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Predictability of abrupt shifts in dryland 
ecosystem functioning
 

Paulo N. Bernardino    1,2  , Wanda De Keersmaecker2,3, Stéphanie Horion    4, 
Stefan Oehmcke    5, Fabian Gieseke6, Rasmus Fensholt    4, 
Ruben Van De Kerchove    3, Stef Lhermitte    1,7, Christin Abel    4, 
Koenraad Van Meerbeek    1,8, Jan Verbesselt    2,9 & Ben Somers    1,8,9

Climate change and human-induced land degradation threaten dryland 
ecosystems, vital to one-third of the global population and pivotal to 
inter-annual global carbon fluxes. Early warning systems are essential 
for guiding conservation, climate change mitigation and alleviating 
food insecurity in drylands. However, contemporary methods fail to 
provide large-scale early warnings effectively. Here we show that a machine 
learning-based approach can predict the probability of abrupt shifts 
in Sudano–Sahelian dryland vegetation functioning (75.1% accuracy; 
76.6% precision) particularly where measures of resilience (temporal 
autocorrelation) are supplemented with proxies for vegetation and rainfall 
dynamics and other environmental factors. Regional-scale predictions for 
2025 highlight a belt in the south of the study region with high probabilities 
of future shifts, largely linked to long-term rainfall trends. Our approach 
can provide valuable support for the conservation and sustainable use of 
dryland ecosystem services, particularly in the context of climate change 
projected drying trends.

Degradation due to climate and anthropogenic pressure is a major 
threat to dryland ecosystem integrity and functioning, therefore 
threatening ecosystems that support about one-third of the global 
human population1–4. Continuous and/or excessive pressure can result 
in profound alterations in dryland ecosystems functioning5, causing 
land degradation and desertification, which in turn, threaten the abil-
ity of these ecosystems to function as global carbon sinks6,7 or provide 
resources for an ever-growing global population2. These alterations can 
be gradual or accompanied by abrupt shifts8 and the latter typically 
occurs due to large perturbations or when conditions (for example, 
climate, resources) surpass a critical threshold8–12. When such a thresh-
old is reached, small perturbations or further changes in conditions 

can lead to catastrophic shifts in ecosystem functioning8–10,13 (Sup-
plementary Fig. 1 and Supplementary Table 1). Early warning signals 
(EWS) for abrupt shifts in ecosystem functioning are, therefore, key 
information for the early identification of areas at risk, for supporting 
drylands ecosystem services sustainable use and for the mitigation of 
climate change effects on drylands13,14.

In drylands, an important proxy for studying changes in ecosystem 
functioning is the rain-use efficiency (RUE), that is, the ratio between 
net primary productivity and rainfall. Because precipitation is the 
main climatic constraint to vegetation growth in these regions, the 
RUE can be used to quantify the vegetation–rainfall relationship and 
therefore serves as a proxy for studying ecosystem functioning and 
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proxies for stability loss among the multitude of available remote 
sensing and other geospatial data, one might overlook other important 
signals present in such datasets. For instance, the Normalized Differ-
ence Vegetation Index (NDVI) is a proxy for plant productivity, and a 
strong positive trend in NDVI temporal autocorrelation can be used 
as an indication that the ecosystem is approaching an abrupt shift. 
Whereas the absence of such a trend might suggest that the system 
is far from an abrupt shift, other variables, such as a negative trend in 
rainfall, might indicate that the system is under pressure and the risk 
of shifting is imminent.

Machine learning (ML) techniques can potentially resolve some 
challenges posed by metric-based EWS approaches, due to their abil-
ity to find complex patterns in high dimensional data27–29. Although 
ML techniques have been successfully used to predict abrupt shifts 
in aquatic systems30,31, their use for predicting abrupt shifts based on 
satellite data, and in dryland ecosystems more specifically, remains 
under-explored. Moreover, EWS studies in drylands tend to focus on 
spatial vegetation patterns and patch size distribution10,14, whereas 
studies using temporal metrics are scarce yet fundamental for a 
comprehensive understanding and successful prediction of abrupt 
shifts. This is due to the essential information on historical ecosystem 
response to disturbances from which the model can learn about eco-
systems’ stability (that is, resistance and resilience) to, for example, 

land degradation12,15–17. Changes in RUE through time can thus indicate 
alterations in plants’ biophysical processes in relation to water avail-
ability, ultimately indicating changes in ecosystem functioning11,12,16. 
Thus, by detecting when abrupt changes in RUE occur (that is, a major 
breakpoint in the RUE time series; Methods), it is possible to deter-
mine when the vegetation response to rainfall changed considerably, 
denoting where and when abrupt shifts in ecosystem functioning 
have occurred (Fig. 1). Although abrupt shifts were already detected 
in global drylands11, an approach to provide effective EWS for these 
shifts is still missing.

A variety of metric-based approaches for EWS have been devel-
oped by, for example, monitoring resilience and critical slowing 
down18,19, but their use in large-scale observational studies remains 
limited due to the challenges imposed by the use of remote sensing 
data13,20. Whereas using increased temporal autocorrelation (that is, 
slower recovery rates after small perturbations, indicating a loss of 
resilience) as an EWS works well in controlled experiments or theo-
retical works19,21,22, it is challenging to implement autocorrelation as 
an EWS on satellite time series due to their short length and the pres-
ence of noise20. Therefore, studies using temporal autocorrelation to 
predict abrupt shifts or widespread tree mortality based on satellite 
data are scarce23, although it is often successfully used as an indica-
tor of resilience changes24–26. Moreover, by focusing on one or a few 
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Fig. 1 | Time series examples and how relevant predictors affect abrupt 
shift occurrence. a–d, Time series of RUE and relevant predictor variables: 
deseasonalized NDVI and rainfall trends and temporal AC1. Examples show pixels 
where an abrupt shift occurred (a,b) and did not occur (c), correctly predicted 
by the model; and where it did not occur but the model wrongly predicted an 
occurrence (d). The training period (Methods) is highlighted in black in the 
time series. The brown lines in the time series are the trend lines. e–h, The 

effect of the variables on the model’s prediction is presented; the rightmost bar 
represents the final probability derived by the model: an abrupt shift occurrence 
is predicted in e, f and h, while in g the prediction is that no shift will occur. By 
relying only on the AC1 trend strength in b, no shift would be predicted, whereas 
combining this information with the other predictor variables resulted in a 
correct prediction. SD, standard deviation.
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climate extremes32. Being able to detect areas that are approaching 
an abrupt shift can support the sustainable use of dryland ecosys-
tems, which could ultimately mitigate food insecurity and support the 
fight against climate change. Here we present a ML-based approach 
to detect EWS of abrupt shifts in ecosystem functioning in one of the 
world’s largest dryland regions, the Sudano–Sahelian zone, and show 
its applicability to identify regions that are more likely to undergo 
a future abrupt shift. We compared our ML-based approach with a 
contemporary metrics-based approach based on a logistic regression 
model trained/evaluated using only temporal autocorrelation (as an 
EWS) and land-cover information as predictor variables.

Predicting abrupt shifts in the Sudano–Sahel
To predict abrupt shifts in ecosystem functioning, we used a Boosted 
Regression Trees (BRT) algorithm. Our study area comprises the 
Sudano–Sahelian zone and areas further to the south, only including 
water-limited environments (Methods). The model was trained with 
three conceptually different groups of input variables: first, we used 
variables related to vegetation and rainfall dynamics (that is, trends 
and standard deviation), derived from Advanced Very High Resolution 
Radiometer (AVHRR) Global Inventory Modeling and Mapping Stud-
ies (GIMMS) and Climate Hazards Group InfraRed Precipitation with 
Station (CHIRPS) satellite time series, respectively (Methods), because 
these might indicate that the ecosystem is unstable or susceptible to 
changes. Second, we used the strength of the trend in temporal auto-
correlation at-lag-1 (AC1) of the vegetation time series as an indicator 
of resilience loss, because increases in autocorrelation can be used to 
identify critical slowing down (that is, an indication that the ecosystem 
is approaching an abrupt shift)18,19,23. Third, we used variables related 
to anthropogenic pressure (for example, population density), drought 
occurrence, soil characteristics and land-cover type as potential sus-
ceptibility indicators (see Methods and Supplementary Table 2 for a 
complete list of predictors).

On the basis of these input variables and a historical reference 
dataset of abrupt shift occurrence in the study area11 (Methods), a BRT 
model was trained and tested. Model evaluation was performed using 

a time cross-validation approach33 because the model will be used to 
predict the probability of future abrupt shifts. This approach tests 
models’ performance in a future time block not used for training. For 
instance, training performed for shifts detected in 2001 is tested with 
shifts detected in 2002. Moreover, to test the sensitivity of our method 
in predicting abrupt shifts with various lead times (that is, the interval 
between training period and shift occurrence), we trained and evalu-
ated the BRT model several times with lead times ranging from one 
to five years. Because temporal cross validation reduces the number 
of instances used for training the model at each fold, a final model 
(hereafter BRT1) was trained using all the available data33. Assuming 
that the additional data is of good quality (for example, correct refer-
ence data), the BRT1 should outperform previously trained models, 
because more training data are available33. However, assessing the 
accuracy of this model would result in invalid error estimates (that 
is, the performance would probably be overestimated because no 
temporal cross validation is executed). Thus, the performance metrics 
presented here were obtained through the temporal cross validation, 
being more conservative but also more realistic33. Spatial cross valida-
tion was also performed to assess if the spatial autocorrelation, present 
in the predictors, results in overly optimistic accuracies (Appendix 1 in 
Supplementary Information). Finally, as a benchmark representing the 
state-of-the-art approach, we used the same temporal cross-validation 
set-up to train and evaluate a logistic regression model, but only using 
temporal autocorrelation and land cover as predictors.

Results showed that more than 72% of historical abrupt shifts in 
ecosystem functioning were predicted correctly (for one-year lead 
time, overall accuracy: 0.751; recall: 0.723; precision: 0.766; F1 score: 
0.743). The relatively high precision indicates that the great majority 
of the predicted shifts (76.6%) truly occurred. The BRT model perfor-
mance significantly (P < 0.05) decreased as a function of increasing lead 
times (Fig. 2b), but only when the lead time reached four years. The lack 
of significant differences between one- and three-year lead time sug-
gests that the model is robust to longer lead times (up to three years) 
and thus can be used to derive spatially explicit estimates of abrupt shift 
risk with several years of antecedence. This happens because the most 
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Fig. 2 | BRT model performance and marginal effect plots of predictor 
variables. a, BRT and logistic regression (LOG) models performances. b, BRT 
model sensitivity to distinct lead times. In both a and b, evaluation was repeated 
ten times (Methods); data are presented as mean values ± the standard deviation. 

Distinct letters represent significant (at P < 0.05) differences between groups 
according to a Kruskal–Wallis followed by a Dunn’s post-hoc test. c–f, Marginal 
effect plots of rainfall SD (c), rainfall long-term trend (d), NDVI SD (e) and AC1 
trend strength (f). The LOESS method was used to infer the trend (blue) curves.
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important variables used by the model to predict shifts are either (1) 
derived using data for several years (for example, the long-term rainfall 
trend) and thus do not change noticeably when lead time increases or 
(2) are stable through time (for example, soil characteristics).

Although the BRT model presented a good performance, the false 
negative rate (observed shifts that were not predicted; 27.7%) was rela-
tively high. Failing to predict observed shifts can be partially explained 
by the occurrence of abrupt shifts that lack preceding indicators, 
which can happen, for instance, when no resilience loss precedes the 
shift. For example, when a large external forcing (for example, vegeta-
tion clearing; Supplementary Table 1) causes an abrupt shift, it will 
occur suddenly and without any prior warnings, and thus, it will not be 
predictable by the approach applied here. By focusing on accurately 
differentiating between abrupt shifts caused by the crossing of a criti-
cal threshold from the ones caused by large sudden perturbations, 
future studies might be able to achieve lower false negative rates 
than the one presented by our model. Other factors that potentially 
impair the performance of the model are the known limitations of 
using EWS derived from satellite data (for example, noise in the data 
and/or too short time series34). The model performance decreased 
when a spatial cross-validation approach was applied (Appendix 1 
in Supplementary Information). However, our highest concern here 
was with the temporal domain, because for future predictions, only 
past data are available. Meanwhile, the spatial context might in fact 
add important information for the predictions and should thus be 
accounted for and not excluded.

To better understand how the BRT1 model determines abrupt 
shift probability and to evaluate how differences in key variables make 
the ecosystem more/less susceptible to a future shift, we analysed 
variables’ importance and produced marginal effect plots for the most 
important variables. These plots show the marginal effect that a single 
variable has on the predicted outcome of the model (Methods). Rainfall 
variability, soil nitrogen, long-term rainfall trend, population density 
and NDVI variability are the most important input variables for the 
model’s predictions, respectively (Extended Data Fig. 1). These results 
suggest that by combining information on soil, population density 
(here used as a proxy for anthropogenic pressure) and vegetation 
and rainfall variability, we can already identify regions susceptible to 
abrupt shifts occurrence. Among these variables, only the marginal 
effect plots for NDVI and rainfall-related variables are shown in Fig. 2 
for the sake of simplicity. Plots for soil nitrogen and population density 

are presented in Extended Data Fig. 2. High levels of rainfall variability 
(between ± 24 and 33 mm) pose higher susceptibility to a future shift 
(Fig. 2c). This loss of stability caused by higher levels of rainfall vari-
ability may greatly impact Sudano–Sahelian (and dryland) ecosystems, 
because an increase in rainfall variability is expected in the future 
due to warmer temperatures35. Decreasing long-term rainfall trends 
increase the susceptibility to future shifts2,36,37, whereas increasing 
trends had the contrary effect (Fig. 2d). Differences in the ecosystem’s 
stability due to soil N (Extended Data Fig. 2) are potentially related 
to soil microbiota-driven resistance38,39. An increase in abrupt shift 
probability is observed as population density increases from 0 to 19 
persons per km2 but stabilizes at higher population density values 
(Extended Data Fig. 2). This potentially indicates that our approach 
fails in predicting sudden human-induced shifts in highly populated 
areas because large stepwise changes cause abrupt shifts without 
any prior signals18,34, whereas less intense anthropogenic pressure 
decreases ecosystems’ resilience more slowly, resulting in signals that 
can be captured by the ML approach. NDVI standard deviation shows 
an expected behaviour for ecosystems approaching an abrupt shift: 
disturbances causing flickering and subsequently increasing the vari-
ance of the state variable18,19 (Fig. 2e).

The AC1 trend strength, though less important than other vari-
ables (Extended Data Fig. 1), showed expected behaviour found in 
other studies18,19,21,23: higher values indicate an approaching abrupt 
shift, which translates into higher probability values in the marginal 
effect plot (Fig. 2f). However, temporal autocorrelation alone is not 
always a good predictor of abrupt shifts. Thus, the advantage of the 
multivariate approach proposed here is that when one variable fails to 
identify an approaching shift, including other relevant variables can 
overcome this deficiency. For example, in Fig. 1b,f, temporal autocor-
relation did not indicate an approaching shift, whereas both rainfall 
trend and variability did, leading the model to correctly predict the 
abrupt shift occurrence. The same happened in several other cases. In 
the testing set, temporal autocorrelation trend strength alone missed 
318 instances of actual shifts, but including the remaining predictor 
variables allowed the model to correctly predict 245 of these instances 
(77%). Finally, we found that pixels adjacent to others that have under-
gone abrupt shifts are more susceptible to future shifts. For instance, 
if one-quarter of the surrounding pixels underwent a shift in a given 
year, the chance of the target pixel undergoing a shift in the coming 
year increases by 32.2% (Appendix 2 in Supplementary Information).
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Fig. 3 | Regions with an increased risk of undergoing an abrupt shift in 2025. The map represents abrupt shift probabilities in 2025 estimated by the BRT model 
trained with a three-year lead time and using NDVI and rainfall data up to 2022 (Methods). Only pixels within water-limited environments were analysed (Methods).
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ML-based forecasting of abrupt shifts
We applied the BRT model in forecast mode to derive a risk map indi-
cating regions of the Sudano–Sahel that are more susceptible to the 
occurrence of an abrupt shift in 2025 (Fig. 3). This forecasting was made 
using a three-year lead time and under the assumption that rainfall and 
anthropogenic pressure will not change dramatically between 2022 and 
2025, the interval between the training period and the year being pre-
dicted. This future projection shows that parts of Côte d’Ivoire, Ghana, 
Benin, Togo and Nigeria are highlighted as more susceptible areas to 
abrupt shifts in the future. When divided into bioclimatic regions, the 
Guinean zone presented the largest areas with probabilities higher than 
0.5. However, the majority of the study area presents low susceptibility 
to abrupt shifts in 2025 (values below 0.31), whereas less than 1% of the 
analysed study area presented extremely high susceptibilities (values 
above 0.9). In places with high probabilities, the long-term trend in rain-
fall, which was on average negative for these locations (−0.111 ± 0.137), 
is identified by the model as the main cause of such high susceptibility. 
Rainfall variability also appears as a potential cause, with overall high 
variability levels (32.27 ± 5.54 mm). The marginal effect plots in Fig. 2 
indicate that these values are related to high probabilities. In line with 
this, two large patches with high probabilities are observed in northern 
Côte d’Ivoire and central Ghana, with average probabilities of 0.84 and 
0.83, respectively. These regions have experienced decreasing rainfall 
trends over the past decades40–42. However, it is fundamental to high-
light here that even places displaying high-risk levels will not necessarily 
undergo an abrupt shift in the future. These projections only indicate 
that current conditions are making the ecosystems in those regions 
more susceptible, as better discussed below. Local knowledge and a 
deep understanding of the local factors affecting these ecosystems 
are necessary, in addition to the regional-scale projections, to generate 
more accurate predictions at the local scale.

Although abrupt shifts in ecosystem functioning, in general, are 
interpreted as negative events, they can sometimes be beneficial in 
ecological and socioeconomic terms. For example, it is widely known 
that woody encroachment over grasslands can destabilize these eco-
systems, leading to losses of functionality (for example, as a source of 
livestock forage), changes in the water balance and eventually, state 
shifts36,43. A degraded grassland encroached by woody vegetation 
might present higher primary productivity than a conserved grassland, 
and thus, higher RUE44. In this example, a loss of woody plants in the 
regeneration process will result in an abrupt drop in RUE, constituting 
an example of a ‘negative’ (in the sense that RUE decreases) abrupt 
shift in ecosystem functioning which is, in fact, positive in ecological 
and socioeconomic terms. Another example relates to agriculture. 
Whereas conversion of natural ecosystems to croplands can support 
livelihoods without grave damage to the environment (that is, when 
performed at the local scale and sustainably45), large-scale and/or 
negligent conversion can exacerbate drylands’ degradation2,46. With 
this in mind, and given the difficulty of determining with coarse-scale 
satellite data if an abrupt shift is positive/negative at the local scale, 
we suggest that future work focuses on providing such a qualification 
based on system-specific characteristics, providing important informa-
tion for decision-making. Besides, future efforts to establish long-term 
monitoring field sites, distributed across drylands and focused on the 
characterization of ecosystems’ state and changes in it, are needed. 
Such data are currently lacking, impeding the use of ground-truth data 
to validate remote sensing-based large-scale studies on ecosystem 
shifts such as ours11,47.

When making predictions with a certain lead time, we assume that 
ongoing pressures and system conditions will remain constant in the 
coming years. This is crucial for variables that vary in time and present 
high importance (Extended Data Fig. 1), such as rainfall long-term 
trends. For instance, a predicted shift might not occur if unfavourable 
conditions (during the training period) become favourable afterward. 
Similarly, whereas population growth trends are relatively stable 

short-term, they can change in the future. This has two main implica-
tions: (1) instead of precisely predicting where abrupt shifts will occur, 
we focus on estimating future shift susceptibility. Although the shift 
might not occur in areas with high susceptibility, they are at risk under 
current conditions. (2) Using accurately modelled and forecasted 
data for variables such as population density and rainfall can reduce 
prediction errors. Here because we cannot ensure stable conditions, 
the predictions represent a risk map, highlighting the near-term risk 
of major changes in ecosystem functioning based on recent (about 14 
years) responses to climate and environmental conditions. Such early 
warnings are crucial for supporting decisions on ecosystems’ sustain-
able use and climate change mitigation, as they can optimize actions 
and the use of economic subsidies over areas with a high likelihood of 
shifting. For that purpose, our results show that ML, combined with 
relevant predictors, is a powerful tool for providing EWS of abrupt 
shifts in dryland ecosystem functioning. Although being only a first 
step towards a fully functional early warning system, our multivariate 
approach successfully delineated areas more susceptible to future 
shifts up to three years ahead. Moreover, it correctly predicted, on 
average, over 75% of the abrupt shifts, including many that would be 
missed if only temporal autocorrelation trend strength was used as 
an EWS.

It is well known that drylands are highly endangered by future 
climate change2–4, and our results reinforce that increased rainfall 
variability and decreased rainfall levels can cause widespread abrupt 
shifts in dryland ecosystem functioning. Also, it is virtually impossible 
to implement mitigation measures in all dryland regions simultane-
ously. Thus, by identifying highly endangered areas, policymakers 
could focus on the most threatened ones. Ultimately, this could con-
tribute to the achievement of UN Sustainable Development Goals (1) No 
poverty, (2) Zero hunger and (15) Life on land. Our results suggest that 
areas presenting decreasing trends in rainfall can be more susceptible 
to abrupt shifts; thus, if combined with future climate projections48, 
this indicates that the western Sudano–Sahel will potentially be more 
susceptible to abrupt shifts in the future due to the projected decrease 
in rainfall, seen in most of the Coupled Model Intercomparison Project 
Phase 5 (CMIP5) models48. Therefore, action in these areas should be 
prioritized, aiming at decreasing the risk of ecosystems shifting to a 
degraded state, which could aggravate poverty and food insecurity 
in the region2.
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Methods
Vegetation and rainfall data
Vegetation dynamics were estimated from time series of Normalized 
Difference Vegetation Index (NDVI) data obtained from the Global 
Inventory Modeling and Mapping Studies (GIMMS) NDVI dataset, 
derived from Advanced Very High Resolution Radiometer (AVHRR) 
sensors, version 1 (ref. 49). The GIMMS dataset provides bi-monthly 
NDVI data at about 8 km spatial resolution ranging from July 1981 to 
December 2015. We used data from 1982 to 2015, to include only full 
years in our analysis. The maximum value from bi-monthly data was 
used to generate monthly composites. Monthly rainfall data were 
retrieved from the Climate Hazards Group InfraRed Precipitation with 
Station Data (CHIRPS) dataset, with a spatial resolution of approxi-
mately 5 km (ref. 50). We selected rainfall data for the period 1982–2015 
and aggregated it to the GIMMS 8 km spatial resolution.

From the monthly data, we derived long (entire training period) 
and short-term trends (first and second halves of the training period) in 
NDVI and rainfall. The training period is defined in the ‘Analysed periods 
for early warning indicators’ section. The NDVI and rainfall time series 
were detrended and deseasonalized19 using Seasonal-Trend decomposi-
tion using LOESS (STL), leaving us with the NDVI and rainfall remainder 
(or residuals). Next, NDVI and rainfall standard deviation during the 
training period were derived from the remainder and used as predictors 
in the BRT model, because higher variance might indicate the system is 
unstable18,19. The ratio between the NDVI and rainfall standard deviation 
was also derived and used as a predictor. Finally, temporal autocorre-
lation at-lag-1 (AC1) was derived and its trend strength was used as an 
indicator of critical slowing down18,19. Monthly autocorrelation values 
were derived using a Bayesian dynamic linear model and historical 
(1982–2015) remote sensing NDVI and rainfall data, as proposed by Liu 
et al.23. The model accounts for seasonality in the vegetation and in the 
climate forcing to derive the AC123. Using the monthly autocorrelation 
values, the strength of the trend in autocorrelation before the abrupt 
shift was used as an indicator of an approaching abrupt shift18,19. The 
non-parametric Kendall tau correlation was used to estimate the trend 
strength (more details in ref. 23).

Land-cover data
Land-cover information was extracted from the majority classes of 
the MODIS MCD12C1 land-cover product51 between 2001 and 2015. 
Considering the existing land-cover classes in our study area, classes 
defined by the product were aggregated into broader classes: ‘ever-
green broadleaf forests’, ‘deciduous broadleaf forests’ and ‘mixed 
forests’ were grouped as ‘forests’; ‘closed shrublands’ and ‘open shrub-
lands’ were grouped as ‘shrublands’; ‘woody savannahs’ and ‘savan-
nahs’ were grouped as ‘savannahs’; ‘grasslands’ remained ‘grassland’. 
Urban areas, croplands and areas without vegetation were masked, as 
explained below.

Anthropogenic pressure
As proxies of anthropogenic pressure, which together with climate 
extremes form the major drivers of change in drylands, we used the 
population density (persons per km2) in 2015, total livestock density 
(that is, the sum of cattle, goat and sheep density) in 2010 and the 
Human Appropriation of Net Primary Production (HANPP) datasets 
for the year 2000 (the only year available). Population density was 
obtained from the Gridded Population of the World v.4 (GPWv4) Revi-
sion 10 dataset52, provided at a 5 km spatial resolution and aggregated 
to the GIMMS NDVI data resolution ( ~ 8 km). Livestock density was 
obtained from the Gridded Livestock of the World (GLWv3) dataset53, 
provided at the same spatial resolution as the GIMMS NDVI data. The 
HANPP data were provided by Haberl et al.54, also at the same spatial 
resolution as the GIMMS NDVI data. The HANPP is quantified as the 
aggregated impact of land use on an ecosystem’s biomass per year 
and is an estimate of the human appropriation of nature54 and thus of 

the degree of anthropogenic pressure on ecosystems. HANPP values 
ranged from −358.05 to 848.67 g C m−2 yr−1.

Soil data
All soil data were obtained from the International Soil Reference and 
Information Centre (ISRIC) World Soil Information datasets55, at a 
250 m spatial resolution. Soil variables used here were cation exchange 
capacity (cmolc kg−1), sand content (g 100 g−1), total nitrogen (g kg−1), 
total phosphorus (mg kg−1), texture class and depth to bedrock (cm). 
All data were aggregated to the GIMMS NDVI resolution (~8 km).

Cumulative water deficit
We derived the cumulative water deficit (CWD) using monthly pre-
cipitation data (CHIRPS) from 1982 to 2021 following the method of 
Aragão et al.56. The average monthly evapotranspiration was estimated, 
pixel-wise, using the MOD16A2 v.6 Net Evapotranspiration product57, 
provided at a 500 m spatial resolution and aggregated to the GIMMS 
NDVI resolution (~8 km). The following formula was then used to cal-
culate monthly CWD:

If CWDn−1−E + Pn < 0;

thenCWDn = CWDn−1 − E + Pn;

elseCWDn = 0

where E is the average evapotranspiration, P is precipitation and n 
is the month. Using the derived CWD, the average and the standard 
deviation of CWD for each pixel were calculated. Next, standardized 
anomalies were obtained by subtracting the average value from each 
month’s value and dividing the result by the standard deviation. To 
determine which months were extremely or severely drier than usual, 
we assessed the 5th and 15th percentiles of the standardized CWD 
anomalies, respectively. After this assessment, we defined values below 
−1.664 as extreme droughts and values between −1.664 and −1.316 as 
severe droughts. Finally, the total number of months with an extreme 
and a severe drought were used as predictors in the BRT model.

Study area delimitation
The present study has the Sudano–Sahelian drylands as the prime 
focus. However, to avoid using rigid boundaries and ensure that 
the study also comprises ecosystems at the transition between 
semi-arid and dry sub-humid areas, we extended our analysis to 
all regions where water is the main limiting factor to plant growth 
according to Nemani et al.58. Thus, the study area extends south of 
the Sudano–Sahelian zone borders, comprising large parts of the 
Guinean bioclimatic zone.

Pixels with urban areas and croplands (according to the MODIS 
MCD12C1 land-cover product51) were excluded from our analysis since 
large-scale human-induced changes can cause abrupt shifts without 
any signs prior to their occurrence34 (Supplementary Fig. 1 and Sup-
plementary Table 1). Areas of bare soil and very sparse vegetation (that 
is, median NDVI < 0.1) were also excluded from the analysis.

Reference dataset of abrupt shifts
Abrupt shifts in ecosystem functioning obtained from Bernardino 
et al.11 are used as a reference dataset in this study. This dataset com-
prises spatial information on the timing, type and significance of abrupt 
shifts that have occurred between 1982 and 2015, at approximately 
8 km spatial resolution in global drylands. The dataset was extended 
to comprise the study area delimitation defined in the previous section 
(Extended Data Fig. 3). Below, we summarize key data and methods 
used to produce the reference dataset. Complete information can be 
found in refs. 11,12. The ratio between vegetation productivity and 
rainfall sum during the growing season, that is, the rain-use efficiency 
(RUE)59, was used to quantify the vegetation–rainfall relationship16. 
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Changes in RUE through time were assumed to indicate changes in 
dryland ecosystem functioning11,12. Abrupt shifts in ecosystem function-
ing were detected by using a time series segmentation technique, the 
BFAST01 algorithm60,61, in the RUE time series. BFAST01 can be used to 
detect the major breakpoint in a time series, which in the case of the 
RUE time series indicates the point in time (year) when the vegetation 
response to rainfall inputs changed markedly, and thus, an abrupt shift 
in ecosystem functioning11,12. Alternatively, abrupt changes in rainfall, 
not readily accompanied by changes in NDVI dynamics, might also 
cause abrupt changes in the RUE time series, unrelated to alterations 
in vegetation biophysical processes. That was, however, not the case 
in the study area during the period analysed: breaks in the rainfall sum 
time series (the denominator of RUE) were only detected in 3.5% of the 
pixels presenting abrupt shifts, and more importantly, only 0.87% of 
these happened in coinciding years.

Here we focused on predicting only negative abrupt shifts due to 
two main reasons: (1) we anticipate that including both positive and 
negative abrupt shifts might add a confounding factor to the model, 
decreasing its performance; (2) negative shifts were selected because 
they represent adverse declines in ecosystem functioning, here cap-
tured as abrupt decreases in the RUE of an ecosystem11,12. It is, however, 
important to note here that a negative shift cannot be universally 
interpreted as a shift to a degraded state (discussion in the main text). 
The final reference dataset, considering the trade-off between data 
availability and training period length discussed below (Supplementary 
Fig. 2), contained 2,335 abrupt shift instances.

Analysed periods for early warning indicators
We looked for early warning indicators of abrupt shifts in time series 
data before the shift occurrence. Because BFAST01 needs data from 
before and after the abrupt shift to estimate trends and breaks in the 
trend component, we avoided circularity issues in our analysis by 
using only data before the abrupt shift occurrence. Fourteen years of 
data were used to derive the metrics, and with that information, we 
tested if it was possible to predict the occurrence of an abrupt shift 
one year ahead (and also two to six years ahead, to test the sensitivity 
of our approach to distinct lead times). This interval was determined 
after testing several distinct intervals (that is, 10, 12, 14 and 16-year 
periods), and because a trade-off between the amount of data points 
with abrupt shifts and the length of the training interval exists, we 
selected a suitable period where the data loss was deemed appropriate 
(Supplementary Fig. 2).

Using the BRT ML model to predict abrupt shifts
In this study, we used the BRT algorithm (XGBoost)62 to train a model 
aiming at predicting abrupt shifts in ecosystem functioning. However, 
more important than actually predicting these shifts, the trained model 
can produce a risk map highlighting areas susceptible to a future shift. 
The BRT is similar to a Random Forest, but instead of using the bagging 
method, which selects instances from the entire dataset completely 
randomly, the BRT uses the boosting method, weighting instances in 
a way that poorly modelled data in prior trees have a higher chance 
of being selected in subsequent ones62,63. The BRT model was trained 
using a reference dataset (containing abrupt shift occurrence as a 
binary 1/0 categorical variable) and several predictors: (1) indicators 
of decreased resilience often used to signal an approaching abrupt 
shift18,19, (2) proxies for vegetation and precipitation dynamics, (3) 
environmental variables and (4) proxies for anthropogenic pressure 
(see Supplementary Table 2 for a complete list of the predictors). Only 
data before the abrupt shift occurrence, as defined by the reference 
dataset, were used to derive the predictors (above). We also performed 
a small test with vegetation and rainfall data to evaluate if the trends 
observed in the NDVI and rainfall data during the training period hold 
relevant information on future trends in NDVI and rainfall, respectively, 
up to five years into the future. A simple approach was used, using the 

‘auto.arima’ function (from the ‘forecast’ package64) to fit an ARIMA 
model to the data during the 14-year training period, which was then 
used to forecast NDVI and rainfall trends from one to five years ahead. 
The root mean squared error (RMSE) for each year was used to evalu-
ate the performance of the predictions. The results of this analysis are 
presented in Supplementary Fig. 3.

Using abrupt shift occurrence as the response variable and the 
predictor variables previously specified, the BRT model was then 
trained. The main goal of training a ML model in this study was to derive 
probabilities of abrupt shift occurrence in a future year. Therefore, 
we performed a temporal cross validation, to make sure that the error 
estimates for the trained BRT model were not overly optimistic63. The 
temporal cross validation was performed by creating time-slice blocks 
with the same duration and then training a BRT model with one of the 
blocks. The trained model was then evaluated with a testing set created 
with data from the upcoming block. For instance, a training set was 
created using data from 1982 to 1995 to predict abrupt shifts in 1996; 
the BRT model was trained using these data; a testing set was created 
using data from 1983 to 1996 to predict shifts in 1997; the BRT model was 
evaluated using this testing set (that is, the model was trained to predict 
shifts in 1996 but evaluated by predicting ‘future shifts’ in 1997). This 
was iteratively repeated ten times, and at each fold, a random year from 
the available years with sufficient abrupt shift occurrences (that is, 1996 
to 2009) was selected. At each fold, the dataset was under-sampled 
to correct for imbalances in the number of pixels with and without 
abrupt shifts (the former was always lower than the latter). The per-
formance metrics (specified below) were then averaged for all the 
blocks, resulting in a final assessment for the temporal cross-validation 
model. Time-slice blocks in which the number of training instances 
was lower than 50 were ignored, because the resulting models would 
underfit (bad performance on training and test data). This approach 
allows for a more realistic error estimate for future predictions, and 
at the same time, avoids an overestimation of the errors in a temporal 
cross-validation set-up where only the last year (or couple of last years) 
are left out for the evaluation of the model and the evaluation year(s) 
are, for some reason, harder to be predicted than all the other years.

Parameter selection for the BRT model was performed using a 
binary classification problem as objective and aiming at minimizing 
the classification error. No temporal cross-validation set-up was used 
for the parameter selection. That is, a random sample containing 75% 
of the available instances was selected for the training stage, and the 
remaining 25% of the instances were used for validation. Instances with-
out abrupt shifts were under-sampled to match the number of instances 
with shifts. The ‘xgb.cv’ function from the ‘xgboost’ R package62 was 
used, with a ‘nfold’ of five. The parameters selected were: 0.01 for the 
learning rate, 7 for the maximum depth of a tree, 1 for the minimum 
number of instances in each terminal node, 0.8 for the percentage of 
training data to be sampled for growing trees and 0.8 for the percent-
age of columns to be subsampled when growing each tree. We set 50 as 
the number of consecutive rounds without performance improvement 
needed to stop training, to avoid over-training our model.

The accuracy metrics used to evaluate the model’s performance 
were: the overall accuracy (that is, number of instances correctly clas-
sified divided by the total number of instances); the recall (that is, the 
proportion of abrupt shifts that exist and were correctly predicted, 
thus penalizing for false negatives but not false positives); the precision 
(that is, the proportion of predicted abrupt shifts that were correctly 
predicted, thus penalizing for false positives but not false negatives); 
and the F1 score (that is, a metric of the balance between recall and pre-
cision, calculated as precision multiplied by recall, divided by precision 
plus recall, multiplied by two). To benchmark against a state-of-the-art 
approach to predict abrupt shifts, that is, using the temporal AC1 as an 
EWS for approaching shifts, we used the same set-up explained above 
to train and evaluate a logistic regression model but using only tem-
poral autocorrelation trend strength and land-cover type as predictor 

http://www.nature.com/natureclimatechange


Nature Climate Change

Article https://doi.org/10.1038/s41558-024-02201-0

variables. We added land-cover type as a predictor since we believe 
that resilience loss might translate into different patterns of AC1 trend 
depending on the land-cover type being analysed. Therefore, omit-
ting land-cover type from the benchmark model could hamper the 
prediction ability of the benchmark model due to reasons not related 
to the use of a multivariate approach (that is, the one used for the BRT 
model), consequently hampering the comparison between models 
that we aimed to achieve.

Finally, we trained a final BRT model (the BRT1) using all the avail-
able data, because a higher number of training instances should result, 
in theory, in a better model33, considering that the additional data is of 
good quality (for example, correct reference data). Because the lack 
of temporal cross validation impairs an accurate performance assess-
ment, the performance obtained from the temporal cross validation 
(which in theory is more conservative) is presented instead. Moreo-
ver, we attempted to minimize the overfitting of the BRT1 by setting a 
low learning rate (0.01), sampling a fraction of the available training 
instances (0.8) for each boosting iteration and sampling a fraction of 
the predictor variables (0.8) for building each tree62,63. The BRT1 was 
then used to estimate the predictor variables’ importance and derive 
the marginal effect plots for the relevant variables (main text). These 
plots show how a variable will overall affect the outcome estimated 
by the model, that is, if given values of the predictor variable will con-
tribute positively (that is, towards a higher probability of abrupt shift 
occurrence) or negatively to the final model prediction63. Probability 
values in these plots are not directly translated to abrupt shift occur-
rence probability; instead, they can be used to detect overall patterns 
(for example, whether the relationship is linear or nonlinear)63. For 
example, let us consider two pixels in the study area: one presents 
a long-term rainfall trend value of −0.153 (which represents a prob-
ability of 0.523 in the marginal effect plot) and the other a value of 
−0.328 (which represents a 0.569 probability in the marginal effect 
plot). The difference between both probabilities is only 0.046 (the 
second is 9% larger than the first). However, this does not mean that 
in the final model decision, the difference will be so small. Instead, 
the actual difference will be 0.335: this variable in the first pixel con-
tributes 0.268 to the final model probability and 0.603 in the second 
pixel (the second is 125% larger than the first). This happens because 
models such as the BRT use an ensemble of hundreds of decision trees 
in which interactions between variables are also considered to make 
their final prediction62,63. Therefore, although the marginal effect plots 
are important for understanding general patterns, they are made using 
the marginal effect of a single variable and thus should not be used to 
infer final predictions. To generate the plots, very high or low values 
(that is, above and below the 90th and 10th percentiles, respectively) 
from the predictor variables were omitted to avoid representing in 
the plots patterns generated with not enough observations. For the 
specific cases of population density and soil N, because the distribu-
tion of the values is right skewed, we removed only very high values, 
using the 80th percentile.

Because no significant performance loss was observed between 
the predictions made by models trained with one- to three-year lead 
time, a BRT1 model was trained with a three-year lead time (the long-
est interval without performance loss) for the derivation of future 
predictions. This model was used in forecast mode to detect areas 
in the Sudano–Sahel that are more susceptible to the occurrence of 
an abrupt shift in 2025. For that purpose, we used rainfall data up to 
2022 and an extended NDVI dataset (Appendix 3 in Supplementary 
Information) to derive temporal autocorrelation and vegetation and 
rainfall dynamics predictors. The derived probabilities were calibrated 
using Platt Scaling65.

Data availability
The map with the location and timing of the detected abrupt shifts 
in ecosystem functioning in the study area is available via Zenodo at 

https://doi.org/10.5281/zenodo.10636821 (ref. 66). All other datasets 
used in this study are publicly available from the referenced sources: 
GIMMS NDVI49, CHIRPS rainfall data50, MODIS MCD12C1 land-cover 
product51, GPWv4 (ref. 52), GLWv3 (ref. 53), HANPP54, ISRIC Soil Maps55, 
MODIS MOD16A2 Net Evapotranspiration product57.

Code availability
The code used to derive the temporal AC1 from the NDVI and rainfall 
time series was made available by Liu et al.23 (https://doi.org/10.1038/
s41558-019-0583-9) and adapted to the R language by P.N.B. (https://
github.com/paulonbernardino/DLM_example_Liu2019)67. Additional 
custom code used in this study is available via Zenodo at https://doi.
org/10.5281/zenodo.10636821 (ref. 66).
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Extended Data Fig. 1 | Importance of the variables used by the BRT model. To 
assess each variable’s importance, we used here the gain value. ‘Long-term’  
refers to the entire 14-years training period, while ‘short-term (earlier)’ refers to 

the first seven years and ‘short-term (later)’ to the last seven years. N: nitrogen; sd: 
standard deviation; HANPP: human appropriation of net-primary productivity;  
P: phosphorus; AC1: autocorrelation at-lag-1; CEC: cation exchange capacity.
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Extended Data Fig. 2 | Marginal effect plots for soil nitrogen and population density. These variables represent the second and fourth most important variables 
used by the BRT model. Abrupt shift probability increases with soil nitrogen (a), while for population density (b), an increase is observed up to 19 persons/km2, but then 
probabilities stabilize around 0.48 at 32 persons/km2.
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Extended Data Fig. 3 | Updated map with the detected abrupt shifts, and their respective years, for the study area. When compared to the results of  
Bernardino et al.11, the updated map presents abrupt shifts detected in regions that are located south of the Sudano-Sahel, but that are still mainly limited by water 
availability (see Methods).
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