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Abstract Water scarcity represents a critical global challenge driven by diverse complex interactions
between natural and anthropogenic factors. Long-term water scarcity often results in depletion of water
resources in so-called water scarcity hotspots. To understand the interactions among social, ecological, and
hydrological components within these water scarcity hotspots, we applied causal discovery to observational
time series of socio-economic, meteorological, and ecological variables. This resulted in a network representing
the causal relations between these variables and Terrestrial Water Storage (TWS). Recognizing the limitations
of causal discovery, we supplemented the network with expert knowledge. From this we derived Structural
Causal Models (SCMs) that simulate the causal mechanisms influencing TWS trends at the water scarcity
hotspots. The resulting SCMs have a variable performance with a median 12 of 0.67 compared to TWS
observations. The SCMs allowed us to estimate the impact of anthropogenic and natural changes on TWS
variability at water scarcity hotspots. Our analysis confirms population growth as the most significant cause of
TWS change in hotspots. As such, this study demonstrates how causal discovery and SCMs can enhance
modelling of human-water system dynamics affected by water scarcity, improving the understanding of these
systems and potential impacts of future changes on water storage and availability. For future research, more
detailed data on human-water use is needed to improve the robustness of these models. This is essential for
developing effective water management strategies to mitigate water scarcity at hotspots.

Plain Language Summary Water scarcity is a critical issue, especially in regions with severely
depleted water resources. This study shows how causal modelling techniques can be used to understand what
drives water scarcity in these areas. The causal model connects different factors like rainfall, temperature,
agriculture, population, and water storage. The resulting network shows how these elements interact. Our
findings confirm that population growth impacts water storage the greatest, more so than changes in climate.
This study also highlights the need for better data on water use and more robust methods to identify the causes of
water scarcity. Understanding these causes is important for developing strategies to manage water scarcity that
address the needs of each affected region.

1. Introduction

Freshwater resources are vital to humanity and ecosystems. However, at least half a billion people live in water
scarce conditions all year round (Mekonnen & Hoekstra, 2016). Water scarcity and its driving mechanisms have
been widely studied using modelling applications (Dolan et al., 2021; Felfelani et al., 2017; Greve et al., 2018;
Haddeland et al., 2014; Hanasaki et al., 2018; Kim et al., 2016; Kummu et al., 2016; Van Vliet et al., 2017; van
Vuuren et al., 2015; Wada et al., 2011). Independent observation-based analysis of water scarcity drivers is,
however, in its infancy.

Global modelling efforts found that water resources are under pressure due to excessive human water use
(~1700 km® year™!) (Qin et al., 2019). Human water use can be separated into different sectoral uses: municipal,
industrial, and most importantly irrigation water use. Irrigated agriculture is by far the largest water consumer,
accounting for 85%-90% of the total consumptive water use (Qin et al., 2019). About 52% of irrigated crops are
irrigated from unsustainable resources, of which 15% is produced for the global trade market (Rosa et al., 2019).
At the same time, urbanization, industrialization, and agricultural expansions have been deteriorating water
quality of freshwater resources, exacerbating water scarcity (UNEP, 2016; Van Vliet et al., 2017, 2021). Also, the
perception of water scarcity may be aggravated by water mismanagement, for example, inefficient water use or
unequal water distribution. Moreover, the availability of renewable water resources is affected by hydroclimatic
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change. At the same time, socio-economic factors, for example, population growth and economic development,
are projected to increase future water use (Haddeland et al., 2014; Felfelani et al., 2017; Y. Pokhrel et al., 2021;
Desbureaux et al., 2022). Thus far, these developments have reduced streamflow and water storage, leading to
shifts towards drier conditions in many regions (Porkka et al., 2024). If these human and climate induced drying
trends persist due to an imbalance between human water use and natural water availability, a water gap develops.
A water gap is thus defined as water demand that cannot be met by renewable water resources. When the water
gap of aregion is large and persistent, human water use is often unsustainable, depleting surface and groundwater
resources. Regions where such depletion occurs, are defined as the so-called water scarcity hotspots (Leijnse
et al., 2024).

Water scarcity has various detrimental impacts on societies and ecosystems. Examples include reduced food
production, human health deterioration, or damage to aquatic ecosystems (de Graaf et al., 2019; Dinar et al., 2019;
Leijnse et al., 2024). To alleviate such negative impacts of water scarcity, implementation of effective water
management is necessary through mitigation strategies or adaptation measures. For finding effective strategies, a
detailed understanding of water system dynamics and its drivers at hotspots is crucial. Ways to evaluate drivers of
water scarcity include global hydrological models, integrated assessment models, or data-driven methods. For all
methodologies sufficient in situ or remote sensing measurements of variables driving water scarcity are essential.

Some of the drivers listed above are hard to measure and quantify on a global scale. For instance, limited
observational records of water quantity and quality are available with a sufficiently high temporal resolution and a
uniform global distribution (Desbureaux et al., 2022; Jasechko et al., 2024; Jones et al., 2024; Liu et al., 2017; Van
Vliet et al., 2021). Observational data sets of water use at the global scale are even more limited. Reported data
(e.g., AQUASTAT) is available on country level and 5-yearly scale, missing any interannual and spatial vari-
ability (Cardenas Belleza et al., 2023). Moreover, many countries do not regulate reporting of water use, making
the data that is reported uncertain, inconsistent, and incomplete (Huang et al., 2018). Lastly, socio-political
drivers, for example, mismanagement of water resources, are even harder to quantify or monitor dynamically
over time.

Satellite observations provide a full global coverage of water resource depletion, for example, the Gravity Re-
covery and Climate Experiment (GRACE) and GRACE-FO satellites (Landerer et al., 2020; Tapley et al., 2004).
These satellites detect anomalies in Earth's gravitational field from which changes in Terrestrial Water Storage
(TWS; water storage in ice, snow, surface water, soil water, and groundwater) are derived. Such methods have
identified regions with long-term trends in surface water depletion, groundwater depletion, or hydrological
droughts, and thus water scarcity hotspots in general (Richey et al., 2015; Rodell et al., 2018). Well-known
hotspots include the Middle East, the Ganges-Brahmaputra basin, North China Plain, and California in the
USA. However, not all important driving mechanisms of water scarcity, such as socio-political factors or human
water use, can be measured with remote sensing. Also, the observational period of satellite products is limited to
the recent decades.

Current modelling efforts predominantly consist of global hydrological models that asses global water scarcity
from a physically based perspective (Greve et al., 2018; Haddeland et al., 2014; Hanasaki et al., 2018; Kummu
et al., 2016; Wada et al., 2011) or Integrated Assessment Models that assess water scarcity derived from a socio-
economical context (Awais et al., 2024; Dolan et al., 2021; Kim et al., 2016; van Vuuren et al., 2015). A
disadvantage of both model types is, however, that they consist of complex relationships. This complexity makes
the computation of system changes demanding and slow. Moreover, knowledge on some processes is lacking, and
thus based on assumptions. Especially consistent theories on human-water interactions, such as water withdrawal,
distribution, and consumption, are lacking (D6ll et al., 2016; Kim et al., 2016; Bierkens, 2015; Y. N. Pokhrel
et al., 2016; Nazemi & Wheater, 2015).

Alternatively, data-driven methods, for example, machine learning and regression models, allow for assessing
global water scarcity hotspots. Such methods have the advantage to be less computationally demanding, but come
at the expense that they do not automatically include theories on system processes, feedbacks, and causal re-
lationships. Even though data-driven methods are often seen as a “black box,” as information on system processes
may be hidden within the data (Nearing et al., 2020). Methods that provide more context to data-driven models
include causality (Pearl & Mackenzie, 2018), sensitivity analyses (Frey & Patil, 2002), or feature importance
(Konig et al., 2020). Such methods are not commonly used to evaluate driving mechanisms of water scarcity.
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Thus far, its potential has been underutilized, especially when focusing on observational data of water scarcity and
its drivers.

Here, we focus on data-driven methods that include causality. This topic has been gaining interest in Earth and
environmental sciences recently, as new algorithms are being developed to answer causal questions in these fields
(Camps-Valls et al., 2023; Nichol et al., 2023; Runge et al., 2023). Three layers of causality exist that each build
on the previous layer, starting with causal discovery. Causal discovery is the inference of a causal graph between
observed variables, thereby finding causal links between system variables. From this follows the construction of a
Structural Causal Model (SCM) that describes how each variable of the system is (in)directly affected by other
variables of the system. This model usually comprises of a non-linear function representing the causal mechanism
of a target variable and an exogenous noise term. Lastly, interventions (or perturbations) of input data can be
applied to the SCM, thereby estimating the causal impact of a variable or counterfactual on the target variable
(Runge et al., 2023).

Integrating causal thinking and causal impact into data-driven hydrological modelling offers a different
perspective on understanding system dynamics affecting water resources in water-scarce regions, while allowing
for a more robust data-driven model (Runge et al., 2023). Moreover, it allows for a dynamic framework in which
system changes and feedback mechanisms affecting water scarcity are included. At the same time, such a
framework has a low computational demand, allowing to readily assess which system changes impact water
storage significantly. Therefore, the objective of this paper is to explore the possibilities to integrate causality in
data-driven modelling of TWS changes at water scarcity hotspots, where a decline of TWS is considered as a sign
of persistent water scarcity. With such a data-driven model we thus aim to assess the impact of main drivers
causing unsustainable water use at water scarcity hotspots.

This study builds on work of Leijnse et al. (2024) that identified global water scarcity hotspots and analyzed the
drivers, pressures, states, impacts, and responses of water scarcity through a literature review. Here, we extend
this analysis by focusing exclusively on the physical causes of water scarcity, disregarding any occurrence of
water scarcity perceptions due to water quality, inaccessibility, or socio-political issues. We employ a data-driven
causal inference approach that has not previously been applied for such purpose. More specifically, we apply a
causal discovery method (JPCMCI') to observational time series of socio-economic variables (population),
meteorological drivers, and a vegetation index with TWS as target variable to obtain a causal network repre-
senting human-water system interactions at 21 water scarcity hotspots. After conducting and evaluating the causal
network at global scale, we construct a data-driven SCM for each water scarcity hotspot. These SCMs represent
the causal relationships between each observed variable and changes in TWS as they are based on the identified
global causal network. Lastly, we apply a causal (counterfactual) impact analysis to estimate the sensitivity of
each SCM, and thus TWS, to changes in each model input variable.

2. Methods
2.1. Data

To find a network of causal links that relate to water scarcity at the hotspots, globally available observational data
sets were used as input data for each hotspot (Table 1, Figure 1a). The location and extent of each hotspot has been
predetermined by Leijnse et al. (2024). By using globally available data, we ensure that the methodology is
consistent at all hotspots. The choice of which variables to include, was based on a priori knowledge obtained
from the DPSIR (Driver, Pressure, State, Impact, Response) framework results, that have found the key drivers
and pressures of water scarcity hotspots (Leijnse et al., 2024). We chose TWS measured by GRACE as the target
variable representing “water scarcity”. The rationale to use TWS as target is that GRACE picks up the signal of
persistent water scarcity (Rodell et al., 2018), which is over time resolved by hotspots through depleting surface
water and groundwater resources (Leijnse et al., 2024). Another criterion of the input data was that it should at
least cover June 2002 to December 2019 at a monthly resolution, as this aligns with the observational period and
temporal resolution of GRACE. These criteria restricted which variables we could include in our analysis, as
some important driving variables are not available at global scale or at this temporal resolution and period. Global
observational data of water use is, for example, reported on 5-yearly basis or does not cover the required temporal
period, for example, Huang et al. (2018). Water use was thus replaced by indirect (driving) variables. For any
sectoral water use (domestic, industrial, or agricultural water use) we use population count as a proxy, as is also

LEIUNSE ET AL.

30f22

95U8017 SUOWIWOD BAIEaD) 3Rl (dde sy Aq pausenob a1e S9one O ‘8sN JO Sa|nJ Joj Akeid 1 8uljuO AS[IA UO (SUONIPUOD-PUR-SWLRI/L0D A8 | IM AReq1pulUO//SANY) SUORIPUOD PUe SWie | a1 89S *[5202/60/22] Uo ARid1T8uljuo AB[IM ‘LE7S0043202/620T 0T/10p/wod A3 | m-Aseidjpuljuo'sgndnBe//sdny wouy pepeojumod ‘6 ‘G20¢ 'LLZv82eT



V od |
AGU

ADVANCING EARTH
AND SPACE SCIENCES

Earth's Future 10.1029/2024EF005437

Table 1
JPCMCI* Input Variables Obtained From Global Observational Data Sets With Their Resolutions Before Preprocessing

Variable Data set Spatial resolution/cell size at equator ~ Temporal resolution
Terrestrial Water Storage (TWS) GRACE 3°/200 km Monthly
Temperature (t2m) ERAS 0.5°/50 km Monthly
Precipitation (pr) ERAS 0.5°/50 km Monthly
Population count (pop) WorldPop 30 arcsec/1 km Yearly
Discharge (Q) PCR GLOBWB 2 5 arcmin/10 km Monthly
Enhanced Vegetation Index (EVI) MODIS 0.5°/50 km Monthly

Irrigated area Nagaraj et al. (2021) 5 arcmin/10 km Yearly

Note. More details on data references and preprocessing are available in Table Al.

often the case in other modeling frameworks (Bijl et al., 2016; Davies & Simonovic, 2011; Hejazi et al., 2014;
Wada et al., 2011). Additionally, we combined the Enhanced Vegetation Index (EVI) and irrigated area as an
indirect measure of both land use change and irrigation intensity, thus affecting irrigation water use. A more
detailed overview of data sets used as input can be found in Table Al.

Before applying the observational data to the JPCMCI* algorithm (Section 2.2), we preprocessed the data. First,
all globally gridded databases were clipped according to the boundaries of each individual water scarcity hotspot
(Figure 1a) (Leijnse et al., 2024). The EVI grid cells were additionally clipped according to grid cells where
irrigation occurs as estimated by Nagaraj et al. (2021). This limits the EVI to irrigated croplands. Next, the zonal
average (or zonal sum for total precipitation and population count) over each hotspot was estimated for each
variable, resulting in time series of 6 variables for each of the 21 hotspots. The GRACE data contains missing data
and resulting data gaps. About 15% of the time series is missing, of which July 2017 to May 2018 is the largest
gap. This gap will have consequences for the causal discovery and Structural Causal Model (SCM) training later
on (Section 2.2 and 2.3). To increase the resolution of the population data from yearly to monthly resolution, we
applied a linear interpolation between each known data point. We added randomly generated noise with a
maximum standard deviation of 5% of the yearly values to the interpolated population values. This approach
preserves the long-term trends while introducing potential sub-annual variability. The noise also portrays that we
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Figure 1. Generalized workflow of (a) clipping global input data sets per hotspot to obtain a time series per variable,

(b) example causal network graph obtained from the JPCMCI™ causal discovery algorithm applied to Terrestrial Water
Storage (TWS) and independent observational variables (V!, V2, V3), (c) derivation of an example Structural Causal Model
(SCM) based on the causal graph, (d) Nonlinear Least Squares minimization to obtain values for coefficients a/* and A/, and
(e) example of TWS impact analysis results where input variable V/ is changed with different percentages.
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have no information about the actual variability within a year. This lacking knowledge about sub-annual vari-
ability reduces the explanatory power of population as a driver. Then, the long-term (2002-2019) monthly
average and linear trend were subtracted from each time series to remove seasonality and trends, that would
otherwise interfere with identifying causal relationships (Runge et al., 2023). Lastly, all time series were quantile
normalized, ensuring that both magnitude as well as distribution of the time series become comparable.

2.2. Causal Discovery JPCMCI*

Causal discovery or causal learning is a conditional and statistical independence-based approach of obtaining a
causal graph from observational data (Peters et al., 2017; Runge et al., 2023). It qualitatively reconstructs links of
a causal graph towards a particular target variable, in our case TWS (Figure 1b). The approach comes with a list of
assumptions, depending on which method used. J(oint)-PCMCI™, like any other Partial Correlation Momentary
Conditional Independence algorithm, learns causal time series graphs, including time lags and bi-directed links
for latent (hidden) contexts (Giinther et al., 2023). It is a constraint-based approach, which assumes:

1. all data to be part of an acyclic time-dependent SCM, where exogenous noise variables are jointly independent;

2. the Markov condition: if a (conditional) dependency occurs between variables, there is causality between those
variables, making the variable conditionally independent of any other variable;

3. faithfulness: a d-separation implies (conditional) independence, meaning that there is no causality between the
two variables.

The JPCMCI* algorithm starts with a fully connected graph between all variables. Then it iteratively applies
independency tests between each input variable, while conditioning for a set of other input variables. The number
of variables included in the conditional set increases for each iteration, until an independency is found. If no
independency is found between two variables conditional to any of the input sets, a causal link between the two
variables remains in the graph. This identifies a so-called “causal parent” of a variable, meaning that this variable
directly influences another variable in the system. In this study we used the partial correlation test as conditional
independency test, which finds linear partial correlations for data with Gaussian distributions. If during the test the
p-value between two variables exceeds the alpha threshold, the two variables are assumed to be (conditionally)
independent. Their causal link is thus removed. In this study, we apply three different alpha values (0.001, 0.01,
0.05) and choose the alpha resulting in a Directed Acyclic Graph (DAG) that is preferred for defining an SCM
(Section 2.3). The test also takes lagged timesteps into account, so dependencies between variables at the current
timestep and previous timesteps from another or the same variable (autocorrelation). To include system memory
within 1 year in the causal graph, we considered a range from 1 to 11 months of time lags. For all links in the graph
that are not rejected by the independency testing, the direction of each link is determined by several orientation
rules. For example, the v-structure rule: if X and Y are independent, while X and Z, Y and Z are dependent, links are
directed as: X — Z « Y. For time lags the orientation will always be forward in time (Runge et al., 2019).

As the sample size of each time series per hotspot and variable is small (N = 213) and contains data gaps
(Section 2.1), learning a causal graph for each individual hotspot gives inconclusive results (Nichol et al., 2023;
Runge et al., 2023). An advantage of the JPCMCI* method is that it allows for pooled (joint) data sets as input,
meaning that it can include time series from different spatial contexts. In this study we pooled the time series of
each system variable at the hotspots together (N = 213*21 = 4,473). By doing so, the JPCMCI* algorithm learns a
causal graph that represents the system at all hotspots.

2.3. Structural Causal Model (SCM)

We constructed the SCM according to the causal graph found by the JPCMCI* causal discovery method (Sec-
tion 2.2), that estimates (in)direct causes of TWS change including lagged timesteps and autocorrelations.
However, causal network discovery often results in a Partially-Directed Acyclic Graph (PDAG) with undirected
edges, whereas an SCM can only be defined from a DAG (Nichol et al., 2023). Therefore, we decided to sup-
plement the causal graph with a priori expert knowledge, as we expect all input variables to have at least one
causal link directed towards TWS (Section 2.1). In this study, we consider the following generalized SCM
structure (Runge et al., 2023):

TWSI = f[pa(vffr,rz())’ ’7:] (1)
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where f is a (non-)linear function of the causal parents pa(V;_,) of TWS; and 7, is an exogenous noise term
representing the non-explained part of the TWS, signal. The causal parents V, = (V,l, Vf,. ves V,J ) are the system
input variables from the underlying multivariate time series (t2m, pop, pr, EVI, O, TWS; Table 1). The subscript ¢
represents the timestep with 7 as time lag, which in our case has a maximum value of 11 months.

As the causal discovery method tests for linear correlations (Section 2.2), the SCM of TWS,; is a multivariate
function. In this function each parent variable is assumed to be linearly related to TWS. This results in the
following general equation:

Tmax j Tmax . .
TWS, =+ Y (a2TWS,_.) + Y. 2(aVI ) +n) )
7=l j=1 =0

And the causal parent variables themselves are also related to each other as:

Tmﬂ)‘ . . K 7max . s
Vi=pl+ 2@l VE)+ 2, @ Vi) +nlj=1,....0 ©)
=1

k=1 =0

i

where « is the coefficient and f the intercept of each linear function that defines a causal parent of TWS. The j
refers to the corresponding causal parent, k corresponds to indirect causal parents, and 7,,,, = 11, as explained
above. The Z(agTWS,_T) and Z(a{ V{_,) refer to the autocorrelation of TW.S, and V{, respectively. Note that if we
substitute Equation 3 for any of the parent variables into Equation 2, we obtain an equation that is non-linear
(polynomial). An example of such a substitution can be found in Figure 1c. In this example autocorrelation is
excluded.

2.4. Non-Linear Least Squares Minimization

Parameters a and f are estimated by minimizing the sum of squares of the residuals from the modelled (TWS’I"”")
and observed (TWS;’I”) TWS (Figure 1d):

N
o(ai* p) = S [TWS* (ab*, ') — TWS | @)

=1

with N as the length of the observed TWS time series and O as objective function. We used the “Levenberg-
Marquardt” method to minimize the objective function. This method iteratively finds the optimal value for each
parameter in the objective function within a trust-region shape (Moré, 2006).

We estimated a non-linear SCM separately for each hotspot. As a result, we obtain 21 SCMs that are all spe-
cifically trained on observational data from each hotspot area. Consequently, the data sets used across the
different hotspot areas are consistent, while resulting SCMs vary. This variation arises from the local variability
affecting the relationship between input variables and TWS. The full observational time series for each hotspot
were used as input to train each model and find optimal parameters. Moreover, when an autocorrelation occurred
between TWS, and TWS,_,, we used the observed TWS only as input for the initialization (first timestep; TWS)
of each model. For the subsequent timesteps, the simulated TWS,_, was used as input. This approach better
captures the propagation of simulation errors, instead of correcting the simulated model with observed data from
the previous timestep.

The significance of the model parameters was estimated by bootstrapping: resampling a subset of 80% of input
data 100 times to obtain the variance of each parameter, followed by a #-test for parameter significance. The
resulting set of 100 TWS simulations were then used to estimate the 90% confidence interval of each SCM.
Another randomly split test set (20%) was used to evaluate model performance. We calculated evaluation metrics
to compare the modelled TWS to the test set of TWS observations for corresponding timesteps. The metrics
calculated are 2, Mean Squared Error (MSE), and Mean Absolute Error (MAE). Additionally, we calculated the
residuals (noise terms; #,) of each SCM, their mean and standard deviation. We also estimated the lag-one
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Figure 2. Causal graphs of target variable Terrestrial Water Storage (TWS). Each node (circle) represents a variable (full
variable names are given in Table 1). The — or x-x lines are the links between the variables. A link with the number “1”
indicates a time lag of 1 month. (a) Causal graph resulting from JPCMCI™. The link strength shows the result of the partial
correlation test, with in red a positive dependency and in blue a negative dependency. The node strength shows the strength of
the autocorrelation. The x-x links indicate an undecided link direction due to conflicting orientation rules. (b) Expert graph with
causal links assumed for the Structural Causal Model. A link from a node to itself with a “1” indicates a 1-month autocorrelation.

correlation metrics of the residuals per hotspot. Lastly, we applied the Shapiro-Wilk test to assess the normality of
residuals (Shapiro & Wilk, 1965). These metrics of #, indicate to what extent the SCMs simulate all causal
mechanisms of TWS change or whether unidentified causal relationships or unobserved variable bias are still
present in the residuals.

2.5. Causal Impact Analysis

To quantify the impact of each input variable on TWS, we applied perturbations to each input variable. For this we
altered each observational input time series per hotspot by +10%, +5%, —5%, and —10% (for temperature: +1K,
+0.5K, —0.5K, —1K). This resulted in 24 scenarios with slightly altered input time series. Then, we predicted the
TWS for each hotspot per altered input set (Figure 1e). Subsequently, we calculated the Mean Bias Deviation
(MBD) between the predicted TWS by the respective scenario and the simulated TWS by the baseline SCM. Any
deviations between the scenario and the original simulation are presumed to reflect the causal impact of a
perturbation from an input variable on TWS. The significance of each perturbation is estimated with the 90%
confidence interval obtained from bootstrapping the baseline SCMs (Section 2.4). If a perturbation exceeds this
confidence interval for 10% of the simulation period at a hotspot, the perturbation is considered to be significant
for the corresponding hotspot.

3. Results
3.1. JPCMCI* Causal Graph

Figure 2a shows the causal graph of target variable TWS resulting from the JPCMCI* algorithm. The causal
graph of Figure 2a shows the generalized system across all hotspots, relating potential causes of water scarcity to
TWS. The graph nodes (circles) represent each input variable (Table 1), while the links (— or x-x) indicate
dependencies between variables as identified by JPCMCI*. The graph is a PDAG, where some link edges are
undirected (x-x link) due to conflicting orientation rules. Link colors represent the partial correlation effect size
between variables. The node colors indicate autocorrelation strength. Red implies positive correlations, whereas
blue suggests negative correlations.

The graph shows precipitation to be positively related to TWS with no time lag and an one month time lag.
Undirected links with TWS are found for discharge and temperature, where discharge is positively related to TWS
and temperature is negatively related. EVI is only indirectly connected to TWS, while population count shows no
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direct or indirect links with TWS. Precipitation indirectly relates to temperature (negatively), discharge (posi-
tively), and EVI (positively including an one month time lag). Moreover, all variables have positive autocorre-
lations, except for precipitation.

3.2. Expert Causal Graph

The data-driven causal graph found by the JPCMCI™ algorithm (Figure 2a) was supplemented with additional
expert knowledge to construct a directed, acyclic expert causal graph (Figure 2b) required for defining a Structural
Causal Model (SCM). By expert knowledge we mean that the authors make physically substantiated choices that
give direction to undirected links or add directed links to variables that are not connected in the graph.

In the expert graph all input variables (temperature, precipitation, EVI, population, and discharge) are directly
linked to target variable TWS since these input variables were specifically selected assuming they are key drivers
of water scarcity (Section 2.1). Moreover, we have provided the undirected link between temperature and EVI
with a direction from temperature to EVI. This originally undirected link captures the complex interaction be-
tween irrigated cropland greenness and temperature (Yang, Jin, et al., 2023). However, we cannot build an SCM
with bidirectional links. Therefore, we choose to direct temperature towards vegetation, as large-scale temper-
ature changes (ERAS) are more likely to affect cropland greenness via evapotranspiration than vice versa (Yang,
Roderick, et al., 2023). As EVI represents irrigated cropland greenness, we included a link between population
and EVI to represent the effect of population (growth) on agriculture. We also added a link between population
and discharge to include the impact of human activities on discharge (Gerten et al., 2008; Veldkamp et al., 2018).
We did not add any additional lagged links in our expert graph. Overall the scientific evidence and our data
preprocessing approach suggest that both population effects and vegetation impacts on TWS are predominantly
immediate rather than lagged, so including lagged links adds little explanatory value (Xie et al. (2019); Sec-
tion 2.1). Lastly, autocorrelations are included for all variables that have causal parents. These autocorrelations
will become important for defining the SCM function that estimates those variables. For precipitation and
population, we did not include the autocorrelation in the expert graph, as they do not have causal parents.
Consequently, their autocorrelation will have no part in the SCM equations.

3.3. Structural Causal Model (SCM)

To translate the casual graph into a modelling framework that can reproduce TWS dynamics, we created a SCM
(SCM) from the expert causal graph. This SCM consists of the following equations:

TWS, = ° + a(l)TWS,_I + (Z(I)ZZm, + agtp, + (x%tp,_l + agpop, + rxéEVI, + ag o, + 17? (5)

With
2m, = p' + a}thl_l + a(l)’ztp, + ntl (6)
EVI, = ﬁ4 + a‘l‘EVI,_l + ag’lth, + aé’ztp, + a?’ztp,_l + a3’3p0p, + r]f (7
0, =F +a0,_, +a)' 2m, + o)’ 1p, + @) pop, + 1} ®
Substitution of 12m,, EVI,, and Q, gives:

TWS, = f° + a?TWS,_l + a(l) (ﬂl + a}th,_l + a(l)’ztp,) + aétp, + a%tp,_l +
41 1,2 4,2
0((3)p0pr + ag [ﬁ4 + a‘l‘EVI,_l + a, (ﬂ] + a}t2m,_1 + a, tp,) +ay tp, +

©)

4,2 43 5,1 1,2
a’ i+ a pop,] + ag [ﬁ5 + a? O +a, (ﬂl + a}th,_l +a, tp,) +
5,2 5,3
oy ip; + oy Popr] + 7,
here, 12m, pop, pr, EVI, Q, and TWS refer to the observational input time series (Table 1). 7, is the exogenous

noise term, and a{’k and 3/ are the parameters to be fitted, where 4/ is the intercept of each linear equation. These
parameters were obtained by fitting the baseline SCMs to TWS observations at each hotspot using NLS
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Table 2 minimization. Their resulting values and significance can be found in

Performance Metrics of Each Baseline SCM Per Hotspot Compared to the
TWS Observational Time Series With Three Model Evaluation Metrics: 1%,
Mean Absolute Error (MAE), and Mean Squared Error (MSE)

Hotspot r MAE MSE
Arabian Peninsula 0.97 0.04 0.00
California 0.73 0.11 0.02
Central Chile 0.47 0.18 0.04
Coastal Peru 0.63 0.15 0.03
Ganges 0.82 0.11 0.02
Greece 0.63 0.14 0.03
Indus 0.84 0.09 0.01
Iran 0.89 0.08 0.01
Italy 0.64 0.14 0.03
Japan 0.18 0.21 0.06
Java 0.77 0.14 0.02
Mexico 0.60 0.16 0.04
Murray-Darling 0.63 0.15 0.03
Nile Delta 0.49 0.18 0.04
North China Plain 0.76 0.12 0.02
Spain 0.67 0.13 0.03
Thailand 0.63 0.15 0.03
Tiirkiye 0.80 0.10 0.02
U.S. High Plains 0.72 0.12 0.02
Vietnam 0.40 0.19 0.05
White Nile 0.86 0.09 0.01

Tables B1 and B2. Note that by forward simulating TWS, we use observed
values for each causal parent that has no causal links from other variables
(pop and tp) and simulated values for those that have (indirect) causal links
(2m, EVI, and Q) to preserve the causal structure. For the lag-one autore-
gressive term of TWS,_; (except for t = 0), we also use the simulated TWS
values to assure the simulation to be open loop.

The performance of each baseline SCM for individual hotspots is described in
Table 2 and shows a varying performance of the SCMs. This becomes evident
looking at the 1% in Table 2 that varies between 0.97 (Arabian Peninsula) and
0.18 (Japan) with a median of 0.67. This difference in SCM performance is
also shown in Figure 3. The figure indicates that the 90% confidence interval
of the Arabian Peninsula is much smaller than for Japan. The normalized
MAE and MSE are on average 0.13 and 0.03, respectively. Furthermore,
statistical analysis of the residuals (n,) of each SCM shows that the mean is
close to zero. Together with the Shapiro-Wilk test results these findings
suggest a normal distribution of the residuals for some hotspots (Table B3).
The lag correlation, however, indicates a strong signal of autocorrelation of
the residuals, thus the residuals are not white noise. This result suggests that
our SCMs contain unobserved (parent) variable bias, which is to be expected
when simulating regional water storage variability with global data sets.

3.4. Causal Impact Analysis

Each altered SCM input set affects TWS differently, depending on the input
variable and hotspot location. Figure 4 shows the impact of altering each input
variable of the SCMs on the simulated TWS and their significance at all
hotspots. In this figure we compare each scenario with each corresponding
baseline SCM through calculating the MBD. Altering the initial value of TWS
(TWS,) does not affect TWS much at any hotspot as MBD values are close to
zero and the perturbations are insignificant at all hotspots. This indicates that

the error propagation from the initial value of TWS is low. The perturbation of discharge input values does not

affect the TWS much either: it is insignificant at all hotspots and the average MBD is close to zero. In contrast,

changing the values of temperature

, precipitation, or EVI give larger changes in TWS. The average MBD ranges

from —0.08 to 0.07 for precipitation, while for temperature and EVI the average MBD is again almost zero.

Arabian Peninsula

Japan

Terrestrial Water Storage (cm)

-2

Observed

-10% population

-5% population

+5% population
+10% population
Baseline SCM

90% Confidence Band

2.5

0.0 4

“/\[‘/\w V)

----- Observed

= -10% population
-5% population
+5% population

-2.5 1

-5.01

Terrestrial Water Storage (cm)

June 2002
Timestep

=7.57 —— +10% population
—— Baseline SCM
—10.0 90% Confidence Band
Decembler 2019 June IZDDZ Decemﬁer 2019

Timestep

Figure 3. Example of causal impact analysis results showing the impact of a population perturbation of +5% to 10% on
Terrestrial Water Storage (TWS). The TWS perturbations are compared to the TWS simulated by the baseline Structural
Causal Model (SCM) and TWS from the observations at two different hotspots: the Arabian Peninsula (left) and Japan
(right). The 90% confidence band of the baseline SCM is displayed in gray. In Japan the 5% and +10% scenarios are
overlapping. Seasonal trends are removed in both graphs for improved visualization of the long-term TWS trends.
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Figure 4. Boxplots of Mean Bias Difference (MBD) between Terrestrial Water Storage (TWS) simulated by the Structural
Causal Models (SCMs) for each perturbation scenario and the TWS simulated by the baseline SCMs at each hotspot. The
numbers at the bottom show the number of hotspots where the impact of the perturbation on TWS is significant.

Another difference between these three variables is that the temperature perturbation is insignificant at almost all
hotspots, whereas for precipitation and EVI the significance varies per hotspot. Population changes have a
relatively large effect on TWS (average MBD ranges from —0.08 to 0.10) and are significant at most hotspots. An
example of resulting TWS changes caused by a population perturbation for the Arabian Peninsula and Japan
compared to the observed and simulated TWS is displayed in Figure 3. Other per hotspot results from the impact
analysis can be found in the Supporting Information S1.

Overall, the scenarios of £10% or 1K have a larger effect on TWS than the smaller changes of £5% or +0.5K.
This may not always be the case for every hotspot and variable. Figure 3 shows that for Japan the resulting
changes in TWS due to +5% and =10% population impact TWS the same. This occurs when a small change in the
input variable, in this case population, results in a perturbation that exceeds any observed input value. This is
because the applied quantile normalization to the perturbation follows the distribution of the observed input data
set. Consequently, both scenarios of 5% and 10% change have the same input value.

The MBD boxplots of Figure 4 indicate whether perturbations increase or decrease TWS compared to the baseline
model. A positive MBD shows a TWS increase and negative MBD a TWS decrease. The MBD results show that
increasing or decreasing temperature or EVI can both impact TWS positively and negatively depending on the
hotspot. Precipitation, however, shows a positive relationship with TWS, as increased precipitation increases
TWS, while decreased precipitation decreases TWS. The reverse applies to population. Increased population
decreases TWS, while decreased population increases TWS. At a few hotspots, however, increased population
also increases TWS.

4. Discussion
4.1. Impact of Water Scarcity Causes on Terrestrial Water Storage

Changes in Terrestrial Water Storage (TWS) can be attributed to multiple different causes, such as natural spatio-
temporal variability or anthropogenic interventions (Felfelani et al., 2017; Haddeland et al., 2014; Rodell
et al., 2018). In our study, results show that changes in population, potentially serving as a proxy for anthro-
pogenic interventions, have a larger impact on TWS change than climate change factors (in/decreased precipi-
tation or increased temperature). Other modelling studies have also evaluated that human interventions
(population growth, water withdrawals, consumption, and management) have the largest impact on TWS change,
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especially for regions with significant irrigation (Haddeland et al., 2014; Kummu et al., 2016; Porkka et al., 2016;
van Vuuren et al., 2015; Wada et al., 2011). Methods in such studies differ significantly from our data-driven
causal modelling approach. To our knowledge, data-driven approaches on this topic are limited, making direct
comparisons challenging. However, two case studies identified population and agricultural water use as key
drivers of TWS change in the North China Plain using feature importance analysis from machine learning models
(Jing et al., 2019; Ou et al., 2023). Although these methods do not include causality, the results agree with our
analysis.

When looking at hotspot specific results, an increasing population decreases TWS most severely in Tiirkiye, Iran,
and Thailand. When comparing these results to the literature review from Leijnse et al. (2024), population growth
is estimated as a driver of water scarcity at these three hotspots, although it is not identified as a more pronounced
driver of water scarcity in comparison to other hotspots. It is, however, difficult to explain why in certain hotspots
(Central Chile, Coastal Peru, Greece, Java, Vietnam, and the White Nile) population growth increases TWS
significantly. The observational period of GRACE from 2002 to 2019 could be an explanation. This period does
not capture a (strong) decreasing trend of TWS at these hotspots, due to, for example, a progression from a dry to a
wet period in these areas (Rodell et al., 2018). Therefore, these SCMs consider the population increase to be
positively related to TWS over the model training period.

The impact of climate change or variability (precipitation and temperature) is not identified as most dominant, but
still has a profound effect on the TWS in some hotspots. This finding agrees with other analyses, for example, Huo
et al. (2024) and Haddeland et al. (2014). Increased precipitation variability has the largest effect on TWS changes
on the Arabian Peninsula, in the Nile Delta and Iran. When comparing this to the literature review of Leijnse
et al. (2024), hydroclimatic change has been identified as a driver of water scarcity in these hotspots. Haddeland
et al. (2014) estimated that climate change has a larger impact on runoff than human impacts in the Mediterranean
region, Central Chile, and the Murray-Darling basin in Australia. Although using a different methodology and
approach, our findings confirm that the impact of precipitation variability is larger or is similar to the impact of
population changes on TWS for these specific regions found by Haddeland et al. (2014).

The response of TWS was mixed for EVI and temperature perturbations. These mixed responses may be
explained by multiple complex interactions and feedbacks between vegetation and water availability. Our
JPCMCI" causal graph already identified the complexity, as it was unable to find a directional causal relationship.
Depending on the regional context, increased vegetation cover and temperature can lead to both water loss due to
enhanced evapotranspiration and water supply due to evaporation-recycling (Yang, Jin, et al., 2023). Moreover,
these interactions have different small scale effects (between soil and vegetation) than at a larger scale (between
land surface and atmosphere). On a large scale, the irrigation-precipitation feedbacks have a large variability in
spatial extent (Theeuwen et al., 2023). In some hotspots moisture recycling is mostly local, for example, the U.S.
High Plains (Deangelis et al., 2010), while in other hotspots precipitation from irrigation does not return within
the hotspot area, for example the Arabian Peninsula or the North China Plain (Song et al., 2024; Zampieri
et al., 2024). These complex positive and negative feedback mechanisms across multiple scales may also explain
why temperature and EVI perturbations do not significantly impact TWS at more than half of the hotspots, as
effects may counteract. To gain a deeper understanding of the interaction between EVI, temperature, and water
storage change, further research is required on small and large scale interactions at each hotspot.

Surface water is part of TWS measured by GRACE. As TWS should fluctuate with the magnitude of hydrological
fluxes (Huo et al., 2024), we expected the discharge perturbations to have a more pronounced effect on TWS
changes. However, our results suggest that discharge is a small hydrological flux in water scarcity hotspots
relative to other fluxes that alter TWS: groundwater depletion, soil drying, and snowmelt. Thus, the decreasing
TWS over the past decades at hotspots is unlikely the result of change in discharge and more likely the result of
unsustainable groundwater use, as has been suggested by other studies (Felfelani et al., 2017; Rodell et al., 2018).

4.2. The Practicality of Causal Discovery for Water-Scarce Systems

Water scarcity is part of a complex temporal system, where water deficiencies develop and propagate slowly
through the system (Schwalm et al., 2017). Only a few causal discovery methods are temporally-aware and
include time lags, of which (J)PCMCI is one. The open source availability of the algorithm makes this method
readily applicable. However, the method comes with a list of requirements and assumptions, reducing a successful
performance when applied to such complex systems with limited independent observations available.
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First, achieving the required sample size of each time series for an acceptable performance of (J)PCMCI (N
>1000) is challenging (Nichol et al., 2023). In our case we initially intended to discover separate causal graphs for
each hotspot, so that we could compare the causal networks across hotspots. However, the maximum sample size
we could obtain from global data sets was only 213 monthly timesteps, which was too low for stable causal graph
results. Therefore, we adopted a global approach to obtain the JPCMCI* causal graph, which reflects the general
causal relationships for all hotspots combined. As a consequence, we lost the specificity in the causal graph and
could not identify differences in local water scarcity causal dynamics. These are essential for finding local so-
lutions, as variability in hydrological response is large across different regions (Chavez Garcia Silva et al., 2024).
However, the current data availability limits this more localized approach.

Additionally, the partial correlation test has a low computational demand, allowing for quick computation of
system changes for the causal impact analysis. A disadvantage of the partial correlation test, however, is that it
only identifies linear-Gaussian systems. Not all observed data sets in Earth sciences reflect such linear-Gaussian
structures, which is also the case for water-scarce systems. Therefore, the performance of (J)PCMCI may be
suboptimal for our analysis with complex spatio-temporal dynamics (Nichol et al., 2023). Accordingly, any direct
links between the input variables that are non-linear remain unknown in our analysis. Other conditional de-
pendency testing methods that could identify such links are available, but require even larger sample sizes. With
the current temporal resolutions of global data sets it is infeasible to apply such methods to our analysis, thus limit
potential further causal assessment of water scarcity at the global scale.

The accuracy of a causal graph depends on the quality of the input data sets. Uncertainties across data sets may
infer spurious links in the resulting causal graph. Moreover (J)PCMCI requires data inputs to be observed var-
iables from data sets without controls or planned interventions (Nichol et al., 2023). For our analysis we have not
strictly used only observed variables, as observed time series of variables affecting water scarcity are limited on a
global scale. In this study, temperature and precipitation are products of reanalysis (a combination of observations
and model estimations), while discharge is obtained from a global hydrological model. We chose these modelled
products because they have a high temporal and spatial coverage. For reanalysis the purpose of the model esti-
mation is to improve the quality and availability of the observations (Hersbach et al., 2020). So, the model has
minimal control over the observations. Modelled discharge, however, is a controlled product that depends on pre-
identified physical relations (Sutanudjaja et al., 2018). As a consequence, the causal links of discharge in the
JPCMCI" graph should be interpreted with caution. These links may also be a result of physical relationships that
are described in the governing modelling equations. Similar input variables as the global hydrological model are,
however, avoided in our input data set. Still, we decided to include discharge in our input data, as no alternative
exists and it reflects the (un)importance of surface water changes in TWS variability.

An alternative method for causal discovery of time-dependent systems is transfer entropy. This method filters out
the autoregressive component of the target variable to assess the information flow from a conditional set of input
variables to the target variable. An advantage of this method is that it allows for identifying non-linear relations
(Sun & Bollt, 2014). When applying TEFS (Transfer Entropy Feature Selection; Bonetti et al. (2024)) to our input
data, different causal links between TWS and the input data result compared to the JPCMCI™ method. Links with
population and discharge were found by TEFS, while JPCMCI* found direct links with precipitation, discharge,
and temperature. Thus, population may be regarded as a causal parent of TWS, which justifies our additional
direct causal link from population to TWS in the expert graph (Figure 2b). However, results of TEFS and
JPCMCI* are not directly comparable as autoregression is disregarded in TEFS. In our framework, the JPCMCI*
causal graph (Figure 2a) and the autoregressive coefficient a? (0.73 on average; Table B2) both indicate that the
autocorrelation of TWS is large. Moreover, results from transfer entropy do not indicate how variables mathe-
matically relate to TWS. Thus, it does not allow to generate an SCM from the TEFS results alone.

4.3. Relevance of the SCM

Ideally, an SCM will follow directly from a Directed Acyclic Graph (DAG) that is obtained through causal dis-
covery. However, the JPCMCI™ causal graph in this study has resulted in a Partially DAG (PDAG). Therefore, the
PDAG has been supplemented with expert knowledge to transform it into a DAG, allowing the definition of a
closed set of equations for the SCM. Benchmarking such a causal graph is hard, as the ground-truth can only be
hypothesized. From Nichol et al. (2023) follows that (J)PCMCI* performance improves when autocorrelation
coefficients are large, which is the case for our causal graph (average a of 0.73, Table B2), increasing its reliability.
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To what extent JPCMCI* can find all causal relationships in complex water-scarce systems on a global scale
contains some uncertainty, as discussed in Section 4.2. However, substituting potentially missed links with expert
knowledge also has limitations. It introduces a degree of subjectivity to the causal framework. Although the added
links are supported by scientific evidence and process knowledge from the literature, they deviate from the data-
driven causal relationships identified by the algorithm. Consequently, the extent of the model to remain strictly
causal is uncertain, potentially bringing subjectivity to its results.

Evaluation of each baseline SCM per hotspot shows much variation in SCM performance per hotspot (1% values;
Table 2). Also, the residuals of some SCMs have a strong autocorrelation (mean lag corr 7, of 0.63; Table B3).
These values indicate that the generalized global causal graph and SCM structure do not capture all causal re-
lationships at those hotspots. The lower baseline SCM performance at specific hotspots has implications for the
reliability and quality of impact analysis results. The generalized patterns resulting from the impact analysis,
however, remain relevant, as the median performance of the SCMs is reasonable (1> = 0.67).

Hotspots with a lower baseline SCM performance or with a large residual autocorrelation, for example, Japan,
Vietnam, or Central Chile, would benefit from a hotspot specific SCM with more local input data. Additional
variables, such as local policy implementations or sectoral water use measurements, are not captured in global
data sets but are relevant to local water scarcity dynamics. These variables may be available in regional data sets
and could enhance causal networks and SCM performance. Currently, human water use is represented in our
graph by the population variable. The socio-economic and political state of a region, such as prosperity and living
standards, are, however, also crucial for the amount of water used (Hoekstra & Chapagain, 2007; Kummu
et al., 2016). Additionally, water resource management, particularly irrigation practices, has a large impact on
TWS change (Haddeland et al., 2014). While data sets on human-water interactions may be available on local
scale, global data sets are essential for cross-hotspot comparisons. Therefore, more comprehensive global
observational data sets on human water interactions and management are necessary. A monthly temporal reso-
lution and an observational period of over 20 years of this data are essential for improved causal modelling. Key
missing variables at such resolution on the global scale thus include sectoral water use and historical records of
water policy implementations. If such products become available in the future, a next step would be to add these to
the causal modelling framework, to better investigate human water use and management impacts on water
availability.

Future collaboration with local authorities to acquire hotspot-specific input data offers the opportunity to develop
locally trained SCMs. Such SCMs could then be compared to our current SCM results for model validation and
assessment of causal impact consistency. Additionally, locally trained SCMs have broader applications beyond
improving the understanding of water scarcity drivers. Such a causal framework has potential to evaluate the
effectiveness of water policies, while accounting for the complex interplay of factors contributing to TWS
changes in a region, for example the effect of a water treaty on streamflow (Penny et al., 2020).

TWS change is measured at a coarse spatial resolution and consists of five water storages: surface water, soil
moisture, groundwater, snow and ice (Felfelani et al., 2017). To find causes of local variability and water scarcity,
each storage component could be isolated by replacing TWS with local measurements of, for example,
groundwater head or snow water equivalent. This would require much more data inputs from different local
sources, which is currently strongly limited by restricted data accessibility or availability per region. More readily
available data on groundwater, reservoir levels, or water use, also with high-temporal resolution, would help to
better understand the causal relationships between groundwater depletion, natural variability in the climate
system, and the impact of human-water interactions.

Regardless of data limitations, combining causal discovery with the SCM framework, successfully provides more
context to data-driven modelling of water scarcity causes. It highlights where causal factors still remain un-
identified. This approach has potential to be applied to more localized data sets. As such, it could reveal pre-
viously undetected drivers of water scarcity or allow for relating more specified causes to depletion of particular
freshwater resources.

5. Conclusion

Physical water scarcity remains a pressing issue, especially at the 21 water scarcity hotspots where severe water
depletion is prevalent. While water quality, socio-political factors, and accessibility challenges may exacerbate
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the perception of water scarcity, physical causes of water depletion are attributed to a complex interplay of
hydroclimatic and socio-economic change. In this study, we focus on the latter and explored the potential of
causal discovery and structural causal modelling to identify and assess the impacts of these dynamics driving
physical water scarcity at these hotspots.

We applied the JPCMCI* algorithm to global data sets to find causal links between changes in Terrestrial Water
Storage (TWS) and various natural and anthropogenic variables: precipitation, temperature, irrigated cropland
Enhanced Vegetation Index (EVI), discharge, and population count. However, obtaining a robust and stable
Directed Acyclic Graph (DAG) rather than a Partially DAG (PDAG) from JPCMCI* proved to be challenging
due to the algorithm's requirement for a high number of independent input data sets with sufficient temporal
resolution. Our current analysis allowed for the discovery of a “global” causal network of water-scarce systems,
although the causal graph contained undirected links (PDAG), showing some of the limitations of this approach
for the problem at hand. Therefore, we supplemented the JPCMCI* causal graph with expert knowledge to direct
the undirected links to obtain a DAG. From this expert graph we derived a corresponding Structural Causal Model
(SCM). This SCM framework was then solved through non-linear least squares minimization based on TWS
observations from each hotspot to establish 21 hotspot-specific baseline SCMs.

The results indicate that the performance of each baseline SCM varies across hotspots, with a median r> of 0.67.
This r? variability and the remaining autocorrelation in the error term 7, suggest that some hotspots are missing
important causal parents in their causal network and a corresponding SCM that explains TWS variability. Impact
analysis, conducted by altering each input data set by +5% to 10% (or £0.5 to 1K for temperature), revealed that
changes in population have the largest impact on TWS change. This finding implies that population dynamics
(human factors) have a larger impact on TWS change than climate change factors (changes in precipitation and
temperature). While increased population generally causes a decrease in TWS (negative relation), increases in
precipitation are positively related to TWS. In contrast, the effects of temperature and EVI on TWS change are
more variable, showing both positive and negative impacts depending on the hotspot. This results suggests that
different vegetation-temperature interactions related to evapotranspiration and moisture recycling occur per
hotspot. Changes in discharge have the smallest impact on TWS change, indicating and confirming findings of
previous studies that other hydrological fluxes, such as snowmelt, soil drying, and groundwater depletion, are
more dominant in decreasing water storage at the water scarcity hotspots.

The causal discovery and SCM framework provide opportunity to give improved context to data-driven
modelling of water scarcity dynamics. It identifies whether all causal mechanisms driving TWS variability are
captured by the models and allows for further exploration on unidentified causes. Future research should focus on
improving the robustness of causal discovery and expanding the availability of global and uniform local data sets
with a high temporal resolution, particularly on human water use, to better understand causes of water scarcity at
hotspots. Expansion of this approach towards more localized data could provide valuable insights into a diversity
of causal networks of water scarcity, ultimately aiming to give guidance to more targeted and effective water
management strategies to mitigate water scarcity.

Appendix A: Input Data

Table A1
Details on Resources of JPCMCI" Target, Input, and Additional Variables From Global Data Sets
Variable Data source and authors

DOI

Abbreviation in causal graph
Temporal range and resolution
Spatial resolution/cell size at equator
Unit

Description

Additional preprocessing
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Table A1
Continued

Target variable

Terrestrial water storage

GRACE and GRACE-FO; Wiese et al. (2019)
10.5067/TEMSC-3JC62

TWS

2002-2023; monthly

3°/200 km

cm

Terrestrial Water Storage (TWS) observed by the Gravity Recovery and Climate Experiment
(GRACE) and its follow up satellites. The satellites measure anomalies in Earth's
gravitational field representing changes in TWS in groundwater, soil moisture, surface
water, canopy water, ice and snow storages. We used the JPL RL06 Mascon solution that
filters out noise form the observations and separates land observations from the ocean

Mean of all grid cell values within each hotspot region. Subtraction of long-term average per
month for seasonality removal. Linear interpolation between each monthly observation to
fill data gaps. Quantile normalization to harmonize time series magnitude and distribution

Input variables

Population count

WorldPop
10.5258/SOTON/WP00647
pop

2000-2020; yearly

30 arcsec/1 km

Population count (—)

Estimated total number of people per grid-cell. For the compilation of the data set a top-down
modelling methodology is used: a global database of population count per administrative
unit is disaggregated using more detailed geospatial data sets

Sum of all grid cell values within each hotspot region. Linear interpolation between each
yearly observation to obtain a monthly resolution. Quantile normalization to harmonize
time series magnitude and distribution

Temperature

ERAS; Hersbach et al. (2023)

10.24381/cds.£17050d7

t2m

1950-2022; monthly

0.5°/50 km

°K

ECMWEF reanalysis of air temperature 2 m above the surface. The data set is compiled from a
combination of model data with observations on global scale

Mean temperature for all grid cell values within each hotspot region. Subtraction of long-term
monthly average for seasonality removal. Quantile normalization to harmonize time series
magnitude and distribution

Precipitation

ERAS; Hersbach et al. (2023)
10.24381/cds.£17050d7

pr

1950-2022; monthly

0.5°/50 km

m

ECMWEF reanalysis of total precipitation, including rain and snow. The total precipitation is
accumulated over a daily period. The unit in meters is the depth of water assuming all water
spreads equally over a grid cell. The data set is compiled from a combination of model data
with observations on global scale
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Table A1
Continued

Sum of all grid cell values within each hotspot region. Subtraction of long-term monthly
average for seasonality removal. Quantile normalization to harmonize time series
magnitude and distribution

Discharge

PCR GLOBWB 2; Sutanudjaja et al. (2018)

10.5194/gmd-11-2429-2018

Q

1980-2019; monthly

5 arcmin/10 km

m’/s

Modelled discharge estimated through routing methods along the river network. The modelled
discharge is in fair agreement with GRDC discharge observation point data

Mean discharge for all grid cell values within each hotspot region. Subtraction of long-term
monthly average for seasonality removal. Quantile normalization to harmonize time series
magnitude and distribution

EVI

MODIS MYD13A2 EVI; Didan. (2015)
10.5067/MODIS/MYD13A2.006

EVI

2000-2022; monthly

0.5°/50 km

The Enhanced Vegetation Index (EVI) is a metric for vegetation greenness. It minimizes
canopy-soil varations and performs well in conditions with high vegetation density. Index
values range between —0.2 (no greenness) and 10 (high greenness)

Clipping over irrigated area (see additional data). For years 2016-2019 irrigated area is missing
and the static area observed in 2015 is assumed for those years. Mean EVI for all grid cell
values within the irrigated area of a hotspot. Subtraction of long-term monthly average for
seasonality removal. Quantile normalization to harmonize time series magnitude and
distribution

Additional variable

Trrigated area

Global irrigation areas; Nagaraj et al. (2021)
https://zenodo.org/record/4659476

2001-2015; yearly

5 arcmin/10 km

0: No irrigation, 1: Low to medium irrigation, 2: High irrigation

Global maps of irrigated area. The maps are predicted from machine learning models that are
trained on climate, soil, vegetation and land
cover data

Clipping according to hotspot area. Subsetting cells with value
larger than 1 to obtain irrigated areas of both low and high intensity
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Appendix B: Baseline SCM Intercepts, Coefficients, and Residuals Statistics

Table B1

Values of Intercepts [’ for the Baseline Structural Causal Models per Hotspot Estimated by the NLS Minimization. The
Values in Superscript (j) Refer to the Corresponding Variable (0: TWS, 1: 12m, 4: EVI, 5: Q)

Hotspot Vs B Pial i

Arabian Peninsula 0.16 1.40 —2.44 0.91
California 0.00% 0.70 0.79 0.56
Central Chile —0.21 —1.26 0.69 0.43
Coastal Peru —0.57 —0.53 —1.54 3.24
Ganges 0.21 0.27 0.38 0.27
Greece —0.11% 0.30 —0.29 0.62
Indus 0.05% 0.44 0.41 0.40
Iran 0.13 0.75 0.41 0.69
Italy —0.09% 0.04% 0.22 0.23
Japan 0.33 0.54 0.93 0.72
Java —0.15 0.47 0.17 0.52
Mexico 2.01 —1.11 1.28 1.09
Murray-Darling —0.92 —1.76 2.30 1.61
Nile Delta —0.01% 0.25 0.25 0.30
North China Plain 0.15 0.36 1.32 1.10
Spain —0.16 0.24 0.70 0.52
Thailand —0.03% 0.17+ 0.07% 0.16
Tiirkiye —0.22 0.27 0.10% 0.31
U.S. High Plains 1.15 —1.48 0.28 0.50
Vietnam —0.36 0.36 0.62 0.62
White Nile —0.07% 0.38 0.25 0.38

Note. All values are significant at the 1% level except values with the F, which refers to a significance at the 5% level, and the

I that refers to insignificance.

LEIUNSE ET AL.

17 of 22

95U8017 SUOWIWOD BAIEaD) 3Rl (dde sy Aq pausenob a1e S9one O ‘8sN JO Sa|nJ Joj Akeid 1 8uljuO AS[IA UO (SUONIPUOD-PUR-SWLRI/L0D A8 | IM AReq1pulUO//SANY) SUORIPUOD PUe SWie | a1 89S *[5202/60/22] Uo ARid1T8uljuo AB[IM ‘LE7S0043202/620T 0T/10p/wod A3 | m-Aseidjpuljuo'sgndnBe//sdny wouy pepeojumod ‘6 ‘G20¢ 'LLZv82eT



23284277, 2025, 9, Downloaded from https://agupubs.onlinelibrary.wiley.com/doi/10.1029/2024EF005437, Wiley Online Library on [22/09/2025]. See the Terms and Conditions (https://onlinelibrary.wiley.com/terms-and-conditions) on Wiley Online Library for rules of use; OA articles are governed by the applicable Creative Commons License

I
Y
o B
o ]
S
S
S
3}
<t
(o]
S
N
=N
S
m *90UBDIJIUSISUT 0] SIOJAI JBY) § AU} PUR [OAJ] %G Y} I8 JOUBDIIUSIS © 0 SIOJAI YoIyM ‘L oyl yiim sanyea 1dooXa [9AJ] %] Y3 Je JUBDIIUSIS I8 San[eA [[V 20N
—
8C0—  8¥'0— (AN £e'0 00 S9'I—  8¢'1 680 8¢€'0— S90 1°0 §9°0 91'0— %€00— Ie'T 620 £000 6¥°0 SIIN 2MUM
6v°0 wo— vS0—  L80 60'0—  88'[ 1670 60 6C'1 16°0 81°0 0c0— €10 0 €9°0— #200— €€0 1.0 WeWIA
€0 09°1 o' 1— 1600 LT0 L0 60— STT ST 1900—  8¥0 90—  SS0 01'¢c 1$°€— %000 £8°0 68°0  sured YSIH ‘SN
1€0— €80 1o 89°0 0ro 8¢°0 ¥60— ¥C0—  LTO 1900— 850 LEO0—  8¥0 0¢0 €C0—  L00 0 8L°0 ofnyng,
LE'T Lo €L0 £60°0 620 1000— 4810—  ¥S0— F900— %900 Io—  #S0— %200 ¥Z0 00'I—  *S0°0 0c0 80 puerreyy,
(10— SO'1 or'l 901 020 €e'l 690 LSO S0 00 $00°0 £900—  TI'0 81'0— +LT0 00 00— 990 uredg
€0 L8'T 60— 4800 90— ICC 88°0 6'0 L80 0S'T 00— 210 cro 91— 9T¢ 1600 260 G8'0 UIB[d BUlYD YLON
+LT0 430 800— €¥0— TI0 S0 (740 90 €51 £L0°0 0C0 91'0— 9I'0— L¥O 9L'0— 800— 950 LLO BI[ed PN
01 8I'1 L8'T SS'1 $10°0— IS°T LS we 16'0— 1T0— #200— %900 (AN0] ev'e 8¢y 100 S'0— 60 Surpre-Aermpy
LL'T 8¥°0 16°0 LLO—  900— 990 Lyl LLO 8S1— 11 €00— 100 €r'o 890— ¥S0 £000 69'1 ¥8°0 OJIXIN
o 6L0— *SI'0— 890— 60 100 69°0 08°l LE€T0 9L°0 00 980 9€0— 9¥'I— LST0—  ¥90— 8¥0 89°0— 990 BARf
m +CT0— 950 ILT— 60 00—  S80 €60 $01°0 980 0c0 S¥'0— 920 620 €6°0— €Il 6¢0 9¢°0 L8°0 uedep
m 70'I— 180 §¢o— SI0 o Lyl 860 L€T0 6S°0— *100— 8TO 9T0— *€00— 9I'0— +€0 0c0— IS0 L0 Arear
UQ‘LV 0 10— SI'0—  0L0 90°0 Se0 LEO 290 €e0 Wi SE0— #900—  LIO 91°0 LT 1810 ¥C°0 6L°0 uelf
”n 60— O¥'1 00—  ¥I'T S0'0 LSO L0 Ll 6L°0 €00 €0 Ly'0— S00— 0€0— 0£0 1500 00— S90 snpuj
m HT0—  S60 $60—  6L0 80°0 ev'0— 650 Se’0— te€0— #L00— 800 LT°0 €0 1€°0 LO'T 60 900— $9°0 99931D
= 90—  6CY ¥80— 080— 900 99°0— I¥'I— 8¢0— 790 £6°0 600 1600— 020 6¥°0 L8°0 00 89'0— €80 sogueD
8¢€C 0¢'l el 060 900 $9°0 8C'C g0e—  ¥97T SI'T L00 81°0 800— €0¢ ore 00 or'l— ¢ro NI [eIseo)
89°0 0C'l 6v'0— 920 €€°0 $10°0 LSO 170 €0 0ro— 650 SI'o— v¢0— 090— 6C¢0 £00°0 €0 $8°0 QM) [enuay
0Tl 990 10— o 81°0 960 LLO e€rl §T0— €80 $00°0 9¢'0— 910 $01°0 Y0'1 IS0 £10°0 9L°0 BLUIOJTET)
SI'T L9°0 8I'I Ly'1 1070 610 L6°0 S0 8¢€°0 00 €C0— ¢S0— 120 80 6S°¢ 200 SI'0— 91’0 ensulusd ueiqery
m,ma N,ma _,md ma mc mhwc mx_ud N,WG _ﬁwd 4_“@ wc md ma ma thc #G wa A_Vc jodsiog
3o awr] Sutpuodsa.tio)) ayi o1 s42J2y (2) 1drosqng ur anpp Y1 (O ¢ ‘IAF ¥ ‘dod <€ ‘dp 7
w1 [ ‘SML 0) 219P1vA Sutpuodsa.rio) ayy 03 4242y (y ‘f) 1d1a0s4adng ui sonpA 2y I “uoypiututpy STN 241 q papuisg 10dsiog] 124 S|aPOJ [PSNDD) [DANIINAIS dULISDY Y3 40f 40 JUdIOLJ20D JO SINIBA
(4 ICLAR
z
IU zi
g =
23 2
44
<Ci: z
m
—




V od |
AGU

ADVANCING EARTH
AND SPACE SCIENCES

Earth's Future 10.1029/2024EF005437

Acknowledgments

‘We would like to thank Bram Droppers for
proofreading our manuscript. This research
was supported by the National Geographic
Society, as part of the World Water Map
and Freshwater Initiative.

Table B3

SCM Residuals (71,) Metrics, With the Mean, Standard Deviation (Stdev), Autocorrelation Value (Lag Corr) of n,, and the
Shapiro-Wilk Test Statistic (Stat) and P-Value. If the Test Statistic is Close to One It Suggests a Normal Distribution and If the
P-Value is Larger Than 0.05 It Also Suggests a Normal Distribution

Shapiro
Hotspot Mean 7, Stdev 7, Lag corr 7, Stat p-value
Arabian Peninsula 0.00 0.05 0.32 0.97 0.00
California —0.04 0.13 0.63 0.99 0.26
Central Chile 0.05 0.21 0.73 0.98 0.00
Coastal Peru —0.02 0.19 0.42 0.99 0.19
Ganges 0.00 0.14 0.73 0.99 0.21
Greece 0.00 0.19 0.47 1.00 0.88
Indus 0.01 0.13 0.46 1.00 0.97
Iran 0.00 0.10 0.71 0.98 0.01
Italy 0.00 0.20 0.63 0.99 0.18
Japan 0.04 0.24 0.82 0.98 0.01
Java 0.00 0.16 0.58 0.99 0.28
Mexico —0.02 0.19 0.76 0.98 0.00
Murray-Darling —0.01 0.18 0.89 0.97 0.00
Nile Delta —0.01 0.20 0.67 0.99 0.09
North China Plain —0.02 0.13 0.74 0.99 0.07
Spain —0.01 0.17 0.53 0.98 0.03
Thailand —0.01 0.16 0.76 0.99 0.30
Tiirkiye 0.02 0.16 0.64 0.99 0.66
U.S. High Plains 0.02 0.15 0.73 0.98 0.00
Vietnam 0.02 0.23 0.64 0.99 0.06
White Nile 0.01 0.14 0.43 0.99 0.45

Data Availability Statement

Data from GRACE and GRACE-FO (Wiese et al., 2019), WorldPop (2018), ERA5 (Hersbach et al., 2023),
MODIS (Didan, 2015), PCR GLOBWB 2 (Sutanudjaja et al., 2017) and global irrigated areas (Nagaraj
etal., 2021) were used in creation of this manuscript. Numpy (v1.23.5), pandas (v2.1.1), matplotlib (v3.8.0), scipy
(v1.11.3), scikit-learn (v1.3.1) and tigramite (v5.2.3.1) were used to process data and create figures. Processed
data and code used to generate figures are available in Leijnse et al. (2025).
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