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A B S T R A C T

This research uses an urban soil geochemistry database of elemental concentration to examine the potential
relationship between Standardised Incidence Rates (SIRs) of Chronic Kidney Disease (CKD) of uncertain aetiology
(CKDu), and cumulative low level geogenic and diffuse anthropogenic contamination of soils with PTEs. A
compositional data analysis approach was applied to determine the elemental balance(s) of the geochemical data
showing the greatest association with CKDu. The research concludes that both anthropogenic and geogenic
factors may be contributing influences to explain high incidences of CKDu, up to 12 times greater in some Super
Output Areas (SOAs) than would be expected for the average population. The role of As, Cr, Cu, Pb, Sb and Mo
was highlighted, which may be linked to anthropogenic sources such as historical industrial sources, atmospheric
pollution deposition and brake emissions. Geogenic factors were shown to be important in areas with elevated
relative concentrations of naturally occurring potentially toxic elements (PTEs).
1. Introduction

An increasing amount of digital spatial data is available through
geoscience surveys including sub-continental scale and regional scale
ground-based geochemical baseline surveys and an ongoing global
geochemical baseline survey. These have been used for a range of pur-
poses including geological and soil mapping, baseline environmental
quality documentation, mineral prospecting, soil resource management,
human health risk evaluation, environmental education, land use plan-
ning and detection of contaminants. Such datasets enable the exploration
of relationships between health outcomes and naturally occurring ele-
ments in soil and water such as potentially toxic elements (PTEs),
particularly to inform our understanding of the links between chronic
disease and cumulative exposure.

The data provided by geochemical surveys pose many challenges for
accurate analysis and interpretation. The most well-known of these is the
fact that geochemical data are compositional in nature and, as such,
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convey relative information. As a result, correlations between raw
geochemical compositional data are spurious, prone to artefacts and
potentially unrelated to any natural processes (Aitchison, 1986; Buccianti
and Pawlowsky-Glahn, 2005). Compositional data analysis (CoDA)
methods are frequently used to extract information from geochemical
data by treating with log-ratio scores instead of analysing the raw values
(Pawlowsky-Glahn and Egozcue, 2001; Tolosana-Delgado, 2012;
McKinley et al., 2013). However, the results obtained can be difficult to
interpret as the use of compositionally-compliant methods for
geochemical surveys invalidates some of the traditional concepts of
defining background and identifying anomalies which may be pertinent
for understanding the relationships between elevated incidences of dis-
ease and exposure to PTEs.

For this research an urban soil geochemistry database of elemental
concentrations was used to examine the potential relationship between
Standardised Incidence Rates (SIRs) of Chronic Kidney Disease (CKD) of
uncertain aetiology (CKDu) and cumulative low level soil contamination,
arch 2020
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whether of anthropogenic or geogenic origin. A forward-selection
method (Rivera-Pinto et al., 2018) was applied to find those elemental
balances of the geochemical data which had the greatest association with
CKDu. Our goal was to find a compositionally-compliant method which
provides an interpretable output. Balances offer very interpretable ver-
sions of log-contrasts. This approach acknowledges the compositional
nature of the data and offers the opportunity to identify the PTEs with the
relative abundances most associated with elevated incidences of CKD.

1.1. Compositional data analysis

The relative amounts of components, frequently expressed as con-
straints of constant sum, i.e. as closed data, have implications for the
analysis of geochemical data. This realisation was first presented by
Chayes (1960) who described the closure constraint. Common ways used
to deal with this include the use of ternary or quaternary diagrams and
summing components to form subsets. These methods have the same
effect as the initial percentages or may even strengthen the closure effect
(a closed ternary system). The use of ratios does eliminate the initial
closure effect, but ratios are still bounded below and the problem of
“spurious” correlations is not resolved through their use. Closure forces at
least one negative correlation.

Log-ratios between components are unbounded and unaffected by
constant sum closure effects caused by the relative nature of geochemical
data (Buccianti and Pawlowsky-Glahn, 2005, 2011). Several families of
log-ratio transformations exist. Aitchison (1986) introduced the pairwise
log-ratio transformation (pwlr), the additive log-ratio transformation
(alr) and the centred log-ratio transformation (clr). Egozcue et al. (2003)
proposed the family of isometric log-ratio transformations (ilr), each
based on the choice of an orthonormal coordinate system. None is
inherently better than the other, and each has advantages and
disadvantages.

1.2. Selection of balances

Accurate and understandable interpretation of log-ratios has been the
topic of much debate. For example, the interpretation of the clr is not
simple in general because the clr transformation involves all of the
components in the sample. The clr log-scores must always be interpreted
in relation to all components. This is particularly relevant and complex
for the interpretation of relations between environmental factors and
incidences of disease. A key concept in CoDa is the concept of balance
between two groups of components of a composition (Egozcue et al.,
2003; Egozcue and Pawlowsky-Glahn, 2005). A balance can be defined as
corresponding to the normalized difference in means of the
log-transformed abundances between two sub-compositions. The use of
balances offers the opportunity to identify components (or geochemical
elements) whose relative abundances are associated with elevated in-
cidences of CKD.

Rivera-Pinto et al. (2018) have proposed a forward-selection algo-
rithm called selbal, for the identification of two groups of variables whose
relative abundance, or balance, is associated with the response variable
of interest. It is important to acknowledge that it is possible to select
balances using a knowledge-driven approach within a compositionally
compliant context, for systems with many parts such as soil geochemistry
(Kyn�clov�a et al., 2016). However, the selbal technique can be used to
predict the most relevant balances. The selbal approach is a model se-
lection procedure that searches for a signature in terms of a balance
between two groups of parts that adequately explains the response var-
iable of interest. Starting with the balance composed of only two com-
ponents which has the largest positive association with the response, the
selbal algorithm performs a stepwise multiple linear regression with
forward selection and, 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. A cross-validation (CV) procedure provides the
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association or discrimination value for each balance. To identify the set
of balances an n-fold CV procedure is used. The dataset is subdivided into
a training set comprised of (n-1) folds and the final fold is used as a test
set. For this study a 5-fold CV procedure was used. The training set is used
to determine the “best” balance based on the coefficient of determination
and the associated regression equation is used to calculate the mean
response for the test set based on the balances identified in the parameter
estimation step.

The mean squared error (MSE), as a function of the number of com-
ponents included in the balance, highlights the “optimal number” of
variables identified in the forward selection process whose relative
abundance is associated with the response variable of interest. Once the
“optimal number” of variables has been determined, the approach selects
the global balance, that is, the selbal algorithm is applied to the whole
dataset with the specification that the maximum number of variables in
the balance complies with the “optimal number”. The CV result de-
termines the robustness of the global balance. The relative frequency of
different balances obtained in the CV process and the proportion of times
that each component has been included into a balance is summarized in
the form of a table. The CV process is also used to obtain the CV accuracy.

1.3. Data

1.3.1. Geochemical data
In the last decade several comprehensive regional and national soil

sampling programmes have been completed. The Tellus Survey (Young
and Donald, 2013) is an example of a ground-based geochemical survey
which generated multivariate datasets. The datasets comprise soil,
stream sediment and stream water samples from rural areas and soil
samples from urban areas. This research uses the Tellus urban
geochemical database consisting of 1000 sample points which have been
analysed for 58 elements with XRF elemental analysis (Fig. 1A).

The Belfast urban area displays a diverse geological underlay (Fig. 1A;
Mitchell, 2004; Young and Donald, 2013). Silurian greywacke and shales
formed as part of the Southern Uplands-Down-Longford Terrane,
comprise the oldest rocks, overlain by Permo-Triassic sandstones and
mudstones. These successions are overlain by Cretaceous sandstone and
chalk in the west which are covered by Palaeocene basalts along the
north west boundary of the city. Previous work (Barsby et al., 2012; Cox
et al., 2013; McKinley et al., 2013; McIlwaine et al., 2014, 2015; Palmer
et al., 2015) has indicated that bedrock geology provides a strong geo-
genic source for PTEs in soils across Northern Ireland with observed
concentrations for a range of PTEs including arsenic (As), chromium (Cr),
cobalt (Co), copper (Cu), molybdenum (Mo), nickel (Ni), lead (Pb), va-
nadium (V) and zinc (Zn). Silurian shales and sandstone show relatively
elevated As and Mo while Palaeogene basalts exhibit the strongest con-
trol over the distribution of Cr, Co, Ni, V and Zn. The superficial geology
of Belfast is dominated by till, glacial sands and gravels with alluvium
found in the vicinity of the main river, the River Lagan.

Urbanisation in the form of anthropogenic contamination has been
found to have an increasing impact on soils resulting in increased PTEs. A
recent study by McIlwaine et al. (2017) investigated the use of PTEs as
‘urbanisation tracers’ and found that PTEs could be split into two main
groups explained by geogenic (Co, V, Cr and Ni) and anthropogenic (Zn,
tin (Sn), Pb, antimony (Sb), As and Mo) factors. An anthropogenic source
of Zn and Cu has been attributed to brass production (Herting et al.,
2008) and As, Mo, Sn, Sb and Pb have been linked to atmospheric
pollution deposition (Carrero et al., 2013) including traffic pollution.
Researchers have reported Fe, Cu, Zn and Pb to be the most abundant
metals in the brake lining (review by Grigoratos and Martini, 2015).
Brake wear emissions have been also cited as a potentially important
source of Sb and Mo (Grigoratos and Martini, 2015). The industrial
legacy of ship building and development of Belfast City airport have been
cited as potential anthropogenic sources for Sn, Sb and Pb (McIlwaine
et al., 2017). The relevance of this for research into environmental in-
fluences on the incidence of CKDu is that studies have shown that



Fig. 1. A) Tellus Urban sample locations (Young and Donald, 2013) plotted on a simplified geological map (provided by Geological Survey of Northern Ireland (GSNI),
Mitchell, 2004); B) Map of UKRR SIR for CKDu (uncertain aetiology) with insert showing location of Northern Ireland.
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ultrafine particles (including Pb, Mo and Sb) may become blood-borne
and translocate to other tissues such as the liver, brain and kidney
(Geiser and Kreyling, 2010; Oberd€orster et al., 2005).

1.3.2. Chronic Kidney Disease (CKD)
The United Kingdom Renal Registry (UKRR) collects data on all pa-

tients with advanced CKD on dialysis or with a kidney transplant (Renal
Replacement Therapy (RRT)) on a regular basis across the UK. For this
study, the UKRR provided SIRs for patients starting RRT between 2006
and 2016, by Super Output Area (SOAs) administrative wards. Created
from the 2011 census outputs, SOAs are the smallest statistical geography
boundaries within Northern Ireland (NISRA, 2013). In total there are 890
SOA administrative wards in Northern Ireland including 265 urban SOAs
in Belfast. Data were provided in age brackets (16–39, 40–64 and 65þ,
all ages >16 and for uncertain aetiology (CKDu) for 2006–2016). A SIR
for a SOA is a measure that quantifies the relationship between the ex-
pected incidence based on that of Northern Ireland as a whole and the
actual incidence in the SOA. SIRs of exactly 1 indicate that the incidence
for RRT for a SOA is equal to that expected based on Northern Ireland’s
average age-specific incidence rates. In summary, the value is equal to 1,
if the expected and actual incidence match. SIRs above 1 indicate that the
incidence for a SOA for RRT is greater than expected based on the
Northern Ireland’s average age-specific incidence rates.

CKD is a collective term for many causes of progressive renal failure
which is increasing worldwide due to ageing, obesity and diabetes (Gilg
et al., 2012; Lewis, 2012; UK Renal Registry, 2019). However, these
factors cannot explain the environmental clusters of renal disease that are
known to occur, such as the Balkan, Sri Lankan and Mesoamerican ne-
phropathies, as discussed inWeaver et al. (2015). As this research aims to
examine the potential relationship between incidence rates of CKD and
cumulative low level soil contamination, we concentrated on SIRs for
uncertain aetiology (CKDu). However, factors that cause CKDu may also
be relevant to the heterogeneity of progressive CKD in diabetes and
hypertension.

To demonstrate the forward-selection balance approach, SIR data for
CKDu were selected for the SOAs in Belfast. Of the 265 SOAs within the
greater Belfast area, 92 SOAs included SIRs for CKDu. Spatial autocor-
relation of the SOAs for CKDu and the potential influence of the SOAs
with no recorded CKDu were tested using Global Moran’s I. We found a z-
score of �0.8952 (p value ¼ 0.3707) suggesting that the patterns do not
3

appear to be significantly different to random. Within the Belfast urban
area 15 SOAs showed SIRs for CKDu five times larger, with two SOAs
showing SIRs for CKDu at least 10 times larger, than expected given
Northern Ireland’s average incidence rates (Fig. 1B). This statistic high-
lights the need for the current research in that these elevated incidence
rates cannot be completely explained by known causes of CKD.

1.4. Method

Using the finding by McIlwaine et al. (2017) that the PTEs of Co, V,
Cr, Ni, Zn, Sn, Pb, Sb, As and Mo represent ‘urbanisation tracers’ with
which to determine geogenic and anthropogenic contamination, a
knowledge-driven approach was used for this research using a
sub-composition of these elements. Using the selbal CV option,
log-transformed response variables (SIRs) and geochemical variables
were used to identify the elemental balance with the best association
with CKDu (unknown aetiology) in the 2006–2016 UKRR SIR data for the
Greater Belfast urban area. The main goal of the analysis was to find the
balance most associated with CKDu. A secondary aim was to investigate
whether an elemental balance was able to discriminate between geogenic
and anthropogenic sources potentially linked to CKDu. Initially, the
analysis was conducted using the full urban dataset tagging the
geochemical soil data to the urban SOAs with SIR data for CKDu. It was
recognised by Aitchison (1986) that the arithmetic mean is not the best
estimate for the centre of a dataset. Therefore, the analysis was run
investigating using the geometric mean geochemical soil values for the
SOAs. 92 SOAs were available for this analysis. Following this, SIR CKDu
data were tagged to the soil geochemistry to provide stratification ac-
cording to a simplified geology. In total, this provided 340 sample points
which were further classified into those overlying different bedrock:
basalt, sandstone, mudstone and lithic arenites (Fig. 1A). Since the areas
with underlying limestone geology were very limited, these areas were
not used for this stage of the analysis.

2. Results and discussion

Table 1 provides an overview of the results for the balances (Global
Balance 1) identified as having the greatest association with CKDu for the
different datasets. Using the geometric mean of the geochemical data for
the SOAs, according to the CV procedure, the optimal number of



Table 1
Overview of results for the 92 Urban SOAs using the geometric mean, values of the soil data for each SOA. The results using SIRs for CKDu tagged to the soil geochemical
points for different geology are also shown. The global balance is explained in the Selection of Balances section above. The results are discussed below.

Geochemical components for SIR_CKDu regression modelling Global Balance Estimate Std. Error t value Pr (>|t|) R-Squared

Belfast Urban area (92 SOAs) SIR_CKDu using geometric mean of soil data for SOAs Intercept 1.7575 0.3593 4.892 4.34E-06
Co/Ni 0.6569 0.4389 1.497 0.138 0.02428

Belfast Urban area tagged SIR_CKDu to soil data (340 sample points) Intercept 1.06227 0.06448 16.473 <2e-16
As/Mo 0.26841 0.14767 1.818 0.07 0.00968

Belfast Urban area tagged SIR_CKDu to soil data for basalt geology (17 sample points) Intercept 2.726 0.653 4.175 0.000813
Mo/Co 0.448 0.2036 2.201 0.043834 0.2441

Belfast Urban area tagged SIR_CKDu to soil data for sandstone geology (132 sample points) Intercept 1.23653 0.20909 5.914 2.78E-08
Co/Ni 0.01343 0.08072 0.166 0.868 0.0002128

Belfast Urban area tagged SIR_CKDu to soil data for mudstones (121 sample points) Intercept 1.24016 0.07416 16.722 <2E-16
As/Mo 0.05135 0.06299 0.815 0.417 0.005554

Belfast Urban area tagged SIR_CKDu to soil data for lithic arenites (60 sample points) Intercept 1.755 0.3755 4.674 1.81E-05
Sb/Mo 0.2635 0.1394 1.891 0.0637 0.05805
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components to be included in the balance was two (Table 1; Fig. 2a). The
global balance shows the relative importance of Ni and Co in the asso-
ciation with CKDu with Ni appearing 62% and Co appearing 31% of the
time (Fig. 2b). This is an indicator of robustness for the proposed global
balance. Further potential secondary and tertiary balances were indi-
cated involvingMo appearing 38% of the time, with As and Cr (appearing
35% and 19% respectively). Although the optimal number of compo-
nents was identified as two, the significance of three components, as
identified in the MSE plot (Fig. 2a), can be interpreted by the important
role of Ni, in addition to Mo and As in balances. A possible interpretation
is that the larger balance scores indicate that there are two dominant
influences for the Belfast urban area: an anthropogenic control with
larger relative abundances of As with respect to Mo and a geogenic in-
fluence identified with larger relative abundances of Co and Cr with
respect to Ni.

When the SIRs for CKDuwere tagged to the soil geochemistry data the
Fig. 2. Results for Belfast urban area (92 SOAs) SIR CKDu using the geometric mean v
number of components included in the balance - the optimal number of componen
frequently identified in the CV procedure, using the whole dataset, along with other ba
data (340 sample points). D) Global and other balances identified in CV procedure re
(For interpretation of the references to colour in this figure legend, the reader is ref
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overall findings remain consistent with the above results (Table 1; Fig. 2c
and d). However, since the regression has now been carried out with
repeated observations, that is each SOA response (the SIR) appears as
many times as geochemical analyses are available in the SOA, this will
have captured more efficiently the dispersion or variability of
geochemistry over the area. The balance most frequently identified in the
CV procedure, as being most associated with CKDu, was Mo (appearing
68% of the time) versus As (appearing 58% of the time) with secondary
balances identified between Ni (appearing 32% of the time) with Co
(appearing 22% of the time) and Mo with Cu (appearing 10% of the
time). Although the optimal number of components as identified by the
selbal algorithm is two, the significance of three components as identified
in the MSE plot is most likely explained by the important role of Ni, in
addition to Mo and As in the balances.

The findings suggest that both anthropogenic and geogenic factors
may be important in understanding the relationship between the
alues of soil data for each SOA. A) Mean squared error (MSE) as a function of the
ts is highlighted with a vertical dashed line; and B) The global balance most
lances identified in the CV procedure. C) MSE results for SIR CKDu tagged to soil
lating to (C). Red indicates the numerator and blue the denominator in balances.
erred to the Web version of this article.)
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environment and incidences of CKD of unknown aetiology. While the
influence of anthropogenic factors may be important in understanding
the environmental association with increased incidences of CKDu, the
role of geogenic influences in the environment should not be overlooked.
Geogenic factors controlled by the underlying bedrock geology may be
especially relevant in areas with elevated relative concentrations of
naturally occurring elements such as Ni, Co and Cr. The findings suggest a
dominant geogenic influence most associated with CKDu with larger
relative abundances of Co and Cr with respect to Ni due to elevated
concentrations in areas of Belfast underlain by Palaeogene basalts and
glacial deposits accumulated from basalt bedrock. Stratification by ge-
ology allows us to consider elemental balances which discriminate be-
tween anthropogenic and geogenic sources potentially associated with
CKDu (Table 1; Figs. 3 and 4). The results consistently show the influence
of both anthropogenic and geogenic factors in that the balances Mo/Co,
As/Mo and Sb/Mo are most frequently identified in the CV procedure for
basalt, mudstone and lithic arenite, respectively. Secondary and tertiary
balances included Pb/Cu, Mo/Pb and Pb/Sb for basalt, mudstone and
lithic arenite, respectively A geogenic influence is demonstrated most
strongly for sample points tagged to an underlying sandstone bedrock, as
Ni appears 100% of the time in the balances as the most associated with
CKDu. This finding requires further consideration as the PTEs of Ni, Co
and V, are known to be present in elevated relative quantities in Palae-
ocene basalts rather than Sherwood sandstone. These findings indicate
the importance of superficial deposits in addition to bedrock geology
and, in particular, glacial processes producing a glacial overprint of PTEs,
originating from basalt bedrock, over areas underlain by sandstone in
certain areas of urban Belfast.

This research identified a potential link between CKDu and the rela-
tive abundances of PTEs in the Greater Belfast urban area. A link between
CKDu and anthropogenic sources of PTEs in urban areas has not previ-
ously been demonstrated. Moreover, this research demonstrates the po-
tential importance of both anthropogenic and geogenic factors in relation
to the incidence of CKDu. The results consistently suggested the impor-
tance of Mo and As, as these were the most frequently identified in the
balances most associated with CKDu using the CV procedure. The role of
Fig. 3. Results for Belfast urban area SIR CKDu tagged to soil data for each SOA for b
number of components included in the balance - the optimal number of components
identified in the CV procedure, using the whole dataset, along with other balances id
balances identified in CV procedure. Red indicates the numerator and blue the deno
legend, the reader is referred to the Web version of this article.)
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Mo, Sb and Pb in balances was also shown. The PTE of Pb, although not
observed in global balances, was found to appear 14–20% of the time in
secondary and tertiary balances (Figs. 3 and 4). As Pb is a well-known
nephrotoxic, this finding, indicating the significant role of Pb in bal-
ances, is important in understanding the relationship between CKDu and
environmental factors. For the Greater Belfast area, the industrial legacy
of ship building and the more recent development of Belfast City airport
have been cited as potential anthropogenic sources for both Sb and Pb
(McIlwaine et al., 2017). This needs to be explored further but this
research has identified a potential link between CKDu and the relative
abundances of these PTEs. Atmospheric pollution deposition, including
traffic pollution, has been cited as a source for the PTEs of Mo, Sb, As and
Pb (Carrero et al., 2013; Grigoratos and Martini, 2015). Moreover, brake
wear emissions have been cited as a potentially important source of Sb
and Mo (Grigoratos and Martini, 2015). Research indicating a link be-
tween air pollution and kidney disease is more recent (Afsar et al., 2019).
Studies have shown that ultrafine particles (including Pb, Mo and Sb)
may become blood-borne and translocate to other tissues such as the
liver, brain and the kidneys (Geiser and Kreyling, 2010; Oberd€orster
et al., 2005), supporting a plausible pathway between anthropogenic
PTEs and CKDu, and underlining the potential importance of this
research. This research has shown that soils show evidence of air pollu-
tion deposition and the potential impact of modern pollutants on health.
The implications are that PTEs in urban soils may be indicative of the
availability of nephrotoxins for human intake from environmental
pollution.

3. Conclusions

This research used an urban soil geochemistry database of total
elemental concentrations to examine the potential relationship between
Standardised Incidence Rates (SIRs) of Chronic Kidney Disease (CKD) of
uncertain aetiology (CKDu) and cumulative low level PTEs found in soils,
whether of anthropogenic or geogenic origin. A forward-selection
method was applied to determine the elemental balances of PTEs
which had the greatest association with CKDu.
asalt and sandstone. For basalt A) Mean squared error (MSE) as a function of the
is highlighted with a vertical dashed line; and B) The balance most frequently
entified in CV procedure. For sandstone C) MSE results and D) Global and other
minator in balances. (For interpretation of the references to colour in this figure



Fig. 4. Results for Belfast urban area SIR CKDu tagged to soil data for each SOA for mudstone and lithic arenite. For mudstone A) Mean squared error (MSE) as a
function of the number of components included in the balance - the optimal number of components is highlighted with a vertical dashed line; and B) The balance most
frequently identified in the CV procedure, using the whole dataset, along with other balances identified in CV procedure. For lithic arenite C) MSE results; and D)
Global and other balances identified in CV procedure. Red indicates the numerator and blue the denominator in balances. (For interpretation of the references to
colour in this figure legend, the reader is referred to the Web version of this article.)
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We found that PTEs commonly attributed to both anthropogenic and
geogenic factors were associated with high incidences of CKDu, with
CKDu incidence up to 12 times greater in some SOAs than would be
expected for the average population across the greater Belfast area. The
key findings from the research are:

� Soils showed evidence of PTEs from air pollution deposition, which
have known potential impacts on human health.

� Mo and As, commonly attributed to air pollution deposition, were
consistently found in the elemental balances most frequently identi-
fied as the most associated with CKDu.

� The significance of the ratio of Mo, Sb, and Pb in balances was also
shown which may be linked to air pollution deposition and traffic
pollution.

� Geogenic factors controlled by the underlying bedrock geology are
especially important in areas with elevated relative concentrations of
naturally occurring elements such as Ni, Cr, Co and V. Superficial
deposits resulting from glacial processes can produce a glacial over-
print of PTEs.

The conclusion is that CKDu incidence is shown here to be associated
with environmental PTEs using a balances approach, and that the
approach was sufficiently clear to support inferences regarding charac-
teristics of PTEs for different areas.
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