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Non-piped groundwater sources supply over 2 billion people in low- and middle-income 1 

countries 2 

Abstract: 3 

The source through which people obtain their drinking water, whether through a household tap, 4 

shallow well or a tanker truck, underpins water security, including safety1,2, cost3, and climate 5 

resilience4. Yet source-explicit drinking water use remains poorly understood and absent from 6 

global assessments5,6; masked by broad classifications, such as the improved/unimproved 7 

dichotomy, that obscure profound differences between source types7,8. Using household survey 8 

data from 53 countries to train and validate random forest models, we generate the first high-9 

resolution (5 km), source-explicit estimates of drinking water source use across low- and 10 

middle-income countries (LMICs). Here we show that over 2 billion people (31% of the LMIC 11 

population) use non-piped groundwater, including boreholes, dug wells, and springs, as their 12 

primary drinking water source, rivalling piped supplies in scale and exceeding them in sub-13 

Saharan Africa and South Asia. We further identify that bottled and delivered water markets 14 

each serve over 450 million people. These non-piped sources are almost entirely absent from 15 

the global databases9 and vulnerability indices used to assess water security, leaving the 16 

drinking water use of nearly half the LMIC population effectively invisible in global monitoring, 17 

with direct consequences for hydrological modelling10,11, climate vulnerability assessment12, and 18 

water governance13. 19 

Introduction  20 

Access to safe and reliable drinking water underpins health, economic opportunity, and human 21 

wellbeing14–16. How households access that water, whether from a piped-water tap, a community 22 

borehole, a tanker-truck or a water bottle, shapes almost every dimension of water security, 23 

including quality 1,2, reliability 17, accessibility 18, cost 3, governance13, and the quantity19,20 of 24 

drinking water, ultimately influencing the hydrological systems on which water security 25 

depends21. Furthermore, such distinctions result in divergent vulnerabilities to climatic stresses4, 26 

making source a critical factor in drinking water vulnerability and environmental sustainability 27 

assessments22,23.  28 

Global monitoring, as embedded in the Millennium and Sustainable Development Goals, has 29 

largely focused on a broad classification of whether a drinking water source is considered 30 

‘improved’ or ‘unimproved’24. Whilst beneficial for tracking progress, this classification 31 

aggregates sources with profoundly distinct characteristics: piped water supplies, boreholes, 32 

protected wells and springs, delivered water, and bottled water are all grouped as ‘improved’, 33 

whilst unprotected wells, springs, and surface water are ‘unimproved’7. More recently focus has 34 

been placed on safely managed drinking water sources, defined as use of improved sources 35 

located on premises, available when needed, and free from contamination, yet while it offers 36 

more insight into the nature of drinking water access, the classification still clusters sources 37 

within the improved/unimproved dichotomy. This obscures critical distinctions between source 38 

types and their implications for water security 8. This is particularly relevant in low- and middle-39 

income countries (LMICs) which are home to approximately 85% of the world’s population and 40 



have been the primary focus of global efforts to expand drinking water access over the past 41 

three decades7. 42 

Spatial resolution is another limitation in understanding water source use. Water access varies 43 

substantially within countries, yet monitoring data are often aggregated to national or regional 44 

scales7. Recent advances in high-resolution mapping have substantially improved 45 

understanding, including subnational estimates of improved water access across LMICs by the 46 

Deshpande et al., (2020)6 and, more recently, high-resolution estimates of safely managed 47 

drinking water use by Greenwood et al. (2024)5. While these studies reveal marked subnational 48 

heterogeneity in access, they remain limited to the broad categories of improved or unimproved 49 

sources5,6 and, although some distinguish piped sources6,7, they offer limited insight into the 50 

specific types of drinking water sources people rely on. Existing source-explicit maps are largely 51 

restricted to individual cities or countries 25,26. No study has generated high-resolution, source-52 

explicit estimates of drinking water access for LMICs, limiting the ability to identify source-53 

specific vulnerabilities and constraining hydrological understanding, particularly regarding 54 

groundwater dependence21.  55 

Here we address this gap by mapping household drinking water source use in LMICs. Using 56 

household survey data from 53 countries to train source-specific random forest models on 57 

climatic, hydrological, topographic, and socioeconomic predictor variables, we generate high-58 

resolution (5 km) spatial estimates of twelve distinct drinking water sources across LMICs and 59 

identifying source heterogeneity in how people access drinking water. The findings reveal a 60 

domestic water supply landscape far more diverse than captured under current monitoring 61 

frameworks, with direct consequences for how water resources are modelled and managed, 62 

and how drinking water governance must be designed to reflect the diversity of drinking water 63 

access. 64 

Results: 65 

Source-explicit drinking water access across LMICs 66 

Across LMICs, drinking water access is characterised by high heterogeneity in water source use 67 

with non-piped groundwater sources in particular emerging as a major, yet often overlooked, 68 

pillar of supply comparable in scale to piped infrastructure (Figure 1). Piped water is the single 69 

most used type of water access, accessed by half of the population (50.7% [42.4-58.8%], 3.37 70 

billion people [2.82-3.91 billion]), consistent with previous estimates6. Yet over a quarter of piped 71 

water users (27.3% [18.8-37.3%]) do not access drinking water on premises but rather rely on 72 

water from public standpipes or neighbours, with implications for collection burden, effective 73 

water availability, and water demand estimates. This is particularly notable in Sub-Saharan 74 

Africa where half (50.2% [25.7-73.3%]) of piped water supply is accessed off premises. 75 

Non-piped groundwater sources (boreholes, dug wells, or springs) accessed directly by 76 

households serve almost a third of the population (31.2% [27.2-35.2%], 2.08 billion people 77 

[1.81-2.34 billion]), rivalling on-premises piped water use (36.8% [29.4-44.2%]) as the dominant 78 

mode of drinking water access. Boreholes are the primary infrastructure through which this is 79 

accessed, supplying drinking water for 19.4% [15.9-23.0%] of the population. Other direct 80 

groundwater sources, including protected and unprotected dug wells and springs, serve smaller 81 



fractions of the population individually (ranging from 1.5% to 5.2%) but collectively contribute 82 

substantially to water access (11.9% [9.81-13.6%]). Non-piped groundwater dependence is 83 

highest where piped infrastructure is least developed: in sub-Saharan Africa and South Asia it 84 

constitutes the primary mode of drinking water access for 51.1% [40.7-61.5%] and 45.6% [35.8-85 

55.4%] of the population, respectively, in both cases exceeding piped supply.  86 

Commercial, often high-cost and largely unregulated, sources of delivered (or tanker) and 87 

bottled (or packaged) water are also identified as significant sources, each used by over 450 88 

million people (6.78% [4.81-8.75%] and 6.83% [5.81-7.85%] of the population, respectively). 89 

Reliance on commercial supply is strongly regionally concentrated. Delivered water accounts for 90 

16.5% [10.2-22.8%] of primary drinking water supply in the water scarce areas of the Middle 91 

East and North Africa. Bottled and packaged water exceeds 10% of primary supply in Latin 92 

America and the Caribbean (13.6% [10.3-17.0%]) and East Asia and Pacific (12.8% [10.1-93 

15.6%]). Surface water and rainwater contribute modestly across most regions, though surface 94 

water use in sub-Saharan Africa (3.82%, [1.66-5.98%]) represents almost 50 million people 95 

(49.2 million [21.4-77.0 million]) retaining dependence on the most contamination-vulnerable 96 

source category. Source breakdowns by region are found in Extended Data Table 3. 97 

 98 

Figure 1: Drinking water source composition by region across low and middle-income 99 

countries.  The estimated proportion of the population using each drinking water source type as 100 

their primary source, by World Bank region and for LMICs overall. 101 

At subregional and subnational scale, Figure 2 reveals source-specific hotspots. Borehole 102 

reliance is particularly high in the Sahel, Southeastern Africa, and Northeast India while spring 103 

use is most notable in the Congo Basin reflecting both hydrogeological opportunity and the 104 

absence of alternative improved sources. Hotspots of high delivered water dependence are 105 

evident across the Middle East and North Africa, whilst bottled water use is particularly elevated 106 

in Thailand. Areas of high off-premises piped water supply are also evident in specific regions, 107 

notably Lesotho. 108 



 109 

Figure 2:  Dominant drinking water source type across low and middle-income countries 110 

at 5 km resolution. Each grid cell shows the dominant drinking water source, the source used 111 

by the largest proportion of the population, derived from source-specific random forest models.  112 

Model performance 113 

Model performance varies by source type. The highest model explanatory power is observed for 114 

borehole/tubewell (R² = 0.674, MAE=0.101), bottled/packaged water (R² = 0.658, MAE= 115 

0.0372), piped on premises (R² = 0.566, MAE= 0.184), delivered water (R² = 0.563, MAE= 116 

0.0666), and protected dug well (R² = 0.522, MAE= 0.0291) with moderate performance for 117 

piped off premises, protected wells, rainwater, and springs (R² = 0.488-0.245). Lower R² values 118 

are observed for marginal sources, unprotected dug wells (R² = 0.198, MAE= 0.0190) and 119 

surface water (R² = 0.136, MAE= 0.0085) though these collectively represent 3.69% of total 120 

source use and absolute prediction errors remain small across all categories. Mean absolute 121 

errors remain small in absolute terms across categories, ranging from 0.0059 to 0.184, 122 

indicating limited magnitude of prediction error even where R² is lower. Performance is 123 

comparable to previously reported estimates for aggregated improved and unimproved access 124 

at this scale5. Per source model performance is found in Extended Data Table 4.  125 

Validation against national estimates from the WHO/UNICEF Joint Monitoring Programme 126 

(JMP) confirms broad model agreement, Extended Data Figure 3. We estimate 281 million 127 

people use unimproved sources (4.2%) and 71 million use surface water (1.1%) in LMICs, 128 

comparable to, though underestimating, JMP global estimates of 302 million (unimproved) and 129 

106 million (surface water)27. Across 122 countries for which national JMP data were available, 130 

improved water coverage is predicted with MAE=0.061 and R²=0.56, consistent with literature 131 

performance 5. Regional errors (Extended Data Table 5) are highest in sub-Saharan Africa 132 

(MAE=0.112), where coverage variance is greatest, and lowest in Europe and Central Asia 133 

(MAE=0.022), where near-universal access compresses the variance. Piped water supply 134 

explains a similar amount of variation (R²= 0.58) but higher error, largely due to underprediction 135 



at high coverage (MAE= 0.242) whilst surface water use is less well explained by the model 136 

(R²= 0.34) but has lower error, due to lower usage (MAE= 0.0167), Extended Data Table 6.  137 

Overall prediction uncertainty is low, with a median coefficient of variation (CoV) of 0.168 across 138 

dominant source predictions and 5.3% of grid cells classified as high uncertainty (CoV ≥ 0.5). 139 

Prediction uncertainty varies by source. Piped water on premises has a median coefficient of 140 

variation (CoV) of 0.209, with 4.1% of grid cells with high uncertainty (CoV ≥ 0.5). Strongly 141 

hydro(geo)logically constrained sources also have lower uncertainty, with fewer areas of high 142 

uncertainty (CoV≥ 0.5) for springs (0.7% unprotected and 5.6% protected) and surface water 143 

(4.3%), as well as delivered water (3.8%) which is often restricted to highly water scarce areas. 144 

Uncertainty is higher for boreholes and protected dug wells (both with 10.7% of cells with high 145 

uncertainty, largely in areas where there is uncertainty over whether the source is a borehole or 146 

protected dug well), bottled water (11.1%), rainwater (13.2%), and unprotected dug wells 147 

(18.6%) also all exceed a CoV of 0.5. Uncertainty maps with CoV and IQR are provided in 148 

Extended Data Figure 2. 149 

Variable importance 150 

Socioeconomic development is the strongest and most consistent predictor of drinking water 151 

source use across all source models (Figure 3). The Subnational Human Development Index 152 

ranked in the top ten predictors for all eleven directly trained source models whilst nighttime light 153 

intensity, infant mortality rate, and poverty indices did so for ten of eleven. Climatic factors 154 

including mean temperature, mean precipitation, and precipitation variability have a strong 155 

influence, notably mean precipitation has high importance for the use of delivered (tanker) 156 

water, associated with more arid areas, whilst spring presence is associated with high 157 

precipitation. Local hydrogeological characteristics, such as water table depth and permeability 158 

were relevant, especially for certain groundwater sources, such as borehole and spring use but 159 

generally less dominant than broader climatic or human settlement factors. Figure 3 160 

summarises mean Shapley values across models with a rank weighted score. Source specific 161 

summaries of variable importance are found in Extended Information Figure 4.  162 



 163 

Figure 3:  Variable importance across source-specific random forest models. Dot size and 164 

shading indicate the rank-weighted importance of each variable within each source-specific 165 

model, scored from 10 (most important variable in that model) to 1 (tenth most important); 166 

variables ranking below the top ten are marked with a cross. The average column shows the 167 

mean rank-weighted score across all eleven directly trained source models. Variables are 168 

grouped by thematic category (socioeconomic, climatic, hydrological, topographic). Only 169 

variables which are in the top 10 most important variables in at least one model are shown. 170 

Discussion:  171 

Global monitoring of drinking water access in LMICs has largely ignored the source through 172 

which people actually access water, masking profound distinctions within broad classifications 173 

such as improved, unimproved, and safely managed. Through source-explicit mapping, we 174 

reveal a highly diverse water supply landscape, particularly shedding light on the scale of non-175 

piped groundwater, bottled, and delivered water, which operate largely outside of regulatory 176 

frameworks. 177 

Non-piped groundwater sources are identified as a central pillar of drinking water supply across 178 

LMICs, yet one that remains systematically underrepresented in the monitoring and modelling 179 

frameworks on which water security assessment depends. Used by over 2 billion people in 180 

LMICs (31% of the population), a figure comparable to on-premises piped supply (37%), they 181 

form the primary source of drinking water in sub-Saharan Africa and South Asia 28–30. This 182 

oversight reflects in part the governance structure of such sources; non-piped groundwater 183 

almost entirely self- or community-supplied, operating largely outside the utility frameworks that 184 

generate the data on which national monitoring and hydrological models are built31–34. Boreholes 185 

and tubewells are the dominant infrastructure for such supply, serving 1.3 billion people. Their 186 

use has grown substantially 35 often as a way for households to shift away from unimproved 187 



sources and supplement unreliable piped supply 36. Whilst being promoted as safer 37 and more 188 

resilient to drought than shallower dug wells35, challenges of microbial38 and geogenic 37,39 189 

contamination, as well as groundwater declines40 remain a concern while high drilling costs 41 190 

and infrastructure failure 42 limit availability. Integrating non-piped groundwater into hydrological 191 

models and water security assessments is essential for accurately representing demand, 192 

abstraction, and vulnerability across most of the LMIC population. 193 

Over half of the population of LMICs (50.7%) is identified as using piped drinking water which is 194 

consistent with previous analysis6. Yet even among the population accessing piped sources, 195 

source-level heterogeneity is significant; over a quarter of piped water users access water off-196 

premises, from public standpipes or neighbours, rather than their own dwelling/plot. The 197 

importance of on-premises access has been widely documented, motivating a focus on 198 

ensuring on-premises water under the safely managed drinking water framework. On-plot 199 

connections reduce collection time and physical burden, increase effective water availability, 200 

and alter storage practices, which in turn influences contamination risks. Source also influences 201 

behaviour19,20; when water collection time is reduced to under five minutes, compared to 202 

collection times of 5-30 minutes, household water use more than doubles, and consumption 203 

increases up to fivefold when access is provided through multiple taps within the dwelling20. This 204 

has implications not only for health and hygiene behavior20, but also for water demand 205 

estimates, infrastructure investment, and cost-recovery. Considering piped water access without 206 

specifying location may be misleading6, especially in areas with high off-plot access such as 207 

sub-Saharan Africa, where nearly half of all piped users rely on off-premises piped sources, 208 

piped coverage figures substantially overstate the population benefiting from the reduced 209 

collection burden and increased effective water quantity that on-plot connection enables. 210 

Delivered and bottled water collectively serve over 900 million people across LMICs, identifying 211 

them not as marginal sources but a primary drinking water supply system. These sources have 212 

increased significantly in recent years7,43 partly driven by perceived health risks associated with 213 

alternative sources, including intermittent piped systems43. However, challenges surrounding 214 

limited regulatory oversight 44, and highly variable pricing structures 45–47 exist. Expenditure on 215 

tanker water has been estimated to account for up to 16% of average household income48 216 

presenting a severe economic burden on households that have typically no other alternatives. 217 

Quality is highly variable and difficult to assure 48, with challenges of storage conditions and 218 

handling practices45 presenting a concern for delivered/tanker water and inconsistent quality 219 

control, and emerging concerns related to microplastics threatening bottled water safety49. The 220 

environmental implications of high delivered/tanker and bottled/packaged water are also 221 

notable. Many tankers rely on illegal water abstraction47, representing a major challenge for 222 

water management, especially in water scarce regions, whilst plastic waste generation presents 223 

a significant concern associated with high bottled water dependence49. The highly concentrated 224 

dependence of such commercial supplies, notably delivered/tanker water in the Middle East and 225 

Northern Africa (16.5% of the population) and bottled/packaged water dependence in Latin 226 

America and the Caribbean (13.6%) and East Asia and the Pacific (12.8%), suggest that these 227 

sources are not marginal coping strategies but embedded primary supply systems for large 228 

shares of population. Given their rapid growth, substantial user base, and projected future 229 



reliance47, increased attention must be paid to the role and risks of packaged and delivered 230 

water sources in water security. 231 

The source-level diversity documented here has direct consequences for how water resources 232 

are measured, modelled, and governed. Notably, the more than 2 billion people drawing directly 233 

from non-piped groundwater, and the nearly 900 million accessing delivered or bottled water, 234 

are almost entirely absent from the water resources databases and models used to assess 235 

scarcity, groundwater sustainability, and climate impacts. Domestic water withdrawal is often 236 

used interchangeably with municipal abstraction, the volume extracted by public distribution 237 

networks50, in global databases including AQUASTAT, which underpins SDG indicator 6.4.2 on 238 

water stress9. As such, non-networked services are systematically omitted from global 239 

monitoring and reporting51. AQUASTAT formally aims to include self-abstraction but currently 240 

holds no data for this component9; the result is that the water demand of roughly half the LMIC 241 

population is either omitted or opaquely estimated. This omission is particularly consequential in 242 

sub-Saharan Africa, where diffuse domestic groundwater abstraction represents the dominant 243 

withdrawal sector in many areas, exceeding industrial and agricultural demand, yet is often 244 

omitted in national or regional abstraction accounting51. The level of non-piped water sources, 245 

especially groundwater, raises challenges for global understanding of domestic water use which 246 

are often unable to account for direct abstraction10; notably the frequently cited estimate that 247 

groundwater supplies 50% of global domestic water30,52–56 ,  fails to explicitly account for the 248 

extent of direct groundwater abstraction30, as identified here, likely underestimating groundwater 249 

dependence. Alongside conceptually limiting our understanding of the hydrological system, 250 

these gaps propagate directly into global hydrological models, many of which derive domestic 251 

demand estimates from global databases such as AQUASTAT10,11, systematically 252 

misrepresenting both the quantity and source of domestic abstraction. 253 

Despite source being a central component in exposure of drinking water to many stressors, 254 

many vulnerability metrics also fail to capture the impact of source type on the exposure to 255 

stressors including water scarcity, extreme events such as droughts and floods4, and exhibit 256 

distinct contamination pathways57 and risks58, especially under climate change4. Widely used 257 

vulnerability frameworks, including the Water Poverty Index59 and the UNICEF Extreme Water 258 

Vulnerability Index12, assess water-related vulnerability without distinguishing source type, and 259 

therefore cannot represent these dynamics. The widespread reliance on decentralised sources 260 

identified here also demands governance frameworks that extend beyond piped utility 261 

regulation, recognising that for the majority of the LMIC population, drinking water security 262 

depends on systems beyond traditional regulatory and monitoring infrastructure 13,30,31,33,34. The 263 

spatially explicit, source-resolved data produced here provide a foundation for integrating 264 

drinking water source diversity into hydrological models, vulnerability assessments, governance 265 

approaches, and the SDG monitoring frameworks that must account for it if they are to 266 

accurately reflect water security for the populations most at risk. 267 

Methods: 268 

The full methodological pipeline is summarised in Extended Data Figure 1a and is explained in 269 

detail below.  270 



Household water source data: 271 

Household survey data were collated from Demographic and Health Surveys60 (DHS) and 272 

Multiple Indicator Cluster Surveys61 (MICS) from 2015-2024, Extended Data Figure 1b. Only the 273 

latest survey was retained for each country, to ensure that certain countries were not 274 

overrepresented. Only surveys with associated GPS coordinates were retained. Data were 275 

available for 53 countries with a total of 2.21 million household surveys. All spatial analyses and 276 

predictive rasters were generated at 5 km resolution (0.045°), which is consistent with the 277 

maximum systematic standard displacement of DHS and MICS surveys (up to 5km in rural 278 

areas and 2km in urban areas)62.  279 

Original DHS water source categories were harmonised and minimally aggregated into 280 

functionally and hydrologically meaningful classes based on Bain et al. (2014)16. These groups 281 

preserve key distinctions relevant to access and water security whilst aggregating to ensure 282 

sufficient data and minimise national differences in surveying and classification. Water classes 283 

are summarised in Extended Data Table 1. 284 

For each DHS cluster, the proportion of the population using each water source group was 285 

estimated using DHS household sampling weights. Weighted household counts were multiplied 286 

by the number of de jure household members to derive population-representative estimates of 287 

water source use. DHS cluster-level proportions of water source use were rasterised to 5km 288 

resolution, consistent with the spatial scale of covariates and the DHS displacement radius6.  289 

Random forest: 290 

To estimate the proportion of the population using each water source type, we employed a 291 

random forest approach. Random forest (RF) models provide a powerful tool for analysis 292 

complex data63, and are particularly effective for predicting spatially distributed outcome64,65, 293 

including water access5. An RF consists of an ensemble of decision trees, with each tree using 294 

a different subset of predictor variables to predict the response63,66. RF models are especially 295 

advantageous in settings with non-linear relationships and collinearity among covariates67.  296 

Variable selection.  297 

A range of global climatic (3), hydrological/ hydrogeological (8), topographic (4), and 298 

socioeconomic (7) variables were included to capture factors likely to influence household water 299 

source use5. Full details of variables and data sources are provided in the Extended Data Table 300 

2. 301 

Several variables were constructed to represent proximity to surface water sources. Distance to 302 

freshwater was constructed using data from Hydrolakes68 and Hydrorivers69 datasets. River data 303 

were derived from HydroRIVERS, with only rivers exceeding a mean discharge of 1 m³/s 304 

retained in order to represent relatively reliable surface water sources69. As households could be 305 

displaced by up to 5km to actual distance between households and freshwater sources could 306 

not be calculated. Rather, to reflect proximity to surface water whilst respecting the 307 

displacement of household locations, a binary indicator was generated to represent the 308 

presence of a surface water at 5 km resolution of each location. If a household location falls 309 

within this raster cell, it indicates the presence of surface water within 5km of the household, 310 

considered a plausible collection distance for surface water use. In addition, stream density was 311 



also included as predictor variable to further capture surface water availability. This variable was 312 

calculated from the HydroRIVERS dataset 69 and reflects the density of river channels within a 313 

given area, providing a proxy for broader hydrological accessibility to surface water resources. 314 

To account for rapid socioeconomic and demographic changes during the study period, key 315 

time-sensitive covariates, population and nighttime lights, were matched to the year of each 316 

household survey. Population data, from WorldPop70, and VIIRS nighttime lights71, were 317 

extracted for the year corresponding to the year in which the survey was conducted. For 318 

surveys spanning multiple years, the year of completion was used. Prediction models were then 319 

trained using the most recent data for population (2026) and nighttime lights (2024). 320 

Random Forest training  321 

Random cross-validation can result in many training and testing datasets that are close 322 

together, resulting in more similar attributes and overestimating performance due to spatial 323 

autocorrelation. To prevent overestimation, and increase the independence between testing and 324 

training data, we implemented spatial cross-validation72, using spatial blocks of 100 km, which 325 

were generated and assigned to one of 5 folds randomly. 326 

Following spatial cross-validation, the dataset was partitioned into independent training and 327 

testing sets using a 70:30 split of all DHS clusters with valid covariate information. Random 328 

forest models were trained separately for each drinking water source category. The response 329 

variable for each model was the proportion of the population within a survey cluster that use a 330 

given source as their primary drinking water source. In total, 11 source categories were directly 331 

modelled (all source types excluding other which was the residual). All models were trained 332 

using the same set of predictor variables and fitted using the ranger package73 in R with 500 333 

trees.  334 

Model performance was evaluated using population-weighted metrics calculated on the 335 

independent (30%) test dataset calculating the coefficient of determination (R²) and mean 336 

absolute error (MAE). 337 

Hierarchical normalisation 338 

A hierarchical normalisation procedure was applied reflecting both the relative reliability of 339 

model predictions and the underlying JMP access hierarchy as outlined in Deshpande et al., 340 

20206; piped, improved, unimproved and surface. In cases where the sum of all sources was 341 

less than 1, the residual was assigned to the class ‘other’. Where the sum of all sources 342 

exceeded 1, the hierarchical normalisation process was implemented; estimates using the piped 343 

water models which typically represents the highest level of service and had highest model 344 

reliability (pre-normalisation OOB R2= 0.540) were first anchored. Non-piped improved source 345 

predictions (pre-normalisation OOB R2=0.537) were then rescaled proportionally together, 346 

preserving the relative proportions of each individual model and constraining the total to the 347 

remaining residual space following piped if the cumulative sum exceeded unity. This logic was 348 

applied sequentially to the unimproved (pre-normalisation OOB R2=0.300) and surface water 349 

(pre-normalisation OOB R2= 0.16) categories, where each subsequent model was normalised 350 

based on the residual space from higher-tier indicators.  351 



Validation with JMP data 352 

In addition to evaluating model performance using independent test data, model outputs were 353 

validated against national estimates from the WHO/UNICEF Joint Monitoring Programme (JMP) 354 

2025 dataset27. Predicted grid-cell values were aggregated to national-level population-weighted 355 

shares for each water source category and compared with corresponding JMP country 356 

estimates. Because JMP reports data use broader service categories, model predictions were 357 

grouped to match available JMP classifications of piped water, surface water, unimproved water 358 

(excluding surface water), and improved water. Performance metrics (MAE and R²) were 359 

calculated both globally and regionally as well as for individual source classes.  360 

Uncertainty 361 

Spatial uncertainty in water source predictions was quantified using a geographically stratified 362 

bootstrap procedure. For each water source model 30 bootstrap iterations were performed (the 363 

number was determined by stability analysis), each using 100 decision trees. For each iteration, 364 

a training sample was drawn with replacement, stratified by continental region to avoid over-365 

representation of data-dense regions. Each model was applied to generate a full spatial 366 

prediction surface. For each pixel, the interquartile range (IQR) and the coefficient of variation 367 

(CoV) were calculated. A dominant source plot of uncertainty was produced with the uncertainty 368 

of the dominant source used in each pixel.  369 

Variable importance 370 

Variable importance was assessed using SHapley Additive exPlanations (SHAP), to calculate 371 

the contributions of variables to model predictions by computing the average contribution of that 372 

variable for a given prediction74. For each of the eleven directly modelled water source models, 373 

SHAP values were estimated using the fastshap package75 with 30 simulations per observation 374 

on a random sample of 1,000 training observations (for computational efficiency). To summarise 375 

importance across sources, a rank-weighted score was calculated by assigning points to each 376 

predictor based on the variable importance for a given model (most important 1 = 10 points, 10th 377 

importance = 1 point, below top 10 variables = 0). Summary of average variable importance was 378 

calculated as the average rank weighted variable importance for each variable and ranked by 379 

importance.  380 

Limitations  381 

A few limitations should be acknowledged. First, water source categories remain broad. In 382 

particular, the piped category does not distinguish between underlying supply types (e.g., 383 

surface water, groundwater, or desalination), limiting the ability to assess source-specific 384 

hydrological vulnerability76. Some level of aggregation is also conducted, such as the 385 

aggregation of piped water to neighbours and public standpipes in the same category. In 386 

addition, certain sources (e.g., water kiosks) are not explicitly modelled due to inconsistent 387 

categorisation across datasets. Second, estimates are based on reported primary drinking water 388 

source and do not capture multi-source use or seasonal switching, which are common coping 389 

strategies30,77. Nor does it reflect drinking water sources in public facilities, such as schools or 390 

hospitals78. As a result, the analysis may underrepresent the role of certain sources in water 391 

access. Third, governance and management arrangement, such as distinctions between 392 

community-managed systems and self-supply33,34, are not directly observed. The type of 393 



regulation has significant implications for reliability, regulation, and long-term sustainability and 394 

further studies should aim to represent these distinctions.  395 
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Extended Data 578 

Extended Data Table 1: Water classes used to aggregate water sources, as in Bain et al., 579 

201416, within this analysis and their associated vulnerabilities. Improved water sources 580 

highlighted in blue, water sources classed as unimproved are marked with an asterisk*.  581 

Water source Description and core vulnerabilities 

Piped water on 
premises 

Piped water, often large scale from utility companies, especially in urban areas, 
but can be small scale local schemes piped to dwelling or yard. Reliability is 
highly context dependent; many areas face challenges of intermittent 
supply7,79,80 , reducing reliability and linked to microbial contamination80,81 

Piped water off 
premises 

Water piped either to a public tap/ standpipe or to a neighbour. Can be from 
utility companies or small-scale schemes. May face challenges of intermittent 
supply 7,79,80, contamination 80–82, and challenges of access, especially if located 
on someone else’s property. 

Tube well/borehole A narrow tube, usually mechanically, drilled into the ground enabling (deep) 
groundwater abstraction (typically 20-100m deep)41. They can be expensive to 
construct/repair and require maintenance which often results in high levels of 
breakdown. Whilst generally considered safer than shallow wells41, they can be 
at risk of geogenic (dependent on geology) and microbial contamination83, 
especially from sanitation in densely populated areas38,57. Whilst generally 
allowing access to more reliable groundwater41, they can still experience 
seasonal availability fluctuations84. 

Protected spring Protected springs are areas of natural groundwater flow from the ground 
engineered to prevent contamination and increase access, typically with a 
collection tank and tap, often built away from the eye of the spring to minimise 
contamination risk41. They are particularly vulnerable to contamination and 
seasonal water scarcity4,41 . 

Protected dug well Protected wells are hand-dug or shallow wells (typically <20m) which are 
constructed to minimise contamination through protective structures (lining, 
apron, and cover, typically concrete)41. Hand-dug wells require minimal 
equipment for construction making them a relatively accessible source of 
water. Their design, enabling water accumulation when not in use, makes them 
suitable even in poorly permeable aquifers84. Whilst protective infrastructure 
minimises surface contamination risk there is still a risk of subsurface 
contamination, especially from sanitation infrastructure57,85. Greater risk to 
drought and water scarcity than boreholes due to relying on shallower 
groundwater41,84 

Rainwater 
harvesting 

Water collected, and stored, from rainfall, often from roof run-off. Typically 
managed at a household, or individual level. They can often lack adequate 
protection33 , creating challenges of contamination, especially from storage 

86,87. They are also especially vulnerable to seasonal water shortage, making 
them particularly vulnerable to increased rainfall variability under climate 
change4,33. 

Delivered water 
(Tanker truck, cart 
with small tank) 

Tanker trucks or carts used to deliver drinking water, they can deliver water 
directly to users or to a central location which users travel to collect it. Usually 
operated by private water vendors45, that are subject to limited 
regulation44.They are often used in water scarce contexts or where other safe 
water supply systems are unavailable45. There have been reports of poor 
water-quality45 ,often related to poor water-handling practices. They often have 
high costs79 , which can vary seasonally45.  



Bottled water Often used as a drinking water source in tandem with other water sources, 
used for other domestic water use. Bottled/packaged water is typically 
purchased from private vendors, resulting in inconsistent regulation49, though 
can be supplied by government/ NGOs, especially during disasters. It has a 
very high volumetric cost79. Whilst often considered safer than alternative 
sources, concerns have been raised over contamination, particularly plastic 
contaminants49. Concerns have also been raised regarding the high 
environmental pollution49 from plastic packaging.  

Unprotected spring* Areas of natural groundwater flow (see protected spring) but without protection 
to minimise contamination or collect the water. They face challenges of high 
contamination vulnerability1,41 and high susceptibility to water scarcity and 
drought41 (higher than protected sources due to the absence of a collection 
tank). 

Unprotected dug 
well* 

Shallow dugs wells (see protected dug well) with no protection (lining or 
cover)41 resulting in a high risk of (microbial) contamination, including from 
both sanitation infrastructure and surface run-off57,83. Also vulnerable to 
seasonal water availability41. 

Surface water 
(lake, river, stream) 
* 

Direct water abstraction from surface water sources including lakes, rivers and 
streams. It has high risk of contamination (especially faecal) as well as other 
water quality concerns including high turbidity. Surface water is also 
particularly vulnerable to seasonal fluctuations, making it often unavailable 
during periods of drought or water scarcity. Both water quantity and quality of 
surface water is also particularly vulnerable to climate change88. 

Other* Includes non-specified, ambiguous, or country specific sources.  
 582 

 583 



 584 

Extended Data Figure 1a:  Modelling pipeline for source-explicit estimation of drinking water 585 

access. Household survey data from MICs/DHS clusters and 22 geospatial predictor variables 586 

(hydrological, climatic, topographical, socioeconomic) were processed to 5 km resolution. 587 

Source-specific random forest models (500 trees, spatial cross-validation) were trained for each 588 

drinking water source type, and predictions hierarchically normalised to ensure proportions sum 589 

to one. Uncertainty was quantified through a geographically stratified bootstrap (30 models per 590 

source). Model performance was assessed through hold-out validation and comparison against 591 

national JMP estimates; variable importance was evaluated using SHAP values. Figure 1b) 592 

Geographic distribution and characteristics of survey data used for model training and 593 

validation. Survey clusters from DHS and MICS surveys (2015–2024) are shown for the 53 594 

LMICs with geospatial data available, coloured by survey year and scaled by cluster size 595 

(number of households). Countries are classified by data availability: LMICs with geospatial 596 

survey data (dark grey), LMICs with national estimates only (medium grey), LMICs with no data 597 

(light grey), and high-income or unclassified countries (white). 598 

 599 



Extended Data Table 2: Model variable inputs and sources in group of variables with resolution 600 

and year.  601 

Variable group Data Source Resolutio
n 

Year/
s 

Climate Average 
Precipitation 

MSWX Global Long-term average precipitation89 
https://journals.ametsoc.org/view/journals/bams/103/3/BAM
S-D-21-0145.1.xml 

5 min 2000-
2023 

Precipitation 
variability 

Calculated as average annual standard deviation between 
months for precipitation averaged for 2000-202389 

5 min 2000-
2023 

Average 
temperature 

MSWX Global Long-term average temperature89 
https://journals.ametsoc.org/view/journals/bams/103/3/BAM
S-D-21-0145.1.xml 

5 min 2000-
2023 

Hydrology/ 
hydrogeology 
 

Soil water 
storage 
capacity 

Fischer, G., F. Nachtergaele, S. Prieler, H.T. van 
Velthuizen, L. Verelst, D. Wiberg, 2008. Global Agro-
ecological Zones Assessment for Agriculture (GAEZ 2008). 
IIASA, Laxenburg, Austria and FAO, Rome, Italy.90 

30 arc 
seconds 

2008 

Distance to 
inland 
freshwater 

Created from Hydrorivers (version 1.0)69 and Hydrolakes68 
database.  

5km 2019 

Stream 
density 

Created from Hydrorivers (version 1.0)69 and Hydrolakes68 
database. 

5km 2019 

Depth to 
water table 

Fan, Y., Li, H., & Miguez-Macho, G. (2013). Global Patterns 
of Groundwater Table Depth. Science, 339(6122), 940-943. 
doi:10.1126/science.1229881.91 

30 arc 
seconds 

2010 

Aquifer 
system 
group 

RICHTS, A., STRUCKMEIER, W. & ZAEPKE, M. (2011): 
WHYMAP and the Groundwater Resources of the World 
1:25,000,000. In: Jones J. (Eds.): Sustaining Groundwater 
Resources. International Year of Planet Earth; Springer. 
doi: 10.1007/978-90-481-3426-7_10 

0.5 
degrees 

2011 

Aquifer 
recharge 
class 

RICHTS, A., STRUCKMEIER, W. & ZAEPKE, M. (2011): 
WHYMAP and the Groundwater Resources of the World 
1:25,000,000. In: Jones J. (Eds.): Sustaining Groundwater 
Resources. International Year of Planet Earth; Springer. 
doi: 10.1007/978-90-481-3426-7_1092 

0.5 
degrees 

2011 

Permeability Huscroft, J., Gleeson, T., Hartmann, J., & Börker, J. (2018). 
Compiling and mapping global permeability of the 
unconsolidated and consolidated Earth: GLobal 
HYdrogeology MaPS 2.0 (GLHYMPS 2.0). Geophysical 
Research Letters, 45, 1897–
1904. https://doi.org/10.1002/2017GL07586093 

5 min 2014 

Specific 
yield 

Huscroft, J., Gleeson, T., Hartmann, J., & Börker, J. (2018). 
Compiling and mapping global permeability of the 
unconsolidated and consolidated Earth: GLobal 
HYdrogeology MaPS 2.0 (GLHYMPS 2.0). Geophysical 
Research Letters, 45, 1897–
1904. https://doi.org/10.1002/2017GL07586093 

5 min 2014 

Socioeconomi
c 
 

Global 
Gridded 
Relative 
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Uncertainty 603 

 604 

Extended Data Figure 2: Uncertainty plots for dominant water source a) Coefficient of Variation 605 

(CoV) for dominant water source and b) interquartile range (IQR) for dominant water source. 606 

http://srtm.csi.cgiar.org/


Water source: 607 

Extended Data Table 3: Percentage of the population (%) and total population using each water 608 

source by region (/million users). Brackets denote 95% standard deviation intervals. The ‘Other’ 609 

category reflects the residual population; its uncertainty bounds indicate the range of potential 610 

residual users. 611 
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Piped 
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premi
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Deliv
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Dug 
prote
cted 

Dug 
unprot
ected 

Spring 
unprot
ected 

Bore
hole 
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ace 

Rainw
ater 

Oth
er 

Globa
l LMIC 

Popula
tion /% 

36.8
% 
(29.4
%, 
44.2
%) 

6.8
% 
(5.8
%, 
7.9
%) 

2.4% 
(1.6%
, 
3.2%) 

13.8
% 
(10.2
%, 
17.5
%) 

6.8% 
(4.8%
, 
8.8%) 

5.2% 
(3.8%
, 
6.6%) 

2.6% 
(1.8%, 
3.4%) 

1.5% 
(0.9%, 
2.2%) 

19.4
% 
(15.9
%, 
23.0
%) 

1.1
% 
(0.6
%, 
1.5
%) 

2.0% 
(1.4%, 
2.7%) 

1.4
% 
(0.0
%, 
2.9
%) 

Popula
tion/ 
million 
users 

2447 
(1957
, 
2936) 

454 
(387
, 
522) 

159 
(110, 
209) 

920 
(678, 
1162) 

451 
(320, 
582) 

348 
(256, 
440) 

173 
(118, 
228) 

103 
(62, 
143) 

1292 
(1058
, 
1526) 

70 
(42, 
98) 

136 
(93, 
179) 

92 
(0, 
193
) 

East 
Asia 

& 
Pacifi

c 

Popula
tion /% 

45.2
% 
(26.7
%, 
63.7
%) 

12.8
% 
(10.
1%, 
15.6
%) 

2.4% 
(1.0%
, 
3.9%) 

12.8
% 
(6.6%
, 
19.1
%) 

7.6% 
(2.9%
, 
12.3
%) 

5.0% 
(2.2%
, 
7.8%) 

0.70% 
(0.25%, 
1.15%) 

0.39% 
(0.19%, 
0.59%) 

8.1% 
(3.5%
, 
12.7
%) 

0.37
% 
(0.2
1%, 
0.53
%) 

3.4% 
(1.5%, 
5.3%) 

1.2
% 
(0.0
%, 
3.7
%) 

Popula
tion/ 
million 
users 

943 
(556, 
1329) 

268 
(210
, 
326) 

51 
(20, 
81) 

268 
(137, 
399) 

159 
(61, 
257) 

104 
(45, 
162) 

15 (5, 
24) 

8.14 
(3.99, 
12.3) 

169 
(72, 
265) 

7.77 
(4.3
9, 
11.2
) 

71 
(31, 
111) 

26 
(0, 
76) 

Europ
e & 

Centr
al 

Asia 

Popula
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62.4
% 
(47.2
%, 
77.5
%) 

5.3
% 
(3.6
%, 
7.0
%) 

2.2% 
(1.1%
, 
3.2%) 

8.4% 
(3.3%
, 
13.6
%) 

9.7% 
(4.6%
, 
14.8
%) 

3.7% 
(1.4%
, 
6.0%) 

0.24% 
(0.12%, 
0.36%) 

0.24% 
(0.15%, 
0.33%) 

4.4% 
(1.8%
, 
6.9%) 
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(0.1
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3.6
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192) 

13 
(9, 
17) 
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(2.71, 
7.99) 

21 (8, 
34) 

24 
(11, 
37) 

9.2 
(3.55, 
14.9) 

0.597 
(0.291, 
0.902) 

0.587 
(0.368, 
0.807) 

11 (5, 
17) 

0.57
2 
(0.3
88, 
0.75
5) 

4.86 
(2.86, 
6.86) 

3.22 
(0, 
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) 
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ca & 
Carib
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% 
(29.7
%, 
64.2
%) 

13.6
% 
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3%, 
17.0
%) 

2.2% 
(1.1%
, 
3.3%) 

11.7
% 
(5.2%
, 
18.1
%) 

9.2% 
(4.3%
, 
14.2
%) 

4.9% 
(1.9%
, 
8.0%) 

0.58% 
(0.12%, 
1.05%) 

0.62% 
(0.31%, 
0.92%) 

5.9% 
(2.2%
, 
9.6%) 

0.53
% 
(0.3
4%, 
0.72
%) 

2.8% 
(1.4%, 
4.1%) 
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% 
(0.0
%, 
3.00
%) 

Popula
tion/ 
million 
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286 
(181, 
391) 

83 
(62, 
103) 

13 (7, 
20) 

71 
(32, 
110) 

56 
(26, 
86) 

30 
(11, 
49) 

3.56 
(0.742, 
6.38) 

3.76 
(1.9, 
5.61) 

36 
(13, 
59) 

3.21 
(2.0
4, 
4.37
) 

17 (9, 
25) 

6.03 
(0, 
18.3
) 

Middl
e East 

& 
North 
Africa 

Popula
tion /% 

48.5
% 
(30.0
%, 
67.0
%) 

4.9
% 
(2.3
%, 
7.6
%) 

1.3% 
(0.7%
, 
1.9%) 

12.6
% 
(5.4%
, 
19.7
%) 

16.5
% 
(10.2
%, 
22.8
%) 

3.1% 
(1.2%
, 
4.9%) 

0.60% 
(0.20%, 
1.00%) 

0.46% 
(0.24%, 
0.69%) 

8.1% 
(3.3%
, 
12.9
%) 

0.56
% 
(0.3
2%, 
0.81
%) 

2.3% 
(0.8%, 
3.8%) 

1.1
% 
(0.0
%, 
3.9
%) 



Popula
tion/ 
million 
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215 
(133, 
297) 

22 
(10, 
34) 

5.68 
(3.05, 
8.31) 

56 
(24, 
87) 

73 
(45, 
101) 

14 (5, 
22) 

2.67 
(0.906, 
4.44) 

2.04 
(1.04, 
3.04) 

36 
(15, 
57) 

2.5 
(1.4, 
3.59
) 

10 (4, 
17) 

5 
(0, 
17.2
) 

South 
Asia 

Popula
tion /% 

31.0
% 
(18.5
%, 
43.4
%) 

2.4
% 
(1.1
%, 
3.7
%) 

0.94
% 
(0.49
%, 
1.39
%) 

13.4
% 
(5.5%
, 
21.3
%) 

5.1% 
(1.5%
, 
8.6%) 

3.8% 
(2.0%
, 
5.6%) 

1.8% 
(0.6%, 
2.9%) 

0.42% 
(0.21%, 
0.62%) 

38.7
% 
(29.2
%, 
48.3
%) 

0.34
% 
(0.1
4%, 
0.55
%) 

0.63% 
(0.23
%, 
1.03%
) 

1.6
% 
(0.0
%, 
5.4
%) 

Popula
tion/ 
million 
users 

610 
(364, 
855) 

47 
(22, 
73) 

18 
(10, 
27) 

264 
(109, 
419) 

100 
(30, 
170) 

74 
(39, 
109) 

35 (12, 
57) 

8.2 
(4.21, 
12.2) 

763 
(574, 
952) 

6.79 
(2.6
8, 
10.9
) 

12 (5, 
20) 

31 
(0, 
106
) 

Sub-
Sahar

an 
Africa 

Popula
tion /% 

18.5
% 
(10.2
%, 
26.7
%) 

1.6
% 
(1.3
%, 
2.0
%) 

5.1% 
(2.2%
, 
8.1%) 

18.7
% 
(9.3%
, 
28.1
%) 

3.0% 
(1.0%
, 
5.1%) 

9.1% 
(4.6%
, 
13.7
%) 

9.1% 
(5.3%, 
12.9%) 

6.2% 
(3.1%, 
9.3%) 

21.6
% 
(14.2
%, 
28.9
%) 

3.8
% 
(1.7
%, 
6.0
%) 

1.6% 
(0.8%, 
2.4%) 

1.7
% 
(0.0
%, 
4.9
%) 

Popula
tion/ 
million 
users 

238 
(132, 
344) 

21 
(17, 
26) 

66 
(28, 
104) 

240 
(119, 
361) 

39 
(13, 
65) 

117 
(59, 
176) 

117 
(68, 
166) 

80 (39, 
120) 

277 
(183, 
372) 

49 
(21, 
77) 

21 
(11, 
31) 

22 
(0, 
63) 

 612 

Model performance: 613 

Extended Data Table 4: Model performance on independent test set, post normalisation 614 

Water Source R² MAE 

Piped on premises 0.566 0.1843 

Piped off premises 0.488 0.1201 

Borehole/ Tubewell 0.674 0.1009 

Protected dug well 0.522 0.0291 

Protected spring 0.473 0.0107 

Rainwater 0.333 0.0059 

Bottled/Packaged water 0.658 0.0372 

Delivered water 0.563 0.0666 

Unprotected dug well 0.198 0.0190 

Unprotected spring 0.245 0.0147 

Surface water 0.136 0.0085 

 615 



 616 

Extended Data Figure 3: Validation with nation JMP monitoring data. Observed (JMP monitoring 617 

data) on the x axis with predicted percent of the population using each source on the y axis. 618 

Each point represents an individual country, coloured by their region. 619 

 620 

Extended Data Table 5: Model performance by comparison of predicted percent of the 621 

population using improved water sources at the national level to JMP national data for improved 622 

water source, summarised by region. 623 

Region Number of 
countries 

R2 MAE 

East Asia and Pacific 19 0.089 0.0680 

Europe and Central Asia 17 0.001 0.0217 

Latin America and Caribbean 20 0.712 0.0409 

Middle East and North Africa 13 0.137 0.0315 

South Asia 7 0.038 0.0478 

Sub-Saharan Africa 46 0.311 0.112 

Total 122 0.564 0.0612 
 624 



Extended Data Table 6: Model performance for predicted percent of population using each 625 

source class by comparison to JMP national data by source type 626 

Region MAE RMSE R2 
Piped water 0.242   0.278 0.576 

Improved water 0.0612 0.0880 0.564 

Surface water 0.0167 0.0315 0.336 

 627 



 628 

Extended data figure 4: Variable importance (SHAPley values) for individual water source 629 

models. Each point represents a training observation (n=1,000). Results are aggregated across 630 

30 bootstrap iterations (nsim=30). SHAP values indicate the contribution of each predictor to 631 

model output. Variables are ordered by mean absolute SHAP value.  632 
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