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Abstract 12 

Approximately 500 million people globally s<ll rely on surface water or unimproved sources for 13 

drinking water, even as surface water quality deteriorates in many regions, oFen the same regions 14 

where safe access is lacking. Yet this co-exposure is not quan<fied globally. We constructed the 15 

global harmonised subna<onal drinking water service es<mates (G-HSDW), the first fully global 16 

subna<onal dataset of all four lower WHO/UNICEF Joint Monitoring Programme service rungs (basic, 17 

limited, unimproved, surface water). G-HSDW covers 3,040 admin 1 units across 240 countries over 18 

1990–2023. We combined it with gridded surface water quality es<mates (salinity, organic pollu<on, 19 

faecal coliforms) over 1990–2019. In 2019, only 1 in 10 people relying on unimproved or surface 20 

water sources lived in areas with low water quality risk, while 52% of people using unimproved and 21 

60% using surface water sources faced high to severe risk. We iden<fy dark spots where ac<on is 22 

most urgent and bright spots where progress provides models for effec<ve interven<on. 23 

1. Introduction 24 

Access to safe drinking water is fundamental to human health and development (World Health 25 

Organiza<on 2022). Yet half a billion people globally s<ll rely on surface water or unprotected wells 26 

and springs for their drinking water (WHO/UNICEF 2023), making them highly vulnerable to 27 

contamina<on of the water bodies they depend on. At the same <me, surface waters across many 28 

regions  are experiencing deteriora<ng quality, from microbial pollu<on, salinisa<on, and organic 29 

loading (van Vliet et al 2023, Jones et al 2024, Desbureaux et al 2022), increasing pressure on those 30 

least equipped to treat or subs<tute their water source. Whether improving safe access and 31 

deteriora<ng quality are converging or diverging at policy-relevant scales remains unknown. 32 

The WHO/UNICEF Joint Monitoring Programme (JMP) classifies drinking water services on a five-33 

rung ladder from surface water and unimproved sources through limited, basic, and safely managed 34 

services (WHO/UNICEF 2017). While "safely managed" includes water quality criteria (i.e. free from 35 

priority chemicals and faecal contamina<on), the lower rungs are defined by source type and 36 

accessibility, leaving the quality of water consumed on these rungs largely unaddressed within the 37 

framework. Building on this framework, recent research has integrated source water quality into 38 

assessments of water security and exposure risk. At a global scale, microbial contamina<on has been 39 

shown to substan<ally reshape es<mates of water stress and the spa<al distribu<on of high-risk 40 

regions, par<cularly where surface water degrada<on constrains otherwise available resources. 41 

Complementary studies have mapped long-term variability in freshwater quality and its spa<al 42 
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heterogeneity (Desbureaux et al 2022), while health burden assessments show substan<al disease 43 

impacts from contaminated drinking water, including among popula<ons classified as having 44 

improved or safely managed access (Wolf et al 2023, Chambers et al 2026). Microbial tes<ng has 45 

also been integrated into na<onally representa<ve surveys and opera<onalised Sustainable 46 

Development Goals (SDG) monitoring by linking E. coli measurements with JMP service ladders (Bain 47 

et al 2014, 2021, Santos et al 2023, Irian< et al 2024). Geospa<al modelling, in turn, has enabled 48 

increasingly high-resolu<on mapping of drinking water access at subna<onal scales (Ambel et al 49 

2023, Greenwood et al 2024). However, the only global-scale effort to date (Greenwood et al 2024) 50 

focuses exclusively on the top JMP rung, safely managed services, leaving popula<ons on the lower 51 

rungs unmapped at this resolu<on. 52 

Despite these advances, three important limita<ons constrain our ability to assess where unsafe 53 

drinking water access and poor source water quality co-occur. First, the evidence base is dominated 54 

by microbial indicators, with limited integra<on of broader physicochemical parameters such as 55 

salinity or organic contamina<on into access frameworks (van Vliet et al 2021, Jones et al 2024, 56 

Hofstra et al 2026). Second, most studies rely on cross-sec<onal or survey-based snapshots, leaving 57 

the spa<otemporal co-varia<on of source water quality and drinking water access largely 58 

uncharacterised, including the direc<on and accelera<on of long-term trends. Third, and most 59 

importantly, no harmonised, spa<ally explicit dataset jointly integrates source water quality and 60 

drinking water access metrics at scales relevant for policy priori<sa<on. Where subna<onal drinking 61 

water access has been mapped globally, it has been restricted in scope. The Local Burden of Disease 62 

(LBD) WaSH Collaborators (in Deshpande et al 2020) mapped source-type access (piped, improved, 63 

unimproved, surface water) for 2000–2017, but only across LMICs (low and middle income 64 

countries),  omihng all high-income countries, most of Europe and the Middle East, parts of South 65 

America, and many small island states. Greenwood et al (2024) extended subna<onal mapping to 66 

the JMP "safely managed" rung, but only for a single year (2020) and only across 135 LMICs. Thus, no 67 

global subna<onal dataset has yet covered all countries and territories, aligned with the full JMP 68 

service-level defini<ons or extended subna<onal coverage across the past three decades. 69 

Consequently, there is no global es<mate of how many people rely on contaminated surface water 70 

or unimproved sources, nor of how this exposure is changing over <me. 71 

We address this ques<on by first construc<ng the global harmonised subna<onal drinking water 72 

service es<mates (G-HSDW), the first fully global subna<onal dataset of popula<on shares across the 73 

four lower JMP service rungs, covering 3,040 admin 1 units across 240 countries and territories over 74 

1990–2023 (Methods). Second, we couple G-HSDW with gridded surface water quality es<mates for 75 

total dissolved solids, biochemical oxygen demand, and faecal coliforms (Jones et al 2023, DynQual 76 

model), jointly capturing salinity, organic pollu<on, and microbial contamina<on over 1990–2019. 77 

We acknowledge that gridded surface water quality is a spa<al proxy for water sources on lower 78 

JMP rungs, par<cularly for unimproved groundwater, but it is the only globally consistent, policy-79 

scale representa<on currently available. 80 

Using this framework, we characterise the status of co-exposure in 1990 and 2019, and long-term 81 

trends in water access and water quality over the intervening period, including whether trends are 82 

accelera<ng or slowing. This allows us to iden<fy dark spots, where reliance on unimproved or 83 

surface water sources coincides with poor water quality, and bright spots, where both water quality 84 

and drinking water access have improved over the past three decades. Our results offer a spa<ally 85 
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explicit evidence base for priori<sing investments in both drinking water service provision and 86 

surface water quality protec<on. 87 

2. Results 88 

2.1	Unimproved	drinking	water	sources	89 

Our G-HSDW dataset (see Methods for how this dataset was constructed) reveals previously 90 

unquan<fied pajerns and trends for the different rungs of the JMP drinking water ladder over 1990–91 

2019 (Figure 1). Although the G-HSDW dataset extends to 2023, we focus on 1990–2019 to match 92 

the temporal coverage of the DynQual water quality model (1980–2019; Jones et al 2022a). Progress 93 

has been par<cularly rapid in Asia, where only a few subna<onal areas s<ll have popula<ons relying 94 

on surface water (Figures 1g–h).  The situa<on has also improved in Africa and La<n America, 95 

however large areas remain where more than 4% of the popula<on relies on surface water (river, 96 

pond, or lake). For unimproved access to water (unprotected well or spring), coverage remains 97 

widespread across sub-Saharan Africa and parts of South and Southeast Asia (Figures 1d–e). 98 

The share of popula<on relying on surface water has decreased across most administra<ve units, 99 

while it has increased in units located in sub-Saharan Africa (Fig. 1i). The share relying on 100 

unimproved sources has also decreased, par<cularly rapidly in Asia as well as West and East Africa 101 

(Figure 1f). Rates have increased in Madagascar and the Democra<c Republic of Congo, among some 102 

other smaller areas. However, in some cases this may represent a posi<ve trend if popula<ons are 103 

transi<oning from surface water to unimproved sources. Similarly, for limited access (improved 104 

sources but >30 min travel <me), increasing rates can largely be explained by popula<ons moving up 105 

from the two lowest ladder rungs and can thus be interpreted as a posi<ve development. 106 

The total popula<on across these three ladder rungs decreased from 1,282 million in 1990 to 774 107 

million in 2019 (the last year for which we have water quality data) (Supplementary Figure S1). The 108 

most dras<c decline occurred for surface water, from 305 million to 131 million, while the 109 

popula<on relying on unimproved sources dropped from 761 million to 387 million. In contrast, the 110 

popula<on with limited access increased from 216 million to 256 million — but as noted above, this 111 

largely reflects upward transi<ons from surface water or unimproved sources and therefore 112 

represents an improvement in drinking water service levels.  113 

Our es<mates derived from subna<onal data agree reasonably well with JMP na<onal-level 114 

es<mates (WHO/UNICEF 2023): 319 million for surface water, 395 million for unimproved, and 270 115 

million for limited access, valida<ng our data on a global scale. We also validated the dataset at 116 

na<onal and subna<onal level against reported values (See Supplementary Figure S2 for comparison 117 

between na<onal and subna<onal es<mates, and S3 for valida<on). We found that our 118 

harmonisa<on with na<onal-level data (see Methods) worked well, resul<ng in an R² of 0.99 for 119 

na<onal-level valida<on across all three service levels (n = 5,157), with RMSE varying from 0.3 120 

percentage-points (pp) (limited) to 0.8 pp (unimproved). The R² for subna<onal valida<on against 121 

reported values not directly used for the dataset varied from 0.69 (limited) to 0.87 (unimproved) (n = 122 

1,027), while the range for RMSE was 5.0 pp – 6.7 pp (see Methods).  123 
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	124 
Figure	1.	Share	of	population	under	different	drinking	water	ladders.	Limited	access	to	drinking	water	(a-c),	125 
unimproved	access	(d-f),	and	surface	water	access	(g-i).	The	status	is	shown	for	1990	(a,	d,	g)	and	2019	(b,	e,	h),	the	126 
common	span	of	the	years	of	access	to	drinking	water	data	(1990-2023)	and	water	quality	data	(1980-2019).	The	127 
trend	(c,	f,	i)	was	calculated	using	Theil-Sen	slope,	using	p	>	0.05	as	a	threshold	for	signiFicant	trend.		128 

2.2	Global	surface	water	quality	status	and	trends	129 

We assessed the state and the trend in water quality, using organic contamina<on, pathogen 130 

contamina<on and salinity as quality parameters, over the study period 1990-2019, to establish a 131 

long-term change in risk. Based on our classifica<on we find that, over the whole study period, risk 132 

arising from organic contamina<on, pathogen contamina<on and salinity is highly uneven across the 133 

world (Figure 2). The risk has remained high across 1990-2019 in large parts of the global south, 134 

including south, southeast and east Asia, large parts of Africa, and the Americas (see Figure 2). The 135 

risk is significantly lower in northern Eurasia and Europe, and these regions are some of the only 136 

ones where the trend shows reduc<on in risk, par<cularly for organic and pathogen contamina<on. 137 

In addi<on, the regions most exposed to water quality risk generally have high popula<on, intensive 138 

agriculture and large urban popula<ons. Conversely, the areas with least risk are large con<nuous 139 

areas with lijle popula<on and/or ample water resources. Risk from salinity is overall lower across 140 

the world compared to that from organic and pathogen contamina<on, with hotspots mainly in 141 

areas of intensive agriculture and large popula<on in South and East Asia, parts or Europe and North 142 

America, and smaller areas across South America and Africa. However, the overall trend indicates 143 

that salinity risk is globally increasing, with a few regional excep<ons. Overall, the maps show 144 

overlapping pressure from the three water quality parameters across a belt that spans North 145 

America, Europe, and Central, South and East Asia.  146 

The spa<al pajerns of water risk from the three water quality risk indicators show considerable 147 

similarity Figure 2. To test these associa<ons, we computed Pearson’s ! and Chajerjee’s "! 148 

correla<on coefficients (see Methods) for each admin area. On average, Pearson’s ! is high between 149 

organic and pathogen contamina<on (0.83 with a standard devia<on of 0.20) and organic 150 

contamina<on and salinity (0.74, sd = 0.29). However, pathogen contamina<on and salinity risk 151 



 5 

levels are only moderately correlated with one another (0.54, sd = 0.36). Associa<ons es<mated 152 

using Chajerjee’s "! are significantly lower at 0.51, 0.42 and 0.28, respec<vely, sugges<ng that 153 

although rela<vely strong linear rela<onships exist, each risk indicator is influenced by different 154 

environmental and anthropogenic processes. The full correla<on table is available in Supplementary 155 

Table S1. 156 

	157 
Figure	2.	Water	quality	status	and	trends.	Organic	contamination	risk	(a-c),	pathogen	contamination	risk	(d-f),	158 
salinity	risk	(g-i),	and	combined	risk	indicator	(j-l).	The	status	is	shown	for	1990	(a,	d,	g)	and	2019	(b,	e,	h),	the	159 
common	span	of	the	years	of	access	to	drinking	water	data	(1990-2023)	and	water	quality	data	(1980-2019).	The	160 
trend	(c,	f,	i)	was	calculated	using	Theil-Sen	slope,	using	p	<	0.05	as	a	threshold	for	signiFicant	trend.	See	Table	1	for	161 
water	quality	thresholds,	and	Methods	for	how	the	combined	risk	indicator	was	calculated.		162 

Since  contaminant concentra<ons can exhibit substan<al monthly varia<on due to variability in 163 

contaminant loading, dilu<on by varying streamflow, and in-stream degrada<on processes (Jones et 164 

al 2023), we assess the seasonality in water quality by compu<ng, for each contaminant and 165 

con<nent,  popula<on-weighted mean risk classes among people relying on unimproved or surface 166 

water sources (Figure	3 and Supplementary Figure S4). Organic contamina<on, pathogen 167 

contamina<on and salinity risks all show dis<nct seasonality, and when considered, the associa<ons 168 

between water quality parameters are substan<ally smaller than at annual level (see Supplementary 169 

Table S1). The seasonality of risks is considerably different between water quality parameters and 170 

con<nents. The minimum combined WQ risk occurs during early northern hemisphere winter in 171 

Africa and during northern hemisphere summer in Americas, during spring in Asia and Europe, and in 172 

the autumn in Oceania. In Europe, there is also a shiF in seasonality: water quality risks overall have 173 

improved during spring months, but have deteriorated during the rest of the year. Globally, water 174 



 6 

quality classifica<on varies significantly within a year, with the global mean annual popula<on 175 

weighted standard devia<on in the class being 0.41 for organic contamina<on, 0.30 for pathogens, 176 

0.27 for salinity, and 0.32 for combined risk. This seasonality par<cularly concerns popula<on 177 

dependent on unimproved sources or surface water where water quality risks hovers between high 178 

and very high/severe (Supplementary Figure S5). Among those experiencing high risk condi<ons, 179 

mean global exposure was 423 ± 48 million in 1990, with a seasonal swing of 158 million between 180 

the annual trough (January) and peak (September), declining to 184 ± 13 million by 2019 (~55% 181 

reduc<on) with a narrowed seasonal swing of 41 million. Including very high and severe risk classes, 182 

combined exposure declined from 450 ± 51 million in 1990 to 202 ± 13 million in 2019.  183 

  184 

Figure	3.	Water	quality	risk	spirals	showing	the	continental	mean	seasonality	and	evolution	of	risks	over	185 
1990-2019.	The	mean	water	quality	indicators	have	been	weighted	using	the	population	under	surface	186 
water	and	unimproved	service	levels,	and	do	not	consider	population	under	higher	service	levels.  187 

To gain a more granular view of water quality evolu<on, we performed a changepoint analysis using 188 

monthly <meseries of contaminant concentra<ons (see Methods). The change in trends of the three 189 

water quality parameters show dis<nct spa<al pajerns. On average, we detect two dis<nct periods 190 
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in the <meseries across all admin areas: 2.20 periods for organic contamina<on, 1.97 for pathogen 191 

contamina<on and 2.42 for salinity.  We detect no dis<nct periods for 42%, 29.4% and 27% of admin 192 

1 areas for pathogen contamina<on, organic contamina<on and salinity, respec<vely, over the 193 

period 1990-2019. Temperate and high la<tude areas have the least and tropical and subtropical 194 

areas have the largest numbers of change points (see Supplementary Figure S6). Addi<onally, salinity 195 

<meseries show the highest variability in terms of dis<nct periods. 196 

The spa<al distribu<on of the trend changes over the last ten years of the study period differs 197 

between the water quality indicators (Figure 4, Supplementary Figure S7). For organic contamina<on 198 

and salinity, approximately 35-45% and 40-55% of admin areas in every con<nent, respec<vely, 199 

experience a constant worsening trend. For pathogen contamina<on, constant worsening trend 200 

dominates only Africa and Oceania. Elsewhere, share of areas with no discernible trend has 201 

approximately 10-15 percentage point larger prevalence than constant worsening trend. Most 202 

posi<ve trend changes occur in Europe; for organic contamina<on constant worsening and 203 

improving trends are equally prevalent, and for pathogen contamina<on improving constant trend is 204 

twice as prevalent than constant worsening trend. Europe, however, is the con<nent with the 205 

highest share of constant and accelera<ng salinity in approximately 60% of admin areas. Across all 206 

water quality indicators and con<nents, accelera<ng worsening water quality affects approximately 207 

3-13% of admin areas. The most worrying trends are in Oceania, where constant and worsening 208 

water quality deteriora<on dwarf posi<ve trend changes. Globally, 320 million, 272 million and 314 209 

million people dependent on unimproved or surface water sources (in 2019) live in areas where 210 

water quality is deteriora<ng (posi<ve trend, or trend changed from improving to worsening) 211 

whereas a considerably smaller number of people (149 million, 70 million and 98 million people, 212 

respec<vely) live in areas with improving water quality.   213 
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 214 

Figure	4.	The	year	of	the	last	detected	changepoint	and	the	classiFication	of	the	recent	changes	in	trend	over	the	last	215 
ten	years	of	the	study	period,	2010-2019,	for	organic	contamination	(a,	d	respectively),	pathogen	contamination	(b,	e)	216 
and	salinity	(c,	f).		Due	to	a	minimum	segment	length	of	5	years,	the	First	and	last	possible	change	points	are	1995	and	217 
2015,	respectively.	See	Supplementary	Figure	S7	for	continental	aggregations.		218 

2.3	Population	with	unsafe	water	sources	219 

We combined the admin level aggregated water quality data with our G-HSDW dataset and assessed 220 

the number of people experiencing the double burden of unsafe access to water with poor water 221 

quality. We also used these two datasets to map the areas under this double burden (see next 222 

sec<on). We found that only 15% of people relying on surface water (129 million) experienced 223 

combined water quality in the ‘low risk’ category in 2019 (Figure 5c). When considering pathogen 224 

contamina<on levels alone, this was even lower at 10% (Figure 5d). These shares have remained 225 

rather stable over the past 30 years. For people with unimproved access to drinking water (378 226 

million in 2019), the pajern was nearly iden<cal: 14% and 11% experienced low risk for overall 227 

water quality and pathogen contamina<on, respec<vely (Figure 5a-b). Worryingly, more than half of 228 

both groups experienced overall water quality in the high, very high, or severe risk categories (52% 229 

for surface water; 60% for unimproved sources). For unimproved sources, this has declined from 230 

71% in 1990, while for surface water it has remained roughly constant. When considering pathogen 231 

contamina<on levels alone, the share experiencing at least high risk was even higher: 56% for 232 

surface water and 63% for unimproved sources in 2019, down from 67% and 80% in 1990, 233 

respec<vely. 234 
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	235 

Figure	5.	Population	under	each	water	quality	class	for	unimproved	and	surface	water	access	to	drinking	water.	See	236 
water	quality	classes	in	Table	1.		237 

2.4	Mapping	dark	spots	and	bright	spots		238 

To iden<fy the most vulnerable areas, so called dark spot areas, we mapped (Figure 6a-b) the areas 239 

where share of popula<on under unimproved or surface water access service levels was high and 240 

surface quality risk was high. South and East Asia, the RiF Valley and the east coast of Africa, and 241 

coastal parts of South America emerge as major regions where poor access to safe drinking water 242 

coincides with high water quality risk (level 3 or above; see Methods). In these regions, 117 million 243 

people are dependent on unimproved water sources prone to contamina<on, and 35 million people 244 

rely on surface water (Figure 6a-b). In China and India, the share of popula<on dependent on surface 245 

water is rela<vely low (less than 2% of total popula<on), but due to the large popula<on of each 246 

country, the absolute number of people is substan<al (96 million in 1990, 11 million in 2019). In 247 

Europe, Poland emerges as a dark spot due to the number of people relying on unimproved water 248 

sources. Sub-Saharan Africa and Insular Southeast Asia also include areas where, despite poor access 249 

to safe drinking water, the overall risk is small due to high quality of surface waters.  250 

Finally, we conducted a bright spot analysis by cross-assessing trends of both water quality risk and 251 

drinking water service levels. Those areas where both, water quality risk and the share of popula<on 252 

under unsafe drinking water access have decreased are considered bright spots (Figure 6c-d).  These 253 

bright spots are dispersed across the globe, but only 12 million people (Figure 6c-d) with unimproved 254 

and 2.2 million with surface water sources enjoy their benefit. Worryingly, popula<on in areas where 255 

both water quality and access to safe drinking water is deteriora<ng is significantly larger:33 million 256 

people for unimproved and 5.3 million people for surface water access. Areas where the water 257 

quality risk is increasing while access to safe drinking water is improving is the largest class by a large 258 

margin (196 million people for unimproved and 79 million for surface water service level), and cover 259 

large areas of South America, Sub-Saharan Africa, and Central and South India. Conversely, 0.7 260 
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million and 0.8 million people, respec<vely, live in admin areas with improving water quality and 261 

worsening safe drinking water access.  262 

 263 

Figure	6.	Bright	spot	and	dark	spot	analysis	using	the	current	status	and	trends	of	combined	water	quality	and	264 
unimproved	and	surface	water	service	levels.	Bivariate	maps	show	an	intersection	between	combined	water	quality	265 
and	unimproved	(a)	and	surface	water	(b)	service	levels,	and	trends	of	combined	water	quality	and	unimproved	(c)	266 
and	surface	water	(d)	service	levels.		The	bivariate	legends	show	the	population	count	in	each	category.	See	267 
Supplementary	Figures	S8-S10	for	the	distribution	of	organic,	pathogen,	and	salinity,	respectively.	268 

3. Discussion  269 

In this research ar<cle we analysed, for the first <me, how access to safe drinking water and water 270 

quality intersect globally using a new global subna<onal dataset on safe drinking water access and 271 

global water quality simula<ons over 1990-2019. Our G-HSDW dataset shows that the number of 272 

people under the unimproved and surface water-service levels have dropped from 1057 million to 273 

507 million people (Supplementary Figure S1). However, while the service level has improved, water 274 

quality risk has increased in most of the admin areas.  275 
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Moreover, with G-HSDW, we created the first fully global subna<onal dataset covering all four 276 

service rungs of the JMP drinking water ladder. When comparing the G-HSDW dataset against two 277 

exis<ng semi-global subna<onal drinking water service level products, the Local Burden of Disease 278 

(LBD) WaSH Collaborators (Deshpande et al 2020) geospa<al es<mates for 2000–2017 and the 279 

Greenwood et al (2024) random-forest predic<ons of safely managed drinking water services for 135 280 

LMICs in 2020, we found that G-HSDW outperformed both. We validated all three products against 281 

reported na<onal (admin 0) and subna<onal (admin 1) values from the JMP database that were not 282 

directly used to produce G-HSDW. For the indicators in common with LBD (surface water and 283 

unimproved), G-HSDW showed substan<ally lower error and stronger agreement with reported data 284 

at both spa<al levels. At admin 0, G-HSDW predic<ons of surface water reliance achieved R² = 0.995 285 

(RMSE = 0.64 percentage points, n = 1,890) compared with R² = 0.79 (RMSE = 3.96) for LBD, and for 286 

unimproved sources R² = 0.997 (RMSE = 0.64, n = 1,933) versus R² = 0.76 (RMSE = 6.05) for LBD. At 287 

admin 1 (n = 872 for both products), G-HSDW es<mates remained closer to reported values (surface 288 

water R² = 0.76, RMSE = 5.26; unimproved R² = 0.84, RMSE = 7.01) than LBD (R² = 0.52 and 0.50; 289 

RMSE = 7.56 and 11.80, respec<vely). Against Greenwood et al (2024), for the closest comparable 290 

category, improved sources (equivalent to our combined basic + limited indicator), G-HSDW again 291 

showed closer agreement with reported data at both admin 0 (R² = 0.99 vs. 0.51; RMSE = 0.99 vs. 292 

10.64 percentage points, n = 128) and admin 1 over 2017–2019 (R² = 0.92 vs. 0.41; RMSE = 7.19 vs. 293 

18.78, n = 264). We note that part of the admin 0 performance advantage reflects our explicit 294 

anchoring of subna<onal es<mates to JMP na<onal totals, which neither alterna<ve product 295 

imposes; the admin 1 comparison is therefore the more informa<ve benchmark of within-country 296 

predic<ve skill. See Supplementary Figure S11 for G-HSDW valida<on plots against Deshpande et al 297 

(2020) and Greenwood et al (2024).  298 

Our analysis is dependent on the only con<nuous global high-resolu<on water quality modelling 299 

currently available (DynQual, Jones et al 2023). However, while we were able to detect trends for 300 

nearly all admin areas, there are significant amount of missing data values in DynQual outputs as an 301 

uncertainty management effort. Cells with streamflow < 0.1 m3/s are omijed since very small 302 

discharges affect concentra<on es<mates considerably. For the monthly analysis, we fill the gaps by 303 

impu<ng the <meseries with monthly mean values. On average, imputa<on by monthly mean 304 

reduces the strength of trends, leading to a more conserva<ve es<mate. Furthermore, the spa<al 305 

resolu<on of 5 arcminutes (~10km at the equator) and the accumula<on of streamflow into larger 306 

rivers indicate that the data may not represent water quality of smaller streams within each grid cell, 307 

and water quality within each cell may significantly differ (for bejer or worse) from the larger 308 

streams the data represents. This may dispropor<onately affect the lower rung service levels, since 309 

WASH facili<es likely rely on larger waterbodies.  310 

We also note that DynQual does not include all of the core water quality indicators (see Peeters et al 311 

2026), and thus we likely underes<mate risk; water quality risks are  widespread across all regions, 312 

but  their nature varies by  loca<on (Desbureaux et al 2022). The water quality indicators used 313 

(organic contamina<on, pathogen contamina<on and salinity) cover three major and policy-relevant 314 

dimensions of surface-water quality risk for direct or untreated use. We are not aware of global 315 

con<nuous water quality datasets at comparable spa<al and temporal resolu<on which cover other 316 

water quality dimensions (i.e. other microbiological, total organic, pharmaceu<cal, persistent 317 

organic pollutant, inorganic, and/or plas<c contamina<on). Our results should therefore not be 318 

interpreted as a comprehensive water quality assessment.  The implica<ons are par<cularly 319 
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significant for drinking-water source across the world. In fact, a substan<al frac<on of the global 320 

popula<on depends on groundwater, par<cularly across South Asia, Sub-Saharan Africa, the Middle 321 

East, and Southeast Asia. Salinity, arsenic, nitrate and fluoride contamina<on in groundwater are 322 

well-documented public health hazards (Nolte et al 2026, Rahman et al 2021, Podgorski and Berg 323 

2022, Mukherjee et al 2024). Exis<ng global groundwater datasets (e.g., Thorslund and van Vliet 324 

2020) offering reasonable temporal coverage are geographically skewed and restricted to salinity, 325 

leaving other cri<cal parameters and the most groundwater-dependent countries underrepresented. 326 

We call for a comprehensive global groundwater quality analysis with biogeochemical parameters, 327 

integrated with surface water assessments, to close this gap and more accurately characterize 328 

drinking water access risks in the world's most vulnerable regions. The increasing saliniza<on trend 329 

in South Asia and China reflects the rapid expansion of groundwater-fed irriga<on (Mehta et al 2024, 330 

Siebert et al 2010). Because groundwater carries higher salt concentra<ons than surface water, its 331 

extrac<on and field applica<on introduces and accumulates salts in the soil. The interac<ons 332 

between surface and groundwater dynamics risk displacing popula<ons from improved to 333 

unimproved water sources at a scale not captured here, which some<mes may lead to high levels of 334 

environmental migra<on (Nagabhatla et al 2020).  335 

Water quality parameters are concentra<on-based quan<<es (mg or cfu per unit water volume). 336 

Under a constant pollutant load, concentra<ons are not sta<c, but are modulated by the 337 

hydrological water balance of the catchment. In water-limited environments, atmospheric 338 

evapora<ve demand and precipita<on variability (aridity index) exert a primary control on the 339 

volume of water available for dilu<on. Consequently, rising concentra<ons may reflect not an 340 

increase in pollutant mass flux, but rather a contrac<on of the dilu<on medium driven by 341 

aridifica<on. This dual causality par<<ons observed concentra<on trends into two dis<nct 342 

mechanis<c pathways: (i) a source-driven component, ajributable to increasing pollutant loads  343 

(e.g., popula<on growth, agricultural intensifica<on, or expanding wastewater discharge), and (ii) a 344 

hydrology-driven component (wet vs. dry season, climate change), governed by shiFs in the aridity 345 

regime of the administra<ve unit. Disentangling these pathways is essen<al for ajribu<ng observed 346 

water quality deteriora<on to its proximate causes, and for designing interven<ons that target the 347 

correct driver. 348 

Our results show that, overall, WASH service levels and water quality are moving in opposite 349 

direc<ons with a considerable reduc<on in people in the lowest rungs of the WASH service ladder 350 

and increase in risks associated with water quality. There is, however, considerable varia<on in the 351 

rela<onships of the trends, with dark spots of poor access to improved water sources and low water 352 

quality occurring in large parts of Asia, eastern Africa and coasts of La<n America. Bright spots with 353 

improving water quality and access to WASH infrastructure are dispersed across the globe but 354 

benefit only a small minority of people in the lowest WASH service levels. Our es<mates of the 355 

intersec<on of global co-occurrence of water quality and WASH infrastructure help iden<fy 356 

popula<ons most in need of interven<ons and where the improving situa<on can serve as a model 357 

to accelerate posi<ve developments and change the trajectory of trends for bejer elsewhere. 358 

4 Data and Methods 359 

4.1	Subnational	drinking	water	service	dataset	360 

We produced annual global harmonised subna<onal drinking water service dataset (G-HSDW) at the 361 

first-level subna<onal administra<ve division (admin 1) for 240 countries and territories over the 362 
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period 1990–2023. Service levels follow the WHO/UNICEF Joint Monitoring Programme (JMP) 363 

classifica<on: basic (improved source, ≤30 min round trip), limited (improved source, >30 min), 364 

unimproved (unprotected well/spring), and surface water (river, lake, pond). The four indicators are 365 

mutually exclusive and sum to 100%. 366 

Na<onal-level data for 2000–2024 were obtained from the JMP 2025 global dataset ((WHO/UNICEF 367 

2024), providing annual values for 220 countries. Historical na<onal es<mates (1990–1999) were 368 

obtained from the JMP for basic and surface water indicators (WHO/UNICEF JMP historical data 369 

received from JMP team through personal communica<on in 2024); limited and unimproved 370 

categories before 2000 were not systema<cally collected and were derived from the machine 371 

learning model described below. Historical and modern series were harmonised using a delta-372 

change method: we computed the mean offset between the two datasets over the 2000–2002 373 

overlap period and applied it addi<vely to the 1990–1999 historical values, with subsequent 374 

normalisa<on to ensure the four indicators sum to 100%. For two larger countries (Kosovo and 375 

Nicaragua) and 18 small territories without na<onal data, modelled data were used. 376 

Subna<onal observa<ons were extracted from JMP country workbooks, yielding 4,280 region × year 377 

observa<ons from 102 countries (survey years 1997–2020, predominantly Demographic and Health 378 

Surveys (DHS) and UNICEF Mul<ple Indicator Cluster Surveys (MICS)). Three boundary sources were 379 

used: DHS Programme boundaries, MICS boundaries (UNICEF), and GADM 4.1 as universal fallback. 380 

For each country, the boundary source maximising spa<al coverage, temporal completeness, and 381 

observa<on density was selected. For the machine learning model training, we used 99 countries 382 

with subna<onal data linked to 1,293 admin 1 polygons. 383 

To fill missing values in observed na<onal and subna<onal series, and to es<mate within-country 384 

pajerns where subna<onal observa<ons were absent, we trained XGBoost regression models (Chen 385 

and Guestrin 2016) using ten popula<on-weighted predictors at admin 1 resolu<on for 1990–2023: 386 

travel <me to ci<es (Weiss et al 2018), poverty headcount ra<o (World Bank 2022; harmonised and 387 

gap filled by authors), mean years of schooling (Smits and Permanyer 2019; filled and harmonised 388 

using methods from Kummu et al 2025), GNI per capita (Chrisendo et al 2025), Gini index (Chrisendo 389 

et al 2025), urban frac<on (Niva et al 2023), aridity index (Trabucco and Zomer 2019), gender 390 

development index (Smits and Permanyer 2019; filled and harmonised using methods from Kummu 391 

et al 2025), corrup<on percep<on index (combina<on of VDem (Coppedge et al 2025) and Crombach 392 

and Smits 2024; filled and harmonised by authors), and groundwater depth (Fan et al 2013). 393 

XGBoost models were trained independently per indicator using grouped cross-valida<on (80/20 394 

train-test split by admin 1, stra<fied by country). Hyperparameters (tree depth, learning rate, 395 

regularisa<on) were tuned via Bayesian op<misa<on over 40 itera<ons, and final predic<ons were 396 

the median across a 50-model bootstrap ensemble. A post-hoc binned calibra<on adjustment (10 397 

quan<le bins) corrected systema<c predic<on bias. Test-set performances were: basic R² = 0.81, 398 

limited R² = 0.55, unimproved R² = 0.61, surface water R² = 0.57. The limited and surface water 399 

categories were inherently more difficult to predict due to their sparse occurrence (>30% zero 400 

values, median values <1%) and residual nature in the JMP ladder. 401 

For admin 1 units with observa<ons, missing years were linearly interpolated, with XGBoost-402 

predicted trends anchored to the nearest observa<on for years before/aFer the survey period. For 403 

admin 1 units without observa<ons (mainly in the 145 countries with no subna<onal survey data in 404 

the final dataset), XGBoost predic<ons were used directly. To ensure na<onal consistency, we then 405 
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scaled admin 1 es<mates so their popula<on-weighted mean matched JMP na<onal totals and 406 

normalised the four indicators to sum exactly to 100% within each admin 1 × year combina<on. 407 

The final G-HSDW dataset includes 3,040 admin 1 areas for 240 countries. Of these, 1,085 admin 408 

areas have observed values for 95 countries, including 78% of the popula<on without at least basic 409 

drinking water access in 2023 (57% in 1990). The G-HSDW es<mates were rasterised to 5-arcminute 410 

(~10 km at the equator) global grids using the terra package (Hijmans et al 2026) in R (R Core Team 411 

2024); all pixels within an admin 1 polygon receive iden<cal indicator values. Long-term trends 412 

(1990–2023) were quan<fied using Theil-Sen median slopes (Sen 1968) per admin 1 unit. The 413 

number of people on each service level was computed by applying indicator percentages to GHS-414 

POP 2023a (Schiavina et al 2023; 5-arcminute resolu<on, originally provided at 5-year intervals 415 

between 1985 and 2025, linearly interpolated to annual values). 416 

We validated the final G-HSDW product against reported na<onal values, and against the reported 417 

subna<onal data that were not directly used for the final dataset (those were used, however, to 418 

train the XGBoost model, but the admin areas differ from the ones in the final dataset as well as 419 

countries with reported admin 1 level data). We found that our na<onal-level harmonisa<on worked 420 

well (Supplementary Figure S3), resul<ng in an R² of 0.99 for na<onal-level valida<on across all three 421 

service levels (n = 5,157), with RMSE varying from 0.3 (limited) to 0.8 (unimproved). The R² for 422 

subna<onal valida<on varied from 0.69 (limited) to 0.87 (unimproved) (n = 1,027), while the range 423 

for RMSE was 5–6.7. 424 

Several limita<ons apply. Predic<ons for the 145 countries without subna<onal survey data rely 425 

en<rely on cross-country transferability of the XGBoost models, which was lower for limited and 426 

surface water categories. Historical es<mates (1990–1999) for limited and unimproved categories 427 

are model-derived rather than observa<on-based and therefore have higher uncertainty than later 428 

years. Sub-admin 1 spa<al varia<on is not captured by our 5-arcminute rasters. 429 

 430 

4.2	Water	quality	data	431 

We use water quality data modelled with DynQual (Jones et al 2023, 2022c). DynQual is a dynamic 432 

global process-based water quality model and integrates in global water models. DynQual’s output 433 

water quality parameters are highly relevant for WASH: water temperature, biological oxygen 434 

demand (BOD; indicator of organic pollu<on), faecal coliform concentra<on (FC; indicator of faecal 435 

contamina<on) and total dissolved solids (TDS; indicator of salinity). It considers point and diffuse 436 

pollu<on loads from domes<c, manufacturing, urban surface runoff, livestock, irriga<on, and power 437 

produc<on sectors and includes contaminant fate rou<nes 438 

The model runs we use are openly available (Jones et al 2022c) and are based on PCR-GlobWB2 439 

global water model (Sutanudjaja et al 2018) using the Inter-Sectoral Impact Model Intercomparison 440 

Project protocols (ISIMIP, see hjps://www.isimip.org/protocol/3/) and include human socio-441 

economic forcing and climate change.  We specifically choose to use DynQual due to its relevant 442 

water quality parameters and a spa<al resolu<on of 5 arcminutes which allows us to consider the 443 

correspondence between popula<on, WASH infrastructure and water quality at a fine granularity. 444 

The temporal resolu<on of the available data is 1 month. We aggregate the data to the admin 1-445 

level areas using a popula<on weighted approach to assess water quality where people are living. 446 

We used popula<on data from the Global Human Sejlement Layer data GHS-POP R2023a (Schiavina 447 

et al 2023). 448 
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 449 

4.3	Water	quality	classiKication	450 

We aggregated water quality into five classes based on the risk of consump<on, from low to severe 451 

risk (Table 1).  We adopted thresholds from World Health Organiza<on's (WHO) TDS background 452 

document for the development of drinking water quality guidelines (World Health Organiza<on 453 

2003, World Health Organiza<on 2022). WHO does not set a health-based guideline value as TDS is 454 

an aesthe<c parameter. Organic pollu<on is expressed as BOD, for which we adopted a classifica<on 455 

scheme which is a combina<on of European and United Na<ons schemes (Vigiak et al 2019). The 456 

source of BOD contamina<on in surface waters generally arise from sewage, livestock, or industrial 457 

sources. Elevated BOD may coincide with faecal contamina<on and can therefore act as a 458 

corrobora<ng indicator of poten<al pathogen risk alongside FC (Vigiak et al 2019). FC is a faecal 459 

contamina<on indicator, for which we adopted thresholds based on WHO drinking water 460 

microbiological standards (World Health Organiza<on 2017) and widely used recrea<onal and 461 

source-water guidelines (U.S. EPA 2012, Jones et al 2022a). WHO standards require no detectable FC 462 

in drinking water, making Class 1 the only category consistent with safe untreated consump<on. Any 463 

detec<on of FC suggests faecal contamina<on and poten<al pathogen exposure, while the resul<ng 464 

classifica<on reflects rela<ve severity rather than absolute safety thresholds. 465 

 466 

Table 1. Water quality category thresholds used for 5-category classifica>on of water quality risk levels. The jus>fica>ons 467 
for the thresholds are presented in the Methods text.  468 

Class,	Risk	level	 TDS	
(mg/L)	

BOD	
(mg/L)	

FC	(cfu/100	
mL)	

Interpretation	for	untreated	consumption	

1:	Low	risk	 <	300	 <	2	 <	1	 Acceptable;	meets	WHO	microbiological	

standard	for	drinking	water	

2:	Moderate	risk	 300–600	 2–4	 1–10	 Detectable	faecal	contamination;	palatability	

concerns	begin	

3:	High	risk	 600–900	 4–8	 10–100	 Clear	pathogen	exposure;	organic	pollution;	

objectionable	taste	

4:	Very	high	risk	 900–1200	 8–15	 100–1000	 Serious	disease	risk;	salty	taste;	heavy	organic	

pollution	

5:	Severe	risk	 >	1200	 >	15	 >	1000	 Severely	contaminated;	major	disease/health	
risk	

 469 

We es<mate water quality between class thresholds using linear interpola<on. This results in a 470 

con<nuous classifica<on which allows interpre<ng how close or far the actual concentra<on is from 471 

a class threshold value.  In addi<on to classifying each pollutant, we es<mate an combined water 472 

quality by taking a geometric mean of the organic, pathogen and salinity classes. Geometric mean 473 

prevents compensability in the mean and places larger importance to poorer water quality classes. 474 

In compu<ng the geometric mean, we temporarily inverted the classifica<on numbers so that the 475 

more severe risk classes are emphasized by the computa<on, before conver<ng the classes back to 476 

the ones shown in the table.  477 

4.4 Associations	between	indicators	478 

We es<mated the associa<ons between the water quality risks and between the pollutant <meseries 479 

using the Pearson correla<on coefficient ! (Eq. 1),  480 

 481 
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                                                               ! = 	
∑($!%$̅)((!%())

*∑($!%$̅)"∑((!%())"
 ,                                                                   (1) 482 

 483 

where % and & denote the two variables whose associa<ons are es<mated. Because ! measures a 484 

linear monotonic rela<onship of two variables, and our risk classifica<on [1, …, 5] is not 485 

monotonically increasing at the boundaries, we also compute the "! correla<on coefficient (Eq. 2; 486 

Chajerjee 2021), 487 

 488 

                                                     "!((, *) ≔ 1 −
!∑ |,!#$%,!|

%&$
!'$

-∑ .!(!%.!)
%

!'$

                                                                (2) 489 

 490 

where / are the ranks of variable *, and the denominator is a normalising factor. AFer sor<ng the 491 

pairs of X and Y using X, the func<on measures how much the rank of Y change from a neighbouring 492 

value X to another. If X and Y are independent and not associated with one another, the ranks //  of Y 493 

are in random order. However, if the two variables are associated, the ranks of Y increase smoothly.  494 

"! is measured between 0 (variables are independent) and 1 (X is a func<on of Y). It is asymmetric 495 

("!((, *) 	≠ "!(*, ()) and does not assume an underlying distribu<on or monotonicity as in 496 

Pearson correla<on coefficient.    497 

4.5 Trend	estimation	and	identifying	changes	in	trend	498 

We used Sen’s slope (Sen 1968) to es<mate trends in pollutant load concentra<ons. Sen’s slope 499 

es<mates a linear slope that is robust against extreme values in a <meseries. It is es<mated as the 500 

median of the slope between pairs of data points (whereas a standard linear slope uses the mean 501 

instead of the median).     502 

We performed a change point analysis on the monthly pollutant concentra<on <meseries to find 503 

points in the data where either the mean or variance of the <meseries significantly change. For this, 504 

we use the EnvCpt R package and the Pruned Exact Linear Time algorithm (Killick et al 2025, Beaulieu 505 

and Killick 2018, Killick et al 2012). We set the minimum segment length as five years to avoid 506 

fran<cally changing trends. For each iden<fied segment, we fit the trend using Sen’s slope.  507 

We then compare the slope values of the last two iden<fied segments and classify them as having 508 

posi<ve, nega<ve, and no trend (annual trend within 2% of the standard devia<on of the monthly 509 

<meseries). Posi<ve and nega<ve trends are further classified into accelera<ng (the lajer trend has 510 

> 5% higher slope value than the earlier trend), constant (slopes are within 5% of one another), or 511 

slowing (lajer trend is at least 5% smaller than earlier) trends. We also detect if the slope has 512 

changed sign from worsening to improving or vice versa.  513 

Due to the limit in DynQual model outputs where cells with smaller than 0.1 m3/s are assigned 514 

missing values, the <meseries is in certain cells and admin areas missing values. The change point 515 

analysis requires con<nuous <meseries to operate, and therefore we impute the missing values with 516 

monthly mean values from the available records. If all monthly values are missing and the 517 

imputa<on by monthly mean is not possible, we omit the cell and admin area from the analysis. 518 

  519 
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