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Abstract

Globally, droughts are becoming longer, more frequent and more severe, and their impacts
are multidimensional. These impacts typically extend beyond the water balance as
long-term, cumulative changes in the water balance can lead to regime shifts in land use.
Here, we assess the effects of temporal changes in water supply and demand on vegetation
productivity and land cover change over multiple time scales in continental Chile, which has
experienced a severe drought over the last 20 years. Across most of continental Chile, we
found a persistent decreasing trend in water supply and an increasing trend in water
demand since 1981, trends that intensify over longer time scales. This long-term decrease
in water availability has led to a decrease in vegetation productivity, especially in central
and southern Chile. Our models suggest that increasing drought severity has led to shifts in
land use towards more drought-tolerant land cover types, such as shrublands. We also
found evidence that human perceptions of prolonged drought can indirectly lead to
large-scale changes in land use. Our results suggest that long-term climate change may lead
to regime shifts in land cover that can be mitigated by context-specific adaptation
strategies.

1 This paper is a non-peer reviewed preprint submitted to EarthArXiv.



Introduction

Across many regions of the world, droughts are becoming longer, more frequent, and more
severe1,2, impacting ecosystems via tree mortality3 and productivity1 and inducing shifts in
land use and cover4. However, identifying drought events is idiosyncratic due to the varying
criteria used for classification. Droughts can be classified as either 1) meteorological, i.e.,
when precipitation in a specific period falls below mean precipitation values observed over
multiple years (usually more than 30 years); 2) hydrological, i.e., when precipitation
anomalies last for long periods (months to years) and affect water systems; 3) agricultural,
i.e. when precipitation deficits negatively impact plant health, leading to decreases in crop
or pasture productivity5; or 4) ecological, i.e., when precipitation deficits negatively affect
the provisioning of ecosystem services and trigger feedbacks in natural or human systems4.
Such feedbacks include drought impacts on human decision making and activities, which
can lead to land-use change6,7, which may have cascading effects on biodiversity and
ecosystem services (e.g., ref. 8, 9).

Despite the high degree of confidence in the impacts of rising temperatures on the extent,
frequency, and severity of agricultural and ecological droughts2, which are likely to increase
even if global warming stabilizes at 1.5°–2°C, the severity of meteorological droughts has
been remarkably stable globally over the past century10,11. In the few regions where drought
severity has increased over this period (1900-2000), rising temperatures have increased
atmospheric evaporative demand (AED), which has been associated with increases in
agricultural land area10. Thus, rising water demand may reflect parallel changes in land use
- primarily agriculture - that can exacerbate the effects of meteorological droughts on
ecosystems.

From 1960 to 2019, land-use change has impacted approximately one-third of the Earth’s
surface, which is four times more than previously thought12. Despite the considerable
interest in land-use change dynamics (e.g. ref. 12, 13), the direction and magnitude of
drought impacts on land cover change and vegetation productivity remain uncertain14-16.
While meteorological droughts are responsible for approximately 37% of land cover change
and variability in vegetation productivity globally16, there is little support for the idea that
meteorological droughts affect soil moisture14. However, the evidence supporting these
results is derived from only one drought index, Standardized Precipitation
Evapotranspiration Index (SPEI; ref. 17), which combines a proxy for water supply -
precipitation - with a proxy for water demand - AED - at one time scale (12 months). The
use of only one time scale may bias results of drought impacts towards ecosystems
dominated by plant growth forms such as grasses and herbs that respond more rapidly to
drought stress (< 12 months). This is because physiological differences among and within
dominant plant growth forms may increase (or decrease) tolerance of drought stress18,19.
For example, trees growing in more arid ecosystems typically respond over longer time
scales than those in more humid ecosystems20.

Expanding analyses to include multiple dimensions of droughts can provide
complementary insights into the Earth’s water balance - and its impacts - over multiple
time scales. Yet, the World Meteorological Organization recommends the use of a single
drought index for monitoring droughts21, i.e., the multi-scale Standardized Precipitation



Index (SPI; ref. 22), but is limited in that it only looks at water supply in the form of
precipitation. The SPEI builds upon SPI by incorporating the effects of temperature on
droughts, and is now used widely for drought monitoring (e.g., ref. 23, 24). To better
disentangle the effects of precipitation from those of temperature25, as well as to capture
droughts in terms of water demand, AED has been integrated into the Evaporative Demand
Drought Index (EDDI; ref. 26), which is particularly effective at detecting the rapid onset or
intensification of droughts. Indices derived from soil moisture products, such as the Soil
Moisture Deficit Index (SDMI; ref. 27), the Soil Moisture Agricultural Drought Index (SMADI;
ref. 28), and the Standardized Soil Moisture Index (SSI; ref. 29, 30) also monitor water
supply and are thought to better capture water availability for crops, thus providing more
relevant information for evaluating agricultural droughts. In turn, ecological droughts,
which capture the joint impacts of precipitation and temperature on natural and productive
ecosystems via variation in net primary productivity31-33, are usually monitored with the
Normalized Difference Vegetation Index (NDVI) and derived anomaly indices, e.g., zcNDVI34.
However, none of the aforementioned drought indices directly or indirectly consider the
broader impacts of droughts on human decisions and activities - particularly land-use
change, which is critical to developing a more holistic view of climate change impacts.

Here, we analyze the multi-dimensional impacts of drought on water supply and demand,
net primary productivity, and land-use change across terrestrial ecosystems in continental
Chile. Chile’s diverse climate and ecosystems35,36 make it an ideal natural laboratory for
assessing the dynamic interactions between climate and ecosystems, and potential impacts
on land-use change. Additionally, large parts of Chile have experienced severe drought
conditions that have significantly affected vegetation and water storage in recent years;
north-central Chile has faced a persistent precipitation deficit (or “mega-drought”) since
201037, which has broadly impacted native forests (e.g., ref. 38-40) and agricultural
productivity (e.g., ref. 34, 41, 42). There is also growing evidence that this “mega-drought”
has impacted farmers’ decision making, shifting to crop systems with shorter rotations and
lower capital costs43. Given the persistent water deficit associated with the "mega-drought"
and its cascading effects on the hydrological system44, it is critical to assess multiple time
scales that account for the cumulative impacts of this extreme event over several years. We
therefore aim to assess: i) short- to long-term time trends in multi-scalar drought indices
that capture variation in the components of water balance, i.e., water supply and demand;
ii) temporal changes in land-use cover and vegetation productivity, and iii) drought impacts
on vegetation productivity and land-use change across continental Chile.

Results

Decreases in water supply and increases in water demand strengthen over
longer time scales

We observed a temporal decrease in SPI, SPEI, and SSI - proxies largely associated with
water supply - from north to south in continental Chile, with the exception of the
southernmost region (“Austral”), a trend that became more pronounced when considering
longer time scales (Fig. 1). In contrast, we found that EDDI - a proxy for atmospheric water
demand - showed a positive trend across Chile, with a sharper increase over time scales in



the north than in the south. In general, these results suggest that declines in precipitation
have reduced water supply, while increases in temperature have increased water demand
over the past four decades.

Figure 1. Drought severity increases over longer time scales across most of continental Chile. Temporal
shifts in drought severity over multiple time scales for indices associated with water supply (SPI, SPEI, SSI)
and demand (EDDI) across continental Chile for 1981-2023. SPI is the standardized precipitation index, SPEI
is the Standardized Precipitation Evapotranspiration Index , SSI is the Standardized Soil Moisture Index, and
EDDI is the Evaporative Demand Drought Index. Drought indices were aggregated per region for visualization.

Vegetation productivity decreased in northern and central Chile

Despite evidence of increasing drought severity across Chile, we found contrasting temporal
trends in vegetation productivity (Fig. 2). In the two southernmost regions ('Sur' and
'Austral') and one northern region ('Norte Grande'), vegetation productivity increased over
the last 23 years, while in two more central regions ('Centro' and 'Norte Chico') it decreased
over the same period (Fig. 2). In central Chile, vegetation productivity was lowest from
2019 to 2022, which could be due to either a decrease in vegetation area, a loss of biomass
or browning in forest ecosystems.



Figure 2. Central and northern Chile have experienced the greatest decline in vegetation productivity.
Spatial (a) and temporal (b) variation in vegetation productivity across continental Chile for 2000-2023.
Vegetation productivity was estimated as standardized vegetation productivity (zcNDVI). Green corresponds
to areas with a positive temporal trend in zcNDVI, red corresponds to a negative temporal trend in zcNDVI,
and gray corresponds to areas that did not change over time. Temporal trends in zcNDVI were estimated with
the non-parametric modified Mann-Kendall test for serially correlated data.

Cropland and forest cover are shifting southwards

We also observed significant changes in land cover across continental Chile (Fig. 3). In
northern Chile ("Norte Grande" and "Norte Chico"), the area of croplands (-12 km2yr-1) and
savannas (-70 km2yr-1) decreased, while that of barren lands increased significantly (111
km2yr-1) and the area of forests, grasslands and shrublands did not change (0 km2yr-1). In
central Chile ("Centro"), croplands (-22 km2yr-1) and savannas (-136 km2yr-1) experienced a
strong decline in area, but the area of shrublands (146 km2yr-1), grasslands (83 km2yr-1),
and barren lands (23 km2yr-1) increased, and the area of forests did not change (0 km2yr-1).
In contrast, in southern Chile ("Sur"), forest (397 km2yr-1) and cropland (38 km2yr-1) area
increased over time, with only the area of savannas decreasing (-319 km2yr-1). In the
southernmost region ("Austral"), only the area of savannas increased (172 km2yr-1), while
the area of barren land (-93 km2yr-1) and shrublands (-37 km2yr-1) decreased. These results
suggest that croplands are shifting further south, from northern and central Chile to
southern Chile, where savannas are being rapidly replaced by native and planted forests.

Figure 3. Land cover is shifting dynamically across continental Chile. Temporal trends in absolute (a) and
relative (b) land cover across continental Chile for 2001-2022. Temporal change in area for each class was
estimated with Sen’s slope; zero values indicate no change, while red and blue points indicate maximum and
minimum values, respectively. Land cover classes with no values did not have statistically significant changes
in area over the study period. Relative land cover change was estimated within each study region.



Drought impact on vegetation productivity are strongest in south-central Chile

We found that temporal variation in vegetation productivity was usually best explained by
drought indices with time scales greater than 12 months (Fig. 4). For all drought indices, the
time scales with the strongest correlation with vegetation productivity were longer towards
northern Chile and shorter towards southern Chile, with the exception of the southernmost
region (“Austral”). Especially in south-central Chile (“Centro” and “Sur”), the time scales
with the strongest correlation with vegetation productivity were concentrated in the
Coastal and Andean mountain ranges. However, the areas where vegetation was most
affected by drought, i.e. where correlations were positive for SPI, SPEI and SSI and negative
for EDDI, were located in south-central Chile, but not necessarily in either of the two
mountain ranges. While the spatial variation in the relationship between drought intensity
and vegetation productivity was consistent across drought indices, the drought index that
captures water supply via soil moisture (Standardized Soil Moisture Index; SSI) tended to
show a stronger correlation with vegetation productivity over larger areas than the other
drought indices.

Our analysis also revealed that water demand and supply differentially affected the time
scales at which vegetation productivity of land cover types within each region was most
impacted by drought (Fig. 5/Table S1). In northern Chile, all land cover types exhibited
stronger correlations with drought indices associated with water supply, i.e. SPI, SPEI, and
SSI, at shorter time scales (12 or 14 months) than those associated with water demand,
AED (36 months). In central Chile, we observed a similar pattern for shrublands and
savannas, and found that vegetation productivity of shrublands, savannas, and croplands
was generally more affected by changes in water supply than grasslands, croplands, or
forests. In southern Chile, vegetation productivity within land cover types was less affected
by variation in water supply or demand, and at shorter timescales than in other regions.
Notably, vegetation productivity of native and planted forests was weakly correlated with
drought indices (-0.1 < r < 0.2) at relatively long time scales, particularly in central Chile.



Figure 4. Drought impacts on vegetation productivity shift across continental Chile. Pearson’s
correlation coefficient was used to estimate the direction and magnitude of the relationship between drought
severity and vegetation productivity for each index for 2000-2023. We show Pearson correlation coefficients
for the time scale (3 - 36 months) at which they reach their maximum absolute value. In Chile, areas in white
indicate no statistically significant correlation (p-value>0.05). SPI is the standardized precipitation index, SPEI
is the Standardized Precipitation Evapotranspiration Index , SSI is the Standardized Soil Moisture Index, and
EDDI is the Evaporative Demand Drought Index.



Figure 5. Drought impacts on vegetation productivity are higher over longer time scales. Spatial
variation in the time scale (3-36 months) at which drought impacts on vegetation productivity are most
severe across continental Chile for 2000-2023. In Chile, areas in white indicate no statistically significant
correlation between vegetation productivity and drought severity (p-value>0.05). SPI is the standardized
precipitation index, SPEI is the Standardized Precipitation Evapotranspiration Index , SSI is the Standardized
Soil Moisture Index, and EDDI is the Evaporative Demand Drought Index.



Drought transforms land cover distribution

Our random forest models show that drought indices explain between 22-48% of the
variation in land cover change across continental Chile, with the exception of croplands
whose variation was weakly affected by drought (Fig. 6; 11-20%). Moreover, these results
highlight the importance of considering water supply and demand, as drought indices
associated with both aspects of the water balance had high importance values across most
study regions and land cover types. The variation in the time scale of drought indices that
provide the strongest correlation with vegetation productivity also suggests that different
types of vegetation are not equally sensitive to droughts of similar intensities. For example,
changes in savanna and shrubland cover were associated with longer time scales in most
regions, while changes in forest cover in central and southern Chile were associated with
shorter time scales. Our results also show that drought severity was associated with the
magnitude and direction of land cover change (Fig. 7). More specifically, we found that
decreases in precipitation (SPI-6) and soil moisture (SSI-36) and increases in atmospheric
evaporative demand (EDDI-6 and EDDI-36) at multiple time scales are associated with
non-linear decreases in grassland cover across continental Chile and forest cover from
central to southern Chile. In contrast, shrubland cover increased non-linearly in response to
decreases in precipitation (SPI-6 and SPI-36) and soil moisture (SSI-6 and SSI–36) and
increases in atmospheric evaporative demand (EDDI-6 and EDDI-36) across central and
northern Chile. Savanna cover responded weakly to changes in precipitation across
continental Chile, but exhibited more pronounced non-linear declines in response to
increasing atmospheric evaporative demand (EDDI-6 and EDDI-36) across most study
regions. Cropland cover varied weakly in response to changes in either water supply or
demand, likely due to the widespread use of irrigation and other practices that mitigate the
effects of drought.

Figure 6. Shifts in water supply and demand drive land cover change across multiple time scales.
Variable importance of multi-scalar drought indices for explaining land cover change in five study regions
across continental Chile. Variable importance was estimated with Random Forest models fitted for each
combination of study region and land cover type. SPI is the Standardized Precipitation index, SPEI is the
Standardized Precipitation Evapotranspiration Index , SSI is the Standardized Soil Moisture Index, and EDDI is
the Evaporative Demand Drought Index. The numbers next to the drought index correspond to the time scales
in months (1- 36).



Figure 7. Drought severity drives land cover change, but not for all cover types. Response of land cover
change in response to water demand and supply across multiple time scales and study regions in continental
Chile. SPI is the Standardized Precipitation Index, SSI is the Standardized Soil Moisture Index, and EDDI is the
Evaporative Demand Drought Index. For SPI and SSI, negative values are associated with more severe drought,
while positive values of EDDI are associated with more severe drought. Numbers next to the drought index
correspond to the time scales in months (1- 36). Fitted lines are smoothed response curves across river basins
in each region estimated with Random Forest models. Results for other time scales and drought indices are
provided in Supplementary Information (Figs. S2-S5).

Discussion

Temporal trends in water supply and demand

With the exception of the southernmost region, we found a significant decreasing trend in
water supply (SPI, SPEI, and SSI) over the past four decades across continental Chile and is
strongest in northern and central Chile44,45. Our results reveal that decreases in water
supply increased over longer time scales, which is consistent with a progressive
intensification of drought severity across much of Chile, as has been observed in other
regions experiencing long-term droughts46,47. In parallel, we observed an increased water
demand (EDDI) due to rising air temperatures, which also strengthened over longer time
scales. Taken together, our results provide multiple lines of evidence that continental Chile
has experienced a sustained drying trend due to a concurrent decrease in precipitation and
increase in atmospheric evaporative demand48.



Temporal trends in vegetation productivity

The consequences of the persistent drying trend for ecosystems throughout continental
Chile are manifold. First, the prolonged hydrological drought, i.e. precipitation deficit, has
reduced groundwater storage (SSI; ref. 49), leading to a steady decline in vegetation
productivity (zcNDVI) since 2000 across northern and central Chile, reaching its lowest
level between 2020 and 2022. This decline was most strongly associated with declines in
soil moisture, as has been reported for natural and productive ecosystems50-52. Second, the
strong coupling between vegetation productivity and soil moisture over longer time scales53

that we observed provides a more direct physiological explanation for the sharp decline in
forest growth and productivity in central Chile (e.g., ref. 1, 54), as the dominant woody
vegetation (e.g., trees, shrubs) in this region is likely to obtain water from deeper in the soil
profile than herbs, grasses, or agricultural crops55. Moreover, the strengthening of the
correlation between vegetation productivity and water supply (SPI, SPEI, SSI) or demand
(EDDI) over multiple time scales (up to 36 months) and across land cover types (Fig. 5) -
demonstrates the impacts of climate change on the water balance in Chile. Impacts may
extend beyond vegetation productivity, as reduced soil moisture in central Chile and the
western United States has increased wildfire activity56,57, which is a growing concern in
Chile and may be further exacerbated by extensive plantations of highly flammable tree
species, e.g., Eucalyptus spp. and Pinus spp.58. Third, we found that the decline in the
vegetation productivity of croplands is due to a decrease in the water supply to a greater
extent than to an increase in water demand59, despite evidence that more water-intensive
crops have replaced less water-intensive crops in central Chile, leading to an increase in
water extraction from rivers or groundwater60,61.

Drought impacts on land cover

We found evidence that temporal decreases in water supply and decreases in water demand
are driving shifts not only in vegetation productivity but also in land cover across most of
continental Chile. Forest and grassland cover were particularly sensitive to changes in the
water balance over short and long temporal scales, which is consistent with recent studies
showing that progressive, long-term water deficits in central Chile have triggered forest
browning and declines in native forest productivity1,38,54. While our analysis do not
distinguish between native and planted forests, the latter of which are considered to be
more drought tolerant in central and southern Chile62, we show that forest area declines
more sharply in response to increasing water demand due to rising temperatures (EDDI)
than decreasing water supply (e.g., SPI, SSI; refs. 63, 64), which may have cascading impacts
on multiple facets of forest diversity65,66. Our results extend the results of these studies by
showing that drought-induced forest cover decline has extended beyond central Chile to the
southernmost region of continental Chile. This is noteworthy because declines in vegetation
productivity in southern Chile - a region whose water balance is typically projected to be
less affected by climate change than central and northern Chile67 - have only manifested
since 2022 (Fig. 2). Moreover, our results provide evidence that, in addition to forest cover,
other land cover types have been affected by water deficits, particularly grasslands, despite
physiological differences between dominant plant growth forms (e.g., trees, shrubs, C3 and
C4 grasses; refs. 18, 19). Our results therefore suggest that multiple land cover types could



be vulnerable to regime shifts towards more drought tolerant land cover types68,69, such as
shrublands, whose cover increased non-linearly in response to increasing drought severity.
In central Chile, for example, the increase in shrubland cover could be due to
drought-induced decreases in savanna or cropland cover. Changes in cropland cover may
not be a direct consequence of drought (Fig. 7), but rather an indirect one, possibly
reflecting the decision of resource-poor farmers to migrate to regions with more abundant
water resources or to change economic activity7,70. In contrast, the increase in shrubland
cover due to a decrease in savanna cover may be ecological, as shrubs may be more drought
tolerant than other growth forms71,72.

Overall, our results show that long-term declines in water supply and demand have induced
widespread, multi-dimensional impacts on the vegetation productivity and on the extent of
land cover types. While prolonged droughts may directly cause shifts to more
drought-tolerant land cover types, such as shrublands, they may also influence land cover
change through human decision making and activities. This study extends current
understanding of drought impacts by demonstrating how their multidimensionality
emerges over multiple time scales and across land cover types, which can contribute to
developing context-specific adaptation strategies for agriculture, biodiversity conservation,
and natural resource management.

Materials and Methods

Study area

Continental Chile has a diverse climate, with strong gradients from north to south and east
to west73 (Fig. 8a), which, together with its complex topography, determine its ecosystem
diversity36,74 (Fig. 8c). We divided Chile into five regions: “Norte Grande” (17°34’–25°42’S),
“Norte Chico” (25°42’-32°8’S), “Centro” (32°08’-36°12’S), “Sur” (36°12’-43°48’S), and
“Austral” (43°48’-56°00’S). “Norte Grande” and “Norte Chico” are predominantly arid with
hot (Bwh in the Koppen-Geiger classification) and cold (Bwk) temperatures. Towards the
south of “Norte Chico”, the climate changes to an arid steppe with cold temperatures (Bsk).
In these two northern regions, the land is mostly bare, with a small area covered by
shrublands and grasslands. In the “Centro” region and the northern half of “Sur”, the
climate is mostly Mediterranean, with warm to hot summers (Csa and Csb). Land cover in
the “Centro” region consists of a significant amount of shrublands and savannas (50%),
followed by grasslands (16%), forests (8%), and croplands (5%). The south of “Sur” and the
north of the “Austral” region have a mostly oceanic climate (Cfb). Those zones have a large
area of forests and grasslands. The southern part of the country has a tundra climate, while
"Austral" is a cold, semi-arid area covered by grasslands and forests, and, to a lesser extent,
savannas.



Figure 8. Climate, topography, and land cover classes across continental Chile. Koppen-Geiger climate
classes (a), topography (b), land cover classes for 2022 (c), and persistent land cover classes (> 80%) for
2001-2022 (d) across continental Chile..

Data

Gridded meteorological and vegetation data

To derive a proxy for vegetation productivity, we used the Normalized Difference Vegetation
Index (NDVI) from the MOD13A3 Collection 6.1 product derived from the MODIS
(Moderate-Resolution Imaging Spectroradiometer) sensor onboard the Terra satellite.



MOD13A3 provides vegetation indices with a 1 km spatial resolution and monthly
frequency75. For soil moisture, water supply, and water demand variables, we used
ERA5-Land (ERA5L; ECMWF Reanalysis version 5 over land)76, a reanalysis dataset that
provides atmospheric and land variables since 1950. It has a spatial resolution of 0.1° (9
km), hourly frequency, and global coverage. We selected total precipitation, maximum and
minimum temperature at 2 meters, and volumetric soil water layers between 0 and 100 cm
of depth (layer 1 to layer 3; Supplementary Materials and Methods, Supplementary Tables 2
and 4).

Short- to long-term drought trends

Atmospheric Evaporative Demand (AED)

To compute drought indices that use water demand, it is necessary to first calculate AED. To
do this, we employed the Hargreaves method77,78 by applying the following equation:
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We selected the method of Hargreaves to estimate AED because of its simplicity, as it only
requires temperature and extraterrestrial radiation, and because access to the data needed
for alternative methods (e.g., Penman-Monteith), which is often limited in Chile20.

Drought indices

To derive the drought indices of water supply and demand we used the ERA5L dataset and
the MODIS product (MOD13A379), with a monthly frequency for 1981–2023 and
2000–2023, respectively. Drought indices capture historical anomalies of water supply and
demand. To quantify each anomaly, the common practice is to derive it following a
statistical parametric method in which it is assumed that the statistical distribution of the
data is known80. The use of an erroneous statistical distribution that does not fit the data is



usually the highest source of uncertainty81. In the case of Chile, due to its high degree of
climatic variability, it is difficult to choose a statistical distribution that can be used across
its entire extent. We therefore use a non-parametric method for the calculation of the
drought indices, following ref. 82.

For monitoring water supply, we used the Standardized Precipitation Index (SPI; ref. 22),
which relies on precipitation data. To evaluate water demand, we chose the Evaporative
Demand Drought Index (EDDI; refs. 26, 83), which is based on the AED. To consider the
combined effect of water supply and demand, we selected the SPEI17. For SPEI, an auxiliary
variable is calculated. Soil moisture is the main driver of vegetation𝐷 = 𝑃 − 𝐴𝐸𝐷
productivity, particularly in semi-arid regions84. Hence, we used the Standardized Soil
Moisture Index (SSI) to monitor soil moisture (SM)85. For the SSI, we used the average soil
moisture from ERA5L at a depth of 1m. All calculated indices are multi-scalar and can be
used for the analysis of short- to long-term droughts.

To derive the drought indices, we first calculated the sum of the variables with regard to the
time scale(s). In this case, for generalization purposes, we use , referring to variables ,𝑉 𝑃

, , and (Table S2). We accumulated each variable over the time series of values𝐴𝐸𝐷 𝐷 𝑆𝑀
(months), and for the time scales :𝑠
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scales . This is summed over s months, starting from the most recent month (n) back in𝑠
time until month n-s+1. For example, using as a variable the precipitation, a period of
twelve months (n), and a time scale of three months (s):
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Then, we used the empirical Tukey plotting position86 over to derive the𝐴
𝑖
𝑠 𝑃 𝑎

𝑖( )
probabilities across a period of interest:

𝑃 𝐴
𝑖
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𝑛+0.33' 3( )

An inverse normal approximation87 obtains the empirically derived probabilities once the
variable accumulates over time for the scale . Thus, the drought indices , , ,𝑠 𝑆𝑃𝐼 𝑆𝑃𝐸𝐼 𝐸𝐷𝐷𝐼

are obtained following the𝑎𝑛𝑑 𝑆𝑆𝐼
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refers to the drought index calculated for the variable . The values for the constants are:𝐷𝐼 𝑉
, , , , , and𝐶

0
= 2. 515517 𝐶

1
= 0. 802853 𝐶

2
= 0. 010328 𝑑

1
= 1. 432788 𝑑

2
= 0. 189269

(Abramowitz and Stegun, 1968). For , W= ,𝑑3 = 0. 001308 𝑃 𝐴
𝑖
𝑠( ) ≤ 0. 5 − 2 · 𝑙𝑛 𝑃 𝐴
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and for , replace with and reverse the sign of .𝑃 𝐴
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𝑠( ) > 0. 5 𝑃 𝐴

𝑖
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The drought indices were calculated for time scales of 1, 3, 6, 12, 24, and 36 months at a
monthly frequency for 1981–2023.

Temporal trends of drought indices

To determine if there are statistically significant positive or negative temporal trends for the
drought indices, we used the non-parametric modified Mann-Kendall test for serially
correlated data88. To determine the magnitude of the trend, we used Sen’s slope89. Sen’s
slope is less affected by outliers than parametric ordinary least squares (OLS) regression,
and as a non-parametric method it is not influenced by the distribution of the data. We
applied both methods for SPI, EDDI, SPEI, and SSI and six time scales, resulting in a total of
24 trends. We then aggregated temporal trends for each region and land cover type.

Vegetation productivity

We also used the MODIS product to calculate vegetation productivity, and calculated
anomalies in NDVI using zcNDVI34, which was derived from the monthly time series of
NDVI, with Equations 2 and 4. For vegetation productivity, we selected the time scale that
best correlates with annual net primary productivity (NPP) across continental Chile. For
this purpose, we calculated zcNDVI for time scales of 1, 3, 6, and 12 months (from
December) and compared it with the annual NPP. We obtained NPP from MOD17A3HGF90.
We chose to use six months because the R2 between zcNDVI and NPP reaches its highest
value at six months, obtaining an R2 of 0.31 for forest and 0.72 for shrubland
(Supplementary Information Section S2). We subsequently used zcNDVI with a time scale of
6 months and calculated it at a monthly frequency for 2000–2023.

Drought impacts on vegetation productivity

For each land cover, we analyzed the trend of vegetation productivity. To this end, we
identified areas within each land cover macro-class that are persistent over time, to reduce
the possibility that trends in vegetation productivity may be influenced by changes in land
cover. We examined the correlation between drought indices and vegetation productivity
across land cover types to determine to the extent to which soil moisture and water
demand and supply affect vegetation productivity.

We estimated pixel-to-pixel Pearson’s correlations between drought indices at time scales
of 1, 3, 6, 12, 24, and 36 months with zcNDVI. We extracted the Pearson correlation



coefficient corresponding to the time scale with the highest value. For each index, we then
generated two maps: 1) a raster with values of the time scales and drought index that
reached the maximum correlation, and 2) a raster with the magnitude of the correlation
between the drought index and vegetation productivity.

Drought impacts on land cover change

Land cover change

To analyze land cover change, we used the classification scheme of the International
Geosphere-Biosphere Programme (IGBP) from the product MCD12Q1 Collection 6.1 from
MODIS. The MCD12Q1 product is produced for each year from 2001 to 2022 and defines 17
classes (see Table S1). Following the FAO classification91, we classified native and planted
forests as “forests”, which represent natural and productive ecosystems dominated by large
trees. To analyze the land cover change, we use the IGBP scheme from the MCD12Q1
product. We regrouped the 17 classes into ten macro-classes, as follows: 1-4 to forests
(native forest and plantations), 5-7 to shrublands, 8-9 to savannas, 10 as grasslands, 11 as
wetlands, 12 and 14 to croplands, 13 as urban, 15 as snow and ice, 16 as barren, and 17 as
water (Table S3). This resulted in a time series of land cover with ten macro-classes for
2001 and 2023. We validated the land cover macro-classes using a high resolution (30 m)
land cover map for 2013-201492. Our results showed a global accuracy of ~0.82 and a F1
score of ~0.66 (Supplementary Information, S2).

We calculated the area for each land cover class in the five study regions for 2001–2022. We
then estimated the temporal change in area for each land cover type and macro-class, and
determined the statistical significance (p-value < 0.05) and magnitude of the trend as
described above.

To assess how water demand and supply, and soil moisture affect the variation in vegetation
productivity across various land cover types, we avoid analyzing areas that experienced
major land cover changes in the 2001–2022 period. To assess how zcNDVI varied
irrespective of land cover change, we developed a persistence mask for land cover, which
only retains pixels for which the macro-class remained the same for at least 80% of the 22
years (Fig. 8d).

Relationship between land cover and drought trends

To identify which drought indices and time scales have a major impact on changes in land
cover type, we examined the relationship between the trend in land cover classes and the
trend in drought indices. We performed the analysis at the sub-basin scale, using 485 river
basins, which have a surface area between 0.906 and 24,408 km2 and a median area of
1,249 km2(Supplementary Fig. S8/Table S5). For each basin, we calculated the trend per
land cover type, considering the proportion of the type relative to the total surface of the
basin. For each basin we extracted the average trend of all drought indices and at time
scales of 1, 3, 6, 12, 24, and 36 months. Also, we extracted the average trend in zcNDVI.

We modeled trends in land cover type per macroclass with the aim of assessing how land
cover trends relate to drought indices. We used the random forest method93, which employs



multiple decision trees, allowing for classification and regression. Some advantages of
random forest include the ability to find non-linear relationships, reduce overfitting, and
derive variable importance. We included the four drought indices at each time scale and
zcNDVI for a total of 25 predictors and built six random forest models, one for each land
cover and region. We trained each model with 1000 trees using a resampling strategy with
cross-validation. To this end, we used cross-validation to evaluate model fit using ten folds
then calculated R2, root mean square error (RMSE), and variable importance. Variable
importance identifies which variables have a higher contribution to explaining model
variation. We calculated variable importance by permuting out-of-bag (OOB) data per tree
and calculating the mean standard error of the OOB data. After permuting each predictor
variable, we repeated the process for the remaining variables. We repeated this process ten
times per fold to assess model fit.

Finally, we visually explored the relationship between drought indices and changes in land
cover. To do this, we compared the relative changes in land cover surface with the drought
indices of six and thirty-six months.

Software

For downloading, processing, and analyzing spatio-temporal data, we used the R
programming language for statistical computing and graphics94. For downloading ERA5L,
we used the {ecmwfr} package95. For processing raster data, we used {terra}96 and
{stars}97. For managing vectorial data, we used {sf}98. For the calculation of AED, we used
{SPEI}99. For mapping, we used {tmap}100. For data analysis and visualization, the suite
{tidyverse}101 was used. For the random forest modeling, we used the {tidymodels}102 and
{ranger}103 packages.
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