 
well with those of summer GPP anomalies (Supplementary Fig. 4), 
independently supporting reduced GPP during the summer drought.

However, the TRENDYv13 DGVMs show large divergences in simu-
lating Canada’s NEP over the study period (Supplementary Figs. 13–16). 
Only about half of the DGVMs show increased uptake in 2023, largely 
due to increased GPP rather than reduced TER (Supplementary Figs. 17–
21). The IAVs of NEP and TER show a weak correlation between our 
atmospheric inversion-based estimates and the ensemble mean of 
the 14 TRENDY DGVMs (r = 0.38, P > 0.05 for NEP; r = 0.12, P > 0.05 for 
TER) (Supplementary Table 2). By contrast, the DGVM-simulated and 

satellite-derived GPP IAVs show a strong correlation (r = 0.81, P < 0.01). 
Thus, the large discrepancy in quantifying the 2023 Canada’s NEP 
between DGVM simulations and atmospheric inversion-based esti-
mates may arise from the inability of DGVMs to accurately simulate 
TER dynamics.

Attribution of the reduced respiration
During the summer 2023, most Canadian forests experienced high 
temperature anomalies above 2 °C relative to 2015–2022, alongside 
severe drought (Fig. 3a,b). This drought progression stemmed primarily 
from persistent precipitation deficits since August 2022 and extremely 
high spring-summer temperatures in 2023 (Supplementary Fig. 9). 
Besides, the earlier onset of vegetation phenology in 2023 could further 
reduce late-spring soil moisture through increased evapotranspira-
tion, exacerbating the 2023 summer drought34. The 2023 summer TER 
reached its lowest level in the past 9 years, associated with the hot and 
dry conditions and GPP reductions induced by drought (Fig. 3c–h). We 
thus fit the relationships between TER and temperature, RZSM and 
satellite-derived GPP during summer 2015–2023 (Methods). The rela-
tionship between TER and temperature is a unimodal shape: TER rises 
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Fig. 3 | Responses of TER to GPP, air temperature and RZSM during summer 
( June–August) 2015–2023 over Canadian forests. a,b, Spatial patterns of the 
RZSM (a) and air temperature (b) anomalies in summer 2023, relative to the 
2015–2022 summer average. c–e, The relationship between the TER and air 
temperature (c), RZSM (d) and GPP (e) in summer. TER in c–e is constructed from 
GCAS-extra inversions, wildfire emissions and independent GPP products.  
f–h, The same as c (f), d (g) and e (h), but TER is constructed from GCB2024-
satellite inversions. The TER–RZSM and TER–temperature response curves were 
fitted by a second-order polynomial model, and the TER–GPP response curve was 

fitted by a linear model (Methods). The red points in c–h represent the total value 
of summer TER. The dashed lines represent the regression lines fitted to the data, 
while the shaded areas represent the 95% confidence interval. GPP is the mean 
of GOSIF GPP and FluxSat GPP. Air temperature and RZSM are taken from ERA5-
Land and GLDAS, respectively. Statistical significance of the model fitting was 
calculated using the F-test. ‘n.s.’ indicates no statistically significant relationship 
when P > 0.05. Basemap data in a and b from Esri, Garmin International, Inc.,  
US Central Intelligence Agency and National Geographic Society.
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to a maximum value at an optimal temperature (Topt) and then declines 
as temperature increases further (Fig. 3c,f and Supplementary Figs. 22 
and 23). This summer Topt (14–15 °C) is close to the apparent Topt of 16 °C 
observed at the CA-SCC site (Supplementary Fig. 24) and a previous 
EC site-based study35 in Canada’s forests.

Similar to the TER–temperature response curve, TER increases 
with RZSM and peaks at specific RZSM as well (Fig. 3d,g). The TER 
reductions occur when RZSM is in deficit or exceeds a threshold of 
~380 kg m−2, indicating the effect of moisture, oxygen and substrate 
limitations on the metabolism of TER36. Given uncertainties in the 
RZSM product, we test an alternative soil moisture dataset and find 
consistent TER–RZSM relationships (Supplementary Fig. 25). Severe 
RZSM deficits are accompanied by extreme high temperatures, which 
could exacerbate TER reductions. In addition, vegetation photosyn-
thesis can directly affect autotrophic respiration and indirectly affect 
heterotrophic respiration via altered carbon inputs to soil37,38, which 
could be reflected in the linear relationship between GPP and TER 
(Fig. 3e,h). The relationships between TER and both hydrothermal 
conditions and GPP are similar across the dominant PFTs, but the 
Topt and RZSM thresholds are different (Supplementary Figs. 26–28). 
Northern taiga shows a higher temperature sensitivity of TER than 
conifer forests and mixed forests, which is related to the local cli-
mate conditions for plant growth. Further analysis of these relation-
ships across different climate zones reveals that the response of TER 
to hydrothermal conditions is also similar across different climate 

zones, and forested regions with cold summers tend to exhibit a 
higher temperature sensitivity of TER than those with warm summers 
(Supplementary Figs. 29–31). We further perform a statistical analysis 
to separate the contributions of GPP and environmental changes on 
the TER anomalies (Methods) and find that environmental factors 
(that is, air temperature and RZSM) are the primary drivers, explain-
ing two-thirds of the total anomalies, whereas the influence of GPP 
is limited (Supplementary Fig. 32). Therefore, the 2023 summer TER 
reductions were mainly attributed to the severe RZSM deficits and 
supra-optimal temperatures over Canada’s forests.

However, the summer TER–temperature relationship in DGVMs is 
quite different from our inversion-based results. DGVMs depict a mono-
tonic TER increase with warming during 2015–2023 (Fig. 4b), whether it 
is a C or C–N coupling model (Supplementary Figs. 33 and 34). This fail-
ure to simulate the TER–temperature response may overestimate TER 
rates at higher temperatures38. In addition, while DGVMs reproduce the 
summer RZSM anomalies in 2023, some DGVMs are unable to capture 
the TER sensitivity to RZSM well (Fig. 4c and Supplementary Fig. 35). 
The DGVM-simulated linear TER–GPP relationship is identical to our 
inversion-based results, but most DGVMs do not show GPP reductions 
for 2023 summer drought, partially explaining the simulated TER 
increase in summer 2023 (Fig. 4d and Supplementary Fig. 36). Overall, 
these results have explained the TER increases in 2023 observed in 
DGVMs, as well as the discrepancy between the DGVM simulations and 
our atmospheric inversion-based results.
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Fig. 4 | Relationships between TER and air temperature, RZSM and GPP in 
summer 2015–2023, estimated using the ensemble mean of 14 TRENDYv13 
DGVMs. a, Anomalies of NEP, GPP and TER for summer 2023 relative to 
2015–2022 (n = 14). Data are presented as box plots showing the median (centre 
line), the 25th and 75th percentiles (box limits) and the whiskers extending to the 
minimum and maximum data points. b–d, Relationships between the TER and  
air temperature (b), RZSM (c) and GPP (d) in summer. The TER–RZSM and  

TER–temperature response curves were fitted by a second-order polynomial 
model, and the TER–GPP response curve was fitted by a linear model. The dashed 
lines represent the regression lines fitted to the data, and the shaded areas 
represent the 95% confidence interval. TER, air temperature, RZSM and GPP are 
taken by the TRENDYv13 DGVMs. Statistical significance of the model fitting was 
calculated using the F-test. ‘n.s.’ indicates no statistically significant relationship 
when P > 0.05.
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Implications of respiration reductions for carbon 
dynamics
We find an enhanced NEP of 0.28 ± 0.23 PgC for 2023 relative to 2015–
2022 over the Canadian forests, which is equivalent to 148% of 2023 
Canadian anthropogenic carbon emissions (694 Mt CO2 equiv.)39. 
However, the Canadian wildfires in 2023 were unprecedented in both 
scale and intensity17, with emissions reaching 0.65 (0.57–0.73) PgC  
(ref. 26). These findings suggest that climate extremes in 2023 in  
Canada not only triggered wildfires but also enhanced NEP by reduced 
forest respiration, thereby reducing the overall net carbon loss. We 
estimate that the enhanced forest NEP compensated for 38–48% of 
Canadian wildfire emissions in 2023.

The reasons for this enhanced NEP are twofold: (1) heat drought 
leads to large TER reductions, contributing ~90% of the NEP anoma-
lies; and (2) the GPP increases in the warmer spring are offset by the 
reductions under summer drought, resulting in marginal annual GPP 
increases. This finding is consistent with previous observations at the 
Canadian Southern Old Aspen site during the 2001 drought40,41 and at a 
mature temperate deciduous forest site within the Great Lakes region 
of Canada42 during the 2012 heat drought. However, our results are in 
contrast to recent ground measurements in the 2018 summer drought 
in Europe14,15, which suggest that the summer drought decreased boreal 
forest NEP by reducing understory production14 and/or increasing 
heterotrophic respiration15. Such divergence may be due to the fact 
that the 2018 European summer drought was caused by extremely high 
positive anomalies in temperature and radiation rather than by mois-
ture deficits, which is different from the climate anomalies observed 
in this study. The TER reductions under severe hot and dry conditions 
may be due to multiple mechanisms, such as reduced supply of pho-
tosynthetic substrates, suppressed root and soil microbial activities 
and respiratory enzyme capacity43,44. Meanwhile, RZSM deficits can 
inhibit the rhizosphere activity by reducing the transport of assimilates 
towards the rhizosphere45.

Our results suggest that the TRENDY DGVM ensemble is unable to 
simulate the TER reductions in 2023 over Canada’s forests. This may be 
due to incorrect TER–temperature and TER–RZSM responses in DGVMs 
or inappropriate settings of Topt. Meanwhile, most DGVMs show GPP 
increases in summer 2023 relative to 2015–2022, which contradicts 
the reductions observed in satellite-derived GPP, potentially increas-
ing the 2023 TER in DGVM simulations. Indeed, most DGVMs use Q10 
or Arrhenius functions to represent exponential or near-exponential 
TER response to temperature46,47; only a limited number of models 
can simulate the unimodal temperature response of TER. In addition, 
TER simulated by DGVMs is overly sensitive to temperature but not 
sensitive enough to soil moisture48. These findings suggest that the 
responses of TER to hydrothermal conditions should be improved in 
DGVMs in the future.

In conclusion, this study challenges the conventional wisdom that 
extreme climate events reduce regional terrestrial carbon sinks. Previ-
ous studies suggested a weakening of boreal forest carbon sink under 
increasing and more severe heat-drought events49,50. In comparison, 
our results show that extreme heat drought in 2023 could counterin-
tuitively increase boreal forest NEP by reducing TER, contradicting 
previous findings. Our findings imply that decreased TER can act as a 
partial buffer, offsetting carbon losses from increased mortality and 
reduced nutrient uptake under extreme heat-drought events. There-
fore, accurate projections of the boreal forest carbon sink under global 
warming require realistic consideration of both GPP and TER dynamics.
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Methods
GCB2024 atmospheric inversions
There are 14 atmospheric inversion models in the GCB2024 
ensemble1,51, in which 6 models assimilated satellite observations or 
both satellite and surface observations (that is, GCB2024-satellite) 
(Supplementary Table 3). The remaining eight inversions only 
assimilated surface CO2 observations (that is, GCB2024-in-situ) 
(Supplementary Table 4). The GCB2024 inversions provide monthly 
NBP estimates at 1° × 1° spatial resolution. Due to the limited obser-
vational coverage of Canada in 2023 within the surface CO2 dataset 
used (that is, ObsPack NRTv9.2, which includes Canadian data only 
up to February 2023), we focus primarily on the results based on the 
GCB2024-satellite inversions, including CMS-Flux52, CAMS-Satellite53,54, 
GONGGA55,56, COLA57, Global Carbon Assimilation System version 2 
(GCASv2)24 and NTFVAR58,59. For GCB2024 inversions, we calculate the 
mean across the ensembles as the optimal NBP estimates (sink positive/
source negative) and the standard deviation as the uncertainty of NBP 
estimates (Supplementary Table 5).

GCASv2
At regional scales, the constraints provided by satellite observations 
may be insufficient, meaning that the choice of a priori fluxes can 
influence the inversion results60. Therefore, GCASv2 was used to con-
duct extra atmospheric inversion experiments (that is, GCAS-extra) 
with different wildfire emissions and prior NEP by assimilating the 
Orbiting Carbon Observatory 2 (OCO-2) XCO2 observations24. GCASv2 
integrates the Model for Ozone and Related Chemical Tracers version 
4 (MOZART-4)61 and the Ensemble Square Root Filter optimization 
(EnSRF)62 to simulate atmospheric CO2 concentrations and to produce 
the surface flux inversions, respectively. In this study, GCASv2 was run 
from September 2014 to January 2024 with a data assimilation (DA) 
window of 1 week. For each DA window, the system uses a two-step cal-
culation method, that is, the prior fluxes are optimized using observa-
tions and then the optimized fluxes are put into MOZART-4 to simulate 
the initial atmospheric CO2 fields for the next window. In addition, a 
‘super-observation’ scheme is applied to reduce the representative 
error of observations by averaging all observations located in the same 
model grid and a single DA window. GCASv2 has been widely used in 
the estimates of global and regional carbon sinks1,63. More details about 
the description of GCASv2 can be found in ref. 24.

Ocean fluxes and fossil fuel emissions were obtained from the JMA 
Ocean CO2 map64 and GCP-GridFEDv2023.165, respectively; wildfire 
emissions were obtained from the Global Fire Emissions Databases 
v4.1 (GFED4.1s)66 and the CAMS GFAS67; the prior biosphere fluxes 
were derived from the multiyear averaged NEP simulated by the BEPS 
model68,69 (2013–2022) and the CASA-GFED4.1s model (2011–2020, 
obtained from CT2022770). By using the multiyear averages of prior 
fluxes in each year, we ensure the posterior NBP IAV are obtained 
exclusively through the constraints of satellite XCO2 observations. 
Here, the bias-corrected OCO-2 XCO2 retrievals (ACOS v11.1r L2 lite) 
were adopted71, and both land (Land Nadir + Land Glint, LNLG) and 
ocean (Ocean Glint, OG) retrievals with XCO2_quality_flag = 0 were 
used for assimilation. A recent inversion experiment has shown 
that the inverted NBP over boreal North America cannot be affected 
by assimilating OG of OCO-2 XCO2 retrievals72. The LNLG and OG 
XCO2 retrievals were regridded to 1° × 1° and 5° × 5° spatial resolu-
tions, respectively, and converted to the X2019 scale of the World 
Meteorological Organization73.

Four inversion experiments with different prior fluxes were con-
ducted: BEPS&GFED, BEPS&GFAS, CASA&GFED and CASA&GFAS. 
For each experiment, only terrestrial biosphere and ocean fluxes 
were optimized, while carbon emissions from fossil fuels and fires 
were prescribed63,74. The GCAS-extra inversions provide monthly 
NBP estimates at 1° × 1° spatial resolution. We utilize the mean value 
across the four experiments as the optimal NBP estimate and the 

standard deviation as its uncertainty for the GCAS-extra inversions 
(Supplementary Table 5).

Wildfire carbon emission estimates
Two datasets for wildfire carbon emissions were selected, including 
GFED4.1 s (0.25° × 0.25° and 3-h resolutions)66 and GFAS (0.1° × 0.1° 
and daily resolutions)67. Both datasets provide carbon emissions for 
CO2, carbon monoxide (CO) and methane (CH4). Each emission data 
point was aggregated to 1° × 1° and monthly resolutions using the 
first-order conservative interpolation method from Climate Data 
Operators. In this study, the total wildfire carbon emissions (Firetotal) 
for each dataset were calculated by combining the emissions of CO2, 
CO and CH4:

Firetotal = FireCO2 + FireCO + FireCH4 , (1)

where FireCO2, FireCO and FireCH4 represent emissions of CO2, CO and CH4, 
respectively. The comparison between the 2023 Canadian wildfire 
carbon emissions calculated from GFED4.1s and GFAS and a recent 
top-down estimate using satellite CO observations (that is, Byrne 
wildfire emissions)26 show that the mean of GFED4.1s and GFAS emis-
sions (MGG) is closest to the Byrne emissions (Fig. 1a). Because Byrne 
et al.26 reported Canadian wildfire emissions only for May–September 
2023, and therefore they cannot be used to calculate 2023 anomalies 
relative to 2015–2022, we use the MGG dataset as the optimal wildfire 
emission estimates in this study.

NEP, GPP and TER estimates
In most GCB2024 inversion models (including GCASv2), wildfire emis-
sions are either prescribed or ignored entirely. While some models (for 
example, NISMON-CO2) attempt to optimize NEP (sink positive/source 
negative) and wildfire emissions separately, atmospheric inversions 
cannot effectively distinguish their individual contributions to NBP. 
Consequently, overestimated wildfire emissions inevitably produce 
overestimated NEP estimates (and vice versa), regardless of whether 
wildfire adjustments are applied. Thus, only NBP estimates are reliable 
in atmospheric inversions. For this reason, NEP must be derived using 
equation (2) based on the optimized NBP from atmospheric inversions 
and optimal wildfire carbon emission estimates:

NEP = NBP + FireCO2+CO×14%+CH4×14%, (2)

where NBP represents the NBP from the GCAS-extra and GCB2024 
atmospheric inversions. It should be noted that, although the 
wildfire-emitted CO and CH4 are ultimately converted into CO2 though 
atmospheric chemical reactions, CO and CH4 are gases with long chemi-
cal lifetimes, and it takes time for them to convert into CO2. The NBP 
of the Canadian forests are mainly constrained by the satellite XCO2 
observations over Canada, which can only detect the part of CO and 
CH4 that are transformed to CO2 in the boundary layer of Canada. Based 
on atmospheric chemistry simulations in Europe, Ciais at al.75 showed 
that only 14% of CO and CH4 can be transformed to CO2 in the boundary 
layer over the European continent. Considering that the area of Canada 
is comparable in size to Europe, this conversion factor (14%) was 
directly applied in this study to estimate the transformation of CO and 
CH4. Therefore, in equation (2), FireCO2+CO×14%+CH4×14%  represents the 
total wildfire CO2 emissions and 14% of CO and CH4 emissions.

We assume a 20% uncertainty in wildfire emission estimates22 
(Supplementary Table 5). The uncertainty of NEP estimates was cal-
culated as follows22:

σNEP =√σ2NBP + σ2FireCO2+CO×14%+CH4×14%
, (3)

where σNBP  represents the uncertainties of NBP estimates. 
σFireCO2+CO×14%+CH4×14% represents uncertainty of wildfire carbon emissions 
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for CO2 and 14% of CO + CH4. In other words, σFireCO2+CO×14%+CH4×14% is 20% of 
these wildfire carbon emissions.

Two satellite-derived GPP products were selected: GOSIF (global, 
OCO-2-based SIF product) GPP76 and FluxSat v2.2 GPP77. Both GPP 
products were generated on the basis of machine learning methods 
and have been validated by ground observations76,78. The GOSIF GPP 
was derived from the OCO-2 SIF product, providing 8-day GPP esti-
mates at 0.05° spatial resolution. The FluxSat GPP was generated using 
FLUXNET2015 site GPP and MODIS Nadir Bidirectional Reflectance 
Distribution Function-Adjusted Reflectance, providing daily GPP data 
at 0.05° spatial resolution. We aggregate these GPP products to 1° spa-
tial resolution. Following Liu et al.22, we use the mean of GOSIF GPP and 
FluxSat GPP as the optimal estimate, and a bootstrapping technique to 
estimate the uncertainty of GPP. In the bootstrapping technique, we 
randomly generated 1,000 samples and calculated GPP uncertainty 
by using the standard deviation of the bootstrapped GPP ensembles22.

TER was calculated as the residual among GPP, atmospheric 
inversion-derived NBP and wildfire emissions:

TER = GPP − NBP − FireCO2+CO×14%+CH4×14%. (4)

The uncertainty of TER estimates was calculated as follows22:

σTER =√σ2GPP + σ2NBP + σ2FireCO2+CO×14%+CH4×14%
, (5)

where σGPP represents the GPP uncertainty.
As mentioned above, the uncertainty in wildfire emissions can 

affect the NEP and TER estimates. To investigate this impact, we fur-
ther perform a sensitivity test by excluding all fluxes from pixels with 
wildfire emissions exceeding a threshold (λ, unit: gC m−2 yr−1). Using 
different thresholds, we calculate the NEP and TER anomalies in the 
remaining areas. The wildfire emission thresholds λ were set as 2,000, 
1,500, 1,000, 500 and 200 gC m−2 yr−1.

Outputs of TRENDYv13 DGVMs
The results constructed from atmospheric inversions, wildfire emis-
sions and independent satellite GPP products were compared with 
the outputs of 14 DGVMs from the TRENDYv13 project1,25, includ-
ing CABLE-POP, CLASSIC, CLM6.0, EDv3, ELM, IBIS, ISBA-CTRIP, 
JSBACH, LPJmL, LPX-Bern, OCNv2, ORCHIDEEv3, SDGVM and VISIT 
(Supplementary Table 6). We choose monthly outputs, including 
GPP, autotrophic respiration (Ra), heterotrophic respiration (Rh), air 
temperature and RZSM, from the TRENDYv13 S3 simulations during 
2015–2023, which were run with all forcing data including time-varying 
atmospheric CO2, land use change and climate change. The climate 
forcing data were derived from the CRU-JRA55 dataset. The atmos-
pheric CO2 forcing data were derived from CO2 concentration observa-
tions from National Oceanic and Atmospheric Administration (NOAA) 
stations. The land use change data were provided from land use harmo-
nization data for GCB2024 (LUH2-GCB2024). TER was calculated as the 
sum of Ra and Rh; NEP was calculated as the difference between GPP 
and TER; for temperature and RZSM, the TRENDY variables of ‘tas’ and 
‘mrso’ were selected, respectively. To match the atmospheric inversions 
resolution, monthly outputs of the TRENDYv13 DGVMs were regridded 
to 1° × 1° spatial resolution, using the first-order conservative interpola-
tion (for carbon fluxes) and bilinear interpolation (for environmental 
variables) methods from Climate Data Operators.

In situ CO2 concentration and flux observations
The atmospheric CO2 observations in Canada were obtained from 
Observation Package (ObsPack) Data Products in NOAA Global Moni-
toring Laboratory79 (obspack_co2_1_GLOBALVIEWplus_v10.1_2024-
11-13). We selected only the stations with complete data records from 
April to August 2023. Hence, eight stations were used for analysis 
(Supplementary Table 7), distributing the Canadian forests from 

northwest to southeast. Data from each station were processed using 
the Savitzky–Golay filtering method and then used to generate monthly 
CO2 concentrations. The SA in CO2 concentrations for each year was 
calculated as the difference in CO2 concentrations between April 
and August.

The EC CO2 fluxes in Canadian forests were collected from Ameri-
Flux (https://ameriflux.lbl.gov/) and BERMS (https://water.usask.ca/
berms/) databases42,80–83. These EC fluxes were quality controlled, 
filtered, gap-filled and partitioned using established methods84. The 
gap-filling and partitioning methods may slightly vary depending 
on the network or of the individual sites or site principal investigator 
preferences. These sites are listed in Supplementary Table 8.

Other data
The Canadian forested regions were identified by using the ecoregion 
map from CT202270, which contains 19 ecosystem types. Pixels domi-
nated by ‘conifer forest’, ‘mixed forest’, ‘northern taiga’, ‘forest/field’, 
‘conifer snowy/coastal’ and ‘wooded tundra’ at 1° spatial resolution 
were selected and considered as forested regions. The climate map 
was derived from the Köppen–Geiger climate classification at 1° spa-
tial resolution for the present-day (1991–2020) climate conditions85.

Monthly kNDVI data were derived from the MODIS MOD13A3 V6.1 
product86, which provides monthly NDVI data at 1 km spatial resolution. 
We aggregate the NDVI to 1° spatial resolution and converted it to kNDVI 
according to equation (6)87:

kNDVI = tanh (NDVI2) . (6)

The SIF data were derived from TROPOspheric Monitoring Instru-
ment (TROPOMI) near-infrared band measurements88. The monthly 
air temperature, precipitation, snowmelt, snow cover, snow depth 
and solar radiation were derived from the fifth generation of the land 
component of the ECMWF reanalysis (ERA5-Land) dataset89. The 
vapour pressure deficit was obtained from the TerraClimate dataset90. 
The monthly RZSM data were derived from the GLDAS91 dataset. We 
additionally used the EAR5-Land89 dataset to test the TER–RZSM rela-
tionships. Because ERA5-Land does not provide RZSM directly, it was 
calculated on the basis of the soil moisture in all layers above 100 cm 
depth weighted by the depth of each soil layer. These variables were 
aggregated to 1° spatial resolution using the area-weighted method.

Statistical analysis
Considering the nonlinear response of TER to hydrothermal 
conditions92,93, a second-order polynomial model was used to fit the 
TER–air temperature and TER–RZSM response curves for summer and 
each month of summer. Meanwhile, generally, GPP linearly affects TER 
during the growing season over Canada’s forests94, and thus we use a 
linear model to fit the TER–GPP relationship. Statistical significance 
of the model fitting was calculated using the F-test. Moreover, we test 
the model performance using Akaike information criterion (AIC)95. 
The tests show that the second-order polynomial model outperforms 
the linear model in fitting the TER–air temperature and TER–RZSM 
relationships (that is, AICpolynomial < AIClinear) and vice versa in fitting the 
TER–GPP relationship (that is, AICpolynomial > AIClinear).

To further quantify the contributions of GPP and environmental 
(air temperature and RZSM) changes to TER anomalies for summer 
2023 relative to 2015–2022, we conduct a statistical analysis to separate 
the environment- and GPP-driven TER anomalies. We normalize air 
temperature, RZSM and GPP during the summer period of 2015–2023 
and then fit them to TER as follows:

TER = a1 × ZT
2 + a2 × ZT + b1 × ZRZSM

2 + b2 × ZRZSM + c + d × ZGPP, (7)

where a1, a2, b1, b2, c and d  are regression coefficients. TER  was 
constructed from atmospheric inversions, wildfire emissions and 
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satellite-derived GPP products. ZT , ZRZSM and ZGPP are the z-score value 
of air temperature, RZSM and GPP, respectively. We calculate the time 
series of summer TER data without GPP effects (TERenvironmental ) 
as follows:

TERenvironmental = a1 × ZT
2 + a2 × ZT + b1 × ZRZSM

2 + b2 × ZRZSM + c. (8)

We then calculate the anomalies of TER  and TERenvironmental  for  
2023. Therefore, the anomalies of TERenvironmental was considered as the 
absolute contributions of environmental changes to 2023 TER anoma-
lies, and the difference between anomalies of TER and TERenvironmental  
in 2023 was considered as the absolute contribution of GPP changes.

Data availability
All data used in this study are publicly available. The inversions 
of GCASv2 are available via Dryad at https://doi.org/10.5061/
dryad.83bk3jb1h (ref. 96). The inversions of GCB2024 are available at 
https://doi.org/11676/GpFcABoKcZMVnRUlLHRInhdM. The GOSIF GPP 
are available at https://globalecology.unh.edu/data/GOSIF-GPP.html. 
The FluxSat v2.2 GPP are available at https://daac.ornl.gov/VEGETA-
TION/guides/FluxSat_GPP_FPAR.html. The GFED4.1s fire emissions are 
available at https://www.geo.vu.nl/~gwerf/GFED/GFED4/. The CAMS 
GFAS fire emissions can be downloaded at https://www.ecmwf.int/
en/forecasts/dataset/global-fire-assimilation-system. The TRENDY 
data are available at https://mdosullivan.github.io/GCB. The atmos-
pheric CO2 concentration data were obtained from the NOAA Global 
Monitoring Laboratory at https://gml.noaa.gov/ccgg/obspack/data.
php. The EC data can be downloaded at https://ameriflux.lbl.gov and 
https://water.usask.ca/berms. CT2022 data are available at https://gml.
noaa.gov/ccgg/carbontracker/index.php. The TROPOMI SIF data are 
available at https://radiantearth.github.io/stac-browser/#/external/
data-portal.s5p-pal.com/api/s5p-l2/collections/L2__SIF___. The MODIS 
NDVI and GLDAS RZSM are available via the Google Earth Engine (GEE) 
platform at https://developers.google.com/earth-engine/datasets/. 
The Köppen–Geiger climate classification map can be downloaded 
at https://www.gloh2o.org/koppen/. The air temperature, precipi-
tation, snowmelt, snow cover, snow depth and solar radiation from 
ERA5-Land and vapour pressure deficit from TerraClimate are publicly 
available via the GEE platform at https://developers.google.com/earth- 
engine/datasets/.

Code availability
The MATLAB codes used in this study are available via GitHub at  
https://github.com/Guanyu-nju/Canadian_forest_carbon.git.
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