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Abstract

The occurrence of environmental clusters of chronic kidney disease of uncertain
aetiology (CKDu), where there is no known cause for the onset of kidney dysfunc-
tion, is a concern globally. Waterborne exposure pathways in the environment may
result in indirect or direct ingestion of trace elements with potential health risks.
This research examines the relationship between standardized incidence rates
(SIRs) of CKDu and the log-ratio balances of potentially toxic elements (PTEs) in
regional stream water. Compositional elemental balances were created and regres-
sion was used to identify the balances most associated with log-transformed SIR
CKDu. At the regional scale, a statistically significant relationship was found be-
tween log(CKDu SIR) and the elemental balance Al/As which effectively delineates
different geological domains across Northern Ireland. Following stratification by
basalt bedrock (the dominant bedrock geology for SIR CKDu), the balance Al/Fe
was identified as significantly associated with log(CKDu SIR). Superficial deposits,
dissolved organic carbon and pH may act as controls on the balance of Al and Fe.
With a high proportion of private water supplies registered in these areas, this re-
search highlights the importance of considering bedrock geology and superficial
deposits in understanding multi-element interactions of waterborne environmental
toxins and potential links with environmental clusters of CKDu.
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tors related to chronic kidney disease of uncertain aetiology included in this Zest-
schrift. It represents an exciting field of innovative research where an acknowledge-
ment of CoDA principles is vital if we are to understand fully the critical
relationship between our health and the environment.

Introduction

The World Health Organization [1] divides naturally occurring elements into
three groups based on their nutritional significance in humans: 1) essential elements
(Iodine (1), zinc (Zn), selenium (Se), copper (Cu), molybdenum (Mo) and chromium
(Cr)); 2) elements which are probably essential (manganese (Mn), silicon (Si),
nickel (Ni), boron (B) and vanadium (V)); and 3) potentially toxic elements (PTEs),
some which may have essential functions at low levels (lead (Pb), cadmium (Cd),
mercury (Hg), arsenic (As), aluminum (Al), lithium (Li) and tin (Sn)). However,
individual elements or single component values may not be the most appropriate
way to evaluate the risk to human health. An inherent assumption is that elemental
data, such as geochemical data, represent absolute abundances. The WHO [1] rec-
ognizes that multi-element interactions can increase the bioavailability or modify
the metabolism of both essential and potentially toxic trace elements (PTEs). There-
fore, a multivariate approach is more suitable to investigate the relationship between
human health and elements in the environment. However, because of the composi-
tional nature of geochemical data single elements cannot be compared directly with
one another. An alternative approach is presented here, using compositional data
analysis (CoDA). In particular, the relation between standardized incidence rates
(SIRs) of chronic kidney disease of uncertain aetiology (CKDu) and the log-ratio
balances of PTEs in regional stream water is explored.

Several factors are known to cause chronic renal disease (CKD) including age, eth-
nicity and pre-existing medical conditions [2,3,4,5,6] However, reporting of envi-
ronmental clusters of CKDu has increased globally to such an extent that a WHO
special task force was set up to investigate the incidence of CKDu without known
risk causes [7,8,9,10,11,12,13,14]. The UK renal registry (UKRR) reports data for
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nine different identifiable primary renal diseases (PRD) - diabetes, glomerulone-
phritis, hypertension, polycystic kidney disease, pyelonephritis, renal vascular dis-
ease, other, missing and uncertain aetiology. Variation between renal centres cannot
account for the significant percentage of cases of uncertain aetiology recorded (e.g.
29.4% of patients’ in 2017 were identified to diabetes and 14.9% to uncertain aeti-
ology [15]. The environmental causes of CKDu, require investigation to address the
global issue of geographic clusters of CKD where there is no known cause for the
onset of kidney dysfunction. The causes of CKDu are most likely multifactorial
[13]. Environmental factors that may cause CKDu, including the role of environ-
mental nephrotoxins such as As, Hg and Pb [16] and toxic organic compounds from
coal [17], require further exploration as these factors may also contribute to the het-
erogeneity of other causes of progressive CKD in diabetes and hypertension.

Bedrock and superficial geology have been shown previously to be important po-
tential geogenic sources of PTEs in soils and stream waters across Northern Ireland
[18,19,20,21]. Previous research using the UK Renal Register (UKRR) and envi-
ronmental data is limited [22,23,24]. Jackson et al. [22] used a compositional Pois-
son regression approach and highlighted the interaction between essential elements,
PTEs and potential associations with CKDu. McKinley et al. [23] investigated the
use of compositional balances in a study of urban soils and found geogenic and
anthropogenic signatures related to CKDu, while McKinley et al. [24] explored the
underlying causes of CKDu using social deprivation and environmental factors. In
this research, compositional balances were used to explore the water borne exposure
pathways using geochemical stream water elemental data to represent potential
health risks associated with indirect or direct ingestion of trace elements locally.

Study Area and Data

Study Area

Northern Ireland straddles three geological terrains referred to as the Central High-
lands (Grampian) Terrane, Midland Valley and the Southern Uplands-Down-Long-
ford Terrane (Fig. 1A; [25]). Mid-to-late Neoproterozoic rocks of the Dalradian su-
pergroup including clastic marine sediments, basaltic magmatism, volcaniclastic
sediments and turbidites, comprise most of the Central Highlands (Grampian) Ter-
rane. These rocks experienced regional metamorphism. The Midland Valley Ter-
rane comprises distinct geological units bounded by faulting, including an early Pal-
aeozoic igneous complex and Proterozoic psammites and pelitic rocks, which have
experienced different folding phases and metamorphism. Continental Devonian red
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bed sediments and marine Carboniferous sediments overlie the Midland Valley Ter-
rane in the south of the country. The Southern Uplands-Down-Longford Terrane is
composed of Ordovician and Silurian rocks with a younger igneous intrusive com-
plex. Permian, Triassic, Jurassic and Cretaceous rocks are overlain in the North
West of the country by Palacogene basalt lava. At least 80% of the bedrock is cov-
ered by superficial deposits including glacial till, post-glacial alluvium and peat
(summarized from [25,26]).
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Fig.1 A) Simplified geology of Northern Ireland (provided by Geological Survey of Northern Ire-
land (GSNI), [26]). B) Standardised Incidence Rates (SIRs) for patients starting Renal Replace-
ment Therapy (RRT) between 2006-2016, by Super Output Areas (SOAs) for Chronic Kidney
Disease of uncertain aetiology (CKDu).
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Chronic Kidney Disease of uncertain aetiology (CKDu)

The UKRR provided Standardised Incidence Rates (SIRs) for patients starting Renal Re-
placement Therapy (RRT) between 2006-2016, by Super Output Area (SOA). Data were
grouped by age brackets and for uncertain aetiology (CKDu; Fig. 1B) for the 890 SOA
administrative wards across Northern Ireland. The SIR for a SOA is a measure that quan-
tifies the relationship between the actual incidence in the SOA and the expected incidence
based on that of Northern Ireland as a whole. SIRs of exactly 1 indicate that the incidence
of CKD for a SOA is equal to that expected based on Northern Ireland’s average age-
specific incidence rates. SIRs above 1 indicate that the incidence of CKD for a SOA is
greater than expected and SIRs below] indicate that the incidence for a SOA is lower
than expected based on the Northern Ireland’s average age-specific incidence rates.

Stream water geochemistry

This research used a regional geochemical survey of Northern Ireland's stream wa-
ters, completed by the Geological Survey of Northern Ireland (GSNI) and the Brit-
ish Geological Survey (BGS). Sampling and quality control were undertaken ac-
cording to the G-BASE protocol of BGS. Stream waters were sampled in 1994-96
(2,908 sites in the west) and in 2004-06 (2,966 sites in the east). The sampling dis-
tribution averaged one site per 2.4 km?. The samples were analysed by ICP MS (ug
I'!; trace element analysis) and ICP-AES (mg I''; anion analysis). The GSNI and
BGS confirm that the complete stream water dataset can be used with confidence
that element variability is attributable to natural or anthropogenic sources as op-
posed to analytical instrumentation or temporal variations [27]. For this study all
stream water data were converted into ug 1''. The GBase protocol was followed
where a sample below the detection limit (DL) was replaced with a value of half the
DL [27]

Methodology

In CoDA, a balance can be defined as corresponding to the normalized difference
in means of the log-transformed abundances between two sub-compositions
[28,29]. The concept of balances between two groups of components of a composi-
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tion provides an interpretable way to identify components (or geochemical ele-
ments) whose relative abundances may be associated with a response variable. Sev-
eral approaches to select balances are available, which may be grouped as data- or
knowledge-driven approaches within a compositionally-compliant context
[30,28,29,32,33]. Previous research has investigated the application of CoDA to
water chemistry [31] and complex aqueous geochemical systems [34,35,36,37]. A
forward-selection method, called the se/bal algorithm has been proposed by Rivera-
Pinto et al. [38]. A description of the selbal procedure is given here but for full
details readers are referred to studies on the development of this approach [38,39].

The selbal algorithm performs a stepwise multiple linear regression using forward
selection where variables are included sequentially at each step, starting with a bal-
ance including 2 variables to the maximum number of variables possible. At each
step, a new variable is added to the existing balance so that the specified association
criterion is maximized. The algorithm stops when none of the possible additions
increases the current association. An n-fold cross-validation (CV) procedure pro-
vides the strength of association or discrimination value for each balance. In the CV
procedure, at each iteration (20 iterations were used in this research), the data are
subdivided into n disjoint subsets whose union is the entire set and each of the n
subsests is used as a test set with the associated training set comprised of the re-
maining (n — 1) folds. Then the selbal algorithm is applied to the training dataset

and the optimal balance from the maximum number of variables is obtained.

The classification accuracy (mean squared error (MSE) in this case) of these bal-
ances is measured on the test dataset. Since there are 20 iterations and » folds for
each number of variables of the balance, the mean MSE and standard error can be
computed. The “optimal number” of elements to be included in the balance is de-
fined as the least number of variables for which the mean MSE of the balance is
within 1 standard error of the minimum mean MSE. As described by Rivera-Pinto
[39], this is similar to the cross-validation process in LASSO for finding the optimal
penalisation parameter lambda [40]. Once the “optimal number” of elements has
been determined, this defines what is termed the global balance. The CV results are
used to explore the robustness of the global balance, that is, the selbal algorithm is
applied to the whole dataset with the specification that the maximum number of
components in the balance is the “optimal number” of elements as defined above
by the MSE. All of the balances, which meet the MSE requirement, obtained in the

cross-validation process are compared then with the global balance. Output tables
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provide the relative frequency of the different balances obtained in the CV process
and the proportion of times that each element has been included into a balance.

This approach has been used previously to identify urban soil geochemical elements
whose relative abundances indicate geogenic and anthropogenic sources of PTEs
associated with elevated incidences of CKDu [23] and demonstrated for CKD data
with urban soil geochemistry and social deprivation indices [24].

Data preparation

The stream water geochemistry data were tagged to the SIRs of CKDu and the ge-
ometric mean was calculated for each Super Output Area (SOA). Initially, the rela-
tionship between CKDu and a subcomposition of the stream water geochemistry
was explored for all SOAs with CKDu across Northern Ireland (109 SOAs). The
subcomposition comprised 14 PTEs identified in the WHO report (Al, As, Cd, Cr,
Cu, K, Mn, Mo, Ni, Pb, Se, U, V and Zn) and the anions (Ca, Fe, Mg, Na and Si).
As the incidence of CKDu is spatially variable across the country (Fig. 1b), the
stream water geochemical data were tagged to geology using a simplified geology
scheme provided by GSNI. As a high proportion of SIRs of CKDu were found to
overly basalt bedrock (58 SOAs), this class only was used for further analysis. The
other geological domains were not explored further in this research due to limited
SIRs of CKDu reported for the SOAs.

Balance approach

Two approaches were used. The first approach was the forward-selection method
using the selbal algorithm. A 5-fold cross-validation (CV) procedure was used to
identify the set of balances. An associated generalised linear regression model
(GLM) was used to calculate the mean response based on the balances identified in
the parameter estimation step. The second approach used the isometric log-ratio (ilr)
of the subcomposition based initially on a sequential binary partition (SBP) and
secondly using an ilr balanced approach, both using the R package compositions
[41]. GLM regression was used to examine any potential relationship between
CKDu SIRs and the stream water geochemistry.
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The two compositional balance approaches (log-transformed using the selbal cross-
validation option; and ilr transformed using an SBP approach and ilr balanced ap-
proach) and the environmental elemental variables were used to identify the ele-
mental balance with the greatest association with log-transformed CKDu SIR using
the 2006-2016 UKRR SIR data.

Spatial Dependence

Regression models assume independence between the observations. However, this
assumption may not be valid for spatial data [42, 43]. To assess the nature of the
impact of spatial autocorrelation in this research Moran’s / test statistic was used to
test for spatial autocorrelation in the residuals computed from the regression models
for the regional geology and basalt case studies.

Table 1. Summary of regression results for Standardised Incidence Rates (SIRs) for Chronic Kid-
ney Disease of uncertain aetiology (CKDu) and elemental balances. Only significant statistical
results are shown.

Dependent .
. Estimate Std. Error t value  Pr(>|t))  p value
variable
Regional study
log(CKDu SIR)
Selbal Intercept 0.7015 0.0987  7.106 1.34E-10 <0.001
Global Balance Al/As  0.1587 0.04164 3.81 0.00023  <0.001
SPB ilrbase  Intercept -1.3510 1.6997 -0.795  0.4288
ilrl Al/As -0.1788 0.0958 -1.865 0.0654 0.1
ilr balanced  Intercept -1.3510 1.6997 -0.795  0.4288
ilr 1 AVAs -0.1788 0.0958 -1.865 0.0654 0.1
Basalt bedrock
log(CKDu SIR)

Selbal Intercept 1.5525 0.1457 10.654 4.38E-15 <0.001
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Global Balance Al/Fe

SPBilrbase  Intercept

ilr17 Na/(Al, As, Cd, Cr,
Cu, K, Mn, Mo, Ni, Pb,
Se, U, V, Zn, Ca, Fe,
Mg)

ilr balanced ilr

Basalt bedrock
(reordered ele-
ments)
log(CKDu SIR)
Selbal Intercept
Global Balance Al/Fe
SPBilrbase  Intercept
ilr3 Na/(ALFe,Cr)
ilr4 Mo/(Al,Fe,Cr,Na)
ilr balanced  Intercept

ilr2 (Na/Cr)

0.2610 0.0847  3.081 0.0032
-5.6935 42771  -1.331  0.1909
1.4652 0.6212  2.359 0.0234
No balances

found to be sig-

nificant

1.5525 0.1457  10.654

0.26099 0.0847  3.081 0.0032
-5.6935 42771  -1.331  0.1909
1.2603 0.5515  2.285 0.0278
-0.5833 02511 -2.323  0.0255
-5.6935 42771  -1.331  0.1909
1.0755 0.4870  2.208 0.0332

0.001

0.05

4.38E-15 <0.001

0.001

0.01

0.01

0.05
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Results

Regional geology study

For the regional study using the selbal approach, the elements most frequently iden-
tified as the global balance in the CV procedure, and therefore most associated with
log(CKDu SIR) were As appearing 90% and Al appearing 74% of the time (Fig. 2A
and b). In addition to the global balance of Al/As, the balances of Na/As and Na/Mo
were also identified in the CV procedure. Only the global balance Al/As was found
to be statistically significant (Table 1, Fig. 3: significance level <0.001). The bal-
ance between As and Al was also identified using the SBP (ilr base) and the ilr
balanced approaches (Table 1; both showed a significance level of 0.1). To assess
the impact of spatial autocorrelation on the regression models, Moran’s / test statis-
tic was used to test the residuals computed from the regression models. The Moran’s
Index for the residuals was found to be not significantly different from random (Mo-
ran’s Index -0.008782; z-score: 0.009158; p-value: 0.992693).
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Regional Simplified Geological Lithology
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Fig. 2. Results of the forward-selection method using the se/bal algorithm for (Super Output Areas
(SOAs)) Standardised Incidence Rates (SIRs) of Chronic Kidney Disease of uncertain aetiology
(CKDu), for regional study A) Mean squared error (MSE) as a function of the number of compo-
nents included in the balance. The optimal number of components is highlighted with a vertical
dashed line; B) The balance identified with the whole dataset is the most frequently identified in
the cross-validation (CV) procedure and global balance and other balances identified in CV pro-
cedure.
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All simplified geological lithology
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Fig. 3. Generalized Linear model regression (GLM) summary for log(SIR_CKDu) with regional
stream water data (all simplified geological lithology) for global balance Al/As; A) Residual vs
Fitted; B) Normal Q-Q plot; C) Scale Location and D) Residuals vs Leverage.

Stratified study for basalt bedrock

Following stratification by basalt bedrock geology, a different association is indi-
cated between log(CKDu SIR) and stream water geochemistry. The results for
log(CKDu SIR) identified the balances Al/Fe (global balance with Al appearing
92% and Fe appearing 91% of the time, respectively), Pb/Fe and Na/Mo most fre-
quently in the CV procedure (Fig.4C and D). Regression (using GLM) suggested a
correlation between log(CKDu SIR) and the global balance Al/Fe (Table 1, Fig 5;
significance level of 0.001). To assess the impact of spatial autocorrelation on the
regression models, Moran’s [ test statistic was used to test the residuals computed
from the regression models. The Moran’s Index for the residuals was found to be
not significantly different from random (Moran’s Index -0.008782; z-score:
0.009158; p-value: 0.992693).

Using the SBP (ilr base) approach only a large balance which included all elements
against Na was found to be significant (level 0.05) and no statistically significant
relationship was found between log(CDKu SIR) and any elemental balances using
the ilr balanced approach. The composititional dendrograms shown for the SBP (ilr
base) and ilr balanced approach (Fig 6A and 6B respectively) show the difference
between the two ilr approaches on partitioning of the elements.
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Basalt Lithology
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Fig. 4. Results of the forward-selection method using the se/bal algorithm for (Super Output Areas
(SOAs)) Standardised Incidence Rates (SIRs) of Chronic Kidney Disease of uncertain aetiology
(CKDu), for basalt bedrock A) Mean squared error (MSE) as a function of the number of compo-
nents included in the balance. The optimal number of components is highlighted with a vertical
dashed line; B) The balance identified with the whole dataset is the most frequently identified in
the cross-validation (CV) procedure and global balance and other balances identified in CV pro-
cedure.

To test the impact of the ordering of elemental variables in the analysis, the balances
identified using the selbal approach were used (a knowledge-driven approach) to
reorder the elements and all CoDA balance approaches were investigated. The ele-
ments were re-ordered as Al, Fe, Cr, Na, Mo, Cu, K, Mn, Ni, Pb, Se, U, Zn, V, As,
Cd, Ca, Mg and Si. The results obtained using the selbal approach did not change
with all balances and associated statistical significance remaining the same (signif-
icance level 0.001 for global balance Al/Fe). The dendrograms shown for the SBP
(ilr base) and ilr balanced approach (Fig 6C and 6D respectively) demonstrate the
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impact for reodering the elements on the partitioning process. Reordering the ele-
ments using the SBP approach identified a statistically significant relationship with

log(CKDu SIR) for  the balances \E log <L> and

(AlxFexcr)1/3
\/élog (WZW) (Table 1 SBP ilr 3 and ilr 4; both showed a significance
level of 0.05). Using the ilr balanced approach, only the balance of Na/Cr had a
significant relationship with log(CKDu SIR) (significance level 0.05).
Basalt lithology
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Fig. 5. Generalized Linear model regression (GLM) summary for log(SIR_CKDu) with stream
water data for basalt lithology (bedrock) for global balance Al/Fe; A) Residual vs Fitted; B) Nor-
mal Q-Q plot; C) Scale Location and D) Residuals vs Leverage.
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Fig. 6. Compositional dendrograms for stream water geochemistry data for basalt bedrock showing
A) SBP (ilr base), B) balanced ilr approach; for reordered elements C) SBP (ilr base) and D) bal-
anced ilr approach.

Discussion

The regional distribution of Al in Northern Ireland is described as directly con-
trolled by geology and terrain [27]. High relative concentrations of Al are associated
with pH values >7 and high levels of dissolved organic carbon, both promoting Al
in solution in stream waters. Superficial deposits of peat with lower pH values and
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high dissolved organic carbon are likely to be responsible for enhancing the solu-
bility of Al. Likewise, the relative concentration of As in stream waters is strongly
controlled by bedrock geology and the composition of superficial deposits [26].
Higher relative amounts of As are found in the Dalradian supergroup and over De-
vonian and Carboniferous bedrock (Fig.1). Lower relative amounts are found asso-
ciated with the Palaeogene Mourne mountain complex and Antrim Lava group. The
elemental balance identified in the selbal approach categorizes the diversity in the
geological foundation of Northern Ireland and the impact of superficial deposits.
Further research into the association between CKDu SIR, bedrock geology and su-
perficial deposits through these preliminary findings cannot be confirmed without
controlling for other effects (e.g., soil PTEs and socio-economic factors; [24]).
However, the significant association found between log(CKDu SIR) and the ele-
mental balance of Al/As in stream waters may indicate that, where indirect or direct
ingestion of trace elements occurs through waterborne exposure pathways, there is
a potential health risk in terms of CKDu. A major factor in waterborne exposure
pathways is whether households have access to public water supply though the wa-
ter mains network or via private supplies [44]. The distribution of registered private
water supplies as reported by NIEA [44] coincides well with basalt bedrock. The
distribution of registered private water supplies across Northern Ireland and espe-
cially in the northwest of the country suggests that in these areas there is greater
potential for indirect or direct ingestion of PTEs. Groundwater flow, residence time,
topography, climate and land use are all controls on stream water chemistry [45].
However, the chemical composition of the bedrock and superficial geology of the
different environments, through which the streams pass, will impact stream waters.
Therefore, it is a reasonable assumption that stream water geochemistry can provide
an indication of the chemistry of private wells. An elemental balance of Al/Fe in
stream waters is identified as significantly associated with log(CKDu SIR) for areas
underlain by basalt bedrock. These elements are considered essential for human
health at different levels (Al can be considered essential at low levels). However
soluble Al is also known to be a risk for human health including patients on dialysis.
The Palacocene Antrim lava Group on the Antrim Plateau shows a wide variation
in relative Al concentrations in stream waters, whereas Fe concentrations are found
to be higher over the Upper Basalt Formation. Higher relative concentrations for
both Al and Fe are recorded for streams draining the outcrop of Dalradian metased-
iments in northeast Antrim. The pH of soils and land through which the waters pass
and the organic carbon of the cover are major factors in the solubility and mobility
of elements [46]. Higher relative concentrations of Al on elevated areas are coinci-
dent with upland peat cover with lower pH values which enhances the solubility of
Al in stream waters. Fe has relatively low mobility under most environmental con-
ditions but is affected by redox conditions [47]. This can result in very high dis-
solved Fe loadings in streams draining peatland or other acid reducing situations
[46]. Iron coatings on minerals can exert controls on the surface geochemistry of
other elements including As and Mo [48]. Previous studies have considered the
chemical factors controlling Al bioavailability and toxicity in aquatic environments
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and the importance of multi-element interactions [49]. The role of superficial de-
posits (with peat providing higher dissolved organic carbon and reducing pH and
Quaternary glacial tills moderating the solubility of Al) as a control on the balance
of Al and Fe and any potential link with CKDu needs to be explored further.

There has been much debate on how to interpret compositional balances
[23,24,30,31,33,34,35]. Several considerations on the interpretation of composi-
tional balances have arisen from this research. It is widely recognized that while a
data-driven approach for exploratory data analysis may be helpful, the ordering of
elements for SBP and an ilr balanced approach does impact the results. The results
from this research suggest that one should consider carefully the ordering of ele-
ments and use an informed knowledge driven approach when using a SBP ilr base
approach. Subtle changes in the dendrogram were shown in the balanced ilr ap-
proach (Fig 6). This research found the selbal forward selection approach to provide
consistent and interpretable results to identify ‘the most significant balances’ most
associated with log-transformed SIR CKDu. While it is acknowledged that further
work needs to be done controlling for other factors, such as exposure pathways,
spatial dependence, environment and social economic demographics, the balance
approach shown provides a direction for further research. The approach provides a
framework for investigating the importance of multi-element interactions of both
essential and potentially toxic trace elements in understanding the environmental
clusters of CKDu.

Conclusions

The relationship between standardized incidence rates (SIRs) of CKDu and stream
water geochemistry was explored through the use of log-ratio balances of poten-
tially toxic elements (PTEs). Several CoDA approaches using balances (a forward
selection procedure using a selbal algorithm, SBP and ilr balanced approaches) were
used to identify the elemental balances most associated with log-transformed SIR
CKDu. At the regional scale, a statistically significant relationship was found be-
tween log(CKDu SIR) and the elemental balance Al/As. This elemental balance
characterizes different geological domains across Northern Ireland. Following strat-
ification by basalt bedrock (the dominant bedrock geology for SIR CKDu), the bal-
ance Al/Fe was identified as significantly associated with log(CKDu SIR). Controls
on the relative amounts of Al and Fe in stream waters include bedrock geology,
superficial deposits, amount of dissolved organic carbon and pH. The findings sug-
gest that bedrock geology and superficial deposits play an important role as controls
in the availability of environmental toxins with a potential health risk in terms of
CKDu, where indirect or direct ingestion of trace elements occurs through water-
borne exposure pathways.
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