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H I G H L I G H T S G R A P H I C A L  A B S T R A C T

• Drinking water habits differ individu
ally; exposure estimates should consider 
this.

• Personalised dosage adjustment signifi
cantly changes observed solute 
distributions.

• Limited evidence that UK tap water 
composition associates with health 
outcomes.

A B S T R A C T

Access to clean drinking water is crucial for human health, but there are concerns that consumption levels of particular solutes may be linked to negative health 
outcomes. Many studies use data aggregated to area-level to assess consumption-health associations, but these do not account for differences in behaviour between 
individuals. Therefore, we combined publicly reported tap water chemistry from compliance data with estimated drinking water consumption within the home 
calculated from a water habits survey for 1970 UK adults from the TwinsUK cohort. The resulting average daily dose (ADD) estimate of key solutes (including nitrate, 
hardness, chlorine, selenium), multiple solutes dimensionally reduced to k-means clusters, and ingestion rate (IngR) were used as predictors in nested regression 
analysis, including stratification for employment status (as a proxy for time spent and home) and adjustment for age. Health outcomes included cardiovascular 
disease (CVD), CVD risk factors, eczema, sarcopenia, frailty, gastrointestinal disease and cancer. We found estimation of ADD significantly changed the distribution of 
solutes (ks-tests p < 0.001). Overall, we identified few associations with health outcomes, with mixed or inconsistent signals across nested models. There were some 
exceptions, including increased odds of hardness predicting CVD risk factors in our employment strata (Hardness ADD OR:1.25, 1.09–1.48, p < 0.002; age-adjusted 
OR: 1.22, 1.05–1.4, p < 0.002) and eczema negatively associated with IngR in non-stratified models (IngR OR: 0.86, 0.77–0.96, p < 0.01). We found no evidence of 
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difference in ADD in twins discordant for health outcome. The lack of significant findings in solute-health pairings could be inferred as a positive result that supports 
UK drinking water as a safe source of hydration and therefore our results represent a positive public health outcome. Our study demonstrates an effective approach to 
estimate personalised exposure to water solutes that can inform researchers designing similar studies.

1. Introduction

Access to clean drinking water is crucial for human health. Tap water 
contains many key nutrients (Olivares and Uauy, 2005) but there are 
concerns that excess consumption may be linked to negative health 
outcomes (for literature review of water-health associations, please see 
Table S1). Many studies use data aggregated to area-level to assess 
findings (e.g. Maheswaran et al., 1999; Richards et al., 2022; Schul
lehner et al., 2018; Temkin et al., 2019; Theisen et al., 2022), which has 
the advantage of large numbers, but these are often inconclusive, 
continue to recommend that more research is needed, and that per
sonalisation of dosage estimate is essential.

Improving the assessment of exposure from drinking water for in
dividual people is frequently highlighted as a vital next step. Knowing 
the chemical composition of a drinking water sample differs from 
knowing the intake volumes for individuals in a population and how 
much of a given water solute each person ingests. Catling et al., 2008
called for concerted efforts to accurately measure individual consump
tion of minerals. Similarly, Ward et al., 2018 emphasised that estimates 
of exposure through drinking water in specific locations – in the home, 
at work – were needed. This is borne out by the water consumption 
literature that reports daily tap water consumption can vary between 
0.5 L and 2.5 L/day (Elmadfa and Meyer, 2015; Schillereff et al., 2024).

We present an innovative study to explore the associations between 
multiple health outcomes and individual exposure from drinking water. 
We combined a publicly reported tap water chemistry compliance 
dataset for England and Wales (Ascott et al., 2019) with estimated 
drinking water consumption within the home calculated from a water 
habits survey for 1970 adult UK twins. We integrated detailed, historical 
health data for each participant to generate personalised dosage esti
mates. Health outcome – solute pairings were selected based on a 
comprehensive literature search (see Table S1). Given drinking water 
solutes are not consumed in isolation, and their concentration is often 
correlated (e.g. chlorine and Tri Halo Methanes; Brown et al., 2011) we 
also investigated associations following clustering of drinking water 
variables. The health outcomes selected were: cardiovascular disease, 
eczema, sarcopenia, frailty, gastrointestinal disease and cancer. Our 
study demonstrates a successful approach and key considerations in 
estimating personalised exposure to water solutes, with discussion of the 
benefits and limitations for researchers designing similar studies.

2. Materials & methods

2.1. Participants

The Department of Twin Research and Genetic Epidemiology at St. 
Thomas' Hospital, King's College London (KCL), hosts TwinsUK, the UK's 
largest adult twin registry. The adult participants consist of 16,000 
monozygotic (MZ) and dizygotic (DZ) twins aged between 18 and 100 
years. Since 1992, active twins have participated in both questionnaire 
and clinical visits, where multiple samples and physical measures were 
obtained, resulting in extensive health and multiomics data. Members of 
the TwinsUK research team have been focusing extensively on dietary 
influences on health for several years (Leeming et al., 2022) with 
growing consideration of drinking water consumption (e.g., Bowyer 
et al., 2020). We have recently executed the first study to directly 
quantify water consumption patterns by administering a recall ques
tionnaire amongst the TwinsUK cohort (Schillereff et al., 2024).

2.2. Calculating daily water ingestion using a recall questionnaire

The tap water questionnaire design is adapted from the validated 
fluid diary of Johnson and colleagues (Johnson et al., 2017; Nyström 
et al., 2017). Individual water consumption was quantified as follows: 
respondents were asked to reflect on the previous seven days and tally 
how many portions of water of pre-set volumes from their household tap 
they consumed for drinking and cooking in a typical day. Hot and cold 
drinks were tallied separately. Further detail on ingestion rate deriva
tion, along with detail on the administration, response rates and de
scriptives of our questionnaire, along with a copy of it, are all available 
within Schillereff et al. (2024). The questionnaire was sent to 4821 
potential participants in the UK via email. This number represents twins 
from the full cohort who had previously granted permission to be con
tacted for research questionnaire purposes via email. We linked each 
respondent's completed survey to their demographic and socioeconomic 
characteristics and personal health data held within the TwinsUK 
repository.

2.3. Tap water chemistry

To calculate average daily dosage of multiple water solutes for each 
participant within our study, we combined variables calculated from the 
water questionnaire with water chemistry data reported by the 27 water 
utilities that supply drinking water across England and Wales. Drinking 
water chemistry is actively measured for regulatory compliance. Water 
companies must submit results to the Drinking Water Inspectorate at 
regular, pre-set intervals and these data are publicly available online. 
The Drinking Water Directive covers 55 water parameters. A further 
group of non-regulated solutes, including several commonly relevant to 
our study including calcium (Ca) and magnesium (Mg), are measured at 
certain times and by some water companies, but reporting is 
inconsistent.

Ascott et al. (2019) performed the first national-scale assessment of 
drinking water compliance data and identified distinct spatial clustering 
in water chemistry across England and Wales. Our study re-uses the data 
and clustering approach from Ascott et al. (2019). Their full method
ology is described therein. In brief, they downloaded the 2015 water 
quality compliance report for every water supply zone from each water 
company supplying England and Wales. A water supply zone is a defined 
area comprising up to 100,000 people. Concentrations for each chemical 
parameter were manually extracted from the reports and collated in a 
local database.

The water compliance data were obtained for 2015. Although the 
reporting requirements are set in legislation, the format and availability 
of these reports differ between water companies. It is therefore hugely 
laborious to collate reports for all 1539 water supply zones on an annual 
basis. As our water questionnaire was distributed in 2022, it is possible 
that water composition had changed over those intervening seven years. 
We evaluated these effects in two ways. First, a spot comparison be
tween the samples reported in Bowyer et al. (2020) and Ascott et al. 
(2019) revealed little fluctuation (see supplementary material S2). For 
this present study, we downloaded new compliance reports for year 
2023 for the 100 most populous water supply zones of the UK's five 
largest water companies where there were ≥3 participants located. For 
these 100 Water Supply Zones, we (1) correlated the concentrations in 
2015 and 2023 for the 16 water quality parameters reported by Ascott 
et al., (2) compared the means and (3) compared the distributions.
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2.4. Estimating individual ingestion dosages from water compliance data

To maximise data for cluster input, in addition to our hypothesised 
pathways (Table 1), we further selected a wider range of solutes. We 
chose solutes based on three criteria: (i) reported by the five largest 
water companies; (ii) were used in the original analysis by Ascott et al., 
2019 and/or (iii) solutes we highlighted specifically for their hypoth
esised associations with health outcomes (see Table 1): aluminium, 
ammonium, antimony, arsenic, benzene, boron, cadmium, chloride, 
chromium, copper, cyanide, fluoride, free chlorine, magnesium, man
ganese, mercury, nickel, nitrate, phosphorus, selenium, simazine, so
dium, sulphate, Tri-halo methanes (combined, THMs) and total organic 
carbon (TOC). We additionally considered conductivity, hardness 
(converted where otherwise reported to Ca), turbidity and pH. We 
assigned estimated values of exposure to each individual based on the 
water supply zone(s) they had reported their home address as being in 
during the 20 years preceding the survey. We demonstrated in earlier 
work (Bowyer et al., 2020) good agreement between water chemistry 
reported within compliance data and water measured directly from in
dividuals' household tap.

We calculated the average daily dose (ADD, mg/kg-day) for the 
water solutes of interest for each respondent using the US Environmental 
Protection Agency protocol (U.S. EPA. Guidelines for Exposure Assess
ment, 1992), using the following formula: 

ADD = Cmed*
((IngR* ED* EF)/(BW* AT) ) (1) 

where Cmed is the concentration of the contaminants in medium (mg/ 
L), IngR (L/day) is the ingestion rate, estimated from response to tap 
water questionnaire habits survey (see Schillereff et al., 2024), ED is the 
exposure duration (years) and EF is the exposure frequency (days/year), 

BW is body weight in kilograms, and AT is the averaging time (days).
To calculate ED, we considered all individuals who had reported 

their living addresses for the last 20 years (as captured by our water 
questionnaire) and mapped this to the corresponding water supply zone. 
ED was therefore the corresponding number of years they lived in that 
particular water supply zone, with all individuals having the cumulative 
exposure calculated for the last 20 years. EF was set to 365 for all par
ticipants, and AT was 7300 (20 years of 365 days). As our questionnaire 
only captured drinking habits within the home, we did not include 
adjustment here for time spent within or without the home, which does 
consequently limit the accuracy of this estimate. We partially address 
this by stratification; see statistical methods for further detail.

To handle missingness within the water solutes data, we used 
nonparametric missing value imputation using random forest via the 
missForest package (Stekhoven and Bühlmann, 2012), considering all 
data available, with 50 iterations and 500 trees. Simazine, phosphorus 
and magnesium were removed at this stage as they were > 50 % missing 
in our dataset. Individuals with reported quantities >4SD of the mean 
for ingestion rate were considered as reporting-errors or spurious and 
removed from analysis. Correlations of ADD-adjusted solutes and esti
mates unadjusted for consumption (i.e., from compliance data, ‘Cmed’) 
were assessed using ‘complete linkage’ hierarchical clustering via the 
‘corrplot’ package (v. 0.92, Wei and Simko, 2024) and for the selected 
solutes (free chlorine, hardness, nitrate, selenium, THMs).

2.5. Health outcomes

We used existing, historically collected, self-reported and clinic data 
to derive targeted health outcomes where available for each respondent 
(Table 1). Cardiovascular disease (CVD), CVD risk factors, eczema, 
cancer and gastrointestinal (GI) disease were all derived from answers to 
the question: ‘Has a doctor ever told you that you have/had any of the 
following conditions?’. Composite variables capturing similar condi
tions as a data reduction strategy were scored 1 for the presence of the 
disease and 0 for the absence. Frailty represents a measure of suscepti
bility to stressor events and is the age-associated accumulation of health 
deficit. We use a Rockwood derivation (Searle et al., 2008) of the Frailty 
Index, capturing 38 self-reported domains of health and disease. The 
latest available data were used (to 2020). Sarcopenia is the age-related 
loss of muscle and was captured at clinic visit, and defined as a binary 
variable (sarcopenia or no sarcopenia) based on EWGSOP2 cut-off 
values (Cruz-Jentoft et al., 2019). The muscle mass component was 
measured using DXA (Hologic Bone Densitometer QDR Horizon W, Se
rial Number 200884),

2.6. Statistical analysis

In addition to directly using the ADD-adjusted solutes as indicated in 
Table 1, we hypothesised that a composite measure of water consump
tion would provide a useful exposure measure for health outcomes. We 
replicated the clustering approach of Ascott et al. (2019) for our dataset 
of solutes from compliance data mapped to individuals, for both the 
unadjusted and adjusted measures. All variables were scaled prior to 
clustering via k-means with 10,000 starts. Centre numbers were esti
mated from scrutiny of elbow and silhouette plots via the ‘factoextra’ 
package (Kassambara and Mundt, 2020).

To understand associations with health outcomes, we used a step
wise approach. Binary health outcomes were analysed using poisson 
logistic regression, whereas frailty was analysed via linear regression, 
with frailty root-normalised prior to inclusion. Our tap water intake 
questionnaire focused on water consumed within the home, to be able to 
accurately map it to water supply zones. For this reason, we applied a 
crude stratification for individuals who were employed (and those more 
likely to spend time within the home. We therefore: 1. Analysed each 
health outcome in univariate models with the following predictors: ADD 
cluster membership, Cmed cluster membership, consumption of water 

Table 1 
Summary of health outcomes captured and their hypothesised association with 
tap water exposures based on literature review (please refer to Table S1).

Health outcome Phenotypes captured Hypothesised association 
with tap water exposure

Cancer Bladder, brain, breast, 
cervical, colonic, kidney, 
lung, oesophageal, ovarian, 
prostate, uterine and other 
cancer, lymphoma, 
leukaemia and skin 
melanoma

Increased likelihood 
associated with high 
exposure to THMs and nitrate

Cardiovascular 
disease (CVD)

Congestive heart failure, 
angina, atrial fibrillation, 
coronary heart disease, 
congenital heart disease

Increased likelihood 
associated with high 
exposure to nitrate 
Decreased likelihood 
associated with high 
exposure to hard water

Cardiovascular 
risk factor

Hypertension, high 
cholesterol, heart murmur

Increased likelihood 
associated with high 
exposure to nitrate 
Decreased likelihood 
associated with high 
exposure to hard water

Eczema Eczema Increased likelihood 
associated with presence of 
high exposure to hard water

Gastrointestinal 
disease

Ulcer, polyps, diverticular 
disease, gall stones

Nitrate is positively 
associated with health unless 
converted to nitrite; chlorine 
exposure disrupts the gut 
microbiota

Frailty 38 domains of health and 
disease relating to ageing 
resilience

Frailty is associated with 
environmental exposures 
over genetic

Sarcopenia Age-related loss of muscle Decreased likelihood 
associated with presence of 
high exposure to hard water 
and selenium
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(IngR) and the individual ADD-adjusted solutes hypothesised as pre
dictors (see Table 1); 2. Each health outcome in models of Cmed cluster 
membership adjusted for IngR (ADD solutes already consider this 
implicitly); 3. Models in 1 and 2 repeated, but stratified by employment 
status (Retired, fulltime caregiver, unemployed, homemaker vs 
employed and self-employed; hereafter referred to as ‘retired’ and 
‘employed’ strata), as a crude reflection of the time likely to be spent 
within the home; 4. Repeating the stratification in 3, but age adjusted. 
Where ADD or Cmed cluster were used as the predictor, the cluster with 
the largest membership was taken as the reference. We considered the 
number of independent tests to be twenty-five (stratified and adjusted 
models are not considered in this count) and therefore set an a priori 
significance threshold of 0.05/25 = 0.002.

3. Results

3.1. Evaluating temporal stability of UK drinking water

We evaluated compliance data mapped to our participants (sample 
year 2015) with more recent data. For each water quality parameter, the 
concentrations in 2023 were significantly correlated with the concen
trations in 2015 (p < 0.01 for all parameters, median correlation coef
ficient r = 0.80, see Fig. 1). Concentrations in 2023 were slightly higher 
than in 2015, although the relationship between 2015 and 2023 con
centrations was still relatively close to 1:1 (for all parameters, median 
gradient of linear regression slope between 2015 and 2023 concentra
tions = 0.78). The data for all parameters were non-normal in both 2015 
and 2022 (p < 0.01, Shapiro-Wilk test). For each water quality param
eter, variances were not significantly different between 2015 and 2022 
(p > 0.01, F test) with the exception of nickel, ammonium, antimony and 
selenium (p < 0.01, F test). There were no significant differences in 

mean concentrations of 7 (Total trihalomethanes, pH, total organic 
carbon, chloride, chlorine, nickel, nitrate) of the water quality param
eters between 2015 and 2022 (p > 0.01, Wilcoxon rank sum test with 
continuity correction). Except for nitrate (p = 0.05) and pH (p = 0.19), 
there were significant differences in the distributions of concentrations 
of the 14 water quality parameters between 2015 and 2022 (p < 0.01, 
ks-test).

This analysis suggests that whilst there may be differences in the 
means and distributions of individual water quality parameters between 
2015 and 2023, the overall spatial variability in concentrations between 
water supply zones (as indicated by the correlation analysis) remains 
broadly the same between 2015 and 2023.

3.2. Mapped compliance data

Compliance data was mapped to 1970 participants who responded to 
the water questionnaire, whose postcodes could be mapped within En
gland and Wales for the last 20 years and who had response data for at 
least one of the desired health outcomes (Table 2). Of these, 1865 in
dividuals had data available on their likely employment status for in
clusion in stratified analysis (see methodology). Included participants 
were located across the study area, including pairs of twins living in 
different Water Supply Areas (Fig. 2).

3.3. Differences in exposure estimated by concentration and by ADD

Fig. 3a demonstrates the correlation between solute concentrations 
extracted from the compliance sampling data and adjusted for con
sumption (ADD). As would be expected given the former feeds into the 
latter, there is high correlation between the different variables (Fig. 3a). 
However, paired non-adjusted and adjusted solutes were not 1:1 (e.g. 

Fig. 1. Concentrations of water quality parameters from 2015 and 2023 for 100 most populous WSZs in the five largest UK water companies with ≥ 3 participants 
used in this research.
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hardness Pearson's correlation = 0.68, p < 0.01), suggesting (as 
observed in Schillereff et al., 2024) that behaviourally driven differences 
in tap water consumption are likely influenced by the composition of 
that tap water. This changes the distribution of many of the variables 
observed within our sampling, such as water hardness (Fig. 3b). When 
clustering our variables via k-means, we found a two-cluster solution to 
best fit the ADD variables, and a five-cluster solution to best fit the 
concentration data (see supplementary Figs. S1 & S2); cluster 2 repre
sented the greatest number of individuals (n = 713) and so was releveled 
as the reference category in regression analysis. Two-sample Kolmo
gorov-Smirnov tests of key solutes adjusted and unadjusted (Fig. 3b) 
were all significant (p < 0.0001).

3.4. Associations with tap water composition and health are limited 
within our cohort

We found limited associations with health outcomes in our sample, 
with results inconsistent across stratified models, and few of our results 
passed multiple-testing correction (p = 0.002). Here, we report the 
modest results we did observe, without multiple-testing threshold 
applied. These results are summarised in Fig. 4. Cluster 3 of the Cmed 
solutes, characterised by increased levels of THMs, manganese, 
aluminium and chlorine compared to other cluster (Supplementary 
Fig. S2), and cluster 5, characterised by lower amounts of dissolved 
solutes, predicted a significant, increased odds ratio for CVD compared 
with other clusters in the employed strata in adjusted and unadjusted 
models (Employed strata, Cmed-3, OR: 5.52, 0.76–28.29, p = 0.049; 
Cmed-5, OR: 3.27, 1.17–11.52, p = 0.037; employed strata, age- 
adjusted, Cmed-3, OR: 5.69, 0.79–29.19, p = 0.045, Cmed-5 OR: 1.09, 
1.05–1.13, p = 0.03). However, this association demonstrate very wide 
confidence intervals was not replicated in unstratified models, or within 
the retired strata (see Fig. 4).

Within the employed strata, both ADD-adjusted Nitrate and ADD- 
adjusted hardness predicted greater odds for cardiovascular risk fac
tors (Nitrate ADD: OR: 2.19, 1.04–4.32, p = 0.03; Hardness ADD 
OR:1.25, 1.08–1.41, p < 0.002) but not the retired strata. Inclusion of 
age within these stratified models moderately modified the significance 
of these variables (Employed strata, Nitrate ADD: OR: 2.23, 1.04–4.5, p 
= 0.03; Employed strata, hardness ADD: OR: 1.28, 1.09–1.48, p <
0.002). The modest trend was reflected in the non-stratified models but 
were not significant (nitrate ADD OR: 1.02, 1–1.03, p = 0.07; hardness 
ADD OR:1.0, 1–1.01, p = 0.1). The observed association with hardness is 
the opposite direction to that hypothesised. We found ingestion rate 

(IngR) to be negatively associated with eczema in the non-stratified 
models (IngR OR: 0.86, 0.77–0.96, p < 0.01), although this was only 
tentatively replicated within the employed strata (Employed OR: 0.86, 
0.77–0.96, p = 0.055), with this association further modified with age- 
inclusion (Employed, age adjusted IngR, OR: 0.88, 0.75–1.018, p =
0.08). Odds of sarcopenia were reduced in association with ADD-cluster 
2 in unadjusted models (ADD-2, OR: 0.5, 0.27–0.86, p = 0.019) but there 
was only a moderate suggestion of association within the retired strata 
(ADD-2, retired, OR: 0.54, 0.27–0.98, p = 0.054) with age-adjusted re
sults suggesting this was partly due to age (ADD-2, age-adjusted, retired, 
OR: 0.57, 0.29–1.04, p = 0.08). Similarly, there was a trend of Cmed-3 
predicting greater odds of sarcopenia in retired individuals. There were 
too few individuals within the employed strata who had sarcopenia 
when split across the five clusters of unadjusted solutes for these odds to 
be estimated. Finally, there was a non-significant suggestion of ingestion 
rate positively predicting frailty in linear regression (Unadj, beta =
0.042, p = 0.065), and across the retired strata (Retired, beta = 0.056, p 
= 0.074; age-adjusted, beta = 0.059, p = 0.055).

3.5. Twin pair results

We used paired Wilcoxon rank sum tests to understand the difference 
of ingestion rate and hypothesised ADD solutes between twins discor
dant for each health outcome (Table 3). There was no significant dif
ference between twin pairs.

4. Discussion

We have successfully demonstrated an approach to adjust national 
compliance sampling data to account for intra-individual differences in 
exposure from tap water consumption. By combining data from a self- 
reported drinking questionnaire and publicly reported water chemis
try, our protocol provides a means to estimate individual daily dosage, 
as called for by recent reviews (Ward et al., 2018). Overall, we found 
limited evidence of significant associations between solute intake via tap 
water within the home and the investigated health outcomes. Many of 
our results show wide confidence intervals and this exploratory analysis 
should be interpreted with caution as a result. This could be inferred as a 
positive finding for UK public health on the basis that drinking water 
from household taps is safe regardless of consumption rate and solute 
composition, although more research is required.

Table 2 
Descriptive statistics of a. all participants (n = 1970), and by employment strata, and b. by health outcome.

2a. N Complete twin pair (n, % MZ) Age, years (x‾, σ) Sex (F, %) IngR L/d (x‾, σ)

Full sample 1970 512 (67.6) 60.4 (14.1) 1764 (89.3) 2.5 (1.1)
Employed 854 155 (75.2) 50.5 (13) 775 (90.8) 2.4 (1.1)
Retired 1011 222 (65.3) 69.3 (7.6) 903 (89.3) 2.6 (1.1)

2b. n Complete twin pair (n, % MZ) Age, years (x‾, σ) Sex (F, %) IngR L/d (x‾, σ) Employed (n) Retired (n)

Cancer Controls 1644 361 68.4 59.1 14.4 1465 89.1 2.4 1.2 766 782
Cases 295 23 73.9 67.6 9.2 270 91.5 2.5 1.1 74 212
CVD Controls 1530 328 68.3 58.4 14.3 1371 89.6 2.5 1.2 739 709
Cases 128 8 87.5 71 9.2 112 87.5 2.5 1.1 25 99
CVD RF Controls 1785 418 68.7 59.7 14.3 1597 89.5 2.4 1.1 806 893
Cases 82 4 75 68.7 8.2 71 86.6 2.6 1.2 19 53
Eczema Controls 483 49 71.4 61.9 12.8 452 93.6 2.6 1.1 204 257
Cases 252 21 76.2 55.6 15.8 230 91.3 2.3 1.1 137 103
Frailty FI < 0.25 1288 264 70.8 57.4 14.5 1132 87.9 2.4 1.1 655 570
FI > 0.25 671 91 65.9 66.4 11.1 621 92.5 2.5 1.2 191 438
GID Controls 1321 254 71.3 58.3 14.8 1173 88.8 2.5 1.1 642 608
Cases 406 40 75 66.1 10.1 366 90.1 2.5 1.2 117 271
Sarcopenia Controls 1039 279 64.2 69.2 6.1 925 89 2.5 1.1 208 791
Cases 73 6 66.7 72.5 6.9 66 90.4 2.5 1.2 11 59
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4.1. Dosage adjustment significantly affects solute distributions

We found that dosage adjustments have a significant effect on solute 
concentration distributions and individual estimated exposures 
(Fig. 2a). Our finding that ADD estimates for individual solutes in some 
cases correlate only moderately well with raw compliance sampling 

concentrations (see Fig. 2b) illustrates that dosage adjustment ought to 
be a key consideration in tap water - health research. Clusters also 
differed between ADD and non-adjusted solutes. Clusters for ADD- 
solutes were distinguished along a low-high dose estimate, whereas 
the non-adjusted subset generated five solutions (supplementary 
Fig. S2). Both differ from the three clusters found in Ascott et al. (2019)

Fig. 2. A map of individuals in this subset overlaid with clusters of water composition defined in Ascott et al. (2019). The centroid for each major water supply area 
is labelled.
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Fig. 3. a. Correlation and b. distributions of non-adjusted and adjusted (ADD) solutes.
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as we subset to the water supply zones as mapped to our participants.

4.2. Heath associations with personalised estimates of dose

Allocating risk to specific concentrations is non-trivial. For example, 
studies of nitrate and health outcomes use a wide range of percentile 

bands for nitrate concentrations in drinking water (e.g Picetti et al., 
2022; Schullehner et al., 2018; Stayner et al., 2021). Essien et al. (2022)
called for more consistent dosages to be analysed. Similarly, interna
tional guidelines on risk levels of a particular solute in drinking water do 
differ. For example, Kozisek (2020) highlights that countries in the EU 
take different approaches to regulating hardness in drinking water. 

Fig. 4. Modest results of logistic regression models within outcome-exposure analysis, for a. cardiovascular disease ~ unadjusted solute cluster (Cmed), b. car
diovascular disease ~ nitrate, ADD-adjusted, c. cardiovascular risk factors ~ hardness, ADD-adjusted, d. eczema ~ ingestion rate (L/d) e. sarcopenia ~ adjusted 
(ADD) solute cluster, e. sarcopenia ~ unadjusted solute cluster (Cmed). For clusters of unadjusted solutes (Cmed) cluster 2 had the most participants assigned, this 
was taken as the reference. There were too few individuals within the employed strata who had sarcopenia when split across the five clusters of unadjusted solutes for 
these odds to be estimated.
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Furthermore, baseline concentrations vary enormously between and 
indeed within countries due to environmental factors such as geology 
and historical water treatment policies. For example, nitrate concen
trations in drinking water in New Zealand ranged from below detection 
limits (< 0.01 mg/L) to 41.8 mg/L (Lin et al., 2023).

We observed some moderate health associations with ingestion rate. 
This raises the important consideration that the hydrating properties of 
water, and the act of drinking water, simultaneously influence health 
outcomes and reflect health behaviour. These effects are likely to be 
greater than those arising purely from ingesting the UK's regulated tap 
water. Similarly, our finding of a lower likelihood of eczema in associ
ation with higher ingestion rate could reflect the general preference of 
drinking softer water (Lanz and Provins, 2016) and therefore, eczema, 
which is exacerbated by dermal hardwater exposure (Lopez et al., 2022), 
is associated with lower dietary consumption in these areas and could 
therefore be confounding the association. Consequently, the ADD 
adjustment of hardness in the corresponding model may not have been 
appropriate in this instance. Furthermore, the suggestion of higher 
ingestion rate predicting frailty (in the absence of similar associations 
observed with clusters/solutes) could reflect the greater amounts of time 
frailer older adults spend indoors.

Indeed, there are many considerations to contemplate in effectively 
estimating water consumption in large numbers of individuals without 
direct measurement. Our questionnaire purposefully considers tap water 
within the home and therefore we included a crude stratification to ac
count for the assumed differences in time spent at home versus outside 
the home. Future questionnaires should capture volumes drunk outside 
the home and daily time diaries. Our need to stratify in this manner 
lowered the number of cases (individuals with a disease) within each 
strata and thus limited statistical power. We did not specifically recruit 
twins discordant for outcome, which provides a powerful case-control. 
We undertook a post-hoc power analysis (using G*Power) to estimate 
the optimum number of participants required for the modest effect sizes 
we observed. For ADD-adjusted hardness in the CVD risk factor paired 
analysis, we used the mean, standard deviation, and correlation of the 

discordant twin groups, along with our sample size of 66 individuals (33 
discordant twin pairs), and only achieved a power of 0.48. Achieving a 
power > 0.80 for this variable would have required 160 individuals, or 
80 matched pairs. Relatedly, our significant observations of Hardness 
ADD and CVD risk factor within the employed strata are likely due to the 
low number of individuals within this group (19 of 832). Given our need 
to stratify (see Methods), and assuming similar differences in means, we 
were likely underpowered in the cross-sectional analysis for CVD, CVD 
risk factors, eczema, and sarcopenia.

4.3. Strengths and limitations

There are some strengths to our approach. Firstly, we computed in
dividual exposure levels to multiple solutes for 1970 participants. Very 
few papers amongst the vast drinking water - health literature have been 
able to conduct such granular analysis (e.g., Ward et al., 2018). Leurs 
et al., 2010 is one of the few to calculate individual exposure from a 
dietary questionnaire and found no evidence of a significant association 
between tap water Ca, Mg or total hardness and IHD / stroke mortality. 
For outcomes where some sort of risk or protective threshold exists (e.g. 
magnesium concentrations), knowing the percentage of the population 
who consume above or below said threshold is crucial but rarely known. 
Gillies and Paulin (1983) were amongst the first to point out that large 
differences in individual tap water consumption could explain the mixed 
results in drinking water epidemiological studies. Temkin et al. (2019)
developed an exposure metric for the US population but this was model 
derived rather than a survey of individuals. The wide variance in tap 
water consumption within and between countries (Guelinckx et al., 
2015; Schillereff et al., 2024) makes generalisations problematic.

Second, we were able to investigate multiple solutes and health 
outcomes within the same analytical framework. Many epidemiological 
studies involving drinking water focus on single solute – outcome pairs. 
That is understandable given the scale of data collection and complexity 
of disentangling causal mechanisms. Whilst we don't explicitly test for 
interactive effects of one contaminant on another, our approach will 
enable such investigations. Our approach addresses the requirements for 
adequate exposure assessment set out by Schullehner et al. (2018).

There are also some important limitations. Cohort studies such as 
ours are subject to selection biases and rarely representative of a pop
ulation (in our case, England and Wales). Equally, the means to estimate 
personalised exposures, draw direct linkage of individual data to spatial 
datasets and access to more detailed health data (e.g. omics) are ad
vantages over ecological studies using area-level data. Furthermore, 
other factors contributing to the health outcome may be spatially 
correlated with our measured environmental variable – water compo
sition. This could explain our CVD risk factor associations with ADD- 
adjusted variables within the employed strata. This was by far the 
strongest signal in our analysis yet is particularly intriguing and tricky to 
explain because the association is opposite to previous studies. Previous 
work on CVD (such as heart failure, heart attack) and CVD risk factors 
(such as hypertension, high cholesterol and heart murmur) tends to 
observe hardness as protective. For example, some observed effects at 
high Ca and Mg concentrations or increased mortality risk under 
particularly low concentrations (Gianfredi et al., 2016). Results are 
mixed, however. Other work found no significant relation (Leurs et al., 
2010), including a study of nearly 1,500,000 residents in northwest 
England (Maheswaran et al., 1999).

Age is likely to be key contextual factor. Whilst our previous work 
(Schillereff et al., 2024) showed that age is not predictive of consump
tion rate in stratified models, age is of course an important inclusion 
given that the health outcomes explored in our study are generally 
associated with increasing years. The opt-in nature of our cohort means 
that age could also confound associations. For instance, differences in 
age demographics by water area were not part of our spatial sampling 
design (supplementary figure). Whilst many within-strata observations 
were only moderately attenuated by the inclusion of age, it ought to be a 

Table 3 
Results of paired tests for twins discordant for health outcome and drinking 
water related predictor. IngR = Ingestion rate, ADD = Average Daily Dose.

N pair discordant Predictor Result (p- 
value)

CVD 34 of 376 IngR 0.97
Nitrate.ADD 0.6
Hardness 
ADD

0.82

CVD RF 33 of 463 IngR 0.56
Nitrate.ADD 0.4
Hardness 
ADD

0.34

Eczema 33 of 103 IngR 0.07
Selenium 
ADD

0.76

Hardness 
ADD

0.48

Sarcopenia 20 of 305 IngR 0.95
Hardness 
ADD

0.7

Selenium 
ADD

0.14

Turbidity 0.55
Gastrointestinal 

disease
109 of 410 IngR 0.74

pH 0.28
Nitrate 0.41
Free chlorine 0.78

Cancer 114 of 505 IngR 0.55
Nitrate 0.71
THMs 0.34

Frailty 28 of 516 (strict 
discordance)

IngR 0.58
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key consideration for researchers adapting similar sampling strategies.
Some of our health outcomes could reflect small, chronic effects that 

are hard to detect. For example, Schullehner et al., 2018 flag the need for 
long-term studies with large populations to assess links between nitrate 
and colorectal cancers. Whilst our study advantageously made use of 
detailed historical health data and changing estimates of exposure from 
postcode histories, we did not have historical data on either water 
compliance sampling nor drinking habits. Collecting an intra-individual 
measure of changes in ingestion rate with age could be a powerful 
addition to this work. Furthermore, we used aggregated, binarized 
health measures. In future, using health outcomes that reflect more 
variance in health (e.g. continuous biomarkers) could reveal associa
tions not captured here, and permit a more detailed study of the un
derlying biological mechanisms.

Our calculations of individual consumption are still dependent on 
spatial accuracy. Compliance data are reported for each water supply 
zone, which encompass up to 100,000 people. We have not, however, 
measured water composition that comes out of the tap at each house
hold. Modification by household pipes and/or beyond the final 
compliance monitoring point is a possibility. Pipes in the UK still contain 
lead, for example, and phosphorus is added to mitigate these effects 
(Gooddy et al., 2015). Reassuringly, a study in Sweden found a strong 
correlation between the chemistry at water supply works and samples 
measured from household taps (Rosenlund et al., 2005). Leurs et al., 
2010 also highlight this concern, but point out that Mg concentrations in 
water is unlikely to be affected within the distribution network.

5. Conclusion

We have developed and successfully applied a method to estimate 
individualised daily dosage of solutes from drinking tap water for 
studying consumption - health outcome linkages. Adjusting for personal 
intake overcomes a frequent concern in the drinking water exposure 
literature that area-level studies do not account for differences in in
dividuals' behaviour. Our approach integrates publicly reported tap 
water chemistry data for England, volumes of drinking water con
sumption for 1970 twins and their individual historical health records. 
We found, after dosage adjustment, limited evidence of significant as
sociations to UK drinking water composition. We also found no statis
tical differences between twin pairs discordant for each health outcome. 
Considered together, these generally null results could reflect a public 
health success of the relative safety of drinking water in the UK, 
although further studies on chronic exposures and more sensitive bio
markers as health outcomes in larger, more generalisable populations 
are needed to confirm this. Importantly, our data do show that dosage 
adjustments significantly change the distribution of solute consumption. 
This strongly implies that future studies should take steps to account for 
differences in dietary exposure between individuals and across the life 
course.

Abbreviations and acronyms

ADD Average Daily Dose
AT averaging time (days)
BW body weight (kilograms)
Cmed the concentration of the contaminants in medium (mg/L)
CVD Cardiovascular disease
CVD RF Cardiovascular disease risk factor
ED Exposure Duration (years)
EF Exposure Frequency (days/year)
IngR Ingestion Rate (L/day)
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