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Climate change is expected to impact the functioning of the entire
Earth system. However, detecting changes in ecosystem dynamics
and attributing such change to anthropogenic climate change has
proved difficult. Here we analyse the vegetation dynamics of 100 sites
representative of the diversity of terrestrial ecosystem types using
remote-sensing data spanning the past 40 years and a dynamic model
of plant growth, forced by climate reanalysis data. We detect a change

in vegetation activity for all ecosystem types and find these changes can
be attributed to trends in climate-system parameters. Ecosystemsin dry
and warm locations responded primarily to changes in soil moisture,
whereas ecosystems in cooler locations responded primarily to changes
intemperature. We find that the effects of CO, fertilization on vegetation

are limited, potentially due to masking by other environmental drivers.
Observed trend switching is widespread and dominated by shifts from
greening to browning, suggesting many of the ecosystems studied are
accumulating less carbon. Our study reveals a clear fingerprint of
climate change in the change exhibited by terrestrial ecosystems over

recentdecades.

Climate change is impacting the structure and functioning of terres-
trial ecosystems'¢. Detecting this change and attributing it to climate
changeisamajor research challenge in Earth systems science’. Detec-
tionis difficult because signalsin the data can be diluted by the stochas-
ticity inherentin the system, the shortlength of available time series,
errors in the observation process and the often overriding effect of
land-use change. Attributionis difficult because ecosystem dynamics
canbe nonlinear and asynchronous and the dynamics are co-limited by
environmental drivers that are often highly correlated withone another.
For example, biomass increases that are expected as a consequence
of enhanced carbon assimilation by elevated atmospheric CO, con-
centrations may be constrained by water and nutrient availability®™.
These difficulties mean that convincing detection and attribution of
climate change impacts on ecosystemsis limited to asmall number of
well-studied systems’.

The most convincing evidence to date for attributing changes in
ecosystems to climate change comes from the high latitudes where
temperatures areincreasing from the lower thermal limits of multiple

ecological processes”. In such examples, the case for attribution has
been constructed from experimental, modelling and observational
lines of evidence derived from multiple studies. Yet it hasemerged that
eveninthese high-latitude ecosystems, where there is convincing evi-
dencefor change, notallinstances of these ecosystems have changed
in the same way” ™. Some cases exhibited greening (an increase
in vegetation activity), others browning (a decrease in vegetation
activity), and for yet others, the initially reported trends had to be
revised as the observation window has expanded intime and space'®** ",
This suggests that robust detection and attribution require longer
time series and assessments at multiple instances of each of the world’s
major ecosystem types.

Earth observation satellite programmes provide multi-decade
time series of vegetation activity and allow the monitoring of many
sites. Previous studies have used Earth observation data to detect
change in vegetation activity across the entire land surface and
identified that vegetation change is to some extent sensitive to
climate-system parameters'®>*, However, such complete analyses of
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theland surfaceinclude pervasive land-use impacts in the data**, which
may confound climate change and land use as drivers of vegetation
change. Interpretationis further complicated by the fact that previous
studies used model-based interpretations of the radiometric data col-
lected by satellites such as net primary productivity (NPP'®?"%), gross
primary productivity (GPP?**) and leaf area index (LAI*).

Astate-space method for detection and attribution

Deepening our understanding of how ecosystems respond to climate
changerequires arobustdetection and attribution methodology that
addresses the problems highlighted in the previous paragraphs. In this
study, we develop and apply anew method for detecting and attribut-
ing climate change impacts on terrestrial ecosystems that addresses
confounding effects of land-use change, biases associated with short
time series, limitations of correlative methods and ambiguities with
interpreting NPP, GPP and LAl modelled from satellite-derived data. We
detect change using high-quality, long-term remotely sensed normal-
ized difference vegetationindex (NDVI) and enhanced vegetationindex
(EVI) time series. NDVIand EVIdata products are sensitive indicators of
leafareaand chlorophyll content, and unlike NPP, GPP and LAl products,
they are based purely on the radiometrically and geometrically cor-
rected measurements made by satellites. The NDVItime series we use
spans 1981-2015 and was derived from the Advanced Very High Reso-
lution Radiometer (AVHRR) satellite programme as part of the Global
Inventory Modeling and Mapping Studies (GIMMS) project®”. The
EVIdataset we use spans 2000-2019 and is aproduct of the Moderate
Resolution Imaging Spectroradiometer (MODIS) programme?. GIMMS
NDVIprovidesalongerrecord, while MODIS EVI offers the opportunity
to use a vegetation index that does not saturate at high chlorophyll
situations and is less sensitive to atmospheric and soil contamination®,

To avoid the confounding effects of direct human impacts on
vegetation, we carefully selected 100 sites, distributed across the major
ecosystems of the world, where direct land-use impacts are absent
(Methods). We considered only grid cells (the GIMMS NDVI grid cells
arel/12°insize, -9 km) that show no signs of anthropogenicland trans-
formation in the observation period. We further included only sites
wherethe vegetationis relatively homogeneous withinthe grid cell. The
MODIS EVI data were resampled to the GIMMS NDVI grid (Methods).
Our final sample is stratified to include at least five examples of each
of the major ecosystems of the world. These criteria yielded a total of
100sites (Extended DataFigs.2 and 3) covering tropical evergreen for-
est (RF, n=16), boreal forest (BF, n=10), temperate forest (TF, n=12),
savannah (SA, n=18), shrubland (SH, n =16), grassland (GR, n=14),
tundra (TU, n=9) and Mediterranean-type ecosystems (MT, n=35).

Ateachsite, we attributed the detected vegetation index change
to climate-system parameters (soil temperature, air temperature,
soil moisture, solar radiation, atmospheric CO, concentration) by
using a process-based model of plant growth?>*° forced by weekly
climate-system data. The plant growth model allows us to interpret
how temporal variationin satellite observations of vegetationindices
relate to variation in climate-system parameters®"**. A state-space
modelling framework® is used to estimate the parameters of the growth
model from the vegetation index time series. The state-space analysis
assumes that the remotely sensed NDVIor EVI observations arise from
anunobserved underlying dynamic process thatisrepresented by the
plant growth model (Methods). The analysis furthermore treats pro-
cess and observation uncertainty separately, allowing us to account
for how observation uncertainty related to cloud and snow cover>'®"
structures uncertainty in the analysis.

The process model we use” simulates asingle plant that represents
avirtual phytometer exposed to different environmental conditions; it
therefore differs from the Dynamic Global Vegetation Models* used in
Earth system model attribution studies*****. The simulations focus on
modelling the plant’s carbon and nitrogen assimilation and, in a sepa-
rate process, how these assimilates influence growth?. Assimilation

and growth processes in the model are co-limited by combinations
of air and soil temperature, soil moisture, solar radiation and atmos-
pheric C0,>** (Methods). The model’s structure thereby represents
a hypothesis of how environmental factors co-limit the growth
of aphytometer.

The first step in our analysis is to use the state-space approach to
estimate the model parameters for each vegetation index time series
(Fig. 1a). We then use time-series decomposition methods to identify
anomaliesinthe vegetationindices (Fig. 1b) and to generate detrended
time series of the climate-system forcing data (air and soil temperature,
soil moisture, solar radiation, atmospheric CO,; Methods). The fitted
modelisthenused with the fulland detrended climate datato predict
the observed anomaliesinthe vegetationindices. To attribute vegeta-
tiontrendsto trendsin the climate-system data, we use the slope of the
regression (withintercept 0) between observed and modelled anoma-
lies (Fig. 1c). Attributionis diagnosed if the slope of this regression from
model runs forced by the full climate data (red line in Fig. 1¢) is positive
and clearly higher (no overlap in the credible intervals of the slopes;
Extended DataFigs. 9aand 10a) than the regression slope frommodel
runs forced by climate data with trends removed (blue line in Fig. 1c).
That s, attribution is diagnosed if trends in climate-system variables
statistically enhance the ability to predict the observed anomalies in
the vegetation indices. For cases where attribution is supported, we
estimate therelativeimportance of trends in each climate-system vari-
able in explaining the anomalies. This was achieved by assessing the
change in regression slope induced by separately removing trends in
each climate-system variable (Fig.1d). The same analyses were repeated
using the EVItime series (Extended Data Figs. 4, 9b and 10b).

Widespread shifts from greening to browning

The anomaly trends observed in the satellite vegetation indices
revealed qualitatively different patterns wheninterpreted using trend
analyses. To quantify these different patterns, we used both quad-
ratic polynomials and a bent-cable piecewise linear regression. Both
approaches allow one to test whether there is along-term trend and
whether there has been ashiftinthislong-term trend. We classified the
response trends as being (1) hat shaped where trends in the vegetation
indices increased at first (‘greening’) but later declined (‘browning’),
(2) cupshaped where trends decreased initially and later increased or
(3) linear where no change in the sign of the trend was detected. The
majority of sites illustrated hat-shaped trends, fewer sites illustrated
cup-shaped trends and only aminority of sitesillustrated linear trends
(Fig. 2 and Extended Data Fig. 5). In the analyses that used the shorter
EVItimeseries, the cup-shaped trends were more common thaninthe
analyses that used NDVI data (Extended Data Fig. 5). In the NDVI data,
overall increasing and decreasing vegetation greenness trends were
almost equally distributed, while in the EVI data, more sites revealed
increasing trends. Analysing these trends for the common (15 yr) time
window for which both data products are available revealed similar
distributions although the EVI data revealed more increasing trends
thanthe NDVIdata (Extended DataFig. 6). Despite uncertainty associ-
ated with vegetationindex datasets and time-series window (1982-2015
or 2000-2019), both analyses agreed that nonlinearity dominated
and that greening trends switching to browning trends was the most
common pattern in the data.

The dominance of shifts from greening to browning trends in
vegetation activity detected here contradicts the predominance
of positive trends previously reported?’ but is supported by stud-
ies that have shown negative NDVI and EVI trends*®. Hat-shaped
trend switching has been reported in high-latitude ecosystems
where initial greening trends attributed to warming have now been
replaced by browning trends attributed to seasonal water deficits'®™.
Positive to negative trend switching has alsobeen reportedin Amazo-
nian forests, and predictions are that African tropical forests will follow
suit®®. Switching of the kind observed here is in all likelihood driven
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Fig.1/NDVI time-series analysis of vegetation activity for asavannahsitein
the Burkina Faso National Park. a, GIMMS NDVI time series of vegetation activity
(Data) and the process model’s (Model) fit to these data for a savannahsitein the
Burkina Faso National Park. The blue shaded envelope shows the 95% credible
intervals around the mean model predictions, whichincludes parameter, process
and observation uncertainty. b, Anomaliesin the NDVI data (blue bars) and the
fitof abent-cable regression to these anomalies. The shaded envelope shows the
95% credible intervals of the bent-cable regression predictions. ¢, Zero-intercept

Model NDVI anomaly Change in slope

regression showing the model’s ability to predict observed anomalies, with full and
detrended climate-forcing data. Shaded envelopes show the 95% credible intervals
ofthe meanregression line. d, Posterior density of the change in the full model’s
regression slope (as shown in ¢) caused by removing trends in a climate-forcing
variable from the full model; in this example, the ability to predict anomalies was
sensitive to soil-moisture (M,;) and soil-temperature (7,,;) anomalies. Extended
Data Fig. 4 shows an analogous plot using MODIS EVl data. T, air temperature;
Srad, solar radiation; CO2, atmospheric CO, concentration.
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Fig.2|Distribution of NDVIanomaly response types when using bent-cable
regression. The frequency of cup-shaped (initial decrease, subsequentincrease),
hat-shaped (initial increase, subsequent decrease) and linear time trends in

the anomalies in NDVI vegetation activity. The number of anomaly trends

that showed an overallincrease or decrease over the time series isindicated

by different colours. Overall increases or decreases less than 2% in NDVI were
classified as small. The response types were classified from bent-cable regression
models fitted to the anomaly data from each site (for example, Fig. 1b). Similar
results were found when using a polynomial regression model and EVI data
(Extended DataFig. 5).

by interactions between climate-system drivers and internal ecosys-
tem dynamics®, which makes the prediction of future trends highly
context dependent.

Attribution of vegetation activity change

In80 (NDVIdata) or 75 (EVIdata) of the 100 study sites, the model was
abletoexplainvariationin the observed trendsinthe vegetationindices
and attribute thisto trendsin the climate-forcing data (Extended Data
Fig.9). This demonstrates a clear fingerprint of climate change onthe
activity of the world’s ecosystems. A classification of sites according
totherelativeimportance of climate-system variables driving vegeta-
tion anomalies yielded two groups that were qualitatively consistent
betweenthe NDVIand EVIanalyses (Fig. 3 and Extended DataFig.7).In
the first group, moisture was the dominant factor explaining anomalies
in the vegetation data; this group consisted primarily of grassland,
savannah and shrubland sites. In the second group, vegetation index
anomalies were explained by acombination of factors, with tempera-
ture often playing acentral role; this group consisted primarily of boreal
forest, temperate forest and tundrasites. It is notable that trends in CO,
and solar radiation seldom had a dominant influence on the model’s
ability to predict the observed anomalies in the vegetation indices
(Fig. 3 and Extended Data Fig. 7). The lack of evidence for dominating
CO, effects contradicts a previous study of LA but is consistent with
analyses that conclude that CO, enrichment effects on vegetation bio-
mass are conditional on nutrient and water supply®", mycorrhiza® and
successional stage” and with studies that suggest that CO, enrichment
effects on GPP and biomass accumulation may be weakening as global
warming progresses'*'%*%,

Which environmental factors dominated the anomaly response
was clearly structuredin climate space. A discriminant analysis revealed
thatthe major groupsinFig.3 and Extended DataFig. 7 canbe separated
using mean annual temperature and mean annual soil moisture (Fig. 4a
and Extended Data Fig. 8a). Sites where anomalies in vegetation indices
were attributed to anomalies in soil moisture were located in warm and
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Fig.3|Sensitivity of NDVI vegetation anomalies to climate anomalies. The
sensitivity is quantified as the effect of each of five forcing factors (T, T.o,

M,,;, Srad and CO,) on the slope, describing the ability of the model to predict
anomalies in the NDVI vegetation activity time series (compare Fig. 1). The slope
of the full model is represented by the red colour ramp. Shown in the matrix are
the 80 of 100 sites where anomalies in vegetation activity could be attributed to
the environmental-forcing factors. The coloured circles indicate the response

groups the sites are assigned to by an unsupervised classification of the sites
by the effects of the five forcing factors on the slope. The site codes indicate
ecosystem type (BF =boreal forest, GR = grassland, MT = Mediterranean-type
ecosystems, RF =tropical evergreen forest, SA =savanna, SH = shrubland,

TF =temperate forest, TU =tundra.), ISO 3166-1alpha-3 country codes and
auniquesite identifier code. See Extended Data Fig. 7 for the same analysis
using EVIdata.

dry locations. Sites where a mixture of factors, often dominated by
temperature, explained anomalies in vegetationindices were centred
in cooler and moister locations. The 20 (NDVI data) and 25 (EVI data)
siteswhere anomaliesin the forcing data could not explain vegetation
index anomalies were centred in warmer and moister locations (sites
labelled O in Fig. 4 and Extended Data Fig. 8); indeed, the majority of
tropical rainforest sites were in this group.

In general, these findings are consistent with fundamental eco-
logical premises that warm and dry ecosystems are water limited and
that cooler ecosystems are more likely to be temperature limited.
What is perhaps unexpected was that changes in vegetation indices
in ecosystems in warm and moist locations could not be attributed to
changesinathird factor, such asatmospheric CO,. However, we would
also expect our method to have lower statistical power inenvironments
with low seasonal and interannual variation in vegetation activity
simply because these situations yield vegetation index time series
with lower information content. This is particularly true for the NDVI
analysis since NDVI is known to saturate at the LAls typical of tropical
forests. Furthermore, moist tropical regions are often phosphorus lim-
ited*°, which may constrain the ability of such ecosystems to respond
toelevated CO, (ref.’).

Theshape of the vegetation response and whether the responseis
increasing or decreasing over time (as summarized in Fig. 2) were not
clearly structured in environmental space (Fig. 4 and Extended Data
Fig. 8). The complexity in these patterns is consistent with modelling
studies that predicted that transitions in ecosystem behaviour will
occur at different points in time for different geographic locations”
and with remote-sensing and field studies that have reported both
increasing and decreasing vegetation responses within regions and
observation time windows™*'*"35,

Co-limiting drivers of change

Overall, we have detected change in indices of vegetation activity
in all terrestrial ecosystem types, and in the majority of cases stud-
ied (80% for the NDVI analysis and 75% for the EVI analysis) we were
able to attribute observed changes in vegetation indices to trends in
climate-systemvariables. Temperature and moisture trends explained
most of the variation, whereas increasing CO, and changes in surface
solar radiation were seldom important. The apparent insensitivity
of vegetation to CO, is due to co-limitation processes in the growth
model that allow the model to accommodate no increases in plant
biomass despite increasing potential carbon assimilation caused by
increasing atmospheric CO,. For example, in the model, elevated CO,

allows for higher potential rates of carbon assimilation, but decreases
in soil moisture can prevent this potential carbon assimilation from
beingrealized. Inaddition, the model canrepresent that higher carbon
assimilation will not lead to enhanced growth aslong as one of nitrogen,
temperature and soil moisture is limiting. Analogous co-limitation
pathways allow the model to simulate situationsin high latitudes where
increasing temperatures promote growth, yetincreasing water deficits
retard growth*,

The dominance of hat-shaped responsesin the vegetationindices
analysed here suggests that terrestrial ecosystems, which have beena
valuable carbon sinkin recent decades®, may sequester less carbonin
coming decades'>'®****, However, NDVIand EVI provide an incomplete
picture of ecosystem carbon sequestration®’. This is because NDVI
and EVI, although sensitive to changes in the fraction of photosyn-
thetically activeradiation thatis absorbed by leaves, are less sensitive
to how efficiently this fraction is translated into assimilated carbon
(light use efficiency (LUE))*. It follows that both the NDVI and EVI
datamay poorlyrepresent changesin LUE, whichis knowntoincrease
with elevated CO,*. Plants that invest the spoils of increased LUE in
root growth, defence, mutualisms or reproduction may therefore
go undetected in our analysis. This incomplete picture of vegetation
carbon dynamics could be improved by considering additional data
sources. For example, satellite-based observations of chlorophyll
fluorescence provide new opportunities for estimating LUE**, allow-
ing the separation of carbon assimilation from leaf area dynamics*’.
The state-space model used here could be expanded to simultane-
ously model afraction of absorbed photosynthetically active radiation
index (EVIor NDVI) from the process model’s biomass and a LUE index
(for example, solar-induced fluorescence) from the model’s carbon
assimilation. This would further constrain the model’s parameter
estimates and allow attribution of both biomass and GPP trends to
climate-system variables.

Dealing with climate change is at minimum a three-step process:
detection, attribution and adaptation/mitigation. We haveiillustrated
a generally applicable method for detection and attribution of cli-
mate change impacts on the world’s major terrestrial ecosystems.
In this study, we detected that many ecosystems are on hat-shaped
trajectories, where initial greening trends have switched to browning
trends, suggesting that the majority of the ecosystems studied here
may be accumulating less leaf biomass and potentially less carbon
thanthey did previously. The detection and attribution methodology
may help adaptation and mitigation strategists better understand
the trajectories that ecosystems are on. In particular, our analyses
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Fig. 4| Ecosystem sensitivity classes in relation to climate. a, The distribution
of attribution classes (Fig. 3) in bivariate temperature and moisture climate
space. Points represent the locations of the 100 study sites in climate space.
Attribution classes are the two major groups classified in Fig. 3. Sites labelled

0 are sites excluded from Fig. 3 because the model could not explain observed
anomalies. The colours of the sites labelled 1and 2 correspond to the groups
classified in Fig. 3. The ellipses represent the fitted covariance estimates of

the classes as estimated by discriminant analysis based on Gaussian finite

mixture modelling. b,c, The shape (b) and direction (c) of the anomaly response
(asdefined in Fig. 2) plotted in bivariate climate space. The mean annual
temperature and mean annual soil moisture were calculated over the study
period using the ERAS-Land reanalysis data (European Centre for Medium-Range
Weather Forecasts Reanalysis v. 5). d-f, The points in panels a (d), b (e) and c (f)
plotted in geographic space. See Extended Data Fig. 8 for the same analysis

using EVIdata.
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revealed geographic coherence as to which environmental drivers are
driving change, which may help the design of ecosystem restoration
programmes.

Online content

Any methods, additional references, Nature Portfolio reporting sum-
maries, source data, extended data, supplementary information,
acknowledgements, peer review information; details of author con-
tributions and competing interests; and statements of data and code
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Methods

Plant growth model without environmental forcing

The model without environmental forcing closely follows the original
description of the Thornley transportresistance (TTR) model®’. Asum-
mary of the model parameters is provided in Supplementary Table 2.
The shoot and root mass pools (MS and MR, in kg structural dry matter)
change as afunction of growth and loss (equations (1) and (2)). The litter
(k,) and maintenance respiration (r) lossrates (inkg kg™ d ') are treated
as constants. In the original model description® r= 0. The parameter
K, (units kg) describes how loss varies with mass (MS or MR). Growth
(G,and G,, inkg d ™) varies as a function of the carbon and nitrogen con-
centrations (equations (3) and (4)). CS, CR, NS and NR are the amounts
(kg) of carbon and nitrogenin the roots and shoots. These assumptions
yield the following equations for shoot and root dry matter,

MS[¢ + 1] = MS[f] + Gs[f] - (hﬂw o
ms[e]
MRt + 1] = MR[¢] + Gglt] — w o
MR[]
where Ggand G are
CSx NS
Gs=8—Ns ?3)
CR x NR
Cr=8—\R )

and gis the growth coefficient (inkg kg™ d™).

Carbon uptake U, is determined by the net photosynthetic rate
(a,inkg kg™ d™) and the shoot mass (equation (5)). Similarly, nitrogen
uptake (Uy) is determined by the nitrogen uptake rate (b, inkg kg™ d™?)
and the root mass. The parameter K, (units kg) forces both photosyn-
thesis and nitrogen uptake to be asymptotic with mass. The second
terms in the denominators of equations (5) and (6) model product
inhibitions of carbon and nitrogen uptake, respectively; that is, the
parametersj and/y (in kg kg™) mimic the inhibition of source activity
when substrate concentrations are high,

Un = aMs ’ 5)
L))
U= OMR ©)

(1+ 3 (1+ )
K» MRx/y

The substrate transport fluxes of Cand N (r.and 7y, in kg d*) between
roots and shoots are determined by the concentration gradients
between root and shoot and by the resistances. In the original model
description®, these resistances are defined flexibly, but we simplify
and assume that they scale linearly with plant mass,

_MSxMR(CS CR) @

€= MS+MR \MS ~ MR

_MSxMR(NR NS) ®)

N=Ms+MR\MR ~ MS

The changesin mass of carbon and nitrogeninthe roots and shoots
arethen

CS[¢ +1] = CS[e] + Uclt] - feGolt] - 1c[1] ©)

CR[t + 1] = CR[¢] + Tc[t] - fGile] 10)
NS[¢ + 1] = NS[t] + Tn[t] — fNGslE] (11)
NR[t + 1] = NR[f] + Uy[t] - WG/ [£] — T[] 12)

where f; and f (in kg kg™) are the fractions of structural carbon and
nitrogenin dry matter.

Adding environmental forcing to the plant growth model

In this section, we describe how the net photosynthetic rate (a), the
nitrogen uptake rate (b), the growth rate (g) and the respiration rate (r)
areinfluenced by environmental-forcing factors. These environmental-
forcing effects are described in equations (13)-(17) and summarized
graphically in Extended Data Fig. 1. All other model parameters are
treated as constants. Previous work that implemented the TTR model
as a species distribution model*® is used as a starting point for add-
ing environmental forcing. As in this previous work®, we assume
that parameters a, b and g are co-limited by environmental factors
in a manner analogous to Liebig’s law of the minimum, which is a
crude but pragmatic abstraction. The implementation here differs
insome details.

Unlike previous work®’, we use the Farquhar model of photosyn-
thesis*** to represent how solar radiation, atmospheric CO, concen-
tration and air temperature co-limit photosynthesis®. We assume that
the Farquhar model parameters are universal and that all vegetation
inour study uses the C; photosynthetic pathway. The Farquhar model
photosyntheticrates are rescaled to [0,a,,,] toyield a,,. The effects of
soil moisture (M,,;) on photosynthesis are represented as anincreasing
step function S(M,;, 81, B8,) = max{min (%}f‘, 1) , 0} . This allows us
toredefineaas,

a = Qgyr S(MSOH’ﬁI’ﬁZ) 13)

The processes influencing nitrogen availability are complex, and
global data products on plant available nitrogen are uncertain. We
therefore assume that nitrogen uptake will vary with soil temperature
and soil moisture. That is, the nitrogen uptake rate b is assumed to
have a maximum rate (b,,,,) that is co-limited by soil temperature T,
and soil moisture M,;,

b= bmax S(Tsuil’:83’ﬁ4)Z(Msoil’ﬁ5’ﬁ6’ﬁ7)ﬁ8)- (14)

In equation (14), we have assumed that the nitrogen uptake
rate is a simple increasing and saturating function of temperature.
We have also assumed that the nitrogen uptake rate is a trapezoidal
function of soil moisture with low uptake rates in dry soils, higher
uptake rates at intermediate moisture levels and lower rates once
soils are so moist as to be waterlogged. The trapezoidal function is

Z(Msoit, Bs, Bs» B7,Bs) = max{min (MSL_I}SI M)O}
Bs—PBs Bs—B7

The previous sections describe how the assimilation of carbon and
nitrogen by a plant are influenced by environmental factors. The TTR
model describes how these assimilate concentrations influence growth
(equations (3) and (4)). In our implementation, we additionally allow
the growthrate tobe co-limited by temperature (soil temperature, 7,;)
and soil moisture (M),

8 = Zmax Z(Tsoits Bo» Bro» Bus Brz) SMisoit, Bi3, Bra)- (15)

We use T,,; since we assume that growth is more closely linked to soil
temperature, which varies slower than air temperature. The respiration
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rate (r,equations (1) and (2)) increases as a function of air temperature
(T,;,) toamaximumr,,,,,

r= rmaxS(Tair’BIS»ﬁIG) 16)

The parameter ris best interpreted as a maintenance respiration.
Growth respiration is not explicitly considered; it is implicitly incor-
porated in the growth rate parameter (g, equation (15)), and any tem-
perature dependenceingrowthrespirationis therefore assumedtobe
accommodated by equation (15).

Fire canreduce the structural shoot mass MS as follows,

MS[¢ +1] = MS[£](1 - S(F, B17. Bis))- 17)

where Fis an indicator of fire severity at a point in time (for example,
burnt area) and the function S(F, 8,5, Bis) allows MS to decrease
when the fire severity indicator Fis high. If F=0, this process plays
no role. This fire impact equation was used in preliminary analyses,
but the data on fire activity did not provide sufficient information
to estimate f3;; and B,5; we therefore excluded this process from the
final analyses.

We further estimate two additional 8 parameters (3, and §,) so
that each site can have unique maximum carbon and nitrogen uptake
rates. Specifically, weredefineaas a’ = f,aandbas b’ = B, b.

Datasources and preparation

To describe vegetation activity, we use the GIMMS 3g v.1NDVI data
and the MODIS EVI*® data. The GIMMS data product has been derived
from the AVHRR satellite programme and controls for atmospheric
contamination, calibration loss, orbital drift and volcanic eruptions®?~.
The dataprovide 24 NDVlIraster grids for each year, startinginJuly 1981
andendingin December 2015. The spatial resolutionis1/12° (<9 x 9 km).
TheEVIdataused are from the MODIS programme’s Terra satellite; it is
alkmdataproduct provided atal6-dayinterval. We use datafrom the
startofthe record (February 2000) to December 2019. The MODIS data
product (MOD13A2) uses atemporal compositing algorithmto produce
anestimate every 16 days that filters out atmospheric contamination.
TheEVlis designed toreduce the effects of atmospheric, bare-ground
and surface water on the vegetation index*.

For environmental forcing, we use the ERAS5-Land data®? (Euro-
pean Centre for Medium-Range Weather Forecasts Reanalysis v. 5;
hereafter, ERAS). The ERAS products are global reanalysis products
based on hourly estimates of atmospheric variables and extend from
presentback to1979. The dataproducts are supplied at a variety of spa-
tialand temporal resolutions. We used the monthly averages from 1981
to 2019 at a 0.1° spatial resolution (11 km). The ERA5 data provide air
temperature (2 msurface air temperature), soil temperature (0-7 cm
soil depth), surface solar radiation and volumetric soil water (0-7 cm
soildepth). Fire datawere taken from the European Space Agency Fire
Disturbance Climate Change Initiative’s AVHRR Long-Term Data Record
Gridv.1.0 product®. This product provides gridded (0.25° resolution)
data of monthly global (from 1982 to 2017) burned area derived from
the AVHRR satellite programme. As mentioned, the fire data did not
enrich our analysis, and the analyses we present here therefore exclude
further consideration of the fire data.

All data were resampled to the GIMMS grid. The mean pixel EVI
was then calculated for each GIMMS cell for each time point in the
MODIS EVIdata. We used linear interpolation on the NDVI, EVIand ERAS
environmental-forcing data to estimate each variable on aweekly time
step. This served to set the time step of the TTR difference equations
to one week and to synchronize the different time series.

26,27

Siteselection
The GIMMS grid cells define the spatial resolution of our sample
points. GIMMS grid cells are large (1/12°, ~9 km), meaning that most

grid cells contain multiple land-cover types. We focused on wilder-
ness landscapes, and our aim was to find multiple grid cells for the
major ecosystems of the world. We used the following classifica-
tion of ecosystem types to guide the stratification of our grid-cell
selection: tropical evergreen forest (RF), boreal forest (BF), temper-
ate evergreen and temperate deciduous forest (TF), savannah (SA),
shrubland (SH), grassland (GR), tundra (TU) and Mediterranean-type
ecosystems (MT).

We used the following criteriato select grid cells. (1) Selected grid
cells should contain relatively homogeneous vegetation. Small-scale
heterogeneity was allowed (for example, catenas, drainage lines, peat-
lands) aslong as many of these elements are repeated in the scene (for
example, rolling hills were accepted, but elevation gradients were
rejected). (2) Sites should have no signs of transformative human activ-
ity (for example, tree harvesting, crop cultivation, paved surfaces).
We used the Time Tool in Google Earth Pro, which provides annual
satellite imagery of the Earth from 1984 onwards, to ensure that no
such activity occurred during the observation period (note that the
GIMMS record starts in July 1981; however, it is likely that evidence of
transformative activity between July 1981 and 1984 would be visible
in1984). Grid cells with extensive livestock holding on non-improved
pasture were included. In some cases, a small agricultural field or
pasture was present, and such grid cells were used as long as the field or
pasture was small and remained constantin size. (3) Grid cells should
notinclude large water bodies, but small drainage lines or ponds were
accepted aslongas they did not violate the first criterion. (4) Grid cells
shouldbeindependent (neighbouring grid cells were not selected) and
cover the major ecosystems of the world. Using these criteria, we were
able toinclude 100 sites in the study (Extended Data Figs. 2 and 3 and
Supplementary Table 4).

State-space model
We used a Bayesian state-space approach. Conceptually, the analysis
takes the form,

Mt] = fiM[t —1].B,60,_1,€.-1) (18)

VI[t] = mM[t] + 1. (19)
Here M[¢] is the plant growth model’s prediction of biomass
(M=MS +MR) attime ¢, and €, is the process error associated with
the state variables. In the model, each underlying state variable
(MS, MR, CS, CR, NS and NR) has an associated process error term. The
function fiM[t - 1], B, 0,.,, €,.;) summarizes that the development of
Mis influenced by the state variables MS, MR, CS, CR, NS and NR, the
environmental-forcing data8,_,and the g parameters. The observation
equation (equation (19)) uses the parameter mto link the VI (vegetation
index, either NDVI or EVI) observations to the modelled state M. The
parameter nis the observationerror. Equation (19) assumes that there
isalinear relationship between modelled biomass (M) and VI, whichis
asimplification of reality®°2. The observation error pis structured by
our simplification of the data products quality scores (codedQ=0,1, 2,
with 0 being good and 2 being poor; Supplementary Table 3) to allow
the error to increase with each level of the quality score. Specifically,
wedefinen=e,+e;xQ.

The model was formulated using the R package LaplacesDemon®.
All B parameters are given vague uniform priors. The parameter m is
given a vague normal prior (truncated to be >0). The process error
terms are modelled using normal distributions, and the variances of
theerror termsare given vague half-Cauchy priors. The e, parameters
are given vague normal priors. The model also requires the param-
eterization of M[0], the initial vegetation biomass; M[0] is given a
vague uniform prior. We used the twalk Markov chain Monte Carlo
(MCMC) algorithm asimplemented in LaplacesDemon’* and its default
control parameters to estimate the posterior distributions of the
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model parameters. We further fitted the model using DEoptim***,
which is a robust genetic algorithm that is known to perform stably
on high-dimensional and multi-modal problems*®, to verify that the
MCMC algorithm had not missed important regions of the param-
eter space. The models estimated with MCMC had significantly lower
log root-mean-square error than models estimated with DEoptim
(paired t-test NDVIanalysis: t = -2.9806, degrees of freedom (d.f.) =99,
P=0.00362; EVI analysis: t = -4.6229, d.f. =99, P=1.144 x10°5), sug-
gesting that the MCMC algorithm performed well compared with the
genetic algorithm.

Anomaly extraction and trend estimation

We use the ‘seasonal and trend decomposition using Loess’ (STL”) as
implemented in the R*® base function stl. STL extracts the seasonal
component s of a time series using Loess smoothing. What remains
after seasonal extraction (the anomaly or remainder, r) is the sum
ofany long-termtrend and stochastic variation. We estimate the trend
in two ways. First, we estimate the trend by fitting a quadratic poly-
nomial (r=a+ bx + cx?) to the remainder (ris the remainder, x is time
and a, b and c are regression coefficients). The use of polynomials
allows the data to specify whether a trend exists, whether the trend is
linear, cup or hat shaped and whether the overall trendis increasing or
decreasing. As a second method, we estimate the trend by fitting
abent-cable regression to the remainder. Bent-cable regression is a
type of piecewise linear regression for estimating the point of transition
between two linear phases in a time series®”*°. The model takes
the formr=b,+ bx +b,q(x, 1, y)*°. Here ris the remainder, x is time,
b, is the initial intercept, b, is the slope in phase 1, the slope in
phase 2is b, - b; and q is a function that defines the change point:
qoeT,Y) = %I(r— Y<T+P)+@&-DIx>T+y) ; T represents the
location of the change pointand ythe span of the bent cable that joins
the two linear phases; /(4) is an indicator function that returns 1if A
istrueand Oif Aisfalse. The bent-cable model allows the datato specify
whether atrend exists and whether there hasbeenaswitchinthe trend,
thereby allowing the identification of whether the trend is linear, cup
or hatshaped and whether the overall trend isincreasing or decreasing.
Both the polynomial and bent-cable models were estimated using
LaplacesDemon’s* Adaptive Metropolis MCMC algorithm and vague
priors, although for the bent-cable model we constrained rtobein the
middle 70% of the time series and y to be at most two years.

The STL extraction of the seasonal componentsin the air tempera-
ture, soil temperature, soil moisture and solar radiation data (there is
no stochasticity or seasonal trend in the CO, data we used) allows us
to simulate detrended time series d of these forcing variables
as d =y + s+ N(u,o0) where N(u, o) is a normally distributed random
variable withmean and standard deviation estimated from the remain-
der r(we verified that rwas well described by the normal distribution),
y is the mean of the data over the time series and s is the seasonal
component extracted by STL. For CO,, the detrended time series is
simply the average CO, over the time series.

Data availability

The NDVIdata used in this study are from the GIMMS 3g v.1NDVI data
product?*?, downloaded from https://ecocast.arc.nasa.gov/data/
pub/gimms/3g.vl/on8January 2019. The EVldata are from the MODIS
Vegetation Indices data product®, downloaded from https://Ipdaac.
usgs.gov/products/mod13a2v006/on1April 2020. The climate-system
data were from the ERA5-Land monthly averaged data from
1950 to present® downloaded from the Climate Data Store (https://
doi.org/10.24381/cds.68d2bb3) on 3 July 2020. Annual historical
atmospheric CO,concentrations were taken from ISIMIP, downloaded
3 June 2020. In preliminary analyses we used fire data from the ESA
Fire Disturbance Climate Change Initiative’s AVHRR LTDR Grid v.1.0
product® from https://doi.org/10.5285/4f377defc2454db9b2a6d03
2abfdOcbd downloaded on 2 July 2020.

Code availability

A Cversion of the TTR-SDM growth model described in Methods that
can be called from R is available at https://github.com/pfloek-bt/
TTRcodeAttribution.
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Extended Data Fig. 2 | Distribution of the 100 study sites. The different colours indicate the biome assignments made using the authors assessment of the Google
Earthimagery. BF=boreal forest, GR=grassland, MT=Mediterranean type ecosystems, RF=tropical evergreen forest, SA=savanna, SH=shrubland, TF=temperate forest,

TU=tundra.
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Extended Data Fig. 4 | EVI time series analysis of vegetation activity for a
savannasite in the Burkina Faso National Park. (A) MODIS EVI time series of
vegetation activity (data) and the state space model’s fit to these data (model).
The blue polygon shows the 95% credible intervals around the mean model
predictions whichincludes parameter, process and observation uncertainty.
(B) Anomalies in the NDVI data (blue bars) and the fit of a bent-cable regression
to these anomalies. The polygons show the 95 % credible intervals of the bent-
cable regression predictions. (C) Zero intercept regression showing the model’s

Model EVI anomaly

Change in slope

ability to predict observed anomalies, with full and detrended climate forcing
data. Polygons show the 95% credible intervals of the mean regression line. (D)
Posterior density of the change in the full model’s regression slope (as shown
in panel C) caused by removing trends in a climate forcing variable from the
full model; in this example the ability to predict anomalies was sensitive to soil
moisture and soil temperature anomalies. Figure 1 shows an analogous plot using

GIMMS NDVlI data.
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The number of anomaly trends that showed an overall increase or decrease over regression on the EVI data. Figure 2 shows results for the bent-cable regression
the time series are indicated by different colours. Overall increases or decreases ontheNDVIdata.

lessthan2 % in EVIwere classified as small. The response types were classified
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Extended Data Fig. 6 | Comparison of anomaly response types for 2000-2015
for NDVIand EVIdata. Repeat of the analyses shown in Fig. 2 and Extended Data
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trends in the anomalies in vegetation indices. The number of anomaly trends
that showed an overallincrease or decrease over the time series are indicated

by different colours (the category “small” as defined in Fig. 2 and Extended Data
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Fig. 5was not detected in these analyses). These plots reveal that although the
analysis time window influences the trends detected, that the EVIand NDVIdata
reveal similar trends, albeit with more decreasing trends in the NDVI data and
more cup shaped trends when using bent-cable regression. The EVIand NDVI
response shapes of individual sites agreed for 52% and 45% of cases (respectively
for polynomial and bent-cable analyses). The EVIand NDVI response trends of
individual sites agreed for 67% and 59% of cases (respectively for polynomial and
bent-cable analyses).
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Extended Data Fig. 7 | Sensitivity of EVI vegetation anomalies to climate
anomalies. The sensitivity is quantified as the effect of each of five forcing
factors (T air =air temperature, T soil = soil temperature, M soil = soil moisture,
Srad =solar radiation and CO2 = atmospheric CO, concentration) on the slope
describing the ability of the model to predict anomalies in the vegetation activity
time series (Extended Data Fig. 4). The slope with the full modelis represented by
the red colour ramp. Shown in the matrix are the 75 of 100 sites where anomalies

in vegetation activity could be attributed to the environmental forcing factors.
The coloured circles indicate the response groups the sites are assigned to by
anunsupervised classification. The site names are codes indicating ecosystem
type (BF=boreal forest, GR=grassland, MT=Mediterranean type ecosystems,
RF=tropical evergreen forest, SA=savanna, SH=shrubland, TF=temperate forest,
TU=tundra), country and site name. Red colours indicate high sensitivity, blue
coloursindicate low sensitivity. See Fig. 3 for the same analysis using NDVI data.
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Extended Data Fig. 8 | Ecosystem sensitivity classes in relation to climate
(using EVIdata). (A) The distribution of attribution classes (Extended Data
Fig.7) inbivariate temperature and moisture climate space. Points represent
thelocations of the 100 study sites in climate space. Attribution classes are
the two major groups classified in Extended Data Fig. 7. Sites labelled O are
sites excluded from Extended Data Fig. 7 because the model could not explain
observed anomalies. The colours of the sites labelled 1and 2 correspond to
the groups classified in Extended Data Fig. 7. The ellipses represent the fitted

covariance estimates of the classes as estimated by discriminant analysis based
on Gaussian finite mixture modelling. (B, C) The shape and direction of the
anomaly response (as defined in Extended Data Fig. 5) plotted in bivariate climate
space. The mean annual temperature and mean annual soil moisture were
calculated over the study period using the ERAS reanalysis data. Panels D, Eand

F plot the pointsin panels A, B and C in geographic space. See Fig. 4 for the same
analysis using NDVI data.
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Extended Data Fig. 9 | See next page for caption.
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Extended Data Fig. 9 | Anomaly prediction with full and detrended climate
data. Thesslopes of the zero intercept regression of the model’s ability to predict
anomalies in vegetation activity when using the full and detrended climate data
(forexample Fig. 1C). The points represent the mean of the posterior estimates
ofthe slope, the tick marks span the 95 % credible intervals of the estimates.

Attribution is diagnosed if the slopes are positive and clearly higher (no overlap
inthe credible intervals) for model runs forced by the full climate data than for
model runs forced by climate data with trends removed. Panel (a) shows the
results when using the NDVI data and panel (b) when using EVI data.
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Extended Data Fig.10 | Summary of NDVIand EVI anomaly prediction with
where attribution was diagnosed.Panel (a) shows the results when using the NDVI

full and detrended climate data. Probability density functions of the slopes
of the zero intercept regression of the model’s ability to predict anomalies in
vegetation activity when using the full and detrended climate data (shownin

dataand panel (b) when using EVI data.
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