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and Miguel D. Mahecha1
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Abstract Climate extremes such as droughts and heat waves affect terrestrial ecosystems and may
alter local carbon budgets. However, it still remains uncertain to what degree extreme impacts in the
carbon cycle influence the carbon cycle-climate feedback both today and the near future. Here we analyze
spatiotemporally contiguous negative extreme anomalies in gross primary production (GPP) and net
ecosystem production (NEP) in model output of the Coupled Model Intercomparison Project Phase 5
(CMIP5) ensemble and investigate their future development and attribution to climatic drivers. We find that
relative to the overall increase in global carbon uptake, negative extremes in GPP and NEP lose importance
toward the end of the 21st century. This effect can be related to elevated CO2 concentrations and higher
amounts of available water at the global scale, partially mitigating the impacts of droughts and heat waves,
respectively. Overall, based on CMIP5 models, we hypothesize that terrestrial ecosystems might be more
resilient against future climate extremes than previously thought. Future work will have to further scrutinize
these results considering that various biological and biogeochemical feedbacks are not yet integrated
within Earth system models.

1. Introduction
Future climate projections predict considerable change in climate extremes such as droughts and heat
waves, which may cause impacts on the state and functioning of terrestrial ecosystems that are hard to
forecast [IPCC, 2012]. Though there is a debate on whether variability in temperature is currently changing
[Alexander and Perkins, 2013], broad consensus exists that the future will bring an increase in high
temperature extremes and drought intensity [Seneviratne et al., 2012; Sillmann et al., 2013]. Despite
uncertain model predictions of changes in extremes at regional scales as a result of intrinsic climate
variability [Deser et al., 2012, 2014], patterns change consistently at continentally or globally aggregated
scales [Fischer et al., 2013]. How this change in climate extremes will affect ecosystems and terrestrial carbon
cycling remains widely unknown, but various lines of evidence indicate that changes in climate extremes
have the potential to reduce or even negate the current terrestrial carbon sink in the future [Reichstein
et al., 2013].

The most recent set of coupled climate-carbon cycle simulations (Coupled Model Intercomparison Project
Phase 5 (CMIP5)) [Taylor et al., 2012] agrees fairly well with respect to future climate projections [Collins et al.,
2013] but diverges largely in their estimates of the future net land carbon uptake [Ahlström et al., 2012] and
consequently the size of land carbon pools [Jones et al., 2013]. Uncertainties in future climate projections
can be attributed to differences in carbon cycle feedbacks [Friedlingstein et al., 2014] and can be traced back
to model biases that exist by the end of the observational era [Hoffman et al., 2014]. How climate extremes
affect the terrestrial carbon cycle has not been well investigated yet but is increasingly perceived as a key
to understand future climate-carbon cycle feedbacks. The problem can be addressed either by identifying
climate extremes and subsequently analyzing their impacts (“forward assessment” [Ciais et al., 2005; Zeng
et al., 2009; Lewis et al., 2011; Schwalm et al., 2012]) or by searching for extreme impacts and investigating
concurrent environmental conditions (“backward assessment” [Mitchell et al., 2014; Rammig et al., 2014;
Zscheischler et al., 2014a]). A better understanding of the relationship between climate extremes and
terrestrial carbon cycling might improve model implementations of the interactions between climate and
the carbon cycle.

Here we investigated extreme events in the land carbon cycle (i.e., “carbon cycle extremes”), particularly
extremes in gross primary production (GPP) and net ecosystem production (NEP) in CMIP5 model output.
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We analyzed how these extremes develop in the future (to 2100) and whether negative extremes can be
attributed to droughts or heat waves.

2. Data and Methods

We used model output from the two representative concentration pathways (RCPs) 4.5 and 8.5 [Moss et al.,
2010]: temperature (T), precipitation (P), gross primary production (GPP), and net ecosystem production
(NEP, defined as NEP = GPP - Reco, with Reco denoting ecosystem respiration) from 13 models (Table S1
in the supporting information). To assess water availability, we derived the widely applied standardized
precipitation index (SPI) [McKee et al., 1993] consistently from the CMIP5 model runs (using the standardized
precipitation evapotranspiration index [Vicente-Serrano et al., 2010] lead to similar results and will therefore
not be reported here). All variables had a monthly time resolution. After conducting the analyses, results
were bilinearly interpolated to a common 0.5◦ × 0.5◦ geographical grid.

2.1. Preprocessing of T, GPP, and NEP
From each time series at each pixel, we extracted the nonlinear trend and the modulated annual cycle
[Mahecha et al., 2007; Wu et al., 2010] using singular spectrum analysis (SSA) [Broomhead and King,
1986], relying on the code of v. Buttlar [2014]. Both subsignals were subtracted from the original signal,
yielding anomalies. For the trend we summed all SSA components (eigentriples) with periods over
30 years. The modulated annual cycle had periods between 11 and 13 months. Consequently, the anomalies
consisted of the high-frequency SSA components (0< period <11 months) and the interannual variability
(13 months < period <30 years).

2.2. Identification of Extreme Events
Spatiotemporal extreme events (based on the 90th, 95th, and 99th percentile [Seneviratne et al., 2012])
were identified as follows [Zscheischler et al., 2014a]. Based on the global probability density function of
the anomalies in GPP and NEP, a threshold q was defined such that the extremes (positive and negative
together) comprised 10, 5, or 1% of the anomalies, respectively (sketched in Figure 1 in Zscheischler et al.
[2014b]). We then defined an extreme event by spatiotemporally contiguous values above q (positive
extremes) and below −q (negative extremes), respectively. The size of an extreme event was defined by the
integral of the corresponding anomalies over its spatiotemporal extent.

To obtain global time series of extremes, at each time step we summed up all anomalies in any of the
extreme events under consideration. Similarly, to obtain averaged global maps of extreme events, we
summed up all anomalies at each pixel. Global maps of the largest 100 extreme events of the time periods
1980–2009 and 2070–2099 were compared for both RCP4.5 and RCP8.5. Selecting different contemporary
and future time periods did not affect our conclusions. To adjust for global increase in GPP, we made a
second comparison of relative changes. Before subtraction, we divided maps by averaged annual
GPP per m2 (computed by dividing annual global GPP by total land area; model average: 145 × 1014 m2).

Trends in extreme events were estimated as follows: Starting with 1870, we identified extreme anomalies
in GPP and NEP on moving windows of 30 years length with a step size of 10 years (30 years is the common
time span for a climate reference period according to the World Meteorological Organization [Burroughs,
2003]). A moving window approach was chosen because the variability of the anomalies is not constant over
time. Subsequently, we aggregated all identified extreme anomalies to contiguous spatiotemporal extreme
events and only kept the 1000 largest events for further analysis to focus on the most important extremes
(e.g., attribution to climatic drivers, section 2.3). Moreover, the 1000 largest events contain most of the
extreme pixels because extremes are power law distributed [Zscheischler et al., 2014a]. We estimated trends
in GPP extremes in the time series derived from those 1000 largest events. To assess trends in extremes
relative to the global increase in GPP, we divided time series of extremes by time series of global GPP.
Figure S1 depicts time series of absolute and normalized negative GPP extremes for the model bcc-csm1-1
(95th percentile).

We further investigated whether negative and positive extremes were of similar magnitude. To do this,
we first applied a moving average filter of 30 years to the global time series of the 1000 largest extremes
(1870–2099, positive and negative). We then divided negative extremes by positive extremes at each
time step. Quotients larger than 1 indicate a dominance of extremes that reduce the carbon uptake from
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Figure 1. (a, b) Global distribution of decrease in GPP during the 100 largest negative GPP extremes (95th percentile), averaged over all CMIP5 models and the
time period 1980 to 2009. (c, d) Absolute change in extremes; (e, f ) relative change in extremes between 1980–2009 and 2070–2099 (before taking the difference,
maps were divided by global annual GPP averaged per m2). Shown is the model average change per year in %. Figures 1a–1c: RCP4.5; Figures 1d–1f: RCP8.5.

(or increase the release of carbon to) the atmosphere compared to extremes that increase the carbon uptake
(or reduce the net carbon release).

2.3. Attribution to Climatic Drivers
We performed a statistical attribution of negative GPP and NEP extremes to extremes in temperature and
water availability. The method [Zscheischler et al., 2013] computes the median of a driver variable over
the spatiotemporal extent identified by each GPP (NEP) extreme event in each model run. By shifting the
corresponding spatiotemporal extent in time and computing medians for each time step, a test statistic was
obtained for each combination of driver variable, GPP (NEP) extreme, and model. Shifting spatiotemporal
extents 15 years into the past and 15 years into the future yielded at most 360 values (30 years × 12 months).
Based on this test statistic, we computed right- (pr) and left-sided (pl) p values for each event and driver.
A driver was counted as associated with a carbon cycle extreme if its p value was smaller than 0.1 (p < 0.1).
In other words, it was counted as associated (“cause” of an impact extreme) if the median of the driver
during the GPP (NEP) extreme was either higher (pr < 0.1) or lower (pl < 0.1) than 90% of all other values.
We used T to assess anomalous low (cold) and high temperatures (hot), and the SPI to assess drought (dry)
and excess water availability (wet). To assess compound climate extremes [Seneviratne et al., 2012; Leonard
et al., 2013], we attributed C cycle extremes to dry conditions without heat (pSPI

l < 0.1 and pT
r > 0.1), hot

conditions without drought (pT
r < 0.1 and pSPI

l > 0.1), and concurrent hot and dry conditions (pT
r < 0.1 and

pSPI
l < 0.1).

Changes in the attribution patterns in the future were also analyzed. We attributed the 100 largest negative
GPP extremes in the two time periods 1980–2009 and 2070–2099 to hot conditions and dry conditions
(low SPI), respectively. Then we computed for each pixel the number of values belonging to events
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Figure 2. Trends in (a) absolute and (b) relative impact of negative GPP extremes from 1870 to 2100 (95th percentile).
Extremes in GPP anomalies are computed on moving windows of 30 year length, aggregated to spatiotemporal extreme
events, and only the largest 1000 events are considered. Linear trends (RCP4.5, blue, and RCP8.5, red) were computed
from time series as in Figure S1. Range of trends covers different model initializations. For calculating relative trends
(Figure 2b), GPP extremes were first divided by annual global GPP.

attributable to hot/dry conditions and divided it by the number of values contained in all 100 events. We
plotted the difference in fractions of extremes attributed to hot/dry conditions between 1980–2009 and
2070–2099.

3. Results
3.1. Spatial Distribution and Magnitude of Carbon Cycle Extremes
For the contemporary period, the CMIP5 simulations show hot spots of negative extreme anomalies in
Southern and Northeastern Brazil, Eastern Africa, India, Indonesia, and the Midwest U.S. (Figures 1a and
1b). On average, the largest 100 negative 95th percentile GPP extremes are responsible for a decrease in
photosynthetic carbon uptake of 2.23 ± 0.13 and 2.04 ± 0.13 Pg C yr−1 for RCP4.5 and RCP8.5,
respectively (ensemble mean ± standard deviation; 99th percentile: 0.65 ± 0.03 (RCP4.5) and
0.60 ± 0.03 Pg C yr−1 (RCP8.5); 90th percentile: 4.31 ± 0.26 (RCP4.5) and 3.93 ± 0.26 Pg C yr−1 (RCP8.5)).
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Figure 3. Asymmetry between negative and positive extremes in (a and b) GPP and (c and d) NEP for RCP4.5 and RCP8.5
(95th percentile). Before dividing time series of extremes, a moving average filter of 30 years was applied.
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Figure 4. Attribution of negative extremes in GPP and NEP to climatic
drivers. Shown is the fraction of the largest 1000 95th percentile extremes
in the time period 1870 to 2099 in GPP (blue) and NEP (green) which
could be attributed to extremes in temperature and water availability for
RCP4.5 (dark) and RCP8.5 (light). The horizontal lines depict the significant
level (expected fraction of significant attributions if drivers and impacts
were uncorrelated).

At the end of the 21st century, the
model ensemble shows a large
increase in the magnitude of negative
carbon cycle extremes in many
areas, particularly in the extratropics
(Figures 1c, 1d, and 2a). Indonesia
exhibits a decrease of GPP extremes;
Central and Eastern Europe and some
areas in Africa show decreases for
the more moderate scenario RCP4.5
(Figure 1c). The patterns look very
similar for negative NEP extremes
(Figure S2). If we normalize by the
increase in global GPP, we find little
change in the global magnitude
of negative GPP extremes in the
future (Figure 2b). Hence, the global
increase in magnitude of negative
GPP extremes can be largely

explained by a general increase in GPP with likewise increasing variability. However, at the regional scale,
trends can vary considerably (Figures 1, S2e, and S2f ). Particularly in the tropics, negative extremes in GPP
and NEP tend to decrease till the end of the 21st century if normalized by the increase in GPP.

The CMIP5 model ensemble suggests a trend from a dominance of negative extremes toward a dominance
of positive extremes in GPP and NEP over time (Figure 3). Hence, phases of anomalous increases of carbon
uptake may dominate phases of anomalous reduction in carbon uptake in the future.

3.2. Attribution to Climatic Drivers
Most negative extremes in GPP and NEP extremes are driven by high temperatures and water scarcity
(Figure 4 for 95th percentile extremes, similar for 99th percentile extremes), with nearly all attributions being
significant for all models. The fraction of negative NEP extremes attributed to heat waves and droughts is
slightly lower compared to negative GPP extremes, but model spread is large for both variables. Separating
compounding mechanisms from individual drivers reveals that carbon cycle extremes are mostly

Figure 5. Changes in attribution of negative GPP extremes (95th percentile) to hot and dry conditions. Shown is the difference in the fraction of negative
extremes attributable to (a, b) hot or (c, d) dry conditions between the time periods 2070–2099 and 1980–2009 for RCP4.5 (Figures 5a and 5c) and RCP8.5
(Figures 5b and 5d). Pixels are only colored if they were extreme for at least 5 months in both time periods.
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associated with conditions that are hot and dry at the same time. Dry conditions which are not too hot also
play a role, whereas hot conditions with enough moisture do not exceed the significance threshold for most
models. While extremes in RCP8.5 can be slightly less often attributed to droughts and high temperatures,
both RCP4.5 and RCP8.5 exhibit very similar attribution patterns.

In Europe, West Africa, South America, and South East Asia, high temperatures become more important in
driving negative extremes in GPP in the future (Figures 5a and 5b). In Indonesia, high temperatures become
more important in RCP4.5 but less important in RCP8.5. At the global scale, the number of events attributed
to dry conditions changes little at the end of the 21st century. In Australia, in RCP8.5, dry conditions
decrease in importance.

4. Discussion
4.1. Spatial Distribution and Magnitude of Carbon Cycle Extremes
CMIP5 models reproduce spatial patterns and overall magnitude of negative extreme events in GPP fairly
well compared to estimates from empirically derived GPP products and global vegetation models over
a similar time period ([Zscheischler et al., 2014a], 95th percentile extremes in GPP are responsible for a
decrease of 2.2 Pg C/yr−1, averaged over 1982–2011). In Indonesia, negative GPP extremes are much more
prominent in CMIP5.

Tropical Asia has been identified as a climate change hot spot [Diffenbaugh and Giorgi, 2012] with more
variable precipitation [Kharin et al., 2013] and more frequent heavy precipitation events [Sillmann et al.,
2013]. In contrast, the increase in temperature is not as large as in other regions on land [Diffenbaugh
and Giorgi, 2012], and drought intensity is not expected to increase [Prudhomme et al., 2013]. Increased
precipitation in tropical Asia (Figure S3; see also Bony et al. [2013] and Ren et al. [2013]) due to an
intensification of the global water cycle [Huntington, 2006; Kleidon and Renner, 2013] might provide the
constant water influx necessary to mitigate future heat impacts, leading to the detected decrease in extreme
negative anomalies in carbon uptake. This is also supported by recent results showing that the conditions
associated with monthly maximum GPP are shifted to higher temperatures but similar soil moisture
conditions in RCP8.5 at the end of the 21st century [Williams et al., 2014].

GPP data sets covering the last 30 years show an asymmetry between negative extremes and positive
extremes [Zscheischler et al., 2014a]. Potential mechanisms driving this asymmetry include an asymmetric
behavior of the El Niño–Southern Oscillation (ENSO), the “slow in, rapid out” principle [Körner, 2003], and
asymmetric driving mechanisms. In regions where positive extremes in GPP dominate, the “pulse-response”
paradigm might play a role [Huxman et al., 2004]. The paradigm implies that discrete precipitation pulses
are important drivers for biological activity in arid and semiarid ecosystems. CMIP5 models show a
shift from larger negative extremes toward larger positive extremes at the end of the 21st century. The
asymmetry in ENSO was found to be increasing in CMIP5, with strong El Niño events becoming more severe
[Santoso et al., 2013] and thus does not serve as an explanation for the detected shift in asymmetry [see also
Poulter et al., 2014]. In an overall wetter climate with higher interannual variability in rainfall, arid and
semiarid regions could increasingly generate large positive anomalies in terrestrial carbon uptake [Holmgren
et al., 2013]. Semiarid ecosystems are also largely responsible for the exceptionally large carbon sink in
2011, triggered by excessive rain [Poulter et al., 2014]. At the same time, negative extremes in GPP and
NEP might turn out smaller due to the mitigation of heat impacts by higher amounts of available water
[e.g., Corlett, 2011; Bauweraerts et al., 2014]. Moreover, elevated ambient CO2 concentrations can lead to
higher water use efficiency in plants [Leuzinger and Körner, 2007; Leakey et al., 2009; Keenan et al., 2013] and
consequently to a lower susceptibility to drought. A more localized investigation of the trends in the
difference between positive and negative extremes (Figure S4) shows that particularly in arid and semiarid
areas (Australia, Eastern China, Sahel, and South Africa), the asymmetry is shifting toward more positive
extremes, as also suggested by observations [Morgan et al., 2011], while in the densely vegetated tropics in
South America and Africa negative extremes become (even) more dominant. Hence, in line with Poulter et al.
[2014], we find that semiarid regions increasingly contribute to carbon cycle extremes and global carbon
cycle interannual variability.

4.2. Attribution
Negative extremes in GPP and NEP extremes are driven by concurrent high temperatures and droughts.
Models largely disagree in the number of extremes attributed to a specific driver, suggesting that the

ZSCHEISCHLER ET AL. ©2014. American Geophysical Union. All Rights Reserved. 8858



Geophysical Research Letters 10.1002/2014GL062409

particular model responses to climate extremes differ substantially. Negative GPP extremes in upscaled
data products and global vegetation models were found to be primarily driven by water scarcity, both at
the global [Zscheischler et al., 2014a] as well as at the continental scale [Zscheischler et al., 2014b], while
high temperatures played a minor role. An intercomparison study including 10 state-of-the-art terrestrial
biosphere models also revealed mainly dry conditions as drivers for negative GPP extremes, whereas for
negative NEP extremes dry and hot conditions were equally important [Zscheischler et al., 2014c]. In the
driver data used in Zscheischler et al. [2014c], temperature and precipitation are constrained by observations
[Wei et al., 2013]. In contrast, in the global circulation models used in CMIP5, precipitation and temperature
are created by the same model, possibly leading to a stronger coupling between dry and hot conditions
[see also Hirschi et al., 2011]. Accordingly, situations which are dry but not hot and vice versa might rarely be
realized in those models.

The change in attribution patterns complements our finding that negative GPP extremes in Indonesia
decrease in magnitude (Figure 1 and section 3.1) and might be related to higher water availability on
average (Figure S3), possibly mitigating heat impacts [Corlett, 2011]. The regions showing an increase
in GPP extremes attributed to high temperatures largely coincide with regions that will experience a
higher-than-average temperature increase in the future [IPCC, 2013]. In the Amazon basin, the number of
carbon cycle extremes attributed to hot temperatures increases (Figures 5a and 5b) along with decreasing
precipitation (Figure S3). Here there might not be enough water available to mitigate future heat impacts
[Corlett, 2011]. For tropical Asia, the attribution patterns to high temperatures show opposite trends for
RCP8.5 and RCP4.5. While more negative GPP extremes are driven by high temperatures in the future in
RCP4.5, this trend is reversed in RCP8.5. This might be related to strong land use change in RCP4.5 leading to
higher temperature sensitivity, or to a much larger increase in precipitation in RCP8.5 (Figure S3).

4.3. General Discussion
It has recently been suggested that climate extremes may lead to a sizable positive climate-carbon cycle
feedback [Reichstein et al., 2013]. Climate models are showing an increase in climate extremes in the future,
among them heat waves and dry spells. Based on the current analysis of CMIP5 models, we may hypothesize
that the global relative impact of climate extremes on terrestrial photosynthesis is decreasing in the
future. This effect is likely caused by the models’ response to increasing CO2 concentration via stomatal
conductance and is consistent with recent experiments [Morgan et al., 2011; Battipaglia et al., 2013;
Bauweraerts et al., 2013; Naudts et al., 2013]. However, little is known about long-term effects of CO2 and
climate extremes, which are affected by biological and biogeochemical processes such as nutrient
interactions, mortality, and allocation, which are currently not well represented in state-of-the-art coupled
carbon cycle-climate models [McDowell, 2011; Zaehle and Dalmonech, 2011; Zaehle, 2013].

In the CMIP5 simulations, negative extremes in GPP and NEP appear to be highly coupled. The spatial
patterns of extremes (Figures 1 and S2), the asymmetry between negative and positive extremes (Figure 3),
and the attribution to climatic drivers (Figure 4) are strikingly similar. This is in contrast to recent studies
investigating extremes in empirically derived upscaled products and terrestrial biosphere models. Extremes
and interannual variability in GPP were strongly correlated [Zscheischler et al., 2014a], whereas the
relationship between GPP extremes and the residual net carbon sink was very weak, suggesting either
that models lack a good representation of the interannual variability or a confounding influence of
ecosystem respiration. A model intercomparison study revealed fundamentally different attribution patterns
for negative extremes in GPP and NEP [Zscheischler et al., 2014c], supporting the latter. Negative extremes
in GPP and ecosystem respiration were mainly associated with decreases in water availability but only small
changes in temperature, whereas negative extremes in NEP were equally driven by low water availability
and high temperatures. Moreover, droughts and heat waves had similar impacts on NEP but largely
diverging impacts on GPP. Hence, our result suggests that CMIP5 models overestimate the coupling
between GPP and NEP extremes, possibly driven by an overestimation of the cooccurrence of dry conditions
and high temperatures.

A blend of climate change experiments aims to identify the impacts of warming and elevated CO2

concentrations on plant carbon uptake [Leakey et al., 2009; Morgan et al., 2011; Bauweraerts et al., 2013; Duan
et al., 2013; Naudts et al., 2013; Xu et al., 2013]. Many of those experiments have shown that elevated CO2

concentrations increase plants water use efficiency in trees [Leuzinger and Körner, 2007; Battipaglia et al.,
2013; Bauweraerts et al., 2013] and grassland species [Morgan et al., 2011; Xu et al., 2013], that is, plants need
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less water to assimilate the same amount of carbon. In particular, elevated CO2 concentrations have the
potential to mitigate adverse effects of droughts [Leakey et al., 2009; Morgan et al., 2011; Duan et al., 2013;
Naudts et al., 2013; Xu et al., 2013]. These experimental studies are generally consistent with our results,
although substantial knowledge gaps remain, including, for instance, tropical ecosystem responses to
climate change [Cernusak et al., 2013].

5. Conclusion

We analyzed large-scale spatiotemporal extremes in the terrestrial carbon cycle for two future
concentration pathways (RCP4.5 and RCP8.5). We found that extremes associated with decreases in
terrestrial carbon uptake may lose importance compared to the overall increase in terrestrial carbon uptake.
Particularly in many tropical areas, the relative importance of those extremes decreases in future. Negative
extremes in GPP and NEP are mostly associated with concurrent droughts and heat waves with negligible
differences between both variables and both RCPs. Overall, based on the models, we hypothesize that more
available water for vegetation at the global scale due to an acceleration of the water cycle [Huntington, 2006]
will potentially mitigate future heat impacts caused by continuous climate warming.
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