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Key Points

e Impacts of temperature or precipitation extremes on carbon fluxes could be amplified
due to their interactive effects.

e Hot extremes lead to a larger carbon loss in tropics while ecosystems in the arid zones
show the largest sensitivity to precipitation.

e Models simulated larger sensitivity of ecosystem productivity to precipitation than
satellite product, particularly in tropics.

Abstract

Carbon fluxes at the land-atmosphere interface are strongly influenced by weather and
climate conditions. Yet, what is usually known as “climate extremes” does not always translate
into very high or low carbon fluxes or so-called “carbon extremes”. To reveal the patterns of
how climate extremes influence terrestrial carbon fluxes, we analyzed the inter-annual
variations in ecosystem carbon fluxes simulated by the Terrestrial Biosphere Model (TBMs)
in the Inter-Sectoral Impact Model Intercomparison Project. At the global level, TBMs

simulated reduced ecosystem Net Primary Productivity (NPP) (18.5+9.3 g C m? yr?), but

enhanced heterotrophic respiration (Rh) (7+4.6 g C m? yr) during extremely hot events.
TBMs also simulated reduced NPP (60.9+24.4 g C m2 yr!) and reduced Rh (16.5+11.4gC m
2 yr'Y) during extreme dry events. Influences of precipitation extremes on terrestrial carbon
uptake were larger in the arid/semi-arid zones than other regions. During hot extremes,
ecosystems in the low latitudes experienced a larger reduction in carbon uptake. However, a
large fraction of carbon extremes did not occur in concert with either temperature or
precipitation extremes. Rather these carbon extremes are likely to be caused by the interactive
effects of the concurrent temperature and precipitation anomalies. The interactive effects
showed considerable spatial variations with the largest effects on NPP in South America and
Africa. Additionally, TBMs simulated a stronger sensitivity of ecosystem productivity to

precipitation than satellite estimates. This study provides new insights into the complex
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ecosystem responses to climate extremes, especially emergent properties of carbon dynamics

resulting from compound climate extremes.

Plain Language Summary

Terrestrial ecosystems sequestrate a large amount of carbon dioxide from the atmosphere,
which helps to mitigate climate warming. Climate extremes, such as droughts and heatwaves,
play a significant role in determining the capacity of land ecosystems in carbon uptake. In the
past decades, terrestrial biosphere models have been widely used to investigate the magnitude
and variations of carbon fluxes between land and the atmosphere. In this study, we attempted
to understand how model-simulated carbon fluxes respond to climate anomalies and extremes
at the global level and across regions. Analysis of model simulations showed significant spatial
variations in the sensitivity of carbon fluxes to climate variations. Interestingly, concurrences
of abnormal temperature and precipitation could have stronger impacts on carbon fluxes than
individual temperature or precipitation event. This study is important for better understanding

climate extreme impacts on ecosystem dynamics and the global carbon cycle.
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1. Introduction

Terrestrial ecosystems remove atmospheric carbon dioxide (CO>) via photosynthesis
and release most of the previously fixed carbon to the atmosphere via autotrophic and
heterotrophic respirations and land disturbances (Cialis et al., 2014). As reported by the most
recent global carbon project (Le Quéré et al., 2018), the terrestrial CO> sink was 3.2 + 0.8 Pg
C yr? during the period of 2007-2018, which offset about 1/3 of the anthropogenic carbon
emissions. It is worth noting that both ecosystem carbon sequestration and emission present
significant inter-annual variations mainly due to the influences of precipitation and temperature
fluctuations (Ahlstrom et al., 2015; Beer et al., 2010; Pan et al. 2015), and explain most of the
inter-annual changes of the atmospheric CO> concentration (Ahlstrom et al., 2015; Jung et al.,
2017; Le Queré et al., 2018). Therefore, a better understanding of the relationships between
climate and terrestrial carbon fluxes on the inter-annual scale is important to project future
climate-carbon feedbacks even though decadal and centennial scales may elicit different

processes in the carbon cycle.

According to the IPCC SREX special report on extreme events (Seneviratne et al.,
2012), a climate extreme is defined as “the occurrence of a value of a weather or climate
variable above (or below) a threshold value near the upper (or lower) ends of the range of
observed values of the variable”. Extreme climate events include but are not limited to droughts,
floods, heatwaves, frosts and strong winds, which hold the potential to greatly alternate
ecosystem physiological processes, structure, composition, and thus carbon balance (Frank et

al., 2015). Climate extremes have dual influences on terrestrial carbon fluxes through
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immediate changes in environmental controls on photosynthesis and respiration rates, and a
legacy effect on carbon pools (Reichstein et al., 2013; Schwalm et al., 2017). At present, the
impacts of extreme droughts on carbon cycling have been widely investigated. For example,
the 2003 European drought was estimated to reduce gross primary productivity (GPP) by 30%
and result in a strong continent-wide carbon source (Ciais et al., 2005); the 2010 Amazon drought
reduced net primary production (NPP) in forested area by about 7% (Potter et al., 2011); the
turn of the century drought (2000-2004) in western North America reduced the carbon sink by
30-298 Tg C yr! (Schwalm et al., 2012). Global impacts of extreme drought events on carbon
cycling have been examined by modeling, satellite-based estimates, and statistical
extrapolations (e.g. Schwalm et al., 2010, 2017; Zscheischler et al., 2014a). However, knowledge
of the impacts of other climate extremes, such as extremely hot, extremely cold, and extremely

wet events, on terrestrial carbon fluxes is still limited at both regional and global scales.

Climate extremes may lead to large variations in terrestrial carbon fluxes, but do not
necessarily result in carbon extremes (Reyer et al., 2013), which have been found to dominate
the inter-annual variations of global carbon fluxes (Zscheischler et al., 2014b). To emphasize
the climate impacts on the biosphere, a biosphere-relevant climate extreme is defined as
“climate conditions where an ecosystem function is out of a defined extreme percentile
threshold over a certain period” (Reichstein et al., 2013). As such, the method of “backward
assessment”, which first identifies extreme ecosystem carbon flux anomalies and then relates
them to single or multiple climate variables, has been developed to examine biosphere-relevant
climate extremes and their ecological consequences. Previous research found that negative
global GPP extremes can be attributed to water scarcity in a large part of the global land area
(Zscheischler et al., 2014b). Yet, challenges remain for a rigorous global quantification of
carbon cycle extremes (including carbon sequestration, emission, and net carbon budget) and

their related climate conditions (Frank et al., 2015).
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Investigation of extreme climate impacts on carbon fluxes should consider the
sensitivity of carbon fluxes to climate variables across vegetation types and climate zones.
Carbon fluxes in semi-arid regions in the Southern Hemisphere are particularly sensitive to
precipitation anomalies and dominate the inter-annual anomalies of the global terrestrial carbon
sink (Ahlstrom et al., 2015; Poulter et al., 2014); in contrast, forests in many humid regions
seem to be less affected by precipitation variations or even green up during periods with
reduced water supply (Knapp & Smith, 2001; Saleska et al., 2007; Vicente-Serrano et al., 2013; Yang
et al., 2018). Such contrasting responses highlight the importance of studies regarding the
precipitation sensitivity of land ecosystems across various climate zones ( Wu et al., 2018).
Meanwhile, responses of different carbon fluxes to climate variations diverge in magnitude.
Based on site-level observations, Shi et al. (2014) found that the sensitivity of GPP to
precipitation is generally higher than that of ecosystem respiration. At the global scale, the
sensitivity of GPP to precipitation is reported to be about 50% larger than that of ecosystem
respiration (Schwalm et al., 2010). However, the sensitivity of different components of carbon
fluxes to temperature has not been systematically evaluated at the global scale, which limits

our understanding of the carbon dynamics under extreme temperature events.

Therefore, there is an important need to evaluate how global terrestrial ecosystems
respond to climate variations and extremes. Terrestrial Biosphere Models (TBMs) are an
essential tool to investigate carbon exchanges between land and the atmosphere, and
understand the impacts of global climate change on land ecosystems (Le Queré et al., 2018).
In this study, we analyzed the impacts of climate extremes on terrestrial ecosystem carbon
fluxes in the 40 years between 1971 and 2010, based on 19 sets of model simulations combining
three climate datasets and seven TBMs from the Inter-Sectoral Impact Model Intercomparison
Project (ISIMIP) Phase 2a (https://www.isimip.org/protocol/#isimip2a). The specific

objectives of this study are to (1) evaluate the spatial patterns of the sensitivity of land
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ecosystem carbon fluxes to inter-annual climate variations using TBMs, (2) quantify the
influence of extreme climate conditions on the terrestrial carbon fluxes, and (3) explore the

relationships between carbon extremes and climate extremes.

2. Materials and Methods

2.1. Division of zones

Our analysis was applied on each vegetated grid across the globe as well as at the
regional level. To represent regional characteristics of climate impacts on ecosystems, we
divided the vegetated land area into 26 regions (Figure 1) according to the IPCC SREX report
on extreme events (Seneviratne et al., 2012). Such a division could benefit identification of
climate extremes and how these extreme events influence regional carbon dynamics. The
deficit lies in its lack of a biome standpoint, but for our objectives this division is reasonable,
particularly considering the underlying mechanisms and parameterization in simulating
ecosystem responses to climate variability are generally implemented in a similar way for
different biomes in TBMs. Names and abbreviations of the 26 regions can be found in Figure
1. Regional climate characteristics and vegetation types are described in Table S1. In this study,
high latitudes refer to land areas between 60° N and 90° N, middle latitudes refer to land areas
between 30° N and 60° N and between 30° S and 60° S, and low latitudes refer to land areas

from 30° N to 30° S.

2.2. ISIMIP2a terrestrial biosphere models and simulation results

The Inter-Sectoral Impact Model Intercomparison Project (ISIMIP) provides a
framework to quantify climate change impacts on multiple sectors in the earth system. We used
simulations of seven TBMs in ISIMIP2a (Reyer et al., 2019), including CARAIB (Dury et al.,

2011), DLEM (Tian et al., 2015), LPJ-GUESS (B. Smith et al., 2001), LPJml (Bondeau et al.,
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2007), ORCHIDEE (Krinner et al., 2005), VEGAS (Zeng et al., 2005), and VISIT (Ilto &
Inatomi, 2012). All the seven models explicitly consider the dynamics of terrestrial carbon
fluxes and pools in response to environmental changes, including climate change, CO:
concentration, and land cover change. But large differences exist among models in structure
and representation of biophysical, biogeochemical and hydrological processes, especially in
representing carbon fluxes in responding to temperature and precipitation changes. In the
ISIMIP2a framework, the TBMs were driven by consistent input datasets and ran under the
same simulation protocol at a spatial resolution of 0.5° latitude/longitude. Time-series of land
use data were taken from the HYDE3/MIRCA2000, and the inter-annual CO> concentration
was based on time series of global atmospheric CO.-concentrations data from Meinshausen,
Raper & Wigley (2011) for 1765-2005 and Dlugokencky & Tans (2014) for 2006-2013. The
novelty of the ISIMIP2a ensemble compared to other DGVM ensembles is that several
different observation-based global climate datasets, including GSWP3 (1901-2010), PGMFD
(1901-2012), and WATCH+WFDEI (1901-2010), were used to drive the TBMs. The ISIMIP2a
outputs of carbon fluxes have been intensively compared and validated with multiple
benchmarking datasets, including remote sensing products, data-driven products, and global
residual land sink results (Cantu et al., 2018; Chang et al., 2017; Chen et al., 2017; Ito et al.,
2017). The climate-data-induced uncertainty in model estimates of ecosystem productivity is
substantial ( Wu et al., 2017). In this study, we analyzed inter-annual model simulations driven
by GSWP3, PGMFD, and WATCH+WFDEI climate datasets. As simulations of CARAIB and
VEGAS models driven by PGMFD were not available, a total of 19 sets of model-simulated

carbon fluxes were included in our analysis.

2.3. De-trended anomalies of climate variables and carbon fluxes

Analyses in this study were based on the de-trended anomalies of annual climate and

carbon fluxes. For each grid cell, linear trends in annual temperature, precipitation, and solar
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radiation were computed. Then we calculated the de-trended climate conditions by subtracting
the linear trends from the original climate time series. Likewise, linear trends in inter-annual
carbon fluxes were subtracted from the 19 sets of model simulations to exclude the influences
of long-term climate trend and non-climatic environmental drivers, such as the increases in
CO_ concentration and nitrogen deposition. The de-trended anomalies of carbon fluxes were

assumed to result from climate variations.
2.4. Sensitivities of inter-annual carbon fluxes to climate variations

Climate impacts on terrestrial carbon fluxes differ over time and space under the
influences of multiple environmental factors. It is necessary to understand the sensitivity of
ecosystem carbon fluxes to inter-annual temperature and precipitation changes when
examining the impacts of climate extremes. We calculated the apparent sensitivity of
ecosystem carbon fluxes to climate variables using the Multiple Linear Regression (MLR)

method (Piao et al., 2013),
ACq1y = by + by AT + b, AP + b3AR + ¢ (1)

where ACs,,,, refers to the de-trended annual anomalies of Net Primary Productivity (NPP) (g
C m? yrh), Heterotrophic respiration (Rh) (g C m? yr?), or Net Ecosystem Productivity
(NEP = NPP — Rh) (g C m? yrl); AT, AP, and AR are the de-trended annual anomalies of
mean temperature (°C), precipitation (mm yr?), and shortwave solar radiation (watt m2),
respectively; b,, b,, and b5 are regression coefficients, representing the apparent sensitivities
of carbon fluxes to temperature, precipitation, and solar radiation, respectively; b, is the fitted
intercept; € is the residue error in the multiple linear regression. We also analyzed the spatial
patterns of model consistency and divergence among the 19 simulations. It is assumed that
model results show consistency in an area when over 75% of the simulations have the same

sign (either positive or negative) of sensitivity.
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Interactive effects of precipitation and temperature may strengthen or weaken the
impacts of a single climate factor on ecosystem carbon fluxes (Luo et al., 2008). To identify
the interactive precipitation-temperature effects, we added an interaction term (AT AP) in the

regression model.

where y; is the impact of temperature on carbon fluxes if no temperature-precipitation
interaction; y, is the impact of precipitation on carbon fluxes if no temperature-precipitation
interaction; and y; is the coefficient of the interactive effects of temperature and precipitation,
indicating the changed temperature impacts by precipitation variation and the changed

precipitation impacts by temperature variation.
2.5. ldentifying extreme climate and carbon flux years

Following the definition in the IPCC SREX report (Seneviratne et al., 2012), we
identified annual climate extremes through the upper and lower tails of the probability
distribution of the de-trended annual temperature and precipitation in each grid. The 10" and
90™ percentiles were used as the criteria for extremely cold/dry and extremely hot/wet years.
It is worth noting that extreme years were not completely the same in the GSWP3, PGMFD,
and WATCH+WFDEI climate datasets. Extreme carbon years (extremely high or low NPP,
Rh, and NEP) were also identified using the same percentile threshold for the 19 sets of

ISIMIP2a model simulations.

Then we calculated the average anomalies of carbon fluxes in the climate extreme years
for each climate dataset. For example, in each grid, the extreme hot years were identified in the
climate datasets, and then average NPP, Rh, and NEP anomalies were calculated in these years.

Anomalies of regional and global carbon fluxes in the climate extreme years were calculated

©2020 American Geophysical Union. All rights reserved.



by averaging the gridded carbon fluxes in climate extreme years. Likewise, for each grid, we
identified carbon extreme years in the 19 sets of model simulations, and calculated the average
anomalies of precipitation and temperature in the carbon extremes years. Regional and global
climate anomalies in the carbon extreme years were also obtained by averaging the gridded

climate anomalies during carbon extreme years.

We further estimated the fraction of carbon extreme years that coincide with extreme
climate years (Table S2). The probability of high carbon extreme years that coincided with
climate extreme years was estimated as [n(Hcarbon_Hclimate) + n(Hcarbon_Lclimate)] / 40,
where n(Hcarbon_Hclimate) is the number of years in which high carbon extremes occurred
with high climate extremes, and n(Hcarbon_Lclimate) is the number of years in which high
carbon extremes occurred with low climate extremes, and “40” refers to the total number of
years in the model simulation period (1971 - 2010). Likewise, the probability of low carbon
extreme years that coincided with climate extreme years was estimated as
[n(Lcarbon_Hclimate) + n(Lcarbon_Lclimate)] / 40. n(Lcarbon_Hclimate) is the number of
years in which low carbon extremes occurred with high climate extremes, and
n(Lcarbon_Lclimate) is the number of years in which low carbon extremes occurred with low

climate extremes.

2.6. Satellite-based analysis

We collected the global NPP data during 1982 - 2016 derived from the remote sensing
imageries of the Advanced Very High Resolution Radiometer (AVHRR) (W. Smith et al.,
2016). This dataset was developed based on the light use efficiency (LUE) model scaled by
temperature and water stress (https://wkolby.org/data-code/). Temperature and water stress

scalars were estimated by daily vapor pressure deficit (VPD) and minimum temperature in the
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CRUNCEP v8 climate data. Using the same methodology described above, we calculated the

sensitivity of this satellite-based NPP to climate variations to compare with TBM-based results.

3. Results

3.1. Sensitivity of carbon fluxes to climate variations in TBMs
3.1.1 Sensitivity of carbon fluxes to temperature

The sensitivity of each carbon flux to temperature or precipitation showed large spatial
variations (Figure 2), and differed substantially among NPP, Rh, and NEP. NPP sensitivity to
temperature varied significantly along the latitudinal gradient (Figure 2A). Areas with positive
and negative NPP sensitivity accounted for 43.5% and 56.5% of the total vegetated land area.
NPP increased with annual temperature anomalies in the high latitudes at a rate of 7.9 £ 2.2 g
C m?2 °C? (avg. + 1 std. dev, the same hereafter for model results), but decreased with
temperature in the low latitudes at a rate of -42.9 + 14.3 g C m? °CL. At the global level, a1 °C
increase in temperature reduced NPP by 18.1 £ 9.9 g C m? (or 2 + 1.1 Pg C; Table 1). The
transition from the positive temperature response of NPP to the negative temperature response
of NPP mainly located between 40 °N and 50 °N and between 40 °S and 50 °S (Figure 3). NPP
showed the strongest negative sensitivity to temperature in region 24: SEA (Southeast Asia, -

73.3+£40.7.g C m? °C?) and region 7: AMZ (Amazon, -66.2 + 17.8 g C m? °C%; Figure S1).

At the global level, Rh showed a positive response to temperature over 87.7% of the
vegetated land area, and a 1 °C increase in temperature enhanced Rh by 11 +3.5g C m? yr?!
(1.2 £ 0.4 Pg C). The spatial variation of Rh sensitivity to temperature was relatively small
over latitudinal regions (9 £ 5.1 g C m? °C in the high latitudes, 11.8 + 3.6 g C m? °C in the
middle latitudes, and 10.8 + 6.2 g C m? °C? in the low latitudes). The highest Rh sensitivity

was found in region 24: SEA (Southeast Asia, 21.5 + 22 g C m? °C™). The only two regions
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with a negative Rh sensitivity were region 17: SAF (Southern Africa, -1.1 + 10.2 g C m? °C™)

and region 25: NAU (Northern Australia, -1 + 16.6 g C m?2 °C™Y).

Warming suppressed global NPP and stimulated global Rh, leading to a substantial
reduction in global NEP by -29 + 10.9 Pg C m? °Ctor-3.2 + 1.2 Pg C °C™* (NEP is counted
positively when ecosystems gain carbon). The fraction of global vegetated land area with
negative NEP sensitivity was as high as 81.1%, while the areas with positive sensitivity were
restricted to the high latitudes and the Tibetan Plateau. The largest negative sensitivity occurred
in the low latitudes (-53.4 + 15.2 g C m °C™), particularly for region 24: (-93.7 +42.6 gC m’
2 °CYy and region 7: AMZ (-82.5 + 16.6 g C m? °C). NEP in the high latitudes was less
sensitive to temperature anomalies (-1.1 + 4.5 g C m? °C™) than that in the middle and low

latitudes but still shows a negative sensitivity.

The NPP sensitivities to temperature varied along a gradient of mean annual
temperature (MAT) (Figure S2). Below 10 °C, NPP sensitivity to temperature was positive,
while NPP sensitivity was negative above 15 °C. These results are consistent with previous
results based on tree rings (Bondeau et al., 2007; Klesse et al., 2018). For NEP, positive and
negative sensitivities diverged at 0 °C, with the positive response below 0 °C and the negative
response above 0 °C. Rh sensitivity was positive over most of the MAT zones, except in some

areas with high temperature (> 20 °C) and moderate precipitation (400 mm yr? to 800 mm yr-
l)_

The seven TBMs showed consistency in 62.5%, 69.8%, and 52.4% of the global
vegetated land area for the sensitivity of NPP, Rh, and NEP (Figure 2A, B, and C), respectively.
NPP and Rh had more consistent modeled sensitivity than NEP. For NPP, the major
divergences occurred in the transition regions from positive sensitivity to negative sensitivity,

including the Continental US, Europe, Southwest Russia, and Southeast China. For Rh, the
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major divergences were in Mexico, India, Southeast Asia, and Southeast Australia. For NEP,

divergences were primarily in the middle and high latitudes.
3.1.2. Sensitivity of carbon fluxes to precipitation

NPP sensitivity to precipitation was positive over 95.6% of the vegetated land area
(Figure 2). The middle latitudes had a greater positive NPP sensitivity to precipitation than the
low and high latitudes (Figure 3 and Table 1). At the global level, a 1 mm increase in annual
precipitation enhanced NPP by 0.21 + 0.1 g C m™. Higher NPP sensitivity was found in
relatively dry area (Figure S1), for example region 26: SAU (Southern Australia and New
Zealand, 0.42 +0.17 g C m? mmY), region 17: SAF (Southern Africa, 0.32 +0.08 g C m? mmr

1, and region 3: WNA (Western North America, 0.32 + 0.15 g C m? mm™).

Rh sensitivity to precipitation was found to be positive over 91.5% of the vegetated
land area. On average, Rh sensitivity was 0.07 + 0.04 g C m? mm, which was about one third
of NPP sensitivity. The impacts of precipitation anomalies on Rh partially offset the impacts
of precipitation on NPP, resulting in a positive NEP sensitivity of 0.14 + 0.12 g C m? mm™.
NEP sensitivity was the highest in the middle latitudes (0.17 + 0.16 g C m? mm™) but the
lowest in the high latitudes (0.05 + 0.14 g C m? mm™), indicating that precipitation changes
could play a more important role in carbon sink anomalies in the middle-latitude ecosystems
than the other regions. Similar to NPP sensitivity, the highest positive NEP sensitivity was in
relatively dry regions, for example, region 26: SAU (Southern Australia and New Zealand,
0.32 + 0.2 g C m? mm™), region 16: EAF (Eastern Africa; 0.22 + 0.15 g C m? mm™), and

region 3: WNA (Western North America; 0.22 +0.18 g C m? mm™).

TBMs presented consistency in 78.3%, 51.5%, and 50.9% of the global vegetated land
area for the sensitivity of NPP, Rh, and NEP (Figure 2D, E, and F), respectively. NPP has more

consistent modeled sensitivity than Rh and NEP. Divergences in NPP sensitivity to
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precipitation were found in the Siberia region. Rh sensitivity showed considerable differences
among the TBMs primarily in the tropical regions, including Amazon forests, tropical Africa,
and Southeast Asia. Divergences in NEP sensitivity resided in the boreal region, eastern US,

eastern China, and Southeast Asia.
3.1.3. Interactive effects of temperature and precipitation

On global average, the correlation coefficient for the interaction term (y3) was 0.026 +
0.009 g C m?2 °Ct mm™ for NPP, 0.017 + 0.010 g C m? °Ct mm for Rh, and 0.009 + 0.005
g C m?2 °Ct mm* for NEP (Figure 4). At the global level, the TBMs reached an agreement on
the positive interactive effects of temperature and precipitation. The interactive effects showed
considerable spatial variations. Large interactive effects on NPP mainly occurred in the hot and
dry South America and Africa, such as, NEB (0.075 + 0.034 g C m? °Ct mm), SSA (0.070
+0.040 g C m2 °C* mm?), SAH (0.068 +0.043 g C m? °C mm), WAF (0.076 + 0.034 g C
m2°CTmm™), and SAF (0.082 +0.045 g C m? °C* mm) (Figure 4). Large interactive effects
on NEP also occurred in these regions (0.028 +0.025 g C m? °C* mm™ in NEB, 0.027 +0.016
g C m2°Ctmm?inSSA, 0.039 +0.021 g C m? °C* mm™ in SAH, 0.034 + 0.021 g Cm?°C
L' mm? in WAF, and 0.022 + 0.022 g C m? °C* mm™ in SAF). Additionally, models showed
considerable divergences in the spatial pattern of the interactive effects. For the sign of y5, the
TBMs had agreement only on 3.4%, 1.1%, and 1.4% of the global vegetated land area for NPP,

Rh, and NEP, respectively.
3.2. Impacts of climate extremes on annual carbon fluxes in Terrestrial Biosphere Models

Over the global vegetated land area, the average temperature anomaly was -0.99 °C in
the extremely cold years and 0.96 °C in the extremely hot years during 1971-2010 (“extreme”
refers to outside 10% and 90% percentiles in this study; Table 2). The magnitude of temperature

anomalies in extremely cold/hot years was the largest in the high latitudes (-1.82/1.72 °C) and
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the smallest in the low latitudes (-0.60/0.61 °C; Figure S3). The global average precipitation
anomaly was -268 mm yr? in the extremely dry years and 303 mm yr? in the extremely wet
years. In contrast to extreme temperature, the magnitude of precipitation anomalies in the
extremely dry/wet years was the largest in the low latitudes (-383.3/431.9 mm yr?) and the

smallest in the high latitudes (-117.8/135.1 mm yr*; Figure S3).

Due to the different sensitivities of carbon fluxes to climate variables and the
magnitudes of climate extremes over regions, the responses of carbon fluxes in the climate
extremes showed large spatial variations. At the global scale, NPP on average had a positive
anomaly of 18 + 9.9 g C m? yr? during the extremely cold years and a negative anomaly of -
18.5 + 9.3 g C m? yr? in the extremely hot years (Figure S4). Although the low latitudes
generally had a smaller magnitude of temperature anomalies in the extreme years, the impacts
of extreme temperature on NPP anomaly were larger than in the other latitudinal regions
because of the larger (more negative) sensitivity of NPP to temperature. In the high latitudes,
NPP was stimulated in the extremely hot years, but suppressed in the extremely cold years,

which presented an opposite pattern to the response of global NPP to temperature extremes.

At the global scale, NPP showed negative anomalies of -60.9 + 24.4 g C m? yr! in the
extremely dry years and positive anomalies of 46.7 + 19.5 g C m? yr in the extremely wet
years (Figure S5). Hence, there is a negative asymmetry of global NPP between extremely dry
and extremely wet years. The impact of precipitation extremes on NPP was about 3 times as
large as the impact of temperature extremes, indicating that the TBMs simulated a stronger
impact of precipitation extremes in controlling global NPP variations than that of temperature
extremes. Impacts of extreme precipitation were similar to the impacts of extreme temperature
in the high latitudes, while the impacts of extreme precipitation (extremely dry + extremely
wet) were about 13 and 1.8 times of the impacts of extreme temperature (extremely hot +

extremely cold) in the middle latitudes and low latitudes, respectively (Table 2).
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The global average Rh anomaly was -6.9 + 4.9 g C m? yr? in the extremely cold years
and 7+ 4.6 g C m? yr' in the extremely hot years. Impacts of temperature extremes on Rh in
the high latitudes (-15.4 + 8.9 g C m? yr'! in the extremely cold years and 16 + 8.5g C m? yr-
Lin the extremely hot years) were stronger than those in the other latitudinal regions but still
symmetrical. The global average Rh anomaly was -16.5 + 11.4 g C m? yr? in the extremely
dry yearsand 13.6 = 10.7 g C m? yr in the extremely wet years, which was about twice the
impacts of temperature extremes. Extreme precipitation impacts on Rh were stronger in the

tropical regions than the boreal regions.

At the global level, extremely hot climate conditions reduced NPP but enhanced Rh,
leading to a large decline in annual NEP of -25.5 + 11.5 g C m? yr'. During the extremely dry
years, NPP reduction was larger than Rh reduction, resulting in a substantial NEP decrease of
-44.4 +11.5 g C m? yr. The impacts of precipitation extremes on the terrestrial carbon fluxes
were stronger than those of temperature extremes at the global scale. Similar patterns were also
found for all the three latitudinal belts (Table 2). In extreme temperature and precipitation years,
NEP showed larger reductions in the low latitudes than in the high latitudes, indicating that
climate extremes influenced the global carbon sink/source primarily through altering carbon

fluxes in the low-latitude ecosystems.

As shown in Figure 5, impacts of precipitation extremes on NPP and NEP were stronger
in climate space with high MAT (> 15 °C) and moderate Mean Annual Precipitation (MAP)
(400 — 1200 mm yr?), which is corresponding to the arid/semi-arid zones in temperate and
tropical regions. The largest NPP reduction during the extremely hot years occurred in region
17: SAF (Southern Africa, -70.4 + 16 g C m? yr?), region 25: NAU (northern Australia and
New Zealand, 43.6 + 34.4 g C m?2 yr?), and region 24: SEA (Southeast Asia, 43 +21.7gCm
2yr'Y) (Figure S6). The largest NPP reduction during the extremely dry years occurred in region

25: NAU (northern Australia and New Zealand, -131.7 + 35.9 g C m? yr), region 8: NEB
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(N.E. Brazil, -118.7 + 36.7 g C m? yr?), region 26: SAU (S. Australia/New Zealand, 109.9 +
47.1g C m2yr?), and region 17: SAF (Southern Africa, 109.9 + 24.2 g C m2 yr1). These four
regions also experienced the largest NEP reduction in extremely dry years (region 25 NAU: -
97.1 +38.9 g C m? yr?, region 8 NEB: -90 + 48.6 g C m? yr?, region 26 SAU: -85 +55g C
m2 yrt, and region 17 SAF: -77 + 33.3 g C m? yr?) and the largest NEP increase in the
extremely wet years (region 25 NAU: 94.5 + 42.6 g C m? yr, region 8 NEB: 82.6 + 48 g C
m2 yr, region 26 SAU: 70.5 + 45.2 g C m™ yr?, and region 17 SAF: 65.4 + 29.2 g C m? yr-
1). This suggests that semi-arid ecosystems in Australia, South America, and South Africa
contributed the most to the global variations of carbon fluxes in the extreme climate years in
the ISIMIP models. This result was consistent with Poulter et al. (2014) and Ahlstrém et al.
(2015), which found that the inter-annual variability of global carbon fluxes was primarily
controlled by temperature and precipitation variations in the semi-arid ecosystems in the

Southern Hemisphere.
3.3. Carbon flux extremes and their relationships with climate in TBMs

At the global scale, average NPP anomaly was -115.7 + 26.6 g C m™ yr? in the extreme
low NPP years and 107.2 + 25.1 g C m yr in the extreme high NPP years. The average Rh
anomaly was -50.9 + 10.7 g C m? yr? in the extreme low Rh years and 54.9 +20.2 g C m? yr-
Lin the extreme high Rh years; and the average NEP anomaly was -112.6 + 39.4 g C m? yr?
in the extreme low NEP years and 103.3 + 34.3 g C m? yr! in the extreme high NEP years

(Figure S7).

In_the high latitudes, extreme high NPP years were usually associated with positive
temperature anomalies. For example, the average temperature anomaly in extreme high NPP
years was 0.9 + 0.15 °C inregion 2: CGI, 0.57 £0.2 °C inregion 1: ALA, and 0.42 +0.21 °C

inregion 11: NEU. In the relatively dry regions, extreme high NPP years were associated with
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positive precipitation and negative temperature anomalies (Figure 6). For example, in extreme
high NPP years, average temperature and precipitation anomalies were -0.39 + 0.16 °C and
273.4 £52.7 mm yr? in region 25 NAU, -0.21 + 0.06 °C and 260.1 + 84.4 mm yr in region 8

NEB, and -0.27 + 0.07 °C and 174.4 + 46 mm yr™ in region 17 SAF.

At the regional level, extreme high Rh years coincided with positive precipitation
anomalies over all the 26 regions and positive temperature anomalies over 24 regions (Figure
6). The two regions with negative temperature anomalies were region 25: NAU and region 17:
SAF. In extreme high NEP years, 19 regions showed negative temperature and positive

precipitation anomalies (Figure 6).

The spatial distribution of the fraction of carbon extremes years that coincided with
climate extreme years shows that, over most of the global vegetated land area, NPP and NEP
extreme years did not occur in extreme temperature years (Figure 7a, c, i, k). In the semi-arid
regions of the middle and low latitudes, low NPP and NEP extreme years more frequently
occurred during precipitation extreme years (Figure 7d, I). In Eastern Canada and Central
Europe, we found a higher fraction of Rh extreme years that coincided with climate extreme
years (extreme high temperature; Figure 7e, g). It is also worth noting that a large fraction of

carbon extremes over the vegetated land area did not occur during climate extreme years.
3.4. Comparison between model-based sensitivity and satellite-based sensitivity

Sensitivity of satellite-based NPP to temperature was negative in the low latitudes and
positive in the high latitudes (Figure 8A). The transition occurred in the middle-latitudes. This
pattern was consistent with that of the model-based results (Figure 2). These results partly
reflect the different climate factors in controlling vegetation growth across climate zones, i.e.
temperature and growing season length in high latitudes, and moisture and radiation in the low

latitudes (Lucht et al., 2002; Nemani et al., 2003). The model-based NPP sensitivity to
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temperature had the same sign as the satellite-based NPP sensitivity in 85.3% of the global
vegetated area. The curves of the cumulative vegetated land area against sensitivity suggest
that the model-based NPP sensitivity to temperature is generally consistent with the satellite-
based results. However, the model-based NPP sensitivity to precipitation showed significant
differences with the satellite-based results. Although the same sign of NPP sensitivity to
precipitation between model results and satellite results existed in 76.9% of the global
vegetated area, the TBMs simulated a larger NPP sensitivity than satellite estimates in 91.2%
of the global vegetated area. On global average, the satellite-based NPP sensitivity to
precipitation was 0.04 g C m? mm*, comparing to the model-ensemble-mean of 0.21 g C m™

mm-t.
4. Discussion

The results strongly suggest that extremely dry events inhibited both global NPP and
Rh simulated by TBMs. Impact of extremely dry events on NPP was 3.7 times that of Rh,
leading to a large reduction of the carbon sink (i.e., NEP) in the extremely dry years. The
different responses of NPP and Rh to droughts in the TBMs were consistent with previous
reports based on site-level data synthesis (Shi et al., 2014) and global level analysis (Schwalm
et al., 2010; Pan et al. 2015). Spatially, impacts of extreme droughts on the terrestrial carbon
fluxes were stronger in tropical and temperate regions, especially semi-arid Africa, South
America, and Australia. These regions were also more sensitive to extremely wet events than
other areas and, therefore, played more important roles in affecting the inter-annual variations

of the global terrestrial carbon sink (Ahlstrom et al., 2015; Poulter et al., 2014).

Extremely high temperature reduced global NPP and enhanced global ecosystem Rh,
leading to a reduction in the terrestrial carbon sink. NPP anomalies showed a reduction during

extremely dry events and extremely hot events, but Rh increased under both conditions. The
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reduced NEP in extremely hot years was caused by the concurrent impacts on NPP and Rh,
while the reduced NEP in extremely dry years was due to the larger reduction in NPP than Rh
Notably, we found that, in the TBMs, extreme carbon years did not necessarily coincide with
extreme temperature or precipitation years over a large fraction of the global vegetated land,
though climate extremes significantly affected the anomalies of terrestrial carbon fluxes. The
compound effects of concurrent temperature and precipitation anomalies that are not extreme
climate events could be the major reason for the decoupling between carbon and climate
extremes. The interactions between temperature variations and precipitation deficits could
substantially alter terrestrial carbon dynamics, for example, the combined dry and hot extreme
in Europe 2003 (Ciais et al., 2005) and the combined dry and hot extreme in California 2014
(AghaKouchak et al., 2014). However, extreme temperature and precipitation events did not
always occur simultaneously. Thus, regional carbon extremes occurred in the years with a
specific combination of temperature and precipitation anomalies that would enhance each
other’s effects on carbon fluxes. For example, the extreme low NEP in AMZ was associated
with high temperature (75.6 percentile) and low precipitation (26.8 percentile) but none of the

temperature or precipitation anomalies was an extreme event.

The positive interactive effects of temperature and precipitation on NPP and NEP,
particularly in South America and Africa, have contributed to the carbon extremes. The
temperature or precipitation effect on ecosystem carbon fluxes partly depends on changes of
each other. For example, the negative impacts of hot events on vegetation productivity and
carbon sequestration can be strengthened by the reduced precipitation. This positive interaction
is expected because the decreased precipitation could reduce soil moisture and enhance the
responses of arid/semi-arid ecosystem processes to hot events (Gerten et al., 2008; Luo et al.,
2008). Similarly, the negative drought impacts on ecosystem productivity can be enhanced by

hot events because the high temperature could lead to more evapotranspiration, decrease soil
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water availability, and then enhance vegetation sensitivity to precipitation. The concurrency of
temperature and precipitation extremes could lead to devastating ecological consequences

through both the additive and interactive effects of climate factors.

This study found that the most significant model discrepancies exist in the transition
regions between positive sensitivity and negative sensitivity. For example, the middle latitudes
have the largest model discrepancies for NPP sensitivity to temperature. In this region, leaf
unfolding and vegetation growth need a certain amount of heat (Piao et al., 2015), while hot
events would suppress vegetation growth (Ciais et al., 2005). Across all the TBMs, temperature
effects are implicitly or explicitly considered in estimating leaf physiological activities, canopy
dynamics, and carbon allocation. However, models differ largely in the parameterization of
both temperature scalars and the critical thresholds for leaf onset or senescence. For example,
DLEM uses a quadratic function to describe temperature effect on stomatal conductance, of
which the value of optimal temperature is critical, whereas in ORCHIDEE stomatal
conductance is an analytical solution of the coupled assimilation-stomatal conductance
equations. A better parameterization of temperature impacts on vegetation phenology and

vegetation growth could help to reduce model uncertainties.

The comparison between TBM simulations and satellite-based measurements showed
that the TBMs simulated a larger sensitivity of ecosystem productivity to precipitation,
particularly in tropical areas, which further lead to a larger responses of carbon sequestration
during and after droughts (Beer et al., 2010). The disaggrement between TBM simulations and
satellite measurements could be either from the simplified represention of water stress in the
LUE model or the oversensitive water impacts in the TBMs. Water stress on ecosystem
productivity in the satellite observations was estimated based on the atmospheric water demand
(i.e., VPD) but not water supply (i.e., soil water availability) (W. Smith et al., 2016), while the

TBMs in-this study included more sophisticated mechanisms to represent soil water stresses by
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considering water supply and demand (e.g. Ito & Inatomi, 2012; Krinner et al., 2005; Zeng et
al., 2005). Previous studies have identified the lack of dynamic root growth, hydrological
redistribution, groundwater movement and reasonable carbon allocation during droughts in
models are potential causes responsible for larger estimation of vegetation response to water
deficit (Hu et al., 2018; Li et al., 2012; Paschalis et al., 2020). For example, during Amazon
droughts, trees can increase water use efficiency and uptake water from aquifer through deep
roots to mitigate drought impacts (Goll et al., 2018; Yang et al., 2018). Thus, vegetation
adaption strategies and more sophisticated hydrological processes need to be taken into
consideration by TBMs to improve the simulation accuracy of the changed carbon flux during

drought events.

Climate controls on heterotrophic respiration were explicitly parameterized in the
TBMs through the classic “first-order” decay algorithm (Parton et al., 1987). The
parameterization of soil thermal conductivity and soil moisture could affect decomposition of
soil organic carbon pools, as well as the forms of soil temperature and moisture scalars for Rh.
However, the representations of soil temperature and moisture effects on the decay constant (k)
vary in these models, leading to the low agreement in Rh sensitivity. A comparison with the
observed soil temperature and moisture effects in various vegetation types could help to
improve model accuracy in simulating Rh (Riutta et al., 2012). Spatial pattern of the interactive
temperature and precipitation effects showed large divergences among the simulations (Figure
4). The interaction between temperature and precipitation is a complex and non-linear process
involving various regulatory mechanisms and factors, such as evapotranspiration, soil moisture,
stomatal conductance, and nutrient availability, etc. However, the interactive effects on
ecosystems have not been well understood (Luo et al., 2008). Therefore, in-situ Climate
Extreme Experiment (Knapp et al., 2017; Smith, 2011) that manipulate temperature and

precipitation simultaneously could be of particular importance to evaluate the effects of
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compound climate extremes and the interactive effects of climate factors. Moreover, these data-
model experiments could identify the processes or parameters in TBMs that are the key for
accurately simulating responses of carbon fluxes to temperature or precipitation changes,

which however are obviously out of the scope of this study.

Our results confirmed that semi-arid ecosystems in the Southern Hemisphere were
particularly sensitive to precipitation extremes and made the largest contribution to the inter-
annual variation of global carbon fluxes (Ahlstrom et al., 2015). More future research is needed
to identify the changes in carbon pools and vegetation composition in semi-arid ecosystems
caused by climate extremes. Moreover, our analysis emphasized the compound influences of
concurrent temperature and precipitation anomalies on terrestrial carbon fluxes. These findings
could be important in informing field scientists to design a series of ecological experiments in
examining the responses of grassland and forests to climate extremes (Knapp et al., 2017;

Wilcox et al., 2017).

Consistent with previous analysis based on TBMs from the Multi-scale Synthesis and
Terrestrial Model Intercomparison Project (MsTMIP) (Zscheischler et al., 2014a), this study
reveals a general pattern of climate extreme impacts on carbon fluxes. (1) Droughts tend to
reduce ecosystem productivity at a larger extent and reduce terrestrial respiration at a smaller
extent, and (2) heat extremes tends to reduce ecosystem productivity but enhance terrestrial
respiration. By analyzing MsTMIP results, Zscheischler et al. (2014a) found that the TBM
discrepancies are larger for the impacts of climate extremes on net carbon exchange than those
on primary productivity and respiration. In this study, we further found that model
discrepancies in the precipitation impacts are in the same magnitude for net carbon exchange
and heterotrophic respiration. Additionally, this study shows the spatial distribution of model
discrepancies (Figure 2) and suggests that the largest model spread occurs in the transition

areas from positive sensitivity to negative sensitivity. Based on the coupled climate-carbon
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cycle simulations, Zscheischler et al. (2014c) found that negative GPP and NEP extremes are
driven by the concurrent heats and droughts, which is consistent with our result that carbon
extremes are associated with the individual and compound influences of temperature and

precipitation anomalies.

The SREX regions used in this study were first developed in the IPCC special report
for climate models (Seneviratne et al 2012). It has been used to investigate the impacts of
climate change as well as climate extremes. Nevertheless, for future work, it could be of interest
to investigate the impacts of climate extremes based on ecoregions (Olson et al., 2001) to better

account for biome dependence of climate extremes.

5. Conclusions

This study investigated the influences of climate extremes on the terrestrial carbon
fluxes between 1971 and 2010 using seven Terrestrial Biosphere Models (TBMs). Simulated
results showed that global carbon uptake was reduced substantially during extremely dry years
and extremely hot years. Hot extremes suppressed carbon sequestration through reducing
carbon assimilation by photosynthesis and enhancing respiration carbon release, while dry
extremes reduced carbon sequestration through causing a large decline in ecosystem carbon
uptake. Ecosystems in the semi-arid region were more sensitive to climate extremes and made
a larger contribution to the inter-annual variations of the global carbon fluxes. TBM
simulations also suggest that a certain combination of concurrent temperature and precipitation
anomalies could be more important in influencing terrestrial ecosystem carbon fluxes than the
impacts of individual extreme event. The individual and interactive effects of temperature and
precipitation anomalies caused carbon extremes. The interactive effects on vegetation
productivity are particularly important in the hot and dry regions. TBMs simulated a stronger
impacts of precipitation extremes than the satellite-derived carbon fluxes. To accurately assess

the impacts of climate extremes on terrestrial carbon dynamics, it is essential to improve model
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representation of complex interaction and adaptation mechanisms that are responsible for

emergent properties such as ecosystem vulnerability and resilience.
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Table 1. Sensitivity of annual carbon fluxes to temperature and precipitation (mean + 1 SD).

Sensitivity to temperature (g C/m?/ °C)

Sensitivity to precipitation (g C / m?/mm)

NPP Rh NEP NPP Rh NEP
Global -18.1+£9.9 11+£35 -29+£10.9 0.21+£0.1 0.07 £0.04 0.14+£0.12
High latitudes 79+£22 9+5.1 -1.1+45 0.12+0.17 0.07 £0.06 0.05+0.14
Middle latitudes 1.8+104 11.8+3.6 -99+11.2 0.25+0.14 0.08 £ 0.05 0.17+£0.16
Low latitudes -42.9+14.3 10.8+6.2 -53.4%15.2 0.2 +0.07 0.06 +0.04 0.14 £ 0.09
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Table 2. Climate and carbon fluxes anomalies during the extreme climate years.

Global High-latitude Mid-latitude Low-latitude

Temperature anomaly (°C)

extremely cold -0.99 -1.81 -1.19 -0.6

extremely hot 0.96 1.72 1.13 0.61
Precipitation anomaly (mm yrt)

extremely dry -268 -118 -183 -383

extremely wet 303 135 208 432
NPP anomaly (g C m2 yr?)

extremely cold 18+9.9 -15.6+4.3 3.3+139 39.9+11.6

extremely hot -185+9.3 12.2+35 -3.7+13.7 -39.9+10.1

extremely dry -60.9+ 244 -16.7+19.5 -50.3+29.8 -81.9+27.6

extremely wet 46.7+19.5 11.9+154 39.7£23.3 62 £ 23
Rh anomaly (g C m2 yr?)

extremely cold -6.9+4.9 -15.4+8.9 -11+£55 -1.1+52

extremely hot 7+4.6 16 +8.5 10.9 £5.7 1.2+53

extremely dry -165+11.4 -11.1+5.5 -15.1+10.7 -19.1+175

extremely wet 13.6 £10.7 9.5+6.6 12.9+104 15.3+15.2
NEP anomaly (g C m2yr?)

extremely cold 249+12.4 -02+7.4 14.3+15.7 41+12.8

extremely hot -255+115 -3.8+7 -145+15.6 -41.1+11

extremely dry -44.4 £33 -5.6+15.6 -35.3+36 -62.8+37.7

extremely wet 33.1+£26 25+12.1 26.8 £28.8 46.7 £29.3
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Figure 1. Divisions of 26 regions and the distribution of vegetation types. 1. ALA: Alaska/N.W.
Canada, 2. CGI: E. Canada/Greenland/Iceland, 3. WNA: W. North America, 4. CNA: Central
North America, 5. ENA: E. North America, 6. CAM: Central America and Mexico, 7. AMZ:
Amazon, 8. NEB: N.E. Brazil, 9. WSA: W. Coast South America, 10. SSA: S.E. South America,
11. NEU: N. Europe, 12. CEU: Central Europe, 13. MED: S. Europe and Mediterranean, 14.
SAH: Sahara, 15. WAF: W. Africa, 16. EAF: E. Africa, 17. SAF: S. Africa, 18. NAS: N. Asia,
19. WAS: W. Asia, 20. CAS: Central Asia, 21. TIB: Tibetan Plateau, 22. EAS: E. Asia, 23.
SAS: S. Asia, 24. SEA: S.E. Asia, 25. NAU: N. Australia, 26. SAU: S. Australia/New Zealand.
The vegetation type distribution data were from the AVHRR global land cover products
(http://glcf.umd.edu/data/landcover/data.shtml).
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(A) Sensitivity of NPP to Temperature (B) Sensitivity of Rh to Temperature (C) Sensitivity of NEP to Temperature

YV s

(D) Sensitivity of NPP to Precipitation (E) Sensitivity of Rh to Precipitation

Figure 2. Sensitivity of terrestrial carbon fluxes (A and D: NPP, B and E: Rh, C and F: NEP)
to temperature anomaly (A-C) and precipitation anomaly (D-F). Note: Maps show the averaged
results of the 19 simulations. Stippling indicates locations where over 75% of the simulations
have the same sign (positive or negative) of sensitivity.
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Figure 3. Latitudinal patterns of the sensitivity of carbon fluxes (NPP, Rh, and NEP) to (A)
mean annual temperature and (B) mean annual precipitation. Shaded areas indicate the + 1
standard deviation (SD) of the 19 model simulations.
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(A) Interactive effects on NPP

(B) Interactive effects on Rh

(C) Interactive effects on NEP g Cm? °C mm!
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Figure 4. Interactive effects of temperature and precipitation on NPP (A), Rh (B), and NEP
(C). Stippling indicates locations where over 75% of the simulations have the same sign
(positive or negative) of the interactive effects (not clear in the figure due to small area).
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Figure 5. Anomalies of the terrestrial carbon fluxes. NPP (A-D), Rh (E-H), and NEP (I-L)
during the extremely cold (A, E, 1), hot (B, F, J), dry (C, G, K), and wet (D, H, L) years in
climate space [x-axis: mean annual temperature (MAT), and y-axis: mean annual precipitation
(MAP)].

©2020 American Geophysical Union. All rights reserved.



(B) Extreme high NPP years

(A) Extreme low NPP years

o nvs o nvs & nvs

L NYN o o NN o L NvN

o L vas oo vis la} o Fovas

o L SVS oo SVS o o L svs

@ L Sv3 o0 Sv3 oo | sv3

o alL @ dalL o0 LooglL

o L SV oo S¥2 o L svd

o - SYM oo SYM o F SYM

@ L SYN oo SYN oo L syN

=LA o] o 4vs 1vs

o SELE] o0 4v3 o o4yl

o L Avm oo 4YM e) o e

o F HYS 08 HYS o FHVYS

o L aaw 0 aan o ° | aaw

® SIES] -0 nio oo nn

o t NIN o o Nan @ NaN

o WSS a vss (=] Foovss

o vSM a YSM o -0 L wsm

EL ) oo 8N 2 © S:ELY

FZwy 2 oo wnv g o P ZWY

o twed 2 oo WYd o o WV

@ VN3 & o0 NI Z ® | wn3

o YND 60 ¥ND £ o o L wNo

o YNM S ® YNM < o L vNM

o P E o0 192 £ o6 Fo19D

 — VIV 5 et : viv g & v
gRe ° dgR8RrR8898R=° gg BRER °

EIRUERIEN] =) ajuanad = EIUESIEY]

o nvs = nvs o nvs

F NYN 0 - NYN L NVN

EEN oo v3s o L wIs

o L SvS oo SYS o o L svs

o0 L Sv3a o0 - Sv3 oo L svd

o0 81 o -0 +odll 00 L gL

o L sv o0 roSY Q-0 L osvo

o - svm @ SYM <] o L svm

o F SYN o SUN 0-0 b swN

rdvs o o rodvs AL

o ELE] o © ELE] o 43

o 4vm o0 rAvm o 4vm

o r HVS o 0O r HYS =] F HYS

e} Fa3an 00 Q3w o (s} EL

o0 F N o nao o o SEE ]

oo NanN © JELY] ap NN

(e] vsS 00 rovsS o] o WSS

o L vSM 00 - YSM oo L ovsm

o £V 00 - E [ o8N

o A 00 my § ° Lz

il o o Fwvd > ® WY a o o b D

a o-0 N E- ® vNI Z oo L N3

2 -] FYND 2 ® PNz o o L wND

o o FYNM 00 FYNM o 00 EYNM

o P E o 192 E o o)

— <o viv £ e viv 5 —= viv
8RBR¢% ° L8 EBRBRER ° @g BRER °

a|uaag < ajua%Iag B ajuadIag

Figure 6. Percentiles of annual temperature and precipitation anomalies during the extreme
low and high carbon years (A-B: NPP, C-D: Rh, E-F: NEP). x-axis refers to the 26 regions (see
figure 1). The shaded area indicates the extreme climate events (10" and 90" percentiles).
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Figure 7. Fraction of carbon extreme years that coincide with climate extreme years (%). (a,
b) High NPP extreme years in temperature and precipitation extreme years, (c, d) low NPP
extreme years in temperature and precipitation extreme years, (e, f) high Rh extreme years in
temperature and precipitation extreme years, (g, h) low Rh extreme years in temperature and
precipitation extreme years, (i, j) high NEP extreme years in temperature and precipitation
extreme years, (k, I) low NEP extreme years in temperature and precipitation extreme years.
Temperature extreme years refer to both extreme hot and cool years, and precipitation extreme
years refer to both extreme wet and dry years.
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(A) Sensitivity of NPP to Temperature
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Figure 8. Sensitivity of satellite-based NPP to temperature (A) and precipitation (B), and the
comparison with model-ensemble-based NPP sensitivity. Stippling indicates locations where
satellite-based sensitivity and model-ensemble-based sensitivity agree on the sign.
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