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Supplementary Text 

1. Societal vulnerability assessment of the global groundwater risk framework  

In the groundwater risk framework, vulnerability reflects the societal conditions that shape the ability 

to cope with and adapt to groundwater stress (hazard). More generally, the Hyogo Framework for 

Action defines vulnerability as “the conditions determined by physical, social, economic and 

environmental factors or processes which increase the susceptibility of a community to the impact of 

hazards”1. In our context, vulnerability captures the socio-economic resilience, water and resources 

dependency, and water governance frameworks that influence how severely groundwater stress may 

translate into risk. 

The selection of indicators was guided by a combination of expert consultation and a review of 

established risk assessment frameworks2-6. Expert input was provided by the author team, drawing on 

interdisciplinary expertise in groundwater hydrology, water resources management, and socio-

environmental risk assessment. In an initial screening, 28 indicators were selected as potentially 

relevant to represent societal vulnerability to groundwater stress. These covered a broad set of socio-

economic and governance dimensions. Each indicator was then evaluated against several criteria, 

including: (i) global data availability, (ii) completeness and consistency of coverage across regions, 

(iii) temporal representativeness for the study period (2001–2020), and (iv) spatial resolution suitable 

for integration with other components of the framework. Particular emphasis was placed on selecting 

datasets that are publicly accessible at the global scale, thereby ensuring transparency, reproducibility, 

and the potential for future updates as new data become available. Based on this evaluation, the set 

was narrowed to 14 indicators (Supplementary Table 1). 

Assigning weights to vulnerability indicators is a critical step, but also one of the most challenging. 

There is no universally accepted weighting method7, and equal-weighting approaches, while simple 

and transparent, risk ignoring the fact that different indicators may contribute unequally to societal 

vulnerability8,9. To address this, we employed Principal Component Analysis (PCA), a statistical 

technique that objectively derives indicator weights by analysing the variance structure of the data and 

reducing partly correlated variables into smaller sets of uncorrelated components 9,10. PCA has been 

widely applied in vulnerability index assessments8,11-13 because it allows for data-driven weighting and 

the identification of underlying vulnerability dimensions. 

The vulnerability indicators (Supplementary Table 1) were first harmonized to the analysis grid (0.1°) 

through up- or downscaling where necessary. Missing values were gap-filled using indicator-specific 

approaches described in Supplementary Table 1. All indicators were then standardized using z-score 

normalization, ensuring comparability across variables with different units. PCA was performed and 

followed by varimax rotation with Kaiser normalization8,14. To evaluate the adequacy and robustness 

of the dataset for PCA, we applied two diagnostic tests : (i) the Kaiser–Meyer–Olkin (KMO)15 measure 

of sampling adequacy, with values above 0.80 considered suitable, and (ii) Bartlett’s test of 

sphericity16, which tests the null hypothesis (p < 0.05) of no correlation among indicators15,17,18. Only 

when these tests confirmed adequacy was PCA retained for constructing the vulnerability index. 
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From the rotated component matrix, indicators with factor loadings ≥ 0.5 were retained for each 

component. Weights for each indicator were derived from their factor loadings, while the contribution 

of each vulnerability dimension was weighted by the share of variance it explained relative to the total 

variance. The resulting composite index therefore reflects both the contribution of individual indicators 

and the relative importance of the broader vulnerability dimensions. 

Applying PCA to the vulnerability indicators revealed several statistically independent components. 

These components were subsequently interpreted and grouped into higher-level vulnerability 

dimensions based on their conceptual coherence: socio-economic resilience, water governance 

frameworks, and water and resources dependency. The first principal component is dominated by 

socio-economic indicators, including GDP19, HDI20, food insecurity21, poverty22, and access to 

unimproved water4,23. Governance-related indicators primarily load onto the second component. 

Several additional components, each explaining a smaller share of variance, capture complementary 

aspects of dependence on water resources, infrastructure, energy access, and withdrawals costs; these 

components were therefore grouped to define a single water and resources dependency dimension. 

Together, the retained components account for approximately 90% of the total variance 

(Supplementary Table 2). 

2. Infrastructure Availability for Alternative Water Sources (IAAWS) 

To represent societal coping capacity in the event of reduced groundwater availability, we developed 

a global dataset of Infrastructure Availability for Alternative Water Sources (IAAWS). This dataset 

integrates three major sources of alternative water supply: dam storage24, desalinated water 

production25,26, and wastewater reuse27 and translates them into a per-capita indicator at 0.1° spatial 

resolution. The data development process consisted of the following steps: 

• Input datasets: 

I. Dam capacity was obtained from the Global Dam Watch database24, which provides 

dam locations and storage capacities as point shapefiles. 

II. Desalinated water production was derived from Hanasaki, et al. 25 and Ai, et al. 26, 

available at 0.5° resolution, representing seawater desalination weighted by population 

density along coastlines. 

III. Wastewater reuse was taken from a data-driven model (at 0.08° resolution) estimating 

domestic and manufacturing wastewater reuse 27. 

• Aggregation to river basins: Using river basins4, the summed capacity of all dams within each 

basin was added to the values of desalinated water production and wastewater reuse (expressed 

in m³). 

• Per-capita availability: The combined alternative water supply per basin was divided by the 

basin population from GPWv4 (year 2015)28, which matches the reference year of the 

desalination and wastewater datasets. This produced a per-capita estimate of alternative water 

availability for each basin. 
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• Downscaling to grid level: Basin-level per-capita values were uniformly downscaled to 0.1° 

grid cells to align with the spatial resolution of the groundwater risk framework.  

• Ranking: Grid-level values were converted into global decile ranks, allowing comparison 

across regions. This highlight relative differences in infrastructure availability worldwide 

rather than absolute magnitudes (Supplementary Fig. 8). 

• Use in vulnerability assessment: In the vulnerability framework, IAAWS was treated as a 

coping capacity indicator and inverted so that low infrastructure availability corresponds to 

higher vulnerability. Regions with substantial populations but zero alternative supply per capita 

were assigned the lowest rank. 

3. Sensitivity analysis of groundwater risk to recharge and withdrawal changes 

To evaluate the sensitivity of groundwater risk to changes in hazard, we conducted a perturbation-

based sensitivity analysis focusing on two key drivers: declining groundwater recharge and increasing 

groundwater withdrawals. The objective was to assess how plausible changes in recharge associated 

with climate change, and increases in withdrawals linked to human pressures on aquifers, propagate 

through the risk framework when integrated with exposure and societal vulnerability.  

• General approach and baseline definition: The sensitivity analysis isolates the effect of hazard 

changes by holding exposure and vulnerability constant at their grid-level baseline values. 

Owing to the absence of projections for future relative rate of change in withdrawals compared 

to recharge, the trend component of the hazard formulation was excluded from this analysis. 

Hazard was therefore represented solely by the long-term average withdrawal-to-recharge 

ratio. A baseline (current) hazard was first calculated and normalized using the 5th and 95th 

percentiles. This was then multiplied by the baseline exposure and vulnerability values to 

estimate the risk. 

• Recharge sensitivity experiment: To assess sensitivity to declining recharge, groundwater 

recharge was systematically reduced while groundwater withdrawals were held constant. Based 

on the literature reporting regionally variable but potentially substantial reductions in recharge 

under climate change29,30, recharge was decreased in incremental steps of 1 mm, up to a 

maximum reduction of 50 mm. For each recharge-reduction step, a new long-term average 

withdrawal-to-recharge ratio was calculated and subsequently normalized using the same 

percentile-based approach as for the baseline. Groundwater risk corresponding to each recharge 

scenario was then estimated by multiplying this hazard by the fixed exposure and vulnerability 

datasets. 

• Withdrawal sensitivity experiment: To assess sensitivity to increasing groundwater 

withdrawals, withdrawals were incrementally increased while recharge was held constant. As 

global projections of future groundwater withdrawals are not available, the parameter range 

was informed by observed historical changes. Based on evaluating the global groundwater 

withdrawal increase over the period 2001–202031,32, withdrawals were increased in steps 

ranging from 0.01 to 1 mm. For each withdrawal-increase step, hazard was recalculated, 
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normalized, and integrated with exposure and vulnerability to derive the corresponding risk 

estimates, following the same procedure as in the recharge sensitivity experiment. 

• Regional hotspot sensitivity assessment: To quantify regional-scale sensitivity, changes in the 

spatial extent of groundwater risk hotspots for each IPCC region33 were evaluated. For the 

baseline and for each recharge- and withdrawal-perturbation scenario, the number of grid cells 

classified as risk hotspots was calculated within each region. Groundwater risk hotspots were 

defined using a percentile-based threshold derived from baseline conditions. Specifically, grid 

cells with baseline risk values exceeding the 75th percentile of the global risk distribution were 

classified as hotspots. This threshold was held constant across all sensitivity scenarios, such 

that a grid cell was identified as a hotspot in a given recharge- or withdrawal-perturbation 

experiment if its simulated risk exceeded the baseline 75th-percentile threshold. Finally, 

Sensitivity was expressed as change in number of hotspot grid cells in percent, relative to 

baseline conditions, providing a consistent metric for comparing risk hotspot expansion speed 

under increasing hazard pressure.  
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Supplementary Tables 

Supplementary Table. 1. Indicators used to construct the vulnerability component. 

Indicator Unit Spatial Res. Temporal Res. Gap-Filling Source 

Gross Domestic Product (GDP) 

Per Capita 
USD 0.08° 1990-2022 (1) Not applied Kummu, et al. 19 

Human Development Index (HDI) Index (0-1) 0.08° 1990-2015 (1) Not applied Kummu, et al. 20 

Prevalence of moderate or severe 

food insecurity 
% National 2020 Class average (2) SDG 2.1.2 21 

Poverty headcount ratio at 2.15 $ % Subnational 2010 
National or 

Class average 
World Bank. 22 

Access to unimproved water % Hybrid (3)  2015 Not applied Kuzma, et al. 4,Deshpande, et al. 23 

Groundwater dependency 

(groundwater withdrawal/total 

freshwater withdrawal) 

% National 2001-2020 (1) 
Model 

substitution (4) 
FAO. 34;Nazari, et al. 35 

External freshwater dependency 

(total renewable water resources 

originating outside the country) 

% National 2001-2020 (1) Not applied FAO. 34 

Infrastructure availability for 

alternative water sources (5) 

Categorical 

index  Hybrid 2015 Not applied 
Lehner, et al. 24,Hanasaki, et al. 
25,Ai, et al. 26,Jones, et al. 27 

Pumping cost 
USD/Well 

per year 
0.5° 

Spatial 

extrapolation 
Not applied Niazi, et al. 36 

Access to electricity (6)  

kWh per 

capita, 

Categorical 

index 

0.008° 1992-2019 (1) Not applied CIESIN 28,Hu, et al. 37 

National water resources policy % National 2020 (7) Class average (2) SDG 6.5.138 

Basin/aquifer management plans 

or similar, based on IWRM (8) % National 2020 (7) Class average (2) SDG 6.5.138 

Basin/aquifer organizations for 

leading implementation of IWRM 
% National 2020 (7) Class average (2) SDG 6.5.138 

Proportion of cooperation in 

TBAs operational arrangement (8)  
% National 2020 (7) Not applied SDG 6.5.239,IGRAC 40 

(1) Data are provided annually; in this study, values from 2001 to 2020 were averaged.  

(2) Countries were classified by income group, region, and aridity. For countries with missing data, the class average was 

calculated and assigned to the corresponding national level.  

(3) This dataset was compiled from Deshpande, et al. 23, which provides 0.04° data for low-income countries, and Kuzma, 

et al. 4, which provides basin-level data. Where the first dataset was unavailable, the second was used.  

(4) When national groundwater withdrawal data were not available from FAO, estimates were derived using modeled 

national totals based on Nazari, et al. 32  

(5) This dataset was developed in this study to represent the availability of alternative water resource infrastructure. Deta ils 

are provided in the Supplementary Information (Section 2. Fig. 8).  

(6) This dataset was estimated using global electricity consumption data from Hu, et al. 37, combined with population data 

from CIESIN 28 to derive per-capita values. Grid-level values were subsequently converted into global decile ranks to 

facilitate comparison across regions and to emphasize relative differences in access to electricity rather than absolute 

magnitudes. 

(7) Data availability varied across years (2017–2023). If values for 2020 were missing, those from 2023 were assigned; if 

2023 was also unavailable, 2017 values were used. 

(8) IWRM: Integrated Water Resource Management, TBAs: Transboundary Aquifer  
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Supplementary Table. 2. Principal component analysis (PCA) results. 

These results are used to derive vulnerability dimensions, showing the indicator loadings and 
dimension weights applied when estimating the societal vulnerability index within the groundwater 

risk framework. 

Dimension Indicator PC 
Weight 

PC 
% of 

Variance 

Cumulative 

% Indicator  Component  Dimension  

Socio-

economic 

resilience 

GDP (1) PC1 0.89 - 

0.46 

PC1 41.62 41.62 

HDI (2) PC1 0.73 - PC2 12.22 53.84 

Prevalence of food insecurity PC1 0.63 - PC3 9.94 63.78 

Poverty headcount ratio at 2.15$ PC1 0.93 - PC4 7.64 71.42 

Access to Unimproved Water PC1 0.62 - PC5 6.86 78.28 

      PC6 5.20 83.48 

Water 

governance 

frameworks 

National water resources policy PC2 0.94 

0.72 

0.19 

PC7 4.75 88.23 

Aquifer management plans  PC2 0.82 PC8 2.72 90.95 

Aquifer level IWRM (3) 

implementation 
PC2 0.81 PC9 2.41 93.36 

TBAs (4) management PC7 0.98 0.28 
PC1

0 
1.71 95.07 

      
PC1

1 
1.53 96.60 

Water and 

resources 

dependency 

External freshwater dependency  PC3 0.93 0.31 

0.35 

PC1

2 
1.45 98.05 

Groundwater dependency  PC4 0.97 0.24 
PC1

3 
1.19 99.24 

Water infrastructure availability  PC5 0.93 0.21 
PC1

4 
0.76 100 

Access to electricity  PC6 0.91 0.16 
Kaiser–Meyer–

Olkin (KMO)  
0.877 

Pumping Cost PC8 1.00 0.08 
Bartlett’s test of 

sphericity 
P < 0.00 

(1) Gross Domestic Product (GDP) Per Capita 

(2) Human Development Index (HDI) 

(3) IWRM: Integrated Water Resource Management 

(4) TBAs: Transboundary Aquifer 
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Supplementary Table. 3. Names and acronyms of the IPCC reference regions.  

Region* Acronym Region* Acronym 

N.W.North-America NWN N.Central-America NCA 

C.Australia CAU N.W.South-America NWS 
N.E.North-America NEN E.Europe EEU 

N.Australia NAU New-Zealand NZ 

Russian-Far-East RFE N.Eastern-Africa NEAF 
S.South-America SSA S.Eastern-Africa SEAF 

Madagascar MDG E.Southern-Africa ESAF 

W.Southern-Africa WSAF S.E.Asia SEA 

N.South-America NSA Caribbean CAR 
E.Siberia ESB S.Central-America SCA 

Tibetan-Plateau TIB S.E.South-America SES 

S.Australia SAU N.E.South-America NES 
N.Europe NEU E.North-America ENA 

South-American-Monsoon SAM Mediterranean MED 

W.Siberia WSB W.C.Asia WCA 

E.Australia EAU Western-Africa WAF 
E.C.Asia ECA E.Asia EAS 

S.W.South-America SWS Arabian-Peninsula ARP 

Central-Africa CAF West&Central-Europe WCE 
W.North-America WNA S.Asia SAS 

Sahara SAH C.North-America CNA 

* IPCC WGI reference regions (version 4)33. 
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Supplementary Figures 

 

 

Supplementary Fig. 1. Global distribution of grid-scale groundwater risk. 

Groundwater risk is shown at 0.1° spatial resolution and defined as the multiplicative product of 
hazard, exposure, and societal vulnerability. Colors indicate relative risk levels expressed as 

percentiles of the global risk distribution, ranging from low to high.  
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Supplementary Fig. 2. Regional classification of groundwater risk components. 

Grid-scale values of the groundwater risk components aggregated to IPCC WGI reference regions 
(version 4)33. Panels show regional classifications of (a) hazard, (b) exposure, and (c) societal 

vulnerability. For each component, regional values are classified into quartiles of their global 
distributions and grouped into four categories: low, moderate, high, and very high. 
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Supplementary Fig. 3. Role of vulnerability in shaping global groundwater risk. 

(a) Potential groundwater stress impacts on exposed societies, represented by the product of 

groundwater stress hazard and societal exposure (H × E), aggregated to IPCC WGI reference regions 
(v4)33. (b) Societal groundwater risk, integrating groundwater stress hazard, exposure, and 

vulnerability (H × E × V), shown for the same regions. In both panels, values are classified into four 

categories based on quartiles of the global distribution, with the upper quartile indicating hotspot 
regions. The comparison highlights how incorporating vulnerability alters the spatial pattern and 

intensity of groundwater risk across regions. 
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Supplementary Fig. 4. Sensitivity of groundwater risk to declining recharge and increasing 

withdrawals. 

The upper panel shows the sensitivity of groundwater risk to reductions in recharge, and the lower 
panel shows sensitivity to increases in groundwater withdrawals. For each IPCC WGI reference region 

(version 4)33, the heatmaps indicate the increase in the number of grid cells entering the hotspot zone, 

defined as the upper 25% of the current global groundwater-risk distribution, under incremental 

decreases in recharge (mm) and increases in groundwater withdrawal (mm). 
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Supplementary Fig. 5.Indicators used for estimation of the socio-economic resilience dimension 

of vulnerability. 

Spatial distribution of the indicators used to evaluate the socio-economic resilience dimension of the 

global groundwater risk framework including: Gross Domestic Product (GDP) per capita19, Human 
Development Index (HDI)20, prevalence of moderate or severe food insecurity21, poverty headcount 

ratio at 2.15 USD22, access to unimproved water4,23. 
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Supplementary Fig. 6. Indicators used for estimation of the water and resources dependency 

dimension of vulnerability. 

Spatial distribution of the indicators used to evaluate the water and resources dependency dimension 

of the global groundwater risk framework including: groundwater dependency34,35, external freshwater 
dependency34, infrastructure availability for alternative water sources24,25,27, pumping cost36, access to 

electricity28,37. 
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Supplementary Fig. 7. Indicators used for estimation of the water governance frameworks. 

Spatial distribution of the indicators used to evaluate the water governance frameworks dimension of 
the global groundwater risk framework including: national water resources policy38, basin/aquifer 

management plans38, basin/aquifer organizations for IWRM implementation38, and proportion of 
cooperation in transboundary aquifer operational arrangements39,41. 
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Supplementary Fig. 8. Infrastructure Availability for Alternative Water Sources. 

Decile ranking of (a) desalinated water production 25,26, (b) dam capacity per capita 24, and (c) 
wastewater reuse 27. d) Infrastructure availability for alternative water sources (This study). 
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