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Abstract 

Climate change is affecting many aspects of natural ecosystems and society. Anticipating the 
changes in vegetation resilience – the plants’ capacity to cope with disturbances and shocks such 
as those related to climate variability and extremes – is critical to understand and project 
ecosystems’ responses to global change and the impacts on the related ecosystem services, to 
support mitigation actions, and to define proper adaptation plans.  

Here, we quantify vegetation gross primary production (GPP) resilience by computing the annual 
production resilience indicator from the state-of-the-art Earth System Model (ESM) simulations 
included in the newest Sixth Phase of the Coupled Model Intercomparison Project (CMIP6). Taking 
the present period (1985-2014) as reference, we estimate the GPP resilience changes for different 
periods in the near and far future (2021-2050 and 2051-2100) under three scenarios of 
socioeconomical global changes, corresponding to different levels of greenhouse gases’ emissions 
and land-use.  

In the ‘Sustainability (Taking the Green Road)’ and ‘Middle of the Road’ scenarios considered here 
(ssp126 and ssp245), the areas where vegetation shows increasing GPP resilience (mainly boreal, 
African and Indian monsoonal regions) are wider than the areas with decreasing resilience. The 
situation drastically reverses in the ’Fossil-fuel Development (Taking the Highway)’ scenario 
(ssp585), mostly because the increase of GPP interannual variability outbalances the mean 
increase due to the CO2 fertilization effect in this high greenhouse gases’ emission scenario. 
Among the larger countries, Brazil is exposed to the highest risk of experiencing years with 
anomalously low GPP, especially in the ’Taking the Highway’ scenario. 

 
 
Introduction 
 
Stable ecosystems, characterized by small variations from their average state despite changes in 
environmental conditions, are generally considered healthy and reliable in terms of the services 
they provide (Costanza et al., 2014; MAE, 2005; Seddon et al., 2019). Ecosystems in good 
condition are necessary to secure the sustainability of human activities and human well-being 
(Maes et al., 2020). There is currently great concern about the stability and resilience of both natural 
and human-managed ecosystems, particularly given the many global changes that are already 
occurring, such as land use and climate change (IPBES, 2018; Williams et al., 2014). The 
Sustainable Development Goals, formally embraced by the 2010 Conference of Parties, recognize 
the importance of ensuring conservation, restoration and sustainable use of terrestrial ecosystems 
and their services, and strengthening the resilience and adaptive capacity to climate-related 
hazards (SDG 15 and SDG 13, respectively; United Nations 2016).   

The concept of resilience is closely connected to ecosystem stability. Resilience has been defined 
either as the larger disturbance that a system can absorb without losing its structure, relationships 
and functionalities (Holling, 1996, 1973) or as the time required by an ecosystem to recover and 
return back to the equilibrium state after a disturbance (Pimm, 1984). These definitions are termed 
‘ecological resilience’ and ‘engineering resilience’, respectively. On the one hand, ecological 
resilience is a very powerful concept as it comprehensively accounts for the complexity of the 
ecosystem structure (e.g., total biomass, population distribution, diversity) and function (e.g., 
primary production, pollination) but is difficult to define quantitatively (Oliver et al., 2015). On the 
other hand, the engineering definition of resilience is more specific in suggesting a quantitative 
measurement method that was inherited by the classical theory of population dynamical systems 
such as the Lotka-Volterra model (Lotka, 1920; Volterra, 1926).  

In the case the ecosystem analysis is focused to gross primary production (GPP), the two 
definitions of resilience can be in principle consistent between each other (Zampieri, 2021).  GPP 
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— the total carbon fixation by plants — is a primarily important terrestrial ecosystem function, at 
the point that it was also considered as a proxy of resilience itself (Moore et al., 1993). This essential 
biological process provides the base of the net primary production determining the plant growth 
and the main input for the food chain of myriad animal consumers including humans (Richmond et 
al., 2007; Vargas et al., 2019). GPP also controls the rate at which carbon dioxide is removed from 
the atmosphere while being at the same extremely sensitive to climate anomalies itself (Ciais et 
al., 2005; Raupach et al., 2007; Seddon et al., 2016).  

Assessing the changes of vegetation GPP resilience of vegetation GPP in the future climate 
scenarios is of capital importance. Climate change is indeed expected to alter vegetation GPP 
resilience by potentially compromising the availability of water for natural vegetation and agriculture 
in dry regions (Betts et al., 2018; Stuart-Haëntjens et al., 2018; Zampieri et al., 2019) and in general 
by increasing the frequency, amplitude and duration of extreme events that are detrimental for 
vegetation productivity (Dosio et al., 2018; Naumann et al., 2018; Pokhrel et al., 2021; Toreti et al., 
2019). At the same time, the increase of atmospheric CO2 concentration coming along with global 
warming is expected to bring positive effects in terms of  vegetation photosynthetic rate   i.e. the so 
called ‘CO2 fertilization effect’ (Sage and Kubian, 2007) and water use efficiency (Peters et al., 
2018), although uncertainties remain (e.g. on acclimation) and the positive effects are expected to 
level off at around 600ppm (Bastos et al., 2020; Toreti et al., 2020).  

To better represent the interactions between climate and vegetation primary production, climate 
models recently evolved in a direction that includes a comprehensive dynamical representation of 
the carbon cycle, amongst other development lines (Randall et al., 2019). Since the early 1990s, 
General Circulation Models (GCMs) estimate the solution to three-dimensional differential 
equations of fluid motion and thermodynamics to obtain time and space dependent values for 
temperature, winds and currents, moisture and/or salinity and pressure in the atmosphere and 
ocean (Mitchell et al., 1995; Murphy, 1995; Sausen et al., 1988).  

The importance of an accurate and interactive representation of land surface processes such as 
surface hydrology as well as the role of vegetation in modulating energy and water budgets and 
determining relevant surface variables such as temperature and soil moisture was soon recognized 
(Bonan, 1998; Dickinson et al., 1998). Although the spatial resolution of the GCMs grid could have 
been rather low, it is worth noting that these models accounted for the sub-grid variability of 
vegetation, land-use, water bodies and bare ground using often very generic traits to describe 
vegetation, the so-called Plant Functional Types (PFTs) that divides vegetation in very broad 
climatic (tropical, temperate, boreal), leaf kind (broad and needle) and phenological (deciduous, 
evergreen) classes, C3 and C4 grasses and crops whose spatial distribution was estimated from 
satellite data (Loveland and Belward, 1997). Within a grid, multiple PFTs compete for water and 
nutrients (see references in Table 1).  

The structural evolution of GCMs towards the Earth System Models (ESMs), capable of a 
comprehensive simulation of carbon dynamics and fluxes in the, ocean and land, occurred 
relatively recently (Dahan, 2010; Randall et al., 2019). The land surface component of the ESMs 
include a prognostic representation of the biosphere that is capable to simulate plant physiological 
processes such as canopy and leaf processes determining radiative transfer, photosynthesis (i.e. 
the GPP) as well as evapotranspiration, carbon and nitrogen cycling depending of climate variables 
and CO2 levels for each PFTs (Koven et al., 2013; Lawrence et al., 2019; Riley et al., 2011; 
Thornton et al., 2007). ESMs can estimate vegetation GPP dynamics under different climate 
changes scenarios providing us with the possibility of estimating the possible future gains and 
losses of vegetation GPP resilience. 

A large number of indicators has been proposed to quantitatively measure vegetation resilience 
(De Keersmaecker et al., 2014a; Meyer, 2016; Scheffer et al., 2015). However, most global and 
regional studies estimating the impacts of climate change on vegetation productivity focus on 
stability i.e. the changes in GPP mean and variability due to climate extremes (Dass et al., 2016; 
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Kimball et al., 2009; Verduzco et al., 2018; Williams et al., 2014; Xu et al., 2020). Other studies 
considering future climate projections often focus on the change of mean GPP (Madani et al., 2018; 
Williams et al., 2014). To our knowledge no study focused specifically on GPP resilience changes 
yet. 

In this study, we apply the annual production resilience indicator (Zampieri et al., 2019) to the GPP 
data generated by the new ensemble of Earth System Models simulations (ESMs, publicly 
accessible at https://pcmdi.llnl.gov/CMIP6/) included in the Sixth Coupled Models Intercomparison 
Project (CMIP6, https://www.wcrp-climate.org/wgcm-cmip/wgcm-cmip6) of the Intergovernmental 
Panel on Climate Change (IPCC). The annual production resilience indicator (Rp), defined as the 
squared mean GPP divided by its variance, allows characterizing the resilience of a production 
time-series with a single number (Zampieri et al., 2019). Rp is a simple indicator that offers several 
advantages. It is inversely proportional to the risk of production losses consistently with the 
ecological definition of resilience (Hollings 1973) and in principle with the engineering definition as 
well (Zampieri, 2021). It increases with vegetation diversity (number of species) and it accounts for 
memory effects, i.e., for perturbation recovery timings longer than a season (Zampieri et al., 2020c). 

We quantify the changes in resilience of the GPP production in the near and far future (2021-2050 
and 2051-2100) under three scenarios of socio-economical global changes, corresponding to 
different levels of greenhouse gases emissions and land-use, i.e. the ‘Sustainability’, the ‘Middle of 
the Road’ and the ‘Fossil-fuel Development’ scenarios. The adopted indicator and the involved 
ESMs simulations are described in detail in the Methods section (with additional information on the 
mathematical theory and properties of the resilience indicator provided in the Supplementary 
Material, Appendix A). The global changes in vegetation gross primary production resilience in two 
different periods in the future and according to three different scenarios are presented in the Results 
section, with reference to period 1985-2014, along with biome and country level estimates that are 
mainly provided in the Supplementary Material (Appendix B). Finally, in the Discussion section, the 
results of the study are examined in view of the ambitions of the sustainable development goals 
(SDGs). 

 
Data and Methods 
 
The definitions of resilience considered in this study refer to the ability of a system to absorb 
external stresses maintaining its normal functioning (ecological definition), or to recover quickly 
from shocks (engineering definition) (Holling, 1996, 1973; Pimm, 1984). These definitions are 
conceptually clear but they do not directly provide a practical way to measure resilience (Morecroft 
et al., 2012; Quinlan et al., 2016; Scheffer et al., 2015). In fact, a quantitative estimation of resilience 
requires objective methods to identify and measure the external stresses and shocks (Meyer, 
2016). Also as a result of such indeterminacy, a large number of indicators was proposed to 
measure different aspects of resilience (De Keersmaecker et al., 2014b; Meyer, 2016; Scheffer et 
al., 2015; Srinivasa Rao et al., 2018).  

The vegetation ability to withstand environmental perturbations (i.e. ecological resilience) can be 
assessed from the deviation from the seasonal climatology of vegetation above-ground biomass 
and proxies such as the Normalized Differential Vegetation Index (NDVI) after an environmental 
disturbance (Lloret et al., 2007; Van Ruijven and Berendse, 2010; Vogel et al., 2012). Such 
operation can be conveniently conducted after normalizing the anomalies by the mean 
climatological values, in order to account for the ecosystem’s capacity to change (De 
Keersmaecker et al., 2014b).  

The rate of return to the equilibrium state after a perturbation (i.e. engineering resilience) can be 
measured by the temporal autocorrelation of relevant vegetation variables (Dakos et al., 2012), by 
variance of the frequency spectrum of the anomaly time series (Zaccarelli et al., 2013), or by the 
spectral scaling component is given by the slope of the logarithm of the spectrum upon the 
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logarithm of the reverse frequency (Peng et al., 1995; Telesca et al., 2008). Up to date, none of 
these methods has been used to evaluate vegetation resilience at the global level and in future 
climate scenarios yet. 

The stability of the vegetation time-series can be more easily evaluated by the absolute or 
normalized variance (Pimm, 1984), the latter being known as coefficient of variance. The coefficient 
of variance has been recently used to evaluate the effects of current climate variability on 
vegetation gross primary production (Chen et al., 2019; Fibbi et al., 2019; Xiao et al., 2016).  

A  simple and effective method, still based of a function of the mean and the variance like the 
coefficient of variance, but consistent with the ecological definition of resilience, was recently 
proposed to evaluate the production resilience of natural vegetation (Zampieri et al., 2019) and 
agricultural systems (Zampieri et al., 2020c). This approach is based on two assumptions 
(Zampieri, 2021). For annual production systems such as agriculture or natural ecosystems that 
are sufficiently adapted to the environmental conditions and to the local climate, it is sensible to 
assume that the largest disturbances are rarer compared to the “normal” conditions (assumption 
1) and that the largest disturbances result in larger impacts of the annual production values 
(assumption 2). Under such conditions, the size of the disturbance can be univocally measured by 
its rareness e.g. the return period of production anomalies (T*). It is worth noticing that T* is the 
expected average number of years that pass between production losses of same size i.e. the 
inverse of the frequency (not to be confused with the restoring time to the equilibrium in the 
engineering definition of resilience). The ecological resilience can be then simply measured by 
T*MAX, which is the return period of the largest adverse event that the system can cope with before 
losing completely the production ability (Zampieri et al., 2020c). 

For homogeneous agricultural production systems, T*MAX is proportional to the annual production 
resilience indicator, defined as: 

(1) Rp = µ2 σ-2, 

where µ is the mean and σ is the standard deviation of the annual production (Zampieri et al., 
2020c; Zampieri et al., 2019).  

For heterogenous production systems, Rp is linearly depending on the number of crops having the 
same mean production and variance, if the production fluctuations around the mean value are 
uncorrelated among them, and accounts consistently for different levels of cross-correlations, 
different mean productions and production variances characterizing diversified production systems 
(see Appendix A). In case the annual production resilience indicator is evaluated over a region 
including bare ground, the indicator is sensitive to the vegetated portion only (Zampieri et al., 2019).  

Equation 1 can be easily generalized for non-stationary production systems, where the production 
mean and the standard deviation are not constant during the period spanned by the production 
time-series (Zampieri et al., 2020a). The code for handling the full problem of a diversified and non-
stationary crop production systems is public and freely usable (Zampieri et al., 2020b).  

In this study, RP was computed on a large ensemble of data composed of all the climate change 
simulations for vegetation gross primary production available from all the Earth System Grid 
Federation (ESGF) portals up to 31st December 2019 for both the historical period and the climate 
scenarios, The climate scenarios included the ‘Sustainability (Taking the Green Road)’ (ssp126), 
the ‘Middle of the Road’ (ssp245) and the ‘Fossil-fuel Development (Taking the Highway)’ (ssp585) 
scenarios, and were evaluated considering two periods, 2021-2050 and 2051-2100, representing 
the near and far future periods respectively. The full list of simulations is provided in Table 1, along 
with the detailed reference to the land surface component of the Earth System Models.  
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These land surface models include a simplified representation of the biosphere with prognostic 
vegetation processes such as evapotranspiration, photosynthesis, carbon allocation and growth of 
leaves, stems and roots interacting with near surface meteorological variables such as 
temperature, radiation, wind and CO2 concentration, and soil variables such as moisture, carbon 
and nitrogen (see references in Table 1). Therefore, in the scenarios simulation gross primary 
production (GPP) variability is the result of both bio–geophysical and bio–geochemical processes 
such as soil moisture dynamics and energy budget, permafrost thawing, atmospheric CO2 
fertilization and nitrogen limitation as well as land use changes defined as a function of the different 
future scenarios.    

Differently from the above listed processes, Land-use changes are prescribed and are the same 
for all CMIP6 models (Hurtt et al., 2020). The fraction of natural vegetation changes according to 
the different socio-economic scenarios, but the fraction of PFTs within the grid remains constant 
for most models, so vegetation dynamics (i.e. spatial shifts of vegetation patterns) is not considered 
nor is it the internal structure of the vegetated units in terms of age of the plants’ population, which 
is not explicitly resolved. Despite this limitation, prognostic vegetation models offer a realistic 
representation of the vegetation growth and of relevant variables such as the leaf area index (LAI) 
determining the amount of intercepted radiation, albedo and other parameters affecting the local 
climate as well as the carbon and nitrogen cycling.  

The effects of pests and diseases are not considered, however, some of the models include the 
effects of peculiar abiotic disturbances such as fire (Seo and Kim, 2019). Thus, they can in principle 
account for two type of ecological memory (Johnstone et al., 2016; Ogle et al., 2015), which are 
the PFTs’ adaptive response to the disturbances and the effect of the disturbances on nutrients. 
Memory effects linked to antecedent drought conditions (Liu et al., 2018; van der Molen et al., 2011) 
are well reproduced since soil moisture dynamics and the related physical feedbacks were quite 
well developed already in the GCMs (Seneviratne et al., 2013, 2010), which are the predecessors 
of the ESMs and from which ESMs inherits the representation of abiotic processes.  

In general, ESMs provide a reasonable representation of the GPP response to drought (see 
citations in Table 1), which is, however, largely variable among models (Huang et al., 2016; Knauer 
et al., 2015; Orth et al., 2020). This motivates the use of a large ensemble for a robust assessment 
of GPP changes such as the one used here.  

The annual GPP is derived by summing up monthly GPP outputs for each simulation listed in Table 
1 consistently with the spatial variability of vegetation seasonality (Peano et al., 2019). This 
procedure is especially relevant in the Southern Hemisphere and consists of computing the annual 
GPP using the month with minimum GPP as boundary of the temporal window where the 
summation is performed, which is spatially varying, instead of using a unique time window ranging 
from January to December.  

The spatial resolution of the ESMs is different. Therefore, the annual GPP data of each simulation 
is interpolated on a common 0.5 degrees regular grid with a conservative remapping method 
(Jones, 1999). The simulations’ ensemble mean Rp is computed for each the ESMs and for each 
period and scenario. Finally, the overall median of the RP changes with respect to the historical 
period are computed for each future period and scenario.  

The robustness of the results is assessed by highlighting the areas where at least 75% of the 
models agree on the sign of changes (models’ agreement constraint). We present the results of 
this analysis on global maps and by computing country level aggregates, which we discuss for the 
largest countries and for the countries displaying the largest changes of vegetation resilience (Table 
S3).  

Figures S1, S2 and S3 in Supplementary Material show the ensemble model results for the GPP 
mean, standard deviation and resilience, which can be qualitatively compared with observed 
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estimates of the vegetation resilience based on remote sensing data (Zampieri et al., 2019). Figures 
S4 provide S5 the changes of the mean GPP and in the GPP variability, which can be compared 
with other studies (Dass et al., 2016; Kimball et al., 2009; Madani et al., 2018; Verduzco et al., 
2018; Williams et al., 2014; Xu et al., 2020).  

Distinguishing between changes in the mean and in the variability of GPP as the main drivers of 
changes of vegetation resilience could be useful to plan targeted adaptation strategies. In order to 
do so, the RP change can be approximated by a first order 2D Taylor expansion of equation 1 as a 
function of the changes in the mean and in the standard deviation of the GPP as follows: 

(2) Rp_s = Rp_h + ΔRp, 

where the s stands for “scenario”, the h stands for “historical”, and Δ represents the difference 
between two periods.  

(3) ΔRp ≃ ∂R / ∂µ · Δµ + ∂R / ∂σ · Δσ 

where ∂ is the partial derivative. By computing the derivatives and dividing both members of 
equation 3 by Rp one obtains: 

(4) ΔRp/Rp = 2Δµ/µ - 2Δσ/σ. 

Thus, an indication on the changes induced by the mean and the variability on the resilience may 
be obtained by comparing the projected relative changes of the mean and of the variability, using 
the same weight. Equation 5 provides a normalized indicator of such comparison: 

(5)  (|Δµ/µ| - |Δσ/σ|) / (|Δµ/µ| + |Δσ/σ|),  

which varies from -1 (variability dominates) to +1 (mean dominates), which is useful to assess and 
compare the dominant relative changes in different locations. 
 
 
Results 
 
Future climate projections display significant changes of GPP variability resilience (Fig. 1) 
compared to period 1985-2014. The annual vegetation primary production resilience indicator is 
anticipated to generally increase in the lower emission scenarios (ssp126 and ssp245, Fig. 1 a,b,c, 
and d, respectively). The larger positive changes are expected to occur especially in the snow 
dominated bioclimatic regions (see Table S2). The amplitude and the area covered by these 
changes are comparatively larger in the ssp245 scenario than in the ssp126 scenario and increase 
with time towards the end of the 21st century (Table 2). Positive changes are also estimated for 
Central Africa and the Sahel regions, India and over the Himalayan Plateau. However, regions with 
loss of GPP resilience appear as well, especially in Brazil, China and surrounding countries of 
equatorial America. Under the ssp245 socio-economic scenario, the CMIP6 ESMs project 
resilience losses also in Mexico and the southern part of the US, the Mediterranean region, 
Southern Africa and Australia. This occurs not only in the far future (period 2051-2100, Fig. 1d), 
but also in the near future (period 2021-2050; Fig. 1c). 

- Figure 1 - 

Under the more moderate emission scenarios (ssp126 and ssp245), about one third of land area 
is going to experience an increase of vegetation annual GPP resilience over the period 2021-2050 
(see Table 2). This proportion is slightly lower, about one forth, when considering only the areas 
where 75% of the models agree with the sign of changes. Differently, the area with positive changes 
will cover almost half of the global land area (less than one third when the constraint on models’ 
agreement is introduced) over the period 2051-2100. Regions losing resilience cover a smaller 



 

 

8 

 

percentage of the global area, about 10% under ssp245 in the near future period. The differences 
between the plain estimate and the one constrained on models’ agreement become negligible for 
variations of resilience higher than 15% (Table 2).  

The results for the ssp585 scenario stand out significantly compared to the lower emission 
scenarios. Broad areas with negative change (i.e. loss of vegetation GPP resilience) appear 
already in the period 2021-2050 (Fig. 1e) in the Amazon region, Unites States, South Canada, 
Western Europe, Mediterranean basin, as well as in the Middle east, Central, Western and 
Southern Africa, Southeast Asia and China, and Oceania. Areas with at least 5% loss of vegetation 
GPP resilience are projected to cover approximately one fifth of the global land (12% considering 
models’ agreement); while areas with more than 15% losses are projected to be limited to 3%. 
Positive gains of vegetation GPP resilience in boreal regions are simulated to be more limited with 
respect to the lower emission scenarios. Gains of at least 5% are expected to cover about one 
fourth of the global areas (15% considering models’ agreement); while areas with changes larger 
than 15% are limited to the 6%, similarly to the ssp126 scenario. 

The severity of the projected losses is expected to further exacerbate in the period 2051-2100. In 
the ‘Taking the Highway’ scenario, less and less are the regions expected to experience gains in 
vegetation GPP resilience. These regions are: La Plata basin in Argentina, part of the Sahel region, 
Eastern Africa, Western India, North-western China and some regions along the coast of the Arctic 
Sea. In general, areas gaining at least 5% resilience are simulated to be limited to 14% (8% 
considering model agreement) of global areas, while regions with more than 15% increase of 
vegetation primary production resilience are limited globally to 6% of the land area. The areas 
losing resilience are expected to outbalance those ones increasing resilience and cover 43% (25% 
considering models agreement) of global land area with more than 5% resilience losses. Globally, 
13% of land areas are predicted to lose more than 15 % vegetation primary production resilience.  

- Figure 2 - 

The GPP resilience changes can be driven either by the change in the GPP mean and by the 
changes in the GPP variability due to climate change (see Methods). Positive resilience changes 
in the near future under moderate emission scenarios are often linked to positive changes in the 
mean annual GPP (Fig. 2a,b,c,d,e, S4) connected to overall higher levels of atmospheric CO2 
concentration and to higher mean growing temperature in Boreal Regions. Negative resilience 
changes are generally associated to an increase of interannual variability of GPP (see Fig. S5). 
The areas affected by an increase of variability largely change across the scenarios and reach their 
maximum extent under the scenario ssp585 (Fig. 2e,f, S5e,f).  

- Figure 3 - 

Gain and losses of resilience are quantified at the national level in order to provide country-specific 
information for adaptation options, and possibly to support ambitious mitigation policies. This 
analysis is displayed in Figure 3 for the ten largest countries (and in Table S3 for all World 
countries). Russia is characterized by the widest gains of resilience, which could cover almost 70% 
of the country area in the period 2051-2100 under the ssp245 scenario. The spatial extent of areas 
expected to experience gains is reduced up to about 15% in the near future under the ssp585 
scenario. This tendency continues towards the end of the century, under the ssp585 scenario, 
when also areas with GPP resilience losses start to appear. Canada shows a similar picture, but 
with less optimistic estimation of predicted losses largely outbalancing the gains in the 2051-2100 
period under the ssp585 scenario. The USA and China display similar figures, with gains predicted 
to reach 20% in the low emission scenarios (ssp126 and ssp245) and losses ranging from 10% to 
15% in the ssp585 over the period 2051-2100. Among the largest countries, Brazil is the one 
characterized by the worst projections, with the risk of losing resilience in 50% of its total territory 
under the ssp585 scenario at the end of the 21st Century. It is worth noting that these changes are 
likely to represent an underestimation as the current trend of land-use change (Freitas et al., 2018)  
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is only partially considered in the ESMs (Hurtt et al., 2020). Australia is estimated to undergo 
negligible losses, also because over desert and arid areas resilience changes are proportionally 
small. Nevertheless, Australia will experience comparatively large losses of resilience towards the 
end of the century under the ssp585 scenario. The European Union is characterized by a more 
stable situation with significant positive changes only under the ssp245 scenario over the period 
2051-2100. India shows projections similar to the EU, but with significant areas of vegetation that 
both gain and lose resilience under the high emission scenario at the end of the 21st Century. Large 
positive and negative changes in resilience are also estimated for Argentina under the high 
emission scenario (2051-2100). Whether or not these compensating changes in different area are 
beneficial for the countries’ adaptive capacity could be subject of specific follow-up investigations. 

Results for the remaining World countries (see Table S3) allow identifying severe cases, such as 
losses of resilience higher than 15% over more than 50% of the area under the ssp585 scenario 
over the period 2051-2100 in Gabon, Bhutan, Venezuela, Equatorial Guinea, Malaysia, Peru, 
Guyana, Lebanon, Japan, Congo, Bolivia, Honduras, Zambia, South Korea, Papua Nuova Guinea 
and other 16 countries. Under the same scenario, the list of ‘winner’ countries is much shorter, with 
only Somalia gaining at least 15% resilience over more than 50% of its territory. Countries having 
the largest benefit under the ssp245 scenario at the end of the century are Russia and the ones in 
Northern Europe. Under the ssp126 scenario, the benefits are geographically spread into more 
continents. In both ssp126 and ssp245 scenarios, there are almost no countries experiencing more 
than 15% losses of resilience over 10% of their land. 

 
Discussion and Conclusions 
 
This study explores the linkages between future changes in resilience of global vegetation gross 
primary production (GPP) and the mitigation pathways that society can undertake to conserve and 
restore ecosystems and their services, on which human well-being depends. The analysis 
presented here highlights the world regions where there might be losses of vegetation GPP 
resilience as well as the countries that are subject to the most urgent necessity of improving 
adaptive capacity and resilience to climate-related hazards under different future climate scenarios. 
 
The results of our analysis strongly support the SDG-13 on taking action to combat climate change 
and its impacts. Over anthropized area, our results are relevant for agricultural production, which 
is a main source of employment, livelihood and income for a large portion of population especially 
in developing countries (SDG-1, no poverty) as well as a main food source (SDG-2, no hunger). 
Our results are also relevant for the SDG-15, on the sustainable management of ecosystems and 
halting land degradation and biodiversity loss. Recent studies have looked at the resistance and 
resilience of global vegetation to short-term climate anomalies (De Keersmaecker et al., 2017) and 
ecosystem stability to droughts events (Huang and Xia, 2019; Ivits et al., 2012), and have 
highlighted how the diversity of vegetation composition and biodiversity enhances ecosystem 
stability (Geng et al., 2019) and the resilience of ecosystem productivity to climate extremes (Isbell 
et al., 2015).  Enhancing biodiversity and natural capital in the most threatened areas we identified 
is a necessary action for the conservation and restoration of ecosystems and their services as well 
as to increase their stability, resilience and productivity (Cardinale et al., 2012; IPBES, 2018; Isbell 
et al., 2015). 
 
The presented analysis adopts a recently proposed quantitative measure of resilience for 
agricultural (Zampieri et al., 2020c) and natural vegetation (Zampieri et al., 2019) productivity in 
order to diagnose future changes in the resilience of vegetation GPP) as represented by a large 
ensemble of Earth System Models simulations included in the Sixth Coupled Model 
Intercomparison Project (CMIP6) of the Intergovernmental Panel on Climate Change (IPCC).  
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Our results show large differences in the changes of GPP resilience across the globe, depending 
on greenhouse gases concentration of the projected scenarios. Under low emission scenarios, as 
found in previous studies (Hubau et al., 2020), the CO2 fertilization effect often prevail over the 
negative effect due global warming and to the increase of climate variability. Our results are in 
general agreement with the observed changes in vegetation distribution that are already observed 
especially in boreal regions (Keeling et al., 1996; Myneni et al., 1997). This tendency is expected 
to increase in the future climate scenarios, especially those with higher greenhouse gases and 
radiative forcing increases (Madani et al., 2018; Zampieri and Lionello, 2010; Zhang et al., 2017). 
However, radiation will always be a limiting factor for the vegetation adaptation at very high latitudes 
(Bjorkman et al., 2017; Seddon et al., 2016). 

The main findings point to areas in the mid-latitudes where vegetation resilience is estimated to 
decrease in the higher emission scenarios, such as the Mediterranean, the mid-West in the US, 
Central America, part of China, Southern Africa and Australia. This tendency might compromise 
the stability of agricultural production and the reliability of ecosystem services provided by the 
natural vegetation in these regions, unless sensible adaptation actions are taken. The relevance of 
mitigation is most evident under the higher emission scenarios, where vegetation resilience is 
affected in most land areas and especially in tropical regions, where society is highly dependent 
on ecosystem services and more vulnerable to climatic changes. 

Overall, in the scenario with lower mitigation, the areas losing vegetation resilience are more than 
the ones gaining resilience, jeopardizing the stability of the ecosystems structure (and of the related 
services). Adapting to changes in variability more than to changes in the mean production of 
vegetation will be critical for society and natural ecosystems in areas experiencing vegetation GPP 
resilience losses.  

In comparison to other stability and resilience metrics, the approach adopted here offers some 
advantages. First of all, the annual production resilience indicator is consistent with the ecological 
definition of resilience by Holling (1973) because the particular combination of the mean and the 
variance defining it is proportional to the return period of the largest disturbance that an 
homogeneous system can absorb before losing the annual production (Zampieri et al., 2020c). In 
case the production is diversified, or the system is spatially inhomogeneous, the annual production 
resilience indicator increases with diversity. In particular, it increases linearly with the number of 
species, if their production time-series are uncorrelated among each other. In addition, if a constant 
portion of the area where the vegetation is computed is base ground (zero productivity), the 
indicator automatically adjust itself to estimate the resilience of the vegetated fraction (Zampieri et 
al., 2019). If the system is characterized by recovery timings larger than one year (a growing 
season), the value of the indicator decreases, as expected (Zampieri et al., 2020c).  

However, the annual production resilience indicator has also some limitations. It does not point to 
the drivers determining resilience of GPP and its changes and requires relatively long data time 
series (see Methods and Appendix A). On the first aspect, as shown in this study, distinguishing 
between changes in the mean and in the variability of GPP, which are two components of the 
indicators, can provide additional information on the patterns behind changes. On the second 
aspect, using remote-sensing data, as suggested also in other large-scale studies on ecosystem 
stability (White et al., 2020), or long-term multi-model simulations’ ensembles such as the one 
analysed here are favourable contexts of application.   
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Figure 1. Global changes of annual gross primary production resilience (Rp) computed from an 
ensemble of 16 Earth System Models (ESMs) simulations under ssp126 (panels a and b), ssp245 
(panels c and d), and ssp585 (panels e and f) CMIP6 scenarios in the periods 2021-2050 (panels 
a, c, and e) and 2051-2100 (panels b, d, and f) compared to the period 1985-2014. 
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Figure 2. Ensemble mean share of the two factors triggering changes in the vegetation annual 
production resilience indicator (as from eq. 5, see Methods). Positive values (light and dark blue 
areas) point to changes in the resilience indicator mainly due to changes in the mean GPP. 
Negative values (red and yellow areas) are associated with grid points where the changes in the 
resilience indicator are mainly driven by changes in the GPP variability. 
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Figure 3. Percentages of area with more than 15% annual GPP resilience change for the ten wider 
countries, Russia (RUS), Canada (CAN), the United States of America (USA), China (CHN), Brazil 
(BRA), Australia (AUS), the European Union (EUR), India (IND), Kazakhstan (KAZ), and Argentina 
(ARG). Negative values refer to the percentage of areas with negative GPP resilience changes. 
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Table 1. Earth System Model (ESMs) simulations producing the annual gross primary production 
(GPP) data used in this study; with information on: modules delegated to the representation of 
land surface processes and GPP simulations (and associated reference publications); number of 
simulations available up to 31st December 2019 for the historical period and for ssp126, ssp245 
and ssp585 future scenarios. 

ESM Land Model historical ssp126 ssp245 ssp585 

ACCESS-ESM-5 CABLE w/Carbon cycle (De 
Kauwe et al., 2015) 

1 1 1 1 

CESM2-WACCM CLM5 (Lawrence et al., 2019) 3 1 1 1 

CESM2 CLM5 (Lawrence et al., 2019) 10 2 3 2 

CNRM-CM6-1 ISBA with fixed LAI monthly 
climatology (Garrigues et al., 
2015a, 2015b) 

30 1 6 6 

CNRM-ESM-1 ISBA with interactive LAI 
(Garrigues et al., 2015b, 2015a) 

7 1 5 5 

CanESM5-
CanOE 

CLASS-CTEM (Arora and 
Scinocca, 2016) 

3 3 3 3 

CanESM5 CLASS-CTEM (Arora and 
Scinocca, 2016) 

50 50 50 50 

EC-Earth3-Veg LPJ-GUESS v4 (Forrest et al., 
2018) 

4 3 3 3 

INM-CM4-8 no name (Volodin et al., 2017) 1 1 1 1 

INM-CM5-0 no name5 10 1 1 1 

IPSL-CM6A-LR ORCHIDEE (Chen et al., 2016) 30 1 9 6 

MIROC-ES2L VISIT-e (Ito and Inatomi, 2011) 3 1 1 1 

MPI-ESM1-2-HR JSBACH (Reick et al., 2013) 10 2 2 2 

MPI-ESM2-2-LR JSBACH (Reick et al., 2013) 10 10 10 10 

NorESM2-LM GFDL-LM3.0 (Gerber et al., 2010) 3 1 3 1 

UKEMS1-0-LL JULES (Harper et al., 2016) 19  5 4 5 
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Table 2. Fraction of global land area where the relative resilience indicator (ΔRp/Rp) exceeds 
different thresholds (5%; 10%; 15%; 20%) in the simulation ensemble median. The first estimation 
(third and fourth columns) considers all areas displaying changes larger than the thresholds. A 
second estimate (fifth and sixth columns) is restricted to the areas where at least the 75% of the 
models agree on the sign of changes.  

 Fraction of land area  
with changing resilience 

Fraction of land area  
considering 75% models’ 

agreement   

Period Scenario ΔRp/Rp>5% ΔRp/Rp<5% ΔRp/Rp>5% ΔRp/Rp<5% 

2021-
2050 

ssp126 
ssp245 
ssp585 

31% 
35% 
24% 

2% 
9% 

21% 

25% 
27% 
15% 

1% 
4% 

12% 

2051-
2100 

ssp126 
ssp245 
ssp585 

41% 
48% 
14% 

3% 
8% 

43% 

36% 
27% 
8% 

1% 
4% 

25% 

 ΔRp/Rp>10% ΔRp/Rp<10% ΔRp/Rp>10% ΔRp/Rp<10% 

2021-
2050 

ssp126 
ssp245 
ssp585 

15% 
21% 
12% 

0% 
2% 
8% 

13% 
19% 
9% 

0% 
1% 
6% 

2051-
2100 

ssp126 
ssp245 
ssp585 

27% 
35% 
8% 

0% 
2% 

27% 

26% 
30% 
6% 

0% 
1% 

20% 

  ΔRp/Rp>15% ΔRp/Rp<15% ΔRp/Rp>15% ΔRp/Rp<15% 

2021-
2050 

ssp126 
ssp245 
ssp585 

7% 
12% 
6% 

0% 
0% 
3% 

7% 
11% 
5% 

0% 
0% 
2% 

2051-
2100 

ssp126 
ssp245 
ssp585 

20% 
26% 
5% 

0% 
0% 

13% 

19% 
25% 
4% 

0% 
0% 

12% 

  ΔRp/Rp>20% ΔRp/Rp<20% ΔRp/Rp>20% ΔRp/Rp<20% 

2021-
2050 

ssp126 
ssp245 
ssp585 

3% 
6% 
3% 

0% 
0% 
0% 

3% 
6% 
2% 

0% 
0% 
0% 

2051-
2100 

 

ssp126 
ssp245 
ssp585 

14% 
20% 
3% 

0% 
0% 
6% 

14% 
20% 
2% 

0% 
0% 
5% 
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APPENDIX A: 

Definition and properties of the annual production resilience indicator (Rp) 

 

Assumptions 

This theory focusses on production, which is a main ecosystem function. Other functions and 
features such as the internal structure and the relationships with the environment are not explicitly 
accounted for by the annual production resilience indicator.  

The ecological and engineering definitions of resilience require the identification and the 
measurement of the system perturbations. Assuming that the larger perturbations are rarer 
compared to the smaller ones and that the larger perturbations result in larger production losses 
than the smaller ones, it is possible to quantify the amplitude of different types of perturbations and 
their combinations by a unique unit of measure that is the return period of the production losses 
(T*). For annual production systems, T* is the average number of years (or equivalently the inverse 
frequency) between events producing production losses of a certain amount. 

 

Ecological resilience of homogeneous production systems 1 

This section describes the consistency between the annual production resilience indicator and the 
ecological definition of resilience. Following the Holling’s definition of ecological resilience, we can 
define the annual production resilience as:  

(1) Recol = T*Max, 

where T*Max is the largest pressure that the system can absorb before losing its production, 
measured by the return period of such events. 

Using this definition, it is possible to demonstrate that production resilience can be estimated by 
the annual production resilience indicator: 

(2) Rp = µ2 / σ2, 

where µ is the mean and σ the standard deviation of the production time-series.  

The equivalence between equation 1 and 2 can be demonstrated for production systems that are 
homogeneous in space and time, meaning that the perturbations and the system response are 
spatially constant and that their statistical properties are stationary in time.  

In the case the system production is binomially distributed, i.e., the annual production values are 
either the optimal production P in the years where T*<T*Max or zero in the years T*>T*Max, the mean 
and the variance of the production are: 

(3)  μ = P (1 - ꬵ), and 
(4) σ2 = P2 (1 - ꬵ) ꬵ, 

where f is 1/T*Max, the frequency of the years with zero production, which is assumed to be much 
smaller than the frequency of years with optimal production (adapted system). By combining 
equation 2 with 3 and 4 one obtains: 

(5)  Rp = (1 - ꬵ) / ꬵ ≈ 1 / ꬵ = Recol  Q.E.D. 
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A more general relationship between the annual production resilience indicator (Rp) and the 
ecological resilience can be obtain with a modelling approach allowing the system to lose some of 
the production also for more common perturbations (T*<T*Max), leading to the relationship: 

(6) Rp = α · Recol, 0 < α < 1 

where α decreases the more the system is sensitive to common perturbations and the more the 
system bears the memory of the losses of the previous year, compromising the current year 
production. 

 

Engineering resilience versus ecological resilience 2 

This section describes the consistency between the ecological and engineering definitions of 
resilience for a special case. The engineering definition of resilience refers to the timing that the 
system takes to return to the equilibrium state after a disturbance and to recover its functional 
capacity. 

In case of a linear production system, where the production is cumulated constantly in time and the 
return timing is proportional to the amplitude of the perturbance, it is possible to demonstrate the 
equivalence between the ecological and the engineering definitions of resilience.  

Let Δp be the departure from the potential production (P) recorded at the end of the production 
cycle as a consequence of the perturbation that occurred during the production period. Let dt be 
the restoring time. No production takes place during this time.  

Assuming a linear dependency between the production loss and that rareness of the event, the 
loss of production can be written as  

(7) Δp’ = dp’/dT* · T*, 

where ‘dp’/dT*’ is the derivative of the normalized production anomaly with respect to the amplitude 
of the perturbation. Using the chain rule of the derivative:  

(8) Δp’ = dp’/dt’ · dt’/dT* · T*.  

The first factor of equation 8 (dp’/dt’) represents the derivative of the normalized production loss 
with respect to the normalized recovering time, which, under the linearity assumption, is equal to 
one because if the restoring time takes the entire production season (dt’=1), all the production is 
lost (dp’=1). So, this term can be eliminated by the equation, leading to: 

(9) Δp’ = dt’/dT* · T*.  

The factor dt’/dT* in equations 8 and 9 is the derivative of the normalized recovering time with 
respect to the amplitude of the perturbation, measured by its return period. Thus, it represents the 
dependency of the production system recovering time from the amplitude of the perturbation. This 
term is clearly linkable to the engineering definition of resilience (Rengin):  

(10)  Rengin  = 1 / ( dt’/dT*). 

In fact, according to equation 10, when considering systems that are subject to the same external 
forcing, the more resilient system will be the one that returns more quickly to the normal functioning. 
If Rengin is infinite, the recovering is instantaneous (dt’=0) and there is no loss of production. 

Using equations 9 and 10 and rearranging terms, Rengin can be written as the ratio between the 
return period of the external forcing and the normalized production anomaly:  
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(11)  Rengin = T* / Δp’.  

Evaluating equation (10) for T* = T*MAX and Δp’ = 1, one obtains:   

(12)  Rengin = T*MAX = Recol 

which is the ecological definition of resilience Q.E.D..  

Therefore, the annual production resilience indicator is in principle consistent with the engineering 
definition of resilience as well. However, the assumption of linearity of the production system is 
seldom verified in real production system. This assumption is invoked in this section only and does 
not affect the rest of the theory.   

 

Non-stationary production systems 3 

The annual production resilience indicator (Rp) is not well-defined for time-series where the 
production mean is changing in time, because the mean and the standard deviation are ill-defined 
in the first place. In this case, it is possible to normalize the production time-series by a moving 
average, of by a non-linear fitting algorithm before computing Rp. 

In case the time-series is stationary, this procedure does not change the annual production 
resilience value. In case it is not, it allows to remove the trend accounting for the fluctuations 
proportionally, so that the departures from the mean in the periods with higher production are not 
penalized with respect to those with lower production. 

 

Heterogeneous production systems – Effects of diversity on production resilience 1 

Real production systems are often characterized by some degree of spatial variability of the 
perturbations and of the production response by different species (γ-diversity). The production time-
series recorded from spatially heterogeneous systems can be treated as the linear superposition 
of individual homogeneous production systems. In this case, the effect of diversity on the value 
annual production resilience indicator computed from the total production time-series can be easily 
understood by induction. Let us consider a production system composed of two independent 
production sources. The mean and the variance of this production system are: 

(13)  μTOT = μ1 + μ2, and  
(14)  σ2

TOT = σ2
1 + σ2

2 + 2·Cov1,2 

where Cov is the covariance between the two production time-series.  

If the time-series have same mean and standard deviation and they are not correlated with each 
other, the annual production resilience indicator of the sum is exactly the double of that of the 
individual time-series. In case they are totally correlated, the total production resilience equals that 
of the individual time-series. Whereas, if they are totally anticorrelated, the individual fluctuations 
are exactly balanced between each other, the variance is zero and the total production resilience 
indicator becomes infinite. 

In case there are n uncorrelated time-series with same mean and variance, the annual production 
resilience of their sum is exactly n-times the value of the individual time series and the probability 
of total production loss gets extremely low. This is the reason why total production loss is very 
rarely observed in production time-series recorded over large areas. In case the total production is 
unevenly distributed among the different time series, the time-series with larger production 
contributed proportionally more than the others. In case the time-series are partially 
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correlated/anticorrelated, they contribute less/more to the increase of total production resilience. In 
case there is a component of the system that does not contribute to resilience such as non-
vegetated area within the region under evaluation, this is not contributing to the total production 
resilience and does not change the value of the annual production resilience indictor 4. 

 

Accuracy of the annual production resilience indicator 1 

The accuracy of Rp can be evaluated by Monte-Carlo experiments. For normally distributed time-
series, which often characterize real production systems, the sampling error of the annual 
production resilience indicator is roughly the 30%, if computed on time-series of about 30 numbers. 
Other reference values can be inferred from a look up table. 
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APPENDIX B 

Supplementary Figures and Tables 

 

Figure S1 S2 S3 and the second column of Table S2 can be qualitatively compared to Zampieri et 
al.4, where vegetation production for a similar period (1982-2015 instead of 1985-2014) was 
estimated using the Normalized Differential Vegetation Index (NDVI) measured by remote sensing 
as proxy of the observed gross primary production. It is worth noting that in Zampieri et al. the 
annual NDVI mean was computed from January to December, not considering the shift in growing 
seasons as in the present paper. 
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Figure S4. Global changes of annual gross primary production computed from an ensemble of 16 
Earth System Models (ESMs) simulations under ssp126 (panels a and b), ssp245 (panels c and 
d), and ssp585 (panels e and f) CMIP6 scenarios in the periods 2021-2050 (panels a, c, and e) and 
2051-2100 (panels b, d, and f) compared to the period 1985-2014. 
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Figure S5. Global changes of annual gross primary production standard deviation computed from 
an ensemble of 16 Earth System Models (ESMs) simulations under ssp126 (panels a and b), 
ssp245 (panels c and d), and ssp585 (panels e and f) CMIP6 scenarios in the periods 2021-2050 
(panels a, c, and e) and 2051-2100 (panels b, d, and f) compared to the period 1985-2014. 

 

Table S1: Koppen Climates classification (koeppen-geiger.vu-wien.ac.at) 

Main Climates Precipitation Temperature  

A: equatorial W: desert h: hot arid F: polar frost 

B: arid S: steppe k: cold arid T: polar tundra 

C: warm temperature f: fully humid a: hot summer  

D: snow s: summer dry b: warm summer  

E: polar w: winter dry c: cool summer  

 m: monsoonal d: extremely 
continental 
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Table S2: Fraction of biome areas where the relative resilience indicator (ΔRp/Rp) exceeds the 15% 
in the simulation ensemble median in the Green Road scenario (ssp126) in 2021-2051 (g) and in 
2051-2100 (G), in the Middle of the Road scenario (ssp245) in 2021-2051 (m) and in 2051-2100 
(M) and in the Fossil Fuel scenario (ssp585) in 2021-2051 (f) and in 2051-2100 (F). Plus and minus 
signs refer to positive and negative changes, i.e. ΔRp/Rp > 15% and ΔRp/Rp > 15%, respectively. The 
biome areas are considered according to the Koppen-climates classifications (see Table 1). The 
spatial distribution of Koppen-climates classification has been downloaded from koeppen-
geiger.vu-wien.ac.at 
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Table S3. Fraction of country areas where the relative resilience indicator (ΔRp/Rp) exceeds the 
15% in the simulation ensemble median in the Green Road scenario (ssp126) in 2021-2051 (g) 
and in 2051-2100 (G), in the Middle of the Road scenario (ssp245) in 2021-2051 (m) and in 2051-
2100 (M) and in the Fossil Fuel scenario (ssp585) in 2021-2051 (f) and in 2051-2100 (F). Plus 
and minus signs refer to positive and negative changes, i.e. ΔRp/Rp > 15% and ΔRp/Rp > 15%, 
respectively. 

 

Clim Mean Rp g+ G+ m+ M+ f+ F+ g- G- m- M- f- F- 

Af 491±235 0 0 0 9 2 0 0 1 22 0 1 65 

Am 290±206 0 0 0 6 2 0 0 5 14 0 3 48 

As 132±255 1 2 0 8 5 4 0 0 0 0 0 10 

Aw 154±161 0 3 1 4 4 3 0 1 3 2 2 26 

BWk 5±9 0 1 0 0 11 4 0 0 0 0 0 0 

BWh 3±12 0 0 0 0 1 3 0 0 0 0 0 0 

BSk 21±26 0 0 0 1 3 0 0 0 0 0 0 5 

BSh 26±35 0 5 3 0 6 9 0 0 0 0 0 4 

Cfa 156±134 0 0 0 9 4 2 0 1 5 0 0 16 

Cfb 138±116 1 6 1 11 10 1 0 0 2 0 1 18 

Cfc 120±78 1 11 2 12 11 0 0 0 2 0 0 24 

Csa 29±22 1 2 2 0 2 3 0 0 0 0 3 16 

Csb 75±64 0 0 0 1 1 0 0 0 0 0 0 16 

Csc 62±28 0 0 0 0 9 0 0 0 0 0 0 45 

Cwa 150±102 0 2 0 2 1 1 0 1 6 0 1 34 

Cwb 180±113 0 2 1 10 5 3 0 3 13 0 2 54 

Cwc 160±87 0 0 0 10 0 0 0 0 0 0 0 80 

Dfa 50±45 0 1 0 1 4 0 0 0 0 0 0 2 

Dfb 81±52 3 6 0 17 22 0 0 0 0 0 0 14 

Dfc 51±35 25 40 16 57 77 5 0 0 0 0 0 6 

Dfd 22±13 19 51 40 71 83 30 0 0 0 0 0 0 

Dsa 20±11 0 1 0 0 1 0 0 0 0 0 0 1 

Dsb 42±31 0 0 1 1 2 0 0 0 0 0 1 10 

Dsc 36±24 36 29 10 68 79 0 0 0 0 0 0 2 

Dwa 107±69 0 0 0 4 7 1 0 0 0 0 0 4 

Dwb 115±73 2 1 0 28 21 0 0 0 1 0 0 12 

Dwc 57±32 22 17 1 52 53 0 0 0 0 0 0 12 

Dwd 32±8 8 51 10 89 98 0 0 0 0 0 0 0 

ET 14±30 8 21 15 26 58 18 0 0 0 0 0 2 

EF 0±0 0 0 0 0 0 0 0 0 0 0 0 0 
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ISO3 g+ G+ m+ M+ f+ F+ g- G- m- M- f- F- Country Name 

ARE 0 0 0 0 0 0 0 0 0 0 0 0 United Arab Emirates 

AFG 0 0 0 2 1 0 0 0 0 0 0 0 Afghanistan 

ALB 0 0 0 0 0 0 0 0 0 0 0 0 Albania 

ARM 0 0 0 0 0 0 0 0 0 0 0 8 Armenia 

AGO 0 1 0 4 0 1 0 0 0 0 7 45 Angola 

ATA 0 0 0 0 0 0 0 0 0 0 0 0 Antarctica 

ARG 0 2 0 2 0 5 0 0 0 0 2 9 Argentina 

AUT 3 21 33 36 3 0 0 0 0 0 0 16 Austria 

AUS 0 0 0 0 0 0 0 0 0 1 0 4 Australia 

AZE 0 0 0 0 0 0 0 0 0 0 0 1 Azerbaijan 

BIH 0 0 0 0 0 0 0 0 0 0 0 0 Bosnia and Herzegovina 

BGD 0 0 26 19 0 0 0 0 0 0 0 0 Bangladesh 

BEL 0 0 0 0 0 0 0 0 0 0 0 12 Belgium 

BFA 1 0 21 8 7 36 0 0 0 0 0 0 Burkina Faso 

BGR 0 0 0 0 0 0 0 0 0 0 0 0 Bulgaria 

BDI 0 0 0 0 0 0 0 0 0 0 0 0 Burundi 

BEN 0 3 8 8 3 18 0 0 0 0 0 0 Benin 

BRN 0 0 0 0 0 0 0 0 0 0 0 100 Brunei Darussalam 

BOL 0 0 0 0 0 0 0 13 13 9 11 67 Bolivia 

BRA 0 0 0 0 0 0 1 4 4 6 20 57 Brazil 

BHS 0 0 0 0 0 0 0 0 0 0 0 0 Bahamas 

BTN 0 54 0 8 0 0 0 0 0 0 15 85 Bhutan 

BWA 0 0 0 0 0 0 0 0 0 0 0 0 Botswana 

BLR 0 6 0 9 0 0 0 0 0 0 0 0 Belarus 

BLZ 0 0 0 0 0 0 0 0 0 0 0 0 Belize 

CAN 12 38 25 52 5 4 0 0 0 0 0 15 Canada 

COD 1 23 0 9 0 0 0 0 0 0 20 26 Congo DRC 

CAF 2 12 5 19 1 1 0 0 0 0 0 8 Central African Republic 

COG 2 31 0 4 0 0 0 0 0 0 4 71 Congo 

CHE 0 66 66 78 0 0 0 0 0 0 0 11 Switzerland 

CIV 0 0 5 1 0 1 0 0 0 0 3 2 CÃ´te d'Ivoire 

COK 0 0 0 0 0 0 0 0 0 0 0 0 Cook Islands 

CHL 0 3 0 2 0 0 0 0 0 1 0 29 Chile 

CMR 1 18 1 6 0 3 0 0 0 0 20 44 Cameroon 

CHN 1 11 4 21 1 3 0 0 0 0 4 17 China 

COL 1 19 0 2 0 0 0 0 0 0 10 52 Colombia 

CRI 0 7 0 0 0 0 0 0 0 0 0 53 Costa Rica 

CUB 0 0 0 0 0 0 0 0 0 0 0 0 Cuba 

CPV 0 0 0 0 0 0 0 0 0 0 0 0 Cabo Verde 

CYP 0 0 0 0 0 0 0 0 0 0 0 100 Cyprus 

CZE 0 13 3 40 3 0 0 0 0 0 0 0 Czech Republic 

DEU 0 20 8 26 4 0 0 0 0 0 0 0 Germany 

DJI 0 0 0 0 0 43 0 0 0 0 0 0 Djibouti 

DNK 3 0 58 51 24 0 0 0 0 0 0 0 Denmark 
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DOM 0 0 0 0 0 0 0 0 0 0 0 6 Dominican Republic 

DZA 0 0 0 0 0 0 0 0 0 0 0 1 Algeria 

ECU 0 33 0 2 0 0 0 0 0 0 2 58 Ecuador 

EST 0 7 0 37 0 0 0 0 0 0 0 4 Estonia 

EGY 1 2 2 1 1 1 0 0 0 0 0 0 Egypt 

ERI 0 0 0 0 0 5 0 0 0 0 0 0 Eritrea 

ESP 0 0 0 0 0 0 0 0 0 3 0 17 Spain 

ETH 0 1 7 9 3 22 0 0 0 0 0 0 Ethiopia 

FIN 52 87 53 99 11 0 0 0 0 0 0 0 Finland 

FJI 0 0 0 0 0 0 0 0 0 0 0 0 Fiji 

FLK 0 0 0 0 0 0 0 0 0 0 0 50 Falkland Islands 

FRO 0 0 0 0 0 0 0 0 0 0 0 0 Faroe Islands 

FRA 0 3 1 9 0 0 0 0 0 2 0 12 France 

GAB 5 60 0 0 0 0 0 0 0 0 2 87 Gabon 

GBR 12 38 34 30 0 0 0 0 0 0 0 4 United Kingdom 

GEO 0 0 0 0 0 0 0 0 0 0 0 7 Georgia 

GUF 0 0 0 0 0 0 0 0 0 0 0 15 French Guiana 

GHA 0 0 11 8 0 0 0 0 0 0 0 0 Ghana 

GRL 0 0 1 2 1 1 0 0 0 0 0 0 Greenland 

GMB 0 0 0 0 0 0 0 0 0 0 0 0 Gambia 

GIN 0 1 5 1 0 0 0 0 0 0 0 12 Guinea 

GLP 0 0 0 0 0 0 0 0 0 0 0 0 Guadeloupe 

GNQ 0 89 0 0 0 0 0 0 0 0 0 78 Equatorial Guinea 

GRC 0 0 0 0 0 0 0 0 0 0 0 10 Greece 

SGS 0 0 0 0 0 0 0 0 0 0 0 0 South Georgia and South 
Sandwich Islands 

GTM 0 0 0 0 0 0 0 0 0 0 0 39 Guatemala 

GNB 0 0 0 0 0 0 0 0 0 0 0 0 Guinea-Bissau 

GUY 0 0 0 0 0 0 0 0 0 5 5 76 Guyana 

HND 0 0 0 0 0 0 0 0 0 3 0 67 Honduras 

HRV 0 0 0 0 0 0 0 0 0 0 0 0 Croatia 

HTI 0 0 0 0 0 0 0 0 0 0 0 8 Haiti 

HUN 0 0 0 0 0 0 0 0 0 0 0 0 Hungary 

IDN 0 16 1 4 0 0 0 0 0 1 11 58 Indonesia 

IRL 0 13 31 18 0 0 0 0 0 0 0 5 Ireland 

ISR 0 0 0 0 0 0 0 0 0 0 0 0 Israel 

IND 3 3 8 16 2 7 0 0 0 0 1 6 India 

IRQ 0 0 0 0 0 0 0 0 0 0 2 1 Iraq 

IRN 0 0 0 0 0 0 0 0 0 0 0 0 Iran 

ISL 3 4 58 87 46 7 0 0 0 0 0 0 Iceland 

ITA 0 1 0 1 0 0 0 0 0 0 0 3 Italy 

JAM 0 0 0 0 0 0 0 0 0 0 0 0 Jamaica 
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JOR 0 0 0 0 0 0 0 0 0 0 0 0 Jordan 

JPN 0 90 1 4 0 0 0 0 0 0 8 75 Japan 

KEN 0 0 0 13 1 29 0 0 0 0 0 0 Kenya 

KGZ 0 0 0 19 0 0 0 0 0 0 0 8 Kyrgyzstan 

KHM 0 0 0 0 0 0 0 0 0 0 13 50 Cambodia 

KIR 0 0 0 0 0 0 0 0 0 0 0 0 Kiribati 

COM 0 0 0 0 0 0 0 0 0 0 0 0 Comoros 

PRK 0 15 0 0 0 0 0 0 0 0 8 58 North Korea 

KOR 0 53 0 0 0 0 0 0 0 0 0 64 South Korea 

KWT 0 0 0 0 0 0 0 0 0 0 0 0 Kuwait 

KAZ 0 0 1 4 0 0 0 0 0 0 0 0 Kazakhstan 

LAO 0 0 0 0 0 0 0 0 0 0 19 59 Laos 

LBN 0 0 0 0 0 0 0 0 0 0 0 75 Lebanon 

LKA 0 9 9 59 0 0 0 0 0 0 0 0 Sri Lanka 

LBR 0 6 0 0 0 0 0 0 0 0 10 10 Liberia 

LSO 0 0 0 0 0 0 0 0 0 0 0 58 Lesotho 

LTU 31 36 3 38 0 0 0 0 0 0 0 0 Lithuania 

LUX 0 100 0 100 0 0 0 0 0 0 0 0 Luxembourg 

LVA 0 6 0 66 0 0 0 0 0 0 0 0 Latvia 

LBY 0 0 0 0 0 0 0 0 0 0 0 0 Libya 

MAR 0 0 0 0 0 0 0 0 0 5 0 17 Morocco 

MDA 0 0 0 0 0 0 0 0 0 0 0 0 Moldova 

MNE 0 0 0 0 0 0 0 0 0 0 0 0 Montenegro 

MDG 2 0 0 0 0 0 0 0 0 12 14 55 Madagascar 

MKD 0 0 0 0 0 0 0 0 0 0 0 0 The Former Yugoslav Republic of 
Macedonia 

MLI 0 0 6 4 1 2 0 0 0 0 0 1 Mali 

MMR 0 2 0 0 0 0 0 0 0 1 7 38 Myanmar 

MNG 0 2 0 5 0 1 0 0 0 0 0 2 Mongolia 

MRT 0 0 0 2 0 0 0 0 0 0 0 0 Mauritania 

MUS 0 0 0 0 0 0 0 0 0 0 0 0 Mauritius 

MWI 0 0 0 0 0 0 0 0 0 0 0 39 Malawi 

MEX 0 0 0 0 0 0 0 0 0 0 1 14 Mexico 

MYS 0 20 1 1 0 0 0 0 0 0 7 77 Malaysia 

MOZ 0 0 0 0 0 0 0 0 0 0 1 19 Mozambique 

NAM 0 0 0 0 0 0 0 0 0 0 0 1 Namibia 

NCL 0 0 0 0 0 0 0 0 0 0 0 0 New Caledonia 

NER 0 0 11 8 13 22 0 0 0 0 0 0 Niger 

NGA 2 1 24 11 16 34 0 0 0 0 0 0 Nigeria 

NIC 0 0 0 0 0 0 0 0 0 4 0 59 Nicaragua 

NLD 0 0 0 0 0 0 0 0 0 0 0 0 Netherlands 

NOR 14 38 70 73 10 0 0 0 0 0 0 14 Norway 
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NPL 0 19 2 4 0 0 0 0 0 0 0 19 Nepal 

NZL 2 21 0 7 0 0 0 0 0 0 0 32 New Zealand 

OMN 0 0 0 0 0 0 0 0 0 0 0 0 Oman 

PAN 0 4 0 4 0 0 0 0 0 0 0 25 Panama 

PER 0 9 0 2 0 0 0 0 0 0 33 76 Peru 

PYF 0 0 0 0 0 0 0 0 0 0 0 0 French Polynesia 

PNG 0 8 0 2 0 0 0 0 0 0 19 62 Papua New Guinea 

PHL 0 0 0 0 0 0 0 0 0 0 15 59 Philippines 

PAK 0 1 0 5 2 3 0 0 0 0 0 0 Pakistan 

POL 0 2 0 0 0 0 0 0 0 0 0 0 Poland 

PRI 0 0 0 0 0 0 0 0 0 0 0 0 Puerto Rico 

PSE 0 0 0 0 0 0 0 0 0 0 0 0 Palestinian Territory 

PRT 0 0 0 0 0 0 0 0 0 2 0 31 Portugal 

PRY 0 1 0 0 0 2 0 1 1 6 4 1 Paraguay 

QAT 0 0 0 0 0 0 0 0 0 0 0 0 Qatar 

REU 0 0 0 0 0 0 0 0 0 0 0 0 RÃ©union 

ROU 0 0 0 0 0 0 0 0 0 1 0 1 Romania 

SRB 0 0 0 0 0 0 0 0 0 0 0 0 Serbia 

RUS 22 51 31 68 16 7 0 0 0 0 0 3 Russian Federation 

RWA 0 40 0 0 0 0 0 0 0 0 0 0 Rwanda 

SAU 0 0 0 0 0 0 0 0 0 0 0 0 Saudi Arabia 

SLB 0 0 0 0 0 0 0 0 0 0 0 20 Solomon Islands 

SDN 0 0 4 3 1 7 0 0 0 0 0 0 Sudan 

SWE 19 60 55 83 11 0 0 0 0 0 0 4 Sweden 

SVN 0 0 0 0 0 0 0 0 0 0 0 0 Slovenia 

SJM 0 0 0 0 0 1 0 0 0 0 0 0 Jan Mayen 

SVK 0 0 0 0 0 0 0 0 0 0 0 0 Slovakia 

SLE 12 24 8 0 0 0 0 0 0 0 0 12 Sierra Leone 

SEN 0 0 0 0 0 0 0 0 0 0 0 10 Senegal 

SOM 0 0 0 31 0 66 0 0 0 0 0 0 Somalia 

SUR 0 0 0 0 0 0 0 0 0 0 0 43 Suriname 

SSD 1 0 5 10 2 0 0 0 0 0 0 1 South Sudan 

STP 0 0 0 0 0 0 0 0 0 0 0 0 Sao Tome and Principe 

SLV 0 0 0 0 0 0 0 0 0 0 0 100 El Salvador 

SYR 0 0 0 0 0 0 0 0 0 1 0 3 Syria 

SWZ 0 0 0 0 0 0 0 0 0 0 0 0 Swaziland 

TCD 2 0 14 10 8 12 0 0 0 0 0 0 Chad 

ATF 0 0 0 0 0 0 0 0 0 0 0 0 French Southern Territories 

TGO 0 6 22 22 6 0 0 0 0 0 0 0 Togo 

THA 0 0 1 1 0 0 0 0 0 0 2 3 Thailand 

TJK 0 0 0 2 0 0 0 0 0 0 0 2 Tajikistan 
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TLS 0 0 0 0 0 0 0 0 0 0 0 0 Timor-Leste 

TKM 0 0 0 0 0 0 0 0 0 0 0 0 Turkmenistan 

TUN 0 0 0 0 0 0 0 0 0 0 0 12 Tunisia 

TUR 0 0 0 1 0 0 0 0 0 2 0 15 Turkey 

TTO 0 0 0 0 0 0 0 0 0 0 0 100 Trinidad and Tobago 

TZA 0 1 0 13 2 25 0 0 0 0 5 2 Tanzania 

UKR 0 0 0 0 0 0 0 0 0 0 0 1 Ukraine 

UGA 0 2 0 20 2 22 0 0 0 0 0 0 Uganda 

USA 8 17 9 21 5 1 0 0 0 0 0 11 United States 

URY 0 0 0 1 0 0 0 0 0 0 0 0 Uruguay 

UZB 0 0 0 0 0 0 0 0 0 0 0 1 Uzbekistan 

VCT 0 0 0 0 0 0 0 0 0 0 0 0 Saint Vincent and the Grenadines 

VEN 0 0 0 0 0 0 0 0 0 0 12 80 Venezuela 

VIR 0 0 0 0 0 0 0 0 0 0 0 0 US Virgin Islands 

VNM 0 0 0 0 0 0 0 0 0 0 11 46 Vietnam 

VUT 0 0 0 0 0 0 0 0 0 0 0 0 Vanuatu 

WS
M 

0 0 0 0 0 0 0 0 0 0 0 0 Samoa 

YEM 0 0 0 0 0 0 0 0 0 0 0 0 Yemen 

ZAF 0 0 0 0 0 0 0 0 0 1 1 12 South Africa 

ZMB 0 0 0 0 0 0 0 0 0 2 4 66 Zambia 

ZWE 0 0 0 0 1 0 0 0 0 0 0 1 Zimbabwe 


