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Increasing terrestrial ecosystem carbon release in
response to autumn cooling and warming

Rui Tang', Bin He®'%, Hans W. Chen®2, Deliang Chen®3, Yaning Chen®4™, Yongshuo H. Fu>,
Wenping Yuan®5, Baofu Li©®7, Zhi Li%, Lanlan Guo?, Xingming Hao*, Liying Sun®, Huiming Liu'®,
Cheng Sun®'and Yang Yang™

Part of the Northern Hemisphere has experienced widespread autumn cooling during the most recent decades despite overall
warming, but how this contrasting temperature change has influenced the ecosystem carbon exchange remains unclear. Here,
we show that autumn cooling has occurred over about half of the area north of 25° N since 2004, producing a weak cooling trend
over the period 2004-2018. Multiple lines of evidence suggest an increasing net CO, release in autumn during 2004-2018. In
cooling areas, the increasing autumn CO, release is due to the larger decrease of gross primary productivity (GPP) growth than
total ecosystem respiration (TER) growth suppressed by cooling. In the warming areas, TER increased more than GPP because
the warming and wetting conditions are more favourable for TER growth than GPP increase. Despite the opposite tempera-
ture trends, there has been a systematic increase in ecosystem carbon release across the Northern Hemisphere middle and

high latitudes.

critical role in regulating the global carbon cycle and atmo-

spheric CO, concentration”. In recent decades, the overall
climate warming has strongly enhanced ecosystem productivity
by extending the growing season and increasing photosynthesis,
although this warming effect on ecosystem carbon uptake has weak-
ened since the latter half of the 1990s*~. The Northern Hemisphere
(NH) ecosystems act as a carbon sink in spring but a net carbon
source in autumn due to the asymmetric response of ecosystem pro-
ductivity and respiration in response to warming®. In spring, climate
warming more strongly promotes photosynthesis than respiration,
resulting in net carbon uptake, but an opposite condition occurs
in autumn. A recent study reported widespread autumn cooling in
the NH since 2004°, and the ecosystem respiration is anticipated to
decrease with cooling. Therefore, we hypothesize that the autumn
carbon release would be suppressed by the emerging cooling.
However, for those regions that experienced continued warming,
an enhanced autumn carbon loss would be expected.

To test this hypothesis, we use independent simulations and
observation-derived estimates of net ecosystem exchange (NEE) to
comprehensively examine the interannual variation of ecosystem
carbon fluxes in response to different autumn temperature changes.
The NEE datasets include nine simulations from the TRENDY
ensemble of global vegetation models (Supplementary Table 1), one
simulation from empirical models based on eddy-covariance obser-
vational data using machine learning algorithms (FLUXCOM)*"°
and three estimates from atmospheric CO, inversion mod-
els: CarboScope'’, CAMS' and NISMON". In addition, in situ

| errestrial ecosystems in the middle and high latitudes play a

atmospheric CO, concentration records and eddy-covariance CO,
flux observations (Supplementary Table 2) were used as observa-
tional evidence to indicate net land—atmosphere carbon exchange'.
Satellite-based normalized difference vegetation index (NDVI) and
contiguous solar-induced chlorophyll fluorescence (CSIF), as well
as a near-infrared reflectance- (NIRv-) based gross primary pro-
ductivity (GPP) product (defined as NIRv_GPP), were also used to
indicate the ecosystem productivity change.

Widespread cooling has halted overall autumn warming
Air temperature trends derived from the Climate Research Union
(CRU)* for the period from 1981 to 2018 indicate an apparent shift
from warming to weak cooling in autumn around 2004 north of
25°N (Fig. 1a,b). The turning point of temperature that occurred in
2004 (P=0.001) was confirmed by both piecewise linear regression
and a moving ¢ test (Methods). Before 2004, the average autumn
temperature increased at a rate of 0.45+0.14°Cdecade™ (Mann-
Kendall, P=0.004), which we define as the warming period (WP),
whereas post-2004, there was a weak decreasing trend at a rate of
—0.07 +0.13°Cdecade™ (P=0.593), defined as the cooling period
(CP). Cooling trends were widely observed in the high latitudes of
North America and central Eurasia, accounting for about 51% of the
total study area. This cooling pattern is consistent with the study of
ref. © and was attributed to the strengthening of the Pacific Decadal
Oscillation and Siberian High.

For the convenience of description, we designated the regions
where the autumn temperature shows a decreasing trend in the
period 2004-2018 relative to the period 1982-2003 as the cooling
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Fig. 1| Trends in mean autumn air temperature at 2m north of 25°N
during the periods 1982-2003 and 2004-2018. a, Trends in autumn
(September-November) temperature during 1982-2003. b, Trends in
autumn temperature during 2004-2018. ¢, Trends in mean autumn
temperature anomalies during both periods. The air temperature data were
obtained from the CRU Time Series 4.0. The black line in ¢ indicates the
mean autumn temperature over the whole region north of 25°N (NH), and
the blue and red lines indicate the average autumn temperature over the
CAs and WAs, respectively. *P< 0.1; **P < 0.05; ***P < 0.01. The black line
in b represents the extent of the cooling areas. Maps in a,b were generated
using ArcGIS (version 10.7). Copyright © 1995-2019 Esri.

areas (CAs). The warming areas (WAs) were defined as regions
outside the CAs (Supplementary Fig. 1). To further verify whether
the spatial partition is reasonable, we used the empirical orthog-
onal function (EOF) method to extract the dominant temporal
and spatial characteristics of temperature change (Supplementary
Fig. 2). We selected the top three EOFs to represent the dominant
spatiotemporal distribution features. The first mode represents
an overall warming pattern. The second mode reflects mainly the
spatial distribution of temperature change affected by interdecadal
climate fluctuations such as the Pacific Decadal Oscillation®'®"".
The third mode is roughly consistent with our partition of CAs and
WAES, probably representing an interannual change in temperature
itself after removing long-term global warming and interdecadal
climate fluctuations.

Before the turning point in 2004, the CAs underwent warm-
ing at a rate of 0.40+0.19°Cdecade™ (Mann-Kendall, P=0.052),
but in recent years it shifted to a strong cooling trend at a rate of
-0.69+0.22°Cdecade (P=0.008) (Fig. 1c). The WAs account for
49% of the total land area and maintained a warming trend over the
whole period under consideration but exhibited a stronger warming
rate after the turning point. In addition to the average temperature,
we also examined the maximum and minimum temperature trends,
and observed a similar cooling pattern, with a stronger cooling rate

for the maximum temperature (—0.76 +0.23 °C decade™!, P=0.005)
than for the minimum temperature (—0.61+0.22°Cdecade™,
P=0.016) (Supplementary Fig. 3). Thus, the decrease of tempera-
ture during the day in the last decade is faster than that during the
night in the CAs.

Increasing land carbon exchange in recent decades

Multiple independent simulations of ecosystem carbon fluxes all
indicate an increasing autumn NEE during the CP (2004-2018)
relative to the WP (1982-2003), suggesting an increasing loss of
ecosystem carbon in autumn (Fig. 2a). Significant correlations were
observed among different sources of NEEs (Supplementary Fig. 4),
suggesting different models agree with each other in the simulation
of the interannual variation of NEE. During the WP, NEE increased
with a relatively weak positive trend, while a strong upward trend was
observed during the CP. The NEE derived from process-based mod-
els (TRENDY S2 simulation) and an empirical model (FLUXCOM)
both suggest a significant NEE increase from the WP to the CP, with
the mean increasing rate from 0.03+0.03PgCdecade™ (Mann-
Kendall, P=0.326) to 0.11 +0.04 PgC decade™! (P=0.020) and from
0.01+0.01PgCdecade” (P=0.603) to 0.06+0.02PgCdecade!
(P=0.018), respectively (Fig. 2b). A significant difference (P <0.01)
in NEE trends between the WP and CP was suggested by the
Student’s ¢ test. The NEEs from atmospheric CO, inversion models
(CarboScope, CAMS and NISMON) also indicate increased NEE
rates during the CP relative to the WP, with significant trends found
for CAMS (0.35+0.09PgCdecade”!, P=0.001) and NISMON
(0.17+0.08 PgCdecade™!, P=0.059 for the CP). To highlight the
trend changes of NEE, the ratios between the slopes of NEE in
the later and earlier periods were calculated. The largest relative
increase in NEE trend was found with FLUXCOM, followed by
CarboScope and TRENDY (Fig. 2b). In addition, the NEE averaged
over all data sources suggest that the mean autumn CO, release off-
set about 24.8% of spring and summer carbon uptake in the WP and
25.2% in the CP (Supplementary Fig. 5), implying an increasing role
of autumn carbon loss in the annual carbon exchange.

To test the robustness of our findings, we further divided the
study area into four sub-regions according to the significance of
temperature change after 2004 and tested the NEE trend for each
region (Supplementary Fig. 6). We observed that significant cooling
resulted in an increase of NEE release compared with that before
2004, and significant warming maintained the increased rate of
NEE. In addition, we also identified the temperature turning point
at each grid point and examined the NEE change under two differ-
ent conditions of temperature shift, the continued warming and the
shift from warming to cooling after the turning point (Methods).
Both of these two types of temperature shifts led to an increase of
NEE after the temperature turning point (Supplementary Fig. 7),
suggesting that our findings are not subject to the selection of the
turning point of temperature change.

The ecosystem exchanges in the CAs and WAs were studied
separately to discern their contributions to the overall NEE trend
in the NH (Supplementary Figs. 8 and 9). After the temperature
turning point, the NEE trends in both the CAs and WAs increased
significantly, with stronger NEE trends in the WAs (from 0.01 +0.03
to 0.07+0.04PgCdecade™, significantly different at P<0.01 in
TRENDY according to the Student’s t test) than in the CAs (from
0.02+0.01 to 0.03+0.01PgCdecade’, significantly different at
P <0.01 according to the Student’s ¢ test). The relative contributions
of the CAs and WAs to the overall NEE trend over the whole study
region were 27% and 63%, respectively, implying that the observed
enhanced NEE trends were driven mainly by carbon exchange
in the WAs.

Evidence from atmospheric CO, observations further confirms
the increasing ecosystem carbon release. We used observations of
CO, from Point Barrow to calculate the upward zero-crossing date
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Fig. 2 | Interannual variations of autumn NEE over the land north of 25°N
for the periods 1982-2003 and 2004-2018. a, The interannual variation
of NEE derived from ensemble simulations of global vegetation dynamic
models (TRENDY), empirical models based on eddy-covariance data
(FLUXCOM) and atmospheric inversion models (CarboScope, NISMON
and CAMS). The light grey lines represent the individual models from
TRENDY. b, NEE trends over the periods 1982-2003 and 2004-2018 for
TRENDY (red), FLUXCOM (orange), CarboScope (blue), CAMS (purple)
and NISMON (black). The small graph in the upper left corner of b shows
the ratios between the trends of the carbon exchange in the later and
earlier periods. The trend in NISMON was calculated only for the period
2004-2018. The error bars indicate the 90% confidence intervals of the
trends. *P<0.1; **P< 0.05; ***P < 0.01. The grey vertical line in the figure
shows the dividing line with 2004 as the boundary.

of CO, in autumn (AZC; Methods), which has generally been rec-
ognized as an integrative indicator of autumn atmosphere-land car-
bon exchange over the northern middle and high latitudes'*~*°, with
earlier AZC indicating larger NEE. When correlating the AZC from
Point Barrow with various sources of NEE data averaged northwards
of 30°N, strong negative correlations were observed (Supplementary
Fig. 10), suggesting that the different models performed well in cap-
turing the variation of carbon exchange over the studied region.
In response to warming, the AZC has occurred earlier due to a
larger increase of total ecosystem respiration (TER) compared with
GPP**'. The AZC shows a persistent advancing trend from 1982 to
2018 (Supplementary Fig. 10b), suggesting an increasing loss of CO,
from northern middle- and high-latitude ecosystems in autumn. In
addition, the carbon release in autumn, defined as the difference
between the CO, concentration on the day of the AZC and the CO,
concentration in the first week of September, also shows a greater
upward trend during the CP than the WP, confirming the increase
in autumn carbon loss over the second period (2004-2018). We fur-
thermore analysed eddy-covariance measurements of CO, fluxes
from 48 flux towers with 10yr continuous data from the Integrated
Carbon Observation System 2018 and the FLUXNET Network 2015
(Supplementary Table 2). A majority of the sites have observations
around 2000 corresponding to the CP. An increasing autumn NEE
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was observed in 9 out of 17 sites in the CAs and in 19 out of 31 sites
in the WAs (Supplementary Fig. 11a).

Because CO, emissions from fires and land use can also affect
NEE signals, we used the fourth-generation global fire emissions
database to determine the possible impact of fire emissions on the
NEE trend. Above 25°N, the average autumn CO, emissions from
fires (September to November) was 0.50 PgC, accounting for only
4.6% of the mean NEE calculated from the TRENDY simulations
(Supplementary Fig. 12). In addition, during the period 2004-2015,
CO, emissions from fires did not change significantly. Therefore, we
suggest that the influence of fire emissions on NEE in autumn was
negligible. We also analysed the NEE changes under the TRENDY
S3 mode, which considers emissions from land-use change
(Supplementary Fig. 13). The S2 and S3 simulations show a compa-
rable change in trends during both the CP and the WP, implying a
limited contribution of land-use change to the increased NEE.

Terrestrial processes caused increased autumn carbon
release

To explore possible reasons for the increased autumn CO, release,
we examined the NEE changes in terms of GPP and TER derived
from the TRENDY simulations. The GPP and TER trends for the
entire area north of 25°N, the CAs and the WAs were determined
separately for the WP and CP (Supplementary Fig. 6). We attributed
the trend in the net carbon release during the autumn CP in the NH
to the additive effect of a decrease in GPP growth (from 0.30 +0.08
to 0.26 +0.07 PgCdecade™) and an increase in TER growth (from
0.34+0.07 to 0.37+0.08 PgCdecade™’). Although the carbon
release increased in both the CAs and WAs, the NEE increases were
driven by different contributions from changes in GPP and TER.
In the CAs, the growth rates of both GPP and TER decreased with
decreasing temperature, but the decrease in GPP (0.13+0.05 to
0.09+0.06 PgC decade™) was greater than that in TER (0.15+0.05
t0 0.12+0.02 PgCdecade™), leading to an increase of CO, release. In
the WAs, the growth rate of GPP (0.17 +0.05PgCdecade™) did not
change between the WP and CP, but the TER trend increased from
0.18+0.03PgCdecade™ for the WP to 0.25+0.06 PgCdecade™ for
the CP, resulting in enhanced carbon release.

Despite a similar increase in NEE during the CP, the changes
of GPP and TER revealed by carbon fluxes from FLUXCOM are
somewhat different from those shown by the TRENDY simu-
lations (Supplementary Fig. 9). FLUXCOM indicates a shift in
the GPP trend from an increase to a decrease in the NH and the
CAs and an unchanged growth rate in the WAs after 2004. The
increased NEE during the CP shown by FLUXCOM is due mainly
to the larger decrease in the GPP trend (from 0.02+0.02 to
—0.04+0.03 PgCdecade™) than in the TER trend (from 0.04 +0.03
to 0.02+0.03PgCdecade™). The difference in carbon fluxes,
especially the difference in GPP trends between FLUXCOM and
TRENDY models, is probably because the FLUXCOM models do
not consider the fertilization effect of carbon dioxide', which has
been recognized as an important process in the ecosystem carbon
cycle. Despite the discrepancy in GPP trends between TRENDY
and FLUXCOM, they both reveal that the contrasting response of
GPP and TER to temperature led to a systematic increase in NEE
in the NH.

Response of land carbon flux to autumn temperature
variation

To explore how the temperature change regulated the carbon
exchange processes, we performed partial correlations between
temperature and carbon fluxes (GPP, TER and NEE) from
TRENDY simulations while controlling for the effects of soil mois-
ture (SM), vapour-pressure deficit (VPD) and cloudiness (Fig. 3
and Supplementary Table 3). Cloudiness was used here to indicate
changes in solar radiation. Following previous investigations®"’, we
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Fig. 3 | Partial correlation between temperature and carbon fluxes from TRENDY for the periods 1982-2003 and 2004-2018. a,b,d,e g h, The spatial
pattern of the partial correlation between temperature and GPP (a,b), TER (d,e) and NEE (g h) for the periods 1982-2003 (a,d,g) and 2004-2018 (b,e h),
calculated by controlling for SM, cloudiness and VPD. The black line on the map represents the extent of the cooling area. The colour bar represents the
magnitude of the correlation coefficient. ¢,fi, Partial correlation between spatially averaged temperature and GPP (¢), TER (f) and NEE (i) in the NH,

CAs and WAs for the two periods. Red circles represent the period 1982-2003, and blue circles indicate the period 2004-2018. A filled circle indicates a
significant correlation at P< 0.1, and an open circle indicates insignificance. Maps in a,b,d,e,g h were generated using ArcGIS (version 10.7). Copyright ©

1995-2019 Esri.

detrended all the variables before the partial correlation analysis
using a linear regression method. The temperature was significantly
positively correlated with GPP and TER in both the WP and the
CP, especially in the higher latitudes, implying a dominant influ-
ence of temperature on GPP and TER variations and thereby on
NEE (Fig. 3). Despite the strong correlations between temperature
and both GPP and TER, the NEE-temperature correlations are rela-
tively weak, as has also been reported by ref. *2. This discrepancy
can be explained by the offset effect existing between GPP and TER.
For example, warming would promote both GPP and TER, but its
impact on NEE depends on the balance between GPP and TER.
We calculated the autumn NEE-temperature correlation relying on
eddy-covariance measurements from 48 flux towers. Both positive
and negative relationships were observed, and significant correla-
tions were found in only a few stations (Supplementary Fig. 11b).
During both periods, the regional mean GPP and TER main-
tained a high correlation with temperature in the CAs. In the WAs,
however, the significant positive correlation between GPP and
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temperature in the WP changed to a weak negative correlation in
the CP (Supplementary Table 3). This shift was associated with a
persistent significant positive GPP-SM correlation during both
periods, probably because a large proportion of the WAs features
water-limited drylands, such as Inner Mongolia, the north of Africa
and the southwest of America. We speculate that the disappeared
GPP-temperature correlation during the CP could be attributed to
the warming-induced heat stress on vegetation growth as reported
by ref. * or high VPD constraint on plant photosynthesis associ-
ated with high temperatures, as indicated by satellite observations
(Supplementary Table 5). We observed a strong dependence of
the GPP-temperature correlation on mean autumn temperature
(Supplementary Fig. 14a). With the increase in mean autumn tem-
perature, the GPP-temperature correlations decreased from signifi-
cant positive correlations to weak negative ones, implying a warming
constraint on the GPP-temperature relationship. Simultaneously,
we also observed an increasing GPP-SM correlation with the
increase of mean autumn temperature (Supplementary Fig. 14b),
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Fig. 4 | The spatial trends of NIRv_GPP, NDVI and CSIF for the periods
1982-2003 and 2004-2018. a,b, The spatial pattern of the trend of
NIRv_GPP for the periods 1982-2003 (a) and 2004-2018 (b). ¢,d, The
spatial patterns of the CSIF (¢) and the NDVI from MODIS (d) for the
period 2004-2018. The green colour and purple colour indicate positive
and negative trends, respectively. Only grid points with significant trends
at P< 0.1 are kept in the figure. The black line in the maps represents the
extent of the cooling areas. Maps in a-d were generated using ArcGIS
(version 10.7). Copyright © 1995-2019 Esri.

probably implying an enhanced water demand with warming con-
ditions****". The change of the TER-temperature relationship is
similar to the GPP-temperature relationship in the WAs during the
CP, demonstrating a reduced temperature control of TER, which
was partially replaced by a strong SM constraint, as indicated by
the significant TER-SM correlation (P<0.05). Combined with
the observed increased GPP-SM correlation, we speculate that the
emerging strong TER-SM correlation during the CP was caused by
increasing soil moisture, which maintains the growth of ecosystem
productivity and in turn increases the plant-derived carbon inputs
to soils for respiration’-”". The larger increase in TER than GPP in
autumn during the CP could be partly explained by the increased
carbon input from spring and summer, as observed increased
growth rate of GPP in spring and summer relative to the WP in
the WAs (Supplementary Fig. 15). Thus, the warming and wetting
conditions stimulated a larger increase of TER than GPP during CP
relative to WP (Supplementary Fig. 8).

The preceding analysis suggests that the cooling suppressed both
the GPP and TER growths in the CAs while the persistent wetting
maintained the GPP growth and stimulated even more rapid growth
of TER in the WAs (Supplementary Fig. 15). A reduced tempera-
ture impact and enhanced water regulation on the GPP and TER
in the WAs during the CP was also found in an analysis based on
FLUXCOM data (Supplementary Fig. 16 and Supplementary Table4),
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confirming the change in the climatic control of the carbon
exchange processes.

Ecosystem productivity change in autumn from satellite
data

The preceding analysis suggests a slowdown of autumn GPP growth,
primarily in the CAs during the CP. Three sets of indicators, includ-
ing the satellite-based NDVI derived from the Moderate Resolution
Imaging Spectroradiometer (MODIS) (2004-2018), CSIF and
NIRv_GPP were used to further examine the ecosystem productiv-
ity change. During the WP, NIRv_GPP indicates that the NH expe-
rienced widespread GPP increases in autumn (Fig. 4a), which can
be explained by the delayed autumn phenology caused by warm-
ing as reported by previous studies’®”. During the CP, we found a
strong decline in productivity in central Asia and southern Europe
in the CAs, which are roughly consistent with the GPP trends simu-
lated by FLUXCOM and TRENDY. Although browning was also
revealed by MODIS NDVT in some CAs during the CP, greening
trends were predominant over the NH. Similar to MODIS NDVI,
the CSIF data reveal widespread increases in plant photosynthesis
over the NH during the CP. Differences in trends among satellite
observations are expected because a range of factors could trigger
uncertainties in inversions of optical remote sensing. We also can-
not simply attribute the difference between satellite observations
and model simulations to either side, highlighting the urgent need
for improving both satellite observations and model simulations to
reach robust conclusions.

The partial correlations between satellite indices and climatic
variables were also examined by controlling for the influence of SM,
cloudiness and VPD (Supplementary Fig. 17 and Supplementary
Table 5). The results partly support our findings, such as (1) the
widespread positive correlations in the CAs between satellite indices
and temperature, especially for MODIS NDVI, imply a constraint of
temperature change on ecosystem productivity; (2) the absence of
a positive impact of temperature on ecosystem productivity in the
WASs during the CP (Supplementary Table 5). We failed to observe
a strong impact of SM on ecosystem productivity; however, a rela-
tively strong negative impact from VPD was found in the WAs dur-
ing the CP. Further analysis suggests that both temperature and SM
were positively coupled with VPD (Supplementary Fig. 18), imply-
ing that the warming and wetting conditions during the CP in the
WASs promoted VPD, and thus the high VPD dominates the change
of the ecosystem productivity. Our previous study also revealed a
strong impact of VPD on global ecosystem productivity and carbon
exchange®. However, a more in-depth study is needed to isolate the
independent influence of VPD on ecosystem productivity from the
impacts of temperature and SM.

Previous studies have suggested that the northern ecosystems,
stimulated by climate warming, act as a net carbon sink in spring
but as a source in autumn**". To our knowledge, little attention
has been paid in the literature to the impact of autumn cooling on
ecosystem carbon exchange. In this study, we show that multiple
independent lines of evidence point to an increasing carbon loss
in autumn in response to cooling over the northern middle- and
high-latitude ecosystems. Cooling can reduce ecosystem respira-
tion but also inhibits productivity. Ecosystems that experienced
warming also exhibited increased carbon release due to increased
ecosystem respiration and limited productivity increase because
the warming and wetting conditions were more favourable to
TER growth than to GPP increase. If the temperature in the cool-
ing areas continues to drop and the temperature in the warming
areas continues to rise in the coming decade, the carbon release
in the autumn will probably play a more dominant role in offset-
ting the carbon absorption in the spring and summer, which could
lead to a weakened carbon absorption capacity of the northern
ecosystems.
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Methods

Climate data. Monthly climate data (air temperature at 2m and cloudiness) with
a spatial resolution of 0.5° were obtained from the CRU Time Series 4.0."° We
extracted data from 1982 to 2018 to match the time series of satellite vegetation
observations. The VPD was calculated as the difference between saturated
water-vapour pressure and actual water-vapour pressure’’. Temperature and
vapour-pressure data used for the VPD calculation were obtained from CRU.

Soil moisture data. The daily root-zone soil moisture with a spatial resolution of
0.25° for the period 1980-2018 was obtained from the Global Land Evaporation
Amsterdam Model (GLEAM v.3.3a)*>. The dataset is based on radiation and air
temperature from a reanalysis, a combination of gauge-based, reanalysis-based and
satellite-based precipitation and satellite-based vegetation optical depth.

Fire emission data. Monthly carbon emissions from biomass burning were
obtained from the fourth-generation Global Fire Emission Database™. This dataset
has a spatial resolution of 0.25° and provides global data on the burning area

and emissions on three-hourly, daily and monthly timescales and estimates the
contributions of different fire types. Emissions data can be obtained for different
substances, such as carbon (C), dry matter (DM), carbon dioxide (CO,), carbon
monoxide (CO) and methane (CH,).

Satellite vegetation greenness data. The satellite-based NDVI archived from
the MODIS NDVI dataset with a spatial resolution of 0.5° and a temporal
resolution of 16 days was used here to detect vegetation greenness changes.

In addition, the solar-induced chlorophyll fluorescence product was used as a
proxy of vegetation photosynthesis. We furthermore used the four-day clear-sky
CSIF time series (2000-2019) with a spatial resolution of 0.05°x 0.05° from

ref. * (https://osf.io/8xqy6/).

GPP based on NIRv. The NIRv is a newly developed satellite vegetation index
combining NDVT and near-infrared band reflectivity of vegetation and is
recognized as a proxy of GPP***. We obtained the 0.05° NIRv_GPP from 1982
to 2018 from ref. . This product was produced by upscaling the relationships
between NIRv and observed GPP to the global scale and was judged to perform
well in capturing interannual trends of GPP".

Atmospheric CO, data. In situ observations of daily CO, concentration at

Point Barrow were obtained from the National Oceanic and Atmospheric
Administration/Earth System Research Laboratory network. According to analyses
of atmospheric transport and mixing processes, the CO, signals detected at Barrow
are suggested to be an integrated measure of carbon fluxes over both the high
latitudes and the middle latitudes™.

Ecosystem carbon fluxes. Simulations of ecosystem carbon fluxes (GPP, TER
and NEE) derived from process-based model simulations (TRENDY), empirical
models based on flux tower observations (FLUXCOM) and atmospheric CO,
inversion models were jointly used for the investigation of net ecosystem carbon
exchange over the northern middle and high latitudes.

The TRENDY dataset is an ensemble of dynamic global vegetation model
(DGVM) simulations that are forced by CRU-National Centers for Environmental
Prediction historical climate and CO, inputs*. The DGVMs use a bottom-up
approach to simulate terrestrial CO, fluxes (for example, GPP, TER and NEE), and
were extensively used to explore the mechanisms driving changes in carbon uptake
and fluxes. The simulated GPP, TER and NEE from nine models of TRENDYv.8
(Supplementary Table 1) were used in this study. The S2 experiment, which
considered the effect of both observed changes of CO, and climate on ecosystem
carbon fluxes, was selected for studying the changes of ecosystem carbon fluxes
before and after the temperature shift.

The FLUXCOM dataset is an upscaling product using empirical models
forced by eddy-covariance data from 224 flux towers, remote sensing data and
climate data®°. It provides estimates of global energy and carbon fluxes (http://
www.fluxcom.org/). The empirical models were trained by three machine
learning algorithms, including Random Forests, Artificial Neural Networks and
Multivariate Adaptive Regression Spline, and thus provide a series of estimates of
global carbon fluxes. We used the FLUXCOM carbon fluxes data driven by the
European Centre for Medium-Range Weather Forecasts Reanalysis v.5 (ERA5)
climate reanalysis from 1979 to 2018.

The atmospheric CO, inversion datasets provide estimates of NEE over land
from long-term atmospheric CO, measurements using atmospheric transport
models. Three atmospheric CO, inversion products were used here: monthly
net biome production with a spatial resolution of 3.75° X 2.5° from the JENA
CarboScope (version s76_v02020) for the period 1976-2019, long-term global
CO, fluxes estimated by the NICAM-based Inverse Simulation for Monitoring
CO, (NISMON-CO,) between 1990 and 2019 and the Copernicus Atmosphere
Monitoring Service'? (CAMS v.19r1) dataset between 1979 and 2019.

Eddy-covariance CO, observation data. The eddy-covariance measurements
of carbon fluxes from tower sites were obtained from the Integrated Carbon

Observation System 2018 and the FLUXNET Network 2015. We selected 48
eddy-covariance CO, observation sites with 10yr continuous data (Supplementary
Table 2) located north of 25°N and extracted temperature and NEE data

from September to November to explore the change of ecosystem carbon
exchange in autumn.

NEE estimation. The monthly NEE was estimated as the difference between TER
and GPP. The autumn (September to November) GPP and TER derived from
TRENDY and FLUXCOM over the study region were obtained by aggregating
GPP and TER from each grid cell weighted by the grid-cell area. The NEE derived
from atmospheric CO, inversions was directly used and compared against those
from TRENDY and FLUXCOM. To compare the NEE before and after the
temperature turning point, we divided the NEE time series into two periods:
1982-2003 and 2004-2018.

Calculation of the AZC. We used observations of CO, from Point Barrow to
characterize the trends in the zero-crossing date of CO, (downward in spring
and upward in autumn). These trends roughly correspond to the beginning of
net carbon uptake in spring and the beginning of net carbon release in autumn.
According to the method of ref. *°, we obtained the detrended seasonal CO,
curve by separating the seasonal cycle from the long-term trend and short-term
variations, fitting a function consisting of a quadratic polynomial for the long-term
trend and four harmonics for the annual cycle to the daily data. The residuals
from this function fit are then obtained. A 1.5-month and a 390-day full-width
half-maximum-value averaging filter were used for the digital filtering of residuals
to remove the short-term variations and the long-term trend, respectively. Then
we got the zero-crossing dates when the detrended seasonal CO, curve crosses the
zero line from positive to negative and negative to positive, respectively.

The autumn carbon release is calculated as the amount of CO, released between
the autumn zero-crossing date and the first week of September following ref. *'.

Identification of turning point of temperature. We used the piecewise
linear regression method to determine the turning point of the mean autumn
(September to November) temperature during 1982-2018 over the area north of
25°N. In addition, a moving t-test method was used to verify the turning-point
identification. Then, the temporal trends of the mean autumn temperature
before and after the turning point were calculated using the Mann-Kendall
non-parametric trend test method, and the confidence intervals were determined
using Sen’s slope statistics. According to the temperature trends before and after
the turning point, we further identified the CAs as where the autumn temperature
shows a decreasing trend after the turning point (2004) relative to that before the
turning point, and WAs as regions outside the CAs. To maintain spatial integrity
and continuity, we ignored the significance of the temperature trend when dividing
the CAs and WAs.

To verify that our analysis is not affected by the division of the time period
and regions, we also identified the temperature turning point at each grid point
using the piecewise linear regression method and then extracted those grid points
with significant temperature change and significant NEE change (P <0.1) before
and after the turning point. In addition, to ensure an adequate length of the time
series for the trend analysis, only grid points with at least 15yr of time series of
temperature records and NEE data before and after the turning point were selected.
For NEE, only TRENDY and CAMS had long enough time series to satisfy this
criterion. Then, the selected grid points were classified into two groups, the
warming group (shift from significant warming to a larger significant warming rate
after the turning point) and the cooling group (shift from significant warming to
significant cooling after the turning point), and the NEE trends before and after
temperature turning point were compared.

Statistical analysis. Trend statistics and slopes of other climatic variables,
carbon fluxes (GPP, TER, and NEE) and satellite indices during autumn were
also determined using Mann-Kendall non-parametric trend test and Sen’s slope
statistics. The Student’s ¢ test was used to determine the significance of the trend
difference in carbon fluxes during different periods.

The EOF decomposition method was used to explore the temporal and
spatial variation of autumn temperature change. This method can determine the
main components of variables on a time-space scale and provide the variance
contribution of different distribution characteristics'. Here, we decomposed
autumn temperatures from 1982 to 2018 using EOF and selected the top three
distribution modes according to the variance contribution degree, which represents
the main spatial pattern and temporal changes of temperature from 1982 to 2018.

The actual value of NEE differs greatly among different sources of simulations.
Consistent with previous studies, different sources of NEEs were normalized
using the Z-score method to highlight the interannual variability and trend
of NEE change.

Pearson’s correlation analysis and partial correlation analysis were performed
to examine the relationship between climatic variables and carbon fluxes (GPP,
TER and NEE) and satellite indices. We detrended all the variables before the
partial correlation analysis using a linear regression method. The significance of
correlations was assessed at P<0.1.

NATURE CLIMATE CHANGE | www.nature.com/natureclimatechange


https://osf.io/8xqy6/
http://www.fluxcom.org/
http://www.fluxcom.org/
http://www.nature.com/natureclimatechange

NATURE CLIMATE CHANGE

ARTICLES

We used a 15yr sliding window to examine the dependence of the GPP-
temperature relationship on mean autumn temperature. In each 15yr window,
the mean autumn temperature and the partial correlation coefficient between
GPP and temperature were calculated. A total of 23 GPP-temperature correlation
coefficients and the same number of mean autumn temperature values were
obtained during 1982-2018, and then a linear regression equation was used to fit
them. The dependence of the GPP-SM relationship on mean autumn temperature
was examined using the same method.

Reporting Summary. Further information on research design is available in the
Nature Research Reporting Summary linked to this article.

Data availability

The monthly climate dataset is from https://crudata.uea.ac.uk/cru/data/
hrg/#current. The soil moisture data are from https://www.gleam.eu/#datasets.
The TRENDY model simulations are from http://dgvm.ceh.ac.uk/node/21/. The
FLUXCOM dataset is from https://www.fluxcom.org/domains/fluxcom.org/
CF-Products/. The CAMS global inversion-optimized greenhouse gas fluxes and
concentrations are from https://ads.atmosphere.copernicus.eu/cdsapp#!/dataset/
cams-global-greenhouse-gas-inversion?tab=form. The Jena CarboScope dataset
is from http://www.bgc-jena.mpg.de/CarboScope/?ID=s. The long-term global
CO, fluxes estimated by NICAM-based Inverse Simulation for Monitoring CO,
(NISMON-CO,) are from https://db.cger.nies.go.jp/DL/10.17595/20201127.001.
html.en. The eddy-covariance measurements of carbon fluxes from tower sites are
obtained from the Integrated Carbon Observation System (ICOS) 2018 (https://
www.icos-cp.eu/data-products/YVR0-4898) and the FLUXNET Network 2015
(https://fluxnet.org/data/fluxnet2015-dataset/). The MODIS NDVI dataset is
from https://Ipdaac.usgs.gov/products/mod13c1v006/. The CSIF dataset is from
https://osf.io/8xqy6/. The near-infrared-reflectance-based GPP product dataset is
from https://doi.org/10.6084/m9.figshare.12981977.v2. The Global Fire Emissions
Database Version 4.1 (GFEDv.4) is from https://daac.ornl.gov/cgi-bin/dsviewer.
pl?ds_id=1293. The atmospheric CO, concentration data that support the findings
of this study are available from National Oceanic and Atmospheric Administration
(NOAA), Earth System Research Laboratory (ESRL), Global Monitoring Division
(GMD): https://gml.noaa.gov/aftp/data/trace_gases/co2/in-situ/surface/brw/
co2_brw_surface-insitu_1_ccgg_DailyData.txt.

Code availability
The codes used for the data analysis are available from Bin He (hebin@bun.edu.cn)
and Rui Tang (tangrui@mail.bnu.edu.cn) upon request.

References

31. Ding, J. et al. Increasingly important role of atmospheric aridity on Tibetan
alpine grasslands. Geophys. Res. Lett. 45, 2852-2859 (2018).

32. Martens, B. et al. GLEAM v3: satellite-based land evaporation and root-zone
soil moisture. Geosci. Model Dev. 10, 1903-1925 (2017).

33. Randerson, J. T., Van, D., Giglio, L., Collatz, G. J. & Kasibhatla, P. S. Global
Fire Emissions Database, Version 4.1 (GFEDv4) (ORNL Distributed Active
Archive Center, 2017).

NATURE CLIMATE CHANGE | www.nature.com/natureclimatechange

34. Zhang, Y., Joiner, J., Alemohammad, S. H., Zhou, S. & Gentine, P. A global
spatially contiguous solar-induced fluorescence (CSIF) dataset using neural
networks. Biogeosciences 15, 5779-5800 (2018).

35. Badgley, G., Field, C. B. & Berry, J. A. Canopy near-infrared reflectance and
terrestrial photosynthesis. Sci. Adv. 3, 1602244 (2017).

36. Baldocchi, D. D. et al. Outgoing near-infrared radiation from vegetation
scales with canopy photosynthesis across a spectrum of function, structure,
physiological capacity, and weather. J. Geophys. Res. Biogeosci. 125,
€2019JG005534 (2020).

37. Wang, S., Zhang, Y., Ju, W, Qiu, B. & Zhang, Z. Tracking the seasonal and
inter-annual variations of global gross primary production during last four
decades using satellite near-infrared reflectance data. Sci. Total Environ. 755,
142569 (2021).

38. Sitch, S. et al. Evaluation of the terrestrial carbon cycle, future plant
geography and climate—carbon cycle feedbacks using five dynamic global
vegetation models (DGVMs). Glob. Change Biol. 14, 2015-2039 (2008).

39. Thoning, K. W,, Tans, P. P. & Komhyr, W. D. Atmospheric carbon dioxide at
Mauna Loa Observatory: 2. Analysis of the NOAA GMCC data, 1974-1985.
J. Geophys. Res. Atmos. 94, 8549-8565 (1989).

40. Yulihastin, E., Hadi, T. W. & Syahputra, M. R. Mode of wind and sea surface
temperature over the South China Sea during rainy season in Indonesia.
IOP Conf. Ser. Earth Environ. Sci. 789, 012003 (2021).

Acknowledgements

This work has been supported by the National Key Scientific Research and Development
Program of China (grant 2017YFA0603601) and the Strategic Priority Research
Program of the Chinese Academy of Sciences (grant XDA20060402). Support from

the Swedish BECC and MERGE, as well as STINT (CH2020-8799 and CH2020-8767)
are also acknowledged.

Author contributions

B.H. and Y.C. designed the study. R.T. analysed the data and wrote the paper.
HW.C,D.C,YC,YHE, WY, BL,ZL, LG, XH,LS, HL, CS. and Y.Y. improved
the study.

Competing interests

The authors declare no competing interests.

Additional information

Supplementary information The online version contains supplementary material
available at https://doi.org/10.1038/s41558-022-01304-w.

Correspondence and requests for materials should be addressed to Bin He or
Yaning Chen.

Peer review information Nature Climate Change thanks Julia Green, Minkyu Moon
and the other, anonymous, reviewer(s) for their contribution to the peer review of
this work.

Reprints and permissions information is available at www.nature.com/reprints.


https://crudata.uea.ac.uk/cru/data/hrg/#current
https://crudata.uea.ac.uk/cru/data/hrg/#current
https://www.gleam.eu/#datasets
http://dgvm.ceh.ac.uk/node/21/
https://www.fluxcom.org/domains/fluxcom.org/CF-Products/
https://www.fluxcom.org/domains/fluxcom.org/CF-Products/
https://ads.atmosphere.copernicus.eu/cdsapp#!/dataset/cams-global-greenhouse-gas-inversion?tab=form
https://ads.atmosphere.copernicus.eu/cdsapp#!/dataset/cams-global-greenhouse-gas-inversion?tab=form
http://www.bgc-jena.mpg.de/CarboScope/?ID=s
https://db.cger.nies.go.jp/DL/10.17595/20201127.001.html.en
https://db.cger.nies.go.jp/DL/10.17595/20201127.001.html.en
https://www.icos-cp.eu/data-products/YVR0-4898
https://www.icos-cp.eu/data-products/YVR0-4898
https://fluxnet.org/data/fluxnet2015-dataset/
https://lpdaac.usgs.gov/products/mod13c1v006/
https://osf.io/8xqy6/
https://doi.org/10.6084/m9.figshare.12981977.v2
https://daac.ornl.gov/cgi-bin/dsviewer.pl?ds_id=1293
https://daac.ornl.gov/cgi-bin/dsviewer.pl?ds_id=1293
https://gml.noaa.gov/aftp/data/trace_gases/co2/in-situ/surface/brw/co2_brw_surface-insitu_1_ccgg_DailyData.txt
https://gml.noaa.gov/aftp/data/trace_gases/co2/in-situ/surface/brw/co2_brw_surface-insitu_1_ccgg_DailyData.txt
https://doi.org/10.1038/s41558-022-01304-w
http://www.nature.com/reprints
http://www.nature.com/natureclimatechange

nature research

Last updated by author(s): Jan 26, 2022

Reporting Summary

Nature Research wishes to improve the reproducibility of the work that we publish. This form provides structure for consistency and transparency
in reporting. For further information on Nature Research policies, see our Editorial Policies and the Editorial Policy Checklist.

Statistics

For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.
Confirmed

|X| The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement

|X| A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

The statistical test(s) used AND whether they are one- or two-sided
/N 0nly common tests should be described solely by name; describe more complex techniques in the Methods section.

X| A description of all covariates tested
|:| A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

< A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient)
AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

D

For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted
Give P values as exact values whenever suitable.

X

For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings
For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes

Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

XXX O OXOOOOSs

NN

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code

Policy information about availability of computer code

Data collection  No software are used to collect data.

Data analysis Data analysis were performed using Matlab 2021b.

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Research guidelines for submitting code & software for further information.

Data

Policy information about availability of data
All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- Alist of figures that have associated raw data
- A description of any restrictions on data availability

All data used in the analysis are publicly accessible. A data availability statement was presented in the manuscript. All codes used in this study can be provided by
the corresponding author upon requests.

>
QO
—
C
=
(D
=
D
wn
(D
Q
=
@)
>
=
(D
©O
]
=
>
(e}
%)
c
3
QO
=
<

0202 fudy




Field-specific reporting

Please select the one below that is the best fit for your research. If you are not sure, read the appropriate sections before making your selection.

[ ] Life sciences [ ] Behavioural & social sciences Ecological, evolutionary & environmental sciences

For a reference copy of the document with all sections, see nature.com/documents/nr-reporting-summary-flat.pdf

Ecological, evolutionary & environmental sciences study design
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Study description This study uses independent simulations of net ecosystem carbon exchange and satellite vegetation index to explore the response of
ecosystem carbon exchange to autumn cooling occurred since 2004 over the northern high latitudes. Despite overall warming, many
regions in the Northern Hemisphere have been cooling in autumn. This cooling resulted in an increasing release of net CO2 from
2004 to 2018 as primary production decreased more than respiration in cooling and respiration increased more than production in
warming areas.

Research sample Multiple independent simulations of ecosystem CO2 exchange and satellite observations were sampled to reduce the uncertainties.
We used net ecosystem carbon exchange products from nine simulations from the TRENDY ensemble of global vegetation models,
one simulation from empirical models based on eddy covariance observational data using machine learning algorithms (FLUXCOM)
and three estimates from atmospheric CO2 inversion models. We also used satellite-based normalized difference vegetation index
(NDVI) and contiguous solar-induced chlorophyll fluorescence (CSIF), as well as a near-infrared reflectance (NIRv) based gross primary
productivity (GPP) product (defined as NIRv_GPP) to indicate the ecosystem productivity change. Other sampled variables include
climate data from CRU, soil moisture data from GLEAM, and fire emission data from GFEDA4.

Sampling strategy Our sample region was confined to the area north of 25°N. To explore how temperature change influences ecosystem carbon
exchange, we divided the whole study region into warming areas and cooling areas according to the temperature shift occurred in
2004, and compared their trends in climate, carbon fluxes and satellite based ecosystem productivity, respectively.

Data collection All dataset were downloaded using the URLs in the data availability statement in the main text.

Timing and spatial scale  Monthly simulations of ecosystem carbon fluxes (GPP and TER) from TRENDY models have different time series and spatial scales
which have been listed in Table S1. Monthly simulations of ecosystem carbon fluxes from FLUXCOM models have a uniform spatial
resolution of 0.5°. The monthly atmospheric CO2 inversion product from the JENA CarboScope during 1976 to 2019 has a spatial
resolution of 3.75° x 2.5°.The monthly atmospheric CO2 inversion product from NISMON during 1990 to 2020 has a spatial resolution
of 1° x 1°.The monthly atmospheric CO2 inversion product from CAMS from 1979 to 2018 has a spatial resolution of 3.75° x 1.875°.
Monthly climate data from CRU from 1901 to present has a spatial resolution of 0.5°. Daily root-zone soil moisture from 1980 to
2020 has a spatial resolution of 0.25°. Monthly carbon emissions from biomass burning from GFED4 during 1997 to 2015 has a spatial
resolution of 0.25°. Daily CO2 concentration observation at Point Barrow is from 1973 to 2018. The NDVI from MODIS during 2001 to
2018 has a spatial resolution of 0.5° and a temporal resolution of 16 days. Monthly near-infrared reflectance (NIRv) based gross
primary productivity (GPP) product during 1982 to 2018 has a spatial resolution of 0.05°. The 4-day contiguous solar-induced
chlorophyll fluorescence from 2000 to present has a spatial resolution of 0.05°.

Data exclusions We did not exclude any data we can obtained.

Reproducibility Our analyses were based on public dataset and well-defined methods, the results could be reliably reproduced.

Randomization Randomization is not apply to this study as we performed wall-to-wall mapping globally with independent simulations and satellite
images.

Blinding Our study only used exsiting data, therefore blinding is not relevant to our study.

Did the study involve field work? [ ]Yes — [X]No

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.
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