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Abstract

The global hydrological cycle depends on an atmospheric transport network in which water
evaporating from one location ultimately falls as precipitation in another. Within this network,
linkages between land sources and land sinks, collectively referred to as terrestrial moisture
recycling (TMR), occupy a prominent role. Changes in land use, such as deforestation, can dis-
rupt this water transport network, threatening both economic stability and food security. Here,
we quantify these socioeconomic risks on a global scale by integrating high-resolution bilateral
atmospheric flow models with geospatial socioeconomic data and econometric analysis. We find
that the risks from TMR disruption are highly unequal: low-income populations reliant on rain-
fed agriculture are disproportionately dependent on TMR for precipitation, while the world’s
wealthiest regions benefit from abundant, relatively stable ocean-based precipitation. We esti-
mate that TMR disruption from forest loss in emerging deforestation hotspots could have large
and unequal socioeconomic implications, causing a 0.11 percentage point (p.p.) drop in the av-
erage global GDP growth rate, with particularly strong impacts in Africa (0.24 p.p.) and South
America (0.36 p.p.). These emerging deforestation threats could fully reverse growth in agri-
cultural productivity across Africa and cause widespread agricultural losses in South America
and Asia. In contrast, Australia, Europe, and North America are insulated from deforestation-
based TMR disruption. These findings highlight previously under-appreciated elements of the
economic value provided by forests. They provide the first blueprint for global economic gover-
nance of land-based moisture flows and can help target land conservation priorities to maximize
moisture recycling benefits.

*Correspondence to: tcarleton@berkeley.edu, ramf@tauex.tau.ac.il. These authors jointly supervised this work.
We thank Maren Ludwig for excellent research assistance. Funding was generously provided by the Global Commission
on the Economics of Water.
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Introduction

Terrestrial moisture recycling (TMR) — the process of moisture evaporating from the Earth’s sur-
face, traveling atmospherically, and later falling as rain — plays a key role in shaping global pre-
cipitation patterns'™. Increasingly detailed characterizations of TMR in high-resolution moisture
tracking models suggest that significant portions of precipitation falling on land originate from
terrestrial evapotranspiration (ET). On average, 45% of all terrestrial rainfall globally is estimated
to originate from land-based evapotranspiration®, rather than from ocean evaporation. In turn,
about 60% of global terrestrial precipitation returns to the atmosphere via evapotranspiration®,
with the remainder stored in soils as green water or as blue water in rivers, lakes, and aquifers.
Given this interdependence, human-induced changes to land use — such as deforestation, forestation,
and crop irrigation — can alter these patterns of TMR, affecting downwind rainfall patterns” and
rainfall-dependent economic outcomes, such as agricultural yields and hydropower generation 014
These new insights are beginning to spur nascent efforts advocating for land and water co-

governance 19717 Yet the translation of TMR research into globally-comprehensive, comparable,
and communicable economic metrics for policymaking remains limited. Existing studies remain

d16:18 and generally focus on specific examples of forest-based interven-

1,3

geographically restricte
tions 113, As a result, TMR is largely left out in land management and water policy discussions
No existing assessments comprehensively diagnose global water scarcity risks from TMR, account-
ing for both the potential hazard posed by land use change in the source location(s) and for the
socioeconomic exposure and vulnerability of the sink location. In the absence of a structured risk
diagnosis, consistent with those used in climate assessments such as the IPCC’s!'?, opportunities to
identify where targeted interventions could mitigate the risks of terrestrial moisture flow disruption

to water and food security remain unrealized!”.

Here, we combine a high-resolution global model of atmospheric moisture flows with granular so-
cioeconomic and land use data as well as econometric analysis of economic dependence on rainfall
to conduct a global socioeconomic risk assessment of TMR, and its potential disruption. First, we
identify which populations and global regions are most socioeconomically dependent on TMR. We
then determine the land types and regions of the globe that generate the moisture flows these pop-
ulations depend on, revealing a substantial role for both forests and agricultural lands in generating
present-day moisture recycling. Finally, we quantify the economic implications of TMR disruption
from deforestation threats and how this burden is distributed unequally across the globe. Our
results reveal regions and populations most socioeconomically dependent on a stable atmospheric
water cycle, while also uncovering the source regions responsible for generating the most economi-
cally valuable evapotranspiration. These insights can help conservation policies target “hotspots”
in which changes to land use, such as irrigation and deforestation, are likely to have significant
downwind social and economic consequences via TMR. They can similarly help target policies to

protect populations and ecosystems in locations that are highly vulnerable to TMR disruptions.
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To implement our analysis, we leverage cell-to-cell atmospheric moisture flows at 1° spatial resolu-
tion derived using the UTrack model?’, a bilateral matrix of atmospheric source-to-sink flows based
on Lagrangian moisture tracking?!. These data represent a 10-year average of moisture transfers
over the 2008-2017 period. In the UTrack model, evaporation is simulated as parcels of moisture
that are tracked through the atmosphere, accounting for wind-driven transport and probabilistic
vertical movement, similar to how air pollution is tracked in models such as HYSPLIT?2. The model

R/15,23-26 Complementary approaches

and dataset are widely used in recent investigations of TM
based on satellite observations and water vapor isotopes have also been used to trace precipita-
tion sources, providing independent evidence for moisture recycling pathways and hydroclimatic
vulnerabilities 2728,

We integrate a rich compilation of geospatial data with UTrack outputs to assess exposure to
TMR-based risks (Fig. 1). For each terrestrial 1° cell, we quantify the land use characteristics of
its precipitation “source” regions — the upwind land surface contributing to local precipitation —
to uncover how forests, croplands, and other land cover types heterogeneously generate recycled
moisture across diverse global regions. Similarly, we investigate the socioeconomic vulnerability of
each cell’s ET “sink” regions — the downwind locations where ET generated in a given source cell
lands as precipitation — to reveal locations generating moisture destined for sustaining livelihoods
downwind. Each grid cell globally serves as both a sink (Fig. la, c¢) and a source (Fig. 1b, d),
allowing us to assess both the places most dependent on TMR as well as those responsible for gen-
erating the most economically valuable moisture flows. For example, much of the terrestrial-sourced
precipitation landing in Mato Grosso, Brazil originates in the densely forested Amazon (Fig. 1a),
while terrestrial precipitation flowing into WaKeeney, Kansas originates almost exclusively from
non-forested areas (Fig. 1c). Additionally, evaporation from WaKeeney largely recycles back into
local rainfed croplands (Fig. 1d), whereas only a small share of evaporation from Mato Grosso,
Brazil (Fig. 1b) reaches downwind crops. These contrasting cases illustrate the large heterogeneity

in both the economic value of each source and the economic vulnerability of each sink globally.

For each terrestrial locality, vulnerability to TMR disruption depends on (i) upwind land use pat-
terns and their contributions to precipitation, (ii) exposure of the local population and agriculture
to precipitation derived from TMR, and (iii) the vulnerability of local social and economic sys-
tems to variations in rainfall. In the following analysis, we integrate atmospheric flows, land cover,
economic, and human settlement data to systematically assess the global distribution of socioeco-
nomic risks posed by TMR disruption. We then simulate the economic and agricultural impacts of
deforestation by combining modeled losses in TMR, driven by deforestation in key hotspots, with
econometric analysis that captures the non-linear relationship between precipitation and economic

productivity.
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Figure 1: Diversity of land use and socioeconomic vulnerability across global terrestrial mois-
ture dependencies. Figure panels show contour lines delineating the source and destination of moisture
for two example grid cells: Mato Grosso, Brazil (a, b) and WaKeeney, Kansas, U.S. (¢, d). The blue
nodes in a and c indicate example sink locations, with contour lines indicating the spatial distribution of
upwind moisture sources by quantity of rainfall contributed. Cells along each contour line contribute the
same amount of rainfall to the sink cell. The underlying heat map in green plots the share of forest cover
in each cell. Panels b, d show these two locations as source locations, plotting the destinations of local
evapotranspiration for the same two locations by quantity of rainfall. Cells along each contour line in b
and d receive the same amount of rainfall from the source cell. The underlying heat maps in brown plot
the share of rainfed cropped area in each cell. Contour lines delineate points contributing (receiving) 10%,
25%, 50%, and 75% of the maximum observed terrestrial precipitation (evapotranspiration) contributed or
received by a cell, respectively.
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Results

Low-income regions and rainfed croplands are disproportionately dependent on

terrestrial moisture recycling

We assess the vulnerability of each 1° grid cell location across the globe to potential disruptions
in TMR. For each location, we calculate the terrestrial precipitation share: i.e., the component
of precipitation originating from terrestrial sources of moisture — as opposed to oceanic sources —
expressed as a percentage of total precipitation. This metric reveals regions where precipitation

may be significantly affected by TMR disruptions resulting from upwind land use change.

In line with previous work*??, we uncover substantial global heterogeneity in the terrestrial pre-
cipitation share, indicating widely varying degrees of dependence on land-based TMR (Fig. 2a).
There are many geographic hotspots with high reliance on TMR, including much of Central Africa,
lower South Africa, and the Tibetan Plateau, where the terrestrial precipitation share exceeds 75%.
In contrast, in the Western US, Western Europe, Eastern Brazil, and much of Southeast Asia, the
vast majority of rainfall originates from the oceans, a stable source of moisture. We estimate that
just above 18% of all global grid cells have high dependence on TMR, defined as those receiving
over 75% of precipitation from TMR.

TMR-dependent regions are disproportionately low-income (Fig. 2b): among high-dependency grid
cells, 33% are characterized as low-income (<4,465% annual income, following World Bank classifi-
cations), whereas low-income locations only make up 14% of grid cells globally. 40% of grid cells in
the lowest global income decile have high TMR dependency, compared to just 2.4% in the richest
decile. Moreover, distributions of terrestrial precipitation share are highly skewed in lower income
regions, such that a few localities are highly vulnerable: 20% of the grid cell areas in lowest income
decile — significantly dominated by Central Asia, Western China, and Central Africa — receive 95%

or more of their rainfall from terrestrial sources.

Integrating local income data reveals the regressive nature of TMR-related risks. However, the
magnitude of the impact on these groups will depend on the size of the local population — which
depends on freshwater to meet basic needs — and the extent of rainfall-dependent economic activity.
Rainfed agriculture is a particularly important driver of vulnerability, as agriculture is humanity’s
most water-intensive economic activity® and rainfed crop lands are entirely dependent on the
local hydroclimate. We find that human populations are disproportionately concentrated away
from regions of high TMR dependence: just 14% of the globe’s population is settled in areas
with terrestrial precipitation share exceeding 75% (Fig. 2d). However, in some locations, TMR
dependence coincides strongly with rainfed cropping systems, such that agricultural productivity
in those locations is heavily exposed to impacts from upwind land use change (Fig. 2¢). These high-
exposure areas extend across Sub-Saharan Africa, the Indo-Gangetic Plain, the US Great Plains,

Eastern Europe, Southern Brazil and Northern Argentina, and Eastern China. We also identify
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Figure 2: Global estimates of terrestrial precipitation share across space, socioeconomic
conditions, and land use. Map a shows the share of total precipitation originating from terrestrial
sources, as opposed to originating from the ocean for each terrestrial location (N = 17,674) on Earth. Plot
b shows the overall (top panel) and conditional (bottom ten panels) distributions of terrestrial precipitation
share for each decile of the income distribution, with category one being the lowest decile. Regions are divided
into income categories using gridded GDP estimates from ref.??. Map c overlays the spatial distribution of
rainfed cropland share and reliance on TMR (from a) using a bivariate color scheme. The horizontal axis
of the legend represents the terrestrial precipitation share, while the vertical axis denotes the share of land
allocated to rainfed cropland. Locations in dark pink represent high vulnerability to TMR disruption. Plot
d displays distributions of terrestrial precipitation share weighted by population count (top panel), rainfed
cropland (middle panel), and rainfed cropland only in low-income regions (GDP per capita below 4,456 USD)
(bottom panel).

other regions with high TMR dependence — such as Western China and the Middle East — that
devote little to no land to agriculture, likely due to other biophysical constraints such as poor soils
or low fertility, that make cultivation unsuitable. Globally, we estimate that 20% of all rainfed
croplands receive over 75% of their precipitation from terrestrial sources. TMR dependence is even
higher in low income regions, where 37% of rainfed croplands exceed this 75% threshold (Fig. 2d,
bottom).
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Figure 3: Sources of terrestrial precipitation globally. Map a shows the average annual
quantity of moisture generated by evapotranspiration (ET) in each location (N = 17,674) over
the period 2008-2017 that ultimately falls as precipitation on other terrestrial locations. Barplot
b shows the share of total rainfall that is generated through terrestrial moisture recycling (TMR)
globally (left column), in all rainfed cropland (middle column), and in rainfed cropland in low-
income areas (right column), with land cover types of source regions colored in green (forest),
blue (irrigated croplands), and brown (rainfed croplands). The share of TMR originating from
emerging deforestation hotspots, as defined by ref.3!, is indicated by red stripes. Maps ¢, d, and
e show the average annual quantity of moisture generated by evapotranspiration (ET) from forest,
rainfed cropland, and irrigated cropland, respectively. In map ¢ emerging deforestation hotspots
are highlighted through red stippling. See Methods for a description of how moisture contributions
are partitioned into their respective source and sink categories.

Forests under threat generate significant rainfall destined for vulnerable regions

From where do TMR-dependent regions derive their rain? We find, consistent with prior wor
that the most important sources of TMR — locations with the highest shares of ET destined for
other land areas — are the Congo River basin in Africa, the Amazon forest in South America, and
the tropical rainforests of South Asia and South East Asia (Fig. 3a). In aggregate, these forested
lands account for over 30% of all terrestrial-sourced precipitation (Fig. 3c, Table S1), but they are
under increasing threat of land use change, primarily due to agricultural expansion®>36. This po-

tential disruption raises concerns for downwind locations currently relying on forest-based ET. We

20,24,32-34
k ;
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estimate that lands currently classified as deforestation “hotspots” (see Methods for details) gener-
ate geographically concentrated pockets of TMR-based risk for downwind communities (Fig. S3a).
Specifically, the Republic of the Congo, Democratic Republic of the Congo, and a handful of other
West Central African nations contain lands in which over 75% of annual rainfall originates from
emerging deforestation hotspots where the current supply of ET is severely threatened. Similarly, a
swath of land just east of the Andes in South America exhibits heavy dependence on rainfall from

rapidly deforesting regions of the Amazon.

The economic risks posed by the transformation of emerging deforestation hotspots are dispropor-
tionately large for rainfed croplands in low-income regions of the globe. We find that these regions
source more than 10% of their precipitation from emerging deforestation hotspots on average, a
share that exceeds both the average on all rainfed croplands and the average across all global regions
(7% and 4%, respectively; Fig. S3b). These findings suggest that the populations most vulnerable
to precipitation changes — i.e., rainfed agricultural economies with adaptive capacities constrained

by low incomes — may face the highest risk from TMR disruptions.

Crop-to-crop moisture recycling contributes to local rainfall in vulnerable regions

Non-forested lands are also found to play critical roles in TMR generation, particularly for gen-
erating rainfall in agricultural regions. These non-forested lands include former forests converted
to cropland, as well as other land cover types, including grasslands; wetlands; and water bodies.
Globally, we estimate that 8% of terrestrial-sourced precipitation originates from rainfed cropland,
about 2% from irrigated cropland, with the rest coming from all other land cover types (Fig. 3b,
Table S1). While forests historically generated higher ET, the apparent influence of cropland today
in areas where forests once dominated arises both from their position within the moisture flow net-
work and from their vegetated surface, which enables ET compared to non-vegetated or impervious
land covers3’. Rainfed agriculture in South and Southeast Brazil, the Midwest of North America,
and much of Europe and South and Southeast Asia continues to make significant contributions to
TMR today (Fig. 3d). Isolated areas of the Great Plains in North America, along with a wide
swath of northern India and eastern China with intensive irrigated farming also emerge as critical

TMR source locations (Fig. 3e), contributing to downwind rainfall.

Moisture recycling between agricultural sink and source regions is quantitatively substantial. We
find that rainfed cropland receives nearly twice as much precipitation from other rainfed cropland
(15%) than does a global average grid cell (8%). Cropland tends to span large contiguous areas
and be clustered geographically, creating stronger linkages within the moisture flow network. Fur-
thermore, up to 4% of terrestrial-sourced precipitation in rainfed cropland originates from irrigated
cropland (as compared to just 2% in the global average grid cell) (Fig. 3b, Table S1). In contrast,
rainfed croplands depend relatively less on ET from forests: forests contribute 23% of total rainfall

on rainfed agricultural lands, compared to the global average of 30%. In low-income regions, this
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dependence on within-agriculture flows is particularly stark, as rainfed agriculture depends more
on ET from other croplands (20% of rainfall) than it does from forests (19% of rainfall). These
findings highlight the under-recognized role that croplands play in sustaining precipitation in highly
vulnerable rainfed-dependent regions today, despite having replaced the natural landscapes that
preceded them. Recognizing this dual role can help guide policies that manage these landscapes
and their conversion, for both food supply and moisture generation benefits3%3.

Fig. S2b maps these contributions and shows that the most important source regions for moisture
destined for rainfed agricultural lands are concentrated in India and Southern China, parts of
Indonesia, parts of Eastern and Western Africa and parts of Southern Brazil. Northeast India and
Eastern and Western Africa are particularly essential for sourcing moisture falling as precipitation
on rainfed agricultural lands in low-income regions (Fig. S2c). The difference between the spatial
patterns in Figs. 3a and S2b and c highlights that prioritizing the conservation of TMR flows that
are most socioeconomically valuable may lead to very distinct planning decisions than conservation

of ET flows in aggregate.

Estimates of the economic costs of TMR disruption

We quantify the economic impact of TMR disruption due to potential future deforestation. We
focus on emerging deforestation “hotspots” covering 3.9 million km? (~10% of global forest area
in 2024) that together represent the most urgent near-term risks to terrestrial moisture recycling
globally®!. Specifically, we simulate a scenario in which all hotspots are deforested, reducing local
evapotranspiration (ET) in these regions to counterfactual levels observed to prevail under alter-
native land use types (e.g., grassland, pasture, or soybean agriculture) (see Economic valuation).
We then trace the resulting changes in ET through our source-to-sink TMR flow matrix to esti-
mate resulting reductions in downwind precipitation. To assess the monetized value of this TMR
disruption, we estimate econometric regression models linking aggregate economic output?®4! and
agricultural productivity*? to changes in precipitation and use these estimated models to translate
simulated precipitation declines into monetized economic damages. Our econometric models cap-
ture the global-scale, nonlinear, spatially-varying impact of precipitation on economic output and

we propagate their statistical uncertainty through subsequent simulations.

In every location, economic impacts depend on three factors: (i) the overall level of annual pre-
cipitation; (ii) the share of total precipitation originating from moisture evapotranspired from
forests under threat; and (iii) and the category of baseline economic development, which deter-
mines economic vulnerability to declines in precipitation (see Fig. M1 for a schema). Our approach
accounts for all three, as well as statistical uncertainty using a blocked bootstrap method*?. We
account for model-based uncertainty by relying on datasets and methodologies from two indepen-
dent sources??*! with distinct data sources and scopes, time frames of analysis, and econometric

specifications. To assess global agricultural production damages from TMR disruption, we estimate
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the effect of precipitation on agricultural total factor productivity (TFP), replicating the analysis

.42, Agricultural TFP measures the overall efficiency at which farmers use inputs such as

in re
land, labor, and machinery to grow crops and livestock. In regions where cropland relies primarily
on precipitation as a water source, variations in precipitation directly affect crop yields, which then

affect TFP44. Details on our methodology are provided in Methods.

Gross domestic product impacts The economic impacts of TMR. disruption in emerging de-
forestation hotspots are large and vary substantially across space due to differences in exposure
to precipitation declines and vulnerability to this climatological shock (Fig. 4). Estimated growth
impacts are, on average, largest across Africa and South America, continents that also have the
largest share of total precipitation originating from TMR (Fig. 4b). In Africa, we estimate that dis-
ruptions to TMR in deforestation hotspots could reduce average annual rates of growth in GDP per
capita by -0.09 (95% two-sided confidence interval: -0.12, -0.06) to -0.24 (-0.31, -0.17) percentage
points (pp), with the range indicating model-based uncertainty from refs.! and°. In South Amer-
ica, growth impacts range from -0.08 p.p. (-0.12, -0.05) to -0.36 p.p. (-0.47, -0.24) across models.
These magnitudes are substantial, reducing Africa’s current annual average growth rate by 2-7%
and South America’s by 4-16%. In contrast, effects in Australia, Europe, and North America are
virtually nonexistent, given minimal deforestation risk and low dependence on TMR. Fig. S4 maps
the resulting grid cell-level estimates of the changes in GDP growth rates from TMR disruption in
emerging deforestation hotspots, revealing that locations most strongly affected are concentrated
in Central Africa and North-western South America and, to a lesser extent, in Southeast Asia.
Overall, the analysis implies that the economic costs of precipitation reductions from deforestation
threats are concentrated in low- and middle-income countries — with substantial impacts on regional

economic growth rates.

Agricultural productivity impacts We find that ET losses from emerging deforestation hotspots,
modeled to levels commonly observed in alternative land use, considerably diminishes agricultural
productivity growth across nearly all regions, with these effects being more pronounced than those
on GDP growth (Fig. 4a). As above, the largest burden falls on Africa, where annual growth rates
in agricultural productivity fall by -0.73 p.p. (-0.95, -0.51), essentially removing gains realized in
recent years across the continent, where average TFP growth today amounts to just ~0.5% per
year. In South America, baseline agricultural TFP growth rates are relatively high at over 2% per
year, but deforestation hotspots supply substantial local rainfall (Fig. 4b), leading to TFP growth
rate reductions of -0.57 p.p. (-0.74, -0.39) on average. In Asia, TMR disruption lowers agricul-
tural growth rates by -0.39 p.p. (-0.51, -0.27) on average, while effects in Australia, Europe, and
North America are small or even beneficial. In general, the locations of the globe where agricul-
ture is most impacted by TMR disruption are similar to those experiencing severe aggregate GDP
growth impacts (i.e., Central Africa, north-western South America, and much of Asia) (Fig. S5a).
This suggests that agricultural productivity plays a critical role in driving GDP losses under dry

conditions, consistent with prior work*%:45.
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Figure 4: Impacts of removing terrestrial moisture flows from global emerging de-
forestation hotspots on economic and agricultural productivity growth rates. Plot a
shows the estimated average change in the growth rate of gross domestic product (GDP; in blue)
and agricultural total factor productivity (ag TFP; in beige) caused by a modeled decrease in
evapotranspiration from emerging deforestation hotspots to levels observed in alternative land use.
Averages are computed across all countries within each continent listed. Changes are calculated
using estimates of the impact of precipitation on: (i) economic growth following ref.%? in light
blue; (i) economic growth following ref.*! in dark blue; and (%) agricultural productivity fol-
lowing ref.42. Dots indicate the point estimates while error bars indicate statistical uncertainty
in the growth rate change estimates using two-sided 95% confidence intervals obtained through
block bootstrapping (see Appendix 2 for details). Plot b shows the breakdown of precipitation by
source type: emerging deforestation hotspots (brown), other land (green), and the ocean (blue),
aggregated by continent.
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Discussion

Human activity is responsible for widespread changes to land use on global scales, primarily through
cultivation and deforestation. A large body of research has attempted to understand and quantify
the environmental and socioeconomic impacts of these land use changes, focusing primarily on
outcomes like greenhouse gas emissions and local soil and water contamination. Here, we provide
the first estimates of how land use change impacts socioeconomic well-being through spatially
dispersed disruptions to the atmospheric transport of terrestrial moisture. We identify who is most
vulnerable to economic disturbance from changes to existing terrestrial moisture transport linkages

and quantitatively assess the extent of potential harm.

Our analysis establishes that the socioeconomic importance of terrestrial moisture recycling is
substantial, particularly in regions of low economic development. A disproportionate share of the
global population resides outside predominantly inland, high-TMR-dependence regions — reflecting
the tendency for major cities to develop along coastlines due to historical advantages?® and where
proximity to the ocean generates more abundant, ocean-sourced rainfall. Accordingly, we find that
populated regions with the highest dependence on TMR are largely inland and coincide with the
lowest-developed global areas — including northern South America and Central Africa. These areas
currently face the highest exposure and vulnerability to disruption of existing terrestrial moisture

flows.

Across the globe, we quantify that rainfed-dependent regions with low-income populations — where
people are most dependent on agricultural output and face the highest adaptation constraints —
receive an average of 10% of their annual rainfall from lands that are at high risk of deforesta-
tion. In these regions, we estimate that the economic costs of TMR disruption from deforestation
threaten to suppress aggregate economic growth and potentially even reverse recent gains in agri-
cultural productivity altogether. In contrast, much of the global north is fully insulated from such
TMR-based risk, due both to lower dependence on terrestrial moisture recycling and due to lower

vulnerability to rainfall shortages.

Overall, our analyses identify scope for adaptation opportunities from intentional land use changes
— such as expanding irrigation and forestation efforts — echoing recent work promoting targeted
rainfall enhancement as a co-benefit of reforestation efforts'16:1747 = A growing literature — both
using quasi-experimental 11348 and field methods*® — finds positive impacts of tree shelterbelts on
crop production by offering wind breaks and improving the microclimate for growing conditions.
Our simulated impacts of ET disruption suggest that forest loss in key deforestation hotspots would
substantially reduce agricultural productivity in many downwind regions, leading to significant yield
losses. These findings imply that TMR, contributed by forests play a critical role in sustaining food
production in many populated regions. Our analyses also uncover strong moisture linkages between

croplands that point to untapped potential for sustainable management. Proactive policies that
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promote adaptation strategies — such as the strategic siting of irrigation expansion, protection of
key upwind source areas, and establishment of tree shelterbelts — may be key to the long-term

resilience of food production and regional rainfall.

These results highlight the transboundary consequences of deforestation-driven moisture recycling
losses and point toward the need for coordinated land use and conservation strategies. In particular,
the finding that forests contribute substantially to downwind agricultural productivity suggests that
forest conservation can serve as a climate-resilience and food security policy, especially in regions
reliant on rainfed agriculture. These insights lend empirical support to global initiatives such as
the 30x30 conservation target — which aims to protect 30% of Earth’s land and water by 2030
— not only for biodiversity and carbon sequestration, but also for its indirect effects on human
production through atmospheric moisture flows. Integrating moisture recycling considerations into
spatial conservation planning can improve the cost-effectiveness of both domestic and international

land use policy instruments.

Our analysis has important limitations. The Lagrangian moisture tracking model we rely on (avail-
able at https://doi.org/10.1594/PANGAEA.912710) should be interpreted as an approximation of
the complex physical processes governing atmospheric moisture flows. Fully resolving these pro-
cesses would require detailed representation of coupled water—energy balances and their interactions
with biological and atmospheric dynamics across biomes and regions, which remains challenging
given the scarcity of suitable observational data for model calibration. As a result, our analysis
inherits uncertainties from these approximations, and this should be considered when interpreting

the results.

Our global assessment of socioeconomic risk from disruptions to TMR relies on several simplifying
assumptions. First, we assume homogeneous ET rates across land use categories within each grid
cell, due to a lack of spatially resolved, land use-specific moisture flow data. Similarly, when
simulating forest loss in deforestation hotspot regions, we impose a uniform proportional reduction
in ET of 50% to approximate the effects of replacing forest with counterfactual land use types
such as pasture or grassland. This ET reduction was chosen to reflect the consensus across a
large body of empirical studies (see Economic valuation), but by construction this approximation
abstracts from more complex post-deforestation vegetation dynamics. This assumption implicitly
embeds a linear relationship between deforestation, ET, and precipitation in which reductions in
cell-to-cell flows are additive and non-interacting. Some prior work has uncovered discontinuities
in the deforestation-ET-precipitation relationship using mesoscale models where low rates of forest
loss can actually increase rainfall®®. While such nonlinearities are possible, we focus on emerging
deforestation hotspots, where current forest levels are beyond such critical thresholds, such that

rainfall declines are expected to occur under deforestation®!.

Second, our analysis focuses on long-run average rates of moisture exchange between global land
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areas and does not incorporate possible impacts of land use or land use change on extreme pre-
cipitation events in downwind localities. To our knowledge, no such estimates currently exist at
global scale, although existing work suggests such extreme events play an outsized role in economic

40 Third, we focus here on moisture exchange. Thus, when simulating deforestation

outcomes
impacts, we do not assess the additional local warming effects caused by deforestation, such as
increased sensible heat fluxes and land-atmosphere feedbacks®??3. Future work could build on our
analysis to investigate the joint effects of changing moisture and temperature under alternative

land use scenarios.

Finally, we decompose terrestrial ET into three aggregate land use categories that include forests,
rainfed croplands, irrigated croplands, and the remaining land cover types (including grasslands,
wetlands, and inland water bodies). Forests are the dominant source of TMR globally, but other
land uses such as grasslands also play a significant role in sustaining atmospheric moisture flows.
Our analysis of TMR disruption from land use change is focused on forests owing to their large
contribution to global TMR flows, the fact that they are exposed to heightened risk of land use
change (mostly deforestation to cropland and grazing land)®?, and the substantial expected shifts in
evaporative flows that are likely to result from such changes, given forests’ greater leaf area, deeper
rooting, and perennial nature® >7. Extensions to our analysis that assess the impacts of other land
use conversions on TMR disruption could help paint an increasingly comprehensive picture of the

global economic value of stable terrestrial moisture flows.

Methods

Data

Global atmospheric moisture flows (UTrack) Global terrestrial-based atmospheric moisture
flows, on a 1.0 degree resolution (N = 17,674) for both the source locations and downwind precip-
itation locations, were obtained from the UTrack dataset?’. Tracked atmospheric moisture flows
over 2008-2017 were aggregated into a matrix of bilateral connections between sources and sinks
using ERAD5 reanalysis data at the monthly level. The dataset was generated using “UTrack”, a La-
grangian atmospheric moisture tracking model developed by 2! and forced with ERA5 atmospheric
reanalysis data®®. The model tracks moisture parcels from their point of evaporation through the
atmosphere along trajectories calculated using local wind fields derived from the forcing data. At
each time step, the moisture content of each parcel is apportioned to rainfall at its current location,
based on ERAS5 precipitation and precipitable water. Each moisture parcel is tracked for up to 30
days or until 99% of its water has been allocated to rainfall. The UTrack model was refined with
detailed sensitivity analysis to test various assumptions and uncertainties affecting the accuracy of
moisture tracking and hydrologically relevant statistics. Values exceeding 100% where the water
balance is not closed (i.e., the tracked moisture accumulation exceeds observed reanalysis data) are

winsorized to 100%. These occurrences happen in less than 6% of all cells and largely in the major
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deserts of the world such as the Gobi or Sahara. The dataset is available from the PANGAEA
archive at https://doi.pangaea.de/10.1594/PANGAEA.912710.

Weather data Data on ambient temperature and precipitation for the period 2003 to 2022 were
collected from the ERA5 Reanalysis product provided by the Copernicus Climate Change Service
Climate Data Store. The reanalysis covers the period from 1940 to today and combines model as
well as observational data to construct a consistent dataset with global coverage on a large number
of land and oceanic climate variables. Specifically, we obtained total precipitation at an hourly
resolution and at a 0.25°-by-0.25° grid. We aggregate this data to the UTrack grid described above
using area weighting and then calculate monthly average temperature in °C and monthly total
precipitation in cm. The raw data can be obtained here: https://cds.climate.copernicus.eu/

cdsapp#!/dataset/reanalysis-erab-single-levels?tab=overview.

Agricultural data Harvested area under rainfed and irrigated conditions were collected from
the United Nations Food and Agriculture Organization’s Global Agro-Ecological Zones (GAEZ v4)
dataset. The dataset is a hybrid product based on census and modeled data, offering gridded crop
information at a high spatial resolution of 5 arc-minutes for 26 different crops. Harvested area is
based on aggregate national statistics from FAO statistics for the years 2009-2011 and downscaled
to the individual spatial units. The GAEZ data can be sourced from https://gaez.fao.org.

Forest cover data Forest cover and forest loss data are derived from global maps of 21*"-century
forest cover change generated from Landsat imagery (~30 m resolution at the equator) by ref.?”.
The dataset provides annual observations of forest loss and cumulative forest gain from 2000 onward.
We aggregated these data to a 0.5°x 0.5° spatial grid by summing the area of forest extent, loss,
and gain within each cell. We then estimated net forest cover for each grid cell by updating the
year-2000 baseline forest extent with annual loss and gain up to 2017, the year corresponding to
the final year in the calibration period of the UTrack atmospheric flow data. The resulting 2017

map represents the share of each 0.5° grid cell covered by forest.

Population data We acquire global population distribution data from the Global Human Settle-
ments Layer (GHSL) database, developed by the European Commission. This dataset encompasses
estimates of residential population derived from census and administrative units and further disag-
gregated to the grid cell level. The data are available at 5-year intervals, spanning the years 1975 to
2020. For our analysis, we use data on the distribution of residential population for the year 2020,
aggregated to the 1.0 degree grid resolution. Population data from the GHSL can be retrieved

from: https://human-settlement.emergency.copernicus.eu/dataToolsOverview.php.

Income data We aggregate 2015 global Gross Domestic Product (GDP) and GDP per capita

data from the 5 arc-min resolution provided by ref.?? to the 1 degree grid resolution of UTrack. The
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f. 60

dataset is mostly based on sub-national income data compiled by re and covers 82 countries,

representing 85% of the global population and 92% of global total GDP (PPP) in 2015.

Measuring moisture sinks: terrestrial precipitation share

Defining the terrestrial precipitation share Using the grid cell-to-grid cell bilateral dataset
of atmospheric moisture flows, we compute the volume of precipitation in grid cell i originating

from terrestrial evaporation as:

HTZZFju (1)

where Fj; denotes the volume of moisture (in liters) transported from source grid cell j to sink grid
cell 7. J includes all terrestrial grid cells while superscripts on P indicate source origin: terrestrial
(T') or oceanic (O).

Total precipitation for location ¢, F;, is then the sum of terrestrial- and ocean-sourced moisture
flows:
P, =P+ PP

and the terrestrial precipitation share (TPS) is calculated as:

pPr
TPS; = <P> x 100. (2)

[

TPS; is plotted for each terrestrial location globally in Fig. 2a. In grid cells where the moisture
balance is not closed —i.e., PZ.T > P; due to tracking artifacts in the Utrack data® — we cap terrestrial
precipitation at the total P; derived from the ERAJ reanalysis dataset. These discrepancies are
rare (found in only 6% of all grid cells) and typically observed in arid or sparsely populated regions
(e.g., the Sahara, Saudi Arabian coastal regions, and the Gobi Desert), which contribute minimally

to our vulnerability assessments.
Vulnerability-weighted distribution In Fig. 2b-d, we plot weighted terrestrial precipitation
share distributions (I'SP}"), and in some cases the distributions shown are conditional on another

vulnerability measure to show exposure based on multiple dimensions. These distributions of T'P.S;”

are computed as:
TPS =TPS; x V; | 1[i € Yy],
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where V' € {1, population count, rainfed cropland (hectares)} in each grid cell and Y; denotes
income decile for d = 1,2,...,10 or, as in the case of the last panel of Fig. 2, a threshold for

low-income regions, where annual average income is less than $4,465 as defined by the World Bank.

Measuring moisture sources: terrestrial precipitation exports

To analyze each grid cell from the converse perspective — as a moisture source rather than a sink —

we calculate the total volume of moisture exported from source cell j to all terrestrial sink cells 4:

I
ET; =Y Fj, (3)
=1

where E'T); represents the total evapotranspiration from source grid cell j that contributes to ter-

restrial precipitation elsewhere and I includes all terrestrial grid cells.

This “contribution” metric £7T} is mapped in Fig. 3a. In Fig. S2b-c, we show a breakdown of this
metric in which we weight Fj; by the share of: (i) rainfed cropland in source grid cell 4; and (1)
rainfed cropland only in low-income locations (where income per capita of the local population is
below US$4,465, the World Bank classification for lower middle-income countries) in source grid
cell i. The former metric is motivated by the large impact that precipitation has on agricultural
output and incomes in low-income rainfed agricultural food systems?. Fig. S2a plots the global
spatial distribution of rainfed cropland and of areas designated as lower middle-income under the
FY23-24 World Bank income classification.

Moisture flows by land use and exposure categories In Fig. 3b, we display the contribution
of each land use type u € {forest, rainfed cropland, irrigated cropland, other} to terrestrial mois-
ture flows supporting rainfed agriculture using a two-step weighting procedure. Because our land
use data is at a higher resolution than our TMR data, we can compute for each source location, j,
the proportion of ET generated destined for rainfed agriculture destinations using the share of all

sink cells i devoted to rainfed agriculture (sfainfed):

infed
ETj—>rainfed = § F’jl S§alne .
A

Implicitly, this approach assumes that tracked moisture, F;, falls evenly over all areas in ¢. This is
a necessary assumption, as we cannot resolve within-grid cell rainfall distributions using UTrack2°.
Second, we compute the contribution of land use type u within source cell j by weighting the total

moisture flow from j to rainfed cropland (ET}j_ainfed) by the share of land area in j devoted to land

u

i where u € {forest, rainfed cropland, irrigated cropland, other}, as above.

use type u, denoted s

16



453

454

455

457

458

459

460

461

462

463

464

465

466

468

469

470

471

472

473

474

475

476

477

478

479

Finally, to express land use contributions in relative terms, we normalize the total flow from land
use type u to rainfed cropland by the total volume of terrestrial-sourced precipitation received by
all rainfed cropland globally. Summing over all source and sink cells yields the share of global

terrestrial-sourced precipitation received by rainfed cropland that is attributable to each land use

type u:

Zj (S'ju Ez F}z S;jainfed)
Zj Zz Fji Sgainfed :

E Tuﬁrainfed =

(4)

rainfed
i

1 (first bar in Fig. 3b), and for rainfed cropland only in low-income regions (third bar in Fig. 3b)

We repeat this calculation for overall terrestrial-sourced precipitation where s is replaced by

where

rainfed S£ainfed, if GDPPC,i < 4465

5;

0, otherwise

The results of this exercise are plotted in Fig. 3b.

Characterizing disruption to TMR flows from deforestation in emerging hotspots

Definition of emerging deforestation hotspots We focus our analysis on the disruption to
TMR caused by deforestation in a set of emerging deforestation hotspots. To do so, we adopt the

f.31. a deforestation hotspot is an area that exhibits

definition of a deforestation hotspot from re
statistically significant clustering in the spatial pattern of forest loss. To identify such hotspots,
the authors conduct a spatial clustering of forest loss exercise in which they take into account the
temporal signature of forest loss in each cluster. Specifically, they first identify spatial neighbor-
hoods of statistically significant forest loss using the Queens Case Contiguity method. Second, they
use the Mann-Kendall statistic®' to test whether a statistically significant temporal trend exists
through each grid cell’s 14-year time series of the Getis-Ord Gi* statistic (a measure of the intensity
of clustering of high values in a locality relative to its neighbor). Ref.?! then assign each grid cell
a deforestation category based on the cluster and its Getis-Ord Gi* statistic (e.g., intensifying to
an increasing trend, persistent to a constant trend, and diminishing to a decreasing trend). Ref.3!
denote deforestation hotspots as all clusters that have a statistically significant increasing trend for

all or some period of the period of analysis between 2000-2014.

To denote grid cells falling into emerging deforestation hotspots, we let j index source grid cells (i.e.,
where evapotranspiration originates), and ¢ index sink grid cells (i.e., where precipitation falls), as

previously defined. We then define source areas affected by deforestation as d; € {0,1}, a binary
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indicator equal to 1 if source cell j lies within a deforestation hotspot, and 0 otherwise.

Calculating deforestation-driven TMR. disruption For each sink cell i, define the volume

of its incoming moisture that originates from sources at risk of deforestation as:

PP =" 1(d); - Fji
j

We then compute the following summary statistics for rainfed cropland:

s 1 prisk ,
TPSmsk _ - ) % Sralnfed‘
i N i P, i

As in the previous section, we repeat this calculation for overall global “at-risk” precipitation share,

rainfall

where s is replaced by 1, and for rainfed cropland only in low-income regions where

infed '

rainfed _ Sl{ram 4, if GDPpc,z < 4465

Z .
0, otherwise

The results of this deforestation risk analysis for various measures of socioeconomic exposure are
plotted in Fig. S3b.

Economic valuation

Estimating nonlinear impacts of precipitation on global economic activity The physically-
based metrics detailed above offer a limited perspective on socioeconomic vulnerability, as they are
unable to monetize the implications of TMR, disruption in terms of damages to productive output.
In particular, analysis based on physical units (e.g., terrestrial precipitation share) implicitly treats
every unit of moisture as equally valuable, while economic theory and evidence indicate that, like

other inputs to production, precipitation has declining marginal value to economic output.

To translate the human impacts of TMR disruption into economically meaningful terms, we build
on a foundation of empirically estimated production functions that relate the quantities of precip-
itation in a given location and year to growth in (1) aggregate gross domestic product per capita
(GDP) output and in the (2) productivity of the agricultural sector. These production functions
typically take a quadratic form to capture the diminishing returns of increasing precipitation. To
accurately capture the range of potential economic impacts at the continent level, we systemati-
cally replicated, resampled data, and re-estimated the key relationship using the original data and

model specifications from refs.*!,40, and*? using a block bootstrap, blocking by region (for economic
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growth) and country (for agricultural TFP). This bootstrapped approach allows us to first generate
a range of estimated effects related to the simulated cell-level changes in TMR-driven precipita-
tion, which are then aggregated over each continent to yield distributions of net effect that reflect
sampling uncertainty. We use this approach to estimate a plausible range of aggregate economic

losses driven by precipitation reduction due to forest loss in deforestation hotspots globally.

To reflect uncertainty in model and data sources, we draw on the empirical strategies of two recent,
replicable studies estimating the impact of precipitation on GDP growth rates: Damania et al. %!
and Kotz et al.*°. For agricultural productivity, we rely on data and methods from Ortiz-Bobea
et al.*2, which is the only study to estimate the empirical relationship between precipitation and
agricultural total factor productivity (TFP) on a global scale. Table M1 provides a comparison
highlighting the main differences in data sources, outcome of interest, and parameter estimates
among the three studies. Kotz et al. 0 estimates the quadratic relationship between annual precip-
itation and GDP growth rates over 1979-2019 using new subnational economic data? compiled from

1.41 estimates this relationship

various governmental or administrative agencies, while Damania et a
over 1990-2014 using grid-cell level GDP per capita data?? downscaled from a different source of

subnational economic data®. The geographical coverage is 77 and 82 countries, respectively.

Our agricultural productivity framework comes from Ortiz-Bobea et al.%?, who estimate the re-
lationship between “green-season” precipitation and agricultural TFP at the country level using
a set of TFP indices obtained from the US Department of Agriculture’s Economic Research Ser-
vice for 172 countries over 1961-2015. Agricultural TFP is a measure that incorporates aggregate
production value of the agricultural sector, accounting for input responses such as in land, labor,
and chemicals; and thus captures interactions between output and input adjustments. Ortiz-Bobea
et al.*2 focuses on green-season precipitation only, which is the 5-month period centered around the
greenest month of the year of each country. Our month-level dataset of cell-to-cell TMR flows allows
us to utilize this framework because we are able to calculate “green-season” precipitation changes
by aggregating precipitation losses only occurring in green-season months under our deforestation

scenario.

In all papers, the general relationship that equates economic or agricultural TFP growth to pre-

cipitation in location 7 in year t is

Growthy; = 61 Pyt + ﬁgpl% + ’YTZit + i+ A+ fc(t) + €it, (5)

where P denotes precipitation, Z is a vector of other climate controls such as quadratic functions of

41,42 o1 other moments of the rainfall or temperature distributions as in%. Growth

temperature as in
is computed as the year-to-year difference in the natural logarithm of GDP or TFP measure. Fixed

effects at the location (u) and year (\) levels capture location- and time-specific baseline growth
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rates. Because the model is specified in growth terms, the inclusion of a unit-specific dummy
variable p; is analogous to controlling for a linear unit-specific time trend in levels of output. The
specification in Damania et al. ! also includes functions of country-level trends, denoted by f.(t), as
controls. Our key parameters of interest 81 and 2 are the modeled quadratic parameters describing

the relationship between aggregate growth and total precipitation.

Using equation (5), we compute the expression for the change in GDP or ag TFP growth in each

location 7 resulting from simulated deforestation (loss of PFsk) in each grid cell:

A Growth; = B1P] 4 BoPl 2+~ Zit + pi + Mt + fo(t) + €is
- [51131' + BoP? + 4+ Zig + i + M+ folt) +en
= B1(P = P,) + Bo(P}* = P)
= —BL P} — 28, P PYSF + By (PR, (6)

Given that the fixed effects and other climate control variables that are assumed to be held constant
(e.g., standardized monthly rainfall deviations) cancel out, our final expression for the change
in growth in equation (6) is a function of observable and estimated quantities. We obtain P;,
mean annual rainfall from the ERA-5 reanalysis of historical observed precipitation, derive PiriSk
using our spatial model of cell-to-cell moisture flows, and reanalyze estimates of the rainfall-growth
parameters, 31 and (2 using the established framework described earlier. For both studies on

P404L the parameters B; and (3, differ across space, as lower-income (developing)

aggregate GD
countries are found to be far more sensitive to rainfall variations than are higher-income nations,
presumably due to differences in capital investments (e.g., drilling groundwater wells, investing
in dams) and other forms of adaptation. Fig. M1 illustrates the method used to conduct this

calculation.
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Figure M1: Illustrating the economic valuation methodology used to quantify the costs
of deforestation on downwind precipitation and measures of economic growth. Panel a
illustrates the determination of the amount of downwind precipitation change to cell X when one
of its upwind cells is in a deforestation hotspot (green). The yellow arrow illustrates the modeled
50% reduction in atmospheric moisture flows from deforestation hotspots, representing half of the
moisture originally contributed by these areas. Panel b shows how we translate the net change in
precipitation for each cell globally into an impact on growth in aggregate Gross Domestic Product
(GDP) and agricultural total factor productivity using established precipitation-growth response
functions from Kotz et al.*?, Damania et al.*!, Ortiz-Bobea et al.42.
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Study Sample B1(x107%)  B2(x107°) Data Source Spatial Resolution Years
Kotz et al. (2022) Developing 3.684 ~2.653 Database of Subnational Economic ~ Admin-1-level 1979-2019
(0.957) (1.317) (DoSE) %2, ERA-5 climate data
Hich-income —2.590 2.403
et (0.830) (1.590)
Damania et al. (2020) Developing 1.94 —3.0 Downscaled GDPPC  grid-level 0.5° grid-cell-level 19902014
(0.381) (0.081) data (0.5°)2°, UDEL v3.01 climate
data
o —0.264 —0.87
High-income (0.494) (1.18)
Ortiz-Bobea et al. (2021 All 18.2 —182 USDA ERS TFP data, FAOSTAT, Country-level 19612015
(3.50) (0.410)

GMFD climate data

Table M1: Empirical estimates of annual cumulative precipitation impacts on growth in aggregate Gross Domestic
Product and agricultural productivity. Coefficients are reported for the linear and quadratic terms of annual precipitation in
Damania et al.*', Kotz et al. %, and Ortiz-Bobea et al.*?. Values in parentheses report standard errors. Estimates are separated by
sample (developing vs. high-income) where applicable.
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Estimating counterfactual TMR under forest loss in hotspot regions To account for the
fact that alternative land use (e.g., grassland, pasture, or soybean agriculture) continues to provide
some evapotranspiration (ET) even after forest loss, in our simulations we conservatively reduce
ET in deforestation hotspot grid cells by 50%, rather than assuming complete elimination. This
adjustment is informed by empirical evidence suggesting that ET reductions from deforestation are

substantial but typically not total, due to residual vegetation and regrowth.

Previous studies estimate that deforestation can reduce regional precipitation by a wide range,
depending on biome and scale: in the Congo Basin, losses of 10-20%°° to 50% %% have been reported,
while in the Amazon, reductions range from 4-30%° to 55-70%%. Although these studies quantify
the precipitation response to observed forest loss at various spatial scales, estimates derived from
large-scale deforestation can be interpreted as approximate upper bounds on the reduction in ET.
At such scales, most moisture that would have been recycled back into the region originates from
the forest itself, so the observed decline in precipitation closely reflects the maximum amount of

ET that deforestation could remove from the regional hydrological cycle.

The cell-level estimated changes in growth rates based on all studies are mapped in Figs. S4 and
S5. In the main text, we present the aggregated growth rate changes and their respective 95%
confidence intervals at the continent level (Fig. 4). As described, we apply a bootstrap approach
to propagate uncertainty from empirical estimates from all three studies into our continent-level

estimates of impacts.
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