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Abstract

Water scarcity under sustained aridification is among the most consequential threats to agriculture in
Mediterranean-climate regions. Central Chile’s ongoing megadrought (~2010-present), characterized by
persistent precipitation deficits and intensified atmospheric evaporative demand-provides a natural experiment
for examining how agricultural water use efficiency (WUE) responds to prolonged climatic stress. Using
remotely sensed estimates of net primary production (NPP) and evapotranspiration (ET) across the 76
agricultural watersheds (2001-2020), we characterize WUE dynamics along multiple dimensions of aridification

and assess the role of crop composition in modulating watershed-scale sensitivity.

Contrary to expectations that technological adaptation might buffer efficiency outcomes, we find a persistent,
spatially coherent decline in agricultural WUE across much of central Chile, with structural break points
clustering near 2010 in coincidence with megadrought onset. Hydroclimatic pressures-particularly reduced
water availability and elevated atmospheric demand-appear to have outweighed any efficiency gains from
improved irrigation practices, suggesting that under sustained drought, water and energy limitations constrain
agricultural productivity at regional scales beyond the reach of field-level adaptation. Precipitation deficit
was the dominant aridification signal explaining WUE variability, with atmospheric demand contributing
modest independent explanatory power. Crop composition explained more than half of the spatial variance
in drought sensitivity, with cereal-dominated systems showing lower WUE-SPEI sensitivity relative to forage

systems, while irrigated area share was positively associated with drought sensitivity.

These results challenge the assumption that irrigation efficiency improvements can adequately buffer

agriculture against intensifying hydroclimatic stress, and underscore the need for water governance frameworks
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that operate at the landscape and regional scale.
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1. Introduction

Global agriculture consumes approximately 70% of freshwater withdrawals (Hoekstra and Mekonnen, 2012),
yet water use efficiency (WUE) remains poorly quantified at regional scales under conditions of sustained
climatic stress. As aridification intensifies across dryland and Mediterranean-climate regions (Gebrechorkos
et al., 2025), understanding how agricultural WUE responds to different dimensions of water deficit becomes

critical for adaptive water governance (FAO y ONU Agua, 2025; Howden et al., 2007; Wallace, 2000).

Chile provides an unusually compelling natural laboratory for this question. Since approximately 2010,
central and southern Chile has experienced a persistent precipitation deficit that has been characterized as a
megadrought—a multi-year dry anomaly that exceeds the interannual variability expected from modes of
climate variability alone (Garreaud et al., 2017, 2020). The megadrought has reduced annual precipitation by
20-40% relative to the twentieth-century mean, depleted streamflows, and lowered groundwater levels across
the country’s most productive agricultural zones (Boisier et al., 2018). Parallel to precipitation reduction,
atmospheric evaporative demand has intensified as warming has elevated vapor pressure deficit (VPD),
compounding water stress beyond what precipitation-only indices capture (Li et al., 2023; Zambrano et al.,

2025).

Despite the severity of this hydroclimatic disruption, characterized by 20-40% precipitation reductions
relative to twentieth-century means, streamflow depletion, and intensified atmospheric evaporative demand
through elevated vapor pressure deficit (VPD), the agricultural response, specifically in terms of WUE, has
not been systematically characterized. WUE provides a systems-level signal of how efficiently agricultural
land converts water into biomass under changing conditions (Hoover et al., 2023; Tto and Inatomi, 2012; Jiang
et al., 2025). While Garreaud et al. (2017), Garreaud et al. (2020), and Boisier et al. (2018) document the
megadrought’s precipitation and hydrological impacts across Chile’s productive zones, no studies have been
conducted that provide a detailed analysis of cropland WUE dynamics under multidimensional aridification.

Global meta-analyses reveal drought typically increases crop WUE by ~1.5% through physiological adjustments

*Corresponding author
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(Yu et al., 2020), yet these effects vary unpredictably by crop type, drought timing, and duration without
regional mechanistic breakdowns (e.g., NPP vs. ET drivers). Changes in WUE during prolonged drought may
reflect multiple processes operating simultaneously: stomatal regulation under vapor pressure deficit stress,
shifts in phenology, compositional changes in cropping systems, and the partial buffering of irrigated systems
against precipitation deficits (Wang et al., 2024). Mediterranean irrigation studies estimate 35% potential
water savings via efficient systems but rarely quantify WUE responses to combined precipitation deficits
and VPD intensification in export-oriented perennial systems (Fader et al., 2016). Regional assessments in
Latin America report low agricultural water utilization (35-86%) but fail to disentangle drought-specific
drivers or crop-composition effects on sensitivity (Mekonnen and Hoekstra, 2011). This leaves critical gaps
in understanding how Chile’s export-oriented perennial horticulture responds to sustained megadrought

conditions.

Agricultural crop composition is likely to modulate the WUE response to aridification. Perennial fruit crops
(vineyards, orchards), which dominate the high-value export agriculture of central Chile, have different water
use strategies compared with annual grain and forage crops. Perennials maintain year-round root systems
and may sustain higher net primary production (NPP) under deficit conditions through deep root access,
whereas annuals experience sharper productivity collapses once critical thresholds are breached (Chakraborti
et al., 2023; Davis et al., 2017). The degree to which crop composition moderates WUE sensitivity to
aridification signals is investigated here using agricultural census data linked to watershed-level WUE and

drought records.

A key conceptual contribution of this paper is to treat aridification as a multi-process phenomenon rather
than a single drought signal. Previous analyses have often used a single index, typically a precipitation-based
measure, to characterize drought impacts on vegetation. However, SPEI (Standardized Precipitation-
Evapotranspiration Index, Vicente-Serrano et al. (2010)) captures the combined effect of precipitation deficits
and elevated atmospheric demand, SPI (Standardized Precipitation Index, Mckee et al. (1993)) isolates
precipitation deficits, and EDDI (Evapoarative Demand Drought Index, Hobbins et al. (2016), McEvoy et al.
(2016)) captures anomalies in atmospheric evaporative demand independently of precipitation. Whether WUE
responds differently to these distinct aridification dimensions has not been established for Chilean agriculture.
A methodologically distinctive feature of this study is the use of a paired-census quasi-experimental design
to disentangle structural crop-composition effects from drought-driven land-use adaptation. By comparing

crop-composition-sensitivity relationships estimated from the 2007 (pre-drought) and 2021 (post-drought)
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agricultural censuses, and by fitting spatial error models that account explicitly for the geographic clustering of
crop systems alongside aridification exposure, the study can assess whether elevated WUE-drought sensitivity
in particular watershed types reflects an enduring structural property of those crop systems or a post-drought
artefact of compositional change. This integration of paired-census design with spatial statistical inference,
rather than treating OLS crop-composition coefficients as causally independent, constitutes the primary

methodological contribution of the study alongside its multi-dimensional aridification framework.

This paper addresses the following primary question: How does agricultural WUE respond to different
dimensions of aridification during the Central Chile Megadrought? Secondary questions ask: (i) Do zNPP
(NPP z-score) and SETT (Standardized Evapotranspiration Index) trends reveal whether observed WUE
change is driven primarily by declining vegetation productivity or by changes in actual evapotranspiration
(ET)? (ii) Did WUE undergo a structural break coincident with megadrought onset around 20107 (iii) Which
long-term aridification signal, SPEI, SPI, or EDDI, explains the greatest share of WUE variability? (iv) Does
crop composition modulate WUE sensitivity to aridification? (v) Are WUE responses spatially clustered

across Chilean watersheds?

2. Data and Methods

2.1. Study area

Continental Chile extends from approximately 17°S to 56°S, encompassing some of the world’s most extreme
latitudinal climate gradients within a single country (Aceituno et al., 2021). The northern Atacama region is
hyperarid; the semi-arid Norte Chico (approximately 26°S-32°S) transitions into the Mediterranean-climate
zone of central Chile (32°S-38°S), which concentrates the majority of the country’s irrigated agriculture,
viticulture, and fruit export production. South of the Biobio River (~38°S), a temperate humid zone supports

rainfed cereal and forage production transitioning to temperate rainforests further south (Figure 1).

The megadrought has most severely affected the 30°S-42°S band, where precipitation deficits of 25-45%
relative to the twentieth-century mean have persisted since 2010 (Boisier et al., 2018; Garreaud et al., 2020).
The study uses watershed-level spatial units based on the Chilean National Water Authority (DGA, General
Directorate of Water) hydrological boundaries, which provide physically meaningful aggregation units and

align with the country’s water allocation governance framework (Rivera et al., 2016).

2.2. WUE data

Annual cropland WUE expressed in g - C - kg ' H,O-71, is defined as:
4
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Figure 1: Climate, topography, and land cover classes across continental Chile. Koppen-Geiger climate classes (a), ecoregions
(b), topography (c), and persistent land cover classes (> 80%) for 2001-2023 (d) across continental Chile. Reproduced from

Zambrano et al. (2025) under CC BY 4.0 license.
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NPP

WUE = BT
It was obtained from the global cropland WUE dataset of Jiang et al. (2025), which provides 1-km grid
annual rasters for 2001-2020 derived specifically for agricultural areas. NPP was estimated using an improved
Evaporative Fraction Light-Use Efficiency (EF-LUE) model driven by ERA5-Land reanalysis meteorology
(temperature, solar radiation, vapour pressure deficit; bilinearly resampled from the native ~9 km resolution
to 1 km as described in Jiang et al. (2025)), GLASS fAPAR and LAI (500 m, 8-day; interpolated to daily),
and cropland distribution from ESA CCI-LC land cover (300 m, aggregated to 1 km). The EF-LUE model

parameterises stomatal water stress via an evaporative fraction term calibrated against FLUXNET2015 flux

tower observations across multiple Képpen-Geiger climate zones. Annual NPP was computed as:

NPP=08xY» GPP,—» MR,
d d

where MR, is temperature-dependent maintenance respiration of leaves and fine roots. ET was sourced
from the ETMonitor product (1 km, daily, Hu and Jia (2015)), which integrates energy balance, water balance,
and plant physiological processes and was validated against flux towers with correlation > 0.75. Rasters
were cropped to Chile’s extent (76°W-66.24°W, 56.54°S-17.49°S), then monthly, and annual mean WUE was
extracted per watershed by spatial averaging. The 20-year time series (2001-2020) spans a pre-megadrought
reference period (2001-2009) and the megadrought period (2010-2020).

WUE values were aggregated as arithmetic means across cropland pixels within each watershed boundary

(Hoover et al., 2023; Jiang et al., 2025).

2.83. Drought drivers and WUE mechanistic components

The variables used in this study serve two analytically distinct roles. Drought drivers (SPEI, SPI, EDDI)
characterize the external aridification forcing imposed on agricultural systems. WUE mechanistic components
(zNPP, SETT) track the internal responses within the WUE identity, representing the numerator (NPP) and

denominator (ET) separately, and are therefore not treated as additional drought indices.
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2.3.1. Aridification drivers

Three complementary drought indices were used to characterize distinct dimensions of aridification, following
the framework established in AghaKouchak et al. (2015), Gebrechorkos et al. (2023), and Zambrano et al.
(2025):

SPEI (Standardized Precipitation-Evapotranspiration Index, 36-month scale) represents the
primary aridification driver. SPEI captures the hydroclimatic balance by incorporating both precipitation
inputs and atmospheric evaporative demand into a standardized anomaly, making it sensitive to the combined
effect of precipitation deficit and VPD intensification that characterizes the megadrought (Li et al., 2023,;
Zambrano et al., 2025). SPEI was calculated from ERA5-Land monthly precipitation, and ET was calculated

based on FAO-56 Penman-Monteith reference evapotranspiration following Vicente-Serrano et al. (2010).

SPI (Standardized Precipitation Index, 36-month scale) isolates precipitation deficits, providing a
comparison signal that reflects the purely pluviometric dimension of drought without evaporative demand

effects (Mckee et al., 1993).

EDDI (Evaporative Demand Drought Index, 36-month scale) characterizes anomalies in atmospheric
evaporative demand independently of precipitation, thereby capturing the thermally driven component of
aridification (Hobbins et al., 2016; McEvoy et al., 2016). The EDDI implementation follows a sign convention
aligned with SPEI and SPI: positive values indicate below-normal evaporative demand (wet-like conditions)
and negative values indicate above-normal demand (drought-like conditions). This convention inverts the
original Hobbins et al. (2016) polarity and allows direct cross-index comparison with a shared interpretation

(negative = drought).

All three indices were computed at the 36-month accumulation scale to capture long-term signals of
aridification (Zambrano et al., 2025), regularly associated with hydrological impacts. Monthly values were

extracted per watershed polygon and aggregated to annual means before analysis.

2.3.2. WUE mechanistic components

Two variables were incorporated to decompose WUE variability in terms of the identity WUE = NPP/ET,
providing insight into whether observed WUE changes are driven by the productivity (NPP) or water use
(ET) side of the ratio.

zNPP (z-score NPP) tracks the NPP numerator of WUE directly. Annual NPP estimates from
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MOD17A3HGF (MODIS Terra, 500 m, Collection 6.1) were z-score standardised within the 2001-2020
reference period, yielding an anomaly series that reflects interannual variability in vegetation productivity

relative to the historical mean.

SETI-36 (Standardized Evapotranspiration Index, 36-month scale) captures multi-year anomalies
in actual evapotranspiration relative to the historical baseline, representing the ET denominator of WUE.
Drought-induced reductions in actual ET reflect the combined effect of stomatal closure, reduced soil water
availability, and phenological shifts. The imbalance between EDDI (atmospheric evaporative demand) and
SETT (actual evapotranspiration) identifies watersheds where potential demand increasingly exceeds actual
water use, a signal of progressive vegetation-atmosphere decoupling and physiological water stress. SETI
was derived from MOD16A2GF (MODIS Terra, 500m 8-day, Collection 6.1) actual evapotranspiration data
(Running et al., 2021). Because zNPP (MOD17A3HGF) and SETI (MOD16A2GF) are derived from products
independent of the ETMonitor/EF-LUE pipeline used by Jiang et al. (2025) to construct the WUE rasters,
this mechanistic decomposition functions as a cross-product consistency check rather than an exact algebraic

decomposition of the WUE numerator and denominator.

2.4. Agricultural census data

Crop composition data were obtained from two Chilean Agricultural and Forestry Censuses: the VII Census
(2007, pre-drought baseline) (INE, 2007) and the VIII Census (2020-2021, endpoint) (INE, 2021). Both
censuses report cultivated area (ha) by crop category and management type (irrigated/rainfed) at commune
level. Crop categories included: cereals, legumes and tubers, industrial crops, vegetables and aromatics,
fruit trees, vineyards and pisco grapes, cut flowers, seed crops, nurseries, and forage crops. Categories were

harmonised across census editions to ensure comparability.

Raw census data were processed to assign commune identifiers by normalizing names and cross-referencing
with spatial boundary databases, including manual correction of combined entries for communes grouped for
statistical confidentiality. Crop areas were preserved separately by irrigation condition (irrigated, rainfed) as
reported directly in the census. Where the irrigation split was not reported directly, it was imputed from
subsidiary files using residual ratios and flagged accordingly. Of the 3,807 crop-category records in the 2007
census long-format dataset, 2,535 (66.6%) used imputed irrigation splits; the 2021 census had no imputed
records (all irrigation splits directly reported). Imputed values preserve national agricultural totals but
may misallocate irrigation at the individual commune level, potentially introducing attenuation bias in the

percentage irrigated area regression coefficient for the 2007 analysis. Given that the 2007 baseline is used

8
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only for directional consistency checks rather than primary inference, this limitation does not affect the main
crop composition results. For the 2021 analysis, which underpins the primary SEM results, the irrigated area
share variable is derived entirely from directly reported data. Commune-level data were spatially aggregated
to watershed level using area-weighted means via a spatial join between commune boundaries and watershed
polygons. Each watershed therefore receives a crop composition vector reflecting the agricultural structure of

the communes it contains.
From the per-watershed crop areas, the following proportional indicators were derived:

e pct_fruits: proportion of area under fruit trees

e pct_vineyards: proportion under vineyards and pisco grapes

e pct_cereals: proportion under cereals

e pct_vegetables: proportion under vegetables and aromatics

e pct_forages: proportion under forage crops

o pct_irrigated: irrigated share of total agricultural area (irrigated / (irrigated + rainfed)), reflecting the

buffering capacity of irrigation infrastructure against precipitation deficits

Three functional aggregates were computed: perennial horticultural crops (pct_perennials = pct_fruits
+ pct__vineyards), annual cropland (pct__annuals = pct__cereals + pct_vegetables), and forage/pasture
(pct__forage = pet__forages). Dominant crop type was assigned to each watershed using a 40% area threshold:
if any functional group exceeded 40% of total agricultural area, the watershed was classified accordingly;

otherwise it was classified as mixed.

2.5. Statistical analyses
2.5.1. Trend analysis

Mann-Kendall trend tests and Sen’s slope estimates were computed per watershed using the annual WUE
time series (2001-2020), which accounts for autocorrelation through prewhitening. Equivalent analyses
were performed for zZNPP trends, SETI trends, and atmospheric evaporative demand (EDDI) to provide

comparative multi-variable context.

2.5.2. Structural break detection
The Pettitt test (Pettitt, 1979) was applied to the annual WUE series of each watershed to detect the
most probable year of a shift in the mean level. The Pettitt test is a non-parametric rank-based method

that does not require distributional assumptions and is widely used for hydrological change-point detection.

9
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Benjamini-Hochberg (BH) false-discovery-rate (FDR) correction was applied to Pettitt structural break
p-values (76 simultaneous watershed-level tests). Watersheds were classified by: (i) significance of the detected
break (p < 0.05), and (ii) proximity to megadrought onset, defined as break years within +2 years of 2010
(i.e., 2008-2012).

2.5.8. Before/after comparison
Mean WUE was computed separately for the pre-megadrought (2001-2009) and megadrought (2010-2020)
periods per watershed. The difference AWUE = WUE

vost — WUE,,. was mapped spatially. Wilcoxon
signed-rank tests (paired by spatial unit) tested the significance of the mean shift at each spatial aggregation
level. Distributions were visualized as violin-boxplot combinations faceted by ecoregion, using the WWF
Terrestrial Ecoregions of the World classification (Dinerstein et al., 2017) to stratify results by ecological

context.

2.5.4. WUE-aridification relationships

Spearman rank correlations (p) were computed between annual WUE and each of the three indices (SPEI,
SPI, EDDI), applied per watershed across the 20-year time series. Per-watershed Spearman correlation and
OLS regression results are reported without FDR, correction, as each watershed p-value describes a distinct
independent time series rather than constituting a family of tests on the same null hypothesis. Contempora-
neous linear regressions (WUE ~ Index) were fitted per watershed to estimate the slope coefficient, which
we interpret as the local sensitivity of WUE to each aridification signal (Sensitivity = AWUE/AIndex).
Spearman p values were mapped spatially and the mean p across watersheds was plotted as a function of

each index. Sensitivity maps were produced for SPEI as the primary index.

A two-way fixed-effects panel regression model was estimated:

WUE;, = B - Indew; + p; + 7, + ¢ (1)

where i, represents watershed fixed effects and 7, represents year fixed effects, thereby controlling for
unobserved time-invariant differences among watersheds and common annual shocks. An interaction model was
additionally estimated to test whether within-watershed WUE-drought sensitivity changed after megadrought

onset:

10



244

245

246

247

248

249

250

251

252

253

254

255

256

257

258

259

260

261

262

263

264

265

WUE,, =, - Index,;, + By - Index,;, x 1(year > 2010) + p, + 7, + ;4 (2)

2.5.5. Spatial dependence analysis

Moran’s I was computed for WUE trend slope, Pettitt break year, and R? of the WUE-SPEI relationship,
using queen contiguity spatial weights. Getis-Ord Gi* local statistics were computed for WUE trend slope to
identify spatial hotspots (Gi* > 1.96) and coldspots (Gi* < —1.96) at the 95% significance level. Queen
contiguity was used as the primary weighting scheme because it preserves physical adjacency between

watershed polygons.

2.5.6. Crop composition and WUE sensitivity
The per-watershed OLS slope of WUE regressed on SPEL (AWUE/ASPET) was joined with census-derived

crop composition data, and a multiple OLS regression was fitted:

Sensitivity, = By + By - pct__fruits;, + By - pct_vineyards; + P - pct__cereals;
3)

+ B, - pct_vegetables; + B5 - pct__irrigated; + €,

Forage and pasture proportions (pct_forages) served as the reference category and were omitted from
the model to avoid the dummy variable trap; regression coefficients therefore express the change in WUE
sensitivity relative to a watershed whose agricultural area is entirely under forage or pasture. Variance
inflation factors (VIF) were computed to verify the absence of harmful multicollinearity (threshold: VIF > 5).
The variable pct_irrigated was included as a covariate to control for the buffering effect of irrigation access
on the WUE-drought relationship. Because WUE trends exhibit strong spatial autocorrelation (Moran’s I =
0.627), Moran’s I was also computed on the OLS residuals using queen-contiguity spatial weights; where
residuals were spatially autocorrelated (p < 0.05), a spatial error model was estimated and reported alongside

OLS results.

A sensitivity regression using pre-drought (2007) census proportions as predictors was also estimated to
address temporal confounding concerns: if results are directionally consistent with the 2021 regression, the
crop composition-sensitivity relationship can be interpreted as a structural property rather than an artefact

of drought-driven adaptation (see Section 4.3 and Supplementary Figure S-1).
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2.6. Software

All statistical analyses and spatial processing were conducted in R (v4.5.2; R Core Team (2025)). Raster
operations and spatial aggregation used terra (v1.8.54; Hijmans (2025)). Vector geometries and spatial
joins used sf (v1.0.23; Pebesma (2018), Pebesma and Bivand (2023)). Spatiotemporal array operations used
stars (v0.6.8; Pebesma and Bivand (2023)). Mann-Kendall trend tests and Sen’s slope estimation with
prewhitening used modifiedmk (v1.6; Patakamuri and O’Brien (2021)) and trend (v1.1.6; Pohlert (2023)).
Spatial autocorrelation (Moran’s I, Getis-Ord Gi*) and spatial weight matrices used spdep (v1.4.1; Bivand
and Wong (2018)). Spatial Error Model was made using {spatialreg} (Bivand et al., 2021). Panel regression
with fixed effects used plm (Croissant and Millo, 2008). Variance inflation factors used car (v3.1.3; Fox and
Weisberg (2019)). General-purpose data manipulation and reshaping used tidyverse (v2.0.0; Wickham
et al. (2019)), including dplyr, tidyr, readr, stringr, purrr, and lubridate. Thematic maps used tmap
(v4.2; Tennekes (2018)). Statistical graphics used ggplot2 (v3.5.2; Wickham (2016)). Multi-panel figure

layout used patchwork (v1.3.1; Pedersen (2025)).

3. Results

3.1. Long-term WUEFE trends

Trend analysis across n = 76 Chilean agricultural watersheds with complete WUE data revealed spatially
heterogeneous WUE dynamics over the 2001-2020 period (Figure 2). WUE trends followed a predominantly
negative pattern across the Mediterranean-climate zone of central Chile (approximately 30°S-35°S), consistent

with the onset and intensification of the megadrought.

Decomposing WUE trends into their mechanistic components, zZNPP representing the NPP numerator
and SETT representing the ET denominator, reveals the distinct contributions of productivity decline and
evapotranspiration change to the observed WUE dynamics. zNPP trends exhibited strong spatial covariance
with WUE, with negative anomalies concentrated in the same central Mediterranean watersheds, indicating
that NPP suppression is the primary driver of WUE deterioration in those zones (Garreaud et al., 2017;
Zambrano et al., 2025). SETI trends showed more spatially complex patterns: watersheds where actual ET
declined less steeply than NPP correspond to WUE decline, while watersheds where ET reduction exceeded

NPP reduction show stable or improving WUE.

Declining WUE in the Mediterranean zone is thus driven primarily by NPP suppression, while ET responses

are spatially heterogeneous and modulated by irrigation access and crop type.

12
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Figure 2: Spatial distribution of long-term trends in WUE, zNPP (NPP anomaly), SETI-36 (long-term ET anomaly), and
EDDI-36 (long-term atmospheric evaporative demand) across Chilean watersheds (2001-2020). Trend magnitudes are expressed
as z-score standardized Sen’s slope estimates.
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3.2. Structural breaks in WUE

The Pettitt test detected statistically significant structural breaks (p < 0.05) in 17 of 76 Chilean watersheds
(22.4%). Of these 17 raw-significant breaks, 12 (71%) occurred within £2 years of 2010 (the recognized onset
of the megadrought) suggesting that the megadrought is temporally associated with structural shifts in WUE
dynamics in a subset of watersheds (Figure 3 a). After applying Benjamini-Hochberg false-discovery-rate
(FDR) correction across all 76 per-watershed tests, none of the breaks survived at the 0.05 threshold (all
adjusted p > 0.05), reflecting the limited power of individual non-parametric tests applied across spatially
correlated watersheds with only 20 annual observations each. The geographic concentration of near-2010
breaks in the central Mediterranean zone — precisely where the megadrought’s hydroclimatic footprint is
strongest — provides qualitative corroboration that these detections are not randomly distributed in space,
even if they cannot be treated as statistically independent given the documented spatial autocorrelation in

WUE dynamics (Moran’s I for break year = 0.164, p = 0.011).

Spatially, megadrought-proximate break years were concentrated in the central and north-central Mediter-
ranean zone, supporting the interpretation that the megadrought represents a structural discontinuity in
agricultural water use efficiency for those regions. Watersheds in the extreme north (hyperarid Atacama)
and the wet south showed either no significant breaks or break years unrelated to the 2010 megadrought
onset, consistent with the spatial footprint of the megadrought as documented by Garreaud et al. (2020) and
Boisier et al. (2018).

3.3. WUE before and after the megadrought

Comparison of mean WUE between the pre-megadrought (2001-2009) and megadrought (2010-2020) periods
revealed a predominantly negative AW U E across central Chilean watersheds, indicating that the megadrought
period was associated with reduced agricultural water use efficiency relative to the reference period (Figure 3
b). The spatial pattern of AWUE closely mirrors the megadrought’s hydroclimatic footprint, with the largest
negative shifts concentrated in Mediterranean-climate watersheds where the precipitation deficit has been

most severe.

The aggregate Wilcoxon signed-rank test comparing pre-megadrought (2001-2009) and megadrought (2010~
2020) mean WUE across all 76 watersheds did not reach statistical significance (p = 0.330). This aggregate
non-significance reflects the spatial heterogeneity of WUE responses across ecologically diverse watersheds:
pooling Mediterranean-climate zones (where declines are concentrated) with southern humid zones (where

WUE responses are weaker or mixed) attenuates the overall effect. Ecoregion-stratified Wilcoxon tests
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(Supplementary Table S-2) confirmed that the WUE shift was strongest in the Chilean Matorral ecoregion,
the primary Mediterranean-climate agricultural zone, with a Hodges-Lehmann median difference of —0.132
g-C kg *H,O-1 (95% CI: —0.203 to —0.073; p < 0.001), consistent with the documented hydroclimatic
footprint. Violin-boxplot distributions stratified by ecoregion (Figure 3 c) confirm that the strongest negative
WUE shifts are concentrated in central Chile’s Mediterranean-climate watersheds, while southern transitional

zones show more variable or positive responses.

3.4. WUE responses to aridification signals

Spearman correlation analysis revealed positive associations between annual WUE and SPEI across most
Chilean watersheds (Figure 4), indicating that wetter years (higher SPEI) are generally associated with
higher WUE, while drought years (lower SPEI) correspond to lower WUE. The strength of this relationship

varied spatially and by drought index.

SPEI and SPI showed broadly similar spatial correlation patterns with WUE across Chilean watersheds,
with mean temporal R? of 0.181 (SPEI) and 0.172 (SPI), a difference of only 0.009 that was not statistically
significant in paired comparisons across per-watershed R? values (Wilcoxon signed-rank test: p = 0.504,
median difference = 0.002). Both SPEI and SPI significantly outperformed EDDI in temporal explanatory
power (mean R? = 0.113; SPEI vs. EDDI: p < 0.001, median difference = 0.064). This result does
not support a claim of SPEI superiority over SPI for this dataset; rather, it suggests that incorporating
atmospheric evaporative demand (through SPEI's PET term) provides negligible additional predictive power
over precipitation-alone (SPI) for annual WUE variability at the 36-month accumulation scale. EDDI showed
correspondence to the correlations with SPI/SPEI, although there were some differences observed in the
central and southern regions of the country, which aligns with the more complex role of atmospheric demand

anomalies across various ecological contexts.

3.5. Panel regression: spatial versus temporal WUE-drought relationships

A two-way fixed-effects panel regression model (Equation 1), controlling for watershed-level time-invariant
differences () and common annual shocks (7;), yielded non-significant coefficients for all three drought
indices when estimated across all 76 watersheds: SPEI (§ = —0.009, SE = 0.017, p = 0.589), SPI (8 =
—0.015, SE = 0.016, p = 0.363), and EDDI (8 = —0.002, SE = 0.014, p = 0.860). In contrast, zZNPP was

strongly significant (8 = 0.124, SE = 0.016, p < 0.001).

This contrast indicates that the WUE-drought index relationship is primarily driven by between-watershed
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Figure 5: Scatter plots of annual WUE versus index values for SPEI, SPI, EDDI, and zNPP, stratified by ecoregion (colour).
Grey line shows the overall linear fit with 95% confidence interval.

spatial differences, watersheds in drier areas structurally have both lower WUE and more negative drought
index values, rather than by within-watershed year-to-year covariation of WUE and drought stress. The
panel fixed effects absorb all time-invariant watershed characteristics (aridity zone, crop system, soil type,
irrigation access), leaving only the within-watershed temporal variation to be explained. That zNPP retains
significance in this design is consistent with the WUE = NPP/ET identity: as a direct measure of annual
vegetation productivity, zNPP tracks the NPP component of WUE at the within-watershed annual scale.
SPEI, SPI, and EDDI, by contrast, are distal aridification drivers whose association with WUE operates

primarily through the chronic spatial aridity gradient — which is absorbed by watershed fixed effects.

Restricting the panel model to the Mediterranean-zone watersheds (Chilean Matorral ecoregion, n = 16),
where the megadrought’s hydroclimatic signal is strongest, yielded significant within-watershed WUE-drought
associations for SPEI (5 = 0.124, p = 0.006) and SPI (§ = 0.085, p = 0.012), while EDDI remained
non-significant (5 = 0.001, p = 0.979). This finding confirms that the all-watershed non-significance reflects
geographic dilution of the drought signal by drier northern and wetter southern watersheds rather than a
genuine absence of within-watershed temporal coupling: once the analysis is restricted to the core megadrought

zone, both precipitation-based indices show significant positive within-watershed WUE-drought associations.
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The interaction model (Equation 2) tested whether within-watershed WUE—-drought sensitivity changed
structurally after megadrought onset. The SPEI interaction coefficient was marginal (5 = 0.079, p = 0.056),
while SPI (5 = 0.043, p = 0.269) and EDDI (8 = —0.010, p = 0.742) were non-significant. The marginal
SPEI result suggests a modest intensification of within-watershed sensitivity to hydroclimatic balance during
the megadrought period, but does not constitute strong evidence of a structural shift: the drought-period
WUE decline operates predominantly through the spatial aridity gradient rather than through an intensified

within-watershed temporal mechanism.

3.6. Spatial distribution of WUE sensitivity

The WUE-SPEI sensitivity map (Figure 6 a) shows the OLS regression slope (AWUE/ASPEI) per
watershed. Sensitivity broadly follows the latitudinal aridity gradient. Central Mediterranean watersheds
exhibited higher values than humid southern watersheds, with locally high sensitivity in perennial-dominated

irrigated zones (Figure 6 ¢ and d).

3.7. Spatial clustering of WUE trends

Moran’s I statistics confirmed significant positive spatial autocorrelation in WUE trends, Pettitt break
years, and WUE-SPEI R?2 values across Chilean watersheds. Moran’s I for WUE trend slope was I = 0.627
(p < 0.001), for Pettitt break year I = 0.164 (p = 0.011), and for WUE-SPEI R? I = 0.296 (p < 0.001), all
indicating that WUE response to the megadrought is not spatially random but exhibits strong geographic
clustering. Adjacent watersheds tend to show similar trend directions, break timing, and drought sensitivity

(Figure 6 b).

Getis-Ord Gi* hotspot analysis of WUE trend slopes identified coherent clusters of declining WUE (coldspots)
in the central Mediterranean zone and localized clusters of increasing or stable WUE (hotspots) in transitional
zones north and south of the primary drought impact corridor (Figure 6 b). The spatial clustering of WUE
responses points to large-scale hydroclimatic forcing—specifically the megadrought—as the dominant driver

of WUE dynamics, rather than localized management or land-use effects.

3.8. Agricultural crop composition and WUE sensitivity

The maps of dominant crop type (Figure 6 ¢) and perennial crop share (Figure 6 d), provide spatial
context for interpreting the WUE sensitivity patterns. Integration of census-derived crop composition with
WUE-SPEI sensitivity estimates (n = 75 watersheds with complete WUE, irrigation, and census data)

revealed a significant positive association between perennial crop share and drought sensitivity (Figure 7),
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Figure 6: (a) Spatial distribution of WUE-SPEI sensitivity (AWUE/ASPEI, expressed as the OLS slope of the annual WUE
~ SPEI regression per watershed, 2001-2020). High positive values indicate strong positive WUE response to SPEI; near-zero or
negative values indicate weak or inverted coupling. (b) Getis-Ord Gi* hotspot analysis of WUE trend slope across Chilean
watersheds. Red watersheds are statistically significant hotspots (positive WUE trend clusters; Gi* > 1.96); blue are coldspots
(negative WUE trend clusters; Gi* < —1.96); grey are not significant at the 95% level. (c¢) Choropleth map of dominant
crop type per watershed, classified by the agricultural functional group exceeding 40% of total agricultural area (Perennial
horticultural, Annual cropland, Forage/pasture, Mixed). (d) Choropleth map of perennial crop share (% of total agricultural
area under fruit trees and vineyards) per watershed.
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suggesting that this is a crop-system property rather than an artifact of ecoregion geography. This implies
that perennial agricultural systems in Chile are more sensitive to aridification fluctuations, both benefiting
more in wet years and suffering more in dry years-compared with annual crop systems. Watersheds classified
as “perennial horticultural” ( 40% of agricultural area under fruit trees and vineyards) exhibited the highest
median WUE-SPEI sensitivity, whereas “forage/pasture” watersheds showed the lowest. “Annual cropland”
watersheds showed intermediate but spatially variable sensitivity, reflecting heterogeneous responses among

cereal and vegetable crops.
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Figure 7: Scatter plot of WUE-SPEI sensitivity versus the perennial crop share (% of total agricultural area) per watershed,
coloured by ecoregion, with an overall linear fit.

The multivariate OLS regression of WUE-SPEI sensitivity on 2021 crop proportions, controlling for irrigated
area share, was fitted to the 75 watersheds with agricultural land, complete WUE data, and non-missing
irrigation data (R? = 0.576, adj. R? = 0.545, F(5,69) = 18.74, p < 0.001, n = 75; Figure 8). Fruit tree
proportion was the strongest positive predictor (8 = 0.213, 95% CI [0.117, 0.310], p < 0.001), confirming
that perennial horticultural systems are the most drought-sensitive land use type. Cereal proportion was
a significant negative predictor (8 = —0.207, 95% CI [—0.322, —0.093], p < 0.001), indicating that annual
grain-crop watersheds exhibit substantially lower WUE-SPEI sensitivity than the forage/pasture reference
category. Vineyard proportion was positive but not statistically significant ( = 0.092, 95% CI [—0.105, 0.289],

p = 0.354). Vegetables were also non-significant (5 = —0.056, 95% CI [—0.205, 0.093], p = 0.456). Irrigated
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area share (pct_irrigated) did not reach statistical significance after controlling for crop composition (3 =
0.046, 95% CI [—0.032, 0.123], p = 0.241), suggesting that the irrigation-buffering effect is largely captured
by the crop type variables. Forage/pasture served as the reference category (omitted). All variance inflation

factors were below 5, confirming the absence of harmful multicollinearity.
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Figure 8: (a) Choropleth map of WUE-SPEI sensitivity (AWUE/ASPEI, OLS slope per watershed, 2001-2020). Thick orange
borders denote cereal-dominated watersheds (Annual cropland dominant); green dashed borders denote irrigated-perennial
watersheds (Perennial horticultural dominant). (b) Regression coefficients of crop-composition variables predicting WUE-SPEI
sensitivity, faceted by census year. Left facet: 2021 census OLS (red circles) vs. spatial error model (blue squares); right facet:
2007 pre-drought census OLS vs. SEM. Filled symbols indicate p < 0.05. Reference category: forage/pasture.

Moran’s I computed on OLS residuals was I = 0.309 (p < 0.001), indicating significant positive spatial
autocorrelation in the residuals. A spatial error model (queen-contiguity weights) was therefore fitted as the
primary inferential model (spatial autoregressive error parameter A = 0.615, p < 0.001). The spatial error
model partially modified the OLS conclusions: fruit tree proportion was no longer statistically significant
(8 =0.047, p = 0.382), suggesting that its OLS significance was partly driven by the geographic clustering
of perennial orchards in the Mediterranean zone rather than an independent crop-composition effect on

22



424

425

426

427

428

429

430

431

432

433

434

435

436

437

438

439

440

441

442

443

444

445

446

447

448

449

450

451

452

453

sensitivity. Cereal proportion remained a significant negative predictor (8 = —0.154, p = 0.040), and irrigated
area share became a significant positive predictor (5 = 0.084, p = 0.022), indicating that after accounting for
spatial clustering, irrigation access is associated with higher WUE-SPEI sensitivity, possibly because irrigated
watersheds sustain production and thus show stronger drought coupling through the NPP component of

WUE.

A pre-drought (2007) baseline regression (watershed-level, n = 75; R? = 0.306, adj. R? = 0.234, F(7,67) =
4.23, p < 0.001; Supplementary Figure S-1) was directionally consistent: cereal proportion was a significant
negative predictor (8 = —0.202, 95% CI [—0.354, —0.050], p = 0.010), while fruit tree proportion was positive
but did not reach statistical significance at p < 0.05 (5 = 0.142, 95% CI [—0.015, 0.298], p = 0.075). The
2007 spatial error model ( = 0.731, p < 0.001) also showed a non-significant fruit tree coefficient (5 = —0.046,
p = 0.498) and a marginally non-significant cereal coefficient (8 = —0.132, p = 0.078). The directional
consistency of the cereal effect across census years supports a structural rather than adaptive interpretation

of the crop composition—sensitivity relationship (see Section 4.3).

To assess whether the WUE-SPEI sensitivity associations are confounded by natural vegetation (matorral)
contamination within the agricultural mask, natural vegetation fraction per watershed was computed from
ESA CCI-LC (2016; classes 40, 120-122, 130) and added as a covariate to the spatial error model. Median
natural vegetation fraction within agricultural pixels was 0.267 (range 0.00-0.60), reflecting the substantial
fragmentation of the agricultural landscape in central Chile. When included in the spatial error model, the
natural vegetation fraction was non-significant (8 = —0.017, p = 0.810), and the primary crop composition
coefficients were directionally consistent with the base model, indicating that matorral contamination does

not substantially confound the WUE sensitivity associations.

To examine whether the positive WUE-SPEI sensitivity of perennial-dominated watersheds reflects the NPP
numerator, the ET denominator, or both components of WUE, per-watershed OLS sensitivity slopes were
computed separately for ZNPP~SPEI and for SETI~SPEI (the MODIS evapotranspiration anomaly index)
and then regressed on the same crop composition variables. For the NPP component (zNPP-SPEI; OLS
R? = 0.519, n = 99), vineyard proportion was the strongest positive predictor (OLS: 8 = 1.841, p < 0.001;
SEM: 8 = 0.769, p = 0.036), and cereal proportion was a significant negative predictor in OLS (8 = —0.614,
p = 0.016) but not in the spatial error model (5 = 0.017, p = 0.953). For the ET component (SETI-SPEI;
OLS R? = 0.348, n = 100), vineyard proportion was also positive (OLS: 8 = 1.061, p = 0.005) and cereal

proportion was negative (OLS: g = —0.837, p = 0.001), but after spatial error correction, all coefficients
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were non-significant (SEM = 0.668). These results indicate that the positive WUE-SPEI sensitivity of
vineyard-dominated watersheds is primarily driven by greater NPP suppression under drought rather than
ET maintenance, while the crop composition associations for the ET component do not survive spatial

autocorrelation correction.

3.9. Cross-sectional analysis and model comparison

Cross-sectional regressions using the census year 2020 (where WUE, drought index, and crop composition
are contemporaneous) confirmed the temporal patterns. Adding crop composition proportions to the cross-
sectional models increased R? substantially for all indices: from 0.0004 to 0.432 for SPEI, from 0.078 to 0.459
for SPI, and from 0.234 to 0.431 for EDDI (Figure 9). Mean temporal R? (averaged across the full 2001-2020
per-watershed regressions) was 0.181 for SPEI, 0.172 for SPI, and 0.113 for EDDI. The substantially larger R?
gains from adding crop composition in the 2020 cross-section compared with temporal models suggest that
crop structure explains a greater share of the spatial distribution of drought sensitivity than of its interannual
variability within each watershed. Sample sizes for each analytical step are documented in Supplementary

Table S-1 (n = 75 watersheds with complete WUE, irrigation, and census data used in crop composition

analyses).
1.00 A
0.75+
Model
2020 cross-section
N (index + crops)
& 0504 2020 cross-section
) (index only)
Temporal (2001-2020)
mean R?
0.25 1
0.00-

EDDI SPEI
Drought index

Figure 9: Bar chart comparing R? values across three model types for each drought index: (i) 2020 cross-sectional regression
(index only: SPEI = 0.0004, SPI = 0.078, EDDI = 0.234), (ii) 2020 cross-sectional regression (index + crop proportions: SPEI
= 0.432, SPI = 0.459, EDDI = 0.431), and (iii) temporal regression (mean R?: SPEI = 0.181, SPI = 0.172, EDDI = 0.113).

24



469

470

471

472

473

474

475

476

477

478

479

480

481

482

483

484

485

486

487

488

489

490

491

492

493

494

495

496

497

4. Discussion

4.1. The megadrought as a structural driver of WUE change

The Pettitt test results indicate that 17 of 76 watersheds (22.4%) showed raw-significant structural breaks
(p < 0.05) in WUE dynamics, with 71% of those breaks concentrated around 2010. While none survived
Benjamini-Hochberg FDR correction, reflecting the limited statistical power of individual tests applied
to spatially correlated watersheds with only 20 annual observations, the near-2010 concentration of raw-
significant breaks is geographically coherent and consistent with the onset of the megadrought. This finding
is best interpreted as evidence that WUE dynamics are temporally associated with the megadrought onset
rather than as definitive statistical proof of a structural break: the spatial concentration of change points
in the central Mediterranean zone, precisely where the megadrought’s hydroclimatic footprint is strongest
(Boisier et al., 2018; Garreaud et al., 2020), provides geographic corroboration. The geographic coherence
of near-2010 breaks in this zone supports a megadrought-associated interpretation, though the spatial
autocorrelation among watersheds (Moran’s I for break year = 0.164, p = 0.011) means the 17 Pettitt results
cannot be treated as independent observations, which precludes formal inference about temporal clustering

from independence-based tests.

This finding is consistent with the broader literature on regime shifts in ecological and agricultural systems
under sustained stress (Folke et al., 2004), and reinforces the interpretation of the megadrought as a
transformative stress event rather than an incremental trend (Kates et al., 2012). The implications for water
management are significant: if WUE has undergone a step-change downward in central Chile, agricultural
water requirements per unit of production have increased, placing additional pressure on already-stressed

water allocation systems (Budds, 2020; Rivera et al., 2016).

4.2. Multidimensional aridification: why index choice matters

SPEI and SPI showed statistically indistinguishable temporal explanatory power (p = 0.504), indicating
that incorporating atmospheric evaporative demand (SPEI’s PET term) provides negligible predictive gain
over precipitation-alone (SPI) at the 36-month accumulation scale, likely because precipitation deficits and
evaporative demand anomalies are strongly correlated over multi-year megadrought periods (Li et al., 2023;
Zambrano et al., 2025). EDDI was significantly weaker than both, suggesting that atmospheric demand

anomalies in isolation are less directly coupled to WUE at the watershed scale.

EDDTI’s distinct spatial correlation pattern indicates partially independent effects of atmospheric demand on
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WUE. Semi-partial Spearman correlations (controlling for SPEI) confirmed a modest independent EDDI signal
(mean partial p = 0.041 vs. unconditional p = 0.069), consistent with strong thermodynamic coupling between
precipitation deficit and VPD (Li et al., 2023). The EDDI effect is therefore a statistical association rather
than a causally isolated demand pathway; in irrigation-buffered watersheds, near-zero EDDI correlations

reflect sustained production when water supply is maintained.

This result has practical implications for drought monitoring and agricultural water management: because
SPEI and SPI show statistically equivalent explanatory power at the 36-month scale, precipitation-only
monitoring (SPI) may be sufficient for characterizing annual WUE variability under conditions similar to
the megadrought. However, in shorter-accumulation or sub-seasonal contexts where evaporative demand
anomalies decouple from precipitation deficits, relying solely on SPI could underestimate WUE impacts in

regions experiencing intensified atmospheric demand under anthropogenic warming (Boisier et al., 2018).

4.3. Spatial versus temporal variation in WUE-drought relationships

The two-way fixed-effects panel regression revealed an important analytical distinction: the cross-sectional
associations between drought indices and WUE (mean temporal R? = 0.172-0.181 for SPI and SPEI) reflect
the chronic spatial gradient in aridity across Chile more than they reflect year-to-year within-watershed
dynamics. Once watershed fixed effects absorb time-invariant characteristics, aridity zone, crop system, soil
type, irrigation access; the within-watershed temporal association between drought indices and WUE is
non-significant for SPEI, SPI, and EDDI across all 76 watersheds. Only zNPP, which directly tracks the

NPP numerator of WUE, retains significance in the within-watershed temporal dimension.

This spatial-versus-temporal distinction has direct implications for how the results should be interpreted.
The primary contribution of this paper is in characterizing the spatial structure of WUE drought sensitivity:
where the megadrought has concentrated its impacts (central Mediterranean zone), which crop systems
amplify that impact (perennial horticultural), and what the spatial extent and clustering of vulnerability
looks like (Moran’s I = 0.627). The panel regression does not invalidate these spatial findings; it clarifies that
the aridification signal is spatially organized rather than temporally reactive at the annual within-watershed

scale.

Restricting the panel to Chilean Matorral watersheds (n = 16) yielded significant SPEI (5 = 0.124, p =
0.006) and SPI (8 = 0.085, p = 0.012) associations while EDDI remained non-significant (8 = 0.001, p =

0.979), confirming geographic dilution as the source of all-watershed non-significance. A post-2010 interaction
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term showed only a marginal SPEI effect (8 = 0.079, p = 0.056), indicating that the megadrought WUE
decline operates predominantly through the chronic spatial aridity gradient rather than an abrupt shift in

within-watershed temporal sensitivity.

The sign reversal between the all-watershed SPEI coefficient ( = —0.009, NS) and the Mediterranean-
subset coefficient (8 = +0.124, p = 0.006) reflects confounding by southern watersheds, where cloudier
wet years suppress NPP relative to ET, the opposite of the moisture-limited Mediterranean response. The
Mediterranean-subset result is the ecologically meaningful within-watershed WUE-SPEI sensitivity; the

all-watershed null reflects geographic heterogeneity rather than absent drought-WUE coupling.

4.4. Crop composition as a moderator of drought sensitivity

The finding that perennial horticultural watersheds exhibit higher WUE-SPEI sensitivity than annual
or forage systems is interpreted as a spatial association between crop composition and drought sensitivity,
not as evidence of direct causation. Higher sensitivity means that WUE fluctuates more strongly with the
hydroclimatic balance signal, it increases more in wet years and decreases more in dry years. Under prolonged
drought such as the megadrought, this implies that perennial-dominated zones face disproportionately large
WUE penalties. Given that Chile’s export-oriented fruit and wine sectors are concentrated in precisely
these Mediterranean-climate watersheds, the economic exposure to aridification is amplified by the crop

composition of these zones (Ferndndez et al., 2023).

This spatial association is unlikely to be solely an artefact of drought-driven crop composition change.
A potential concern is that the 2020-2021 census composition may partly reflect adaptive responses to
the preceding megadrought, for example, abandonment of water-intensive annual crops and retention of
higher-value perennials. However, the pre-drought (2007) watershed-level baseline regression (n = 75; R?
= 0.306; Supplementary Figure S-1) was directionally consistent with the 2021 results. Cereal proportion
was a significant negative predictor in both the 2007 OLS (8 = —0.202, p = 0.010) and the 2021 SEM (8
= —0.154, p = 0.040). Fruit tree proportion was positive in both years (2021 OLS: g = 0.213, p < 0.001;
2007 OLS: 8 = 0.142, p = 0.075) but did not reach significance in the spatial error models for either year.
The directional consistency of the cereal effect, the most robust predictor across all model specifications,
supports the interpretation that the crop composition-sensitivity relationship reflects a structural property of
agricultural land use rather than a purely adaptive reorganization in response to drought. The evidence for

the perennial (fruit tree) effect is weaker under spatial error correction and should be interpreted cautiously.
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This association is consistent with physiology: perennials sustain large permanent canopy structures
that amplify WUE fluctuations, while annuals buffer GPP loss through shorter growing cycles and earlier
senescence; forage systems show lower base WUE sensitivity (Chakraborti et al., 2023; Davis et al., 2017).
The NPP/ET decomposition analysis confirms that this perennial sensitivity operates primarily through the
NPP numerator: vineyard proportion was a significant predictor of zZNPP-SPEI sensitivity in the spatial
error model (5 = 0.769, p = 0.036) but the ET denominator response (SETI-SPEI SEM: 5 = 0.582, p =
0.137) did not survive spatial correction, suggesting that droughts suppress vine productivity more strongly
than they reduce vineyard evapotranspiration, consistent with deep-rooted perennials maintaining partial

water uptake under moisture stress.

These results complement the global literature on crop-water relationships (Boser et al., 2024; Wang et al.,
2024) by demonstrating that the composition of agricultural land use fundamentally shapes the WUE
response to aridification at the regional scale. Policies aimed at improving agricultural water use efficiency in
Chile during prolonged drought should account for this crop-composition modulation effect, recognizing that
perennial-dominated watersheds require more adaptive water governance than annual crop systems (FAO y

ONU Agua, 2025; Hellegers and Van Halsema, 2021).

4.5. Spatial structure and governance implications

The strong spatial autocorrelation in WUE trends-confirmed by Moran’s I and the Gi* hotspot analysis—
indicates that the megadrought’s impact on agricultural WUE is not atomistic at the watershed level but
organized into large coherent spatial patterns. This spatial structure has direct implications for water
governance: the most drought-affected zones form geographic clusters in which water stress is likely to
compound across watersheds simultaneously, reducing the potential for spatial redistribution of water

resources to buffer impacts (Budds, 2020; Rivera et al., 2016).

The spatial clustering of WUE coldspots in the central Mediterranean zone, where Chile’s most eco-
nomically important irrigated agriculture is concentrated, represents a critical vulnerability nexus. Under
continued aridification, the convergence of high crop sensitivity (perennial systems), strong hydroclimatic
stress (megadrought), and spatial clustering of WUE decline could accelerate the economic and ecological

consequences of insufficient adaptive response (Ferndndez et al., 2023; MMA, MINAGRI, 2013).
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4.6. Methodological limitations and future research

Several limitations should be acknowledged. First, WUE estimated from satellite-derived NPP/ET
integrates all vegetation cover within agricultural areas and may include natural vegetation patches within
watershed boundaries, introducing noise. The agricultural mask used to define WUE pixels was held static
over the 2001-2020 study period. In central Chile, agricultural lands are fragmented and interspersed with
native Mediterranean shrubland (matorral), which may exhibit different NPP and ET responses to drought.
Because matorral distribution varies systematically along the latitudinal aridity gradient, the proportion of
natural vegetation within the agricultural mask could potentially confound the observed spatial differences
in WUE sensitivity. We addressed this directly by computing the natural vegetation fraction per watershed
from ESA CCI-LC (2016) and including it as a control covariate in the spatial error model. Median natural
vegetation fraction within agricultural pixels was 0.267 (range 0.00-0.60). The natural vegetation covariate
was non-significant (8 = —0.017, p = 0.810) and did not alter the primary crop composition coefficients,
indicating that matorral contamination is not a material confounder of the WUE sensitivity patterns reported

here.

Second, the static agricultural mask cannot distinguish active cultivation from drought-driven land aban-
donment. If irrigated parcels transitioned to bare soil or sparse cover during the megadrought, the resulting
decline in both NPP and ET would produce WUE signals indistinguishable from active-area efficiency loss.
This confound is most likely to affect rainfed cereal watersheds, where water stress can cause crop failure
and partial abandonment. Future studies should cross-reference the WUE time series with annual dynamic
crop extent products (e.g., GLAD Global Cropland Extent) to identify pixels that transitioned out of active

agriculture during the megadrought period.

Third, the use of two cross-sectional agricultural censuses (2007 and 2020-2021) captures pre- and post-
megadrought composition but cannot resolve gradual compositional change within the study period; longitu-
dinal census data would allow analysis of how cropping system adaptation responds incrementally to drought
stress. The directional consistency between 2007 and 2021 regression results reduces but does not eliminate

this concern.

Fourth, central Chile’s agricultural valleys depend heavily on Andean snowmelt-fed rivers for irrigation water.
SPEI and SPI are calculated from local precipitation and reference evapotranspiration, and do not capture
the contribution of upstream snowpack to actual irrigation water availability. In years with strong snowmelt
input, irrigated crops may be buffered from meteorological drought signals that SPEI would classify as severe.
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This decoupling between local meteorological drought and actual irrigation water availability is particularly
relevant for perennial horticultural crops, which are predominantly irrigated by snowmelt-fed river systems,
and may cause the WUE-SPEI sensitivity of these systems to be underestimated or mischaracterized. Future
research should explicitly integrate hydrological drought indices such as Snow Water Equivalent (SWE)
anomalies or streamflow-based indices such as the Streamflow Drought Index (Lema et al., 2025) to capture
the buffering effect of upstream snowpack. This would allow separation of meteorological from hydrological
drought effects on WUE in Andean-fed agricultural systems and provide a more logically coherent framework

for evaluating crop-specific vulnerability in these irrigation-dependent regions.

Future research should examine WUE dynamics at sub-seasonal scales to capture phenological shifts,
integrate irrigation infrastructure data (excluded from this paper per scope definition) to more precisely
distinguish irrigated from rainfed WUE responses, and extend the analysis into the 2021-2025 period to
assess whether the megadrought’s hydroclimatic signal has intensified or abated. The census-based crop
composition analysis presented here provides a methodological template that can be applied to evaluate
whether agricultural adaptation—through crop switching or intensification—is modifying WUE trajectories

over time (Chakraborti et al., 2023; Xie et al., 2023).

5. Conclusions

This study provides a multi-method characterization of agricultural WUE responses to the Central Chile
Megadrought (2010-2020) across the country’s hydrological watershed network. The principal conclusions

are:

1. WUE trends are spatially heterogeneous and predominantly negative in central Chile.
Mann-Kendall trend analysis confirmed declining WUE across the Mediterranean-climate zone (n = 76
watersheds), consistent with the megadrought’s documented hydroclimatic footprint.

2. WUE change points are temporally associated with megadrought onset. Pettitt tests
detected raw-significant change points in 17 of 76 watersheds, with 71% of those breaks occurring
within +2 years of 2010. None survived FDR correction, reflecting the limited power of individual
non-parametric tests on spatially correlated 20-year series. The spatial concentration of near-2010
breaks in the central Mediterranean zone provides geographic corroboration of megadrought-associated
timing, though spatial autocorrelation in break years (Moran’s I = 0.164, p = 0.011) prevents formal

inference about temporal clustering from independence-based tests.
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3. SPEI and SPI show comparable temporal explanatory power for WUE variability; both

outperform EDDI. Mean temporal R? was 0.181 (SPEI) and 0.172 (SPI), a difference not statistically
significant across watersheds. EDDI was significantly weaker (mean R? = 0.113, p < 0.001 vs. both).
This indicates that at the 36-month accumulation scale, the precipitation signal captures most of the
WUE variance, with the atmospheric demand component adding small but detectable independent

explanatory power (mean partial p with SPEI controlled = 0.041 vs. unconditional p = 0.069).

. The WUE-drought relationship is primarily spatial, not temporal, but the core

megadrought zone exhibits within-watershed coupling. Two-way fixed-effects panel re-
gressions show non-significant within-watershed associations across all 76 watersheds, indicating
that cross-sectional correlations reflect the chronic aridity gradient rather than year-to-year within-
watershed dynamics. Only zNPP is significant in the temporal panel dimension. When restricted
to Mediterranean-zone watersheds (Chilean Matorral, n = 16), SPEI and SPI become significant,
confirming geographic dilution as the source of all-watershed non-significance. The primary analytical
contribution is characterization of the spatial structure of WUE sensitivity, concentrated in the central

Mediterranean zone where within-watershed temporal coupling is also detectable.

. Crop composition is spatially associated with WUE sensitivity, with cereal proportion

as the most robust predictor. Watersheds dominated by perennial horticultural crops exhibited
higher WUE-SPEI sensitivity than annual or forage systems in the OLS model. A spatial error model
attenuated the fruit-tree coefficient to non-significance, while cereal proportion remained a significant
negative predictor ( = —0.154, p = 0.040) and irrigated area became a significant positive predictor (
= +0.084, p = 0.022). The cereal effect — lower WUE-SPEI sensitivity relative to forage/pasture — is
the most robust finding under the spatial error specification. Cereal proportion was also a significant
negative predictor in the pre-drought 2007 watershed-level regression ( = —0.202, p = 0.010), supporting
a structural rather than purely adaptive interpretation of this effect. NPP/ET component decomposition
shows that vineyard sensitivity operates primarily through the NPP numerator (zZNPP-SPEI SEM: =
0.769, p = 0.036), while the ET denominator response does not survive spatial correction, indicating
that droughts suppress vine productivity more than vineyard evapotranspiration. Natural vegetation
contamination within the agricultural mask (median fraction = 0.267) was tested as a control covariate
and was non-significant ( = —0.017, p = 0.810), confirming that matorral fragmentation does not drive

the crop composition—sensitivity associations.

6. WUE responses are spatially clustered. Moran’s I and Gi* statistics confirm that WUE trends
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and drought sensitivity form coherent geographic clusters, with the highest drought impact concentrated

in the central Mediterranean zone.

These findings collectively demonstrate that the Central Chile Megadrought has not only reduced mean
WUE but has reorganized the statistical structure of agricultural water use efficiency in ways that reflect
persistent aridification rather than episodic drought. Managing agricultural water use under continued
aridification will require governance frameworks that account for the multidimensional nature of drought,
the spatial association between crop system composition and drought sensitivity, and the spatially clustered

geography of vulnerability.
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Supplementary Material

Supplementary Table S-1 — Sample sizes by analytical step

Analysis n Spatial unit Notes

WUE trend 76 Watershed Agricultural watersheds

(Mann-Kendall) with complete 2001-2020
WUE data
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859

860

861

862

Analysis n Spatial unit Notes

WUE-SPEI sensitivity 76 Watershed Same set; one

(OLS slope) per-watershed regression
per index

Panel regression 76 Watershed Balanced panel; 76 x 20

(two-way FE) = 1,520 watershed-year
obs. minus missing

Panel regression — 16 Watershed Chilean Matorral

Mediterranean subset ecoregion watersheds;
panel N =16 x 20 =
320 watershed-year obs.

Crop composition OLS 75 Watershed 76 minus 1 watershed

(2021 census) with missing irrigation
data

Crop composition spatial 75 Watershed Same set;

error model (2021) spatialreg: :errorsarlm,
queen contiguity

Crop composition OLS 75 Watershed 2007 VII Census

(2007 baseline) proportions aggregated
to watershed level via
comcuen.rds spatial
join; R? = 0.306

Crop composition SEM 75 Watershed spatialreg: :errorsarlm,

(2007 baseline)

queen contiguity; =

0.731, p < 0.001

Supplementary Table S-2 — Ecoregion-stratified Wilcozon signed-rank tests

Wilcoxon signed-rank tests comparing mean WUE in the pre-megadrought (2001-2009) versus

megadrought (2010-2020) periods, stratified by ecoregion.

95% confidence interval are reported alongside p-values.
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Full numerical results are available in



s3 outputs/tables/wilcox_by_ecoregion.csv.

we  Supplementary Figure S-1 — Pre-drought (2007) crop composition and WUE sensitivity

Pre-drought (2007) crop composition - WUE-SPEI elasticity
R? = 0.306, Adj.R? = 0.234, F(7,67) = 4.23, p = 0.0007, n = 75

% Fruit trees (2007) 4 }

% Vineyards (2007) 4 f

% Irrigated area (2007) b——e—

Significance
i ® p=2005
® p<005

% Industrial crops (2007) |

% Vegetables (2007) - |

% Legumes/Tubers (2007)4 |

% Cereals (2007) 4 f ® |

04 02 0.0 02
Regression coefficient (effect on elasticity)

Figure 10: Pre-drought (2007) crop composition as a predictor of WUE-SPEI sensitivity. OLS and spatial error model (SEM)
regression coefficient plots using VII Agricultural and Forestry Census (2007) proportions aggregated to watershed level as
predictors (reference category: forage/pasture; n = 75 watersheds). The cereal coefficient is directionally consistent with the
2021 SEM result, supporting a structural rather than purely adaptive interpretation. OLS: R? = 0.306, F(7,67) = 4.23, p <
0.001. SEM: = 0.731, p < 0.001.
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