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Abstract 21 
 22 
Access to safe sanitation is a human right, yet as of 2024, close to 1.5 billion people lacked access 23 

to basic sanitation services globally. Here, we address subnational data gaps, applying a Tabular 24 

Prior-Fitted Networks model that leverages subnational survey estimates derived from 1.8 million 25 

households to predict basic sanitation and open defecation at first-level administrative units in 26 

130 low- and middle-income countries worldwide. Our results highlight inequalities between 27 

country income groups, with median basic sanitation coverage ranging from 36% (90% prediction 28 

interval=17–56%) in low-income to 94% (76–99%) in upper-middle-income countries. Open 29 

defecation shows the reverse gradient (8% [1–29%] to <1% [0–1%]). Fragile, low-income sub-30 

Saharan African settings had the poorest sanitation outcomes, highest uncertainties and greatest 31 

data gaps. Our work illustrates a transparent approach to filling data gaps, provides clear 32 

indications of uncertainties and highlights the vulnerability of low-income and crisis-affected 33 

populations. 34 

 35 

 36 

37 



Filling subnational sanitation data gaps in low- and middle-income countries 

 

 

3 

Introduction 38 

Access to safe sanitation services is a human right and essential for public health, yet progress 39 

towards global sanitation targets has been lagging (1). United Nations’ (UN) member states have 40 

committed to achieving adequate and equitable sanitation and hygiene for all and ending open 41 

defecation by 2030 as reflected in Sustainable Development target 6.2 (2). Insufficient 42 

investment, underutilisation of available financial resources, and persistent inequalities in public 43 

spending contribute to many UN member states being off track (3). In 2024, it was estimated that 44 

almost 1.5 billion people still lacked access to basic sanitation, including 354 million who practiced 45 

open defecation (1). To achieve universal access to basic sanitation services for all by 2030, a 46 

threefold increase in the speed of progress from 2024 would be needed compared to the progress 47 

observed between 2015-2024.  48 

Over the past decades, geographic targeting has been increasingly applied to enhance 49 

the efficiency of development programmes by directing resources to areas of greatest need (4, 50 

5). These approaches require spatially resolved information on development outcomes. In the 51 

sanitation sector, the lack of up-to-date, granular information on service coverage is a major 52 

bottleneck in progress monitoring and in identifying priority needs.  53 

The WHO/UNICEF Joint Monitoring Programme for Water Supply, Sanitation and Hygiene 54 

(JMP) is the custodian agency for Sustainable Development Goal (SDG) target 6.2.  As such, the 55 

JMP maintains the largest database on household sanitation services globally harmonizing 56 

nationally representative data from over 190 countries (1). Progress is tracked using a sanitation 57 

service ladder that classifies household sanitation into five ordinal service tiers: open defecation 58 

(as the lowest tier), unimproved facilities, followed by limited, basic, and safely managed 59 

sanitation services (6). In alignment with the SDG ambition to “leave no one behind”, the JMP has 60 

disaggregated data on sanitation indicators for approximately 100 low- and middle-income 61 

countries (LMICs) as of 2026 (7, 8) based on cross-sectional household surveys.  As the primary 62 

data source underpinning these estimates, such surveys are time- and resource-intensive and 63 

have limited ability to provide updated subnational estimates for several LMICs (1, 9). While JMP 64 

efforts to update and map subnational sanitation estimates continue, there remain immediate 65 

challenges with uneven data coverage at subnational levels.  66 

 Geospatial modelling offers data-driven approaches to address these gaps, and its 67 

application to water and sanitation has expanded alongside the increased availability of satellite-68 

derived data products  (10–13). Satellite-derived products capturing built-up area extent, nighttime 69 
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light intensity, population sums and environmental factors have been shown to explain substantial 70 

spatial variation in drinking water and other infrastructure outcomes (13–15). Traditional machine 71 

learning models such as random forest are increasingly applied for survey data gap filling yet face 72 

practical challenges on small datasets as they are susceptible to overfitting and may generalise 73 

poorly for out-of-sample predictions (13, 16).  74 

Recent advances in machine learning include deep learning models pre-trained on large 75 

amounts of synthetic data that can be applied to new prediction tasks with limited labelled data. 76 

Tabular Prior-Fitted Networks (TabPFN) are an example (17). TabPFN has demonstrated a 77 

stronger predictive performance when using datasets of up to 10,000 samples and 500 predictors 78 

in benchmarks compared to traditional machine learning approaches (17). A further advantage is 79 

that the probabilistic outputs from TabPFN enable direct quantification of prediction intervals, 80 

allowing estimates to be accompanied by maps that reflect the spatial distribution of model 81 

uncertainties. 82 

In this study, we predict subnational sanitation coverage at administrative level 1 across 83 

130 LMICs using sanitation service definitions from the JMP service ladder framework (6). We 84 

model the proportion of the population using at least basic sanitation services, defined as use of 85 

improved facilities not shared with other households, and the proportion practicing open 86 

defecation, which involves disposal of human faeces in open spaces such as fields, forests, or 87 

open bodies of water (6). We focus on these outcomes because they represent key milestones 88 

in achieving SDG target 6.2 and can be reliably measured from household survey data. We 89 

combine data from the most recent Demographic and Health Surveys (DHS) and Multiple 90 

Indicator Cluster Surveys (MICS) gathered between 2015 and 2024 from 1.8 million households 91 

across 1205 administrative areas and 89 countries (Fig. 1, Data S1) with geospatial covariates 92 

representing environmental and socio-economic conditions at national and subnational levels 93 

(Tables S1 and S2, Data S2). We compare TabPFN and traditional random forest models on their 94 

ability to extrapolate to countries outside the training sample using spatial cross-validation and 95 

select the best-performing model to predict subnational sanitation coverage in 2024 and map 96 

uncertainties. We further discuss the challenges of extending this approach to safely managed 97 

sanitation services and outline priorities for future data collection and modelling efforts. As such, 98 

we aim to provide a transparent, uncertainty-aware approach to filling subnational sanitation data 99 

gaps. 100 
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 101 

Figure 1. Subnational survey estimates of sanitation outcomes used for modelling (Data 102 

S1). Estimates are from Demographic and Health Surveys (DHS) and Multiple Indicator Cluster 103 

Surveys (MICS) across 88 countries for basic sanitation (a) and 89 countries for open 104 

defecation (b) gathered between 2015 and 2024. Values of subnational estimates represent the 105 

observed proportion of the population using at least basic sanitation (a) and practising open 106 

defecation (b). Dark grey areas represent low- and middle-income areas not included in the 107 

survey data; hatched areas were not classified as low- and middle-income in the calendar year 108 

of 2024 (18) . 109 

  110 

 111 

 112 

 113 
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Results 114 

Spatial variation of subnational sanitation predictions   115 

TabPFN model predictions of populations using at least basic sanitation services and practicing 116 

open defecation across 2,310 admin-1 units in 130 LMICs varied substantially within and between 117 

SDG regions, as well as across income groups and fragility status (Fig. 2a, 2c, Data S2).  118 

The lowest basic sanitation coverage rates, highest open defecation rates and greatest 119 

within-region variability were predicted in sub-Saharan Africa and Oceania (Fig. 3a, 4a). Median 120 

predictions of at least basic sanitation ranged from 39% in sub-Saharan Africa (n=662 admin-1 121 

units, absolute range of admin-1 values =7 – 97%) and 49% in Oceania (n=74, range=21–97%) 122 

to 97% in Europe and Northern America (n=223, range=86–99%). Median predictions from all 123 

other SDG regions lay between 89% and 95%, spanning 1,351 admin-1 units with individual 124 

predictions ranging from 36–99% (Fig. 2, Fig. 3). The highest median open defecation rates were 125 

8% in sub-Saharan Africa (n=662, range=0–73%) and 1% in Oceania (n=74, range=0–46%), with 126 

near-zero median predictions in Northern Africa, Western Asia, Europe, and Northern America 127 

(Fig. 2, Fig. 4). These predictions were derived from the best-performing TabPFN models, which 128 

in leave-one-country-out cross-validation captured 78% and 55% of the subnational variation in 129 

basic sanitation and open defecation, respectively (Table 1). 130 
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  131 

 132 

 133 

Figure 2. Maps of median prediction values for basic sanitation (a) and open defecation (c) and 134 

the corresponding 90% prediction interval width in percentage points (p.p.) (b, d) across 2,310 135 

admin-1 units and 130 low- and middle-income countries (LMICs) for 2024 based on the best-136 

performing Tabular Prior-Fitted Networks (TabPFN) model (Data S2).  137 

 138 

Low-income countries and countries categorised as fragile or extremely fragile by the 139 

Organisation for Economic Cooperation and Development (OECD) in 2022, as provided in the 140 

WHO/UNICEF JMP 2025 world dataset (7, 19) showed the lowest prediction values for 141 

populations using at least basic sanitation services and highest predictions of populations 142 

practicing open defecation (Fig. 3a, Fig. 4a). Median basic sanitation coverage increased from 143 

36% in low-income countries (n=406 regions, range=7–97%) to 78% in lower-middle-income 144 

(n=812, range=14–99%) and 94% in upper-middle-income countries (n=1,092, range=46–99%), 145 

with a corresponding decline in open defecation prevalence from 8% (range=0–73%) in low-146 

income countries to 3% (range=0–67%) in lower-middle-income and less than 1% (range=0–11%) 147 
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in upper-middle-income countries. Fragile or extremely fragile contexts had substantially lower 148 

basic sanitation coverage (median=48%, range=7–99%) and higher open defecation prevalence 149 

(median=7%, range=0–73%) compared to other contexts (basic sanitation: median=93%, 150 

range=16–99%; open defecation: median < 1%, range=0–59%). The model outputs also 151 

suggested greater subnational variability in low- and lower-middle-income countries and fragile 152 

settings compared to upper-middle-income and non-fragile contexts (Fig. 3a, Fig. 4a).  153 

 154 

  Figure 3. The distribution of (a) predictions of subnational populations using at least basic 155 

sanitation in admin-1 units (n=2,310, left) and (b) the width of corresponding 90% prediction 156 

intervals, in percentage points (p.p., right) across SDG regions, income groups and fragility 157 

status. 158 
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 159 

Figure 4. The distribution of (a) predictions of subnational populations practicing open 160 

defecation in admin-1 units (n=2,310, left) and (b) the width of corresponding 90% prediction 161 

intervals, in percentage points (p.p., right) across SDG regions, income groups and fragility 162 

status. 163 

 164 

At the country level, the lowest predicted use of at least basic sanitation was in the Central 165 

African Republic, South Sudan, Chad, Guinea-Bissau and Madagascar, and the highest predicted 166 

open defecation in Niger, Chad, South Sudan, Togo and Benin (Fig. S1, Data S3). All of these 167 

are OECD-classified fragile settings, and all but Benin (lower-middle-income) are low-income 168 

countries. Where these countries had survey data, the raw estimates gathered between 2015 and 169 

2024 confirmed their ranking (Data S1).  170 

Subnational predictions revealed pronounced within-country inequalities in sanitation 171 

service use, especially in sub-Saharan Africa, echoing the patterns in the raw survey estimates 172 

(Fig. 1, Data S1) but at a smaller magnitude. Intraclass correlation coefficients (ICC) of raw survey 173 

data indicated that, although between-country variation exceeded within-country variation, 174 
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subnational differences remained substantial (ICC = 0.87 for basic sanitation, 0.61 for open 175 

defecation; median within-country range 32 percentage points for basic sanitation and 13 176 

percentage points for open defecation). Predicted within-country range was greatest in Nigeria, 177 

Yemen, Tanzania, Mozambique and Malawi for basic sanitation, and in Niger, Chad, Benin, 178 

Angola and Madagascar for open defecation (Fig. S1, Data S3). Within country variability may be 179 

considerably influenced by the number of subdivisions within the country. 180 

 181 

Model performance  182 

The best-performing TabPFN models used 45 environmental and socio-economic predictors for 183 

basic sanitation and 90 for open defecation, capturing 78% (mean absolute error (MAE) = 0.08) 184 

and 55% (MAE=0.07) of the subnational spatial variation in basic sanitation and open defecation, 185 

respectively, based on leave-one-country-out cross-validation (Tables 1, S1 and S2, Fig. S2, S3). 186 

Model performance did not meaningfully decrease by adding additional predictors beyond 45 and 187 

90, showing robustness to the inclusion of redundant features (Fig. S2).  188 

TabPFN models performed as well as or better than the Distributed Random Forest 189 

models with moderate to large predictor subsets (30-100 predictors) (Fig. S2) (20). Model 190 

performance with small subsets of predictors (5-20 predictors) resulted in substantially lower 191 

performance and higher cross-fold variability for both models. The largest TabPFN versus random 192 

forest performance gains were observed for open defecation (coefficient of determination (R²) = 193 

0.55 vs. 0.45).  194 

While residuals of median prediction values of the basic sanitation model were distributed 195 

evenly and remained close to zero, residuals of open defecation pointed towards a tendency to 196 

underestimate prevalence in areas where high rates of open defecation were reported (Fig. S4). 197 

For basic sanitation, the 90% prediction intervals were well calibrated and contained the observed 198 

survey-based estimate in 89% of cases. For open defecation, intervals were moderately 199 

overconfident, capturing the observed value in 82% of cases (Fig. S5). There is evidence that 200 

responses to household-level survey questions may underestimate the extent of open defecation 201 

in LMICs, which may partly explain lower model performance and potential underestimation of 202 

this outcome (21, 22).  203 

 To understand how the 2024 predictions differed from the original survey estimates 204 

gathered between 2015 and 2024, we compared the two at overlapping subnational areas (Fig. 205 

S6, Data S4). Survey and prediction-unit boundaries were closely aligned (median intersection-206 

over-union, IoU = 0.96). Agreement between survey derived estimates and predictions was high 207 
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but decreased with survey age: MAE rose from 0.04 and 0.03 at recent surveys (2022–2024) to 208 

0.10 and 0.05 at the oldest (2015–2018), for basic sanitation and open defecation respectively. 209 

Observed discrepancies were directional, with predicted basic sanitation in 2024 generally greater 210 

than observed values from earlier years, consistent with expected improvements in services since 211 

data collection. For open defecation, predictions were generally lower than observed, partly 212 

reflecting potential declines in open defecation since older surveys. However, a gap persisted 213 

even at recent surveys, indicating the model's underestimation of reported high open-defecation 214 

prevalence. Both basic sanitation and open defecation predictions mirrored which countries had 215 

the greatest within-country inequality but systematically underestimated the magnitude of within-216 

country ranges (Fig. S7, Data S4).  217 

At the country level, the raw survey estimates (2015–2024) confirmed the predicted 218 

rankings where data were available: the countries predicted to have the lowest basic sanitation 219 

and the highest open defecation were the same in the observed surveys (Data S1). Two surveyed 220 

countries were exceptions, with observed conditions more severe than predictions: Sierra Leone 221 

for basic sanitation (surveyed 2019) and Burkina Faso for open defecation (surveyed 2021), 222 

where median survey estimates were 12–13 percentage points worse than predictions across 223 

their admin-1 units. Trend analysis of historic survey data in Burkina Faso shows declines in open 224 

defecation of approximately 1.6 percentage points per year between 2003 and 2010 and 2.4 225 

between 2010 and 2021 (23). These trends suggest that genuine progress since data collection 226 

may account for a substantial part of this discrepancy with the rest potentially due to residual 227 

model underestimation. More recent data would be required to confirm this balance.  228 

 229 

 230 

 231 

 232 

 233 

 234 

 235 

 236 

 237 
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Table 1 Leave-one-country-out cross-validation model performance metrics using the final 238 

feature set, selected based on the best model performance using a spatially stratified cross-239 

validation approach 240 

Outcome Model 
Observations 

(admin-1 units) 
Countries Predictors (n) 

Mean absolute 

error (MAE) 

Coefficient of 

determination (R2) 

Basic 

sanitation 

Random 

Forest 
1168 88 45 0.09 0.78 

Basic 

sanitation 
TabPFN 1168 88 45 0.08 0.78 

Open 

defecation 

Random 

Forest 
1205 89 90 0.08 0.45 

Open 

defecation 
TabPFN 1205 89 90 0.07 0.55 

 241 

 242 

Predictors and prediction uncertainty 243 

Analysis of predictor importance, based on each predictor's mean absolute SHapley Additive 244 

exPlanation (SHAP) value, revealed complementary contributions from national and subnational 245 

covariates (Data S5). Aggregated by spatial scale, national predictors accounted for 54% (n=5) of 246 

the total predictor importance for basic sanitation and 41% (n=13) for open defecation, with the 247 

remaining contributions from subnational covariates (46% [n=40] for basic sanitation and 59% 248 

[n=77] for open defecation). National sanitation estimates were the single most important 249 

predictor group (50% for basic sanitation, 31% for open defecation), dominated by the national 250 

JMP sanitation estimates for 2024 (38% and 25%, respectively) and supported by additional 251 

national wastewater indicators (Fig. S8, Data S5). National JMP sanitation estimates are 252 

themselves derived by the JMP by fitting linear time trends to nationally representative household 253 

surveys and censuses, separately for urban and rural populations, and projecting to the target 254 

year (6). The model’s subnational spatial structure predominantly came from indicators of human 255 

presence (20% of total predictor importance for basic sanitation and 24% for open defecation), 256 

terrain and vegetation (11% and 14%), climate (8% and 11%) and hydrology and soil (5% and 257 

7%). The remaining importance was distributed across national socio-economic and governance 258 

factors, including GDP, education and governance quality (4% and 11%) and subnational region 259 

size (2% and 3%). 260 
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 261 

For both basic sanitation and open defecation, prediction uncertainty (90% prediction-interval (PI) 262 

width) was greatest in low-income and fragile sub-Saharan African settings (Fig. 2-4). In contrast, 263 

the proportion of admin-1 units with the highest certainty predictions (90% PI width below 25 264 

percentage points) were in Europe and Northern America (including 76% of admin-1 units for 265 

basic sanitation and 100% for open defecation), Eastern and South-Eastern Asia (64% and 87%) 266 

and Northern Africa and Western Asia (59% and 93%) (Fig. S9, Fig S10). Uncertainty was highest 267 

at intermediate predicted coverage for basic sanitation (Fig. 5a) and generally greater where 268 

recent subnational survey data (2015–2024) or a 2024 national JMP estimate were absent (Fig. 269 

5c–h). For open defecation uncertainty generally increased with predicted prevalence (Fig. 5b). 270 

However open defecation prevalence rarely exceeded 75 percentage points across admin-1 units, 271 

so the relationship at higher prevalence levels could not be characterised. Among the ten 272 

countries with the most uncertain predictions (median PI width = 59–83%) the majority lacked 273 

recent subnational survey data and/or 2024 national JMP estimates (Fig. S1). We identified four 274 

priority countries for data collection where subnational survey data and JMP national estimates 275 

are lacking and high prediction uncertainties and population numbers coincide: the Republic of 276 

Congo, Eritrea, Nicaragua and North Korea, all of which are classified by the OECD as fragile 277 

settings (Fig. S11).  278 

 279 
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 280 

Figure 5. Predictive uncertainty in relation to predicted sanitation outcomes and data availability 281 

across admin-1 districts. The x-axis of a, b shows the median prediction of (a) at least basic 282 

sanitation coverage or (b) open defecation rate, and the y-axis the width of the 90% prediction 283 

interval (percentage points) with each point representing a subnational region. Figures c-h show 284 

the distribution of the prediction interval width by survey data (c,d) and JMP estimate (e,f) and 285 
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combined survey data and/or JMP estimate availability for basic sanitation (left, green) and 286 

open defecation (right, orange) across admin-1 districts (g,h). 287 

 288 

Discussion   289 

We applied a transformer-based deep learning model (TabPFN), leveraging household survey 290 

and geospatial data from 89 countries to predict basic sanitation use and open defecation at 291 

subnational level across 130 LMICs in 2024 (17). TabPFN matched or outperformed conventional 292 

random-forest models, capturing 78% of the subnational variation of basic sanitation and 55% 293 

open defecation using leave-one-country-out cross-validation. Median basic sanitation coverage 294 

predictions ranged from 36% (90% PI=17–56%) in low-income to 94% (PI=76–99%) in upper-295 

middle-income countries with the lowest coverage in fragile, sub-Saharan African settings. Open 296 

defecation rates showed the reverse gradient, ranging from 8% (PI=1–29%) in low-income to less 297 

than 1% (PI=0–1%) in upper-middle-income countries. Pronounced sanitation service inequalities 298 

persisted within countries, particularly in sub-Saharan Africa. Estimated prediction intervals 299 

helped identify pockets of uncertainty where future on-the-ground data collection is needed (Fig. 300 

S9-S11). Here, we discuss (i) the practical and policy value of granular, harmonized subnational 301 

sanitation coverage estimates; (ii) modelling approaches, uncertainties and limitations; and (iii) 302 

recommendations for future work addressing higher sanitation service levels.   303 

  Gaps in granular data coverage remain a fundamental barrier in the definition of sanitation 304 

improvement strategies and priorities. Despite a long-standing recognition of the usefulness of 305 

geographic targeting in development programs (5) water and sanitation data gaps remain 306 

substantial at subnational levels. Our subnational basic sanitation predictions for 2024 show 307 

similar spatial trends to subnational estimates of improved sanitation access in 2017, with the 308 

lowest coverage in the sub-Saharan African region (24).  The persistence of the lowest sanitation 309 

coverage in sub-Saharan Africa across both periods indicates slow progress in reducing 310 

inequalities consistent with the JMP progress report from 2024 (1). Many of the areas most 311 

affected in our study were identified in low-income countries for which the JMP has estimated that 312 

as of 2024, an 18-fold increase in rates of progress in basic sanitation would be needed, on 313 

average, to achieve universal access by 2030 (1). Inadequate sanitation and open defecation 314 

remain important drivers of diarrhoeal disease, enteric infection and child stunting and mortality 315 

(25), burdens concentrated in the same low-income and fragile settings our estimates flag as 316 

furthest behind. Critically, low-income, fragile and sub-Saharan African settings that are furthest 317 
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from SDG target 6.2 are also where subnational surveys and national JMP estimates can be 318 

absent, contributing to high prediction uncertainties. By putting predictions and their uncertainties 319 

for these countries on the map, our results highlight areas where service and data needs are the 320 

greatest.   321 

Modelling sanitation coverage across LMICs is inherently constrained by sparse and 322 

heterogeneous training data, conditions under which TabPFN demonstrates advantages over 323 

traditional machine learning approaches such as random forests (17). TabPFN leverages meta-324 

learning across synthetic datasets making it less susceptible to overfitting than other traditional 325 

tree-based machine learning models. It is also better suited to analyses in which data are limited 326 

and heterogeneous because of its flexibility with complex covariate structures and native missing 327 

value imputations. SHAP contributions showed that our models relied heavily on national JMP 328 

estimates, using subnational covariates such as night-time lights and population density to add 329 

finer spatial structure. This anchoring keeps predictions coherent with national monitoring but 330 

means they are limited by the availability and are less certain where a 2024 JMP value is 331 

unavailable. Out-of-sample validation methods, such as leave-one-country-out cross-validation, 332 

are therefore important to assess how well predictions generalise to data-sparse areas (26).  333 

The opportunities which subnational and higher resolution geospatial and machine 334 

learning provide can come at a cost of increased uncertainty compared to national estimates (27, 335 

28). Methods to leverage Earth Observation have only recently matured, making it possible to 336 

map SDG targets at subnational level across the globe (15). However, communication of the 337 

trade-offs and spatial uncertainties is critical (29). A key methodological advantage of using 338 

TabPFN (14) is that it produces distributions of predicted outcomes rather than single point 339 

predictions. This enables the generation of prediction intervals which can be mapped across 340 

regions and subgroups. Comparing predicted with observed within-country ranges over the same 341 

surveyed regions, the model reflected which countries were most internally unequal but 342 

compressed the magnitude of local differences, especially when surveys were already several 343 

years old (Fig. S7). This compression is consistent with a common challenge in poverty mapping 344 

using machine learning. Spatial heterogeneity in the relationship between observable geospatial 345 

characteristics and socioeconomic conditions can limit models' ability to distinguish local 346 

socioeconomic variation (30, 31). Machine learning applications have been shown to 347 

overestimate welfare in poorer rural areas and underestimate it in wealthier urban areas (31). Our 348 
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maps therefore may understate the sharpest within-country inequalities and should complement 349 

rather than replace local existing data when targeting the worst-served areas.  350 

Aligning definitions of geospatial modelling outcomes with SDG target indicators can help 351 

inform sanitation improvement strategies (19, 27). Additional research is needed to develop 352 

subnational predictions that support the SDG 6 vision of universal access to adequate and 353 

equitable sanitation services, requiring higher levels of services. A specific challenge of estimating 354 

safely managed sanitation use is the need to combine information from multiple sources covering 355 

the entire sanitation service chain, from user to treatment or disposal (32, 33). Household-level 356 

data can only be used to assess the first elements of the service chain, while volumes of 357 

wastewater collected and treated are typically measured or estimated at system-level (34). Future 358 

research could explore the application of geospatial machine learning approaches as presented 359 

herein to predict the first few elements of the sanitation chain (user interface, containment, 360 

emptying), and combine it with modelling approaches to downscale existing estimates of 361 

wastewater collection and treatment (35). However, relying on the current global indicator 362 

definition of safely managed sanitation may lead to overestimating the proportion of safe 363 

sanitation systems. This is because global indicators exclude several public-health-relevant 364 

dimensions of on-site sanitation safety, such as groundwater contamination, and unsafe or 365 

overdue emptying (36). Integrating a more comprehensive set of indicators into global monitoring 366 

would help identify sanitation-related health risks but would introduce further data challenges.  367 

Our study has several limitations. First, there are intrinsic limitations to household survey 368 

data, such as underreporting of unsafe practices like open defecation (37) which could affect the 369 

reliability of our estimates as well as JMP sanitation estimates. Second, data driven methods like 370 

TabPFN make a conceptual interpretation challenging. Performance-based interpretation 371 

methods such as SHAP-values offer only an approximation of variable relevance based on 372 

predictive relationships, limiting our ability to draw causal conclusions about the specific drivers 373 

of sanitation access. Third, due to limited data, we were not able to separate an independent test 374 

set for 2024 which suitably represented the characteristics across LMICs without losing valuable 375 

data for model training. Separating a substantial amount of data from the training data set to 376 

validate final model performance is best practice in machine learning contexts when large 377 

amounts of data are available. We use leave-one-country-out cross-validation as well as a 378 

stratified regional cross-validation sampling approach to approximate this and evaluate the 379 

performance of models on out-of-sample areas which provides a robust alternative for spatial 380 

validation in this data-scarce context. Temporal out-of-sample validation for 2024 would be 381 
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valuable to conduct when more surveys for this time period become available. Fourth, our study 382 

is limited to predictions of household use of sanitation services at admin-1 and does not capture 383 

inequalities in data coverage and service access below this scale. While our results enable the 384 

detection of geographic disparities in household sanitation use between policy relevant 385 

administrative areas within countries, they do not capture inequalities at a smaller spatial scale 386 

(12) nor do they disaggregate estimates for different population groups (e.g., for example by 387 

gender, wealth, disability, ethnicity). As limited sample sizes and cluster densities would likely 388 

increase uncertainties, future work leveraging existing georeferenced survey microdata for finer 389 

scale predictions should be accompanied by uncertainty quantifications at the scale they are to 390 

be used (38) . 391 

Enabling the well-informed prioritization and efficient targeting of investments in data 392 

collection and sanitation service improvements is essential in a context of drastic sectoral funding 393 

cuts and increasing needs (39). Our work illustrates a transparent approach to filling data gaps, 394 

provides clear indications of uncertainties and highlights the vulnerability of low-income and crisis-395 

affected populations. While further research is needed to address higher levels of sanitation 396 

service and more granular spatial resolutions, the open-access dataset and code provided here 397 

offer a resource for the evidence-based prioritization of data collection and sanitation 398 

improvements.  399 

 400 

Methods 401 

Sanitation service data and outcome definitions  402 

Variables on sanitation service were derived from nationally representative DHS and MICS 403 

surveys which were obtained from the official program websites (40, 41). We selected the most 404 

recent DHS and MICS surveys gathered between 2015 and 2024 per country. The geographic 405 

scope of our analysis included all LMICs based on the World Bank’s income classifications for 406 

the calendar year 2024, as well as Ethiopia for which the income group from 2023 was used (18). 407 

Countries were further categorised as fragile or extremely fragile following the OECD fragility 408 

framework, which identifies contexts facing high economic, environmental, political, security, 409 

societal and human risks, and where capacities are insufficient to cope with, manage or absorb 410 

those risks (19). 411 

Survey responses on sanitation facility types were extracted and harmonized across DHS 412 

(phase 7-9) and MICS surveys (round 6-7) consistent with JMP classifications of improved, 413 
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unimproved and open defecation (6). Basic sanitation was defined as the use of an improved 414 

sanitation facility which is not shared with other households according to the JMP service ladder 415 

definition.  416 

MICS and DHS surveys are designed to be representative of populations at the national 417 

and regional level (i.e.: departments, states) using a two-stage sampling approach (42, 43). In the 418 

first stage primary sampling units (PSU), usually census enumeration areas, are selected with 419 

probability proportional to their size, ensuring that the sample reflects the distribution of the 420 

population within a geographic area. In the second step a fixed number of households are 421 

randomly selected within each PSU. Because households are selected with unequal probabilities 422 

across areas, sampling weights are applied to each household to correct for varying response 423 

rates and differences in selection probability during the first sampling stage, ensuring estimates 424 

are representative of the target population. We calculated the proportion of the subnational 425 

population using basic sanitation services and the proportion practising open defecation by 426 

weighting each household's indicator value by its survey household weight and the number of 427 

household members. The number of PSUs per subnational region was extracted as a measure 428 

of survey precision and applied as an observation weight during model training and evaluation, 429 

giving greater influence to regions with more robust survey coverage. 430 

To characterise how sanitation outcomes varied within compared with between countries, 431 

we fitted, for each outcome, an intercept-only linear mixed model to the subnational survey 432 

estimates, with a random intercept for country and observations weighted by PSU survey weights 433 

(lme4 R package). The intraclass correlation coefficient (ICC) was computed as the proportion of 434 

total variance attributable to between-country differences: 435 

ICC =
!!
2

!!
2 + !#

2
	(equation 1)	437 

 436 

where !$
%
	is the between-country (random-intercept) variance and !&

% the within-country (residual) 438 

variance; values near 1 indicate that variation lies predominantly between countries, and lower 439 

values indicate greater subnational variation. We additionally summarised within-country spread 440 

as the range (maximum − minimum) of admin-1 estimates within each country. 441 

 442 

Linking household surveys to geographic boundaries 443 

To obtain geospatial covariates at subnational level the corresponding geographic boundary was 444 

required for each survey region. When available, official DHS and MICS survey boundaries were 445 
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downloaded as shapefiles from the program websites for the included surveys (40, 41). For MICS 446 

surveys, in cases where no official shapefiles were available, survey region names were matched 447 

to administrative boundaries from the Global Administrative Areas database (GADM) version 3.6 448 

using exact name matching (44). Survey regions that could not be linked to GADM region names 449 

by exact matching were submitted to fuzzy string matching using the Jaro–Winkler distance metric 450 

in the fuzzyjoin R package (v.0.1.8) (45), applied within country at each GADM level 451 

independently and manually reviewed. In cases where survey names could not be matched to 452 

existing GADM boundaries, custom boundaries were defined in Google Earth Engine (46) by 453 

merging relevant GADM sub-areas into a single geometry. For the MICS surveys in Nepal (2024) 454 

and Kazakhstan (2024), GADM boundaries were outdated and updated subnational 455 

administrative boundary files were downloaded from the Humanitarian Data Exchange (47, 48). 456 

 457 

Geospatial covariate sampling 458 

Static and dynamic geospatial covariates were sampled for each survey region using Google 459 

Earth Engine. Static covariates were sampled using long-term average conditions. Dynamic 460 

covariates were sampled using the respective survey year (either as defined in the DHS and 461 

MICS shapefiles or the year of survey data collection start). For each survey region, the spatial 462 

mean of each covariate was extracted within the survey boundary using zonal statistics. 463 

Population totals were additionally extracted as spatial sums for WorldPop and GHSL population 464 

layers. In total 87 raster datasets were sampled, spanning a range of environmental and human/ 465 

socio-economic covariates (Table S1). 466 

  In addition, 13 country-level covariates including Gross Domestic Product (GDP) per 467 

capita, secondary education duration (49), Worldwide Governance Indicators (50, 51) and 468 

national basic sanitation coverage and open defecation prevalence from the JMP 2024 global 469 

dataset (7) were matched by country and survey year (Table S2). Wastewater collection, 470 

treatment, and reuse percentages were sourced from a global wastewater dataset and matched 471 

by country (35). To generate the 2024 predictions, the same static and dynamic covariates were 472 

sampled over the GADM (v3.6) admin-1 boundaries of all 130 LMICs for the 2024 prediction year 473 

using the identical zonal-statistics procedure, and the corresponding country-level covariates 474 

were matched by country. 475 

  476 

 477 
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Feature selection with hierarchical clustering 478 

We applied hierarchical clustering to reduce redundancy amongst pre-selected predictors, also 479 

referred to as features, on the full set of 100 pre-selected covariates computed across all admin-480 

1 units of 130 LMICs, using the ClustOfVar package in R (52). Dendrograms were cut at k = 5, 481 

10, 15, 20, 30, 45, and 90 clusters. For each number of clusters, the variable with the highest 482 

squared correlation with the first principal component of the variables within that cluster was 483 

automatically selected as the cluster representative. The seven subsets of 5 to 90 features, as 484 

well as the full set of 100 variables, were evaluated by stratified cross-validation model metrics 485 

(see below) and the feature set with the best predictive performance was selected to generate 486 

predictions of subnational sanitation coverage.  487 

 488 

Modelling approach 489 

We compared the performance of Distributed Random Forest models, a traditional machine 490 

learning approach previously applied to similar prediction tasks within the WASH domain (14, 20), 491 

to that of TabPFN-3 (53). Both models were applied to identical training datasets and evaluated 492 

using the same cross-validation framework, which consisted of two main steps: (i) a spatially 493 

stratified cross-validation for feature set selection and (ii) a leave-one-country-out cross-validation 494 

(LOCO-CV) for final model performance evaluation using the selected feature set.  495 

 For the spatially stratified cross-validation, the training data were split into five samples, 496 

also referred to as folds, each representing approximately 20% of the training data which are 497 

removed (i.e.: held out) during training and then used for validation. Folds were constructed using 498 

the proportion of admin-1 units per SDG region observed across the full prediction space of 130 499 

LMICs as a sampling target (Fig. S12, S13). For each iteration, one-fold was held out, and 500 

countries were drawn from the remaining training data without replacement until the held-out fold 501 

matched this regional distribution across LMICs. The resulting income group distribution across 502 

folds was assessed as a diagnostic. The final feature sets were selected based on the R² and 503 

MAE computed for each fold and averaged across the five folds (equations 2 and 3). 504 

Model performance was evaluated with PSU-weighted cross-validation metrics, namely 505 

the coefficient of determination (%%) and mean absolute error (MAE) defined as:  506 

%
%
= 1 −

∑ (!! (*!+,"- )
#

∑ (!! (*!+*̅$)
#
 (equation 2) 507 
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MAE =
∑ "!|$!%&"

' |!

∑ "!!

  (equation 3) 508 

where *( is the PSU weight for region +, (0 the observed value, )1*  the predicted value and 509 

(̅(is the PSU-weighted mean of observed values across the held-out set. %% describes the 510 

proportion of variance in the observed values that is explained by the model. It is upper-bounded 511 

by 1 which represents a perfect fit; negative values indicate a fit worse than the weighted mean 512 

of the held-out observations. The MAE describes the average absolute difference between 513 

predicted and observed values. It is bounded below by 0, which represents perfect prediction, 514 

with smaller values indicating closer agreement. 515 

Final model performance was evaluated using LOCO-CV, in which all admin-1 units from 516 

one country were withheld and predicted from a model trained on all remaining countries. This 517 

was repeated for each country in the training set. Final model performance was summarised using 518 

PSU-weighted %% and MAE (as defined in equations 2 and 3) and calculated once over all out-of-519 

fold predictions.  520 

The main difference between the random forest and TabPFN implementations was the 521 

treatment of PSU-based observation weights: For the random forest, PSU weights were applied 522 

both during model training and when computing cross-validation metrics. For TabPFN, PSU 523 

weights were applied only at the evaluation stage as the model version used did not support the 524 

integration of observation weights. 525 

TabPFN models were selected as the final model based on the best model performance 526 

and were used to predict basic sanitation and open defecation outcomes across 130 low- and 527 

middle-income countries at admin level 1. 528 

  529 

Uncertainty and model diagnostics 530 

Prediction uncertainty was quantified using TabPFN's probabilistic outputs and quantile levels 531 

0.05, 0.10, 0.25, 0.50, 0.75, 0.90, and 0.95 were reported. Based on these the 90% prediction 532 

interval (PI; q0.05–q0.95) and 80% PI (q0.10–q0.90) were calculated and used to plot and map 533 

prediction uncertainties. Model calibration was assessed by comparing predicted quantile levels 534 

to the observed proportion of admin-1 regions for which sanitation estimates fell below each 535 

predicted quantile. Priority countries for data collection were identified as those lacking both a 536 

recent (2015–2024) subnational survey and a 2024 JMP estimate, and falling above the median 537 

on both prediction uncertainty (median 90% PI width) and total population (WorldPop 2024) (Fig. 538 

S9). 539 
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To assess how the 2024 predictions related to the underlying survey data, we compared 540 

them with the observed subnational estimates from survey data gathered between 2015 and 2024 541 

at overlapping areas. For each surveyed admin-1 region, the prediction was aggregated to the 542 

survey region's footprint as an area-weighted mean of the overlapping GADM prediction units, 543 

computed in an equal-area projection (Equal Earth, EPSG:8857 ). Boundary concordance 544 

between each survey region and its overlapping prediction unit(s) was quantified as the 545 

intersection-over-union (IoU) defined as:  546 

,-. =
23&2(4∩6)

23&2(4∪6)
=

23&2(4∩6)

23&2(4)	9	23&2(6)+23&2(4∩6)
 (equation 4) 547 

where S is the survey-region polygon and G the overlapping prediction-unit polygon, with areas 548 

computed in an equal-area projection (Equal Earth, EPSG:8857). IoU ranges from 0 (no overlap) 549 

to 1 (coincident boundaries). Agreement was summarised by the mean absolute error, overall 550 

and stratified by survey year (Fig. S6, Data S4). To evaluate how well predictions captured within-551 

country inequality, we compared, for each country with ≥3 surveyed regions, the within-country 552 

range (maximum − minimum) of observed estimates with that of predictions over the same regions 553 

(Fig. S7). 554 

 555 

Feature importance 556 

We quantified predictor importance using SHapley Additive exPlanations (SHAP) values, 557 

which measure the extent to which each predictor moves an individual prediction above or below 558 

the average prediction (54). We used the model-agnostic permutation estimator 559 

(PermutationExplainer, shap v0.49) refitting each final model on all training observations with 560 

normalised PSU survey weights. SHAP values were estimated for 250 randomly sampled 561 

subnational units, three permutation rounds per unit and five background reference observations. 562 

We summarised each predictor's importance as the mean absolute SHAP value across units, 563 

expressed as a percentage of the total across all predictors, and aggregated these into thematic 564 

categories and by spatial level (country versus subnational) (Tables S1 and S2).  565 

 566 

Use of AI tools 567 

Claude Opus 4.8 (Anthropic), accessed via the Claude Code command-line interface, was used 568 

to assist with developing code for data cleaning, modelling and visualizing results. It was also 569 

used to assist authors in checking numbers and methods reported in the manuscript as well as 570 

improving flow and readability of the text. All AI-assisted code and outputs were reviewed and 571 

validated by the authors, who take full responsibility for the analyses and their interpretation. 572 
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Data and code availability  573 

Estimates of basic sanitation and open defecation were calculated using Multiple Indicator Cluster 574 

Survey and Demographic Health Survey data are accessible via the programs’ official websites 575 

(40, 41). Data sources of geospatial predictor variables are open access and documented and 576 

referenced in Tables S1 and S2. Geospatial boundaries are open access and can be accessed 577 

via the MICS and DHS websites as well the GADM website (44). Classifications on World Bank 578 

income groups, fragile contexts and SDG regions were accessed via the World Bank and Joint 579 

Monitoring Program websites (7, 18). All the code needed to replicate our work as well as the 580 

preprocessed geospatial data is publicly available on Github (55). 581 
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Figure S1 Subnational raw survey estimates, predictions and their uncertainty, for basic 864 

sanitation (green, left) and open defecation (orange, right). For each country, the filled 865 

dot represents the country median of admin 1 median predictions; the empty dot represents the 866 

the median of the raw survey estimates and is only present where data was available. The solid 867 

line with end-caps spans the range of district-level median predictions from minimum to 868 

maximum; and the shaded bar shows the full 90% prediction-interval, from the lowest district 869 

lower bound to the highest district upper bound. Countries are ordered by most-extreme case 870 

first within each block. 871 

 872 

 873 

 874 

Figure S2 Stratified cross-validation performance of TabPFN and random forest models by 875 

feature set size for basic sanitation (green) and open defecation (orange). Mean PSU weighted 876 

R² (±1 SD) across five repeated stratified folds is shown for candidate feature sets of k = 5 to k 877 

= 100 covariates, where each k represents the number of cluster representatives selected from 878 

the full set of 100 candidate covariates.  879 

 880 

 881 

 882 



Filling subnational sanitation data gaps in low- and middle-income countries 

 

 

33 

 883 

 884 

 885 

Figure S3 Observed versus predicted proportions (median prediction value) from TabPFN 886 

leave-one-country-out cross-validation for basic sanitation (left, blue) and open defecation (right, 887 

red). Each point represents one admin-1 region, sized proportionally to PSU weight. Vertical 888 

error bars represent the 90% prediction interval (q0.05–q0.95). The dashed line indicates 889 

perfect agreement between observed and predicted values. 890 

 891 

 892 

 893 



Filling subnational sanitation data gaps in low- and middle-income countries 

 

 

34 

 894 

Figure S4 Residuals (observed − q50) plotted against observed proportions from TabPFN 895 

leave-one-country-out cross-validation for basic sanitation (left, blue) and open defecation (right, 896 

red). Each point represents one admin-1 region, sized proportionally to PSU weight. Vertical 897 

error bars represent the spread of the 90% prediction interval expressed as residuals (q0.05 − 898 

observed to q0.95 − observed). The solid line shows the running mean of residuals and the 899 

dashed line indicates zero residual (perfect prediction). 900 
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 901 

Figure S5 Calibration diagram for TabPFN quantile predictions from leave-one-country-out 902 

cross-validation for basic sanitation (blue) and open defecation (red). The x-axis shows the 903 

quantile level and the y-axis shows the PSU-weighted proportion of admin-1 regions whose 904 

observed value fell below the predicted quantile. The dashed line indicates perfect calibration, 905 

where empirical coverage matches the nominal quantile level exactly. Points above the diagonal 906 

indicate underconfident predictions (intervals wider than necessary) and points below indicate 907 

overconfident predictions (intervals too narrow). 908 

 909 
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 910 

Figure S6 Agreement between observed subnational survey estimates (2015-2024) and model 911 

predictions (2024), for at least basic sanitation (left) and open defecation (right) (Data S4). Each 912 

point represents one surveyed admin-1 region and shows the observed survey estimate (x-axis) 913 

against the model prediction aggregated to the same survey footprint by area-weighted overlay 914 

(y-axis); the dashed line marks perfect agreement (1:1). Point colour indicates the survey year 915 

(2015–2024) and point size the boundary concordance between the survey region and the 916 

overlapping GADM prediction unit(s), measured as the intersection-over-union (IoU; larger 917 

points indicate closer boundary alignment). n, number of surveyed regions; MAE, mean 918 

absolute error (as a proportion, 0–1 scale). 919 

 920 

 921 

 922 
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 923 

Figure S7 Within-country inequality: observed (2015-2024) versus predicted (2024). For each 924 

country with at least three surveyed admin-1 regions, the within-country range of the observed 925 

survey estimates (x-axis) versus the model predictions (y-axis), computed over the same 926 

regions, for (a) at least basic sanitation and (b) open defecation (Data S4). Predictions were 927 

aggregated to each survey region's footprint as an area-weighted mean of the overlapping 928 

prediction units. Each point is one country; point colour indicates survey year and point size the 929 

mean boundary concordance (IoU) across the country's regions. The dashed line marks perfect 930 

agreement (1:1). 931 

 932 



Filling subnational sanitation data gaps in low- and middle-income countries 

 

 

38 

 933 

Figure S8 Relative importance of predictor categories for basic sanitation (k = 45) and open 934 

defecation (k = 90), as each category's share of total mean absolute Shapely explanation values 935 

(|SHAP| (%)). n = predictors per category (Table S1/S2). 936 
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 937 

 938 

Figure S9. Subnational areas where basic sanitation predictions are the most certain. Dark grey 939 

areas represent areas where the 90% prediction interval width is greater than 25 percentage 940 

points. Light grey areas represent areas outside low-and middle-income countries. 941 

 942 

 943 
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  944 

Figure S10. Subnational areas where open defecation predictions are the most certain. Dark 945 

grey areas represent areas where the 90% prediction interval width is greater than 25 946 

percentage points. Light grey areas represent areas outside low-and middle-income countries 947 

 948 
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949 

Figure S11 Priority countries for sanitation data collection. Countries lacking both a recent 950 

subnational household survey (2015–2024 training data) and a 2024 national JMP estimate, 951 

plotted by prediction uncertainty (median 90% prediction-interval width across districts) against 952 

total population (log scale WorldPop, 2024) for (a) basic sanitation and (b) open defecation. 953 

Point colour denotes fragility status (red = fragile or extremely fragile; blue = non-fragile using 954 

OECD classification). Dashed lines mark the median of each axis; countries in the shaded 955 
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upper-right quadrant, above-median uncertainty and above-median population, are the highest-956 

priority candidates for new data collection. 957 

 958 

 959 

 960 

 961 

Figure S12 Distribution of admin-1 regions by SDG region across 130 low- and middle-income 962 

regions (blue) and five cross-validation folds (grey). 963 

 964 

 965 

Figure S13 Distribution of admin-1 regions by income group across 130 low- and middle-966 

income regions (blue) and five cross-validation folds (grey).  967 

 968 

 969 
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Table S1 Overview of geospatial covariates sampled per survey region categorized into: 970 

Climate; HP (human presence); S (hydrology and soil); TC (terrain and vegetation) and region 971 

size 972 

Covariate name Description Category Unit 
Temporal 

resolution 
Source 

CGIAR_Aridity_ 

Index 

Global AI (Aridity Index) 

represents ratio 

between rainfall and 

vegetation water 

demand.  

Climate AI Value Static (56)  

CGIAR_PET Global PET (Potential 

Evapotranspiration) 
Climate 

PET Value 

(mm) 
Static (56)  

CHELSA_BIO_ 

Annual_Mean_ 

Temperature 

Bio1 =mean annual 

daily mean air 

temperatures averaged 

over 1 year 

Climate ºC * 10 Static (57)  

CHELSA_BIO_ 

Annual_ 

Precipitation 

Bio12 = Accumulated 

precipitation amount 

over 1 year 

Climate mm Static (57, 58)  

CHELSA_BIO_ 

Precipitation_ 

Seasonality 

Bio15 = The Coefficient 

of Variation is the 

standard deviation of 

the monthly 

precipitation estimates 

expressed as a 

percentage of the mean 

of those estimates (i.e. 

the annual mean) 

Climate Unitless Static (57, 58)  

CHELSA_BIO_ 

Precipitation_of_ 

Coldest_Quarter 

Average monthly 

precipitation during the 

coldest 3-month period 

of the year  

Climate kg m-2 month-1 Static (57, 58)  

CHELSA_BIO_ 

Precipitation_of_ 

Driest_Month 

Minimum monthly 

precipitation total  Climate kg m-2 month-1 Static (57, 58)  

CHELSA_BIO_ 

Precipitation_of_ 

Driest_Quarter 

Average monthly 

precipitation during the 

driest 3-month period of 

the year  

Climate kg m-2 month-1 Static (57, 58)  
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CHELSA_BIO_ 

Precipitation_of_ 

Warmest_Quarter 

Average monthly 

precipitation during the 

warmest 3-month 

period of the year  

Climate kg m-2 month-1 Static (57, 58)  

CHELSA_BIO_ 

Precipitation_of_ 

Wettest_Month 

Maximum monthly 

precipitation total  Climate kg m-2 month-1 Static (57, 58)  

CHELSA_BIO_ 

Precipitation_of_ 

Wettest_Quarter 

Average monthly 

precipitation during the 

wettest 3-month period 

of the year  

Climate kg m-2 month-1 Static (57, 58)  

CHELSA_BIO_ 

Temperature_ 

Annual_Range 

Annual temperature 

range calculated as 

bio05 − bio06; 

measures amplitude 

between warmest and 

coldest months  

Climate °C Static (57, 58)  

CHELSA_BIO_ 

Temperature_ 

Seasonality 

Temperature 

seasonality given by 

the standard deviation 

of mean monthly 

temperatures  

Climate °C/100 Static (57, 58)  

CIFOR_Tropical 

PeatlandExtent 

Tropical and subtropical 

peatland extent 
S Unitless Static (59)  

CSP_Global_ 

Human_ 

Modification 

Cumulative measure of 

human modification of 

terrestrial lands.  

HP 

0-1 

 

km2  

Static (60) 

ConsensusLand 

CoverClass_Barren 

Percentage of the pixel 

area covered by barren 

ground 

TC 
percentage  

(0-100) 
Static (61)  

ConsensusLand 

CoverClass_ 

Cultivated_and_ 

Managed_ 

Vegetation 

Percentage of the pixel 

area covered by 

cultivated and managed 

vegetation  

(i.e., agriculture) 

HP 
percentage  

(0-100) 
Static (61) 

ConsensusLand 

CoverClass_ 

Deciduous_ 

Broadleaf_Trees 

Percentage of the pixel 

area covered by 

deciduous broadleaf 

trees 

TC 
percentage  

(0-100) 
Static (61) 

ConsensusLand 

CoverClass_ 

Percentage of the pixel 

area covered by 
TC 

percentage  

(0-100) 
Static (61) 
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Evergreen_ 

Broadleaf_Trees 

evergreen broadleaf 

trees 

ConsensusLand 

CoverClass_ 

Evergreen_ 

Deciduous_Needle 

leaf_Trees 

Percentage of the pixel 

area covered by 

deciduous needleleaf 

trees 

TC 
percentage  

(0-100) 
Static (61) 

ConsensusLand 

CoverClass_ 

Herbaceous_ 

Vegetation 

Percentage of the pixel 

area covered by 

herbaceous vegetation 
TC 

percentage  

(0-100) 
Static (61) 

ConsensusLand 

CoverClass_Mixed_

Other_Trees 

Percentage of the pixel 

area covered by mixed 

other trees 

TC 
percentage  

(0-100) 
Static (61) 

ConsensusLand 

CoverClass_Open_

Water 

Percentage of the pixel 

area covered by open 

water 

S 
percentage  

(0-100) 
Static (61) 

ConsensusLand 

CoverClass_ 

Regularly_Flooded_

Vegetation 

Percentage of the pixel 

area covered by 

regularly flooded 

vegetation 

TC 
percentage  

(0-100) 
Static (61) 

ConsensusLand 

CoverClass_Shrubs 

Percentage of the pixel 

area covered by shrubs 
TC 

percentage  

(0-100) 
Static (61) 

ConsensusLand 

CoverClass_Snow_ 

Ice 

Percentage of the pixel 

area covered by 

permanent snow and 

ice 

Climate 
percentage  

(0-100) 
Static (61) 

ConsensusLand 

CoverClass_Urban_

Builtup 

Percentage of the pixel 

area covered by 

urban/built-up human 

areas 

HP 
percentage  

(0-100) 
Static (61) 

ConsensusLand 

Cover_Human_ 

Development_ 

Percentage 

 

HP 
percentage  

(0-100) 
Static (61) 

CrowtherLab_ 

Tree_Density 

Tree_Density 
TC stems per pixel Static (62) 

EarthEnvCloud 

Cover_CloudForest

Prediction 

Relative occurrence 

rate of tropical montane 

cloud forests estimated 

using an 

TC Unitless Static (63) 
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inhomogeneous point 

process model 

EarthEnvTexture_ 

CoOfVar_EVI 

Normalized dispersion 

of EVI  
TC  Unitless (>=0) Static (63) 

EarthEnvTexture_ 

Contrast_EVI 

Exponentially weighted 

difference in EVI 

between adjacent 

pixels  

TC Unitless (>=0) Static (63) 

EarthEnvTexture_ 

Correlation_EVI 

Correlation (EVI 

Heterogeneity); Linear 

dependency of EVI on 

adjacent pixels 

TC 
Unitless (>=-1; 

<=1) 
Static (63) 

EarthEnvTexture_ 

Dissimilarity_EVI 

Difference in EVI 

between adjacent 

pixels  

TC Unitless (>=0) Static (63) 

EarthEnvTexture_ 

Entropy_EVI 

Disorderliness of EVI  TC 
Unitless (>=0) Static (63) 

EarthEnvTexture_ 

Evenness_EVI 

Evenness (EVI 

Heterogeneity); 

Evenness of EVI 

TC 
Unitless (>=0; 

<=1) 
Static (63) 

EarthEnvTexture_ 

Homogeneity_EVI 

Similarity of EVI 

between adjacent 

pixels  

TC 
Unitless (>=0; 

<=1) 
Static (63) 

EarthEnvTexture_ 

Maximum_EVI 

Dominance of EVI 

combinations between 

adjacent pixels  

TC 
Unitless (>=0; 

<=1) 
Static (63) 

EarthEnvTexture_ 

Range_EVI 

Range (EVI 

Heterogeneity); Range 

of EVI 

TC 

Unitless (>=0) Static (63) 

EarthEnvTexture_ 

Shannon_Index 

Diversity of EVI  TC Unitless (>=0; 

<=ln(max # of 

different EVI)) 

Static (63) 

EarthEnvTexture_ 

Simpson_Index 

Diversity of EVI  TC Unitless (>=0; 

<=1-1/(max # of 

different EVI)) 

Static (63) 

EarthEnvTexture_ 

Std_EVI 

Dispersion of EVI  TC 
Unitless (>=0) Static (63) 

EarthEnvTexture_ 

Uniformity_EVI 

Orderliness of EVI  TC Unitless (>=0; 

<=1) 
Static (63) 
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EarthEnvTexture_ 

Variance_EVI 

Dispersion of EVI 

combinations between 

adjacent pixels  

TC 

Unitless (>=0) Static (63) 

EarthEnvTopoMed_

1stOrderPartialDeriv

EW 

1st Order Partial 

Derivative of the 

Elevation (with 

reference to the East-

West / X direction) 

TC m/m Static (64) 

EarthEnvTopoMed_

1stOrderPartialDeriv

NS 

1st Order Partial 

Derivative of the 

Elevation (with 

reference to the North-

South / Y direction) 

TC m/m Static (64) 

EarthEnvTopoMed_

Eastness 

Eastness of a slope  TC 
eastness index 

(-1 to 1) 
Static (64) 

EarthEnvTopoMed_

Elevation 

Elevation (in meters) 
TC meters Static (64) 

EarthEnvTopoMed_

Roughness 

Roughness is 

expressed as the 

largest inter-cell 

difference of a focal cell 

and its 8 surrounding 

cells  

TC 

m  Static (64) 

EarthEnvTopoMed_

Slope 

slope and terrain 

curvatures (defined as 

a measure of the 

concavity and 

convexity, or 

convergence and 

divergence  

TC 

degrees (°)  Static (64) 

EarthEnvTopoMed_

TerrainRuggedness 

Index 

Terrain Ruggedness 

Index (TRI) is the mean 

of the absolute 

differences in elevation 

between a focal cell 

and its 8 surrounding 

cells  

TC 

m  Static (64) 

EarthEnvTopoMed_

TopoPositionIndex 

Topographic Position 

Index 

TC 
m Static (64) 

EsaCci_BurntAreas

Probability 

Probability of Burnt 

Areas occurrence, 

detailed on a monthly 

frequency, based on 

HP  0-100% Static (65) 



Filling subnational sanitation data gaps in low- and middle-income countries 

 

 

48 

observations over the 

2001-2019 period. 

Proportion of likely 

burned occurrence 

mapped. 

FanEtAl_Depth_to_

Water_Table_ 

AnnualMean 

Mean annual depth of 

the water table on the 

terrestrial land surface 

(in m below land 

surface) 

S 
m below land 

surface 
Static (66) 

FanEtAl_Depth_to_

Water_Table_ 

AnnualSD 

Standard deviation of 

depth of the water table 

on the terrestrial land 

surface  

S 
m below land 

surface 
Static (66) 

GHS_Population_D

ensity 

Distribution and density 

of population, 

expressed as the 

number of people per 

cell.  

HP 
Number of 

people per cell 
Dynamic (67, 68) 

GLW3_Ruminants 

Distribution_ 

downsampled10km 

Global distribution of 

ruminants (cattle, 

buffaloes, horses, 

sheep, goats) 

HP 

Number of 

animals per 

pixel 

Static (69)  

GPWv4_Population

_Density 

Gridded Population of 

the World, Version 4 

(GPWv4): UN-Adjusted 

Population Density for 

2015 and 2020 

HP persons/km^2 Static (70)  

GiriEtAl_Mangroves

Extent 

Status and distributions 

of global mangroves  
TC 

percentage  

(0-100) 
Static (71) 

  modis_evi, 

MODIS_EVI 

Enhanced Vegetation 

Index (EVI) generated 

from the Near-IR, Red 

and Blue bands of each 

scene, and ranges in 

value from -1.0 to 1.0.  

TC Unitless  
Dynamic & 

Static 
(72)  

  modis_ndvi, 

MODIS_NDVI 

Normalized Difference 

Vegetation Index 

generated from the 

Near-IR and Red bands 

of each scene as (NIR - 

Red) / (NIR + Red), and 

ranges in value from -

1.0 to 1.0  

TC Unitless 
Dynamic & 

Static 
(72) 
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MODIS_NPP Annual net primary 

productivity  
TC 

0.0001 * 
kg*C/m^2  

Static (73) 

PelletierEtAl_Soil 

AndSedimentary 

DepositThicknesses 

Average soil and 

sedimentary deposit 

thicknesses 

(unconsolidated 

material) 

S m Static (74)  

SG_Absolute_depth

_to_bedrock 

Absolute depth to 

bedrock predicted using 

the global compilation 

of soil ground 

observations 

S cm Static (75)  

SG_Bulk_density_ 

015cm 

Bulk density (fine earth) 

at 0.15m 
S kg / m-3 Static (75)  

SG_Depth_to_ 

bedrock 

Depth to Bedrock (up to 

200cm) 
S cm (up to 200) Static (75)  

SG_H2O_Capacity_

015cm 

Derived available soil 

water capacity 

(volumetric fraction) 

until wilting point for 

depth 15 cm 

S 
percentage  

(0-100) 
Static (75) 

SG_Saturated_H2O

_Content_015cm 

Volumetric water 

content at or near 

saturation (0 kPa 

suction) for the 0–15 

cm soil depth  

S 
percentage  

(0-100) 
Static (75) 

TootchiEtAl_ 

WetlandsRegularly 

Flooded 

Regularly flooded 

wetlands, including 

regularly flooded land 

and lakes 

S 
binary or 

fraction of pixel 
Static (76) 

WCS_Human_Foot

print_2009 

Quantifies cumulative 

impact of direct 

pressures on nature 

from human activities 

considering the extent 

of built environments, 

crop land, pasture land, 

human population 

density, night-time 

lights, railways, roads, 

and navigable 

waterways.  

HP Uniteless Static (77) 
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CHIRPS_annual_ 

precipitation 

Annual precipitation  
Climate mm Dynamic  (78)   

ERA5_temperature

_2m 

Temperature of air at 

2m above the surface 

of land, sea or inland 

waters.  

Climate Kelvin Dynamic (79) 

ghsl_built_surface Built-up surface per grid 

cell  HP m2 Dynamic (67, 80) 

ghsl_population Spatial distribution of 

residential population HP 
Population 

count by epoch 
Dynamic (67, 80) 

ghsl_urban_frac Rural-urban 

classification, applying 

the "Degree of 

Urbanisation"  

HP 
smod_code 

Class Table 
Dynamic (67, 80) 

jrc_building_height Average building height 

per grid cell HP m Static (67, 80) 

map_friction Land-based travel 

speed for all land pixels 

between 85 degrees 

north and 60 degrees 

south for a nominal 

year 2019  

HP min/m Static (81) 

runoff_max_annual

max 

Maximum runoff value 

each month  S m Dynamic (79) 

runoff_min_annual

min 

Minimum runoff value 

each month  S m Dynamic (79) 

temperature_2m_ 

max_annualmax 

Maximum annual 

temperature at 2m Climate K Dynamic (79) 

viirs_average Average DNB radiance 

values.  HP 
nanoWatts/sr/c

m^2 
Dynamic (82) 

worldpop Estimated population 

density HP 

Number of 

inhabitants per 

cell  

Dynamic (83) 

worldpop_sum Estimated population 

sum HP 
Total number of 

people 
Dynamic (83) 
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ghsl_population_ 

sum 

Estimated population 

sum HP 

Number of 

inhabitants per 

cell 

Dynamic  (67, 80) 

  area_km2 Size of corresponding 

administrative region, 

calculated using the 

equal earth projection 

Region 

size 
km2 Static (84) 

 973 

  974 

  975 

Table S2 Country-level socio-economic and governance (SEG) and sanitation indicators and 976 

their sources. 977 

Variable Category Temporal resolution 

GDP per capita (constant 2015 USD) (49) 
SEG 

Annual 

Secondary education duration (years) (49) SEG Annual 

Wastewater collection, treatment and reuse (%) (35) Sanitation 2015 

Worldwide Governance Indicators (government effectiveness, 

control of corruption, political stability, regulatory quality, rule of law, 

voice and accountability)(50, 51) 

SEG 

Annual 

National basic sanitation coverage and open defecation estimate (7) Sanitation Annual 

 978 

  979 
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