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Signs of adaptation to trace metal contamination in a common urban bird

Research Highlights

e Trace metal contamination can be a stressor that has negative impacts on wildlife but,
we lack the empirical evidence to test if species can adapt to these stressful conditions
over time.

e Using Genomic data from house sparrow populations and estimates of lead
contamination from locations across Australia we find evidence that selection could
be helping this invasive species adapt to heavily contaminated mining locations.

e Several of our candidate genes have links to lead and have previously been shown to
have changes in their expression levels with exposure to lead.
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Abstract

Metals and metalloids at elevated concentrations can be toxic to both humans and wildlife. In
particular, lead exposure can act as a stressor to wildlife and cause negative effects on fitness.
Any ability to adapt to stress caused by the negative effects of trace metal exposure would be
beneficial for species living in contaminated environments. However, mechanisms for
responding adaptively to metal contamination are not fully understood in free-living organisms.
The Australian populations of the house sparrow (Passer domesticus) provides an excellent
opportunity to study potential adaptation to environmental lead contamination because they have
a commensal relationship with humans and are distributed broadly across Australian settlements
including many long-term mining and smelting communities. To examine the potential for an
evolutionary response to long-term lead exposure, we collected genomic SNP data using the
house sparrow 200K SNP array, from 11 localities across the Australian distribution including
two mining sites (Broken Hill and Mount Isa, which are two genetically independent
populations) that have well-established elevated levels of lead contamination as well as trace
metals and metalloids. We contrast these known contaminated locations to other lesser-
contaminated environments. Using an ecological association genome scan method to identify
genomic differentiation associated with estimates of lead contamination we identified 60 outlier
loci across three tests. A total of 39 genes were found to be physically linked (within 20 kbps) of
all outliers in the house sparrow reference genome. The linked candidate genes included 12
genes relevant to lead exposure, such as two metal transporters that can transport metals
including lead and zinc across cell membranes. These candidate genes provide targets for follow
up experiments comparing resilience to lead exposure between populations exposed to varied

levels of lead contamination.
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1. Introduction

Environmental contaminants such as lead and other trace metals pose of significant risk of harm
for humans and wildlife when found in high concentrations (Peterson et al., 2017; Ray, Yosim,
& Fry, 2014). The effects of exposure to trace metal contaminants on health has led to a large
body of research aimed towards understanding how humans and other species respond to
exposures from their environment (Lanphear, 2015; Lanphear, Vorhees, & Bellinger, 2005a;
Lattin, Ngai, & Romero, 2014; Li et al., 2017; Pierron et al., 2011; Varian-Ramos, Swaddle, &
Cristol, 2014). These contaminants are not always lethal and can have subtle negative effects on
health. For example, the accumulation of metals inside individuals living in contaminated
environments is known to be a stressor for animals (Lattin et al., 2014; Romero & Wikelski,
2001; Wikelski et al., 2002). Environmental stressors can cause physiological responses that
have negative affects on fitness and reproduction (Cyr & Romero, 2007; L. Michael Romero,
2004). The adverse affects of metal-related stress on fitness has been shown to be a threatening
process due to the loss of fitness causing population decline (Wikelski & Cooke, 2006).
Beneficial physiological responses to stressors can also alleviate the negative effects of stress. In
response to the negative effects of stress on fitness there should be positive selection for
adaptations that reduce the impact of exposure in contaminated environments. A recent example
of such selection was found in killifish (Fundulus heteroclitus) in response to pollution, using
whole genome resequencing and transcriptomics they found convergent selection on the aryl
hydrocarbon receptor—based signalling pathways (Reid et al., 2016). However, examples of this
kind are limited and studying adaptation in urban environments is a growing field of research

(Johnson & Munshi-South, 2017).



46

47

48

49

50

51

52

53

54

55

56

57

58

59

60

61

62

63

64

65

66

67

One of the most studied metal contaminants is lead (Pb) because of its toxicity and its
known adverse impacts on human health (Lanphear, 2015; National Toxicology Program, 2012).
Environmental lead in aerosols, dusts and soils, amoung other things, are elevated in most global
urban city environments due to the former massive emissions of lead from industrial sources
with a majority coming from leaded petrol combustion (Kristensen, 2015; Kristensen, Taylor, &
Flegal, 2017; Laidlaw et al., 2017; Mielke, Laidlaw, & Gonzales, 2011; Olszowy et al., 1995;
Rouillon et al., 2017). These industrial emissions and depositions remain present and
bioavailable in the environment (Laidlaw et al., 2017; Mackay et al., 2013) and consequently
present a risk of harm to a range of organisms living in urban environments. In Australia, there
are a number of locations that have a protracted history of environmental lead emission from
lead mining and smelting practices, as well as other trace metals such as cadmium and zinc
(Dong et al., 2015; Kristensen & Taylor, 2016; Mackay et al., 2013; Taylor et al., 2010; Taylor et
al., 2014b). Environmental exposures in lead producing communities as well as those impacted
by former leaded petrol depositions are typically via the ingestion of soils and dusts (Gulson et
al., 2014). Unlike dust, soil metal concentrations have national guidelines values promulgated
under the NEPM (2013). The most relevant soil lead value is the health investigation level
guideline of 300 mg/kg NEPM (2013), which is applied to residential dwellings and to ensure
blood lead levels remain below 7.5 pg/dL. However, it is well-accepted that there is no safe
lower threshold for blood lead exposure (Lanphear et al., 2005a) and that blood leads as at 2
ug/dL or lower are considered harmful to human health (National Toxicology Program, 2012).
Therefore, we use the lowest acceptable upper limit of 300 mg/kg for soil lead provided in the

NEPM (2013) as a benchmark for assessing the level of contamination seen at our study sites.
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Describing how species adapt to trace metal contamination should be a priority for
understanding and managing urban ecosystems. The house sparrow’s (Passer domesticus)
introduction to Australia provides a good opportunity for studying adaptation to contaminated
urban environments in a common species due to its broad distribution with recently established
and isolated populations including lead-contaminated sites. The house sparrow is an obligate
commensal species with humans and are typically constrained to urban and rural environments
(Anderson, 2006). Sparrows also have sedentary populations with moderate genetic population
structure and relatively low gene flow (Jensen et al., 2013; Kekkonen et al, 2011), and this is also
true for populations living in broadly spaced human settlements across Australia (Andrew et al.,
2017). The invasion of the house sparrow to different mining communities provides an
opportunity to observe genetic adaptation to lead contamination through genetic differentiation
that is associated with levels of lead contamination. Any selection that has have taken place
would have happened over a relative short time frame. For example, sparrows have been present
in the mining communities of Broken Hill (New South Wales) and Mount Isa (Queensland) for
approximately 100 and 50 years respectively (Andrew & Griftith 2016). Long term mining
practices, and relatively high levels of contamination have potentially allowed for selection to
take place over dozens of generations (50 and 25 in the two locations respectively, assuming a
generation time of approx. two years [Jensen et al. 2013]) to ameliorate the deleterious effects of
lead and/or trace metal contamination on fitness. Through previous descriptions of genetic
population structure we know these two locations have independent populations (Andrew et al.,
2017), and to an extent they are genetically independent replicates in which selection can occur

in parallel.
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There are many potential physiological mechanisms sparrows could employ to adaptively
respond to lead contamination in their environment. Lead (Pb) is not essential to life and is a
non-biodegradable element, meaning there are no efficient pathways for it to be metabolized and
eliminated, thus it tends to accumulate in the different organs and tissues of individuals exposed
to lead (Peakall & Burger, 2003). The first line of defence for species would be through reducing
the unintentional uptake of lead into the body through external surfaces like the respiratory
system (Ribeirovet al., 2014), the alimentary canal (Madigosky et al., 1991), or the inner ear
(Ding et al., 2014). Another suggested trait involved in adapting to lead contamination is
increased exclusion through the accumulation of lead in the kidneys and other tissues to reduce
the amount lead bioavailable in the body (Ribeiro et al., 2014). Lead is also known to be a
stressor to the endoplasmic reticulum of cells, affecting protein production, however this effect
can also be countered through different molecular pathways that remove misfolded proteins
(Qian & Tiffany-Castiglioni, 2003; Shinkai et al., 2010). Alternatively, sparrows could also
respond to lead by trying to avoid contamination through behavioural modifications that reduce

exposure.

We have collected genomic data from 11 house sparrow populations across Australia
including the mining locations of Broken Hill and Mount Isa, using a 200K SNP array
(Lundregan et al., 2018). This is an observational study, in which we aim to explore genetic
differentiation across loci that is related to geographical variation in lead contamination. We are
particularly interested in the contrast between the heavily contaminated locations of Broken Hill
and Mount Isa, and the other nine populations. We predict that some of the loci that are

significantly associated with lead contamination in our analyses will be physically linked to
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genes in the house sparrow genome that are related to known traits associated with lead

contamination.

2. Methods

2.1 Sampling and genetic data collection

Adult house sparrows were sampled at urban sites from 11 towns/cities across Australia
and 16 male individuals from each of our sampling localities were used for genotyping; 176
individuals in total. Sampling was carried out under the Animal Research Authority of the

Animal Ethics Committee at Macquarie University (ARA 2014/248).

The individuals were genotyped on the house sparrow Affymetrix 200K SNP array
(Lundregan et al., 2018). SNP filtering for loci with minor alleles frequencies of less than 5%
and loci with more than 9% missing data, was done using the program PLINK (Purcell et al.,
2007). After quality filtering there were 162,299 SNPs used in further analyses and 176
individuals. The SNP data used here is available via a figshare repository, at:
https://figshare.com/s/e632e401fe8fc0a49bcb, in PED file format. Data conversion between PED

and BayeScEnv formats was performed using PGDSpider (Lischer & Excoffier, 2012).

2.2 Environmental lead characterisation

Soil lead concentrations are characteristically heterogenous, even over small areas
(Rouillon et al., 2017). However, mean soil lead levels in most urban areas around Australia are
typically higher than background levels (ca. less than 30 mg/kg [Callender, 2014]). A report by

Olszowy et al. (1995) illustrates this pattern clearly by describing mean lead levels in
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environments with different levels of urbanisation across the main states of Australia. Empirical
data has shown that Mount Isa and Broken Hill have much higher than typical average
concentrations of lead and other trace metals such as cadmium and zinc, are elevated above the
state capital cities of Australia (Kristensen & Taylor, 2016; Mackay et al., 2013; Taylor et al.,
2010; Taylor et al., 2014a; Taylor et al., 2014b). This study relies on available soil lead data to
characterise concentrations at the different sample sites. We have focused on using soil lead
measurements because these soil lead levels are stable over time (Semlali et al., 2004) and house
sparrows spend a large amount of time on the ground foraging and dust bathing. Atmospheric
sourced lead depositions from automotive vehicles, industry or mining typically accumulate in
the uppermost section of the soil profile, i.e. the top 2 cm (Taylor et al., 2010), which forms the
most significant component of soil exposed to sparrows. We found relevant site-specific and

regional estimates of soil lead measurements for all our sampling localities (Table 1).

The lead data was converted to environmental differentiation for use in the BayeScEnv
genome scan analyses (de Villemereuil & Gaggiotti, 2015). This method was chosen because it
relates genetic differentiation to environmental differentiation to find loci across the genome that
have the strongest covariation with environmental differentiation and does not focus on clinal
changes in a variable which you would more normally see with climatic variables. The
covariation between genetic and environmental differentiation is likely to be a result of selection.
The suggested method for entering the environmental variable into BayeScEnv is as a
standardised distances of environmental differentiation. This requires defining a mean
environmental condition and calculating how many standard deviations each location is above or

below that mean for a given environmental variable. These values should not be more than 3
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standard deviations above or below the mean to avoid over stressing the model (de Villemereuil

& Gaggiotti, 2015).

In order to account for inaccuracies in estimates of environmental lead levels we
replicated our analysis with predicted and estimated environmental differentiation scores. The
first model (Predicted model) uses our predicted values for environmental differentiation based
on historical contamination. This model predicts that mining locations had extreme lead
contamination and were given a score of 3 and all other locations had an average score of 0. This
provided an exploratory model to compare our results from the estimated contamination models.
The second model (Standard model) defined our standard environmental condition as the average
lead contamination in non-mining locations. We then standardised the distances from this mean
by dividing by the standard deviation of non-mining locations (See Table 1). Our standard
environmental condition was calculated without the outliers of the mining locations because we
wanted to define a standard environment not the average for the sample sites used. Consequently,
the locations of Mount Isa and Broken Hill (mining locations) had environmental differentiation
scores that were greater than 3, so all of our environmental differentiation scores were scaled
down by dividing by three (Table 1). For Broken Hill and Mount Isa we still had to round the
environmental differentiation scores to 3 to minimise supplying the model with excessive
outliers (Mount Isa only adjusted from 3.1). In the third model (All sites model) all locations,
including the outliers of Mount Isa and Broken Hill, were used to calculate the mean
environment and the standard deviation to get environmental differentiation. Because Mount Isa
and Broken Hill have such high lead contamination it is unlikely that our lead environmental

variable is conflated with other environmental variables such as climate or urbanisation and is
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therefore the only focus of this study. A full summary of the soil lead values applied to the

different locations is detailed in Table 1.

2.3 Statistical analyses

The Program BayeScEnv was used to do Ecological Association (EA) analyses with our
estimates of environmental lead levels. The model was run separately using predicted values and
estimates of environmental lead contamination (See Table 1). Models were run using the same
options: 10 pilot runs with 2 000 iterations; a thinning interval of 10; 5 000 outputted iterations
and a burn-in length of 10 000. All other options were kept as the default. All figures and

additional analyses were done using R (R core team, 2017).

2.4 Linked genes and gene ontologies

The physical position of outlier SNPs was used to identify annotated genes in the
reference genome that are physically linked to the SNPs. The house sparrow reference genome
currently has 14 260 known protein coding genes (Elgvin et al., 2017). As the average LD across
the house sparrow genome drops to approximately double the background level at ca. 20 kbps
(Lundregan et al., 2018), 20 kbps was used as a conservative window for physical linkage
between SNPs and potential candidate genes for targets of selection. We recorded all genes
within 20 kbps of each SNP and whether the SNP was within a gene or within a known exon of a
gene. The proportion of SNPs linked to genes was calculated for all analyses. For the SNPs that
were significant in more than one model we looked up the closest protein coding gene within 200

kbps to the SNP.

3. Results
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The BayeScEnv EA models tested whether there was a significant association between the
differentiation in allele frequencies of our 162,299 SNP loci and lead contamination. The three
BayeScEnv models identified 60 significant SNPs in total (Predicted model = 19, Standard
model = 10, and All sites model = 40 SNPs, using g-values, Figure 2 and Table S1), there were
six SNPs significant across multiple models (Figure 3). The 60 Significant SNPs were found to
be physically linked to 39 genes, within 20 kbps of the SNP (see details Table 2 and S2). There
were two SNPs significant in all three models. SNPi41730 on chromosome 3 is linked to the
FAM167A gene which is associated with endoplasmic reticulum membrane structure.
SNPal160965 on chromosome 5 is within 42 kbps of both TMEM?251 and UBR7, which is still a
plausible distance for physical linkage (Lundregan et al., 2018, Table S2). One of the significant
SNPs from the Predicted model, SNPa52315, was linked to a metal ion transmembrane
transporter (solute transporter protein SLC3949) associated with the transport of zinc and other
metals. Interestingly. Another SNP that was significant in the All sites model (SNPa222796) was
located within 20 kbps of another zinc transporter (Slc39a8). In the Standard model, the SNP
linked to the SLC3949 gene (SNPa52315) was also nearing significance (q-value = 0.061) and

the SNP had the 15" smallest g-values out of all 162,299 SNPs.

The Predicted model used average lead levels (score of 0) for all localities except the
mining locations of Mount Isa and Broken Hill, which were given the maximum lead score of 3.
This run identified five significant SNPs on the 1A chromosome that were within 40kbps of each
other. This was the only peak of significant SNPs that were linked to each other and interestingly
the nearest downstream gene was a third solute transporter protein (SLC64135, ca. 400kbps away,

Table S2).

10
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4. Discussion

After using162,299 SNPs from across the house sparrow genome, in three alternative
models we found 60 significant outlier SNPs associated with estimates of lead pollution in the 11
locations investigated (two with high levels of lead). At this time, it is impossible to determine if
the genes physically linked to our outlier SNPs contain a higher than expected number of gene
relevant to lead exposure for the house sparrow because no list of relevant genes is available. We
have researched the genes linked to our outliers to identify genes most likely to be relevant to
lead exposure to help develop a list of potential genes important for biological responses to lead
exposure. Some of the significant SNPs identified here were physically linked to 12 genes that
were previously described to be linked to traits related to lead contamination in other species.
The roles of these genes that are potentially associated with lead include metal ion
transmembrane transporters, endoplasmic reticulum function, protein ligase activity, and
expression changes in affected tissues due to lead exposure. For example the SLC3949 gene that
was linked to a significant SNP in the Predicted mode, is a known zinc transporter in chicken B
cells (Taniguchi et al., 2013). In sparrows this transporter could also be involved in the transport
of lead or other metals that are common in the mining locations of Broken Hill and Mount Isa
such as zinc itself (Dong et al., 2015; Taylor et al., 2010; Taylor et al., 2014b). Another zinc
transporter that was linked to a significant SNP from the All sites model was Slc39a8. This
highly conserved gene codes for the ZIP8 zinc transporter which is known to be one of the three
primary transporters of lead in many taxa (Liu ef al. 2008; Nebert et al. 2012; Ding et al. 2014),
although only two of the three transporter genes are present on the house sparrow reference
genome (ZIP8 and ZIP14, but not DMT1). The Slc39a8 transporter can also transport cadmium

which is another toxic metal pollutant (Liu et al., 2008; Prozialeck et al., 2008) found in the

11
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mining city of Broken Hill (Dong et al., 2015). The Slc39a8 gene has been shown to be
expressed in the inner ear of rats (Rattus norvegicus, Ding et al., 2014) and selection for the
down-regulation of these trace metal transporters could result in less lead and other trace metals
entering the body. For example, in a transcriptomics study Slc39a8 was down-regulated in rats
exposed to high lead concentrations (Schneider et al., 2012). Another linked gene OTOGL to an
outlier SNP (Table S2), is known to be important to the development of the inner ear (Yariz et
al., 2012). The SLC39 family of zinc transporters are generally involved in bringing metals into
the body rather than excreting them (Jeong & Eide, 2013). Therefore, a likely mechanism for
responding to lead contamination is to down-regulate transporters on external surfaces to reduce

the amount of lead unintentionally entering the body.

Lead is known to be a stressor/suppressor of the functioning of the endoplasmic reticulum
inside cells (Shinkai et al., 2010). In all three BayeScEnv models a SNP linked to the FAM1674
gene was found to be significant and this gene is connected to the structural formation of the
endoplasmic reticulum (Table S2). Another SNP significant in all three models (SNPa160965),
and another in the All sites model (SNPa160930), was linked to the UBR7 gene. The gene
ontology of UBR7 is ubiquitin protein ligase activity, a process important for breaking down
incorrectly folded proteins on the endoplasmic reticulum (Smith, Ploegh, & Weissman, 2011;
Teixeira & Reed, 2013) and more specifically E3 ubiquitin ligases like UBR7 (Christianson &
Ye, 2014; Sriram, Kim, & Kwon, 2011). For another example UBEZ2J1 has been linked to the
task of breaking down terminally misfolded proteins on the endoplasmic reticulum (Burr et al.,
2011). The Outlier SNPa291647 is also physical linked to the UBE2JI gene on the house
sparrow reference genome and was a significant outlier in the All sites model (this SNP also had

the 32" lowest g-value in the Standard model; g-value = 0.108).
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There were several other linked genes (listed in Table S2) that have been shown to have
changes in their expression level in individuals exposed to lead. The gene ATP6V 1A has been
shown to be downregulated in primary rat proximal tubular (rPT) cells exposed to lead (Song et
al., 2017). rPT cells allow for the reabsorption of important nutrients and the excretion of
unneeded molecules through the renal system. Selection for upregulation in ATP6V 14 may have
occurred to prevent detrimental lysosomal acidification in lead exposed cells. Lysosomal
acidification can also cause neurodegenerative diseases, which is also linked to v-ATPase pumps
like ATP6V1A (Colacurcio et al., 2017). Another linked gene important to neural development is
IGF2R, areceptor for IGF2. Pup rats from mothers exposed to lead show decreased expression
of IGF?2 in the cerebral cortex that may result in neural damage due to /GF2's important role in
neural development (Li et al. 2016). Lead has also been shown to affect the methylation of
IGF2R and affects methylation during aging (Faulk et al. 2014). The DUSP12 gene has been
shown to have changes in expression in the hippocampus of rats (upregulated in inbred lines and
downregulated in outbred lines) exposed to lead (Schneider et al., 2014). Lead has negative
effects on bone as well as neural development and exposure to lead is known to suppress bone
formation. The suppression of bone development is believed to be linked to the inhibition of the
Wnt pathway that can impede osteoblast activity and as a result bone development (Beier et al.,
2015; Hu et al., 2014). Four genes linked to the Wnt pathway were identified as genes linked to
outlier SNPs in this study, including Chy! (Corbin et al., 2009), EFEMPI (Yang et al., 2016),

SKP2 (Tang et al., 20019) and DACTI (Hou et al., 2015).

The outlier SNPs that are physically linked genes relating to lead transport and negative
impacts on biological processes give support for the presence of local adaptation in Australian

populations of the house sparrow to lead contamination. As Broken Hill and Mount Isa are in
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separate genetic populations there has likely been two independent occurrences of local
adaptation to lead exposure (or other trace metals such as zinc) from the contaminated soil and

dust in these environment (Dong et al., 2015; Taylor et al., 2010).

In total 13 of our 60 significant SNPs were physically linked (within ca. 20 kbps) to 12
genes that had prior associations to traits relating to lead pollution (Table S1 and S2). It is
unclear at this stage if other significant loci are associated with traits with unknown relationships
to how sparrows might be responding to contamination from lead and other metals. Many loci
can be a part of a gene networks that are responsible for regulating polygenic traits and loci that
are not physically linked to protein coding regions can also be important to gene networks
because they are associated with loci important to gene regulation e.g. promoter regions,
epigenetic markers and non-coding RNA segments (Allis & Jenuwein, 2016; Gutierrez-arcelus,
Ongen, & Lappalainen, 2015; Koch, 2015; Novere, 2015). As we develop our understanding of
gene regulation it may become easier to identify links between candidate loci and the target
traits, which are predicted to respond to natural selection. This development can happen with
improvements to the annotation of the house sparrow reference genome, to include non-protein
coding loci that are important to gene expression (Elgvin et al., 2017). However, not all
significant loci are going to be true signals of natural section. Indeed, false discovery rates are
almost unavoidable for genome scan methods (de Villemereuil, Frichot, Bazin, Frangois, &
Gaggiotti, 2014; Francois, Martins, Caye, & Schoville, 2016; Whitlock & Lotterhos, 2015).
Demographic history and high neutral genetic drift in introduced species can also increase false
discovery rates (de Villemereuil et al., 2014; Hoban et al., 2016; Shultz, Baker, Hill, Nolan, &
Edwards, 2016). However, the independent introductions to the two mining locations also adds

strength to this ‘natural’ experiment for local adaptation in the house sparrow.
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How species adapt to pollutants in their environment is important for their longevity and
species diversity in areas most affected by human activity. Further research can extend our
understanding of how house sparrows adapt to high lead contamination and this information
could help predict the resilience of related species to lead contamination. We predict that
sparrows living in mining towns will have higher than average blood lead levels, but this
increase would not be linear with increases in soil lead levels, due to adaptations to mitigate lead
absorption from the environment. To test this hypothesis a 2x2 common garden experiment
could be used. Sparrows from mining and non-mining towns could be collected from the wild
and brought to controlled captive environments. After a holding period blood lead levels could
be measured before and after low and high lead exposure treatments. We would expect the birds
from the mining communities to have a lower accumulation of lead and a faster recovery. Based
on the differences in accumulation and recovery rates follow up studies could look at specific

mechanisms relating to lead tolerance by observing variation in gene expression and physiology.

From a conservation perspective adapting to pollutants in the environment will be
important to the health of populations and ecosystems. The ability to adapt to contamination
could reduce the impacts of pollution over time in some species. Some of the strongest examples
of evolution have been observed when species are exposed to drastically different conditions to
those of their original environment (Reid et al., 2016). Anthropogenic contamination of the
environment has occurred over a relatively short evolutionary time scale and its effects on
wildlife need to be modelled using a wide range of species to establish more clearly cause and
effect. Nevertheless, in this study we have found clear indications that local adaptation is taking

place at the genetic level in introduced Australian house sparrow populations, even after a
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relatively short period of time. We propose that the house sparrow will be a good model system

to study these mechanisms further.
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Figures

Figure 1. Map of sampling locations. The locations affected by mining with high levels of lead
contamination are marked in orange. The area across Australia where the species has been
observed in shaded in grey.

Figure 2. Manhattan plots for BayeScEnv models. a) shows the results for the Predicted
model and has an interesting peak on chromosome chrl A with 5 significant SNPs that are very
close to each other. The Predicted model scored most of the locations as having normal levels of
lead except for Mount Isa and Broken Hill which were allocated high environmental lead levels.
b) plots the results from the Standard model which used estimates of environmental
differentiation for lead contamination using only non-mining locations to define a standard
environment and c) plots the All sites model (see Table 1). These plots display the log
transformed g-values and SNPs above the dashed line are significant.

Figure 3. Venn Diagram for the overlap between the significant SNPs from the three models.
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Table 1

Click here to download Table: Table_1_STOTEN_Lead_180828.docx

Table 1. Mean lead data and Environmental differentiation calculations. The “Environmental differentiation” (ED) values were used for
BayeScEnv analyses. The conservative threshold for safe lead levels in areas with urban dwelling is 300 (mg/kg) (NEPM 2013). The two
locations above the threshold are heavily affected by mining (Mount Isa and Broken Hill). The Standard model ED was calculated using the
mean (112 mg/kg) and standard deviation (56 mg/kg) of mean lead contamination at non-mining sites. We scaled these values by dividing by 3
to account for very high lead levels in the two mining locations (Standard ED = ((site value — mean)/SD)/3). For the All sites model ED was
calculated using the mean (286 mg/kg) and standard deviation (435 mg/kg) of mean lead contamination of all 11 sites (All sites ED = (site value

—mean)/SD).
Mean Standard | All sites
Pop Soil lead model model
No. | Location State | Test (mg/kg) | Citation ED ED Comments/Notes
Soil lead less (Olszowy et al., See Table 4 data in Olszowy et al. (1995)
1 Hobart TAS |than 2 cm 92 1995) -0.119 -0.446 for Hobart.
(Laidlaw,
Gordon, & Ball, Similar estimate to Olszowy et al. (1995)
2 Melbourne | VIC | Soil lead mean | 173 2018) 0.363 -0.260 for Victoria.
Soil (old
suburbs, low (Olszowy et al., Used mean for low traffic areas in SA no
3 Mt Gambier | SA traffic) 54 1995) -0.345 -0.533 data for Mount Gambier specifically.
Air and soil lead are also relatively low in
Soil (old Kristensen ef al. (2016) for the wine
suburbs, high (Olszowy et al., regions of McLaren Vale which is where
4 Adelaide SA traffic) 144 1995) 0.190 -0.326 we sampled this population.
(Kristensen & Similar in Dong et al. (2015). Background
5 Broken Hill | NSW | Soil lead mean | 1500 Taylor, 2016) 8.262 (3) | 2.791 historic levels ca. 100 mg/kg.
(Laidlaw et al., Similar in other studies that find about
6 Sydney NSW | Soil lead mean | 210 2017) 0.583 -0.175 50% of samples above threshold.
We used data from the regional centre of
Lithgow (Rouillon, Gore, Lithgow which is similar to background
7 Armidale NSW | average 46 & Taylor, 2013) | -0.393 -0.552 levels across NSW (Olszowy et al., 1995;




Rouillon et al., 2017).

Soil (old
suburbs, low (Olszowy et al., Used QLD mean for old suburbs with low
8 Toowoomba | QLD | traffic) 79 1995) -0.196 -0.476 traffic.
(Mark Patrick
9 Townsville | QLD | Soil lead 128 Taylor, 2015) 0.095 -0.363 Mean from supplementary Table 4.
Soil (old
suburbs, low (Olszowy et al., Used QLD mean for old suburbs with low
10 | Longreach | QLD | traffic) 79 1995) -0.196 -0.476 traffic.
Taylor (mean 346, n = 60, < 180 pm grain
(Mackay et al., size) and Mackay (mean = 1560, n = 19)
2013; Taylor et were averaged to get city wide data.
11 | Mount Isa QLD | Soil lead mean | 638 al., 2010) 3.131 (3) | 0.809 Mackay was focused on mining sites.
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Table 2. Summary of significant SNPs from BayeScEnv models. From BayeScEnv significant outliers, due to ecological association with the
environmental variable, can be assessed using g-values or the more conservative PEP (Posterior Error Probability) statistic. The Predicted model
assumed all localities had average lead levels, score of 0, except for Broken Hill and Mount Isa that had high lead scores of 3. The Standard
model used the estimates of environmental differentiation using the mean of non-mining sites and the All sites model uses the mean from all
sites (Table 1). We present three models because there is no optimal way to summaries lead pollution with one statistic.

No. of Percentage Percentage
No. SNPs genes (%) of SNPs  of SNPs Percentage of
Total linked to linked to linked to within SNPs within
Analysis SNPs genes SNPs genes genes exons

Predicted model 19 6 9 31.6 10.5 0
— g-value

PEP 11 3 5 27.3 9.1 0
Standard model

— g-value 10 3 5 30 0 0

PEP 3 2 3 66.7 0 0
All sites model

— g-value 40 17 27 42.5 2.5 0

PEP 22 9 15 40.9 0 0
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