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Abstract

Landscape ecotoxicology is the study of dose-response relationships to toxicants and
integrating environmental factors across a defined landscape. In this thesis, I contributed
new knowledge to the field of landscape ecotoxicology by adapting analytical methods
to assess spatial patterns of chemical exposure among different wildlife keystone species,
quantify the relationships between contaminant sources and exposures, and quantify dose-

response relationships across large landscapes.

Currently, there are few landscape ecotoxicology tools available for quantifying geospa-
tial patterns of environmental toxicology data. To address this gap, I adapted spatial and
statistical methods and demonstrated how they can be used to 1) integrate data and assess
spatial patterns of contaminant exposure; 2) assess spatial patterns of exposure to complex

mixtures; and 3) examine dose-response patterns across landscapes.

I developed fur Hg as a biomarker medium as a non-invasive biomonitoring tool in river
otter (Lontra canadensis) and mink (Neovison vison) by developing conversion factors that
can be used to estimate internal organ Hg from fur Hg, using a meta-regression approach.
Based on these results, I suggest that the fur Hg screening guideline be reduced from 20
ug/g to 15 pg/g to be more conservative. I also quantified how the distribution of fur Hg
changes across the pelt of river otters. Results from this study indicate that topcoat should
be used for biomonitoring as it is less variable than the undercoat and samples should be

taken from the forebody (head and legs) for the most accurate organ Hg estimation.

Using biomarkers of exposure, I quantified the relationship between sources of Hg and
factors that promote Hg bioaccumulation with dietary Hg from stomach contents and fur
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Hg to establish fur as a proxy for bioavailability of environmental Hg. 1 also assessed spatial
dose-response patterns between fur Hg and fur cortisol using a geographically weighted
regression (GWR). Based on these results I use my proposed fur screening guideline of 15
ug/g to categorize fur Hg exposures and demonstrate that at low exposures (<15 ug/g)
in fur, Hg has a positive relationship with cortisol. Conversely, at high exposures (>15
pg/g) in fur, Hg has a negative relationship with cortisol. This research provides a field
example of heterogeneous dose-response relationships. Finally, I assessed spatial patterns
of complex metal exposures in a variety of biomonitoring datasets. I used normalization
and transformation techniques to effectively combine datasets comprised of different species
and life stages. I then used a spatial principal components analysis (sSPCA) to exemplify
clusters of complex exposures associated with oil and gas development in regions of Alberta,

Canada.

These advancements in the field of landscape ecotoxicology will help advance evidence-

based long-term ecological monitoring programs.
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Résumé

L’écotoxicologie du paysage est 1’étude des relations entre la relation dose-réponse et
I'intégration des facteurs environnementaux dans un paysage défini. Dans cette these,
j’ai apporté de nouvelles connaissances dans le domaine de 'écotoxicologie du paysage
en adaptant des méthodes analytiques pour évaluer les patrons spatiaux d’exposition aux
produits chimiques entre différentes especes fauniques clés, pour évaluer les relations entre
les sources et les expositions et pour évaluer les relations dose-réponses sur de grandes
paysages.

Actuellement, il existe peu d’outils d’écotoxicologie du paysage pour évaluer les modeles
géospatiaux de données toxicologiques environnementales. Pour combler cette lacune, j’ai
adapté les méthodes spatiales et statistiques et montré comment elles peuvent étre utilisées
pour 1) intégrer les données et évaluer les schémas spatiaux d’exposition aux contaminants;
2) évaluer les schémas spatiaux d’exposition a des mélanges complexes; et 3) examiner les

schémas de réponse aux doses d'un paysage a l'autre.

J’ai développé la fourrure Hg comme outil de biosurveillance chez la loutre de riviere
(Lontra canadensis) et le vison (Neovison vison) en développant des facteurs de conversion
pouvant étre utilisés pour estimer le Hg d’un organe interne provenant de la fourrure Hg,
en utilisant une approche de méta-régression. En tenant compte de ces résultats, je suggere
que la recommandation concernant le dépistage du Hg de fourrure soit réduite de 20 ug/g a
15 pug/g pour étre plus conservatrice. J'ai également quantifié la maniere dont la répartition
de la fourrure de mercure se modifie dans la robe des loutres de riviere. Les résultats de
cette étude indiquent que le poil doit étre utilisée pour la biosurveillance, car elle est moins
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variable que le sous-poil et que des échantillons doivent étre prélevés a 'avant du corps

(téte et jambes) pour une estimation plus précise du niveau de Hg dans les organes.

A Daide de biomarqueurs d’exposition, j’ai quantifié la relation entre les sources de mer-
cure et les facteurs favorisant la bioaccumulation de mercure avec le mercure alimentaire
contenu dans 'estomac et la fourrure de Hg afin d’établir la fourrure comme indicateur de
la biodisponibilité du mercure dans I’environnement. J’ai également évalué les schémas de
relation dose-réponse entre le Hg de fourrure et le cortisol pilaire a I’aide d’une régression
géographiquement pondérée (GWR). Sur la base de ces résultats, j'utilise la recommanda-
tion de 15 ug/g proposée pour le dépistage du pelage des fourrures afin de catégoriser les
expositions au Hg de fourrure et de démontrer qu’a des expositions faibles (<15 ug/g), le
mercure avait une relation positive avec le cortisol. A l'inverse, lors d’expositions élevées
(>15 ug/g), le mercure a une relation négative avec le cortisol. Cette recherche fournit
un exemple de terrain de relations dose-réponse hétérogenes. Enfin, j'ai évalué les patrons
spatiaux d’exposition a des métaux complexes dans divers jeux de données de biosurveil-
lance. J’ai utilisé des techniques de normalisation et de transformation pour combiner
efficacement des ensembles de données composés d’especes et de stades de vie différents.
Ensuite, j'utilise une analyse en composantes principales spatiales (ACPs) pour illustrer
les grappes d’expositions complexes associées au pétrole et au gaz se développant dans les

régions de I’Alberta, Canada.

Ces progres dans le domaine de 1’écotoxicologie du paysage aideront a faire progresser

les programmes de surveillance écologique a long terme fondés sur des preuves.
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Chapter 1

Introduction

1.1 General Introduction

Environmental exposure to potential contaminants is pervasive as a wide variety of com-
pounds can be detected in even the most remote locations on earth [1]. One class of these
detectable chemicals are metals. While metals are naturally occurring in the earth’s crust,
anthropogenic activities such as metallurgy, industrial activities, and fossil fuel burning,
are anthropogenically increasing their circulation in both local environments and globally
via wind and ocean currents [2]. Elevated exposure to certain metals can cause adverse

health effects in humans and wildlife [3].

Mercury (Hg) is a metal with well-established negative impacts on immune responses,
neural function, fertility, and fetal development in humans and wildlife [4-6]. Hg is re-
leased into the environment primarily through anthropogenic sources to the air, water,
and terrestrial environments and to a lesser extent natural sources such as volcanoes. In

ecosystems, the inorganic forms of Hg (Hg%and Hg?") can be transformed into the more



toxic organic counterpart methylmercury (MeHg) by microbes. MeHg then bioaccumulates
in organisms and biomagnifies in the food web, meaning that organisms of higher trophic
position have higher MeHg body burdens [7]. Similarly, for humans, the primary route of
MeHg exposure is through the diet. As a result, MeHg exposure is particularly of concern

for individuals who consume diets high in freshwater and marine fish, and mammals [8,9].

Understanding spatial patterns of environmental Hg concentrations, exposures, and
effects are essential to understanding the risk Hg poses on the health of humans and
wildlife. This forms the basis of the relatively new discipline of landscape ecotoxicology.
This interdisciplinary thesis integrates concepts and methods broadly from biology and
geography to further develop this new field of landscape ecotoxicology, in order to spatially
assess the relationship between Hg exposures and responses at the landscape level. This
general introduction is meant to orient the reader and provides background on the main

concepts used throughout this thesis.

1.1.1 Ecotoxicology

Toxicology is a science that studies the fate and transport of contaminants in the en-
vironment and the resulting relationship between chemical dose and biological response.
As a subfield, ecotoxicology is the study of how chemicals can affect individuals in the
ecosystem and the structure and function of an ecosystem as a whole [10]. In contrast
to classic toxicology experiments that dose one organism with one chemical, typically in
a laboratory setting, in ecotoxicology it is more difficult to measure the effects of chem-

icals on the physical and biological components due to the complexity of an ecosystem.



The IISD Experimental Lakes Area (IISD-ELA) in Canada is a rare example of how large
ecosystem-level experiments can be performed. More commonly, “cosm” experiments are
conducted where selected species of an ecosystem are added to a controlled environment
as a surrogate of a corresponding ecosystem. However, the results of such experiments are

limited in their usefulness to extrapolate to the population level [11-13].

Within the traditional risk assessment framework, assessing the risk that chemicals
pose to human and ecological health is typically conducted using a chemical-by-chemical
approach. The current framework of risk assessment involves identifying the hazard, eval-
uating dose-responses,; quantifying exposure, and characterizing risk [14]. The potential
risk is first identified through assessing chemical properties such as quantitative structure-
activity relationships (QSAR) and related toxicokinetics, toxicodynamics typically based
on in vivo and in vitro methods using human and animal cell lines and animal models
[15]. These models establish dose-response relationships between chemical doses and ef-
fects. Recently, there has been a shift away from resource-intensive animal studies that
typically use high dose and apical health endpoints which leave significant gaps in the
understanding of the chemical mode of action and low dose extrapolation [16]. New high
throughput assays that can screen many chemicals at a variety of doses within a short time
period have improved the molecular methods used for toxicity testing. This methodologi-
cal advancement in regulatory toxicology provides a better mechanistic understanding and

predictive abilities, however modelling real-world exposures are still challenging [16-18].

Assessing the risk of exposures provide a link between laboratory toxicity tests and

effects at the individual and population effects. In this process, the chemical exposure is



either estimated or measured to determine the frequency, concentration, and duration of
exposure [14]. The routes of exposure (inhalation, ingestion, and dermal) and individual
characteristics (including weight /size, sensitivity, and age) are important factors to consider
in exposure assessment, as the chemical bioavailability and toxicity may vary with these
factors. Exposure to a chemical can be measured both directly on or within the individual,
or indirectly where the exposure is estimated using mathematical models [14]. Accurate
exposure assessments are important as not all populations have the same chemical exposure
and this spatial gradient of exposures needs to be accurately reflected in the exposure
assessment. Results from the hazard identification, dose-response assessment, and exposure
assessment are used to formulate the risk characterization. Primarily, the risk is based on

the nature of the exposure; if there is no exposure, then there is no risk [14].

While high throughput methods have advanced traditional toxicology, there have been
fewer methodological advances in exposure assessment and hazard characterization. Par-
ticularly, one aspect that has remained relatively unchanged is the non-spatial nature
of human and ecological health risk assessments [19,20]. Inherently, everything in a non-
controlled setting is subject to spatial variation, and therefore spatial considerations should
be integral in ecotoxicology. Typically, these spatial variations have a quantifiable struc-
ture that can be summarized by Tobler’s first law of geography that states, “everything
is related to everything else, but near things are more related than distant things” [21].
This concept is highly relevant in ecotoxicology due to the diffusive nature of contami-
nant dispersion in the environment. As a result, there is an acknowledged need among

ecotoxicologists to assess both the spatial distribution of chemicals across a landscape as



parameters that define the doses [22-24]. Further, the use of spatial methods has great po-
tential to help improve risk assessment through more precise characterizations of exposure

doses and resulting effects [25].

1.1.2 Ecological Health Indicators

Ecological risk assessments are conducted to quantify ecological effects caused by stressors
and the effect of those stressors on individuals, populations, communities, and ecosystems
[26]. However, complex systems, such as ecosystems, are difficult to understand and char-
acterize due to the interdependencies and relationships between the components of the
system [19]. The health and functioning of an ecosystem are reliant on these complex
interactions which, can be evaluated in terms of the system’s organization, function, pro-
ductivity, resilience, and biodiversity. However, these emergent properties can be hard to
measure [28], and as a result, it is difficult to quantify the health of an ecosystem and how
it has deviated from baseline due to the impacts of stressors on the ecosystem, so relying on
modeling exercises is often necessary [29]. Since the true complexity of ecological systems
are beyond our ability to encode, model, and comprehend, developed models must strike
a balance between including enough information that they are useful but not too much

information rendering them uninterpretable [12].

Humans are an important part of an ecosystem as they both affect the ecosystem
and are affected by the ecosystem in a reciprocal relationship. However, the traditional
definition of ecosystem health lacks the integration and consideration of human health,

even though the ecosystem and human health are intrinsically linked. As a result, a more



holistic framework of ecological health was developed to incorporate the health of humans,
wildlife, and the environment [30,31]. This is the framework that underlays this thesis.
Having a framework that incorporates the human aspect is important as the concept of
health is value-laden. It is through the human lens that we can define what is a healthy
ecosystem and what is an unhealthy ecosystem, a definition that will change person to

person.

Sentinel Species

In contrast, humans and wildlife health can be easily measured through indicators such as
blood pressure or body condition. Further, contaminant exposure can be measured by con-
structing dose-response relationships between internal doses of a chemical and a measured
endpoint such as cardiovascular disease, neural impartment, or cancer [15]. These relation-
ships are typically better established in humans than animals [32]. However, assessing the
dose-response relationship of an ecosystem is not as simple. Ecosystem health cannot be
measured or directly observed as health is the result of many complex interactions between
parts of the ecosystem. Ecological indicators (i.e. air quality, water quality, contaminant
burdens) are typically used as a way to summarize information about the health status
of the ecosystem as well as make inferences about other unmeasured components [33].
Further, ecological indicators also serve an important purpose in a regulatory setting as

predetermined values are typically used as the thresholds for action [33].

Due to the complexity of ecosystems, one indicator cannot be representative of overall

ecosystem health, and thus multiple indicators must be chosen [34]. There are important



factors to consider when selecting an indicator. Jgrgensen et al. (2011) outlines that
indicators should be easy to collect, easily understood by laymen, relevant to the context,
have scientific merit, and be cost effective. Ultimately, selection should take a pragmatic
approach to balance the information that is desired, with the cost and time required for
data collection [34,35]. Biological indicators (bioindicators) are the favoured method of
assessing the response of a system to chemical exposure as they are time efficient and cost-
effective and are typically easy to work with, sensitive to environmental changes, have a
large geographic distribution, and are easy to quantify [33-34]. It is suggested that changes
seen in key bioindicator species are the result of cumulative changes in the environment

[35,36].

Wildlife bioindicators have been used to assess the effects of exposure to chemicals.
Biomarkers of exposure and effect measured in tissue, fur, nail, whiskers, eggshells, and
feathers are commonly used in biomonitoring [37,38]. Systems are complicated and in-
dividual or groups of bioindicators have been criticized as being too simple to properly
represent the complexities of an entire ecological system. In addition to this, it can be
hard to discern natural variability and natural phenomena from anthropogenic-related ef-
fects. Bioindicators are also criticized for being species and scale dependent. It is difficult
to generalize to different species and can be difficult to extrapolate from one trophic level
to another, especially if the species are not directly related [33]. By combining measured
exposure data with measured effect data and other observed data including population
information, behaviour, and diet, it is possible to determine how chemical exposures are

affecting a population [39]. More recently, there has been an interest in collecting non-



invasive measurements using barbed wire snags to gather hair samples, collecting fecal
matter, and bird feathers and eggshells [37,38,40]. This provides a method to monitor
chemical exposure without interfering with wildlife. While bioindicators are superior from
an economic standpoint and are the favoured method in regulatory decision making, there

are still limitations to using indicators to assess ecological health.

Wildlife biomonitoring data can also be used as a sentential for human health [41,42].
Piscivorous (fish-eating) wildlife including mink and river otter, have been used as sentinel
species providing integrated information about contaminants and their effects in an ecosys-
tem. With high year-round fish consumptions, parallels can be drawn between mink, river

otter, and humans as diet is the main pathway of exposure of MeHg for both humans and

wildlife [43)].

Western science bioindicators can also be integrated with social-ecological indicators
which are typically guided by stakeholders and can be informed by traditional knowledge.
This can be obtained through knowledge passed from previous generations, observations,
and knowledge shared from other community members [44,45]. Such knowledge includes
harvester and hunter’s observations, consumption data, and Elder’s knowledge [46]. Addi-
tionally, digital cartography provides a way of recording traditional knowledge as a method
of preservation and a way to intuitively communicate traditional knowledge through the
use of mapping to future generations and the public. It also provides a platform to dis-
seminate and incorporate this knowledge of physical resources and traditional knowledge

into biomonitoring, and resource development [47].



1.2 Landscape Ecotoxicology

Modelling chemical pollution across a landscape and assessing risk is challenging due to
the heterogeneity and complexity of ecological systems. While a theoretical framework for
understanding ecological exposure-response relationships was first proposed by Cairns and
Niederlehner (1996), it has failed to gain traction in ecotoxicology as indicated by the small
number of publications and a low number of citations of articles referencing landscape eco-
toxicology [13]. Landscape ecotoxicology draws upon methods from ecology and toxicology
and uses information from ecological function tests, toxicity tests, modelling approaches,
and biomonitoring data to understand and predict dose-response relationships in spatially
heterogeneous landscapes [29]. Geographic information systems (GIS) is increasing as a

platform for landscape ecotoxicology.

GIS provides the platform to enhance ecological risk assessment and modelling by com-
bining biomonitoring exposure and response data, environmental data, and social and
cultural data with into one centralized location. Much of the work done in ecological risk
assessments rely heavily on modelling to assess the relationships between different compo-
nents of the ecosystem [48]. Once the mathematical relationships between the variables
are developed and validated, it is then possible to understand the factors that drive rela-
tionships, and further assess how ecological health will be altered if ecosystem parameters
change. Through established relationships, it is possible to guide ecological monitoring by

identifying areas requiring further monitoring or remedial action [34].



Geographic Information Systems

A geographic information system is a digital platform that stores, organizes, analyzes, and
visualizes multiple formats of both spatial and non-spatial (aspatial) data. Spatial data
are also referred to as geospatial data when specifically relating to a numerical location
on the surface of the earth. Typically, X, Y, Z (latitude-longitude-height) coordinates are
used to represent where an item is located in geographic space. Also associated with these
numeric coordinates are attributes that describe and characterize the item at that location
[49]. As a platform, open source software such as Quantum GIS (QGIS) [50] is available
at no cost to the user, as well as proprietary platforms such as ESRI’s ArcGIS Desktop
[51] that have licensing fees. Broadly, a GIS can store, organize, and maintain data quality
as well as transform data into information through techniques such as geovisualizations

(mapping), geospatial analyses, and geospatial statistics [49].

While these methods are commonplace within geographic information science and ge-
ography, they have yet to take hold in the other sciences, such as ecotoxicology, where
they can provide many benefits. As a platform, the utility of a GIS within ecotoxicology
research is the ability to identify population-level patterns and examine relationships be-
tween these patterns as they vary across geographic space [52]. Further, a GIS can support
the incorporation of a spatial context into risk assessment analyses. Exposure assessments
are necessary to quantify the risk associated with the exposure of contaminants for indi-
viduals in a community, both human and wildlife. Typically, exposure and the resulting
risks associated with each exposure are distributed unevenly over space. Being able to

accurately and cost effectively quantify those exposures is important [53].
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In the ecotoxicology literature, there are many examples of using GIS to spatially map
patterns of contaminants measured in abiotic (e.g. water, soil, air) media [54-57] and
fewer examples assessing spatial patterns of contaminants in biological mediums [58-60].
Notably, there few examples in the literature using GIS for ecological risk assessment ex-
amining chemical stressor and response relationships [61-63]. This is an area that has
been under-addressed in ecological risk assessment literature [61]. While not always ex-
plicitly stated, these examples use GIS to store and manage collected data from a variety
of different data sources. All examples use GIS for some type geospatial analysis technique
(e.g. kriging, interpolation, spatial regression, co-occurrence analysis) and some present
geospatial visualizations. The reasons why GIS is an ideal platform for managing data,

analyzing data, and producing geospatial visualizations are explored below.

GIS as a Platform for Data Management

Data management and integration is increasingly important as the need to address complex
environmental health issues using a cross-discipline approach is required [64]. Differences
in data semantics (terminology), structure, and organization produce barriers to such inte-
gration [65]. As the field of toxicology has grown to include many sub-disciplines, the type
of data collected in these sub-disciplines varies and includes both quantitative data, such
as water chemistry measurements, and qualitative data, such as perceptions of pollution.
Thus, it is important to have a platform that allows for the seamless use and integration
of all data. Interoperability, which is the ability of a system to allows for the seamless use

of data within and between platforms, is a functional component of a GIS [66]. Having
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interoperable data can help to facilitate collaborations between different projects, and be-
tween different disciplines [49]. While there are barriers to achieving a truly interoperable
system, such as semantic and physical limitations, a GIS is an ideal platform to utilize and

integrate data [66].

GIS is well suited to model both continuous and discrete phenomena. These are repre-
sented through two primary data models. Raster data consists of a matrix of square cells
each containing one value. This model is best suited to represent continuous phenomena
such as pollution gradients. The vector data consists of items represented as points, lines,
and polygons. This model is best suited to represent discrete entities such as rivers, roads,
or dwellings [49]. Through the file structure of a GIS, relationships are made between
the spatial geographic coordinates and the aspatial attributes of that location. By making
these relationships, a database of descriptive information at various locations in geographic
space is created, and so through the use of location as the common link, both qualitative
and quantitative data can be stored, overlaid, and utilized for analysis [67]. An integral
part of ecotoxicological health risk assessments is the impact that a chemical exposure will
have on different levels of organization in an ecosystem. GIS provides a way to organize

data, and thereby allows us to assess the relationship between individuals

GIS as a Platform for Data Analysis

The strength of GIS comes from its analytical capabilities to assess patterns in data across
space and time as well as between data sets. Methods range from simple overlays to

advanced geospatial statistics. The objective of a risk assessment is to quantify the chemical
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exposure and quantify the risk posed. Capitalizing on the unique properties of spatial data
including spatial non-stationarity, anisotropy (directionality), and spatial autocorrelation
can create more accurate estimations of exposure and, by extension, risk. Spatial non-
stationarity is a property of spatial data whereby the relationships between variables will
change unevenly across space as a result of anisotropy. In some cases, the spatial non-
stationary can be further classified using the concept of anisotropy where this uneven
change over space is directional [68]. The second property of spatial data are spatial
autocorrelation where items that are located closer in space are likely to be more similar
than items that are further apart [21]. Thus, attributes of the exposure including frequency,
duration, and magnitude are subject to significant geospatial variability, as exposure and
susceptibility are heterogeneous over a geographic region [64]. Special care needs to be
given to all stages of the exposure assessment from designing the monitoring campaign to

determining exposure and analyzing the data.

During study design, GIS can be used to plan optimal locations for monitoring sites. As
monitoring equipment can be one of the most costly components of exposure assessments,
developing sampling strategies that maximize the coverage using the fewest number of
monitors is advantageous [69]. Location-allocation algorithms (also known as site selection
models) are a commonly used method to determine the optimal locations based on a set
of input parameters [49]. Using information including the number of available monitors, a
continuous surface of monitoring need, and constraining features (i.e. no private property)

the algorithm selects for the optimal sample locations [69].

Spatial patterns in data can be quantitatively assessed using geospatial statistics.
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Global spatial autocorrelation metrics, such as Moran’s I, assess how similar the data
are in a given area [49]. However, due to the spatial nature of data, these clusters may not
be evenly distributed across a surface, so there may be local clusters. Local indicators of
spatial association (LISA) such as Getis and Ord’s Gi* or a local Moran’s I can be used to
identify “hot spots” within a study area [70]. Both global and local clustering can provide
indications of processes driving the observed patterns. Global spatial autocorrelation is
indicative that one factor is being applied across the entire study area and is influencing the
observed pattern, whereas local spatial autocorrelation is indicative of localized influences

71).

Spatial autocorrelation can also be used to statically fill unknown measurements be-
tween measured locations, also known as interpolation. Interpolation methods develop a
mathematical estimation of new data, from a range of known data points [49]. A popular
interpolation method, inverse weighted distance (IDW), estimates unknown values based on
a matrix of surrounding known values where more weight is placed on nearby measurements
and less weight on measurements further away. Other methods include natural neighbour,
spline, and trend surface analyses which use similar mathematical weighting functions [49].
Kriging is a more advanced geostatistical method for interpolation which uses a measure
of spatial dependence (semi-variance) to estimate values at locations where the value is
unknown. Unlike other interpolation methods, kriging can estimate the standard errors of
the predicted values, as well as minimize surface anisotropy to reduce these standard er-
rors. This method can produce more accurate estimates than other interpolation methods

[49]. Both IDW and Kriging are currently used within ecotoxicology literature [72-74].
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To assess relationships between patterns, specialized spatial regressions can be used.
Spatial regressions such as geographically weighted regression (GWR) and spatial autore-
gression (SAR) are necessary to mitigate the effects that spatial data can have on aspatial
regression modelling methods. Due to anisotropy and spatial non-stationarity, the relation-
ships between variables can change unevenly across space [68]. Therefore, where traditional
regression coefficients produce one relationship between the dependent and independent
variables, this coefficient is an average of all relationships. In heterogeneous relationships,
this causes an increased error. A GWR addresses this issue by developing many localized
regressions, which allows the beta coefficients to vary across space, addressing the issue
of non-stationarity. In contrast to the traditional global regression, in the GWR method,
the localized regressions are stationary which, induces stationarity, allowing the error to
become identically distributed through the model. This decrease in the variance of the
model increases the reliability of the beta estimates and therefore, creates more reliable

predictions overall [68].

Spatial autocorrelation can also be problematic when conducting regression models.
When the data are not independently distributed (spatially autocorrelated), the variance
of the model estimates will be inflated and thereby less reliable. SAR considers the effect
that neighbouring observations have on any given observation, by capturing any underlying
spatial autocorrelation and including it as a parameter in the model (rho). By accounting
for the spatial autocorrelation in the model, the error term can then become independently

distributed and model estimates will be more reliable [75].

These methods have been used in exposure assessments to create predictive contaminant
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distribution models for a variety of contaminants including oxides (NOx), sulphur oxides
(SOx), particulate matter (PM), polycyclic aromatic hydrocarbon (PAHs), polychlorinated
biphenyls (PCBs), persistent organic pollutants (POPs), and metals [76-78]. Generally,
the R2 for these regressions are 0.70 or greater, yielding relatively high predictive power
[76-78]. Land use regression models (LUR) have been validated for local, regional, and

national air pollution modelling [79].

GIS as a Platform for Data Visualization

Traditional mapping that uses established cartographic conventions and representations
is an intuitive way to communicate information. Visual representations of data can tran-
scend barriers to traditional methods of information communication such as language and
education [65]. This is particularly important when communicating complex scientific con-
cepts to stakeholders who may lack an in-depth scientific background such as Indigenous
communities, industry, the general public, and policy makers [80]. Typically, risk metrics
are measured and estimated using advanced statistical models, which can be difficult to
understand. However, illustrating this information using maps and other types of visual-
izations can help in communicating complex data to stakeholders by clearly highlighting

areas of risk [80].

This information can be communicated through a variety of map types including con-
tamination maps, exposure maps, hazard maps, and vulnerability maps. These maps can
highlight spatial distributions of environmental contaminants, for instance, if there is any

risk posed through exposure to individual chemicals or chemical mixtures [81]. This infor-
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mation can then be used to inform stakeholders and policymakers to guide risk manage-
ment. Further localized spatial analyses enable the identification of hot spots for targeted
investigation and interventions, which is advantageous for industry and government bodies,

as this enables the development of cost-effective targeted intervention strategies [60].

1.3 Thesis Rationale

While landscape ecotoxicology has a strong theoretical basis, drawing from fields such as
ecotoxicology and ecology, a platform for practical implementation is lacking [13,23,24,29,82].
As a result, attempts to address spatially explicit dose-response effects at a landscape level
are limited [82]. We need methods to integrate datasets, quantify dose-response patterns
and pattern co-dispersion. Further, we are still limited in our methods to assess com-
plex exposures. Since ecosystems undergo co-exposures of chemicals there is a need for
analytical methods capable of assessing complex exposures in wildlife [63]. Without such
methods, it is not possible to develop ecological risk assessments that are realistic and accu-
rate. Finally, without methods for practical implementation, it is not possible to effectively
analyse and communicate information to academics, policymakers, and the general public.
Drawing on principles from geography and methods from GIS provides the opportunity to
develop a complimentary spatial framework that supports the development of landscape
ecotoxicology. This will support the development of spatial analyses using ecotoxicological
data and improve modelling relating exposures back to potential sources and dose-response

relationships across a landscape.
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1.4 Thesis Objectives

The overarching objective of this thesis is to provide a unified and spatially explicit frame-
work that uses GIS as a platform for conducting landscape ecotoxicology research and
demonstrate applications of this spatial framework through assessing spatial patterns of
biomarkers. This is presented through three sections where I develop a spatial framework
for ecotoxicology (Chapter 2), test fur for use as a non-invasive biomarker medium for
total Hg exposure in river otter (Lontra canadensis) and mink (Neovison vison) (Chapters
3 and 4), and quantify spatial patterns of exposure and effect biomarkers (Chapters 5,
6, and 7). All the chapters in my thesis were written as standalone manuscripts that
have already been published in peer-reviewed journals or will be submitted for publication.
Supplemental Information from each publication can be found in the corresponding Ap-
pendix. Finally, I conclude my thesis by providing a synthesis of my research contributions,
discussion of implications, and suggestions for future research (Chapter 8). The following

is a description of the structure of the thesis.

Section 1: Development of a Spatial Framework

The goal of this section is to extend the framework proposed by Cairns and Niederlehner
(1996) to provide a spatially explicit platform for landscape ecotoxicology. The objective
of Chapter 2 is to develop a GIS platform to support geospatial methods that integrate
biomonitoring data, assess spatial patterns of complex exposures, and assessing exposure-

effect relationships across a landscape.
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Section 2: Development of Fur Hg Biomarker

The goal of this section is to test the use of fur from semi-aquatic sentinel species, river
otter and mink, as a non-invasive biomarker medium for total Hg exposure. The objective
of Chapter 3 is to develop a model to predict internal total Hg concentrations from
measured fur Hg and determine a threshold of concern based on the measured fur Hg
concentrations. I tested the prediction that measured the concentration of fur total Hg
is positively associated with the total Hg concentrations measured in the internal tissues

(brain, kidney, liver, and muscle).

The objective of Chapter 4 is to determine the extent to which total Hg varies across
the fur of a pelt, identify the relationship between total Hg in fur and methylated mer-
cury (MeHg) in fur, and to identify the optimal fur sampling location for the purpose of
biomonitoring. I tested the prediction that measured concentrations of fur total Hg is
heterogeneously distributed across a pelt and hot spots of mercury excretion are quantifi-
able. I also tested the prediction that there is a positive association between the measured
concentration of fur total Hg and the measured concentration of fur MeHg to ensure that

total Hg is a good indicator of risk.

Section 3: Application of Spatial Analysis of Biomarkers

The goal of this section is to demonstrate how the spatial framework can be used to assess
spatial patterns of biomarkers of exposure and effect. The objective of Chapter 5 is to
determine the relationship between sources of Hg and environmental factors that enhance
methylmercury (MeHg) production and exposure to Hg in river otter and mink. I tested
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the prediction that there is a linear relationship between the measured total Hg in the
stomach contents and measured total Hg in fur. I also tested the hypothesis that stomach
content total Hg and fur total Hg are associated with sources of Hg in the environment

and relevant physio-chemical factors, including pH and organic carbon.

The objective of Chapter 6 is to determine the spatial relationship between fur total
Hg, a biomarker of exposure, and fur cortisol, a biomarker of effect. I tested the prediction
that the relationship between fur total Hg and fur cortisol would vary across space and

this spatial could be quantified using a geographically weighted regression.

The objective of Chapter 7 is to demonstrate the utility of spatial principal compo-
nent analysis (sPCA) for assessing spatial patterns of complex metal exposures in multiple
species and life stages. I tested the prediction that a combination of biomarkers of metal
exposure, measured in different species and life stages, cluster across the landscape quan-

tifying hotspots of complex metal exposure across the landscape.
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PART 1

Development of a Spatial Framework

for Ecotoxicology

Preface: This section provides the developmental foundations for the use of a geographic
information system (GIS), spatial methods, and geospatial analysis in landscape

ecotoxicology.
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2.1 Abstract

There is an acknowledged need in ecotoxicology for methods that integrate spatial anal-
yses in risk assessment. This has resulted in the emergence of landscape ecotoxicology, a
subdiscipline of ecotoxicology. However, landscape ecotoxicology has yet to become com-
mon practice in risk assessment due to the underdevelopment of techniques and a lack of
standardized methods. Here, we propose and demonstrate how the use of a geographic
information system (GIS) provides a standardized platform for landscape ecotoxicologi-
cal risks assessment using data collected under the Joint Oil Sands Monitoring (JOSM)
Program in the Athabasca Oil Sands Regions (AOSR), Alberta, Canada. This dataset
is comprised of concentrations of contaminants including metals and polycyclic aromatic
hydrocarbons (PAHs), and health endpoints. The 1100 biological samples are comprised
of various samples from tree swallows, amphibians, gull and tern eggs, plants, and mam-
mals. We present three examples using GIS as a platform to: 1) integrate data and assess
spatial patterns of contaminant exposure in the region; 2) assess spatial patterns of ex-
posures to complex mixtures; and 3) examine patterns of exposures and responses across
the landscape. We summarize the methods used in this paper into a workflow for ease of
implementation. Using this GIS platform allows the results and related spatial patterns to
be intuitively visualized and communicated through maps. The GIS platform will help re-
searchers to identify hot spots of contamination, design and refine biomonitoring programs,

and develop more ecologically realist risk assessments that incorporate complex exposures.
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2.2 Introduction

Ecological risk assessments are conducted to quantify potential adverse effects caused by
stressors, including chemicals of concern, on individuals, populations, communities, and
ecosystems [1]. However, assessing the exposure of ecosystem components and determining
the relationships with environmental contaminants is challenging, as species within ecosys-
tems are typically exposed to complex mixtures of chemicals distributed heterogeneously
across the landscape. This heterogeneity of exposures can lead to a range of possible ef-
fects resulting from varied exposures, further complicated by environmental factors that
alter the exposure pathways and change the exposure-response relationship (Figure 2.1).
Properties of a landscape can also cause chemical transformations and change the bioavail-
ability of contaminants [2]. Thus, there is a need for methods that will allow for a better
understanding of the complex relationships between exposures and responses across large
geographic landscapes and how this influences the ultimate structure and functioning of

an ecological system.

To address this methodological need, Cairns and Niederlehner (1996) proposed the
development of a new subdiscipline of toxicology called landscape ecotoxicology. This sub-
discipline draws upon methods from ecology, geography, and toxicology and uses the in-
formation generated from tests of ecological function, toxicity tests, modelling approaches,
and biomonitoring data to understand and predict exposure-response relationships in spa-
tially heterogeneous landscapes [3]. Since its inception, landscape ecotoxicology has not

gained much traction in ecotoxicology; there are few publications and low a number of
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Figure 2.1: A conceptual representation of how contaminants released from both natural
(e.g. volcanic eruptions, forest fires) and anthropogenic sources can be modified by the
landscape. This can alter the exposure and the adverse outcomes that result from chemical
exposure.

citations of articles referencing landscape ecotoxicology [4]. Nevertheless, the theoretical
framework has been recently highlighted in the journal Environmental Toxicology € Chem-
istry, with perspectives from academia, government, and industry providing insight into
the future development and utility of landscape ecotoxicology in spatially explicit risk as-
sessments [5]. While there has been an increase in attention paid to spatial analyses in
exposure assessments, spatial methods have not been fully applied to the assessment of
exposures and biological responses across large landscapes, particularly through the lens

of landscape ecotoxicology [6].

The theoretical basis of landscape ecotoxicology draws on concepts from a variety of
disciplines. However, a unified method or platform for practical implementation is lacking
[3-5,7,8]. While landscape ecotoxicology draws on methods from landscape ecology, there
are some differences in the data collected in these two subdisciplines that limit the trans-
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ferability of methods. Response data in ecotoxicology are commonly continuous (chemical
burden), whereas landscape ecology has more discrete response data (presence/absence).
Continuous and discrete data types rely on different underlying statistical distributions and
thus some methods that have been developed for landscape ecology need to be adapted
for landscape ecotoxicology [9]. As a result, practical applications that address spatially

explicit chemical exposures and responses at a landscape level are limited [5].

Without a standardized platform for implementation, it is difficult to determine how
to best integrate datasets, quantify exposure-response patterns, and assess spatial rela-
tionships. Moreover, ecosystems are exposed to mixtures of chemicals. Therefore, spatial
analytical methods capable of assessing complex exposures and quantifying how the com-
plex exposures and responses change across a landscape are needed [6]. As a result, it
is difficult to effectively analyse, interpret, and communicate the results to regulators,

policymakers, and other stakeholders including the general public.

A GIS is a combination of hardware and software programs that are able to store, man-
age, manipulate, and visualize geographic data (Figure 2.2). Geographic data are encoded
with latitude and longitude coordinates, and these coordinates have associated attributes
that provide information about processes happening on the landscape. GIS is well suited
for the storage of ecotoxicology and landscape data. While ecosystems are complex in
nature, components are organized into a nested hierarchy [10]. This nested hierarchical
organization is similar to the tabular database structure of a shapefile, a common vec-
tor data format used by GIS software. Additionally, GIS can store both data with and

without spatial information. This is advantageous for data management and integration,
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which is becoming increasingly important as the need to address complex environmental
health issues using a multi-disciplinary approach is required [11]. Using geolocations as the
common link, both qualitative and quantitative data can be stored, overlaid, and utilized

for analysis.

Data Layers

Landscape Data Population Data Contaminant Data

y /

@esri

Hardware Software

Data Integration

Geospatial Analysis

Information Communication

Figure 2.2: Schematic of how GIS can be used as a platform for landscape ecotoxicology.

A GIS is well suited for the storage of ecotoxicology and landscape data. While ecosys-
tems are complex in nature, they can also be organized into a nested hierarchy [11]. This
nested hierarchical organization is similar to the tabular database structure of a shapefile,
a common vector data format used by GIS software. Additionally, GIS can store both

data with and without spatial information. This is advantageous for data management
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and integration, which is becoming increasingly important as the need to address complex
ecological health issues using a multi-disciplinary approach is required [12]. Using geoloca-
tions as the common link, both qualitative and quantitative data can be stored, overlaid,

and utilized for analysis.

GIS also provides a variety of spatial computational methods for the assessment of
ecotoxicological data. This enables the identification of contaminant sources and factors
modifying the exposures and responses of contaminants across a landscape. These methods
range from simple overlays and mapping to high-level geospatial statistics [12]. Geospatial
statistical methods can be used to assess patterns in data. For example, global metrics
(i.e. Moran’s I) can assess the similarity of different data over an entire region [12], while
local indicators of spatial association (i.e. Getis and Ord’s Gi*) can identify local clus-
ters [13]. Investigating large scale (global) and small scale (local) influences on processes
across a landscape, and the relationships between these patterns can provide information
about what processes or factors are influencing the observed patterns of exposures and
responses. Geospatial methods can also be used to assess relationships between patterns
using specialized spatial regressions (i.e. geographically weighted regression and spatial
autoregression). These methods address the often problematic properties of spatial data
including spatial non-stationarity, anisotropy, and spatial autocorrelation [14], and help
to reduce model variance (standard error) creating more reliable estimates [15]. A more
detailed overview of computational tools available in GIS can be found in other review

papers [16,17].

Mapping is an intuitive way to communicate information, which can transcend tradi-
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tional barriers of information communication such as language and education [18]. This
is particularly important when communicating complex scientific concepts to stakeholders
who may lack an in-depth scientific background [19]. In addition, risk metrics are typically
measured and estimated using advanced statistical models, which can be difficult to under-
stand. However, illustrating this information using maps and other visualization aids can
help in communicating complex data and relations to stakeholders by highlighting areas of
risk [19]. Landscape-level ecotoxicological data can be communicated through a variety of
map types including contamination maps, exposure maps, hazard maps, and vulnerability
maps [20]. These maps can highlight spatial distributions of environmental contaminants,
and potential risk resulting from exposure to individual chemicals or chemical mixtures
[20]. This information can then be used to inform stakeholders and policymakers to guide
risk management. Additionally, localized spatial analyses enable the identification of hot
spots for targeted investigation and potential interventions. This is advantageous for indus-
try and government regulators, as this enables the development of cost-effective, targeted

intervention strategies [21].

There are a limited number of examples in the literature that use GIS to examine the
spatial relationship between chemical exposure and responses across a landscape. Clifford
et al. (1995) provided one of the first examples of how GIS and spatial data can be used for
the purpose of ecological risk assessments. In this example, GIS was used to demonstrate
and integrate measured dieldrin concentrations from the soil, the ratio of dieldrin concen-
trations in tissue to the soil concentrations in key species using bioaccumulation factors

(BAF), and the home range of each species’ prey. These three layers were intersected to

34



determine where the highest risk of exposures was in the food chain [22].

In a more recent example, Thomas et al. (2017) mapped and assessed the exposure
of fisher (Pekania pennanti; formerly Martes pennanti) and American marten (Martes
americana) in the Athabasca Oil Sands Region (AOSR) in Canada to second-generation
anticoagulant rodenticides (SGARs). Using Getis and Ord’s Gi* hotspot analysis and lin-
ear regression modelling, they demonstrated that the distribution of SGAR concentrations
in these mammals was significantly associated with multiple factors on the landscape in-
cluding total boreal disturbances, the number of o0il sands mines, and broadleaf forest cover

21].

Feist et al. (2011) used GIS to make predictions about the mortality risk of adult
coho salmon (Oncorhynchus kisutch) in unmonitored areas. In this example, they assess
the spatial relationship between non-point source pollution produced in urban landscapes
from run-off and rates of mortality in spawning adult coho salmon in Greater Puget Sound,
Washington. Their results demonstrated a positive relationship between the proportion of

local roads, impervious surfaces, commercial property within a basin, and salmon mortality

[23].

Finally, Jariyasopit et al. (2016) provides an interesting example of how GIS and
laboratory exposure-response data can be combined. In their study, polycyclic aromatic
compounds (PACs) were extracted from passive air samplers at different locations in the
AOSR and were used for the chemical exposures in vitro using salmonella mutagenicity
and cytotoxicity bioassays. These toxicological assay results were spatially mapped. They

found the highest measured levels of mutagenicity at sites located closer to mining activity,
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which also had the highest PAC concentrations. Through the mapping of toxicity indica-
tors, this study provides an example of how to assess the potential for chemically induced

effects across a landscape [24].

While landscape ecotoxicology has a strong theoretical basis, the lack of a practical
and standardized platform for data analysis has presented a barrier to implementation. In
this paper, we use wildlife contaminant data from the Joint Oil Sands Monitoring (JOSM)
program to demonstrate how a GIS platform using a variety of both proprietary and open
source software can be used to: 1) integrate datasets collected under different biomonitoring
programs from the AOSR, 2) assess spatial patterns of complex exposures using spatial
principal components analysis; and 3) provide a proof-of-concept example of how to assess
the spatial co-dispersion between exposures and responses. A workflow using GIS methods

to address challenges at each step is proposed.

2.3 Methods

2.3.1 Data: The Joint Oil Sands Monitoring (JOSM) Program

The Canadian Alberta Joint Oil Sands Monitoring Program (JOSM) was a monitoring
program developed in 2012 by Environment and Climate Change Canada and the Alberta
Government. One component of the program aimed to systematically monitor exposures
to contaminants of wildlife living in the Athabasca Oils Sands Region (AOSR). The wildlife
contaminants monitoring program under JOSM was comprised of five individual projects
assessing contaminant burdens in sentinel species. The species monitored include tree
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swallows [25,26], wood frogs [27], gull and tern eggs [28,29], plants [30], and terrestrial
and semi-aquatic mammals [21]. Biological samples from the monitoring activity were
geolocated, and tissues were analysed for a variety of contaminants including metals and
PAHs, and in some species, health indicators including thyroid hormones (triiodothyronine

and thyroxine) and cortisol [31].

From these projects, the five datasets were compiled into one database which contains
tissue concentrations for 31 metals, 93 alkyl and parent PAHs, and 28 health outcome
endpoints measured in 1100 biological samples. The dataset matrix is not complete as
there is missing data. For example, there are no metal data for tree swallows, but there
is a high degree of spatial overlap in the metals in the other four data sets. Conversely,
naphthenic acid concentrations were only measured in the wood frogs, and there is poor
overlap between the PAHs measured in the five datasets. Additionally, health endpoint
data are only available for tree swallows and wood frogs. Spatially the sampling efforts are
focused north of Fort McMurray, Alberta around the tailings ponds, upgraders, and open
pit mining area but also include samples from control areas away from the main oil sands
development (Figure 2.3A). A summary map of all samples and the number of species in
each hexagon tile after aggregation can be see in Appendix A Figure A.1 and Figure A.2

respectively.

In addition to wildlife contaminants data, abiotic data were also collected under JOSM
including contaminants monitored in the air, water, and snow. Data can be accessed
from the Canada-Alberta Joint Oil Sands Monitoring Portal (https://www.canada.ca/

en/environment-climate-change/services/oil-sands-monitoring.html).
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2.3.2 GIS Platform

GIS analyses can be executed through open source platforms available at no cost to the
user (Quantum GIS (QGIS); QGIS Development Team 2018), proprietary software (ESRI’s
ArcGIS Desktop; ESRI ArcGIS Desktop 2011), and non-GIS specific software including R
[34]. The methods in this paper are executed through a combination of software, which is

noted in each section.

2.3.3 Data Integration

In this example, we integrate total Hg exposure data collected in wood frogs, gull eggs,
plants, and terrestrial and semi-aquatic mammals. However, data for chemical exposure
are often complex and multi-dimensional. Mercury analyses need to consider the biology of
the receptor animals such as species and life stage prior to analysis [35]. Range standard-
izing (also termed ranging) is a common way to scale data to make datasets of different
magnitudes comparable [9]. The end product is a value between 0 and 1 (Equation 2.1).
In this example, we created subgroups for the species and life stage in all datasets before
range standardization was conducted on these subgroups. Once all data were standardized,

the tabular data were imported into ArcGIS 10.4 [33].

r — min(x)

x; = (2.1)

max(z) — min(x)

Analysing biomonitoring data can pose some challenges, for example, when multiple
samples are collected from the same location producing statistical pseudo-replication. This
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issue occurred in both the gull eggs and mammals. To overcome this problem, the range
standardized Hg values were aggregated to hexagon tiles with a 50 km diameter, chosen
based on the calculated average nearest neighbour distance. This also helps to increase
the spatial overlap of multiple species. Aggregating data to a coarser spatial resolution
to increase spatial overlap is also a common practice in ecology [36]. The aggregate unit
can be assessed for a variety of summary of statistics including mean, median, standard

deviation, and variance.

Another challenge is the uneven sampling effort across the studied landscape. In our
example, the highest density of samples are located in the area immediately surrounding
Fort McMurray, Alberta and fewer samples are from areas remote from Fort McMurray.
This uneven sampling regime in conjunction with the natural variation of chemical up-
take in organisms creates bias when aggregated data are visualized. This issue has been
thoroughly investigated in disease mapping [37-39]. Weighting methods are commonly
used in statistical analyses to reduce biases in data resulting from uneven sample sizes or
analytical errors as not all sample averages should be interpreted with the same confidence
[39]. The second issue that arises here is that confidence intervals are not well suited to
mapping and may even be non-existent if there is only one sample in the aggregate unit.
To address this, we use an empirical Bayesian average which estimates a population mean
using prior information. In this method, if the sample size in the sample unit is high, the
mean calculated for the sample unit stays relatively the same as it is more likely to be a
true average. However, if the sample size in the sample unit is low, the weighting method

will pull the mean in the sample unit closer to the mean of the entire dataset, as a smaller
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sample size be by affected by outliers. [39].

Ty =wWR+ (1 —w)c (2.2)
where,
v
= 2.3
T m (2:3)

In this example, the Bayesian weighted average is (x,) developed from a weight (w)
which is a combination of the maximum number of samples in an individual hexagon (v)
and the average number of samples in the hexagons (m) (Equation 2.3). This weight is
applied to the average standardized Hg concentration in each hexagon (R) and the average
standardized Hg concentration across all hexagons (c¢) (Equation 2.2). Using this method
enables the comparison of standardized Hg concentrations independent of the sample size

in each hexagon tile.

2.3.4 Spatial Assessment using Geospatial Cluster Analysis

Getis and Ord’s Gi*

To identify clusters of high normalized Hg values (hot spots) and low normalized Hg values
(cold spots), Getis and Ord’s Gi* statistical method was used. This geostatistical method
uses a spatial weights matrix to identify statistically significant local spatial autocorrelation

based on a specified local neighbourhood [14].
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Spatial Pincipal Components Analysis

In this example use the methods as described above to investigate the spatial pattern of
19 metal concentrations in 518 adult and recently metamorphosed wood frogs collected
in 2012 and 2013 from 19 different sample locations (Table2.1). PCA, BCA, and MEM
were performed using the ade4 package in R 3.43. [41]. We define the spatial connectivity
through a spatial weights matrix (SWM) using a Gabriel graph, as this method is optimal
for uneven sampling regimens [42]. A Monte-Carlo simulation is used to assess the ratio of
the explained variance between the overall model (PCA) and different sites (BCA) to test
the significance of collection location. To further investigate the spatial structure of the
complex exposures, Moran’s eigenvector maps (MEM) were used to account for the spatial
autocorrelation of metal concentrations. Scores were generated by the combination of the
eigenvector and eigenvalues from the BCA results and were mapped to assess the spatial
patterns. The spatial analysis and mapping were completed in R 3.4.3 using the packages

adespatial, spdep, and sp [43-45].

2.3.5 Quantifying Patterns of Co-dispersion for Exposure-Response
Analysis

Models that assess the co-dispersion of species are commonly used in ecology [36]. How-

ever, these methods cannot be directly applied to ecotoxicology as the ecological methods

are optimized for count data. Through modifications, integrating methods from ecology,

ecotoxicology, and GIS, can also be applied to assess the co-occurrence between sources of
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Table 2.1: Summary of tissue metal concentrations in adult and recently metamorphosed
wood frogs collected in the AOSR measured in (ug/g) dry weight.

Metal Min Median Mean Max
Ag 0 0 0.02 0.63
As 0 0.11 0.22 2.2
Ba 4.3 20 24.85 108
Cd 0 0.15 0.21 1.3
Cu 1.3 8.15 8.75 20
Fe 167 390 529.2 1894
Ga 0.14 0.69 0.82 3.8
Hg 0.02 0.09 0.1 0.41
Li 0.03 0.14 0.17  0.82
Mn 4.4 50 77.33 639
Mo 0.16 0.36 0.73 21
Ni 0.9 2.5 2.69 5.3
Pb 0 0 0.1 1.2
Rb 1.2 10 11.69 36
Se 0.33 0.66 0.76 2.7
Sn 0 0 0.01  0.39
Sr 9.1 26.5 29.3 71
A% 0 0.23 0.4 2.3
Zn 70 122 125.6 196

Min= variable minimum, Max= variable maximum

contaminants, exposures, and health outcomes in wildlife. This allows the evaluation of

the assessment of exposure-response patterns across a landscape [46].

If samples are taken from the same location, then no data preprocessing is necessary.
However, if data on exposure and response are not taken at the same location, then the
data need to be spatially rescaled so that the spatial resolution will match. This involves
aggregating, typically by averaging, to a coarser resolution [36]. Due to the mismatch
in sampling locations in the dataset here, the data were first interpolated using inverse

distance weighting (IDW) to create a regular grid for the exposure and response data.

For this example, we used the sum of the total parent PAH concentrations measured in

the snow as the exposure data (n=118), and the total cortisol in adult amphibians (n=20)
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averaged by site (n=4), as the response data. These two grids (rasters), were then range
standardized (Equation 2.1) to generate two standardized grids. The raster calculator was
then used to add these two grids together to provide a visual representation of how these
two layers co-vary. All data manipulation, analysis, and mapping were completed in QGIS
2.18 [32]. The correlations between these two layers were further quantified using spatial

statistics in R 3.4.3 using the package SpatialPack [47].

2.4 Results

2.4.1 Data Integration and Assessment of Spatial Patterns

Results of the total Hg aggregation can be seen in Figure 2.3B and results from the spatial
analysis can be seen in Figure 2.4. Figure 2.4B shows that there is a hot spot of high
standardized Hg values in the northeast corner of the ASOR and cold spots southwest of
the ASOR. However, when compared with the weighted average, the cold spot disappears;
this is due to the nature of the weighting metric, which selects for high standardized Hg
values observed in many data points. This gives confidence that the high standardized
values are true and that the corresponding hot spots are also true hot spots. The results
of the analysis are supported in Figure 2.4. The hot spot in the northeastern corner of the
ASOR is still present. This area corresponds to the area where open pit mining occurs,

and the upgrader facilities are located.

43



N M N
Legend 4 A Legend 4
Water Water
77"} ERCB Oil Sands fu.... ERCB Ol Sands
[ Provincial Boundaries [ ] Provincial Boundaries
Mean Normalized Hg Normalized Hg
e 002-021 [+] Value
@ 022-041 ° -H.gh.w
.
@ o042-061 3 \\ ~Low:0
. 0.62 - 0.80 T ~—
—e_ o
. 0.81-1.00 N2y /
e o TE— /
/ ® [y /
// ° '/ P / C
/ o/
/ € :
/ /
/ S, @ / /
// . .:. --.,I, .- LI // //
/ . et / .":' i /
/ A o I‘J ° o. 'E.I.J ay /
] :..' ) ol O @ .0 A A /
/ i ¥ : Murray 7
y e, : H ] /
o¥ /
// o ;.i.. c.. ..' //, //
/ ) 7
/ °; /
b I R O
g e © o ¥, P
ie i
L o Fopd Ty
o i O
¥ {
Edmontagn ;: A
g o L :
ANy N 5
a\f o Rl f EJ
{ / <,
/ \N
/
/
, /
Kilometers / Kilometers
02550 100 150 200 / 02550 100 150 200

O gin 5l
4

Edmonto_i:

&8

A4

Figure 2.3: A. Individual range normalized mercury values of wildlife species (amphibians,
gull eggs, plants, and terrestrial and semi-aquatic mammals) monitored in the oil sands and
the surrounding region. The larger the red circle, the higher the range range-normalized

mercury value.

B. Averaged and weighted range normalized mercury values in 50 km

diameter hexagon tiles. Light red tiles represent low average normalized mercury values
and darker red tiles indicate higher average normalized mercury values.

2.4.2 Assessing Complex Exposures

The Monte-Carlo simulation result indicates that 46% (p=0.001) of the variance between
the metal concentrations can be explained by the site and there is significant spatial struc-
ture in the exposure data. The MEM results of the assessment of complex metal exposures

are summarized in Figure 2.5, where Figure 2.5A is a scree plot which represents the vari-
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Figure 2.4: Getis and Ord’s Gi* cluster maps for point data (A) and aggregated hexagon
tiles (B). In both of these maps, red colouration represents differing levels of statistical
confidence in the hot spot (cluster of high Hg normalized values in the integrated wildlife
datasets) while the blue represents differing levels of statistical confidence in the cold spots
(cluster of low normalized Hg values in the integrated wildlife datasets).

ance explained in each component of the PCA and Figure 2.5B is a biplot representing the
correlation between metals in component 1 and component 2. The biplot in Figure 2.5B
can be used to help interpret that spatial patterns of the complex metal mixture expo-

sures of wood frogs are displayed in Figure 2.6. Component 1 (MEM1) is characterized by
high levels Rb, Cu, Hg, Mn, and Ni in the north indicated by the black squares (positive
loadings) and higher levels of Zn, cadmium, Se, As, and V in the south sample locations

as indicated by the white squares (Cd loadings). Component 2 (MEM2, Figure 2.6B) is
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characterized by three areas of metal combinations. In the north and the south, there
are higher levels of Zn, Cd, Pb, Hg, and Rb in the wood frogs as indicated by the white
squares (negative loadings). The band of black squares (positive loadings) in the middle
of MEM2 is characterized by V and As. A table with the corresponding loadings can be

seen in Appendix A Table A.1.
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Figure 2.5: A. Results from the spatial principal components analysis (PCA) using re-
cently metamorphosed and adult wood frogs (n=>518) from 19 sample locations. Scree plot
illustrating the amount of variance (y-axis) explained in the first 10 (of 24) components
(x-axis). B. Biplot illustrating the correlation between factors metals loaded in component
1 (x-axis) and component 2 (y-axis).

46



]
)
[ )
- a
ol
[ [MsO0-05mo5l15 [ [MsO-05mos5l15 . .

Figure 2.6: Moran’s eigenvector maps highlighting the spatial distribution of between
components analysis (BCA) scores in the first component (A) and the second component
(B) for recently metamorphosed and adult wood frogs (n=>518) from 19 sample locations.
Figure 6A (MEM1) corresponds to component 1 (the x-axis of Figure 5B) and Figure 6B
(MEM2) corresponds to component 2 (y-axis of Figure 5B).

2.4.3 Quantifying Patterns of Co-dispersion

The interpolation methods of the point data produced standardized grids demonstrating
the spatially continuous patterns of PAH concentration in the snow (Figure 2.7C) and
cortisol in the wood frogs (Figure 2.7D). By combining these layers (Figure 2.7E), the
analysis demonstrates two hot spots (dark blue) where elevated cortisol co-occurred with
higher total parent PAH deposition. This proof-of-concept statistical analysis shows how

observed patterns in two datasets of exposure and response data can spatially correlated

(r = 0.28).
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Figure 2.7: To assess co-dispersion, the point data (A, B) was interpolated using an inverse
distance weighted (IDW) interpolation (C, D). The grids were normalized based on the
data range and added together to illustrate the co-dispersion of the sum parent PAH
and average amphibian cortisol concentration (E). In all of these images, lighter colours
represent lower values (white and yellow) and darker colours (blue and green) represent
higher values.

2.5 Discussion

The GIS platform and spatial methods presented in this paper are tools that can help fill the
implementation gap of landscape ecotoxicology. We have created a generalized workflow to
demonstrate steps of data preprocessing, geospatial analysis, and visualizations necessary
to produce robust spatial analysis and communicate the information effectively (Figure
2.8). Also important to note is the selection of the correct datum and projection for the
analysis (for more information see Iliffe (2000)), which a critical step for developing robust
spatial analyses. The analyses presented in this paper used the North American Datum

(NAD) 1983 with the Albers equal-area conic projection.
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Figure 2.8: A workflow of methods that can be used to spatially assess ecotoxicological data
using GIS as a platform for data pre-processing, geospatial analysis, and data visualization.

Spatial analyses provide opportunities to attribute patterns of body burdens seen in
biota to potential sources. In the first example, integrating total Hg data from a number
of monitoring projects conducted under JOSM, identified hot spots around the upgraders.
This total Hg hot spots in wildlife tissue burdens of Hg also correspond with the highest
intensity of areal deposition of total Hg in the AOSR [49]. Further, the clustering results
from this example are similar to the mercury burdens observed in the eggs of California
gull (Larus californicus), glaucous-winged gulls (Larus glaucescens), herring gulls (Larus
argentatus smithsonianus), and ring-billed gull (Larus delawarensis) collected in the region

[29]. Results from the second example, identifying spatial clusters of complex metal mea-
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sured in wood frogs demonstrate there is a strong spatial component to the body burdens
as the location explains almost half of the variance in the data. Scores around the Oil
Sands in components 1 and 2 are highly loaded with As, V, Se, Cd, Zn, Pb, Cu, Hg, and
Rb. Similarly, other research has shown that V and Zn are emitted in high quantities from
the upgraders and metals including Hg exhibit strong distance decay from upgrader facil-
ities [49]. Further, Cd, Cu, Pb, Hg, and Zn deposition into snowpack from the Oil Sands
region exceed guidelines for the protection of aquatic life [50]. Overall, this approach en-
ables us to move away from single chemical exposure assessments and provides a way to
assess highly dimensional data by providing a multivariate summary of how exposures to

complex mixtures vary spatially.

In the final example, while exploratory in nature, demonstrates methods that can be
used to assess exposure-response relationships across landscapes. This geographical “dose-
response” assessments and can help develop assessments that are more representative of
realistic environmental exposures. Datasets with a with larger sample sizes could assess
if exposure and response patterns change across a landscape and how landscape features
modify these relationships. Finally, all of the examples above incorporate aspects of data

visualization through mapping, which aids in the communication of results.

The application of GIS in ecotoxicology provides opportunities to improve risk as-
sessments and can help develop and refine monitoring programs. Capitalizing on unique
properties of spatial data and using them as a modelling advantage to assess spatial het-
erogeneity can help to develop more accurate estimations of exposure, effects, and risk

[6].The lack of biomonitoring data is always a major challenge in ecotoxicology. If biomon-
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itoring data exist, then the information gained from combining datasets and identifying
spatial patterns can be used to inform future monitoring. Cluster analyses can identify
regions that could be used as control/ reference areas and regions of exposure interest
for continued monitoring. It is important that sampling efforts capture the full range of
contaminant concentrations in order for hot or cold spots to be detected. Further, imple-
menting a weight of evidence metric, such as a Bayesian weighted average, provides an
evidence-based approach for identifying regions of highest risk, increasing the confidence
that regions of high standardized exposures and corresponding clusters are true. Due to
the range standardization, this method is not able to give any indication about the risk of
exposure. However, this method can be extended to assess hotspots of not just exposure
but also risk by using the same clustering methods on toxicological reference values (TRV)

or benchmark doses.

GIS can be used to determine optimal sampling locations based on a set of input pa-
rameters, such as land cover types, desired sample size, landscape features, development,
roads, landscape disturbances, and known contaminant emitters. These features can be
used to plan optimal locations for monitoring sites and sample collection. Specifically,
location-allocation (also known as site selection) algorithms are commonly used to math-
ematically determine the optimal locations based on the provided input parameters. This
method maximizes spatial sampling coverage using the lowest possible sample size [51].
This method can be employed to design a monitoring campaign or can be integrated with
existing samples and data analyses, such as the hot spot analysis conducted in this re-

search, to refine future monitoring. The goal of a biomonitoring program is to determine
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the state or condition of the environment and is typically related to anthropogenic impacts
on the health of ecosystems and human health. Recent efforts have been made to provide
a foundation for biomonitoring programs by grounding them in conceptual or theoretical
frameworks [52]. A framework adopted for any biomonitoring program is guided by the
research question and issues being addressed by the monitoring. For example, the Driving
Forces-Pressures-State-Impacts-Response (DPSIR) framework has been recommended to
standardize the examination of indicators of environmental quality [53]. For monitoring for
the protection of human health, the Driving Force-Pressure-State-Exposure-Effect-Action
(DPSEEA) framework has been recommended over the DPSIR framework as the most
suitable framework for developing an integrated environmental health monitoring program
[52]. The GIS and spatial analysis can support the practical implementation of the selected
theoretical framework by quantifying patterns on the landscape and changes in the envi-
ronment, which can arise from social, economic, and institutional systems [52]. Overall,
the selection of the appropriate framework, which is supported by GIS, can lead to better
design and evaluation of adaptive monitoring programs and more robust evidence-based

decision making from the information produced.

Further, GIS may also be useful in supporting other methods of risk assessment in-
cluding cumulative environmental effects monitoring (CEEM), adverse outcome pathway
(AOP) development, cumulative risk assessments (CRA), and Aggregate Exposure Path-
ways (AEP) [54,55]. As field research cannot be as controlled as laboratory experiments,
it is often difficult to draw causal inferences. Thus it can be challenging to extend some

risk assessment methods including AOP and AEP to a population level as these models
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rely on causal support for pathways [54]. GIS provides the methods to not only evaluate
spatial patterns in datasets and the relationship between two variables across space, but it
can also quantify patterns that occur in different locations and at different spatial scales
[18]. The ability to quantify how patterns are repeated at different times, locations, and
spatial scales, builds the weight of evidence necessary to give more power to correlational
relationships typically seen in field studies. Other advantages of using a GIS to support
population-level risk assessment development is the ability to store, organize, analyse, and
display a variety of data types and sources, which helps synthesize the variety of data

needed for risk assessments [54].

While GIS and spatial analyses provide methods for the practical implementation of
landscape ecotoxicology, there are still limitations to the further development of this sub-
discipline. First, it is both costly and time-consuming to collect samples that cover a
landscape scale. As a result, most data are collected at the site level, which is insuffi-
cient for a landscape ecotoxicology analysis. As a result, Focks (2014) suggested stronger
collaboration is needed between government and academia to capitalize on the large-scale
biomonitoring programs conducted by the government. Biomonitoring projects such as
JOSM provide an example of how government and academia can work together to use
data collected at large spatial scales. However, without resources to collect data at a large

spatial scale, this will still remain a challenge.

Other limitations to the implementation of landscape ecotoxicology are theoretical is-
sues surrounding how we define and quantify aspects of ecosystem health. This issue is

primarily due to the complexity of ecological systems. At the individual level, bioindicator
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sentinel species are used to quantify an ecological response of an organism or population
to changes in the environment [56]. Bioindicators are used to provide information not
only about the health status of the individual but also regarding unmeasured parts of the
system through inference related to the dose of exposures to a chemical, the susceptibility
of the bioindicator species to dose-related effects, and the resulting adverse outcomes of
exposure [57]. However, determining causal relationships between exposure and effect is
difficult particularly in complex multi-stressor environments. As a result, it is commonly
accepted that one indicator is not sufficient to properly describe a system, however, se-
lecting what indicators to use can be challenging [56,58]. GIS provides a platform for
integrating biomarkers from sentinel species as we showed in the first example, providing
an opportunity to assess co-occurring patterns in biomarkers across species. This could
be extended by adding co-variate to assess how exposures change across landscapes in a

multi-stressor environment.

Further, evaluating health in a connected multi-level system at the individual, popula-
tion, community, and ecosystem level poses additional challenges. To assess the health of
an ecosystem, it is necessary to assess function, productivity, resilience, and biodiversity
of the system. These emergent properties can only arise as a direct result of the interac-
tion of many parts of the system and are hard to identify and measure [59]. Regardless
of the indicator type, it is imperative that the indicators have biological, methodological,
and societal relevance, which also includes cultural (traditional) importance and economic

importance [60].

Computational barriers to implementation of landscape ecotoxicology include a lack of
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awareness of the available tools, lack of knowledge on use or implementation of the tools,
and large start-up costs related to software acquisition and training of personnel [61].
However, there have been recent developments in open source GIS applications, which
can be acquired at no cost to the user and are also relatively user-friendly and intuitive.
Examples of this are Google Maps, Google Earth, and QGIS. As a result, GIS is shifting
from a primarily expert-controlled domain to having applications for novice users [18,61].
This shift presents opportunities for the applications of GIS within ecotoxicology and for

use in community-based monitoring programs or citizen science initiatives [62].

While using GIS as a platform for landscape ecotoxicology provides tools to address
some of the existing shortcomings, we also note some of the limitations of these tools.
Notable are uncertainties related to scale dependence, spatial resolution, and zonation,
also known as the modifiable areal unit problem (MAUP) [12]. MAUP is an issue where
spatial analyses performed at different geographical aggregations or with different zonations
may provide different results [63]. As a result, it is recommended to use natural units for
analysis such as administrative boundaries or use the smallest level of aggregation available
[64]. For this reason, when analyses are performed at an aggregate level, typically for
confidentiality reasons, it is important to only make conclusions and recommendation at

the level of aggregation at which the analysis was performed.

Finally, it is important to highlight that it is not possible to determine causality from
correlational methods. However, the results presented in this paper can be used for making
inferences about populations, guiding future hypothesis generation, designing and refining

biomonitoring studies, and can help to develop a weight of evidence in support of causal
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mechanisms. There are parallels between the results produced using the present methods
and Hill’s (1965) criteria for causation. While these criteria have been developed for
environmental epidemiology, similarly they can support wildlife toxicology and support
cause and effect relationships in ecotoxicology. Out of the nine criteria for determining
causation most notably, the methods presented here and GIS can support the criteria of
consistency, observing the same effect in different locations and populations, and biological
gradient, where high exposure doses should elicit a response of greater magnitude. Further,
the correlational results obtained can help guide related experiments, another Hill criterion,
to assess biologic plausibility and mode of action to ultimately link molecular toxicology

with ecotoxicology.

2.6 Data availability

Data are available from the Canada-Alberta Oil Sands environmental monitoring data por-
tal: https://www.canada.ca/en/environment-climate-change/services/oil-sands-monitoring.
html. R code used in these analyses can be found at: https://github.com/kristineccles/

landscape_ecotoxicology.git
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PART I1

Fur as a Biomarker of Mercury

Exposure

Preface: This section provides the foundations for developing and understanding fur as a

non-invasive biomarker of mercury exposure to be used in a spatial context.
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3.1 Abstract

Mercury (Hg) is a pollutant of global concern. Sentinel species such as river otter (Lontra
canadensis) and mink (Neovison vison) are often used to monitor environmental concen-
trations in freshwater ecosystems. Tissue total Hg (THg) concentrations are frequently
used as biomarkers of exposure. However, there is no comprehensive model relating Hg
tissue concentrations in different tissues, making interstudy comparisons challenging. Our
objective was to establish conversion factors relating fur, brain, liver, kidney, and mus-
cle THg concentrations using mean concentrations and standard errors reported in the
literature. We used data from more than 6000 samples, pooled across 16 studies and 96
sampling sites in North America and Europe. Sixteen regressions were derived for the river
otter and mink models, which were statistically significant at a 95% confidence interval
and yielded high explained variances. The models were validated using an external data
set of individually measured THg tissue concentrations. The validated conversions were
used to evaluate the current fur Hg screening guidelines of 20 ug/g and 30 ug/g. At both
of these fur concentrations, brain concentrations are of concern for altering brain neuro-
chemistry. We suggest a more conservative fur Hg screening guideline of 15 ug/g to protect
sensitive furbearers. The conversion factors can be used to predict internal organ THg

concentrations from fur measurements, eliminating the need for invasive tissue sampling.
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3.2 Introduction

Exposure to environmental pollutants such as inorganic mercury (IHg) and organic methylmer-
cury (MeHg) is of concern because of their effects on wildlife and human health [1-3]. Both
Hg and MeHg are often measured together and expressed as the total Hg (THg) burden
(IHg + MeHg = THg). In mammals, Hg is readily absorbed through the gastrointestinal
tract and rapidly distributed throughout the body [2]. Methyl Hg can cross the placenta,
and exposure to Hg during critical times in fetal development can cause long-term neurolog-
ical effects [2]. Furthermore, because MeHg can cross the blood-brain barrier, subchronic
and chronic exposure to MeHg at any age can lead to impairments to cognition, motor

control, coordination, intellect, hearing, and vision [2,4].

Mercury is released into the environment by both natural and anthropogenic sources.
Once in the environment, IHg can be methylated into MeHg, which bioaccumulates in
organisms, including biota and fish, and biomagnifies up trophic levels [5]. Therefore, the
highest MeHg concentrations are found in predatory fish and mammals [5]. This is of par-
ticular concern for piscivorous mammals because diet is the main route of MeHg exposure
and their high position in the food web produces higher exposure [6]. Sentinel species
have been used widely to monitor environmental pollutants, including Hg. Piscivorous
top predators such as river otter and mink are commonly used as sentinel species for risk
assessments of freshwater ecosystems [7,8]. Unlike birds, they have small home ranges
and do not hibernate or migrate, meaning they are exposed to contaminants year-round.

In addition, these species are distributed throughout North America, making them good
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bioindicator candidates [5,9]. Through the use of biomarkers of exposure, such as tissue
concentrations, sentinel species can be used to determine environmental concentrations

and assess risks posed to wildlife consumers [10].

Human hair and toenails, animal fur, whiskers (vibrissae), eggshells, and feathers have
been used for the biomonitoring of exposure to contaminants, including Hg [11-13]. Hair
and fur are excellent biomarkers of exposure in humans and other mammals because con-
taminants within the bloodstream are sequestered in these tissues. Mercury is highly stable
within these media, and collected samples do not require preservation or refrigeration be-
fore analysis [14,15]. Moreover, they provide noninvasive sources to monitor exposure to
contaminants over a period of months compared with blood, urine, or feces, which only
reflect recent exposure [15]. Therefore, they are less subject to variability in terms of
seasonality, food availability, diet, age, sex, and habitat [14-16]. Chemical exposure can
also be measured in tissues such as brain, liver, kidney, muscle, and fat, although these
samples are highly invasive and typically require postmortem collection [17]. To improve
the utility of fur as a biomarker of tissue Hg concentrations, it is necessary to gain a more
complete understanding of the relationship between fur THg concentrations and the THg

concentrations of internal organs, such as brain, liver, kidney, and muscle.

Most reviews on mammalian Hg concentrations have focused on polar bears and other
top predators in the Arctic [3,12,18], and no such review for Hg concentrations in river otter
or mink is available. Although both species are well studied, no comprehensive models
relating all Hg tissue concentrations exist for either of these species. Such information

is imperative for assessing spatial trends in a non-lethal way to informing environmental
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management in the mid and southern latitudes of the Northern Hemisphere. Therefore, the
objective of the present study was to develop a predictive meta-regression model relating
the concentrations of Hg among individual tissues compartments using the mean Hg tissue
concentrations reported in the literature for both river otter and mink. We hypothesized
that there would be constant ratios between the THg concentrations in fur and those in
the internal organs of river otter and mink, which would allow us to develop statistically

significant conversion factors useful to future monitoring programs.

3.3 Methods

3.3.1 Data Collection

The literature search methods used for the present review are summarized in Figure 3.1
. The databases Web of Science and Scopus were systematically searched for studies on
the relationship between Hg concentrations in the diet and various body compartments,
such as fur, brain, liver, kidney, and muscle between 1980 and 2016. The search phrases
used in these meta-analyses were "(mink OR Neovison vison OR Mustela vison) AND
(mercury OR methylmercury)" and "(river otter OR Lontra canadensis) AND (mercury

OR methylmercury)".

After initially gathering articles using the search expressions, we removed duplicates and
then screened the articles for use based on 2 criteria. First, they had to report on the target
genus and species of mink (M. vison, now known as N. vison) or river otter (L. canadensis).

This excluded the European otter (Lutra lutra), sea otter (Enhydra lutris), and neotropical
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Figure 3.1: Summary of the screening process used for the meta-analysis.

otter (Lontra longicaudis). Second, the articles had to report concentrations for more than
1 tissue type. Eligible articles were used to compile mean tissue concentration, standard
deviation (SD), standard error (SE), and number of samples at the locations surveyed.
We did not account for the difference between different studies reported in the literature,
such as the time of year that sampling was conducted or the performance of chemical
measurement, because the present study focused only on the relationship between Hg

concentrations in different tissues reported in each study.

When data were available, SD and SE were calculated. In addition, the corresponding
antilog was taken for any studies that reported log-transformed values. Finally, all mean
concentrations, SDs, and SEs were converted into micrograms per gram of dry weight for
both the river otter and the mink analyses. If a conversion factor from wet weight to dry

weight was provided in the study, this value was used. For example, in Kucera [19], the
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conversion factor from dry weight to wet weight was provided for river otter, where liver
values were divided by 0.41, kidney values were divided by 0.43, and brain concentrations
were divided by 0.33. If no conversion was provided, values were converted from wet weight
to dry weight assuming moisture contents of 80% for brain [20] and 75% for liver, kidney,
and muscle [21,22]. For mink conversions from wet weight to dry weight, Kalisinska et
al. [23] assumed a 71% moisture content when converting concentration values for kidney
and liver. Basu et al. [8] assumed a brain moisture content of 74.6%. No conversion
value specific to mink muscle concentrations could be found in the literature, so a moisture
content of 75% was used based on the conversion value for river otters [22]. Using these
moisture content values, the conversion formula in Equation 3.1 was used for the conversion

from wet weight to dry weight concentrations. Only THg values were used in the analysis.

wet weight

percent moisture
1—( 100 )

dryweight = (3.1)

3.3.2 Analysis

For the analysis only total Hg values were used. Pearson’s product-moment correlation
coefficients were calculated to assess the linear correlations between the Hg tissue concen-
trations from the literature as all tissue combinations exhibited strong linearity. These
mean Hg tissue concentrations were regressed against one another using either the ordi-
nary least squares method or the subtype weighted least squares method. The weight was
equal to 1/SE? of the dependent variable. When the assumptions are met, these models

produce the most robust estimates for predictive purposes [24].

69



The models were assessed for homoscedasticity of the residuals using a nonconstant
variance test. When p > 0.05, the residuals were homoscedastic. If the residuals were het-
eroscedastic, both the dependent and independent variables were square root-transformed
to meet this assumption. The intercept of each model was forced through 0 to produce
a simple conversion factor. Optimal models were chosen based on a balance of meeting
the assumptions, model fit assessed by the Akaike information criterion corrected for small

sample size, and parsimony for ease of use and interpretation.

The river otter and mink models were validated using individual tissue concentra-
tions measured from an independent collection. Carcases were sourced from a monitoring
program for oil and gas resource development in Northern Alberta, Canada (Canada-
Alberta Joint Oil Sands Monitoring Program) in 2015. The sampled animals inhabited
both high Hg-impacted regions and low Hg-impacted regions around the Canadian Oil
Sands, and samples were selected along a gradient of exposures. Once tissue samples
were dissected, they were mechanically homogenized (Heidolph Silent Crusher homoge-
nizer; Sigma-Aldrich) and then freeze-dried for 48 h to remove all water content (FreeZone
Freeze Dry System; Labconco). Then, the samples were ground into powder in an acid-
washed pestle and mortar, and 50 mg were subsampled for analysis. All THg measurements
were based on dry weight. The samples were analysed using a direct thermal decomposi-
tion Hg analyser (Mercury Analyzer 3000; Nippon Instruments North America). Quality
assurance/quality control measures, including blank samples, standard reference material
(DORM-4 and DOLT-5), and 10% of both river otter and mink tissue samples, were run

in duplicate. DORM-4 is a fish protein certified reference material for trace metals with a

70



known THg concentration of 0.44 + 0.036 mg/kg (experiment mean=0.36 £+ 0.002 mg/kg)
and DOLT-5 is a dogfish liver certified reference material for trace metals with a known
THg concentration of 0.44 £+ 0.024 mg/kg (experiment mean = 0.34 + 0.032 mg/kg). Du-
plicate coefficient of variation (CV) = 2.37%. The limit of detection, calculated as 3 times

the standard deviation of the blank (boat blanks) was 0.36 ng.

For each model, the conversion factor (beta coefficient) was applied to predictor (in-
dependent) variables to estimate the response (dependent) variables. For each tissue rela-
tionship, the estimated response variables were compared with the measured concentration
using the root mean square error (RMSE; Equation 3.2). In this equation, the using the

squared sum of all estimates (Y) measured value (Y). This value is divided by the number

(n) of pairs summed and then square-rooted.

A

(Y, —Y)?

n

RMSE = \/ D=1 (3.2)

To enable comparisons, the RMSE was normalized (NRMSE) to the range of the data
(Equation 3.3) to adjust for the large concentration range in the validation data set. The

NRMSE is expressed as the percent of the error in relation to the range of data.

RMSE
NRMSE = .
RAMS max(Y) — min(Y) (3:3)

Negative and positive residuals were summed to assess how conservative the conversion

factors were. All statistical analyses were completed in the statistical program R, Ver 3.0.1.
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3.4 Results

The river otter data were compiled from 13 studies; however, accounting for each sample

site throughout North America within each study increased the number of river otter

Hg tissue sample concentration groups to 39 (Table 3.1). Similarly, the mink data were

compiled from 16 studies; however, accounting for each sample site throughout North

America and Europe within each study increased the number of mink Hg tissue sample

concentration groups to 57 (Table 3.2). Additional information on the studies, locations,

and tissue concentrations used for these analyses can be found in the Supplemental Data,

Tables S1 and S2.

Table 3.1: Summary of the number of samples and the number of sample groups for river
otters with tissue total mercury tissue measurements.

Study Year Fur Brain Liver Kidney Muscle
Dornbos [20] 2013 65 96

Klenavic [25] 2008 199 203 203

Strom [26] 2008 82 104 105 105 105
Yates [27] 2005 80 89 206

Fortin [28] 2001 12 11 10 10 11
Evans [29] 2000 40 40 40 40

Evans [30] 1998 18 19

Francis [31] 1994 11 11
Halbrook [32] 1994 125 10 121
Ropek [33] 1993 43 30

Wren [34] 1986 10 76 54 48
Kucera [19] 1983 38 38 38

Total Number of Samples 621 495 857 223 285
Total Number of Sample Sites 23 29 39 22 11

Table 3.3 and Table 3.4 show the Pearson product-moment correlation coefficients cal-

culated for river otters and mink. For river otter, the correlation coefficients ranged from

0.46 (brain and muscle) to 0.97 (fur and kidney). For mink, the correlation coefficients

72



Table 3.2: Summary of the number of samples and the number of sample groups for Mink
with tissue total mercury tissue measurements.

Study Year Fur Brain Liver Kidney Muscle
Evans [35] 2016 59

Brzezinski [36] 2014 133 133
Kalisinska [23] 2012 13 15

Klenavic [37] 2008 144 147 146

Lake [38] 2007 210 208
Gamberg [39] 2005 30 98 98

Yates [40] 2005 126 118 512

Fortin [41] 2001 39 38 39 39 39
Evans [29] 2000 41 41 41 41
Dansereau [42] 1998 20

Harding [43] 1998 26 12
Halbrook [44] 1997 40 40 40
Halbrook [45] 1996 28 27 27
Wren [34] 1986 82 82 82 82
Kucera [19] 1982 172 172 172

Total Number of Samples 390 687 1560 659 356
Total Number of Sample Sites 17 32 o7 32 10

ranged from 0.62 (brain and muscle) to 0.87 (fur and liver).

Table 3.3: Pearson’s product-moment correlation coefficients for river otter mean total
mercury tissue concentrations.
Mean Fur Mean Brain Mean Liver Mean Kidney

Mean Fur 1

Mean Brain 0.939 1

Mean Liver 0.58 0.601 1

Mean Kidney 0.973 0.693 0.809 1
Mean Muscle 0.887 0.461 0.92 0.917

Table 3.4: Pearson’s product-moment correlation coefficients for river otter mean total
mercury tissue concentrations.
Mean Fur Mean Brain Mean Liver Mean Kidney

Mean Fur 1

Mean Brain 0.698 1

Mean Liver 0.871 0.809 1

Mean Kidney 0.618 0.732 0.863 1
Mean Muscle NA 0.646 0.66 0.83

The predictive meta-regression modelling results for river otter and mink are sum-
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marized in Table 3.5 and Table 3.6. All models represented were statistically significant
(a=0.05, maximum p=0.02), and a high percentage of variance was explained for both
river otter (range, 0.83-0.99) and mink (range, 0.65-0.99). All models met the regression
assumptions, except for the model that used brain to predict muscle THg concentrations,

where the model residuals exhibited heteroscedasticity (non-constant variance = 0.03).

Table 3.5: Summary of all predictive paths between total mercury tissue concentrations in
river otter.

Path Path (X — Y) BI SE AdjR2 p NCV DF

Brain — Kidney  2.84 0.33 0.83 <0.001 0.1 284
Brain — Liver 2.04 0.07 0.97 <0.001 0.31 2.04
Brain — Muscle 1.59 0.06 0.99 <0.001 0.03 1.59
Fur — Brain 0.15 0.01 0.99 <0.001 0.75 0.15
Fur — Kidney 0.62 0.05 0.95 <0.001 0.77 0.62
Fur — Liver 0.7 0.03 0.97 <0.001 0.43 0.7

Fur — Muscle 0.46 0.06 0.9 <0.001 0.11 0.46
Kidney — Brain  0.22 0.01 0.95 <0.001 0.33 0.22
Kidney — Liver 1.12 0.05 0.97 <0.001 0.14 1.12
Kidney — Muscle 0.54 0.02 0.99 <0.001 0.51 0.54
Liver — Brain 0.45 0.01 0.99 <0.001 0.39 0.45
Liver — Kidney 0.58 0.06 084 <0.001 0.84 0.58
Liver — Muscle 0.53 0.04 0.94 <0.001 0.18 0.53
Muscle — Brain  0.39 0.03 0.96 <0.001 0.74 0.39
Muscle — Kidney 1.94 0.11 0.98 <0.001 0.18 1.94
Muscle — Liver 2.02 0.14 095 <0.001 0.62 2.02

ToZzZzO <" @DooHEEHOQwE =

Bl=model beta coefficient, SE=standard error, Adj R®*=adjusted R?, p=p-value,
ncv=non-constant variance p-value, df=degrees of freedom

Table 3.7 shows the results of the model validation. For the river otter models, all
NRMSEs were less than 31%, with the exception of the model that used liver to predict
brain Hg concentrations (NRMSE=39.6%) and the model that used fur to predict muscle
concentration (NRMSE=45.4%). Similarly, for the mink models, most NRMSEs were less

than 30%, with the exception of the model that used fur to predict kidney Hg concentrations
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Table 3.6: Summary of all predictive paths between total mercury tissue concentrations in
mink.

Path Path (X —Y) B1 SE  Adj R? P NCV DF
A Brain — Kidney 1.49  0.11 092 <0.001 09 15
B Brain — Liver 2.02  0.12 0.91 <0.001 0.82 25
C Brain — Muscle 1.21  0.06 0.99 <0.001 037 3
D Fur — Brain 0.13  0.02 0.8 <0.001 0.32 11
E Fur — Kidney 0.64  0.05 0.65 0.01 0.89 6
F Fur — Liver 0.46  0.03 091 <0.001 0.75 16
G Fur — Muscle® 0.301 0.043 0.797 <0.001 0.23 11
H Kidney — Brain 0.6 0.03 0.96 <0.001 053 15
I Kidney — Liver 0.6 0.03 0.96 <0.001 053 15
J Kidney — Muscle 0.89  0.07 0.82 <0.001 0.53 31
K Liver — Brain 0.99 0.06 0.98 <0.001 061 5
L Liver — Kidney 0.3  0.02 0.9 <0.001 0.44 24
M Liver — Muscle 0.77  0.03 0.94 <0.001 0.65 31
N Muscle — Brain 0.78  0.05 0.95 <0.001 0.2 9
O Muscle — Kidney 043 0.1 0.82 0.022 082 3
P Muscle — Liver 0.77  0.05 098 <0.001 071 5

“Estimated based on generated data

Bl=model beta coefficient, SE=standard error, Adj R®=adjusted R?, p=p-value,
ncv=non-constant variance p-value, df=degrees of freedom

(NRMSE=82.7%). We determined the percentage of overprediction when comparing the
predicted values to the measured values in the validation. Models that overpredict more
often are more conservative, and thus more protective, than models that underpredict more

often.

For the generated tissue values, the coefficient of variation (CV) of sample duplicates
ranged from 0.36% (muscle) to 7.36% (fur) for river otter. In the mink sample duplicates,
the CV ranged from 0.59% (liver) to 8.34% (brain). For both river otter and mink, the

average CV was approximately 2% (Table 3.8).

The validated conversion factors produced based on the meta-regression models can be

found in Table 3.9
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Table 3.7: Results of the model validation for river otter and mink using Hg analysis of
independent tissue samples. The normalized root mean square error (NRMSE) is expressed
as a percentage.

River Otter Mink
Path Path (X —Y) NRMSE % % Over Predicted NRMSE % % Over Predicted
A Brain — Kidney 14.8 72.2 184 0
B Brain — Liver 22.1 0 11.1 16.7
C Brain — Muscle 13.2 5.6 13.3 100
D Fur — Brain 28.6 44.4 28.4 57.1
E Fur — Kidney 30.1 77.8 82.7 80
F Fur — Liver 30.4 70.6 32.4 0
G Fur — Muscle 45.4 0 19.2%* 85.7%*
H Kidney — Brain 22.7 0 16.1 92.9
I Kidney — Liver 10 23.5 13.9 235
J Kidney — Muscle 18.1 11.1 10.9 23.5
K Liver — Brain 39.6 100 13.2 0
L Liver — Kidney 16.8 11.8 17.6 23.5
M Liver — Muscle 8.8 29.4 18.2 7.1
N Muscle — Brain 14.5 0 9 71.4
O Muscle — Kidney 15.6 88.9 13.8 0
P Muscle — Liver 9.9 94.1 11.7 70.6

**Estimated based on generated data

Table 3.8: Summary of generated mercury (Hg) tissue concentrations for model validation.

Muscle Hg (ug/g) Fur Hg (pg/g) Brain Hg (ug/g) Liver Hg (pg/g) Kidney Hg (ug/g)
River Otter

Min 0.77 1.45 0.31 1.03 0.75
Max 3.85 15.41 1.82 7.71 7.76
Median 1.48 4.33 0.75 2.16 1.52
Mean 1.68 5.26 0.85 2.76 2.51
Mink
Min 0.13 0.36 0.1 0.11 0.3
Max 2.73 7.65 1.4 4.14 2.73
Median 1.28 3.97 0.42 1.06 1.19
Mean 1.35 4.1 0.54 1.34 1.24

3.5 Discussion

The Pearson product-moment correlation coefficients that relate Hg levels among different
tissues for river otter and mink were similar to those published in the literature. For
river otter, studies have published correlation coefficients between fur THg and brain THg

concentrations of 0.64, 0.80 [25], 0.64 [20], and 0.74 [26] and the correlation coefficient for
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Table 3.9: Conversion Factors between mercury tissue concentrations for river otter and
mink.

Path Path (X — YY) Conversion Factor River Otter Conversion Factor Mink
A Brain — Kidney 2.84 1.49
B Brain — Liver 2.04 2.02
C Brain — Muscle 1.59 1.21
D Fur — Brain 0.15 0.13
E Fur — Kidney 0.62 0.64
F Fur — Liver 0.7 0.46
G Fur — Muscle 0.46 0.3
H Kidney — Brain 0.22 0.6
I Kidney — Liver 1.12 0.89
J Kidney — Muscle 0.54 0.99
K Liver — Brain 0.45 0.3
L Liver — Kidney 0.58 0.77
M Liver — Muscle 0.53 0.78
N Muscle — Brain 0.39 0.43
O Muscle — Kidney 1.94 0.77
P Muscle — Liver 2.02 1.1

the same relationship calculated in the present study was 0.94. Similarly, in mink, studies
have published correlation coefficients between fur THg and liver THg concentrations of
0.56 [27], 0.708 [26], 0.73 [28], 0.50, and 0.60 [29] and the correlation coefficient for the same
relationship in the present study was 0.87. This demonstrates that a higher correlation
coefficients, representing the linear relationship between fur and brain in river otters and
between fur and liver in mink, were developed from the mean tissue concentration meta-

analysis.

Although the sensitivities of river otter and mink to Hg exposure differ [30] and should
be modelled separately, there are commonalities between the models of these species for
the same tissues. Many of the meta-regressions using the same dependent and independent
variables had similar beta values. For example, predicting brain THg from fur THg con-

centrations yielded similar beta values (river otter, 0.15; mink, 0.13). In addition, in most
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models, fur THg concentrations were good predictors of tissue concentrations as indicated

by the results of the validation.

Although there was confidence in the relatively accurate predictive power of most mod-
els, some models offered better predictions than others. Most of the models predicted
concentrations with accuracies of 30% or less of the actual concentrations. The majority
of the river otter and mink conversions overpredicted some tissue concentrations (12/16
paths). These models were limited to the estimation of 1 unknown tissue concentration
from 1 known tissue concentration. These relationships were not modeled or validated
as paths, and using the estimated tissue concentrations to estimate additional tissue con-
centrations could result in grossly inaccurate predictions from inordinate compounding of

error terms.

It should be noted that the conversion factors were generated based on mean tissue
concentrations from many samples of various sexes and ages, over many sample sites, and
across many years. The meta-analysis inclusion criteria were chosen specifically so that
the produced conversion factors would be simple and universal. This reflects realistic
conditions of a non-invasive biomonitoring program using hair snags where information on

age or sex may be unavailable.

The high NRMSEs of some models could indicate that these models were not fit prop-
erly, possibly resulting from the low degrees of freedom. In addition, the THg tissue
burdens of the river otters and mink samples used to validate these models may have been
influenced by local confounding factors. For example, animals inhabiting areas that expe-

rience high persistent exposure to pollutants, such as those in northern Alberta near the
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oil sands, may adapt to their environments, altering the way they metabolize and excrete
toxicants. Moreover, studies have shown that animals inhabiting contaminated regions
have upregulated cytochrome P450 genes that detoxify these compounds. Detoxification
aids in the elimination of these compounds from the body, which could result in lower

tissue burdens [31,32].

Although tissue residue levels can be good biomarkers of exposure, guidelines are nec-
essary to aid in their interpretation. For humans, healthy ranges related to biochemical,
physiological, and behavioral parameters are well established and widely available. How-
ever, such guidelines have not been developed to the same degree for wildlife [33]. The
current screening lowest- observed adverse-effect level guideline for fur THg in furbearing
mammals is conservatively 20 pg/g [34] and less conservatively 30 pg/g [8,35]. It should
be noted that the water content of fur/hair is negligible; thus, these concentrations are
considered dry weight. The no-observable-adverse-effect level in human hair, observed in
the Faroese Island population, is 6.0 ug/g [36]. Comparing the sensitivity to the effects
of Hg (irrespective of type) on brain among species, river otters are ranked as the least
sensitive, followed by rats, mink, mice, and humans. This is reflected in hair/fur screening

guidelines [30].

The relationships developed in the meta-model can be used to assess whether current
screening guidelines are appropriate (Figure 3.2). Using the conservative screening fur
guideline of 20 ug/g and the less conservative value of 30 ug/g in conjunction with the
upper limit of the beta coefficient (beta plus SE) of model D (i.e., fur — brain) produced

estimated brain THg concentrations. The estimates ranged from 3.10 ug/g dry weight
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to 4.66 ug/g dry weight for river otter and from 2.97 ug/g dry weight to 4.46 ug/g dry
weight for mink There is a negative relationship between brain THg concentration and
cholinergic muscarinic acetylcholine receptor density and ligand affinity. This is a particu-
larly important relationship because THg is a potent neurotoxicant [20,37,38] and elicits a
dose-dependent response. A screening threshold of 3 pug/g dry weight to 5 ug/g dry weight
has been proposed as the concentration required to observe THg-related changes to brain
neurochemistry in mammalian wildlife [20]. This is currently the most sensitive endpoint

for assessing the neurotoxicity of THg in mammals [3,20].

Figure 3.2: Conceptual model illustrating all calculated relational paths between different
tissue compartments in river otter and mink.



Based on the brain concentration calculations from fur for river otters and mink, current
fur screening guidelines may not be sufficiently conservative. At 30 ug/g, the predicted
river otter and mink brain concentrations were above the upper limit of the threshold
concentration of concern. At 20 ug/g, both species were at the threshold of concern.
Furthermore, because river otters are reported to be the least sensitive species to the
effects of brain THg, the current fur THg screening upper threshold guideline may not
be appropriate for more sensitive species. A lower screening guideline or species-specific
guidelines might be more appropriate to account for interspecies differences in sensitivity
to THg in furbearing mammals. We suggest decreasing the fur THg screening guideline
to 15 pg/g, which, based on the models, would be equivalent to brain THg concentrations
of 2.33 pg/g dry weight in river otter and 2.23 ug/g dry weight in mink. This proposed
guideline would keep more sensitive species near the lower limit of the threshold of concern.
Of the samples measured for the validation, only 1 river otter had a fur THg concentration

exceeding the proposed guideline of 15 pug/g.

Using the developed model, it is possible to estimate not only tissue concentrations in
animals but also the concentrations required to produce the corresponding tissue concentra-
tions. However, dietary information is available only for mink, as they are easier to raise
in captivity [7]. Elucidating the relationship between tissue concentrations and dietary
concentrations will provide useful information on environmental concentrations. Using the
relationship between fur THg and dietary THg concentrations, the amount of THg in the
diet can be estimated as an indirect measure of environmental THg concentrations. From

this estimate, it may be possible to estimate the approximate THg concentration in fish
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using food consumption information for mammals of concern. More work is needed to
explore such applications of this model. In addition, more data are needed to determine

the relationship between dietary intake in river otter and fur THg content.

Human, wildlife, and environmental health are intrinsically linked and improving our
understanding of Hg exposure in mammals can provide insight into both environmental
conditions and risk to humans. River otters and mink are considered to be good sentinel
species for both environmental exposure and human health [7,8]. The meta-regressions
developed in the present study can be used as a screening tool provides an indicator of
ecosystem exposure to contaminants. These models can alleviate the need to measure
concentrations in multiple tissues, saving both time and money. Moreover, they allow for
the estimation of concentrations in more invasive tissues, such as brain, from less invasive
samples, such as fur/ hair, which can be collected via fur/hair snags or from pelts from
hunting and trapping. Similar meta-regression approaches can be applied to other species,
such as polar bears, and to marine ecosystems. However, interspecies relationships must

be investigated for each of the studied species.

3.6 Data availability

Data are available upon request from the authors.
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4.1 Abstract

Fur is a common biomarker of environmental mercury (Hg) exposure. Further, there are
well-established relationships between total mercury (THg) in fur and organs. However,
these models assumed that THg is uniformly distributed across the fur in a pelt. In this
study, we assess the distribution of THg and methylmercury (MeHg) across the pelts of four
river otters (Lontra canadensis). THg concentrations were measured in the topcoat (n=95)
and undercoat fur (n=95). MeHg was measured in a subset of these samples (n=10).
Patterns of THg and MeHg were explored using cluster analyses and ANOVAs. Significant
differences existed between THg in topcoat and undercoat and between anatomical region
(head/body/tail/legs) and fur regions (dorsal/ventral/furline). The cluster analysis showed
significant THg clusters in undercoat fur and to a lesser extent topcoat fur. Further, the
error rate for predicting internal THg is lowest in the forebody region of the topcoat, thus,
making this the optimal region to sample for biomonitoring. Fur samples taken outside of
this region could result in prediction error as high as 140% when estimating internal organ
THg. The ratio of MeHg in THg in topcoat fur was measured at 95.7 + 3.4% indicating

THg concentrations can be used to assess MeHg exposure.
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4.2 Introduction

Mercury (Hg) is an environmental pollutant of global concern found in terrestrial and
aquatic ecosystems. The methylated form of Hg (MeHg) is bioavailable and readily accu-
mulates in the kidneys, liver, central nervous system and produces adverse effects on im-
mune response, structure and function of nervous tissues, fertility, and fetal development in
humans and wildlife [1]-[3]. In North American freshwater ecosystems, river otters (Lontra
canadensis) are good sentinel species for MeHg exposure because of their non-migratory,
non-hibernating behaviour, their small home range, as well as their high year-round fish
consumption [4], [5]. These top predators are reliable indicators of environmental contam-
ination as tissue Hg concentrations are correlated with Hg levels in fish prey species from

the same watersheds [6].

Tissues examined in previous biomarker studies of Hg exposure in river otters include
brain, liver, kidney, muscle and fur. Mercury concentrations in all organ tissues are directly
related to the concentrations of mercury found in the blood and fur [7]-[9]. Hair is advanta-
geous because it is a minimally-invasive matrix and an important excretory pathway which
provides temporal trends in Hg exposure at concentrations that can be upwards of two or-
ders of magnitude higher than those in blood [10]. Since both MeHg and Hg?" ions have
high affinities for thiol groups, the high sulphur content and slow growth rate of fur make
this keratinous matrix ideal for assessing temporal trends of Hg exposure between seasonal
moults of topcoat and undercoat fur [11]. Previous studies have also reported that total Hg

(THg) concentrations in otter fur are strongly correlated with those concentrations found
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in the brain [8], liver [8], [12], kidney [13], and muscle tissue [13].

Using fur to estimate THg exposure in river otters is similar to the well-established
methods for using hair to estimate human THg exposure [4], [14]. Several studies have
discussed the utility of fur THg concentrations to estimate the internal organ THg con-
centrations in these river otter and mink [15], [16], using predictive regression models [9]
(Chapter 3). The accuracy of estimates generated by this model vary between 28.6-45.4%
based on a normalized root mean squared error (NRMSE) for river otter depending on the
tissue [9]. While these relationships did not appear to be age or sex dependent, [8], [16]
some of the unexplained variance could be attributed to differences in fur sample locations
within each animal. A survey of the literature identified eight studies that reported fur

THg sampled from a variety of locations (commonly on the limbs) (Table 4.1).

Table 4.1: Summary of fur sample locations in Hg biomonitoring studies in river otter.

Study Sample Location
Halbrook et al. 1994 Unspecified Sample Location
Evans et al. 1998 Unspecified paw
Evans et al. 2000 Unspecified paw
Fortin et al. 2001 Forelimbs

Yates et al. 2005 Unspecified Sample Location
Strom 2008 Hind paw

Klenavic et al. 2008 Between the footpads
Dornbos et al. 2013 Unspecified paw

Few studies have assessed the potential difference in THg concentrations in different
regions of the pelt. Klenavic et al. 2008 assessed the differences between the fur THg
concentrations from all four footpads and concluded that no significant differences existed
[8]. Wilkie et al. 2018 assessed fur THg concentrations on the dorsal surface of all paws, the

dorsal base of the skull, the middle dorsal surface, the middle ventral surface, and the base
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of the tail, in river otters from central Saskatchewan, Canada. This study concluded that
there were significant differences between sampling locations but there was no difference
in THg concentrations between the four paws. However, this study did not distinguish

between topcoat or undercoat fur[17].

Biomonitoring programs using human hair have an established standard protocol of
sampling from the occipital region [18]. In contrast, there is no standardized fur sampling
location for biomonitoring in furbearing mammals [19]-[23]. Given the inconsistencies in
sampling procedures for fur bearing mammals, and the potential for variation of THg
concentrations across a pelt, we hypothesize that some of the unexplained variance in the
regression models relating fur THg concentrations to the internal organ THg could be the
result of a heterogeneous distribution of THg across the pelt. Further differences could exist
between the concentrations of THg observed in the topcoat and undercoat layers in the
analysed fur samples, thus if top coat and undercoat are analysed together it could produce
more variability when trying to predict internal organ THg concentrations. If significant
differences in accumulation patterns of THg exist across different regions or hair types of
a pelt, then the generated predictive models for Hg concentrations could result in biased

estimates if consistent locations and sample types are not used.

The objective of this research is to characterize the variability of excreted THg and
MeHg compounds in otter pelts in order to identify the fur type (topcoat/undercoat)
with the least variability and to determine if excretion of Hg compounds is dependent on
anatomical region. Further, we will examine the relationship between the concentration of

THg and internal organ THg to suggest an optimal sampling location as a standardized
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sampling procedure for future biomonitoring programs.

4.3 Methods

4.3.1 Pelt Processing

Dried whole otter pelts and frozen carcasses were obtained from a trapline located in
northern Alberta, Canada (n=4) in 2017. The pelts were flattened for sampling by cutting
along the ventral sagittal axis (anus to middle of lower jaw). The dimensions of each
pelt (median sagittal axis: length of nose to anus; transverse axis: midpoint between
right fore/hind limb to midpoint between left fore/hind limb) were used to establish the
proportions of the rectangular grid for each pelt, with the origin located at the intersection
of the median sagittal and traverse axes. To account for the size difference between the
pelts, the grid was scaled and then marked out using lab tape. Pictures of the gridded
pelts can be seen in Appendix B Figures B.1-B.4. Topcoat and undercoat fur samples (50-
150mg) were taken from the middle of each rectangle. Both topcoat (technically referred
to as guard hair) have the same hair follicle composition, comprised of an outer cuticle, a
cortex, and a medulla (central core). However, the topcoat hairs are longer and coarser
than undercoat [31]. The pictures of the difference between these two hair types can be

seen in Appendix B Figures B.5 and B.6.
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4.3.2 Mercury Analysis

Approximately 10mg of topcoat and undercoat were subsampled and total mercury was
measured using a direct thermal decomposition Hg analyser (Mercury Analyser 3000;
Nippon Instruments North America, Texas, USA). Quality assurance/ quality control
(QA/QC) methods included blank samples, standard reference material (DORM-4 and
TAEA-085), and 10% of all samples were duplicated. A stratified random subset based on
THg concentration tertiles and anatomical region was used to select samples for MeHg anal-
ysis. DORM-4 is a fish protein certified reference material for trace metals with a known
THg concentration of 0.44 4+ 0.036 mg/kg (experiment mean = 0.36 4+ 0.017 mg/kg) and
TAEA-085 is a human hair certified reference material for trace metals with a known THg
concentration of 23.2 £ 0.8 mg/kg (experiment mean = 22.3 £+ 0.61 mg/kg) and MeHg
concentration of 22.9 £+ 1.0 mg/kg (experiment mean = 19.17 £+ 0.79 mg/kg). The limit
of detection, calculated as 3 times the standard deviation of the blank (boat blanks) was

0.12 ng.

MeHg was measured using a method adapted from Cai (1997) and Laffont (2013) [32],
[33]. Each topcoat fur sample was first digested in 7.0 mL of trace metal grade 3.0M HNO3
prepared with 18M deionized water (DIW) for 16 hours at 55°C in a clean glass vials with
Teflon caps. Organic mercury species dissolved in the fur digestate solutions were extracted
into 5mL Optima grade dichloromethane (DCM), shaken for 24 hours on an orbital shaker
at 330 rpm, and centrifuged at 3000rpm for 10 mins. A known quantity of the DCM
layer was transferred to a clean scintillation vial with 2.5 mL of 0.01M L-cysteine (Aldrich
Chemical Company, Inc.) in DIW. This was shaken at 330 rpm for 45 mins, mixed for 20
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s on a Fischer Scientific Vortex Mixer, and centrifuged at 3000rpm for 10mins. Finally,
100 uL of the aqueous layer was spread on a thin layer of Additive B (Nippon Instruments

Corporation #282-62665) and analysed with the Mercury Analyser 3000.

Organ tissues were dissected, mechanically homogenized (Heidolph Silent Crusher ho-
mogenizer; Sigma-Aldrich), and then freeze-dried for 48 h (FreeZone Freeze Dry System;
Labconco). Approximately 50 mg of ground tissue were subsampled and analysed using
Mercury Analyser 3000. QA/QC methods included blanks samples, standard reference
material (DOLT-5 and IAEA407), and 10% of all samples were duplicated. IAEA-407 is a
fish homogenate certified reference material for trace metals with a known THg concentra-
tion of 0.222 4+ 0.006 mg/kg (experiment mean=0.231 £+ 0.002) and DOLT-5 is a dogfish
liver certified reference material for trace metals with a known THg concentration of 0.44
+ 0.18 mg/kg (experiment mean=0.395 £+ 0.009). The limit of detection, calculated as 3

times the standard deviation of the blank (boat blanks) was 0.03 ng.

4.3.3 Statistical analysis

All statistical analyses were performed in R 3.4.3 [34] using the packages car [35], gstat
[36], Imtest [37], sp [38], and spdep [38]. A spatially, two- tailed paired Student’s t-tests
(equal variance) and Welch’s t-test (unequal variance) were used to evaluate differences
in THg in the topcoat and undercoat and to evaluate differences in the THg in the right
and left hindlimbs. F-tests for equality of variances were used to quantify the relative
variability of THg concentrations between topcoat and undercoat. A one-way Analysis of

Variance (ANOVA) was used to determine if there are regional differences in THg between
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anatomical region and fur region (front vs. back). The location of the anatomical region
on each pelt can be seen in Appendix B Figure B.7 and the location of the fur regions
on each pelt can be seen in Appendix B Figure B.8. A linear regression model was used
to assess the relationship between the THg in the topcoat and undercoat across all pelts.
Geospatial analyse include Getis and Ord’s local Gi* cluster analysis to identify regions
with statistically significant high or low fur THg concentration [39]. A semi-variogram was
used to determine the range autocorrelation, as known as a neighbourhood. The range
of spatial influence is quantified using the range of the semi-variogram. The calculated
range distance was then used as the neighbourhood parameter in the Getis and Ord’s Gi*

analysis.

A linear regression was used to determine the relationship between MeHg and THg
concentrations in topcoat fur in the subset sampled across all pelts. The model intercept
was set to zero. Samples with MeHg to THg ratios greater than 110% were removed from
the regression analysis to avoid bias due to analytical error [40]. Where necessary, models
were tested for linearity (resettest: lmtest), homoscedasticity of residuals (ncvTest: car),
residual normality (shapiro.wilks: lmtest) and no serial autocorrelation among residuals

(dwtest: Imtest). All models presented met parametric test assumptions.

4.3.4 Pelt Average

The individual pelts’ topcoat and undercoat were then normalized between zero and one
(Equation 4.1). Points with the same coordinates were averaged to produce an average

normalized THg value for both the topcoat and undercoat. Using the same methods
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outlined in the statistical analysis, the composite was analysed for regional differences and

hotspots.

Ci — Cmin
Cinormalized — (4]-)
Cmaz — Cmin

Optimal Sample Location. Using the conversion between fur THg and organ THg de-
veloped in Eccles et al. 2017, the brain, kidney, liver, and muscle concentrations were
estimated based on the THg concentration at every sample point in the topcoat and un-
dercoat. The percent error was calculated for each organ at each sample point for topcoat

and undercoat (Equation 4.2).

Y- Y,
Y;

Error; = (abs( )) * 100 (4.2)

Then a weighted average error for all organs in the topcoat and undercoat was calcu-
lated, where the brain had a weighting twice that of other organs due to its importance in
mercury toxicity. Using the same methods outlined in the statistical analysis, the compos-
ite error rates was analysed for hotspots to identify the region of the pelt with the lowest

error.
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4.4 Results

4.4.1 THg in Individual Pelts

The measured THg and MeHg data for each pelt are summarized in Table 4.2 and a vi-
sual representation of the THg concentrations across the topcoat and the undercoat are
summarized in Table 4.1. These plots illustrate the variability of THg in topcoat and un-
dercoat fur. Quantitatively, a Welch’s paired t-test showed that the concentrations of THg
in topcoat fur were significantly lower than THg concentrations in undercoat fur sampled
from the same location in all pelts (p < 0.001). Pearson product-moment correlation coeffi-
cients indicated that weak positive correlations (r < 0.35, p<0.01) existed between topcoat

and undercoat fur THg concentrations in individual pelts and that these were statistically

significant for pelt 2, pelt 3, and pelt 4.

Table 4.2: Summary of total mercury (THg) in the topcoat and undercoat, and methylmer-

cury (MeHg) for each otter pelt, measured in ug/g.

Pelt Mercury species n  Mean SD Min Max
THg Topcoat 89 155 0.2 1.08 274
Pelt 1 THg Undercoat 89 2.19 0.62 0.61 4.37
MeHg Topcoat 10 1.58 0.72 082 341
THg Topcoat 98 4.6 0.2 423 53
Pelt 2 THg Undercoat 98 942 2.2 6.01 14.21
MeHg Topcoat 10 454 059 4.08 6.11
THg Topcoat 9 1.42 0.37 0.81 3.63
Pelt 3 THg Undercoat 96 286 1.51 0.62 7.84
MeHg Topcoat 11 144 0.7 041 3.3
THg Topcoat 95 444 0.16 4.04 4.81
Pelt 4 THg Undercoat 95 4.87 0.9 218 6.61
MeHg Topcoat 9 444 0.16 4.12 4.59

Relative to the topcoat, the range of THg concentrations in the undercoat is 2.26, 7.66,
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2.56, and 5.75 times higher in each of the pelts respectively (Figure 4.2 and Appendix B

Table B.1). Further, the variance of undercoat fur THg concentrations were 10-118 times

higher than the topcoat THg fur variances (Appendix B Table B.2).

There is a statistically significant difference in fur THg concentrations between the
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Figure 4.2: Boxplots of total mercury (THg) concentration ranges in topcoat (TC) and
undercoat (UC) fur for individual pelts. In these boxplots, the line is the median, the
boxes represent the interquartile range and the whiskers span the entire range of THg
concentrations.

anatomical regions where fur is sampled (i.e. from the head, body, legs or tail) in some
pelts. Significant effects of the anatomical region in topcoat fur THg concentrations existed
in pelt 2 (F394=9.831, p<0.001) and pelt 3 (F39,=14.31, p<0.001) and was significant in
the undercoat of pelt 2 (Fj594=3.088, p=0.031), pelt 3 (F392=9.453, p<0.001) and pelt
4 (F391=8.482, p<0.001). A post-hoc Tukey comparison of THg concentration between
anatomical regions in the topcoat and undercoat fur is presented in Table 4.3. The mag-
nitude of statistically significant differences ranged from 0.3-1.1 ug/g in topcoat fur and

1.2-2.6 pg/g in undercoat fur. The location of the anatomical regions on each pelt can be
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found in Appendix B Figures B.7 and B.8.

Table 4.3: THg concentration differences between the levels of the anatomical region factor
for topcoat and undercoat fur. Difference of the means is presented as the difference +
95% confidence interval. P-values were adjusted for multiple comparison. Composite values
have been normalized between zero and one.

Pelt Region Topcoat Difference (ug/g) Adj. p-value Undercoat Difference (ug/g) Adj. p-value
Head-Body -0.1 £0.2 0.412 -0.5 + 0.7 0.305
Leg-Body 0.1+0.3 0.724 0.1 +£0.8 0.99
Pelt 1 Tail-Body -0.1 £0.2 0.815 -0.1 £0.5 0.993
Leg-Head 0.2+ 0.3 0.248 0.6+ 1.1 0.477
Tail-Head 0.1+0.3 0.869 0.4+0.9 0.557
Tail-Leg -0.2 £ 0.3 0.496 -0.2+1.0 0.975
Head-Body 0.1 +£0.2 0.873 19+26 0.226
Leg-Body -0.1 £ 0.3 0.822 2.6 £33 0.177
Pelt 2 Tail-Body -0.3 £ 0.1 < 0.001 -0.6 £ 1.7 0.758
Leg-Head -0.2 £ 0.3 0.642 0.7+41 0.972
Tail-Head -0.3 £ 0.2 0.002 -2.5 £ 29 0.118
Tail-Leg -0.2 £0.3 0.348 -3.2+ 3.6 0.095
Head-Body 0.9+04 < 0.001 0.7+1.6 0.688
Leg-Body -02+04 0.735 -1.9+ 1.8 0.036
Pelt 3 Tail-Body 0.0+ 0.3 0.996 -9+ 1.1 < 0.001
Leg-Head -1.1 £ 0.6 < 0.001 -2.6 + 24 0.026
Tail-Head -09+04 < 0.001 25+ 19 0.003
Tail-Leg 0.1+£05 0.86 0.0 £2.0 1
Head-Body 0.1 +0.2 0.883 -0.1+1.1 0.992
Leg-Body 0.0 £0.2 0.997 -1.0 £ 1.2 0.176
Pelt 4 Tail-Body 0.1 +£0.1 0.079 -1.2+0.7 < 0.001
Leg-Head 0.0 £0.3 0.986 0.9+ 1.6 0.507
Tail-Head 0.1 £0.2 0.914 -1 +1.2 0.106
Tail-Leg 0.14+0.3 0.758 02+14 0.977
Head-Body 0.001 £ 0.042 1 -0.015 £ 0.138 0.991
Leg-Body 0.007 £ 0.037 0.953 -0.075 £ 0.121 0.370
Composite (normalized THg)  Tail-Body -0.010 £ 0.029 0.801 -0.143 £ 0.094 < 0.001
Leg-Head 0.006 £ 0.054 0.991 -0.060 £ 0.176 0.811
Tail-Head -0.011 £ 0.049 0.928 -0.127 £ 0.159 0.161
Tail-Leg NA NA -0.068 £ 0.144 0.612

Similarly, we detected a statistically significant difference in fur THg concentrations
between fur regions (i.e. from the dorsal, fur line, or ventral regions) in some pelts. Signif-
icant effects of fur region on topcoat fur THg concentrations existed in pelt 3 (Fg93=>5.058,
p=0.008) and pelt 4 (F29,=53.02, p<0.001) and significant differences in the undercoat
were found in pelt 1 (F356=9.294, p<0.001), pelt 2 (Fq95=44.47, p<0.001) and pelt 4
(Fg,99=4.602, p=0.012). A post-hoc Tukey comparison of THg concentration differences
between each fur region factor in topcoat and undercoat fur is presented in Table 4.4. The

magnitude of statistically significant differences ranged from 0.1-0.3 pg/g in topcoat fur
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and 0.4-3.3 pg/g in undercoat fur. The location of the fur regions on each pelt can be

found in S1.

Table 4.4: THg concentration differences between the levels of the fur region factor for
topcoat and undercoat fur. Difference of the means is presented as the difference £ 95%
confidence interval. P-values were adjusted using the Tukey correction for multiple com-

parison.

Pelt Comparison Topcoat Difference (ug/g) Adj. p-value Undercoat Difference (ug/g) Adj. p-value
Fur Line-Dorsal -0.1 £0.1 0.135 0.1£04 0.624

Pelt 1 Ventral-Dorsal -0.1 £ 0.1 0.110 0.6 +£0.3 < 0.001
Ventral-Fur Line 0.0 £0.1 0.989 04+04 0.017
Fur Line-Dorsal 0.0 £ 0.1 0.604 -0.1 £ 1.0 0.957

Pelt 2 Ventral-Dorsal 0.1 £0.1 0.12 3.2£09 < 0.001
Ventral-Fur Line 0.0 £ 0.1 0.722 33+1.1 < 0.001
Fur Line-Dorsal -0.1 £0.2 0.854 0.1 +1.0 0.955

Pelt 3 Ventral-Dorsal -0.3 +0.2 0.007 -0.1 £ 0.9 0.986
Ventral-Fur Line -0.2 £0.2 0.106 -02+£1.1 0.917
Fur Line-Dorsal -0.2 + 0.1 < 0.001 0.1 +£0.6 0.959

Pelt 4 Ventral-Dorsal -0.3 £0.1 < 0.001 -0.5 £ 0.5 0.020
Ventral-Fur Line -0.1 £ 0.1 0.004 -0.6 + 0.6 0.047
Fur Line-Dorsal -0.012 + 0.024 0.428 -0.005 £ 0.079 0.989

Composite (normalized THg)  Ventral-Dorsal -0.019 + 0.020 0.057 0.103 £ 0.065 < 0.001
Ventral-Fur Line -0.007 + 0.025 0.808 0.108 £ 0.085 0.009

Fur sampling points on individual pelts with statistically significant high or low THg
concentrations were identified with Getis-Ord local Gi* analyses in Figure 4.3. All pelts
showed some hotspots (i.e. regions where high values cluster together) and coldspots
(i.e. regions of the pelt where low values cluster together). Typically, the undercoat has
larger clusters than the topcoat, demonstrating greater heterogeneity of the undercoat in
comparison with the topcoat. Most of the pelts demonstrate hotspots around the head

region and coldspots around the tail region.

4.4.2 Methylmercury in Topcoat

The fraction of fur THg present as MeHg was determined by fitting a linear model with a
zero intercept. Data where the MeHg in THg ratios exceeded 110% were removed, yielding

a final sample size of n=34. The beta coefficient for this relationship was 0.957 4+ 0.034
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and relationship was highly significant (R?=0.99, p-value < 0.001). This linear model

met all regression assumptions of residual linearity, homoscedasticity, normality, and no

autocorrelation.
Pelt1TC Pelt 1 UC Pelt2 TC Pelt 2 UC
&l &
ORKIOR RIRIRIRIR)
IEKIORIR) RIRIRIRIR)
(RERIXIRIR)

KX
OQORKIRIRIX) RIRRIOOO
QORKIKIO 000000

Gi* score significance Not Significant Significant _ l
9 O @ Gi* score
5.0 25 00 25 50

Figure 4.3: Getis-Ord local Gi* analyses for regions of statistically significant high and low
THg concentrations in topcoat (TC) and undercoat (UC) fur of individual pelts. Statisti-
cally significant spots at the 95% CI (Gi*=+/- 1.96) are identified with an "X’.

102



4.4.3 THg in Composite Pelts

As the topcoat and undercoat of pelts are going to have interindividual variation, a com-
posite pelt of normalized THg concentrations averaged across the topcoat and undercoat
was created. This composite pelt (normalized and averaged pelts) demonstrates average
patterns of THg across the topcoat and undercoat (Figure 4A). Similar to the results of
the individual pelts, the mean of the differences of the normalized THg concentrations in
the topcoat and undercoat fur was highly significant. A Welch’s paired t-test indicated
that average normalized THg concentrations were 0.257 units lower (t;904=-19.06, p<0.001)
in topcoat fur compared to undercoat fur. The ratio of the variances of the normalized
topcoat and undercoat THg concentrations (ratio = 0.0817, F04,104=0.0817, p<0.001) was
also significant and indicates that the spread of THg concentrations is larger in the under-
coat than in topcoat fur. The range of normalized THg concentrations in undercoat fur

(0.061-0.860 units) was 2.88 times larger than the range of topcoat fur (0.063-0.341 units).

The composite pelt dataset showed no significant differences between anatomical re-
gions (F5101=0.4167, p=0.7414) or fur regions (F3 ;02.=2.837, p=0.0632) in the normalized
topcoat THg concentrations but there was a significant difference in anatomical regions
(F3101= 5.648, p=0.001) and fur region (Fgi02= 8.146, p<0.001) in the undercoat fur.
Tukey post-hoc comparisons of normalized THg concentration differences between anatom-
ical regions and fur regions in the topcoat and undercoat can be found in Table 4.3 and

Table 4.4 respectively.

The results of the Getis and Ord’s Gi* cluster analysis (Figure 4.4B) indicate that in
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the topcoat and bottom coat, there is a statically significant cluster of high values (hotspot)
at the head and a statistically significant cluster of cold spots in the tail region (similar to
results obtained in individual pelts). The clusters are smaller in the topcoat than in the

undercoat demonstrating greater heterogeneity of the undercoat in comparison with the

topcoat.
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Figure 4.4: A. Distribution of normalized THg concentrations in topcoat (TC) and under-
coat (UC) fur of the generated composite pelt. B. Getis-Ord local Gi* analyses for regions
of statistically significant high and low THg concentrations the topcoat and undercoat
of the composite pelt. Statistically significant spots at the 95% CI (Gi*=+/- 1.96) are
identified with an "X’

4.4.4 Optimal Sampling Location

The percent residual from predicting internal organ THg concentrations from sampled fur

THg at each sample point was used to demonstrate the accuracy of the predictor. The
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distribution of average error across all organs, with brain having a heavier weighting, across
all pelts can be seen in Figure 4.4A. The average topcoat error ranged from 30% to 89%
error and in the undercoat the average percent error ranged from 26% to 143%. The results
of the Getis and Ord’s Gi* cluster analysis revealed a cluster of low error rates in the head
region of the topcoat (Figure 4.5B). Conversely, in the undercoat at the head, there is
a cluster of high error rates and a cluster of low error rates in the tail. This highlights
the variability of error rates in the undercoat and differences between the topcoat and

undercoat when using fur THg as a predictor of internal THg concentrations.
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Figure 4.5: A. Average percent residual error for a weighted combination of residual error
from brain, liver kidney, and muscle THg concentration based on fur THg in the top
coat (TC) and undercoat (UC). B. Getis-Ord local Gi* analyses for regions of statistically
significant high and low residual error in TC and UC. Statistically significant spots at the
95% CI (Gi*=+/- 1.96) are identified with an "X’.
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4.5 Discussion

Since there is no standardized sampling location for fur in wildlife biomonitoring studies,
previous wildlife biomonitoring often collected hair randomly from different regions and
assumed that THg is homogeneously distributed across the pelt. The results presented in
this paper indicate that THg has a heterogeneous distribution across both the topcoat,
and to a greater extent, the undercoat of a pelt in river otter. Further, this is the first
study to quantify the difference in THg concentrations in both topcoat and undercoat. The
differences between the THg concentrations in paired topcoat and undercoat fur samples
were highly significant in all individuals; the concentration of THg in topcoat fur is signif-
icantly lower and less variable than the THg in undercoat. Fur sampled from the topcoat
consistently had the smallest THg variances whereas undercoat variances were at least
10 times greater in individual pelts. This indicates that the excretion of Hg compounds
into undercoat fur is more variable than the excretion into topcoat fur and also suggests
that mean topcoat THg concentrations have a greater precision than mean undercoat THg
concentrations. As a result, topcoat and undercoat fur should be analysed separately to

avoid error introduced by changes in relative topcoat/undercoat abundance in samples.

Differences in anatomical and fur regions indicated that the variability of THg in top-
coat and undercoat were statistically different, in some regions of the individual and com-
posite pelts . Overall, in the composite pelt, there was no significant effect of anatomical
and fur regions in topcoat fur while differences in THg concentration were detected in

undercoat fur. These results suggest that for a pelt with an average THg distribution, the
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differences in THg between topcoat fur THg concentrations in the head, body, legs or tail
may be statistically significant but may not be biologically significant as the differences in
THg are small. Individually, undercoat THg concentrations have greater variability than
topcoat concentrations. The results from this study may explain the significant differences
between THg in different anatomical regions in Wilkie et al. (2018) since the samples in
that study consisted of both topcoat and undercoat fur [17]. However, it is important to
note that paws were discarded during pelt process and therefore not analysed for THg
concentrations in our study. Therefore, it was not possible to assess the THg in the fur in
that region which presents itself as a limitation because we could not compare paw fur to

other locations.

There were both interindividual and intraindividual variations of observed values in the
distribution of THg across a pelt. A possible mechanism to explain the differences in THg
concentrations observed in different anatomical and fur regions is varying levels of blood
flow between these regions. Taylor & Minabe (1992) note that the structure of blood vessels
in mammalian species is related to skin on parts of the animal that are more mobile[24]. In
general, skin with higher mobility due to greater functional demands had larger and longer
blood vessels [24]. Larger cutaneous blood vessels have the capacity to carry more blood
and thus transport more Hg compounds at higher rates to the capillary beds that irrigate
the hair follicles in these regions. As a result, skin regions with higher mobility may also
excrete Hg compounds into fur from these regions at higher rates. Further, some of the
interindividual variation could be explained by biological factors such as fur growth rate,

fur growth period, seasonal moulting and seasonal diet changes, which may contribute to
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the differences observed between the two fur types [25], [26]. Additional information on the
age and sex of the river otters in this study may have also been useful. However, there is
no consensus in the literature as to whether age or sex affects the fur THg concentrations

in river otters [16], [27].

The fraction of MeHg in THg was 95.743.4% in topcoat fur. The ratio calculated in
this study provided much higher precision than what has been reported MeHg in THg
(78.64+25.9%) [28]. The greater variability could have resulted from a mixture of topcoat
and undercoat fur as no distinction was made. The percentage of MeHg in otter fur is at the
high end for the ratios found in humans (79-94%) [29]. This indicates that the majority
of Hg compounds in fur consist of MeHg and supports previous research that fur is an
important excretory pathway for MeHg [10]. Given that MeHg and THg concentrations
are also correlated in the brain, kidney and liver, this suggests that fur THg measurements

can be used to estimate organ MeHg concentrations [17], [28].

In all individual and composite pelts, topcoat fur contained fewer significant hotspots
and coldspots than the undercoat fur. In general, the head region typically had higher THg
concentrations than tail. The occurrence of significant THg hotspots in the head and upper
body region is consistent with the high THg measurements in fur sampled from the base of
the skull in Wilkie et al (2018) [17]. The existence of significant THg hotspots and coldspots
in undercoat fur provides further evidence that undercoat fur concentrations are more
variable than topcoat concentrations and suggests that heterogeneous regions may occur
regularly in these locations on an average pelt. The average percent error for predicted

organ THg was lower in the topcoat than the undercoat. Further, the cluster analysis of
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the average percent error demonstrates that errors are lowest around the head region of
the topcoat and the tail region of the undercoat. This indicates that concentrations found
in the head of the topcoat and the tail of the undercoat are similar and result in similar
predictive accuracy. Therefore, using fur THg to predict internal THg via the conversion
factors, are most accurate when samples are taken from the forebody region. Previous
samples taken from other regions may be subject to increased rates of error, especially

samples taken from the undercoat of the forebody.

Based on our results, we suggest the development of a standardized fur sampling pro-
tocol for biomonitoring THg in river otter. It is important this protocol balances the need
for accurate biomonitoring with the economic considerations for trappers. Thus, limbs are
optimal locations for sampling. The composite pelt and cluster analyses help to identify
the optimal biological sample region. Topcoat is better suited for sampling as the THg
concentrations are less variable than the undercoat. Further, samples should be taken
from the head/ forelimb region of the pelt to be most reflective of internal THg concen-
trations when using the conversion factor outlined in Eccles et al. 2017 [9]. Implications
of estimating internal THg concentrations with fur sampled from other regions include the
over or underestimation of the internal THg concentrations. These results also support
the use of other non-invasive methods of fur sampling including the use of hair snares
[30]. These samples are typically comprised of top coat from the head region. Thus, these
samples would provide good estimates of internal THg concentrations and could be use in

biomonitoring programs.

These results support the use of THg in the fur of river otters for biomonitoring pro-
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grams to generate precise estimates of internal THg exposure based on fur THg concen-
trations when measured in topcoat fur in the fore body region. Simple sample collection
protocols combined with the long-term stability of Hg in the fur matrix make this op-
timal for community-based monitoring programs to monitor Hg pollution in freshwater
ecosystems. Future work includes assessing the distribution of THg of river otters with
high mercury exposure to see if higher body burdens alter the distribution of THg across
a pelt and assessing possible effects of age and sex on the distribution of THg across a
pelt. Additionally, the characterization of THg distributions in other furbearing pisciv-
orous mammals will be valuable for validating the use of fur biomonitoring programs in

other sentinel species such as mink.

4.6 Data availability

Data are available upon request from the authors. R code used in these analyses can be

found at: https://github.com/kristineccles/pelt_hg.git
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PART III

Application of Spatial Analysis of

Biomarkers

Preface: This section provides practical applications of using fur mercury as a biomaker
of exposure, other biomarkers of metals exposures, and fur cortisol as a biomarker of
biological response to assess spatial patterns of exposure, effect, and spatial dose-response

relationships.
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5.1 Abstract

The fur of piscivorous animals such as river otter (Lontra canadensis) and mink (Neovison
vison) has been proposed to be used as a biomarker medium to assess mercury (Hg)
exposure, but the relationship with dietary and environmental Hg exposure has not been
fully characterized. The objective of this study is to investigate the relationship between
fur total mercury (THg) and stomach content THg in river otter and mink, and their
relationships with environmental factors. THg concentrations were measured in fur and
stomach content of river otter (n=35) and mink (n=30) collected from Alberta, Canada
between 2014-2017. The average fur THg concentration was 6.36 (SD=4.12) ppm and
5.25 (SD= 3.50) ppm and the average stomach content THg was 0.95 (SD=0.56) ppm
and 0.71 (SD=0.54) in river otter and mink respectively. Regression analyses showed a
significant positive relationship between the log fur THg and log stomach content THg
for both species. Stomach content THg was significantly associated with soil pH (-) and
% of deciduous forest (+). Fur THg was significantly associated with total fire burned
(+) and % of wetlands (-). These results provide field evidence that fur can be used to
reflect dietary Hg exposure and to identify sources and environmental factors that affect

the bioavailable Hg in the habitats of these wildlife species.
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5.2 Introduction

Mercury (Hg) is a global pollutant of ecological concern due to the established effects
that methylated mercury (MeHg) has on the neurological health of multiple species of fish
and mammals [1-4]. MeHg can bioaccumulate in organisms and biomagnify along the food
chain in the aquatic environment [5]. Therefore, Hg pollution is particularly problematic for
organisms at higher trophic levels including predatory fish, aquatic mammals, and humans.
Water column properties such as dissolved organic carbon (DOC) concentration and water
pH are important factors that control redox processes and methylation rates facilitated by
bacteria. As a result, these factors regulate the bioaccumulation and biomagnification of
MeHg in aquatic environments [6]. Anthropogenic impacts to the environment including
climate change, land disturbance, overland flooding related to hydroelectric power gener-
ation, and industrial development and operations are projected to have both direct and
indirect impacts on the transport, cycling, speciation, and bioavailability of Hg within
ecosystems [7]. For example, the effects of climate change may alter the availability of
prey and alter food web structure further increase the bioaccumulation and biomagnifica-
tion of MeHg. As a result, this will alter the body burden of Hg in organisms at the top

of the food chain [8].

River otter (Lontra canadensis) and mink (Neovison vison) have been used as sentinels
for the health of freshwater ecosystems [9,10]. These two species are commonly used
bioindicator species for Hg exposure due to their high fish consumption, and their non-

migratory, non-hibernating natures [11]. Moreover, the relationships between total Hg
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(THg) in fur and internal organ concentrations or internal doses in the target organs have
been established [12-14]. Due to the overlap in diet items, particularly fish, between river
otter, mink, and humans, these species have also been used as a sentinel for human health

[10].

Fur is an ideal medium for biomonitoring as it can be collected non-invasively through
hair snags or opportunistically through the fur trade [15,16]. The root of the hair follicle is
supplied with arterial blood, so contaminants and circulating biomarkers get incorporated
into new hair growth creating a chronological record of exposure within the stable keratin
structure of the hair [17]. Due to seasonal moult, the exposures measured along the hair
shaft are reflective of approximately one year of exposure [18]. Further, the majority of

THg measured in fur is MeHg, which makes fur reflective of the MeHg body burden [19].

Since the diet is the main pathway of exposure to MeHg in aquatic mammals, under-
standing the environmental source and dietary exposures of Hg are important [20]. Due
to the biomagnification potential of MeHg, the trophic position will affect the Hg body
burden; organisms that feed at higher tropic positions tend to have higher MeHg body
burdens [5,21]. Stable isotope analysis has been used to assess trophic position through
61N in organismal tissue and stomach contents [22,23]. In fish and mammals, higher §'°N
values indicate a higher trophic position and have been shown to be related to higher MeHg
burden [24]. Similarly, 6'3C is used to determine dietary composition based on photosyn-
thetic pathways of plants (e.g. C3 vs. C4). In freshwater ecosystems, this enrichment ratio
has been used to distinguish between the consumption of littoral organisms such as algae

and detritus and pelagic organisms such as phytoplankton in fish and mammals [25].
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Hg biomonitoring has been conducted in many aquatic animals such as fish [3,27] birds
including common loon [27,28], gull and tern [29], and a variety of mammals including river
otter and mink [20,30], whales and polar bears [31]. However, few of these studies showed
the direct relationship between Hg body burden, oral exposure, the external sources, and
other environmental known factors for determining the bioavailability of MeHg such as pH
and dissolved organic matters. Chen et al. (2005) evaluated lake attributes associated
with increased Hg body burdens in a variety of fish species. They showed that chemical
properties of the lakes including pH (-), SO *(-), and alkalinity (-), and surrounding land
use including % wetland (+), forest (4), and industrial land use (4) were important
predictors for Hg contents in fish. Depew et al. (2013) assessed Hg burden in whole yellow
perch and found similar significant predictors including pH, Hg deposition, and land cover
variables including forest, urban, barren land, and agricultural land. No such studies have

been conducted for aquatic mammals such as river otters and mink.

Our previously developed predictive models for the relationships between fur and or-
gan THg concentrations in river otter and mink provide the basis to further develop these
models to quantify the relationship between fur THg, dietary THg exposure, and environ-
mental sources of Hg [13]. The relationships between fur Hg and dietary THg exposure and
environmental sources of Hg have not been established and are necessary to understand
the diet as a vector of mercury exposure[13]. The objective of this study is to assess the
relationship between fur THg and dietary THg concentrations and their relationships with
environmental factors that can affect Hg bioavailability. We predict that the concentration

of THg in the stomach content will be positively correlated with THg concentration in the
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fur. We also predict that sources of Hg in the environment and relevant physio-chemical
factors, including soil pH and soil organic carbon, will be correlated to THg concentrations

measured in the stomach content and the fur.

5.3 Methods

5.3.1 Sample collection

River otter (n=36) and mink (n=28) were obtained in collaboration with local trappers
recruited through the Alberta Trappers Association (Westlock, AB) for a monitoring pro-
gram for oil and gas resource development projects in Northern Alberta, Canada (Canada-
Alberta Joint Oil Sands Monitoring Program) from 2014-2017. Since trapping occurred
in the winter, carcasses were frozen upon capture and then were stored at -20°C until

dissection.

5.3.2 Ethics

The carcasses used in this analysis were provided by Northern Alberta commercial trap-
pers recruited through the Alberta Trappers Association. All animals were trapped under
permit for the commercial fur trade following the Alberta Code for Responsible Trapping
and the Agreement on International Humane Trapping Standards (AITHTS). Since the river
otter and mink were collected for the commercial fur trade, they are not considered "ex-
perimental animals" and require no additional animal ethics or experimentation approvals
as per Environment and Climate Change Canada’s Animal Care Committee (ACC).
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5.3.3 Mercury Measurement

The stomach contents were dissected and then mechanically homogenized (Heidolph Silent
Crusher homogenizer; Sigma-Aldrich) under chemically-cleaned conditions. To remove all
water content, the samples were freeze-dried for 48 hours (FreeZone Freeze Dry System;
Labconco). Whole dried samples were ground, and 50 mg were subsampled for analysis.
Stomach content THg measurements were expressed on a dry weight basis. Approximately
10mg of topcoat fur from the limb regions were subsampled for THg analysis. The fur
samples were expressed as “fur weight”. The samples were analysed using a direct thermal
decomposition Hg analyser (Mercury Analyser 3000; Nippon Instruments North America).
Quality assurance/quality control measures included blank samples, standard reference
material (IAEA 085, DORM-4 and DOLT-5 from National Research Council of Canada),
and 10% of tissue samples run in duplicate. TAEA-085 is a human hair certified reference
material for trace metals with a known THg concentration of 23.2 + 0.8 mg/kg (experiment
mean = 22.5 £+ 0.26 mg/kg). DORM-4 is a fish protein certified reference material for trace
metals with a known THg concentration of 0.44 £+ 0.036 mg/kg (experiment mean=0.37
+ 0.016 mg/kg) and DOLT-5 is a dogfish liver certified reference material for trace metals
with a known THg concentration of 0.44 4+ 0.024 mg/kg (experiment mean = 0.35 + 0.018
mg/kg). Duplicate coefficient of variation (CV) = 4.1%. The limit of detection, calculated

as 3 times the standard deviation of the blank (boat blanks) was 0.12 ng.
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5.3.4 Fur Isotope Analysis

Fur samples were analysed for >N (%o) and 6'3C (%o) in the Hatch Lab at the Uni-
versity of Ottawa using an elemental analyser (Vario EL Cube, Elementar, Germany)
interfaced (Conflo III, Thermo, Germany) to an isotope ratio mass spectrometer (Delta
Advantage, Thermo, Germany). The internal standards used included C-51 Nicotiamide
(0.07, -22.95), C-52 mix of ammonium sulphate + sucrose (16.58, -11.94), C-54 caffeine
(-16.61, -34.46), blind std C-55: glutamic acid (-3.98, -28.53). The §'°N (%o) and §'3C
(%0) was calculated based on Eq (1). In this equation, R is the ratio of the abundance
of the heavy to the light isotope, x denotes sample, and std is an abbreviation for the

standard.

o RCE - Rstd

d
Rstd

%1000 (5.1)

5.3.5 Statistical Analysis

The statistical analysis was completed in R version 3.4.3. The concentration of THg in
fur and stomach content between river otter and mink were compared using an unpaired
Welch’s (uneven variance) t-test. A Pearson product-moment correlation was also con-
ducted to assess the association between fur THg and stomach content THg in river otter
and mink. A weighted linear regression model was used to assess the relationships between
fur and stomach content THg in river otter and mink. Weighing the regression models by

a ratio between the total body weight of the animal and the amount of stomach content
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recovered was important due to the wide range of stomach content recovered (1.91- 256.76
grams in river otter and 0.40-39.66 grams in mink). This is also important for the envi-
ronmental modelling as it gives the appropriate amount of representation in the models,
as higher stomach content to body weight ratios are likely to be more representative of
feeding ecology, and thus, environmental conditions in their home range. Fur THg and
stomach content THg were both base 10 log-transformed to meet model assumptions of
residual normality, linearity, homoscedasticity, and independence were assessed using the

appropriate tests.

Due to lack of sample, a subset analysed for stables isotopes d'3C and §'°N were used
to individually assess the relationships between fur and stomach content THg with §*3C
and 0'°N signatures in the fur of the river otter (n=27) and mink (n=15) using a linear

regression model.

A spatial analysis was used to assess the relationship between likely sources of THg with
fur and dietary THg. Due to the similarity in diet composition (evaluated through isotopic
signatures), the regression coefficients in the model assessing fur THg and stomach content
THg, as well as the insignificant t-test results, river otter and mink were analysed together
when assessing the relationship between fur and stomach content Hg and environmental
variables (n=65). However, due to the difference in temporality between stomach content
THg and fur THg, even though statistically related, these two dependent variables were
modelled independently. The models between fur and stomach content THg and environ-
mental factors were statistically adjusted for the trophic position using §'°N , based on the

assumption that the trophic position of primary producers is the similar across all regions
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sampled.

River otter and mink with fur and stomach content THg were geolocated down to the
trapline they were collected in. To account for animal movement, a buffer with a 9 km
radius was created around the geolocation of each animal and all environmental variables
were calculated based on this pseudo home range. This buffered distance was chosen based
on reported radio collar home ranges [33,34]. Large buffers of 50 and 100 km were also used
to obtain more encompassing environmental data. Environmental variables used include
land cover, soil pH and organic carbon content, Hg deposition, forest fire burned area, and
proximity to hydroelectric dams, oil and gas development, and contaminated sites. GIS
was used to extract all data for the environmental variables. A table of the variables and
how the variable was included in the model can be found in Table S1. However, since it is
not feasible to obtain spatial data for the chemistry parameters associated with individual
water bodies in the studied area. Therefore, we used soil pH as it has been significant
in models assessing the Hg in yellow perch across Canada [35]. All spatial analysis was

conducted in ArcGIS 10.5.

First, a Pearson Product Moment correlation was conducted with continuous environ-
mental variables, and a Spearman Rank correlation was conducted with categorical vari-
ables to assess the correlation between log-transformed fur THg and stomach content THg.
The results from the correlation analysis were used to guide a forwards-stepwise regression,
using the Akaike Information Criterion corrected for small sample sizes (AICc) to assess
model fit, independently fitting models for fur THg in the fur and stomach contents. Final

models were assessed for the variance inflation factor (VIF) to ensure no multicollinearity
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between independent variables. The regression models were further evaluated for adher-
ence to model assumptions. A partial R? was computed to assess the contribution of each

independent variable to the overall R?.

5.4 Results

5.4.1 Diet and Hg

A summary of the THg concentrations for the total stomach content and fur can be found
in Table 5.1. The t-test results demonstrate there was no statistical difference between
mean THg in the fur (t=-1.13, p=0.20) or stomach content (t=-2.12 p=0.04) in river otter

and mink.

Table 5.1: Summary of THg concentrations in fur and stomach content.

River Otter Mink
Fur THg (ug/g) Stomach content THg (ug/g) Fur THg (ug/g) Stomach content THg (ug/g)
Min 1.21 0.11 0.36 0.04
Mean 6.36 0.95 5.25 0.71
SD 4.12 0.56 3.5 0.54
Max 19.72 2.5 17.78 1.81
n 36 36 28 28

Results from the Pearson product moment correlation indicate that there is a significant
relationship between fur THg and stomach content THg in river otter (r=0.38, p=0.022)
and mink (r=0.61, p= 0.0006). When these relationships are weighted by a ratio between
the stomach contents recovered and total body weight, these relationships remain signifi-
cant. The regression models assessing the relationship between fur log THg and stomach

content log THg have similar beta coefficients (Table 5.3). While these models are both

126



statistically significant, the amount of variance the concentration of the stomach content
THg can explain in the fur THg is lower in the river otter model (25%) than in the mink
model (52%) (Figure 5.1 and Table 5.2).
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Figure 5.1: Line of best fit and standard error from the regression model between log
total fur Hg and log total stomach content Hg in river otter (A) and mink (B)

Table 5.2: Summary of linear regression models between THg in the stomach content
and fur of river otter and mink. Regressions were weighted by the weight of the stomach
contents.

River Otter Mink
Estimate Std. Error P-value Estimate Std. Error P-value
Intercept 0.83 0.05 < 2e-16 0.81 0.07 2.78E-11
Log stomach content THg 0.61 0.17 0.001 0.65 0.12 1.25e+00
P-value 0.001 1.25e-05
DoF 33 25
Adj. R2 0.25 0.52

Mink (n=15) had an average §'*C signature of -24.61 +3.37(%0) and an average §'°N
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signature of 10.07 £1.57 (%o). River otter (n=27) had an average §'3C signature of -25.39
+4.26 (%) and an average §'°N signature of 11.0 £1.06 (%o). There was no difference
between the isotopic signature for §13C (t=1.59, p=0.12) and §'°N (t=-1.28, p=0.22) in

river otter and mink.
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Figure 5.2: Stable isotope signature (§'*C and §'°N) of river otter and mink fur represented
by position on the x and y-axes. The size the circle represents the fur THg (A) and the
stomach content THg (B).

While river otter and mink have overlapping dietary patterns, river otter tends to eat
at higher trophic positions than mink in the aquatic environment. Total mercury in fur
and stomach content tends to increase with decreasing §'*C and increasing §'°N (Figure
5.2). These observations are confirmed in the results of the linear regression analysis.
There is a significant positive relationship between fur THg and 6*C and §'°N values,
and a significant positive relationship between stomach content THg and §'°N (Table 5.3).
Isotopic signature in hair can explain 20% of the variance of fur THg and 10% of the

stomach content THg in both species. Thus, trophic position and composition of the diet
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can explain 20% of the variance of THg observed in fur and 10% of the variance in stomach

content THg.

Table 5.3: Summary of OLS regression model between log fur THg, log stomach content
THg, and fur §'3C and §'°N isotopic signature.

Fur THg (pg/g) Stomach Content THg (ug/g)

Estimate Std. Error P-value Estimate Std. Error P-value
Intercept -0.96 0.44 0.03 -2.29 0.83 0.009
BN 0.09 0.03 0.007 0.19 0.08 0.02461
B3C -0.03 0.01 0.005
P-value 0.002 0.025
DoF 39 38
Adj. R2 0.2 0.1

5.4.2 Hg Sources

The best model for predicting stomach content THg (Table 5.4) included pH, and the area
of deciduous forests in a pseudo-home range as significant predictors. While §'°N was not
significant, it was kept in the model to adjust for the trophic position. Also, important to
note was the high multicollinearity between variables including soil OC and pH (r=-0.78,
p=4.807e-14), and pH and proximity to the hydroelectric reservoir (r=-0.73, p=1.095e-
11). The negative association of pH contributed the most to the overall variance explained
as it has the highest partial R2. Overall, this model was statistically significant and
explained 58% of the variance in stomach content THg. This model met all assumptions
except residual heteroscedasticity (ncvTest p=0.0006), and independent variables were not

correlated as indicated by VIF values <2.

The best model assessing the relationship between fur log THg and environmental
variables (Table 5.5) showed that % Wetlands, Total Fire Area (sq. meters), and 6'°N
were significant predictors. All these predictors contributed equally to the overall variance

129



Table 5.4: Relationships between log stomach content THg and environmental sources of
Hg.

Estimate Std. Error P-value Partial R2

Intercept 3.38 1.126 0.005 -
pH -0.85 0.134 2.50E-07 0.53
% Deciduous Tree 1.96 0.48 0.0003 0.31
BN 0.055 0.062 0.38 0.02
P-value 1.16E-07 DoF 36

R2 0.62 Adj. R2 0.58

examples. The percent of wetlands found in the pseudo-home range had a negative impact
on fur THg. There was also a significant relationship with the total area of forest fire, as
the greater the forest fire burn area in the pseudo-home range is, the higher the log fur
THg is. Overall this model was statistically significant and explained 25% of the variance

in fur log THg. This model met all model assumptions and VIF <2.

Table 5.5: Relationship between log fur THg and environmental sources of Hg.
Estimate Std. Error P-value Partial R2

Intercept 0.045 0.33 0.89 -
% Wetlands -5.52 2.56 0.039 0.11
Fire Burned Area (sq. meters)  0.004 0.002 0.039 0.11
SN 0.063 0.03 0.03 0.12
P-value 0.003 DoF 38

R2 0.3 Adj. R2 025

5.5 Discussion

5.5.1 Relationship between stomach content and fur THg

While feeding studies have assessed the relationship between dietary THg concentrations
in river otter [36] and mink [17,37], this is the first study to report this relationship in
wild populations. In both river otter and mink, the relationship between fur THg and
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stomach content THg were statistically significant, with the mink model accounting for
more variance than the river otter model. In our regression models, 48% of the variance in
mink stomach content THg and 75% of the variance in river otter stomach content THg
was unexplained. The R-square of the relationships between fur THg and stomach content
THg reported in this study are significantly lower than the relationship between diet Hg
and fur THg reported in feeding studies which report R? values of >0.97 [36,37]. One
likely reason for the large proportion of unexplained variance in our study could be due to
the variability of Hg in the diet of wild animals when compared to a lab-controlled diet.
Further, fur is reflective of the diet in approximately the past year, especially if the whole
length fur sample is analysed, as fur bearers fully moult both their undercoat and topcoat
once a year [38]. Conversely, stomach contents are reflective of the diet in approximately
the last 24 hours and are subject to both daily and seasonal fluctuations [23,39]. Fur is a
long term indicator of Hg exposure via diet and serves as an important excretion pathway
of Hg [17]. In fur bearers, almost 90% of the Hg body burden is excreted into the fur [40].
The concentration of Hg exposure in a long-term diet may not be reflective of what was
consumed prior to being trapped because, as Yaginuma-Sakurai et al. (2010) estimate, the
time lag for THg to get incorporated into measurable hair growth is three weeks. Another

possibility is the more varied diet in the wild

5.5.2 Relationship between THg and isotopic signatures

Stable isotopes provide valuable information on both diet trophic position through assessing

0N and locations of foraging through assessing 6'3C. Other studies have found that stable
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isotopes in the fur were less variable than stable isotopes in the faeces as fur is not subject
to daily dietary functions [42]. Thus, we analysed the stable isotopes in the fur, as opposed
to the stomach contents, to better capture long term dietary patterns. Mink fur isotope
results from our study (6'2C:-24.61 and §*°N: 10.07%¢) are similar to the isotopic signature
in muscle tissue reported for inland mink (§'3C:-24.6%0- 26.4%o0and 6*°N: 10.3-11.1%0) but
had a different isotopic composition compared with coastal mink captured in Rhode Island,
USA (6'3C:-15.9%0and §'°N: 13.9%0) [43] Similarly, the river otter fur isotope results from
our study had a different composition (6'3C: -25.39 and §'°N: 11.03%o0) from coastal river
otter from Prince William Sound and Kachemak Bay, Alaska (6'3C range: -18%oto -
13%oand §'9N: 14.9) [42,44]. This freshwater- marine §'3C gradient has been observed in
fish and the isotopic ratios similar to those reported in this study are observed in fish in
Canadian freshwater ecosystems [45-47]. While we do not have sex information for the
river otter or mink, which is a limitation of this study, other studies report no difference

between stable isotopes in male and females [39,48].

River otters typically eat a diet comprised of more aquatic organisms (i.e. fish, clams)
which are higher in Hg than diet items of mink which is typically comprised of more terres-
trial organisms [33,49]. However, this research indicates that the average diet of mink and
river otter captured in northern Alberta, Canada had similar Hg concentrations and simi-
lar 6'3C and §'°N. This similarity in the diet of mink and river otter has been observed in
other studies specific to the boreal region [33]. The positive relationship between THg and
0'N in the pooled mink and river otter samples is supported by the large body of evidence

between trophic position and THg due to the bioaccumulation and biomagnification of Hg
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[24,47]. As a result, the trophic position of the diet is an important factor in predicting
THg and thus will be included when assessing the relationship with environmental variable

(section 4.3).

Ben-David et al. (2001) demonstrated that fur THg concentrations were positively
associated with the §'3C of fur for river otters in marine environments, whereas our results
demonstrate a negative relationship between §'*C and fur THg. This is likely due to the
marine-freshwater §'3C gradient highlighted above and the respective in nutrients available
to the primary producer in that specific food chain. These results are similar to the
relationship between 6'*C and THg and possibility indicates a higher reliance on pelagic
prey items [50]. However, §'3C does not necessarily add predictive power to models when

assessing Hg concentrations in wildlife, as was the case with our models [51]

5.5.3 Relationship between THg exposure and environmental

sources of THg

Soil pH explained a large proportion of the variation in the measured stomach content
THg. Miskimmin et al. (1992) found that when the pH of boreal lake water was reduced
from 7.0 to 5.0 there was a large increase in the net methylation rates regardless of the
dissolved DOC concentration. The measured range of pH in lake water is similar to the
range of soil pH values present in our study (4.6-6.4). Similar relationships have been found
in common loons and their fish prey species where loons and prey from lakes with lower
pH have higher mercury body burdens [53]. This evidence supports our findings that the

soil pH in the locations where the animals were captured is an important driver for the Hg

133



stomach content or the dietary Hg exposure for these two species of mammals.

The percentage of the deciduous forest was also a significant positive predictor of stom-
ach content THg in the pooled river otter and mink samples. The river otter and mink
samples were collected in the boreal ecozone which, is characterized by a mixture of conifer-
ous trees (mainly jack pine and balsam fir) and deciduous trees (mainly red maple, poplar,
and paper birch) [54]. Productive forests are shown to have the highest amount of soil Hg
when compared with other land cover classes [8,55,56]. Forests with canopy foliage, such as
the boreal forest, are associated with increased levels of contaminants, including Hg, due
to a larger surface area to collect atmospheric deposition [56-58]. Further, the litter-fall
influences the distribution and magnitude of the available Hg to aquatic ecosystems and

represents a pathway for the influx of mercury into the aquatic ecosystems [55,57].

Two discrete landscape-level features that were significant when assessing the relation-
ship between fur THg and environmental sources were wetlands and total fire burned area.
Wetlands are important features of the landscape that influence the supply and sequestra-
tion of Hg and MeHg in aquatic environments. While wetland Hg dynamics are complex,
they can exhibit net Hg accumulation [59]. Wetlands are also a significant source of organic
carbon and while there is a positive environmental relationship between DOC and Hg [60],
DOC may exhibit a protective effect in the aquatic environment by inhibiting the uptake
of MeHg, to some extent [61]. This is also supported by the significant positive relationship
between fur THg and soil OC, which was not included as it was highly correlated with soil
pH. These results are similar to those found by Chen et al. (2005), where an increasing

percentage of wetland was associated with a decrease in fish Hg. It is important to note
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other studies have found a positive relationship between wetlands and THg measured in
fish, invertebrates, and zooplankton [62]. However, since the source of data used in this
study was remotely sensed data, an important follow up would be to collect surface water
samples in these regions to elucidate and validate the complex Hg dynamics in a northern

boreal habitat and their relationship with bioavailability and exposure in food webs.

The amount of fire area burned within a 10 year period was also a significant positive
predictor of fur THg. Similarly, research by Kelly et al. (2006) demonstrated that after
forest fires there is enhanced bioaccumulation of Hg in fish by a factor of 5. This is
attributed to the increase in nutrient inputs which promoting bacterial methylation of
inorganic Hg to MeHg resulting in increased MeHg in the aquatic ecosystem and in the
food chain. Further, the increased primary productivity from the input of nutrient can
also influence food web structure and may stimulate restructuring of food webs through
increased piscivory [63]. Forest fires also release particulate Hg and MeHg into the air

which is deposited into the local environment providing an influx of Hg [64].

There was a difference in significant environmental predictors between the stomach
content THg and the fur THg models (soil pH and deciduous trees for stomach content
and wetland and forest fires for fur). This difference may be reflective of the temporality of
the two biomarkers. Since stomach content THg is a short-term indicator of Hg exposure,
the concentrations measured are more likely to be a localized indicator of environmental Hg
sources. Further, since the regression model between stomach content THg was weighted
by a ratio of stomach contents to body weight, organisms with large stomach contents had a

larger influence in the model. River otter and mink with low stomach contents volume likely
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had not eaten recently. Significant predictors in this model were spatially continuous (soil
pH and % of the deciduous forest). These landscape-level features that are continuous over
space tend to be spatially autocorrelated, where neighbouring land cover types or features
are more likely to be similar [65]. Where the animal was trapped is likely reflective of their
local environment. Conversely, in the model assessing the relationship between fur THg
and environmental variables, significant predictors are discrete landscape-level features
(% wetlands and total burned area). These predictors occur at discrete locations on the
landscape which the animal may not have been near when they were trapped but are

reflected in their Hg exposure that occurred prior to capture.

A relatively small spatial scale was used in this study; our samples come from an area
approximately 250,000 square kilometres. This is possibly why variables such as air de-
position of Hg was not found to be significant in this modelling but was significant in
other national Hg biomonitoring programs [3,32,66]. This highlights the importance of us-
ing appropriate geographic methods such as a geographically weighted regression (GWR)
when assessing the relationship between sources of mercury and exposures at large spatial
scales. While global regression models, for example, ordinary least squares (OLS), fit one
line-of-best-fit between dependent and independent variables, the geographically weighted
regression fits many localized regressions [67]. This allows the beta coefficients of the mod-
els to vary geographically, which would enable the assessment of local factors of influence
in Hg exposure. National Hg monitoring programs in Canada have yet to use this approach

[3,66].
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5.5.4 Applications

Developing fur, an easily accessible biomarker medium, as a proxy indicator for envi-
ronmental Hg sources and bioavailability, helps to addresses Article 19 of the Minamata
Convention, which is a legally binding international treaty developed to protect human
and wildlife health by decreasing and monitoring Hg inputs into the environment. Article
19 addresses the development and improvement of current methods for monitoring Hg in
wildlife and the environment in which they live. This research provides evidence that fur
can be used as a proxy for environmental Hg bioavailability. Expanding the current dataset
to a national scale will help further develop fur as a proxy of environmental bioavailability

of Hg by assessing both global and local drivers of Hg exposure.

5.6 Data availability

Data is available upon request from the authors. R code used in these analyses can be

found at: https://github.com/kristineccles/fur_gut_hg.git
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6.1 Abstract

Fur has been validated to non-invasively quantify exposures and biological responses in
wildlife. Hg is known to act as an endocrine disruptor through altering brain neurochem-
istry, though the relationship between Hg and cortisol in wildlife is elusive. In this study,
we use fur from river otter (Lontra canadensis) to quantify total Hg (THg) and cortisol
and assess how this dose-response relationship changes over space. Geotagged fur samples
were obtained from a wildlife biomonitoring program (n=72) and the North American Fur
Auction (n=37) between 2014 and 2017. Fur THg was measured using a mercury analyser
and fur cortisol was measured using an enzyme-linked immunosorbent assay (ELISA). The
mean and standard deviation for fur THg was 11.50ug/g + 12.40 ug/g and fur cortisol
was 5.71pg/mg + 8.24. Results from the ordinary least squares (OLS) regression show
no relationship between fur cortisol and THg. However, both Hg and cortisol were het-
erogeneously distributed across the landscape. When a geographically weighted regression
(GWR) was used to create localized regressions there was a positive relationship between
fur THg and cortisol in Alberta and a negative relationship between fur THg and cortisol
in Northern Ontario. We suggest this bidirectional relationship is associated with mer-
cury exposure; in otters where fur THg exceed the fur screening guideline (15ug/g), the
negative relationship is due to an inhibitory cortisol response. Conversely, in otters where
fur THg is <15ug/g, the stress response functions normally. This highlights the need to
consider spatial sampling locations when assessing dose-response relationships in wildlife

across large geographical areas.
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6.2 Introduction

Understanding the relationship exposure to contaminants and effects in free-ranging wildlife
is a key part of understanding overall ecosystem health [1,2]. However, it is challenging to
sample live animals to measure biomarkers of exposure and biological effects as accessing
remote regions can be cost prohibitive. Live sampling can also be stressful for the animals
leading to biases in results [3]. As a result, the use of non-invasive biomonitoring tech-
niques including the analysis of fur, feathers, and eggs have become increasingly popular
in wildlife ecotoxicology [4-6]. Specifically, fur samples can be collected non-invasively
through barbed wire hair snags, opportunistically through monitoring and hunting activ-
ities, and historical samples can be obtained from archives, including private and public
museum collections [3]. Non-invasive fur collections can provide a cost-effective and prac-

tical solution for assessing the impact of contaminant exposure in wildlife.

Fur serves as a detoxification pathway for contaminants and metabolites and can pro-
vide a long-term record of exposures and responses [3,7,8]. As contaminants are ingested,
absorbed, and metabolized, the contaminants and biological responses produced through
metabolism are incorporated into new hair growth via the root of the hair supplied with
blood from the circulatory system [9]. As the hair grows, these biomarkers are bound into
the keratin structure of hair producing a stable long-term record over a period of months
in animals that moult [10]. Contaminant research shows that there is a strong correla-
tion between the concentration of mercury (Hg) found in the fur and concentrations found

in the blood and internal organs [11-13] (Chapter 3). This indicates that concentrations
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measured in wildlife fur are reflective of the internal doses in different target organs.

Using fur from sentinel species can provide information on the health status of an
individual and from this inferences can be made about the health of the ecosystem [14,15].
Using pelts with georeferenced harvest information provides researchers with the unique
ability to spatially assess larger exposure datasets than were previously possible with more
invasive methods. Further, spatial analyses supported by a geographic information system
(GIS) provide the opportunity to assess patterns of exposures and biological responses in
wildlife and quantity dose-response relationships across heterogeneous landscapes. Spatial
assessments can also be used by policy makers and stakeholders to identify areas of potential
concern when assessing the influence of a contaminant on an ecosystem. This can help
to understand the spatial aspect of population health, and in the case of representative

organisms, help to develop and implement regional regulations to protect human health.

River otters (Lontra canadensis) have been used as a sentinel species in freshwater
ecosystems. Biomarkers measured in these species are reflective of the local environment
due to their non-migratory and non-hibernating behaviour and small home range [14,16].
This species can also act as sentinels of human health since they are top predators with
high year-round fish consumption [14,17]. Mercury (Hg) is a concern as it bioaccumulates
in wildlife and biomagnifies up the food chain [18]. In its methylated form, Hg is a potent
neurotoxin and is a contaminant of concern due to its impacts on the central nervous
system, immune response, and endocrine system [4,19,20]. Using fur Hg as a biomarker
of exposure is well established as the relationship with internal organs is well understood.

A fur Hg screening of 15 ug/g was suggested as this is more protective against changes in
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brain neurochemistry in river otter [13].

To date, there are few biomarkers of effect that can be measured non-invasively in fur.
One established biomarker is hair cortisol, which assesses long-term (weeks/ months) stress
in free-ranging wildlife [3,7]. Cortisol production and the adrenocortical stress response are
necessary for survival, initiating the “fight or flight” response. Under normal conditions,
when a stressful stimulus is experienced the hypothalamic-pituitary-adrenal (HPA) axis is
activated through the release of a series of hormones. This produces the glucocorticoid
cortisol, which is released into the bloodstream [21,22] and is consequently incorporated
into hair follicles. Measuring circulating cortisol using concentrations found in fur has
some advantages over short term biomarkers, such as blood cortisol since it is not subject
to influence from the stress of capture [22,23]. Cortisol has been analysed in the fur to
assess stress of free-range wildlife including caribou, reindeer, polar bear, black bear, grizzly
bear, lynx, gray wolf, and primates [24]. A recent review by Koren et al. (2018) showed
that there is good concordance between circulating serum cortisol and cortisol in fur in
mammals. Cortisol has not been assessed in the fur of a river otter. There is evidence to
suggest that Hg is an endocrine disruptor and since cortisol production is an endocrine-
mediated process it is hypothesized that Hg can interfere with cortisol production [25,26].
However, the mechanisms of action that leads to Hg-related endocrine disruption, especially

with respect to cortisol, is largely unknown [8,25,26].

Laboratory studies show that mercury is deposited in the pituitary of laboratory ani-
mals after mercury exposure in a dose-dependent [27]. Cultured male Sprague-Dawley rat

adrenal cortical cells exposed to Hg found that low dose (10 M) mercury chloride exposure
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was not affected but at high doses (100 uM) corticosteroid production was inhibited [28].
Similarly, a study dosing catfish with methylmercury chloride found that, when compared
to the control group, plasma cortisol levels were significantly decreased after 90 and 180

days of Hg exposure [29].

However, discrepancies exist regarding the strength and directional of the relationship
between Hg and cortisol in the wild. A recent review by Tan et al (2009) cites that while
the majority of research reports a negative relationship between cortisol and Hg, some
studies report a positive relationship or no relationship [8,26,30]. Bechshoft et al. (2015)
found a marginal relationship between Hg and cortisol in the fur of polar bear from the
western Hudson Bay. This relationship was not significant in females. Wada et al. (2010)
found no correlation between fur Hg and plasma cortisol in big brown bats. It is important
to note that most research on the relationship between research on Hg and cortisol has
been conducted in fish species, using plasma Hg and cortisol. These studies are susceptible
to capture bias and are not able to be extrapolated to mammalian systems with a high

degree of confidence [26].

The objective of this study is to investigate the effectiveness of fur cortisol as a biomarker
of effect in relations to mercury exposure in free-ranging river otter. Further, we use geo-
graphic information systems (GIS) and spatial methods to assess spatial patterns of this
dose-response relationship. To investigate the spatial heterogeneity of the dose-response
relationships we compare a traditional non-spatial ordinary least squares (OLS) regres-
sion with a spatial geographically weighted regression (GWR) model. We hypothesize

that fur Hg and cortisol biomarkers will exhibit spatial heterogeneity and as a result, the
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relationship between the two variables will also exhibit spatial heterogeneity. Therefore,
the GWR will provide a more statistically rigorous method of assessing the dose-response

relationship.

6.3 Methods

6.3.1 Sample Collection

Samples were obtained from two different programs. The first set of samples (n=73) were
collected as part of a biomonitoring program and were collected in the Northwest Territories
(Figure 6.1A) and the Athabasca Oil Sands Region in Northern Alberta (Figure 6.1B)
between 2014 and 2017. These samples have more available information such as sex. The
second set of samples (n=37) were obtained from the North American Fur Auction (NAFA)
conducted in Toronto, Ontario between 2014 and 2017. Animals trapped for the commercial
fur trade are trapped as adults between 2-4 years of age. Topcoat fur samples were collected
from the fore or hind limb region and approximately 10 mg were subsampled for analysis.
These fur samples are geolocated and were checked for validity using GoogleEarth. Samples
that were geolocated in urban centers were removed (n=4). Fur auction samples originated

from Ontario, Quebec (Figure 6.1C) and Nova Scotia (Figure 6.1D).

6.3.2 Cortisol Analysis

The top coat fur was analysed for cortisol using the procedure described in Davenport
et al. (2006) [7] and Macbeth et al., (2010) [3]. To remove any surface contamination,
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Figure 6.1: Overview of fur sample locations used in this analysis.

fur samples were washed three times in 2 mL of methanol for 3 min/wash using a slow
rotator (Haematology and Chemistry Mixer 346; Fisher Scientific, Ottawa, ON, Canada).
The solvent wash is an effective method of removing external cortisol without extracting
cortisol from the internal hair shaft [32]. After the methanol wash, samples were dried
for 24 hours at room temperature and then the decontaminated samples were ground to a
powder using a Mixer Mill (Retsch, Inc., Newtown, PA; 30 Hz; 10-ml stainless-steel grind-
ing jars; single 12-mm stainless-steel grinding ball). Between 5-25mg of ground fur was
used to extract cortisol. Cortisol from the ground samples was extracted into 0.5 mL of

methanol using a slow rotator (Haematology and Chemistry Mixer 346; Fisher Scientific,
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Ottawa, ON, Canada) for a 24-hour period. The samples were vortexed and centrifuged to
extract the supernatant which was then dried under nitrogen gas at 38°C. This procedure
was completed two additional times using 0.5 ml of fresh methanol. The dried extract was
reconstituted in 0.2 ml of phosphate buffer for 12 hours. Samples were run in duplicates
of 50 ml aliquots using an enzyme-linked immunoassay kit (Oxford EA-65 Cortisol EIA
kit; Oxford Biomedical, Lansing, MI). The cross-reactivity of the antibody used in the
cortisol kit is as follows: cortisol (100%), prednisolone (66.9%), 11-deoxycortisol (58.1%),
cortisone (15.9%), prednisone (13.7%), 17-hydroxyprogesterone (5.4%), and deoxycorti-
costerone (0.94%), as reported by the manufacturer. The intra-assay and inter-assay co-
efficients of variation (CV) were 4.8% and 26%, respectively. Samples that did not meet
quality assurance-quality control (QA/QC) metrics were removed from the analysis. Cor-
tisol concentrations are reported as pg of cortisol/mg of ground fur. The limit of detection
of the EIA kit was 0.005 ng/ml which corresponds to approximately 0.04 pg cortisol/mg

hair in a ground 25 mg hair sample.

6.3.3 Mercury Analysis

Approximately 10-25mg of top coat fur was subsampled for analysis. Samples were anal-
ysed using a direct thermal decomposition Hg analyser (Mercury Analyser 3000; Nippon
Instruments North America). QA/QC measures included blank samples, standard ref-
erence material (IAEA 085, DORM-4, and DOLT-5 from National Research Council of
Canada), and 10% of fur samples run in duplicate. The CV <5%. All Hg measurements

are reported in ug/g fur weight total Hg (THg).
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6.3.4 Statistical Analysis

The biomonitoring data were used to assess if sex differences exist between the total Hg
(THg) and cortisol using a t-test. Due to the non-normal distribution of the data, measured
cortisol and THg were log baselO transformed. However, since the assumption of equal
variance between groups was violated, a Welch’s two-sample t-test was used to assess if
there was a difference in the median cortisol and THg concentrations between the two
sexes. Then an analysis of variance (ANOVA) was conducted on the whole dataset to
determine if there was a difference in measured cortisol and total Hg between locations.
The data were grouped by provinces for ease and policy relevance. ANOVA assumptions

were tested for residual normality and homogeneity.

First, an ordinary least squares (OLS) regression model was used to assess the non-
spatial relationship between log fur THg and log fur cortisol. Human impact was also
included as a predictor in the OLS regression model and was used as an underlay in
mapping. This layer is a composite of all human disturbances to the land in Canada
including settlements, roads, rail roads, industrial activities, and hydro corridors [33]. Since
river otter fur THg data are geolocated to a trapline, a spatial averaging method was used to
calculate an average human disturbance score using a 9km radius area around the trapline
centroid. This 9km radius area was selected based on observed radio collar home ranges of
wild river otter to account for animal movement [17,34]. In significant models, the model
residuals were tested for residual normality, no serial autocorrelation, homogeneity, and

linearity.
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A geographically weighted regression (GWR) was used to assess the spatial relationship
between fur log THg and fur log cortisol. This method classifies the study area into local
neighbourhoods of influence through the development and use of a spatial weights matrix
(SWM). In this analysis, the SWM was developed using a fixed Gaussian distance where
the distance was selected using a data-led Akaike Information Criterion (AIC) optimization
method. One localized regression is conducted per local neighbourhood, thus the number
of samples in the global dataset is the same as the number of local regressions performed.
Each local regression has its own model summary (e.g. beta coefficients, R2, etc.), thus the
GWR model output is an averaged summary of all models. Since a GWR does not require
the relationship (beta coefficient) to be stationary over the study area, it can produce
more accurate regression coefficient estimates when compared to an OLS regression. This
is demonstrated using an ANOVA comparing the residual sum of square errors between

the global OLS regression and the GWR [35].

A second OLS regression model was developed based on GWR results and uses the
screening guideline of 15 ug/g THg in fur that we proposed earlier. In this regression, we
considered low Hg exposure as < 15ug/g and high Hg exposure as > 15ug/g. The low and
high groups were run separately. In significant models, the model residuals were tested for

residual normality, no serial autocorrelation, homogeneity, and linearity.

All aspatial statistical analyses were completed in R 3.5.2 [36] using the car [37], and
Imtest [38] packages. The GWR was completed in GWR4.0 [39] and mapping was com-

pleted in ArcGIS 10.6.1 [40].
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6.4 Results

A summary of the THg and cortisol data are shown by province in Table 6.1. Nova
Scotia and the Northwest Territories had the highest median cortisol concentrations while
Ontario had the lowest levels. Conversely, the highest median mercury concentrations
were measured in Ontario, and the lowest was measured in Alberta and Nova Scotia.
The measured fur THg concentrations are spatially mapped in three regions: (A) Oil
Sands region, Alberta, (B) Inuvik, Northwest Territories, and (C) Ontario, Quebec, and
Nova Scotia (Figure 6.2). Mapped results demonstrate a spatial heterogeneity, which
means the concentrations of Hg and cortisol are unevenly distributed over space. Fur THg
concentrations are below the 15 ug/g fur Hg screening guideline for fur-bearing mammals
in most samples in Alberta, Quebec, and Nova Scotia. Conversely, in northern Ontario,
most of the samples are above the 15 pg/g fur screening guideline as indicated by the
yellow, orange, and red markers on the map (Figure 6.2). Fur cortisol concentrations are
higher in Alberta, Quebec, and Nova Scotia with increasing cortisol concentrations closer
to areas with higher human impact. Conversely, in Ontario, there are low concentrations

of fur cortisol, as indicated by the light red circles (Figure 6.3).

The provincial differences were statistically assessed using an ANOVA. Results indicate
the differences in the mean values of log THg (F (4109)= 23.08, p= 7.8e-14) and cortisol
(F(4,10090=4.92, p= 0.001) in each province is statistically different. The corresponding
boxplot is shown in Figure 6.4 A and B respectively. The Tukey follow up test and corre-

sponding plot can be seen in Appendix D Figure D.1 and Appendix D Table D.1 for THg
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Table 6.1: Summary of total mercury (ug/g) and cortisol (pg/mg) in fur of river otters by

province.
Province Alberta Nova Scotia Northwest Territories Ontario Quebec  All
Cortisol (pg/mg)
Mean 4.91 14.52 14.2 4.13 5.07 5.63
SD 8.7 13.11 5.98 4.97 0.79 8.24
Median 2.8 11.34 17.7 2.68 5.25 3.35
Min 0.03 3.84 6.07 0.14 3.96 0.03
Max 68.55 31.58 19.48 23.23 597  68.55
THg (ng/g)
Mean 6.07 5.84 12.57 27.53 9.46 11.5
SD 3.49 2.9 7.7 16.32 6.3 12.4
Median 5.16 5.08 11.71 24.45 6.74 6.59
Min 1.13 3.43 3.53 3.09 3.35 1.13
Max 16.4 9.75 25.49 65.77 17.6 65.8
n 73 4 7 26 5 115

and Appendix D Figure D.2 and Appendix D Table D.2 for cortisol. This provides statis-
tical evidence of spatial heterogeneity of measured fur THg and cortisol concentrations. A
t-test on the subset of data with sex information demonstrates there was no differences in
the mean fur log THg (t=-0.64, df=44, p=0.52) and was no differences in the mean fur log

cortisol (t=-0.28, df=37, p=0.78) between males and females (Figure 6.5).

A t-test on the subset of data with sex information demonstrates there is no differences
in the mean fur log THg (t=-0.64, df=44, p=0.52) and is no differences in the mean fur

log cortisol (t=-0.28, df=37, p=0.77) between males and females (Figure 6.5).

Table 6.2: Summary of linear regression model between log THg and log cortisol in the fur
of river otters.

Estimate Std. Error P-value

Intercept 0.45 0.13 0.0009
Log fur THg -0.0006 0.13 0.99
P-value 0.99

DoF 113

Adj. R? -0.009

Using the whole dataset, the dose-response relationship between log THg and log cor-
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Figure 6.2: Measured fur THg (ug/g) concentrations in (A) Oil Sands region, Alberta, (B)
Inuvik, Northwest Territories, and (C) Ontario, Quebec, and Nova Scotia. Concentrations
below the fur mercury screening guidelines (<15 pg/g) are represented in cool colours
(blue and green). Concentrations above the fur Hg screening guideline (>15 ug/g) are
represented in warm colours (red and yellow). These data are overlaid on a human impact
layer where darker grey indicate regions that have a higher human disturbance [28].

tisol was assessed using a global OLS regression. Regression results indicate there is no
relationship between these two variables when analysed independently of spatial location
(Table 2 and Figure 6A). Mapped results from the GWR use the t-value of the beta coef-
ficient is used to summarize the significance and direction of the relationship (Figure 6.6).
This highlights the dichotomy in the significance and direction of log THg as a predictor.

In Alberta, log cortisol and log THg have a positive relationship, as indicated by the red
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Figure 6.3: Measured fur cortisol (pg/mg) concentrations in (A) Oil Sands region, Alberta,
(B) Inuvik, Northwest Territories, and (C) Ontario, Quebec, and Nova Scotia. Concen-
trations are represented in continuous scale where low fur cortisol concentrations are light
red and high fur cortisol concentrations are dark red. These data are overlaid on a human
impact layer where darker grey indicate regions that have a higher human disturbance [28].

circles (Figure 6.6A), but only a small portion of the variance (<10%) is explained by this
relationship (Figure 6.6B). Conversely, in Ontario, the log cortisol and log THg have a
negative relationship, as indicated by the blue circles (Figure 5A), and a higher amount
of variance (>28%) is explained by this relationship than by OLS analysis alone (Figure
6.6B). This regression was not significant in other regions, such as the Northwest Terri-
tories and Nova Scotia. This is also evident in the GWR results, which summarizes all

the regression models (Table 6.3), as the beta coefficient for log THg has a minimum of
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Figure 6.4: Boxplots showing (A) the difference in measured fur THg by province and (B)

the difference in measured fur cortisol by province.
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Figure 6.5: Boxplots showing (A) the difference in measured fur THg and (B) the difference

in measured fur cortisol between sexes.

-0.82 and a maximum of 0.48. Further, results from the ANOVA show the GWR model

significantly reduces the sum of the squares
a better fit than the global OLS model (F=

of each local regression in the GWR ranges
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of errors which indicates the GWR model is
4.71, p=0.011). Over the study area, the R2

from 0.008-37% variance explained, with an



average of 19% variance explained (Pseudo R?) (Table 6.3).

Table 6.3: Summary of GWR results between measured log THg and measured log cortisol
in the fur of river otter.

Variable Mean SD Min Max
Intercept 0.45 0.52  0.02 1.45
Log THg 0.11 0.46 -0.79  0.51
GWR ANOVA

Sum of Square  DoF MS  F-value
Global Residuals 37.4 2
GWR Improvement 9.28 752 1.24
GWR Residuals 28.12 107.48 0.26 4.72
Global Adj R? -0.02
GWR Pseudo R? 0.18

Based on the results from the GWR, the global OLS regression was rerun using 15ug/g
as a cut off to designate a low and high THg exposure group (Figure 6.7B). In the low
THg exposure group, there was a significant positive relationship with log cortisol which
explained 5% of the variance. In the high THg exposure group, there was a significant
negative relationship with log cortisol that explained 35% of the variance (Table 6.4).
Further, the covariate human disturbance was added to the regression model. In the low
exposure group, human disturbance was positively associated with log cortisol. Together
these predictors explained 10% of the variance in log cortisol. Conversely, in the high
exposure group, human influence did not have a significant relationship with log cortisol

(Table 6.5).

6.5 Discussion

This is the first paper to report concentrations of fur cortisol in river otter and to use
cortisol as a biomarker of effect in this sentinel species. The concentrations of cortisol we
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Figure 6.6: (A) T-value of the beta coefficient for log THg when regressed using log cor-
tisol as the dependent variable. Blue circles represent a statistically significant (a=0.05)
negative relationship. Red circles represent a statistically significant (a=0.05) positive re-
lationship. Yellow circles are not statistically significant. (B) Circles represent the local
R? value of each regression. Darker shades of red circles indicate a higher percentage of
variance explained by log THg within the positive relationship.
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Figure 6.7: (A) Scatterplot showing the OLS regression relationship between log fur THg
and log cortisol with a global regression line. (B) Scatterplot showing the amended OLS
regression relationship between log fur THg and log cortisol with a regression splitting fur
THg into two categories, 0-15ug/g (low exposure) and >15 ug/g (high exposure).

Table 6.4: OLS regression between log fur THg and log cortisol when fur THg is split into
two categories, 0-15ug/g (low exposure) and >15 ug/g (high exposure).

Low (0-15 pg/g) High (>154g/g)
Estimate Std. Error P-value Estimate Std. Error P-value
Intercept 0.08 0.18 0.68 2.96 0.65 0.0001
Log fur THg 0.55 0.25 0.03 -1.8 0.46 0.000004
P-value 0.027 0.0005
DoF 85 26
Adj. R? 0.045 0.35

report in this study 5.63 pg/mg (range 0.03-68.55 pg/mg) are similar in comparison with
ranges reported in other carnivores, such as grizzly bear (0.62-43.33 pg/mg) [3] and gray
wolf (4.8-40.4 pg/mg) [41], but were higher than polar bears (males: 0.2-5.8 and females:
0.2-5.1) [8]. We found no sex differences in fur Hg and cortisol concentrations in river
otters. Similarly, other studies reported no sex difference in contaminant burdens in river

otter [12,42] and in cortisol concentrations in other mammal species [8,43]. This may be
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Table 6.5: OLS regression between log fur THg and log cortisol with human influence as
a covariate, when fur THg is split into two categories, 0-15ug/g (low exposure) and >15

pg/g (high exposure).

Low (0-15 pg/g) High (>15ug/g)

Estimate Std. Error P-value Estimate Std. Error P-value
Intercept -0.11 0.19 0.57 2.97 0.66 0.0001
Log fur THg 0.54 0.24 0.03 -1.72 0.48 0.001
Human Influence 0.032 0.013 0.02 -0.014 0.024 0.56
P-value 0.005 0.002
DoF 84 25
Adj. R? 0.1 0.33

due to the non-territorial and social nature of river otters [44]. The lack of sex differences in
these biomarkers in the fur river otter supports the use of fur as a non-invasive biomarker,

even when the information on the sex of the animal is not available.

This was also the first study to use a GWR to assess the heterogeneous relationship
between dose-responses in free-ranging wildlife. Results from the global OLS regression
model presented in this paper indicated there is no dose-response relationship between log
THg and log cortisol measured in the fur of river otters. In contrast, the GWR results
showed there was a statistically significant dose-response relationship that varies spatially.
These results showed the importance of modelling geographically diverse data using ap-
propriate methods that take spatial properties of data into consideration. When spatial
properties of data, such as spatial heterogeneity, are not considered the coefficient estimate
may be biased due to the heterogeneous error distribution of the model [45]. A more seri-
ous consequence of not accounting for the spatial properties of data is the failure to detect
a significant relationship, which happened in the OLS regression in this research [35]. This
highlights the need to consider spatial sampling location in studies assessing the influence

of contaminant exposure on wildlife health in large geographical sampling areas.

162



The mapped results of biomarker concentrations in conjunction with the GWR results
support the development of a hypothesis the relationship between Hg exposure and in-
hibition of cortisol production is dose dependent; at low fur THg concentrations have a
positive relationship with cortisol and high fur THg concentrations have a negative rela-
tionship cortisol. In this study, we tested this hypothesis by classifying samples THg into
low fur THg (<15ug/g) or high fur THg (>15ug/g) based on the results of our previous
fur screening study [13]. This screening guideline was set based on the lowest observable

effects in the change of brain neurochemistry in mink and river otter [13,46].

Considerably more research has been conducted in fish and bird on the relationship
between Hg and cortisol than has been conducted in mammals [8,26,47]. However, the
HPA axis is conserved across vertebrate species [48] and the main glucocorticoid stress
hormone produced in birds is corticosterone. In avian research, Hg has been shown to
both promote and inhibit the stress response [30,47,49]. Franceschini et al., (2009) found a
negative relationship between corticosterone and blood Hg and egg Hg in tree swallows but
a positive relationship between feather Hg and feather corticosterone. This may be due
to the long temporal scale and integrated nature of exogenous biomarkers [30]. Further,
the bidirectional relationship between Hg and cortisol observed in this study suggests that
this relationship is complex and may be mediated by environmentally specific conditions
including co-exposure to other contaminants [47]. Our research provides field evidence of

a complex bidirectional relationship between Hg and cortisol in a mammalian species.

The negative relationship observed between THg and log cortisol measured in Ontario

may be due to Hg-induced changes in brain neurochemistry affecting the HPA axis and
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stress response. Hg is a potent neurotoxin that easily crosses the blood-brain barrier. In
the brain, mercury has a high affinity for sulfur-rich thiol groups and can interfere with
neurochemical signalling pathways [50]. Hg related changes in the brain neurochemistry
have been reported in river otter and mink [51,52]. In those studies, the authors found
negative correlations between Hg and cholinergic muscarinic acetylcholine (mACh) recep-
tor level and dopamine-2 (D2) levels in the cerebral cortex [51,52]. Similarly, a negative
relationship between NMDA receptor levels and Hg has been observed in mink and polar
bears [53,54]. Accumulation rates in specific regions of the brain have not been quantified
for river otter. However, other mammals report the highest concentrations of mercury in
the pituitary gland, which is the site of ATCH secretion [8,55,56]. This could explain the
negative relationship observed in this study in only high mercury exposure. More research
is needed to better understand the phenotypic consequence of impairing cortisol synthesis

and secretion through the KEGG pathway and its relationship with Hg.

The positive relationship observed between log THg and log cortisol measured in Al-
berta may be the result of mercury acting as a stressor. However, many chemicals can have
an effect on the endocrine system including polycyclic aromatic hydrocarbons (PAH) [25].
Our results suggest that Hg may be acting as a proxy for the exposure to a suite of other
factors that can induce a stress response, including anthropogenic activity or chemical
co-exposure [26]. This positive relationship was observed in the Alberta Oil Sands. This
region has the third largest reserve of crude oil in the world and rates of production are
approximately 1.3 million barrels of crude oil per day [57]. The area is well documented to

be elevated in trace elements, heavy metals and other persistent organic pollutants (POPs
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such as PAHs) [58]. Additionally, there are a variety of land disturbances in the area,
including industrial facilities, roads, and seismic lines, which has shown to have an impact
on wolf and caribou in the region [59]. Wasser et al., (2011) found a change in glucocorti-
coids in the scat of wolf and caribou in response to human disturbance. Similarly, in our
regression model, human influence was also a significant predictor explaining 10% of the

variance in cortisol together with Hg.

Our results showing the inhibition of cortisol at high concentrations of Hg exposure
using a non-invasive biomarker medium is the beginning of a promising new area for re-
search in environmental assessments on the effects of chemicals on free-ranging wildlife.
Future work can incorporate advanced quantitative techniques, such as metabolomics, to
produce more robust response data to develop quick, accurate, and cost-effective methods
for assessing complex responses. Metabolomics has been successfully completed in human
hair [60-62] and in mice fur [63]. This response data can also with exposure data measured
in hair using a non-targeted approach [64]. A developed ecotoxicological dataset comprised
of multiple exposures and responses will enable the assessment of geospatial patterns of
exposure and response data to identify patterns and environmental variables associated

with the observed dose-response relationships.

6.6 Data availability

Data is available upon request from the authors. R code used in these analyses can be

found at: https://github.com/kristineccles/dose_reponse.git
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7.1 Abstract

Understanding of patterns of chemical mixture exposure of the biota is challenging due to
the spatial heterogeneity and complexity of the sources, pathways, and fate of the multi-
ple chemicals. While spatially driven relationships between sources and body burden of a
single chemical are commonly modelled, there is little effort on modelling chemical mix-
tures across multiple species in an impacted area. In this study, we use a spatial principal
components analysis (sPCA) to assess spatial patterns of the body burden of 22 metals
in 492 individual wildlife from a biomonitoring program including fur-bearing mammals,
colonial waterbirds, and amphibians collected from Northern Alberta, Canada, an area im-
pacted by the Athabasca Oil Sands. Our study demonstrates that range normalizing is an
effective method for integrating metal body burden in different species and life stages. We
found that spatial patterns of the body burden of 15 metals measured in the biomarkers
demonstrated random spatial patterns which may indicate background/ non-point source
exposures. There were seven metals including mercury, vanadium, lead, rubidium, lithium,
strontium, and barium were clustered and were shown to be elevated in multiple species
around the open pit mining area as well as regions downstream of a documented area
of point source metal input. These methods provide tools for integrating biomonitoring
datasets to get a more ecologically realistic representation of exposures of multiple species
on a landscape. The results serve as a good case study of an integrative approach for iden-
tifying sources and drivers of exposure to a chemical mixture in biota across a landscape,

and for developing more targeted monitoring efforts and intervention strategies.
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7.2 Introduction

Traditional risk assessments in ecotoxicology have focused on a chemical by chemical ex-
posure approach [1]. While these simple models are easy to develop and interpret, they are
not representative of the true nature of environmental chemical exposure in the biota. As
the biota in the ecosystem is often if not always, exposed to environmental mixtures, thus
models on complex chemical mixture need to better reflect the ecological realism in risk
assessments [2]. This is particularly true for biota living in regions of high anthropogenic
disturbance such as the Alberta Oil Sands. The oil sands, located in the northeastern
region of Alberta, covers approximately 142,200 km2. This region has the third largest
reserve of crude oil in the world, after Venezuela and Saudi Arabia, and currently produces
approximately 1.3 million barrels of crude oil per day [3]. Biota living in this region are
exposed to a vast number of chemicals including metals primarily from the upgrading of

bitumen and fugitive dust [4-6].

To monitor the potential impact of chemicals of concern associated with oil sands in-
dustrial operations on the environment and the health of wildlife in the Alberta Oil Sands,
the Canadian federal government and the Provincial Alberta Government initiated the
Canada-Alberta Joint Oil Sands Monitoring (JOSM) program in 2012. JOSM includes a
total of 5 wildlife biomonitoring programs. Each of these monitoring programs included
an annual sampling and measurement of chemical contaminants in wood frogs, fur-bearing
mammals including river otter, mink, fisher, and marten, birds including the eggs of terns

and gulls and, tree swallows, and plants. JOSM also included the monitoring of abiotic
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matrices including air, water, aerial deposition of contaminants in the snow. In the wildlife
biomonitoring projects, exposure to contaminants was measured tissues such as liver, as
well as feathers and eggs as biomarkers of exposure. The goal of these contaminant moni-
toring projects under JOSM was to improve the understanding of the potential impacts of

chemicals released on the health of the ecosystem in the Oil Sands Region [7].

In biomonitoring programs, bioindicator species and biomarkers are carefully chosen
to be representative of not only the environmental conditions but also the inferences that
can be made about ecosystem health, and by extension, human health [8,9]. However, it
is well known that a single species or biomarker cannot be representative of the health
of an ecosystem. Therefore, it is important to assess multiple bioindicator species and
multiple biomarkers to gain a better understanding of the overall impacts of the environ-
mental contaminants on ecosystem health [10,11]. Biomonitoring programs such as JOSM
are designed to include multiple monitoring programs that monitor the burden of multiple
chemicals in multiple species across a large landscape in the region. However, biomon-
itoring data collected from the oil sands monitoring programs under JOSM have yet to
be integrated and analysed (9). This is due to the many challenges to spatially analysing
large biomonitoring datasets with high dimensionality. For example, different species and
life stages will accumulate and detoxify contaminants at different rates and use different
mechanistic pathways [12]. Further, different matrices in the biomonitoring program may
be measured using different units. As a result, many of the measurements are not compa-
rable. Statistical methods such as normalizing the data using either a z-score or the range

converts all measurements to a common scale can be used to integrate the datasets [13].
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Also, when assessing data for spatial clusters during a spatial analysis, range normalization
is superior as it retains more of the spatial structure in the data. The process of range
normalizing uses the range of the dataset to standardize the individual values based on the

data minimum and maximum. This process scales the values between zero and one [14].

Additionally, contaminant variables are often numerous and highly correlated. Cor-
related co-variates can prove problematic for some statistical methods such as regression.
Therefore, multivariate analyses, such as principal components analysis (PCA) can be used
to reduce the dimensionality of the data into uncorrelated orthogonal components that can
explain the variance structure of the data [15]. While PCA is a commonly used method in
ecotoxicology, the examination of the spatial aspect of principal components during this

analysis has not yet been widely utilized [16].

A major aspect of ecotoxicology is to understand the distribution of contaminants in
the environment and the relationships between contaminant exposure and effects in biota.
As a result, the field is inherently spatial. Further, many ecotoxicological datasets are geo-
referenced, therefore enabling the investigation of spatial questions by using the common
geospatial platform [17]. Moreover, it is important to include the spatial information in the
PCA to control for any bias introduced by the sampling sites in the multivariate analyses.
An ad hoc means to assess spatial patterns in a PCA is to map the scores produced from
the multivariate analysis. However, this PCA is non-spatial and as a result, each location

on the landscape is treated as independent when in the real world they are not [18].

A common way to integrate spatial information into a multivariate analysis is through a

method called moran eigenvector maps (MEM). This method uses a spatial weights matrix
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to define spatial connectivity and allow the quantification of spatial autocorrelation using
Moran’s I, which is a measure of self-similarity over space. This spatial information is then
incorporated into the coefficients (scores) by quantifying the relationship between the data
variables and their corresponding spatial lag using a co-inertia analysis [17]. This method
has been used to assess spatial patterns in a variety of applications, some of which include
genetic variability [19,20], metals in soil [21], and taxonomic and phylogenetic diversity of

tadpoles [22].

In this study, we used a spatial analysis approach to integrate and analyse data from
collected from three wildlife health biomonitoring programs that had complete metals
data, under JOSM from 2012-2016. For more information about the individual monitor-
ing projects and methods please see documents on the JOSM program [23]. These data
sets are comprised of data on metal concentrations measured in the biomarkers collected
from a variety of species and life stages. Our analysis addresses some of the challenges
associated with integrating and analysing large datasets in ecotoxicology, including issues
related to the data structure, and complexities associated with different species and life
stages. Finally, we take a landscape ecotoxicology approach to analysing these biomoni-
toring datasets and assess overarching spatial patterns with respect to biomarkers of metal
exposure and their relationships with the known sources and drivers of environmental

availability using PCA and MEM analyses.
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7.3 Methods

7.3.1 Chemical Analysis

Metal data was obtained from the three different wildlife monitoring programs (mammals,
colonial waterbirds, and amphibians). The data was generated using inductively coupled
plasma mass spectrometry (ICP-MS) with appropriate QA/QC methods in the liver of
the mammals, eggs of the colonial waterbirds, and whole bodies of the amphibians . The

samples used were collected between 2012 and 2016.

7.3.2 Data Preprocessing

Once compiled the dataset was first cleaned prior to analysis. Not all chemicals were
analysed in all samples thus samples with missing data were removed. Then, to reduce
the bias zero values impose on a PCA, all metals with greater than 50% non-detect in
the dataset were removed; thus beryllium (Be), antimony (Sb), and uranium (U) were
removed from the dataset. All measurements that were below the instrument detection
limit were recoded to zero. In the cleaned dataset there were 22 metal co-variates and a
sample size of 492. A summary of the species, life stages, and the number of samples from
each monitoring project before data cleaning and after data cleaning can be seen in Table
7.1. An overview of the study area, the Athabasca oil sands in northern Alberta, Canada
can be seen in Figure 7.1A and the location of each species collection location (from the

cleaned data set) on the landscape can be seen in Figure 7.1B.
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Figure 7.1: Overview of study location, the Athabasca Oil Sands in Canada. (B) Location
of the difference species across the landscape (after data cleaning), n=492

Table 7.1: Summary of species and life stages samples used in this analysis pre and post
data cleaning.

Species Pre-cleaning n  Post-Cleaning n
Amphibian
Adult 51 13
Recent Metamorph 32 8
Tadpole 44 21
Mammals
River Otter 113 113
Marten 120 50
Mink 23 23
Muskrat 20 20
Fisher 63 63
Colonial Waterbirds
Gull 255 181
Tern 24 0
Total 694 492

The dataset was assessed to ensure it met PCA assumptions, which includes assessment
of sufficient sample size, the correlation between co-variates, linearity, and influence of

outliers. In ecotoxicology data, measured exposures tend to be skewed left, where there
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are many low exposures and few high exposures. Since PCA results can be highly influenced
by outliers, this was addressed by performing both logl0 and square-root transformation
for comparison. The datasets were then normalized to zero and one using the range by
species and life stage subgroups to make the datasets comparable. A workflow of the data
preparation and analysis is summarized in Figure 7.2. All analyses were completed in R

3.4.3 using the packages ade4, adespatial, spdep, and sp [24-27].

: PCA and
Unt f d U lized
RemOve rows ntransforme nnormalize BCA
ML Talesie Untransformed RANce ko
Compiled data and / Normalized BCA
metals with :
Dataset e Surt Trarsform Range PCA and spatial PCA
proportion of Normalized BCA (MEM)
non-detect Range PCA and
~— ;
Lol Normalized BCA

Figure 7.2: Overview of data processes and methods used in the integration and analysis
wildlife contaminants of biomonitoring data from the Joint Oil Sands Monitoring (JOSM)
program.

7.3.3 Data Analysis

For comparison, a PCA and a between-class analysis (BCA) were run on all transformed
and range normalized data combinations (Figure 7.2). Range standardizing (also termed
ranging) is a common way to scale data to make datasets of different magnitudes compa-

rable [13]. The end product is a value between 0 and 1 (Equation 7.1).

r — min(x)

T; =

(7.1)

mazx(x) — min(z)
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The BCA assess how much of the variance in the PCA can be attributed to dataset
grouping. In this analysis, classes used in the BCA were sites, species. Species, life
stage and site factors were compared pre and post-transformation and similarly for range
normalization to assess the statistical significance of how much of the variance can be
attributed to each factor using a Monte-Carlo permutation test. This test determines if the
variance in the groups is statistically different and how much of the variance is attributed
to the group classification [18]. This goal of this analysis was to minimize the amount of
variance explained by species differences while mainlining the amount of variance explained
by the sample site. Only the normalization method that retained the greatest amount of

variance explained was spatially analysed using the MEM and interpreted.

To assess the multivariate spatial structure of the compiled dataset, a spatial weights
matrix was created. This encodes the topological spatial relationships between samples and
is used in the MEM to not only consider the variance of the variables but also the variance
of spatially neighbouring points. Due to the irregular distribution of samples, a Gabriel
graph with edges weighted by inverse distances was used to define the spatial connectedness
[28]. The inverse distance weighting guarantees that samples closer together will have a
greater influence than samples that are further apart. The spatial autocorrelation of the
components was assessed using a Monte-Carlo based Moran’s I and then mapped to assess
the spatial patterns across the landscape. The mapped components are interpreted using

biplots/loading values.
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7.4 Results

BCA results comparing the two methods for data transformation (square-root and log base
10) to achieve more normal data and results from the range normalization methods can be
seen in Figure 7.3. (A comparison of life stage difference can be found in Appendix E Figure
E.1.) A lack of overlap between the amphibians and the other species in the unnormalized
and untransformed data highlights the need to undertake normalization methods to make
the datasets more comparable across species and possible to combine. This was achieved
using the range normalization method when the datasets are range normalized, as seen by
the overlap of all species (Figure 7.3). The goal of normalization is to minimize species
differences so the variance captured in the PCA will instead be related to site differences.
When the data is transformed and normalized, the “species effect” resulting from the lack
of overlap of the amphibian data is reduced. While the effect that amphibians had on the
explained variance was minimized, the normalization method increased the effect of gulls

indicated by the slight separation of gulls from the rest of the species.

These visual patterns seen in Figure 3 can be statistically confirmed using the Monte-
Carlo simulation to quantify the amount of variance that can be attributed to each factor
(species, life stage, and site) in the compiled dataset under different transformation and
normalization methods (Table 7.2). When comparing the transformation methods, the
site explains the most variance, followed by species, and then the year the data were
collected. When comparing the variance explained by each factor in the raw data versus

the transformed and/or normalized data, transforming and normalizing the data reduces
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Figure 7.3: The variance attributed to each species groups comparing of transformations
which include untransformed and unnormalized (A), untransformed and range normalized
(B), square-root (SQRT) transformed and range normalized (C), and logl0 transformed
and range normalized (D). The transformation and normalization with the smallest species
effect will have the most overlap between the species group.

the species and life stage effects. For comparison, after range normalization, 49% (p=0.02)
of the variance was explained by the site in the amphibian dataset, 28% (p=0.001) of the
variance was explained by the site in the gull dataset, and 25% (p=0.001) of the variance
was explained by the site in the mammal dataset. As the largest amount of variance
explained by the site is seen in the amphibian dataset, this might explain why this species

appeared to be notably different in the untransformed and unnormalized dataset presented
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in Figure 7.3. (PCA and BCA results from the individual datasets can be seen in Appendix

E Figure E.2.)

Table 7.2: Summary from the Monte Carlo permutation test quantifying the amount of
variance explained by each factor (species, life stage, and site).

Untransformed Untransformed SQRT Transformed log base 10 Transformed
Normalized (Raw) Normalized Normalized Normalized
Variance Explained by Site 53.20% 39.70% 41.90% 41.30%
Variance Explained by Species 33.50% 18.70% 21.30% 20.00%
Variance Explained by Year 7.30% 7.30% 8.30% 7.50%
Total 94.00% 65.70% 71.20% 68.80%

*all tests were significant (p=<0.001)

The square-root normalization is the most optimal transformation method as it retains
the largest amount of total variance explained while minimizing the variance explained by
species differences and maximizing the amount of variance explained by the site. Due to
this, only the square root transformed range normalized data were fully interpreted using a
MEM to assess the spatial structure of metal exposure. (For comparison, the mapped BCA
components, which do not take spatial relationships into consideration when orthogonally
maximizing the variance, can be seen in Appendix E Figure E.2.) The MEM analysis has
more distinct spatial patterns. The biplot from this analysis (Figure 7.4), and the loadings

(Table 7.3) were used to interpret the mapped components (Figure 7.5).

In the first four components, 81% of the variance attributed to the positive spatial
autocorrelation is explained. In component 1, the positively loaded metals are mercury,
rubidium, and thallium. The pattern observed in these scores matches the location of
gull egg samples (Appendix E Figure E.1. This variance is likely related to the species
difference induced by the normalization. The negatively loaded metals are iron, arsenic,

and cobalt. There is no apparent spatial pattern to these negatively loaded metals (Figure
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Table 7.3: Table of loadings for moran’s eigenvector maps (MEM) by site for square-rooted
range normalized data. The metals with the highest positive and negative loading value
have been bolded.

Metal Component 1  Component 2 Component 3 Component 4
Silver (Ag) -0.12 0.03 0.08 -0.2
Arsenic (As) -0.34 0.23 -0.19 0.11
Barium (Ba) 0 -0.39 -0.32 0.05
Bismuth (Bi) 0.1 0.07 0.15 0.11
Cadmium (Cd) -0.15 0.15 0.18 0.25
Cobalt (Co) -0.33 0.08 0.06 -0.22
Copper (Cu) 0.17 -0.03 -0.02 0.39
Tron (Fe) -0.39 0.19 20.09 -0.15
Gallium (Ga) -0.01 0.3 -0.11 -0.03
Mercury (Hg) 0.3 0.01 0.54 -0.02
Lithium (Li) 0.03 -0.33 -0.24 -0.3
Manganese (Mn) -0.07 -0.11 0.13 -0.23
Molybdenum (Mo) -0.22 -0.05 -0.16 0.15
Nickel (Ni) -0.04 0.23 0.19 0.19
Lead (Pb) 0.13 0.29 0.33 0.14
Rubidium (Rb) 0.28 0.34 -0.16 -0.41
Selenium (Se) -0.3 -0.04 0.03 0.32
Tin (Sn) 0.27 0.12 0.16 0.05
Strontium (Sr) 0.08 -0.42 -0.19 0.03
Thallium (T1) 0.28 0.15 20.01 0.14
Vanadium (V) -0.15 -0.12 0.37 -0.34
Zinc (Zn) 0.16 -0.17 0.13 0.12

7.5A)

The positively loaded metals in component 2 are rubidium and arsenic and the nega-
tively loaded metals are strontium, lithium, and barium. These positive scores are observed
south of Fort McMurray and oil sands open pit mining and upgrading operations as well as
south of this region (Figure 7.5B). The negatively loaded metals are strontium and barium.
The most negative scores are located north and east of the open pit mining and upgrading

operations as well as in sample locations further south.

Component 3 is positively loaded with mercury, vanadium, and lead. This pattern is
observed to start around Fort McMurray, Alberta and continues northward. West of this

area is negatively loaded with the metals barium and lithium (Figure 7.5C). Component
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Figure 7.4: (A) Biplot between component 1 (x-axis) and 2 (y-axis) from the spatial PCA
using Moran Eigenvector Maps (MEM). (B) Biplot between component 3 (x-axis) and 4
(y-axis) from the spatial PCA using MEM.

4 is positively loaded with the metals copper and selenium. These scores are highest in
northwest Alberta as well as in the northernmost samples (Figure 7.5D). Negatively loaded
metals include rubidium, vanadium, and lithium. The most negative scores are observed

east of the oil sands area.

7.5 Discussion

This paper demonstrates a new application of methods for combining complex biomoni-
toring datasets comprised of multiple species and life stages; range normalizing data is an
important step which allows datasets to be combined and assessed for overarching patterns
of metal exposure. This methodology helps address one of the criticisms of biomonitor-

ing programs: that assessing single sentinel species or single biomarkers may bias a true
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Figure 7.5: Mapped scores produced by the spatial Moran Eigenvector Maps (MEM) for
component 1 (A), component 2 (B), component 3 (C) and component 4 (D). These scores
are interpreted using the biplots from Figure 7.3 and Table 7.2. The red box highlights
the Athabasca Oil Sands region.
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evaluation of ecological health. At the same time, challenges to integrating and analysing
biomonitoring data can arise from differences related to where the samples were collected
and what chemicals were analysed. These differences can result in missing data and a lack
of sample collection overlap, which is problematic for many statistical methods and can
limit the types of analyses that can be done [29]. In this study, we attempted to address

these issues.

The simplest way of handling missing data is to delete cases where there is missing
information or to selectively remove co-variates with many missing values, which was how
missing data was handled in this analysis. This resulted in a 29% reduction in sample
size and losing all information on terns. While the simplest method, there is the risk of
information loss which can lead to bias [30]. Other methods of dealing with missing data
exist, such as imputation using maximum likelihood or multiple correspondence analysis
(MCA). These methods rely on the patterns of missing data and the underlying mechanisms
leading to the missing data. However, for these methods to be effective, there must be
an understanding of the underlying structure of the data [30]. Due to the complexity of
the dataset and the exploratory nature of the analysis, we opted for the simplest method.

Other methods of imputation could be explored in the future.

This paper also presents the application of a new method for assessing the spatial
structure of multidimensional datasets in ecotoxicology. To our knowledge, this is the first
time that the MEM method has been applied to biomonitoring data. In the present study,
the methods used to highlight the spatial distribution of metal exposures in different species

across a landscape. Even though the positive loadings in the first component are primarily
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related to the gull eggs and demonstrate a species difference, instead of a difference between
metals, we argue that this is still an important pattern. In component 1, mercury is the
metal with the highest loading value. The latitudinal gradient of the positive scores is

similar to results from other studies assessing mercury in gull and tern eggs in northern

Alberta [31,32].

In some of the components, there is no apparent clustering pattern (e.g. component 1-
negative, component 2-positive). The most highly loaded metals in the components with
no obvious clustering pattern have a similar metal composition (arsenic, iron, rubidium).
Thus, this variance may be related to the geology of northern Alberta. For instance, in
Northern Alberta arsenic levels are up to 10 times higher and iron level are up to 100 times
higher than background concentrations in other regions of Alberta due to the naturally

occurring shale deposits [33,34].

A variety of other metals including barium>strontium > rubidium> cobalt > lithium
have a high natural abundance in the earth’s crust, all of which are highly loaded in one
or more of the components [35]. Rubidium is highly loaded across many components and
generally shows no clustering pattern in any of the scores. This metal is discussed in
Landis et al. (2017), they attribute sources of rubidium in the region to biomass burning
and fugitive dust. Rubidium is highly reactive with oxygen and as a result, is typically
found bound within caesium and lithium ores or minerals. It is possible that part of

components 1 and 2 are highlighting variance related to naturally occurring metals.

Component 3 (positive loadings) and 4 (negative loadings) show a pattern of scores

highly loaded with mercury, vanadium, lead, rubidium, lithium, strontium, and barium
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around the open pit mining area as well as regions downstream of oil sands develop-
ment. There are local inputs into the environment from oil sands operations that result
in metal disposition from fugitive dust and upgrading processes such as metals being re-
leased in an aqueous solution from process water and tailings ponds [4]. Lynam et al.
(2015) demonstrate that strontium is enriched in the oil sands region and is a tracer for
deposition of crustal dust that results from mining and land clearing activities. In other
research, local enrichment of mercury, vanadium, thallium, and lead from oil sands opera-
tions is documented [5,6,36]. The pattern observed with component 3 appears to separate

anthropogenically- deposited metals from naturally occurring crustal elements.

Northern Alberta has very complex underlying natural geological and geochemical prop-
erties which are why natural resource extraction occurs in this region. The spatial analysis
conducted in this study demonstrates that some while metals are naturally occurring in this
region, it is apparent that other metals are being anthropogenically concentrated around
the oil sands development. This is reflected in the patterns of metal exposures observed
across multiple species and life stages. More specifically, mercury, vanadium, lead, rubid-
ium, lithium, strontium, and barium were shown to be elevated in multiple species around
the open pit mining area as well as regions downstream of oil sands development. This
spatial analysis illustrates regions where metal exposures are elevated across samples in
relation to other samples from other regions. Assessing patterns of exposure can help to
identify priority metals, determine sources, identify priority areas for further study, and

help develop targeted strategies for further monitoring or exposure reduction [37].
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7.6 Data availability

Data is available upon request from the authors. R code used in these analyses can be

found at: https://github.com/kristineccles/complex _metal exposures.git
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Chapter 8

Conclusion

8.1 Summary of Main Results

The overarching objective of my thesis research was to improve ecological risk assessment
by using GIS as a platform for data management, integration, analysis, and visualizations.
Through the three sections in my thesis, I have provided a spatial framework with practical
examples of implementation. Specifically, I have developed fur as a non-invasive biomarker
of mercury (Hg) exposure which is essential to understanding the spatial patterns of this
biomarker, and I have provided examples of how biomarkers of exposure and effect can be
used to assess spatial patterns and relationships at varying degrees of spatial scale. Overall,
my thesis advances the field of landscape ecotoxicology and ecological risk assessment by
providing tools to better understand biomonitoring data by capitalizing on data variance

and spatial heterogeneity.

Chapters in the first two sections (Chapter 2, 3 and 4) were about developing GIS

for the specific application of landscape ecotoxicology and developing biomarkers to be
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used in a spatial context. Results from Chapter 2 demonstrated that a spatial framework
has many advantages over traditional non-spatial methods. First, it provided a way to
integrate existing biomonitoring data to identify patterns of single chemical exposures
across a landscape. This method can quantify exposure patterns across a landscape that
can help to identify areas of higher risk that require further monitoring. This chapter
also provided methods of assessing chemical exposures using a spatial principal component
analysis (sPCA). This analysis identified hotspots of metal enrichment of mercury, zinc,
lead, and vanadium around the upgraders in the Athabasca Oil Sands Regions. These
patterns are observed across a variety of species and life stages. From this analysis, it is
possible to identify spatial patterns of multiple exposures. The last methodological example
in this chapter provides a proof of concept on how to characterize spatial exposure-response
relationships across a landscape using co-dispersion analysis. This method can be used for
hypothesis generation related factors that may influence exposures, responses, and the

relationship between the two.

Chapter 3 and 4 provide a more complete understanding of fur as a non-invasive
biomarker of Hg exposure in river otter and mink. Thus, when a fur sample is obtained,
it is possible to use it for predicting the risk of Hg exposure. Specifically, Chapter 3
provides a better understanding of Hg exposure in wildlife by quantifying the distribution
of Hg within wildlife tissue and its relationship with fur Hg. The developed models between
fur total Hg and the total Hg of internal organs developed in this chapter can be used to
predict the kinetics of Hg in different tissues of piscivorous mammals and to establish fur

concentrations as biomarkers for exposure or screening tools for freshwater ecosystem risk

194



assessments. These results suggest that furbearer guidelines [1-3] may be too high to be
protective of fur-bearing mammals. As a result, I suggest a more conservative fur screening

guideline of 15 pg/g of Hg in fur, which is based on brain neurochemical changes [4].

Chapter 4 further refines fur Hg as a non-invasive biomarker of Hg exposure by assess-
ing the distribution of Hg across the pelt of river otters. This chapter shows an interesting
use of spatial analyses, using spatial techniques for quantifying hot spots of Hg distribution
that occurred primarily in the undercoat in the head region. Results from this research
highlight the importance of sample location as Hg is heterogeneously distributed across
the pelt and between fur types. Hg is higher and more variable spatially in the undercoat
than the top coat. Further, when compared with internal Hg of organs fur from the fore-
body produces a more accurate prediction. As a result, I recommend fur is sampled for
biomonitoring samples should be collected from the top coat of the forebody region. Fur
samples taken outside of this region could result in prediction error as high as 140% when
estimating internal organ THg. This chapter also assessed the ratio of methyl mercury
(MeHg) in THg in topcoat fur. Results show that 95.743.4% of THg is MeHg indicating
THg concentrations can be used to assess MeHg exposure in fur. This information is im-
portant for developing a biomonitoring program based on fur. Further, this work supports
the use of hair fur snags for non-invasive biomonitoring as fur snags typically collect top

coat fur from the forebody region.

Chapters in the third section (Chapter 5,6, and 7) demonstrate the application of GIS
in landscape ecotoxicology using biomarkers of exposure and biomarkers of effect. Chapter

5 examines the relationship between Hg and dietary exposures to THg by investigating the
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relationship between fur and stomach content Hg and environmental sources of Hg, in order
to examine the spatial relationship between physiochemical and environmental factors that
contribute to MeHg production and environmental bioavailability. Results of regression
models showed a significant positive relationship between the log fur THg and log stomach
content THg for river otter and mink. There were also significant relationships between
environmental sources and THg. Stomach content THg was significantly associated with
soil pH (-) and % of deciduous forest (+). Fur THg was significantly associated with total
fire burned (+) and % of wetlands (-) in a pseudo home range. These results provide field
evidence that fur can be used as a proxy for environmental Hg concentrations and factors

that affect Hg bioavailability.

Chapter 6 investigated the spatial dose-response relationships using fur THg as the
exposure and fur cortisol as the response. Results from this chapter highlight how assessing
spatial data using a non-spatial may make it appears there is no relationship between the
two variables, as was the case in this chapter. Mapping the exposure data and response
data gave evidence of a heterogeneous dose-response relationship which was confirmed sta-
tistically using a geographically weighted regression (GWR) as both positive dose-response
relationships between THg and cortisol in fur and negative dose-response relationships were
observed. These results were reconfirmed when reanalysed the global regression model us-
ing my previously suggested fur screening guideline of 15 ug/g to split the data into low
(<15 pg/g) and high (>15 ug/g) Hg exposure groups. Results from this research highlight
the importance of spatially assessing dose-response relationships, especially over large spa-

tial areas. Results from this research also support the hypothesis that high Hg exposure
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causes changes in brain neurochemistry that could lead to the impairment of the stress

response [5].

Finally, in Chapter 7 I examine spatial patterns of complex exposures using a spatial
principal components analysis (sPCA). In this chapter, I use data normalization and trans-
formation to combine datasets comprised of different species and life stages. Results from
the research show that the normalization methods were able to remove the effect of species
and life stages in the compiled dataset and were effective for combining data. This method
can make exposure biomarkers comparable across species and life stages. As a result, the
patterns observed in the sPCA were related to patterns of environmental exposures and
not differences in species-specific accumulation rates. Other components in the SPCA were
able to show patterns of complex exposures, with clustering around the Alberta Oil Sands,
an area with concentrated deposition and exposure of metals. Methods and results in
this chapter provide tools for integrating biomonitoring datasets to get a more ecologically

realistic representation of exposures of multiple species on a landscape.

8.2 Research Contributions

8.2.1 Scientific Value

Complex problems that span multiple disciplines, such as environmental health issues and
ecosystem health, need innovative interdisciplinary solutions for prevention, risk reduction,
and mitigation. For this, the integration of knowledge across disciplinary boundaries is
increasingly emphasized and required [6,7]. This interdisciplinary thesis integrates methods
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from geography and biology and their respective subdisciplines to provide tools for assessing
contaminant exposure and biological responses in wildlife. The methods demonstrated in
my thesis provide the platform to advance the field of landscape ecotoxicology and improve

spatial risk assessment.

Current methods of assessing ecological health typically use single chemical exposures in
a single indicator. This is problematic as one indicator species may not be representative of
the ecosystem also may not be applicable to other ecosystems [8]. Part of this thesis focused
on the methods and implementation of integrating biomonitoring datasets with a variety
of species and life stages and assessing patterns of exposure in these integrated datasets.
Further, this thesis also demonstrated a method for analysing a complex biomonitoring
dataset assessing complex exposures in multiple species using an sPCA. Approaches used

in this research will make ecological risk assessments more realistic and informative.

My thesis also demonstrates methods and applications for assessing the heterogeneous
distribution of dose-response relationships across a landscape. This is the first-time geospa-
tial regression methods have been used to assess dose-response relationships in the ecotox-
icology literature. Not considering a heterogeneous relationship between exposures and
responses can lead to model misspecification, leading to the conclusions that there is no
relationship. When the GWR is compared with the non-spatial model it indicates model
misspecification. Using GWR methods in ecotoxicology will help to develop more statis-
tically sound models and will be able to better capture dose-response relations across a

landscape.
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8.2.2 Social Value

Environmental health, wildlife health, and human health are highly interconnected within
a complex system. While these three components are theoretically united under one frame-
work — ecological health — until this point, these facets were not yet well- integrated
methodologically. My thesis provides the platform to integrate social-ecological indicators
and models and support community-based monitoring. While defining what is “healthy”
was not the focus of this thesis, the indicators of health used were chosen to provide rele-
vant information to those who rely on the land. First Nations in Canada are particularly
vulnerable to the effect of environmental contaminants, as the health of the ecosystem in
which they live is highly embedded in their spiritual, physical, mental, and cultural health
through the provisions of traditional foods they hunt, gather, and fish. This interconnected
concept of health is central to First Nation culture; health is much greater than the absence
of disease [9]. Monitoring ecosystem health is important to First Nations, as one of the
main concerns in many communities, is whether the water is safe to drink, and the food is

safe to eat [10].

Further, mapping and visualization provide an intuitive way to communicate findings
which will aid in knowledge translations to stakeholders, policymakers, and various inter-
est groups. My thesis supports evidence-based decision making for interventions, program-
ming, and policy decisions at the community, provincial, and national level by enabling the
creation of localized interventions that target area of concern, to improve ecological health.
The work presented in my thesis is already being used to identify regions of elevated Hg
exposure (Figure 8.1) and guide community-based biomonitoring in the Alberta Oil Sands

199



and Northern Ontario through Environment and Climate Change Canada.
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Figure 8.1: Mapped fur Hg concentrations (ug/g) in Canada. Samples from Saskatchewan
were collected and measured by Wilkie et al. (2018) [11]. On this colour scale, yellow
indicates low exposures and orange and red indicate high exposure as per the 15 ug/g fur
mercury screening guideline [12].

8.3 Limitations and Future Work

While there is recognition that the inclusion of GIS would be beneficial to improve eco-
logical risk assessments and develop the field of landscape ecotoxicology [13], there are

technical barriers to implementation. GIS is a technical platform that has both organiza-
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tional barriers and technical barriers to implementation including lack of awareness of the
tool, lack of knowledge about how to use or implement the tool, and large startup costs for
the software and trained personnel [14,15]. However, recent developments in open source
GIS applications allow applications to be acquired at no cost to the user such as Google
Maps, Google Earth, and QGIS. As a result, GIS is shifting from a primarily expert domain
to having applications for novice users [14,15]. This shift presents opportunities for the
applications of GIS within ecotoxicology, for example, use in community-based monitoring
programs [16]. Throughout my thesis, I used a variety of different GIS software with the
purpose of highlighting usability. To continue developing landscape applications of ecotoxi-
cology, there needs to be more awareness around these methods, so spatial forethought can
go into the design of biomonitoring studies. Geotagging all collected environmental data
should be encouraged as a requirement for all biomonitoring programs as this will provide
an opportunity for future spatial analyses to be performed. As demonstrated in my the-
sis, GIS analyses can quantify exposure-response relationships in biota that are inhabiting

complex landscapes.

A theoretical limitation of this work and of spatial analyses as a whole is the fact that
analyses are scale-dependent. This results in the modifiable areal unit problem (MAUP)
where spatial analyses performed with different geographical aggregations or with different
zonation may provide different results [17]. It is important that researchers are cognizant
of this limitation and take measures to manage it. For example, when choosing a unit for
analysis, it is best to choose natural units for analysis such as administrative boundaries

or a unit relevant to planning and decision making. Another option is to use the smallest
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level of aggregation available (the individual), which is the method used throughout this
thesis. A related issue is an ecological fallacy whereby inferences about the individual
(or a lower level of aggregation) cannot be deduced from the aggregate analyses [18]. For
confidentiality reasons, often analyses are performed on aggregated data. However, this is
more of an issue with humans than wildlife. Thus, it is important to only make conclusions

about the aggregation in which the analysis was performed.

The field of landscape ecotoxicology also continues to be limited by available biomarker
data. Our results showing the relationship between biomarkers of exposure and responses
is the beginning of a promising new area for research in environmental assessments of
the effects of chemicals on wildlife. Future work can incorporate advanced quantitative
techniques, such as metabolomics, to produce more robust response data to allow for a
more comprehensive assessment for complex responses. Metabolomics has been success-
fully completed in human hair [19-21] and in mice fur [22]. For example, metabolites
associated with reactive oxygen metabolites including glutathione, 2-Oxobutyric acid, and
2-Hydroxybutyric acid have already been quantified in hair [19-22]. This response data
can also be coupled with exposure data measured in hair using a non-targeted approach
[23]. A developed ecotoxicological dataset collected using the “omics” approach that in-
cludes multiple exposures and response will enable a better assessment of the impacts of

the industrial development on the ecosystem.

Special attention should be given to biomarker development that can assess ecological
health and make inferences about human health [1]. The development of these biomarkers

highlights the interconnected nature of health, especially for First Nations as an aspect of

202



cultural well-being, that is highly connected to the land and the state of the ecosystem. As
such, social-ecological indicators should be developed in collaboration with stakeholders.
This provides an opportunity to unite western science with traditional ecological knowledge
[10,24]. Information related to harvester and hunter’s observations, consumption data,
and Elder’s knowledge can help guide and inform the process of developing a socially
and ecologically relevant biomarker [25]. Further, GIS can also be used as a platform
to support this work. GIS is increasingly being used as a platform to map traditional
knowledge and oral histories. Digital cartography provides a way of recording traditional
knowledge as a method of preservation and a way to intuitively communicate traditional
knowledge using maps and geovisualizations to future generations and the public. It also
provides a platform to disseminate and incorporate this knowledge of physical resources

and traditional knowledge into biomonitoring, and resource development [26].
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Appendix A

Supplement Information for Chapter 4: The Use of Ge-
ographic Information Systems (GIS) for Spatial Eco-
logical Risk Assessments: an example from the Athabasca
Oil Sands area in Canada
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Figure A.1: A map showing the distribution of species sampled in the Joint Oil Sands
Biomonitoring (JOSM) programs.
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Figure A.2: The number of species from the Joint Oil Sands Biomonitoring
(JOSM)programs within each cell after aggregation to a 25km hexagon grid.
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Table A.1: Summary of the loadings for each metal in the multispati (MEM) analysis in
components 1-4.
Metal Component 1 Component 2 Component 3 Component 4

Ag -0.10 0.16 -0.14 -0.16
As -0.39 0.22 0.26 -0.68
Ba -0.17 -0.15 0.19 0.01
Cd -0.47 -0.16 0.20 0.53
Cu 0.23 -0.28 0.28 -0.05
Fe -0.09 -0.02 -0.39 -0.08
Ga -0.21 -0.11 0.23 0.05
Hg 0.07 -0.25 0.40 -0.11
Li -0.21 -0.03 0.05 0.08
Mn 0.19 -0.16 -0.16 -0.17
Mo -0.17 0.14 0.21 -0.18
Ni 0.15 -0.07 -0.07 -0.07
Pb -0.25 -0.26 -0.16 0.09
Rb 0.15 -0.44 0.27 -0.09
Se -0.38 -0.12 -0.06 -0.14
Sn -0.02 0.03 -0.04 0.13
Sr -0.12 -0.14 -0.31 -0.07
\Y -0.30 0.10 -0.12 0.11
Zn -0.13 -0.61 -0.32 -0.26

# PCA and BCA for complex exposures
# Written in R Version 3.5.2

# Load Libraries
library (factoextra)
library (ggplot2)
library (ade4)
library (adegraphics)
library (lattice)
library (sp)

library (adegenet)
library (spdep)
library (adespatial)
library (maptools)

# Combining plots for publication quality
library (ggpubr)
library (sjPlot)

# Read Data
data = read.csv("amphib_metals3.csv")

# Remove missing D\data
comp_data=na.omit (data)

### PCA ###4#
pcal= dudi.pca(df = comp_data[7:25], scannf = TRUE, nf = 5, center=TRUE)

#Plot PCA

gl=s.corcircle (pcal$co, plot=FALSE)
g2=s.label (pcal$li , plot=FALSE)
ADEgS(list (gl,g2))

#Scree Plot

scree=fviz_eig(pcal,

ncp=10,

ggtheme = theme_minimal (base_size = 18),
addlabels=TRUE,
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main = NULL)

#H#H# BCA ####
# Set up lat as a factor
lat=as.factor (comp_data$Lat)

#BCA by site
bca__site=bca(pcal,lat ,scannf=TRUE)

# Plot BCA—Biplot
s.arrow (bca_site8$co)

#Get loadings and write to csv
bca_loadings=bca_site$co
write.csv(bca_loadings, "bca_loadings.csv")

# Montecarlo to test between species differences
rt_between_site=randtest (bca_site)

rt__between_site

# 45% of the wvariance is ezplained by site differences (p=0.001)

#H#H# Spatial analysis #HHH#H
# Spatial Representation of BCA
# Create comp_dataset with bca scores and coordinates

# Aggregate the z y coordinates for site
xy=coordinates (comp_data[,3:4])
sitexy=aggregate (comp_data[,3:4], list (comp_data$Lat), mean)

# FExztract information by site from BCA
dim(bca_site$tab)
scores_by site=bca_site8$1i

# Attach Coordinates to sites
scores_xy=cbind (sitexy , scores_by_site)
write.csv(scores_xy, "site_scores_xy.csv")

# Prepare spatial data for mapping

colour=cbind(col="gray90", border="gray90")

rivers = readShapePoly("rivers_clip.shp", IDvar=NULL, proj4string=CRS(as.character (NA)),
verbose=FALSE, repair=FALSE, force_ring=FALSE)

# Map the scores of the BCA

gl .map.bca=s.value(scores_xy|[,2:3] ,bca_site$li, symbol="circle",
pSp.col=as.factor(scores_xy$Group.1) ,

Sp=rivers , ppoints.cex=0.75,ylim=c(55,62), xlim=c(—115,—-110))

#### Create BCA with spatial information integrated— Multispati ##### Defining spatial weights
# To explore other spatial weights matrices
# listw.explore ()

# Gabriel Neighbourhood— best for wuneven sampling schemes
nb <— chooseCN (scores_xy|[,2:3], type = 2, plot.nb = FALSE)
lw <— nb2listw (nb, style = '"W’, zero.policy = TRUE)

# Test spatial autcorrelation of BCA scores

# Moran’s I

moran.randtest (scores_xy[,"Axisl"], listw=lw,nrepet=999)
moran . plot (scores_xy [, "Axisl"], listw=lw)

# Borderline positive spatial autocorrelation

moran.randtest (scores_xy|[,"Axis2"], listw=lw,nrepet=999)
moran . plot (scores_xy [, "Axis2"], listw=lw)
#no spatial autocorrelation

# Write scores to cswv
write.csv (cbind (xy,bca_site$1li), "bca_scores.csv'

#Moran’s eigenvector maps using gabriel meighbourhood
me=mem (lw)
map = s.value(scores_xy[,2:3], me[,c(1:2)], Sp=rivers, ppoints.cex=0.75,ylim=c(55,62), xlim=c(—115,—110))

scalol=scalogram (scores_xy/[,"Axisl1"], me, nblocks=10)
plot(scalol)
scalo2=scalogram (scores_xy/[,"Axis2"], me, nblocks=10)

plot(scalo2)
s.arrow (me)

# Multispatial analysis

msl=multispati(bca_site ,lw,scannf=FALSE, nfposi=4,nfnega=0)
summary (ms1)

plot

s.arrow (msl$cl)
# Output loadings
write.csv (msl8cl,

"multispati_loadings.csv"

# Publication Plots

# Figure 5

scree=fviz__eig(pcal,

ncp=10,

ggtheme = theme_minimal (base_size = 18),
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addlabels=TRUE,
main = NULL)

save_plot("scree. tif", scree, width = 20, height = 20, dpi = 300,

legend . textsize = 20, legend. titlesize = 20,
legend . itemsize = 20)
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i iai 7
# Example 3: Codisperion Statis
# Written in R Version 3.5.0

iai
tics

T 17 T 7T T 7T

#Load data
data read.csv ("data.csv")

#Load Libraries
library (SpatialPack)

summary (data)

x = data$amphib_ cort

y = data$snow

coords = data [1:2]

data.test = modified.ttest (data$amphib_cort, data$snow,
data . test

data.codisp = codisp(data$amphib_cort, data$snow, coords)
data.codisp

plot (data.codisp ,

data.cor
data.cor

= cor.spatial (data$amp

xlab="distance

(km)", title (main = NULL))

hib__cort, data$snow, coords)
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Appendix B

Supplement Information for Chapter 4: Distribution of
organic and inorganic mercury across Canadian river

otter (Lontra canadensis) pelts

Table B.1: Equality of variances F-test results for topcoat (TC) and undercoat (UC)
samples for individual pelts.

Pelt Ratio of the variances (TC/UC) F-value! p-value
Pelt 1 0.1005 0.1005 (88,88) < 0.001
Pelt 2 0.0084 0.0084 (97,97) < 0.001
Pelt 3 0.0617 0.0617 (95,95) < 0.001
Pelt 4 0.0331 0.0331 (94,94) < 0.001

! Bracketed values are the degrees of freedom of the numerator and the
denominator, respectively.

Table B.2: Student’s t-test results for paired topcoat (TC)
with unequal variances for individual pelts.

and undercoat (UC) samples

Pelt ~ Mean of the differences (TC - UC) (ug/g) t statistic! p-value
Pelt 1 -0.6 -9.56 (88) < 0.001
Pelt 2 4.8 22.3 (97) < 0.001
Pelt 3 1.4 10.82 (95) < 0.001
Pelt 4 0.4 4.83 (94) < 0.001

! Bracketed values are degrees of freedom.

214



Figure B.1: Photo of gridding for pelt 1.

Figure B.2: Photo of gridding for pelt 2.
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Figure B.3: Photo of gridding for pelt 3.

Figure B.4: Photo of gridding for pelt 4.
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i

Figure B.5: Photo of fur sample after being removed from the pelt with topcoat (dark
coarse hair) and undercoat (lighter thin hair).

Undercoat Topcoat (Guard Hair)

Figure B.6: Photo of fur sample under a dissecting microscope to show the difference
between topcoat and undercoat fur; the topcoat is coarser and longer and undercoat is
shorter and thinner.
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Figure B.7: A plot illustrating the different anatomical regions used for analysis on the
pelt each.

Pelt 1 Pelt 2 Pelt 3

@ Dorsal Furline @ Ventral

Figure B.8: A plot illustrating the different fur regions used for analysis on the pelt each.
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# Statistics for Pelt 1
# Written in R Version 8.5.0

# Load data
peltl = read.csv("PELT1l.csv")

# Load Libraries
library (ggplot2)
library (boot)
library (lmtest)
library (car)
library (multcomp)

#H## Pelt 1 Statistical Analysis ####

#HHH T—test #HH#HH

# Check assumptions of raw wvariables

shapiro. test (pelt18THg TC) #Not normal

hist (pelt1$THg TC, freq = FALSE, breaks = 30, xlab = "[THg].(ppm)") # Approzimately normal

shapiro.test (pelt18THg UC) # Not normal
hist (pelt1$THg UC, freq = FALSE, breaks = 30, xlab = "[THg].(ppm)") # Approzimately mnormal

# Equal wvariances Levene’s test
var. test (peltl1$THg TC, peltl$THg UC) #wariances are not equal

# Differene between TC and UC (paired)— Welch’s paired t—test

t.test (pelt1$THg TC, pelt1$THg UC, paired = TRUE, var.equal = FALSE,
alternative = "two.sided")

shapiro.test ((pelt18$THg TC-pelt18$THg UC)) # Differences Not normal
hist (pelt1$THg TC-pelt18THg UC) # Differences Approzimately mormal

#H## Variance between TC and UC ####

# Calculate absolute ranges

pl_TC range = max(peltl1$THg TC) — min(peltl$THg TC)
pl_UC_range = max(peltl1$THg UC) — min(peltl$THg UC)

# Calculate ratio of ranges relative to TC THg range
UC_TC_ratio = (pl_UC_range)/(pl_TC range)

# Calculate percent diff of ranges relative to TC THg range
percent_UC TC _diff = (((pl_UC_range)/(pl_TC range))—1)%100

# Calculate mean, SD and 95% CI (t(3, 0.05) = 3.1824) for percent diffs
paste (mean(percent_UC TC diff), "4+/-",(3.1824%(260/sqrt(4))))

#H## Anatomical Region Differences ####

# One—way ANOVA for Anatomical region

# TOP COAT

par (mfrow = ¢(2,2), mar = ¢(5,5,5,5))

pl_TC anoval = Im(peltl18THg TC ~ peltl$Anatomical_region)
summary (pl_TC _anoval)

plot (pl_TC anoval, main = "TC.[THg] by anatomical region")

# Normality test of residuals

shapiro.test (residuals (pl_TC anoval)) #not normal

hist (residuals (pl_TC anoval), breaks = 30, freq = FALSE,

main = "Histogram_of PELT_ 1. TC.[THg] one—way ANOVA residuals by _anatomical_region")
curve (dnorm(x, mean(residuals (pl_TC anoval)), sd(residuals(pl_TC anoval))),
add=TRUE, col="darkblue", lwd=2)

# Homoscedasticity test of residuals
bptest (pelt1$8THg TC ~ peltl$Anatomical _region) #homoscedastic

# Post—hoc Tukey’s multiple comparison

# ANOVA

pl_TC posthoc = aov(peltl1$THg TC ~ peltl$Anatomical_region)
pl_TC tukey = TukeyHSD(pl_TC posthoc)

plot (p1_TC_ tukey)

# UNDERCOAT

par (mfrow = ¢(2,2), mar = ¢(5,5,5,5))

pl_UC_anoval = Im(pelt18THg UC ~ peltl$Anatomical_region)
summary (pl_UC_anoval)

plot (pl_UC_anoval, main = "UC.[THg]_ by_anatomical_ region")

# Normality test of residuals

shapiro.test (residuals (pl_UC _anoval)) #not normal

par (mfrow = ¢(1,1), las = 1, mar = ¢(5,5,5,5))

hist (residuals (pl_UC _anoval), breaks = 30, freq = FALSE)

curve (dnorm(x, mean(residuals(pl_UC_anoval)), sd(residuals(pl_UC_anoval))),
add=TRUE, col="darkblue", lwd=2) # Approzimately normal

# Homoscedasticity test of residuals
leveneTest (pelt1$THg UC ~ peltl$Anatomical_region) # homoscedastic

#Tukey ’s multiple comparison

pl_UC_posthoc = aov(peltl1$THg UC ~ peltl$Anatomical_region)
pl_UC_tukey = TukeyHSD(pl _UC_posthoc)

plot (pl_UC_tukey)
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#### Fur Region Differences ####

#TOP COAT

par (mfrow = ¢(2,2), mar = ¢(5,5,5,5))

pl_TC anova2 = Im(pelt1$THg TC ~ peltl$Fur_region)
pl_TC anova?2

plot (pl_TC anova2, main = "TC.[THg] by, fur._ region")

#normality test of residuals
shapiro.test (residuals (pl_TC anova2)) # Not normal

par (mfrow = ¢(1,1), las = 1, mar = ¢(5,5,5,5))
hist (residuals (pl_TC anova2), breaks = 30, freq = FALSE,
main = "Histogram of PELT_ 1 ,TC,[THg] one—way ANOVA residuals by fur_ region")

curve (dnorm(x, mean(residuals (pl_TC anova2)), sd(residuals(pl_TC anova2))),
add=TRUE, col="darkblue", lwd=2) # Approz normal

# Homoscedasticity test of residuals
leveneTest (pelt1$THg TC ~ peltl$Fur_region) # Homoscedastic

#Tukey ’s multiple comparison

pl_TC _posthoc2 = aov(peltl1$THg TC ~ peltl$Fur_region)
pl_TC_ tukey2 = TukeyHSD(pl_TC_ posthoc2)

plot (pl_TC tukey2)

# UNDERCOAT

par (mfrow = ¢(2,2), mar = ¢(5,5,5,5))

pl_UC _anova2 = Im(peltl1$THg UC ~ peltl$Fur_region)
pl_UC_anova2

plot (p1_UC_anova2, main = "UC,[THg] by, fur. region")

#normality test of residuals
shapiro.test (residuals (pl_UC_anova2)) # Not normal

par (mfrow = ¢(1,1), las = 1, mar = ¢(5,5,5,5))

hist (residuals (pl_UC _anova2), breaks = 30, freq = FALSE,

main = "Histogram,of PELT_ 1 UC,[THg] one—way ANOVA residuals by, fur_ region")
curve (dnorm(x, mean(residuals(pl_UC _anova2)), sd(residuals(pl_UC _anova2))),
add=TRUE, col="darkblue", lwd=2) # Approzimately normal

# Homoscedasticity test of residuals
leveneTest (pelt1$THg UC ~ peltl$Fur_region) # Homoscedastic

#Tukey ’s multiple comparison

pl_UC_posthoc2 = aov(peltl1$THg UC ~ peltl$Fur_region)
pl_UC_tukey2 = TukeyHSD(pl_UC_posthoc2)

plot (pl_UC_tukey?2)
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i
for Pelt 2
R Version 3.5.0

7
# Statistics
# Written in

7 7 A7 7 T A7 7
# Load data
pelt2 read

= .csv ("PELT2.csv ")
# Load Libraries

library (ggplot2)

library (boot)

library (lmtest)

library (car)

library (multcomp)

m i i , m

#H### Pelt 1 Statistical Analysis ##H#
HHHHHE T-test #HHAF

# Check assumptions of raw variables
shapiro. test (pelt28THg__TC) #Not normal

hist (pelt28THg_TC, freq = FALSE, breaks = 30, xlab
shapiro. test (pelt28THg__UC) # Not normal
hist (pelt28THg UC, freq = FALSE, breaks = 30, xlab

# Equal variances Levene’s test

var. test (pelt28THg_ TC, pelt28THg UC) #variances

" [THg]

" [THg]

(ppm)") # Approximately normal

(ppm)") # Approximately normal

are not equal

# Differene between TC and UC (paired)— Welch’s paired t—test

t.test (pelt28THg TC, pelt28THg UC, paired = TRUE, var.equal = FALSE,
alternative = "two.sided")

shapiro.test ((pelt2$THg_TC—pelt28THg__UC)) # Differences Not normal
hist (pelt28THg_ TC—pelt28THg UC) # Differences Approximately normal
#H### Variance between TC and UC ##H##

# Calculate absolute ranges

p2_TC_range = max(pelt28THg_ TC) — min(pelt28THg TC)

p2_UC_range = max(pelt26THg__UC) — min(pelt28THg UC)

# Calculate ratio of ranges relative to TC THg range

UC_TC_ratio = (p2_UC_range)/(p2_TC_range)

# Calculate percent diff of ranges relative to TC THg range

percent_ UC__TC_diff = (((p2_UC_range)/(p2_TC_range))—1)*100

# Calculate mean, SD and 95% CI (t(3, 0.05) = 3.1824) for percent diffs

paste (mean(percent_UC_TC_diff),

#H### Anatomical Region Differences ##H##
# One—way ANOVA for Anatomical region
# TOP COAT

par (mfrow = ¢(2,2), mar = ¢(5,5,5,5))

p2_TC_anoval = Im(pelt28THg TC ~ pelt2$8Anatomical_ region)

summary (p2__TC_anoval)

plot (p2_TC_anoval, main = "TC [THg] by anatomical
# Normality test of residuals

shapiro.test(residuals (p2_TC_anoval)) #not normal
hist (residuals (p2_TC_anoval), breaks 30,
main = "Histogram of PELT 1 TC [THg]
curve (dnorm(x, mean(residuals (p2 TC_anoval)),

add=TRUE, col="darkblue", lwd=2)

# Homoscedasticity test of residuals

region")

freq = FALSE,
one—way ANOVA residuals
sd(residuals (p2 TC_ anoval))),

"4/ —",(3.1824%(260/sqrt (4))))

by anatomical region")

bptest (pelt28§THg TC ~ pelt2$Anatomical_region) #homoscedastic

# Post—hoc Tukey’s
# ANOVA
p2__TC_posthoc = aov(pelt28THg TC ~ pelt2$8Anatomica
p2_TC_tukey = TukeyHSD (p2__TC_ posthoc)

plot (p2_TC_ tukey)

multiple comparison

# UNDERCOAT
par (mfrow = c(2,2),

mar

c(5,5,5,5))

p2_UC_anoval = Ilm(pelt2§THg UC ~ pelt2$3Anatomical _
summary (p2_UC_anoval)

plot (p2_UC_anoval, main = "UC [THg] by anatomical
# Normality test of residuals

shapiro.test (residuals (p2_UC_anoval)) #not normal
par (mfrow c(1,1), las 1, mar c(5,5,5,5))

hist (residuals (p2_UC_anoval), breaks 30,
curve (dnorm(x, mean(residuals (p2_UC_anoval)),
add=TRUE, col="darkblue",

# Homoscedasticity test of residuals

l_region)

region)

region")

freq = FALSE)
sd(residuals (p2_UC_anoval))) ,
lwd=2) # Approximately normal

leveneTest (pelt28THg UC ~ pelt28Anatomical_ region) # homoscedastic

#Tukey’s multiple comparison

p2_UC_posthoc = aov(pelt28THg UC ~ pelt2$Anatomica
p2_UC_tukey = TukeyHSD (p2_UC_ posthoc)

plot (p2_UC_ tukey)

1_region)
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Fur Region Differences ##H##
#TOP COAT
par (mfrow = ¢(2,2), mar = ¢(5,5,5,5))
p2_TC_anova2 = Ilm(pelt2§THg TC ~ pelt28Fur_region)
p2__TC__anova?2
plot (p2_TC_anova2, main = "TC [THg] by fur region")

#normality test of residuals
shapiro.test (residuals (p2_TC_anova2)) # Not normal

par (mfrow = ¢(1,1), las = 1, mar = ¢(5,5,5,5))
hist (residuals (p2_TC_anova2), breaks = 30, freq = FALSE,
main = "Histogram of PELT 1 TC [THg] one—way ANOVA residuals by fur region")

curve (dnorm(x, mean(residuals (p2_TC_anova2)), sd(residuals (p2_TC_anova2))),
add=TRUE, col="darkblue", lwd=2) # Approx normal

# Homoscedasticity test of residuals
leveneTest (pelt28THg TC ~ pelt28Fur_region) # Homoscedastic

#Tukey’s multiple comparison

p2__TC_posthoc2 = aov(pelt28THg_ TC ~ pelt2$Fur_region)
p2__TC_tukey2 = TukeyHSD(p2_ TC_ posthoc2)

plot (p2_TC_tukey2)

# UNDERCOAT

par (mfrow = ¢(2,2), mar = ¢(5,5,5,5))

p2_UC_anova2 = Im(pelt28THg_ UC ~ pelt28Fur_region)
p2_UC_anova2

plot (p2_UC_anova2, main = "UC [THg] by fur region")

#normality test of residuals
shapiro.test (residuals (p2_UC_anova2)) # Not normal

par (mfrow = ¢(1,1), las = 1, mar = ¢(5,5,5,5))

hist (residuals (p2_UC_anova2), breaks = 30, freq = FALSE,

main = "Histogram of PELT 1 UC [THg| one—way ANOVA residuals by fur region")
curve (dnorm(x, mean(residuals (p2_UC_anova2)), sd(residuals(p2_UC_anova2))),
add=TRUE, col="darkblue", lwd=2) # Approximately normal

# Homoscedasticity test of residuals
leveneTest (pelt28§THg UC ~ pelt28Fur_region) # Homoscedastic

#Tukey’s multiple comparison

p2_UC_posthoc2 = aov(pelt28§THg_ UC ~ pelt28Fur_region)
p2_UC_tukey2 = TukeyHSD (p2__UC_ posthoc2)

plot (p2_UC__tukey2)
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for Pelt 1
R Version 3.5.0

7
# Statistics
# Written in

7 7 A7 7 T A7 7
# Load data
pelt3 read

= .csv ("PELT3.csv")
# Load Libraries

library (ggplot2)

library (boot)

library (lmtest)

library (car)

library (multcomp)

m i i , m

#H### Pelt 1 Statistical Analysis ##H#
HHHHHE T-test #HHAF

# Check assumptions of raw variables
shapiro. test (pelt3$THg_ TC) #Not normal

hist (pelt3$THg_ TC, freq = FALSE, breaks = 30, xlab
shapiro. test (pelt3$THg_UC) # Not normal
hist (pelt3$THg UC, freq = FALSE, breaks = 30, xlab

# Equal variances Levene’s test

var . test (pelt33THg TC, pelt3$THg UC) #variances

" [THg]

" [THg]

(ppm)") # Approximately normal

(ppm)") # Approximately normal

are not equal

# Differene between TC and UC (paired)— Welch’s paired t—test

t.test (pelt3$THg TC, pelt3$THg UC, paired = TRUE, var.equal = FALSE,
alternative = "two.sided")

shapiro.test ((pelt3$THg_TC—pelt3$THg_UC)) # Differences Not normal
hist (pelt3$THg_ TC—pelt3$THg UC) # Differences Approximately normal
#H### Variance between TC and UC ##H##

# Calculate absolute ranges

p3_TC_range = max(pelt3$THg TC) — min(pelt3$THg TC)

p3_UC_range = max(pelt3$THg UC) — min(pelt3$THg UC)

# Calculate ratio of ranges relative to TC THg range

UC_TC_ratio = (p3_UC_range)/(p3_TC_range)

# Calculate percent diff of ranges relative to TC THg range

percent_ UC__TC_diff = (((p3_UC_range)/(p3_TC_range))—1)*100

# Calculate mean, SD and 95% CI (t(3, 0.05) = 3.1824) for percent diffs

paste (mean(percent_UC_TC_diff),

#H### Anatomical Region Differences ##H##
# One—way ANOVA for Anatomical region
# TOP COAT

par (mfrow = ¢(2,2), mar = ¢(5,5,5,5))

p3_TC_anoval = Im(pelt3$THg TC ~ pelt3$Anatomical_ region)

summary (p3_TC_anoval)

plot (p3_TC_anoval, main = "TC [THg] by anatomical
# Normality test of residuals

shapiro.test(residuals (p3_TC_anoval)) #not normal
hist (residuals (p3_TC_anoval), breaks 30,
main = "Histogram of PELT 1 TC [THg]
curve (dnorm(x, mean(residuals (p3_TC_anoval)),

add=TRUE, col="darkblue", lwd=2)

# Homoscedasticity test of residuals

region")

freq = FALSE,
one—way ANOVA residuals
sd(residuals (p3_TC_anoval))),

"4/ —",(3.1824%(260/sqrt (4))))

by anatomical region")

bptest (pelt3$THg_ TC ~ pelt3$Anatomical_region) #homoscedastic

# Post—hoc Tukey’s
# ANOVA
p3_TC_posthoc = aov(pelt3$THg TC ~ pelt3$Anatomica
p3_TC_tukey = TukeyHSD (p3_TC_ posthoc)

plot (p3_TC_tukey)

multiple comparison

# UNDERCOAT
par (mfrow = c(2,2),

mar

c(5,5,5,5))

p3_UC_anoval = Im(pelt3$THg UC ~ pelt3$Anatomical _
summary (p3_UC_anoval)

plot (p3_UC_anoval, main = "UC [THg] by anatomical
# Normality test of residuals

shapiro.test (residuals (p3_UC_anoval)) #not normal
par (mfrow c(1,1), las 1, mar c(5,5,5,5))

hist (residuals (p3_UC_anoval), breaks 30,
curve (dnorm(x, mean(residuals (p3_UC_anoval)),
add=TRUE, col="darkblue",

# Homoscedasticity test of residuals

l_region)

region)

region")

freq = FALSE)
sd(residuals (p3_UC_anoval))) ,
lwd=2) # Approximately normal

leveneTest (pelt38THg UC ~ pelt3$3Anatomical_ region) # homoscedastic

#Tukey’s multiple comparison

p3_UC_posthoc = aov(pelt3$THg UC ~ pelt3$Anatomica
p3_UC_tukey = TukeyHSD (p3_UC_ posthoc)

plot (p3_UC_ tukey)

1_region)
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Fur Region Differences ##H##
#TOP COAT
par (mfrow = ¢(2,2), mar = ¢(5,5,5,5))
p3_TC_anova2 = Ilm(pelt3$THg TC ~ pelt3$Fur_region)
p3_TC__anova?2
plot (p3_TC_anova2, main = "TC [THg] by fur region")

#normality test of residuals
shapiro.test (residuals (p3_TC_anova2)) # Not normal

par (mfrow = ¢(1,1), las = 1, mar = ¢(5,5,5,5))

hist (residuals (p3_TC_anova2), breaks = 30, freq = FALSE,

main = "Histogram of PELT 1 TC [THg] one—way ANOVA residuals by fur region")
curve (dnorm(x, mean(residuals (p3_TC_anova2)), sd(residuals (p3_TC_anova2))),
add=TRUE, col="darkblue", lwd=2) # Approx normal

# Homoscedasticity test of residuals
leveneTest (pelt3$THg TC ~ pelt3$Fur_region) # Homoscedastic

#Tukey’s multiple comparison

p3_TC_posthoc2 = aov(pelt3$THg TC ~ pelt3$Fur_region)
p3_TC_tukey2 = TukeyHSD (p3_TC_posthoc2)

plot (p3_TC_tukey2)

# UNDERCOAT

par (mfrow = ¢(2,2), mar = ¢(5,5,5,5))

p3_UC_anova2 = Im(pelt3$THg_ UC ~ pelt3$Fur_region)
p3_UC__anova2

plot (p3_UC_anova2, main = "UC [THg] by fur region")

#normality test of residuals
shapiro.test (residuals (p3_UC_anova2)) # Not normal

par (mfrow = ¢(1,1), las = 1, mar = ¢(5,5,5,5))

hist (residuals (p3_UC_anova2), breaks = 30, freq = FALSE,

main = "Histogram of PELT 1 UC [THg| one—way ANOVA residuals by fur region")
curve (dnorm(x, mean(residuals (p3_UC_anova2)), sd(residuals(p3_UC_anova2))),
add=TRUE, col="darkblue", lwd=2) # Approximately normal

# Homoscedasticity test of residuals
leveneTest (pelt3$THg UC ~ pelt3$Fur_region) # Homoscedastic

#Tukey’s multiple comparison

p3_UC_posthoc2 = aov(pelt3$THg_UC ~ pelt3$Fur_region)
p3_UC_tukey2 = TukeyHSD (p3_UC__posthoc2)

plot (p3_UC__tukey2)
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for Pelt 4
R Version 3.5.0

7
# Statistics
# Written in

7 7 A7 7 T A7 7
# Load data
pelt4 read

= .csv ("PELT4.csv ")
# Load Libraries

library (ggplot2)

library (boot)

library (lmtest)

library (car)

library (multcomp)

m i i , m

#H### Pelt 1 Statistical Analysis ##H#
HHHHHE T-test #HHAF

# Check assumptions of raw variables
shapiro. test (peltd$THg TC) #Not normal

hist (peltd$THg TC, freq = FALSE, breaks = 30, xlab
shapiro. test (peltd$THg UC) # Not normal
hist (pelt4$THg UC, freq = FALSE, breaks = 30, xlab

# Equal variances Levene’s test

var . test (peltd$THg TC, peltd$THg UC) #variances

" [THg]

" [THg]

(ppm)") # Approximately normal

(ppm)") # Approximately normal

are not equal

# Differene between TC and UC (paired)— Welch’s paired t—test

t.test (peltd$THg TC, peltd$THg UC, paired = TRUE, var.equal = FALSE,
alternative = "two.sided")

shapiro.test ((pelt4d$THg_TC—pelt4d$THg _UC)) # Differences Not normal
hist (peltd$THg_ TC—peltd$THg UC) # Differences Approximately normal
#H### Variance between TC and UC ##H##

# Calculate absolute ranges

p4_TC_range = max(peltd$THg TC) — min(peltd$THg TC)

p4_UC_range = max(pelt4d$THg UC) — min(peltd$THg UC)

# Calculate ratio of ranges relative to TC THg range

UC_TC_ratio = (p4_UC_range)/(p4_TC_range)

# Calculate percent diff of ranges relative to TC THg range

percent_ UC__TC_diff = (((p4_UC_range)/(p4_TC_range))—1)*100

# Calculate mean, SD and 95% CI (t(3, 0.05) = 3.1824) for percent diffs

paste (mean(percent_UC_TC_diff),

#H### Anatomical Region Differences ##H##
# One—way ANOVA for Anatomical region
# TOP COAT

par (mfrow = ¢(2,2), mar = ¢(5,5,5,5))

p4_TC_anoval = Im(pelt4d$THg TC ~ pelt4$Anatomical_ region)

summary (p4_TC_anoval)

plot (p4_TC_anoval, main = "TC [THg] by anatomical
# Normality test of residuals

shapiro.test(residuals (p4_TC_anoval)) #not normal
hist (residuals (p4_TC_anoval), breaks 30,
main = "Histogram of PELT 1 TC [THg]
curve (dnorm(x, mean(residuals (p4 TC_anoval)),

add=TRUE, col="darkblue", lwd=2)

# Homoscedasticity test of residuals

region")

freq = FALSE,
one—way ANOVA residuals
sd(residuals (p4 _TC_ anoval))),

"4/ —",(3.1824%(260/sqrt (4))))

by anatomical region")

bptest (pelt4d$THg TC ~ peltd$Anatomical_region) #homoscedastic

# Post—hoc Tukey’s
# ANOVA
p4_TC__posthoc = aov(peltd$THg TC ~ pelt4$Anatomica
p4_TC_tukey = TukeyHSD (p4__TC_ posthoc)

plot (p4_TC_ tukey)

multiple comparison

# UNDERCOAT
par (mfrow = c(2,2),

mar

c(5,5,5,5))

p4_UC_anoval = Ilm(peltd$THg UC ~ pelt4$Anatomical _
summary (p4_UC_anoval)

plot (p4_UC_anoval, main = "UC [THg] by anatomical
# Normality test of residuals

shapiro.test (residuals (p4_UC_anoval)) #not normal
par (mfrow c(1,1), las 1, mar c(5,5,5,5))

hist (residuals (p4_UC_anoval), breaks 30,
curve (dnorm(x, mean(residuals (p4_UC_anoval)),
add=TRUE, col="darkblue",

# Homoscedasticity test of residuals

l_region)

region)

region")

freq = FALSE)
sd(residuals (p4_UC_anoval))),
lwd=2) # Approximately normal

leveneTest (peltd$THg UC ~ pelt4$3Anatomical_ region) # homoscedastic

#Tukey’s multiple comparison

p4_UC_posthoc = aov (peltd$THg UC ~ pelt4$Anatomica
p4_UC_tukey = TukeyHSD (p4_UC__posthoc)

plot (p4_UC_ tukey)

1_region)
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Fur Region Differences ##H##
#TOP COAT
par (mfrow = ¢(2,2), mar = ¢(5,5,5,5))
p4_TC_anova2 = Ilm(pelt4d$THg TC ~ pelt4$3Fur_region)
p4__TC__anova?2
plot (p4_TC_anova2, main = "TC [THg] by fur region")

#normality test of residuals
shapiro.test (residuals (p4_TC_anova2)) # Not normal

par (mfrow = ¢(1,1), las = 1, mar = ¢(5,5,5,5))
hist (residuals (p4_TC_anova2), breaks = 30, freq = FALSE,
main = "Histogram of PELT 1 TC [THg] one—way ANOVA residuals by fur region")

curve (dnorm(x, mean(residuals (p4_TC_anova2)), sd(residuals (p4_TC_anova2))),
add=TRUE, col="darkblue", lwd=2) # Approx normal

# Homoscedasticity test of residuals
leveneTest (peltd$THg TC ~ pelt4$Fur_region) # Homoscedastic

#Tukey’s multiple comparison

p4_TC_posthoc2 = aov(peltd$THg TC ~ pelt4d$Fur_region)
p4_TC_tukey2 = TukeyHSD (p4_ TC_posthoc2)

plot (p4_TC_tukey2)

# UNDERCOAT

par (mfrow = ¢(2,2), mar = ¢(5,5,5,5))

p4_UC_anova2 = Ilm(pelt4d$THg UC ~ pelt4$Fur_region)
p4_UC__anova2

plot (p4_UC_anova2, main = "UC [THg] by fur region")

#normality test of residuals
shapiro.test (residuals (p4_UC_anova2)) # Not normal

par (mfrow = ¢(1,1), las = 1, mar = ¢(5,5,5,5))

hist (residuals (p4_UC_anova2), breaks = 30, freq = FALSE,

main = "Histogram of PELT 1 UC [THg| one—way ANOVA residuals by fur region")
curve (dnorm(x, mean(residuals (p4_UC_anova2)), sd(residuals(p4d _UC_anova2))),
add=TRUE, col="darkblue", lwd=2) # Approximately normal

# Homoscedasticity test of residuals
leveneTest (peltd$THg UC ~ pelt4d$Fur_region) # Homoscedastic

#Tukey’s multiple comparison

p4_UC_posthoc2 = aov(pelt4d$THg_ UC ~ pelt4$Fur_region)
p4_UC_tukey2 = TukeyHSD (p4_UC__posthoc2)

plot (p4_UC__tukey2)
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# Statistics for composite pelt and comparisons
# Written in R Version 3.5.0

T 177 7 T 17 7 T 17 7 T 177

7 7 i
# Load data

peltl = read.csv ("PELTl.csv")
pelt2 = read.csv ("PELT2.csv")
pelt3 = read.csv ("PELT3.csv")
pelt4 = read.csv ("PELT4.csv")
compiled = read.csv ("pelts_compiled.csv")

# Load Libraries
library (ggplot2)

library (boot)
library (lmtest)
library (car)
library (multcomp)

7 i i i
#H### Pelt 1 Statistical Analysis ##HH##
#HHHE T—-test FHHH

# Check assumptions of raw variables
shapiro. test (compiled$THg TC) #Not normal
hist (compiled$THg TC, freq = FALSE, breaks = 30, xlab = "[THg] (ppm)") # Approximately normal

shapiro. test (compiled$THg UC) # Not normal
hist (compiled$THg_UC, freq = FALSE, breaks = 30, xlab = "[THg] (ppm)") # Approximately normal

# Equal variances Levene’s test
var . test (compiled$THg_ TC, compiled$THg UC) #variances are not equal

# Differene between TC and UC (paired)— Welch’s paired t—test

t.test (compiled$THg TC, compiled$THg UC, paired = TRUE, var.equal = FALSE,
alternative = "two.sided")

shapiro. test ((compiled$THg TC—compiled$THg UC)) # Differences Not normal
hist (compiled$THg TC—compiled$THg UC) # Differences Approximately normal

#### Comparison of Ranges of TC and UC ##H#H##
par (mfrow=c (2,2))

# Create boxplots with whiskers as ranges
peltl_stack=stack(peltl[,7:8])

box_pl=boxplot(peltl stack$values ~ peltl stack$ind, range = 0,
names=c ("TC", "UC"),

ylab = "THg concentration (ppm)",

xlab = " Pelt 1")

pelt2_stack=stack(pelt2[,7:8])

box_p2=boxplot (pelt2_stack$values ~ pelt2_stack$ind, range = 0,
names=c ("TC", "UC"),

ylab = "THg concentration (ppm)",

xlab = " Pelt 2")

pelt3__stack=stack(pelt3[,7:8])

box__p3=boxplot (pelt3__stack$values ~ pelt3_stack$ind, range = 0,
names=c ("TC", "UC"),

ylab = "THg concentration (ppm)",

xlab = " Pelt 3")

pelt4_stack=stack(peltd [,7:8])
box_p4=boxplot (pelt4d stack$values ~ peltd stack$ind, range = 0,
names=c ("TC", "UC"),

ylab = "THg concentration (ppm)",

xlab = " Pelt 4")

H##HH#H Variance between TC and UC #HH#H#

# Calculate absolute ranges

comp_TC_range = max(compiled$THg_TC) — min(compiled$THg TC)
comp_UC_range = max(compiled$THg UC) — min(compiled$THg UC)

# Calculate ratio of ranges relative to TC THg range
UC_TC_ratio = (comp_UC_range)/(comp_TC_range)

# Calculate percent diff of ranges relative to TC THg range
percent_ UC_TC_diff = (((comp_UC_range)/(comp_TC_range))—1)*100

# Calculate mean, SD and 95% CI (t(3, 0.05) = 3.1824) for percent diffs
paste (mean(percent_ UC_TC_diff), "4/ —",(3.1824%(260/sqrt (4))))

#H### Anatomical Region Differences ##H##

# One—way ANOVA for Anatomical region

# TOP COAT

par (mfrow = ¢(2,2), mar = ¢(5,5,5,5))

comp__TC_anoval = Im(compiled$THg_TC ~ compiled$3Anatomical_region)
summary (comp__TC_anoval)

plot (comp_TC_anoval, main = "TC [THg] by anatomical region")

# Normality test of residuals

shapiro.test (residuals (comp_TC_anoval)) #not normal

hist (residuals (comp_TC_anoval), breaks = 30, freq = FALSE,

main = "Histogram of PELT 1 TC [THg] one—way ANOVA residuals by anatomical region")
curve (dnorm(x, mean(residuals (comp_TC_anoval)), sd(residuals (comp_TC_anoval))),
add=TRUE, col="darkblue", lwd=2)
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# Homoscedasticity test of residuals
bptest (compiled$THg TC ~ compiled$Anatomical region) #homoscedastic

# Post—hoc Tukey’s multiple comparison

# ANOVA

comp_ TC_ posthoc = aov (compiled$THg TC ~ compiled$Anatomical_ region)
comp_TC_tukey = TukeyHSD (comp_TC_ posthoc)

plot (comp_TC_ tukey)

# UNDERCOAT
par (mfrow = ¢(2,2), mar = ¢(5,5,5,5))

comp__UC_anoval = lm(compiled$THg UC ~ compiled$Anatomical_region)
summary (comp__UC_anoval)
plot (comp_UC_anoval, main = "UC [THg] by anatomical region")

# Normality test of residuals

shapiro.test (residuals (comp_UC_anoval)) #not normal

par (mfrow = ¢(1,1), las = 1, mar = ¢(5,5,5,5))

hist (residuals (comp_UC_anoval), breaks = 30, freq = FALSE)

curve (dnorm(x, mean(residuals (comp_UC_anoval)), sd(residuals (comp_UC_anoval))),
add=TRUE, col="darkblue", lwd=2) # Approximately normal

# Homoscedasticity test of residuals
leveneTest (compiled$THg UC ~ compiled$Anatomical region) # homoscedastic

#Tukey’s multiple comparison

comp__UC__posthoc = aov (compiled$THg_ UC ~ compiled$3Anatomical_region)
comp__UC_tukey = TukeyHSD (comp__UC__posthoc)

plot (comp_UC_ tukey)

#H### Fur Region Differences ##H##

#TOP COAT
par (mfrow = ¢(2,2), mar = ¢(5,5,5,5))
comp_TC_anova2 = lm(compiled$THg TC ~ compiled$Fur_region)

comp_ TC__anova?2
plot (comp_TC__anova2, main = "TC [THg] by fur region")

#normality test of residuals
shapiro.test (residuals (comp_TC_anova2)) # Not normal

par (mfrow = c¢(1,1), las = 1, mar = ¢(5,5,5,5))

hist (residuals (comp_TC_anova2), breaks = 30, freq = FALSE,

main = "Histogram of PELT 1 TC [THg] one—way ANOVA residuals by fur region")
curve (dnorm (x, mean(residuals (comp_TC_anova2)), sd(residuals (comp_TC_anova2))),
add=TRUE, col="darkblue", lwd=2) # Approx normal

# Homoscedasticity test of residuals
leveneTest (compiled$THg TC ~ compiled$Fur_region) # Homoscedastic

#Tukey’s multiple comparison

comp__TC__posthoc2 = aov(compiled$THg TC ~ compiled$Fur_region)
comp_TC_ tukey2 = TukeyHSD (comp_ TC_ posthoc2)

plot (comp_TC_ tukey2)

# UNDERCOAT

par (mfrow = ¢(2,2), mar = ¢c(5,5,5,5))

comp_UC_anova2 = Im(compiled$THg UC ~ compiled$Fur_region)
comp__UC__anova2

plot (comp_UC_anova2, main = "UC [THg] by fur region")

#normality test of residuals
shapiro.test (residuals (comp_UC_anova2)) # Not normal

par (mfrow = ¢(1,1), las = 1, mar = ¢(5,5,5,5))

hist (residuals (comp_UC_anova2), breaks = 30, freq = FALSE,

main = "Histogram of PELT 1 UC [THg] one—way ANOVA residuals by fur region")
curve (dnorm (x, mean(residuals (comp_UC_anova2)), sd(residuals (comp_UC_anova2))),
add=TRUE, col="darkblue", lwd=2) # Approximately normal

# Homoscedasticity test of residuals
leveneTest (compiled$THg UC ~ compiled$Fur_region) # Homoscedastic

#Tukey’s multiple comparison

comp_ UC_ posthoc2 = aov (compiled$THg UC ~ compiled$Fur_region)
comp_UC__tukey2 = TukeyHSD (comp_ UC_ posthoc2)

plot (comp_UC_ tukey2)
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7 iai
# Create pelt outlines
# Written in R Version 3.5.0

7 7 HH AT 7 HH A A 7 HH A 7 HH A
# Load Libraries
peltl = read.csv ("PELT1.csv"

pelt2 = read.csv ("PELT2.csv")
pelt3 = read.csv ("PELT3.csv")
pelt4 = read.csv ("PELT4.csv")
compiled = read.csv ("pelts_compiled.csv")

# Load libraries
library (smoothr)
library (rgeos)

m m m ,

#H### Pelt 1 Outline #H#

# set up coordinates

coords = coordinates (cbind (peltl$X_coord, peltl$Y__coord))
pl SpatialPoints (coords)

plot (pl, axes = TRUE)

# Buffer
bufl = gBuffer(pl, byid=FALSE, width=5, capStyle="SQUARE")
plot (bufl)

#Smooth edges
pl_smooth = smooth(bufl, method = "chaikin")
plot (pl_smooth)

#Plot final points and polygon
plot (pl_smooth)
points (coords)

#Write spatialpolygon to dataframe and then to shapefile

df = data.frame(id = getSpPPolygonsIDSlots(pl_smooth))

row.names(df) = getSpPPolygonsIDSlots(pl_smooth)

pl_spdf <— SpatialPolygonsDataFrame (pl_smooth, data =df)

writeOGR (pl_spdf, dsn = "C:/Users/keccl081/Dropbox/pelt", driver="ESRI Shapefile", layer = "pl_Outline")

)

A A A A A A A A A
e Pelt 2 Outline A

# set up coordinates

coords = coordinates (cbind (pelt28X_coord, pelt28Y_coord))

p2 = SpatialPoints (coords)

plot (p2, axes = TRUE)

# Buffer
bufl = gBuffer (p2, byid=FALSE, width=5, capStyle="SQUARE")
plot (bufl)

#Smooth edges

p2_outline = smooth(bufl, method = "chaikin")

plot (p2__outline)

#Plot final points and polygon

p2 = plot(p2_outline)

points (coords, col = pelt2$§Anatomical_ region, pch=16)

#Write spatialpolygon to dataframe and then to shapefile
df = data.frame(id = getSpPPolygonsIDSlots(p2_outline))

row.names (df) = getSpPPolygonsIDSlots(p2_outline)
p2_spdf = SpatialPolygonsDataFrame(p2_outline, data =df)
writeOGR (p2_spdf, dsn = "C:/Users/keccl081/Dropbox/pelt", driver="ESRI Shapefile", layer = "p2_Outline")

f f NIRRT TRTNTRTNTEN f NIRRT TRTRTRTNTEN f NIRRT TRTRTRTNTEN f m

L
H#HH##H# Pelt 3 Outline ####

# set up coordinates

coords = coordinates (cbind (pelt3$X__coord, pelt3$Y__coord))
p3 = SpatialPoints (coords)

plot (p3, axes = TRUE)

# Buffer
bufl = gBuffer (p3, byid=FALSE, width=5, capStyle="SQUARE")
plot (bufl)

#Smooth edges

p3_outline = smooth(bufl, method = "chaikin")

plot (p3_outline)

#Plot final points and polygon

p3 = plot(p3__outline)

points (coords, col = pelt3$Anatomical_region, pch=16)

#Write spatialpolygon to dataframe and then to shapefile
df = data.frame(id = getSpPPolygonsIDSlots(p3__outline))

row.names (df) = getSpPPolygonsIDSlots (p3__outline)
p3_spdf = SpatialPolygonsDataFrame (p3__outline, data =df)
writeOGR (p3_spdf, dsn = "C:/Users/keccl081/Dropbox/pelt", driver="ESRI Shapefile", layer = "p3_Outline")

7 i
#H###H## Pelt 4 Outline #HH#
# set up coordinates
coords = coordinates (cbind (pelt4$3X__coord, pelt4$Y__coord))
p4 = SpatialPoints (coords)
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plot (p4, axes = TRUE)

# Buffer
bufl = gBuffer (p4, byid=FALSE, width=5, capStyle="SQUARE")
plot (bufl)

#Smooth edges

p4_outline = smooth(bufl, method = "chaikin")

plot (p4__outline)

#Plot final points and polygon

p4 = plot(p4_outline)

points (coords, col = pelt4d$Anatomical_region, pch=16)

#Write spatialpolygon to dataframe and then to shapefile

df = data.frame(id = getSpPPolygonsIDSlots(p4_outline))

row.names (df) = getSpPPolygonsIDSlots (p4_outline)

p4_spdf = SpatialPolygonsDataFrame (p4_outline, data =df)

writeOGR (p4__spdf, dsn = "C:/Users/keccl081/Dropbox/pelt", driver="ESRI Shapefile",

7 7 A 7 A 7 A 7 A
#### Pelt Compiled Outline #H#H##

# set up coordinates

coords = coordinates (cbind (compiled$X adj, compiled$Y__adj))

comp_p = SpatialPoints (coords)

plot (comp_p, axes = TRUE)

# Buffer
buf comp = gBuffer (comp_p, byid=FALSE, width=.75, capStyle="SQUARE")
plot (buf_comp)

#Smooth edges
comp_smooth = smooth(buf_comp, method = "chaikin")
plot (comp_smooth)

#Plot final points and polygon
plot (comp__smooth)
points (coords)

#Write spatialpolygon to dataframe and then to shapefile
df = data.frame(id = getSpPPolygonsIDSlots (comp_smooth))
row.names(df) = getSpPPolygonsIDSlots (comp_smooth)
comp_spdf = SpatialPolygonsDataFrame (comp_ smooth, data =df)

writeOGR (comp_spdf, dsn = "C:/Users/keccl081/Dropbox/pelt", driver="ESRI Shapefile"
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7 iai 7 i
# Figures illustrating different sample regions
# Written in R Version 3.5.0

T 177 7 T 17 7 T 17 7 T 177

7 7 i
# Load data

peltl = read.csv ("PELTl.csv")
pelt2 = read.csv ("PELT2.csv")
pelt3 = read.csv ("PELT3.csv")
pelt4 = read.csv ("PELT4.csv")

#Load Libraries
library (ggplot2)
library (ggspatial)
library (dplyr)
library (tidyr)
library (tidyverse)
library (rgeos)
library (smoothr)

7 i 7 i 7 i 7 i
Ht Pelt 1 Outline #tdt

# Import shapefile created in "pelt_outlines_ clean.R"

pl_shp = readOGR(dsn = ".", layer = "pl_Outline")

# Convert shapefile to a ggplot ready data frame
pl_shp df <— fortify (pl_shp, region = "id")

pl_shp$id <— rownames(pl_shp@data)

pl_shp_ df <— left_join (pl_shp_ df, pl_shp@data,mby = "id")

# Plot outline and points
pl_fur = ggplot(pl_shp_df, aes(x = pl_shp_df$long, y = pl_shp_df$lat))+

geom_ polygon (colour="black’, fill="white’)+
geom_ point (data = peltl, aes(x = X_coord, y = Y_coord, color = peltl$Fur_region),
scale__colour_manual (values = c("#225ea8", "#FDD835", "#41b6c4", "#aldabd"))+

labs (colour=" ")+

theme(legend. title = element__blank())+
coord__quickmap ()+

theme__void ()

7 T AT 17777
HHHHH Pelt 2 Outline #44#
# Importshapefile

p2_ shp = readOGR(dsn = ".", layer = "p2_Outline")

T 1177 T 1177 T T

# Convert shapefile to a ggplot ready data frame
p2_shp_df <— fortify (p2_shp, region = "id")

p2_shp$id <— rownames(p2_shp@data)

p2_shp_df <— left_join (p2_shp_df, p2_ shp@data,mby = "id")

# Plot outline and points
p2_fur = ggplot(p2_shp_df, aes(x = p2_shp_df$long, y = p2_shp_df$lat))+

geom__polygon(colour="black’, fill="white’)+

geom__point (data = pelt2, aes(x = X_coord, y = Y_coord, color = pelt2$§Fur_region),
scale__colour__manual (values = c("#225ea8", "#FDD835", "#41b6c4", "#aldabd"))+

labs (colour=" ")+

theme(legend. title = element_blank())+

coord__quickmap ()+
theme__void ()

A Pelt 3 Outline ###
# Importshapefile
p3_shp = readOGR(dsn = ".", layer = "p3_Outline")

# Convert shapefile to a ggplot ready data frame
p3_shp_df <— fortify (p3_shp, region = "id")

p3_shp$id <— rownames(p3_shp@data)

p3_shp_df <— left__join (p3_shp_df, p3_shp@data,mby = "id")

# Plot outline and points
p3_fur = ggplot (p3_shp_df, aes(x = p3_shp_df$long, y = p3_shp_df$lat))+

geom__polygon(colour="black’, fill=’white’)+

geom__point (data = pelt3, aes(x = X_coord, y = Y_coord, color = pelt3$Fur_region),
scale__colour__manual (values = c("#225ea8", "#FDD835", "#41b6c4", "#aldabd"))+

labs (colour=" ")+

theme(legend. title = element_ blank())+

coord__quickmap()+
theme_ void ()

gy » L » L » L » Ly
et Pelt 4 Outline #44#

# Importshapefile

p4_shp = readOGR(dsn = ".", layer = "p4_Outline")

# Convert shapefile to a ggplot ready data frame
p4_shp_df <— fortify (p4_shp, region = "id")

p4_shp$id <— rownames(p4_shp@data)

p4_shp_df <— left__join (p4_shp_df, p4_shp@data,mby = "id")

# Plot outline and points

p4_fur = ggplot(p4_shp_ df, aes(x = p4_shp_df$long, y = p4_shp_df$lat))+
geom__polygon(colour="black’, fill="white’)+

geom_point(data = pelt4d, aes(x = X_coord, y = Y_coord, color = pelt4d$Fur_region),
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size=4, shape=19)+
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scale__colour__manual (values = c("#225ea8", "#FDD835", "#41b6c4", "#aldabd"))+
labs (colour=" ")+

theme(legend. title = element_blank())+

coord__quickmap ()+

theme__void ()

#H#H#H# Plot all fur region figures together #HHHH#
library (ggpubr)
library (sjPlot)

plotl=ggarrange(pl_fur, p2_ fur, p3_fur, p4_fur,
labels = c("Pelt 1", "Pelt 2", "Pelt 3", "Pelt 4"),
ncol = 4, nrow = 1,

common. legend = TRUE,

legend = "bottom")

#Plot figures with dpi=300

save__plot ("fur_region. tif", plotl, width = 30, height = 20, dpi = 300,
legend . textsize = 20, legend.titlesize = 20,

legend .itemsize = 20)

T 7T

7 i A
. Anatomical Regions #HHF
pl_ana = ggplot(pl_shp df, aes(x = pl_shp_ df$long, y = pl_shp_ df$lat))+

T 7T T 7T (s T T

geom_ polygon(colour="black’, fill="white’)+
geom_ point (data = peltl, aes(x = X_coord, y = Y_coord, color = peltl$Anatomical_region), size=4, shape=19)+
scale__colour_manual (values = c("#225ea8", "#FDD835", "#41b6c4", "#aldabd"))+

"

labs (colour="
theme(legend. title = element__blank())+
coord__quickmap ()+

theme_ void ()

p2_ana = ggplot (p2_shp_df, aes(x = p2_shp_df$long, y = p2_shp_df$lat))+

geom__polygon(colour="black’, fill=’"white’)+

geom__point (data = pelt2, aes(x = X_coord, y = Y_coord, color = pelt2$§Anatomical), size=4, shape=19)+
scale__colour__manual (values = c("#225ea8", "#FDD835", "#41b6c4", "#aldabd"))+

labs (colour=" ")+

theme(legend. title = element_blank())+

coord__quickmap ()+
theme_ void ()

p3_ana = ggplot (p3_shp_df, aes(x = p3_shp_ df$long, y = p3_shp_df$lat))+

geom_ polygon(colour="black’, fill="white’)+
geom_ point (data = pelt3, aes(x = X_coord, y = Y_coord, color = pelt3$Anatomical), size=4, shape=19)+
scale__colour_manual (values = c("#225ea8", "#FDD835", "#41b6c4", "#aldabd"))+

labs (colour=" ")+

theme(legend. title = element__blank())+
coord__quickmap ()+

theme_ void ()

p4_ana = ggplot (p4_shp_df, aes(x = p4_shp_df$long, y = p4_shp_df$lat))+

geom__polygon(colour="black’, fill=’"white’)+

geom__point (data = pelt4d, aes(x = X_coord, y = Y_coord, color = pelt4d$Anatomical_ region), size=4, shape=19)+
scale__colour__manual (values = c("#225ea8", "#FDD835", "#41b6c4", "#aldabd"))+

labs (colour=" ")+

theme(legend. title = element_blank())+

coord__quickmap ()+
theme_ void ()

#H###+ Plot all figures together ##H##
plot2=ggarrange (pl_ana, p2_ ana, p3_ana, p4_ana,
labels = c("Pelt 1", "Pelt 2", "Pelt 3", "Pelt 4"),
ncol = 4, nrow = 1,

common. legend = TRUE,

legend = "bottom")

#Plot figures with dpi=300
save__plot ("anatomical region. tif", plot2, width = 30, height = 20, dpi = 300)
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7 iai i A
# Cluster analysis of pelt Hg using Getis and Ord’s Gix
# Written in R Version 3.5.0

T 177 7 T 17 7 T 17 7 1T

7 7 i
# Load data

peltl = read.csv ("PELT1.csv"
pelt2 = read.csv ("PELT2.csv"
pelt3 = read.csv ("PELT3.csv"
pelt4 = read.csv ("PELT4.csv"

# Load Libraries
library (spdep)
library (rgdal)
library (ggplot2)
library (gridExtra)
library (dplyr)
library (adespatial)

FH7 T 7
#HH# Peltl #4#

#Set up spatial neighbourhood

pl_sppnt = SpatialPoints (cbind(peltl$X_coord, peltl$Y_coord))

pl_nb <— chooseCN (coordinates(pl_sppnt), type = 6, k = 12, plot.nb = FALSE)

pl_lw <— nb2listw (pl_nb, style = "W, zero.policy = TRUE)

# Gix

pelt1l$Gi__TC = as.numeric(localG (peltl$THg TC, listw = pl_lw))
peltl$Gi_UC = as.numeric(localG (peltl$THg UC, listw = pl_lw))

# Gix p—value
#7Z score values for levels of statistical significance:

# 90% significant: >= 1.645

# 95% significant: >= 1.960

# 99% significant: >= 2.576

# 99.9% significant: >= 3.291

# Bin gix scores based on whether it is past the critical cut off
pelt1$Gi_pval TC = as.factor (peltl$Gi_TC >= 1.96 | peltl$Gi_TC <= —1.96)
pelt1$Gi_pval _UC <— as.factor (peltl$Gi_UC >= 1.96 | peltl$Gi_UC <= —1.96)
# Plot 1

#TC THg Gix
# Importshapefile

pl_shp = readOGR(dsn = ".", layer = "pl_Outline")

# Convert shapefile to a ggplot ready data frame
pl_shp_df <— fortify (pl_shp, region = "id")

pl_shp8$id <— rownames(pl_shp@data)

pl_shp_df <— left__join (pl_shp_df, pl_shp@data,mby = "id")
peltl = as.data.frame(peltl)

# Plot outline and points
pl_TC = ggplot(pl_shp_df, aes(x = pl_shp_df$long, y = pl_shp_df$lat)) +

geom__polygon(colour=’"black’, fill="white’) +

geom__point (data = peltl, aes(x = X_coord, y = Y_coord, color = peltl$8Gi_TC), size=5, shape=19) +
geom__point (data = peltl, aes(x = X_coord, y = Y_coord, shape = factor (peltl$Gi_pval TC)), size =
scale_shape_manual(values = ¢c(1,13),

guide = guide_legend(title = "Gix score significance"),

labels = c¢("Not Significant", "Significant")) +

scale__color_gradient2 (high = "red", mid = "white", low = "blue", midpoint = 0, limits = c(—=5, 5),
guide = guide_colourbar(title = "Gix score")) +

coord__quickmap ()+

theme_void ()

pl_UC = ggplot(pl_shp_df, aes(x = pl_shp_df$long, y = pl_shp_df$lat)) +

geom_ polygon(colour="black’, fill="white’) +

geom_ point (data = peltl, aes(x = X_coord, y = Y_coord, color = peltl$3Gi_UC), size=5, shape=19) +
geom_ point (data = peltl, aes(x = X_coord, y = Y_coord, shape = factor (peltl$Gi_pval _UC)), size =
scale__shape_manual(values = ¢(1,13),

guide = guide_legend(title = "Gi*x score significance")) +

scale__color__gradient2 (high = "red", mid = "white", low = "blue", midpoint = 0, limits = ¢(-5, 5),
guide = guide__colourbar(title = "Gi* score")) +

coord__quickmap ()+
theme__void ()

L L L L o L L o o
Httt Pelt2 #hH

#Set up spatial neighbourhood

p2_sppnt = SpatialPoints (cbind (pelt28X_coord, pelt28Y_coord))

p2_nb <— chooseCN (coordinates (p2_sppnt), type = 6, k = 12, plot.nb = FALSE)
p2_lw <— nb2listw (p2_nb, style = "W, zero.policy = TRUE)

# Gix
pelt28Gi_TC = as.numeric(localG (pelt28THg_TC, listw = p2_lw))
pelt28Gi_UC = as.numeric(localG (pelt28THg_UC, listw = p2_lw))

# Bin gix scores based on whether it is past the critical cut off

pelt28Gi_pval TC = as.factor (pelt28Gi_TC >= 1.96 | pelt28Gi__TC <= —1.96)
pelt28Gi_pval _UC <— as.factor (pelt28Gi_UC >= 1.96 | pelt28Gi_UC <= —1.96)
# Plot 2

#TC THg Gix
# Importshapefile
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p2_shp = readOGR(dsn = ".", layer = "p2_Outline")
# Convert shapefile to a ggplot ready data frame

p2_shp_df <— fortify (p2_shp, region = "id")

p2_shp$id <— rownames(p2_shp@data)

p2_shp_df <— left__join (p2_shp_df, p2_ shp@data,mby = "id")
pelt2 = as.data.frame(pelt2)

p2 TC = ggplot(p2_shp df, aes(x = p2_ shp_ df$long, y = p2_ shp_ df$lat)) +
geom_ polygon(colour="black’, fill="white’) +
geom_ point (data = pelt2, aes(x = X_coord, y

= Y__coord, color
geom_ point (data = pelt2, aes(x = X_coord, y

Y__coord, shape

= = pelt28Gi_TC),

scale__shape_manual(values = ¢(1,13),

guide = guide_legend(title = "Gi* score significance"),

labels = c¢("Not Significant", "Significant")) +

scale__color__gradient2 (high = "red", mid = "white", low = "blue", midpoint =
guide = guide_colourbar(title = "Gix score")) +

coord__quickmap ()+
theme__void ()

#UC THg Gix
p2 UC = ggplot (p2_shp_df, aes(x = p2_ shp_ df$long, y = p2_shp_df$lat)) +
geom__polygon(colour=’"black’, fill="white’) +

geom__point(data = pelt2, aes(x = X_coord, y
geom__point (data = pelt2, aes(x = X_coord, y

Y_ coord, color
Y__coord, shape

pelt28Gi_UC),

scale__shape manual(values = ¢(1,13),

guide = guide_legend(title = "Gix score significance"),

labels = c¢("Not Significant", "Significant")) +

scale_color__gradient2 (high = "red", mid = "white", low = "blue", midpoint =
guide = guide_colourbar(title = "Gi*x score")) +

coord__quickmap ()+
theme_ void ()

#HH# Pelt3 #HH#

#Set up spatial neighbourhood

p3_sppnt = SpatialPoints (cbind (pelt3$X_coord, pelt3$Y_coord))

p3_nb <— chooseCN (coordinates (p3_sppnt), type = 6, k = 12, plot.nb = FALSE)
p3_lw <— nb2listw (p3_nb, style = "W, zero.policy = TRUE)

# Gix
pelt3$Gi_TC = as.numeric(localG (pelt3$THg TC, listw =
pelt3$Gi_ UC = as.numeric(localG (pelt3$THg UC, listw = p3

# Bin gix scores based on whether it is past the critical cut off

pelt38Gi_pval _TC = as.factor (pelt3$Gi_TC >= 1.96 | pelt3$Gi_TC <= —1.96)
pelt3$Gi_pval_UC <— as.factor (pelt3$Gi_UC >= 1.96 | pelt3$Gi_UC <= —1.96)
# Plot 3

# TC THg Gix
# Importshapefile

p3_shp = readOGR(dsn = ".", layer = "p3_Outline")

# Convert shapefile to a ggplot ready data frame
p3_shp_df <— fortify (p3_shp, region = "id")

p3_shp$id <— rownames(p3_shp@data)

p3_shp_df <— left_join (p3_shp_df, p3_shp@data,mby = "id")
pelt3 = as.data.frame(pelt3)

p3_TC = ggplot (p3_shp_df, aes(x = p3_shp_df$long, y = p3_shp_df$lat)) +
geom_ polygon(colour="black’, fill="white’) +

geom_ point(data = pelt3, aes(x = X_coord, y
geom__point (data = pelt3, aes(x = X_coord, y

Y__coord, color
Y__coord, shape

= = pelt3$Gi_TC),

scale_shape_manual(values = ¢ (1,13),

guide = guide_legend(title = "Gi* score significance"),

labels = c¢("Not Significant", "Significant")) +

scale_color__gradient2 (high = "red", mid = "white", low = "blue", midpoint =
guide = guide_colourbar(title = "Gix score")) +

coord__quickmap ()+
theme__void ()

#UC THg Gix
p3_UC = ggplot (p3_shp_df, aes(x = p3_shp_df$long, y = p3_shp_df$lat)) +
geom__polygon(colour=’"black’, fill="white’) +

geom__point(data = pelt3, aes(x = X_coord, y
geom__point (data = pelt3, aes(x = X_coord, y

Y_coord, color
Y_coord, shape

pelt3$Gi_UC),

scale_shape_manual(values = ¢c(1,13),

guide = guide_legend(title = "Gix score significance"),

labels = c("Not Significant", "Significant"))+

scale_color_gradient2 (high = "red", mid = "white", low = "blue", midpoint =
guide = guide_colourbar(title = "Gix score")) +

coord__quickmap ()+
theme_ void ()

m TRTRINIEn TRTRIRIEn m m TR TRTRIRIEn L

FHHE Peltd #H4#4

#Set up spatial neighbourhood

p4_sppnt = SpatialPoints (cbind (pelt4$X_coord, pelt4d$Y_coord))

p4_nb <— chooseCN (coordinates (p4_sppnt), type = 6, k = 12, plot.nb = FALSE)
p4_lw <— nb2listw(p4_nb, style = "W, zero.policy = TRUE)

# Gix
pelt4d$Gi__TC
pelt4$Gi_UC

as.numeric (localG (pelt4d$THg TC, listw
as.numeric (localG (pelt4d$THg UC, listw

pd_lw))
pd_lw))
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# Bin gi* scores

pelt4$3Gi_pval TC = as.
pelt4$Gi_pval _UC <— as.

# Plot
#I'C THg Gix
# Importshapefil

p4_shp = readOGR(dsn = "."
# Convert shapefile
p4_shp_df <— fortify (p4_shp,

e

based on whether it is past the critical cut off
factor (pelt4d$Gi_TC >= 1.96 | peltd$Gi_TC <= —1.96)
factor (pelt4d$Gi_UC >= 1.96 | pelt4$Gi_UC <= —1.96)

, la

to a ggplot

yer = "p4_Outline")

p4_shp$id <— rownames(p4_shp@data)

p4_shp_df <— left__join (p4_shp_df,

peltd = as.data.frame(peltd)
# Plot outline and points

p4d _TC = ggplot (p4_shp_df,
geom__polygon(colour="black ’,

geom__point (data = peltd4d, aes(x X__coord,
geom__point (data = pelt4d, aes(x = X_coord,
scale_shape_manual(values = ¢(1,13),

guide = guide_legend (title =

labels = c¢("Not Significant",

scale__color__gradient2 (high =

guide = guide_colourbar(title
coord__quickmap ()+

theme_void ()

p4d_UC = ggplot (p4_shp_df,
geom_ polygon (colour="black ’,

y
y

aes(x = p4_shp_df$long,
fill ="white’) +

ready data frame
region = "id")

Y__coord,
Y__coord,

p4_shp@data ,mby = "id")

Gix score significance"),
"Significant ")) +
"white", low
= "Gix score")) +

red", mid =

aes(x = p4_shp_df$long, y =
fill="white’) +

y = p4_shp_df$lat)) +

color = peltd$Gi_TC), size=5, shape=19) +
shape = factor (peltd$Gi_pval _TC)), size
= "blue", midpoint = 0, limits = c(—5,

p4_shp_dfS$lat)) +

color = peltd$Gi_UC), size=5, shape=19)
shape = factor (pelt4d$Gi_pval _UC)), size
= "blue", midpoint = 0, limits = c(-5,

geom_ point (data = peltd, aes(x = X_coord, y = Y_coord,
geom_ point (data = peltd, aes(x = X_coord, y = Y_coord,
scale__shape__manual(values = ¢(1,13),

guide = guide_legend(title = "Gi*x score significance"),
labels = c¢("Not Significant", "Significant")) +
scale__color_gradient2 (high = "red", mid = "white", low
guide = guide__colourbar(title = "Gi* score")) +
coord__quickmap ()+

theme__void ()

A i A i iaiaiai
# Plot all figures together

library (ggpubr)
library (sjPlot)

pl=ggarrange (pl_TC, pl_UC, p2_TC, p2_UC,p3_TC, p3_UC,p4_TC, p4_UC,
labels = c¢("Pelt 1 TC",

"Pelt 3 TC", "Pelt 3 UC","Pelt 4 TC",

vjust = 1,

hjust = —0.75,

ncol = 4, nrow = 2,
common. legend = TRUE,
legend = "bottom")

"Pelt

#Plot figures with dpi=300
save__plot ("individual_ getis. tif", pl, width =
20, legend. titlesize =

legend . textsize
legend .itemsize

20)

1 UC", "Pelt 2 TC",
"Pelt 4 UC"),

20,

"Pelt 2 UC",

20, height = 30,
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# Cluster analysis for composite pelt
# Written in R Version 3.5.0

7 7 A7 7 T A7 7 A7 7 AT
# Load data

compiled = read.csv("pelts_compiled.csv")

# Load Libraries

library (ggplot2)

library (ggspatial)

library (dplyr)

library (tidyr)

library (rgeos)

library (smoothr)
library (sp)
library (rgdal)
library (ggpubr)
library (sjPlot)

1711 T

A
# Importshapefile

comp_shp = readOGR(dsn = ".", layer = "Comp_ Outline_2")
# Convert shapefile to a ggplot ready data frame
comp_shp_ df <— fortify (comp_shp, region = "id")

comp_shp$id <— rownames(comp_shp@data)
comp_shp_ df <— left__join (comp_shp_ df, comp_shp@data,mby = "id")

#Layered lat long
ggplot (comp_shp_df, aes(x = comp_shp_dff$long, y = comp_shp_df$lat))+

geom_ polygon (colour="black’, fill="white’)+
geom_ point (data = compiled, aes(x = X_adj, y = Y_adj, color = factor(compiled$Pelt)), size=4, shape=19)+
scale__colour_manual (values = c("#225ea8", "#FDD835", "#41b6c4", "#aldabd"))+

labs (colour=" ")+

theme(legend. title = element_blank())+
coord__quickmap ()+

theme__void ()

# Plot Normalized Hg Values for TC and UC

comp_TC = ggplot (comp_shp_df, aes(x = comp_shp_df$long, y = comp_shp_df$lat)) +

geom_ polygon(colour=’black’, fill="white’) +

geom__point (data = compiled, aes(x = X_adj, y = Y_adj, color = compiled$TC_norm), size=7, shape=19) +
scale_color_gradient (low="#eceT7f2’, high="#0570b0’,

guide = guide__colourbar(title = "Total Hg (ug/g)")) +

coord__quickmap ()+

theme_ void ()

comp_UC = ggplot (comp_shp_df, aes(x = comp_shp_df$long, y = comp_shp_df$lat)) +

geom_ polygon(colour="black’, fill="white’) +

geom_ point (data = compiled, aes(x = X_adj, y = Y_adj, color = compiled$UC_norm), size=7, shape=19) +
scale__color__gradient (low="#ece7f2’, high="#0570b0" ,

guide = guide_colourbar(title = "Total Hg (ug/g)")) +

coord__quickmap ()+

theme__void ()

7 FHAH FHHAH FHHAH FHHAH
#H#H#HH# Average Noralized values #HH#
adj__x_compiled = aggregate (compiled$X_adj, list(compiled$factor), mean)

adj_y_ compiled = aggregate (compiled$Y_adj, list(compiled$factor), mean)

TC__compiled = aggregate (compiled$TC_norm, list (compiled$factor), mean)

UC__compiled = aggregate (compiled$UC_norm, list (compiled$factor), mean)

compiled__pelt = as.data.frame(cbind (adj_x_compiled[,2], adj_y_compiled[,2],TC_compiled[,2],UC_compiled[,2]))
colnames (compiled__pelt) <— c("x", "y", "TC", "UC")

1T 1T T

# Plot
ggplot (comp_shp_df, aes(x = comp_shp_dff$long, y = comp_shp_df$lat))+
geom_ polygon(colour="black’, fill="white’)+

geom_ point (data = compiled_pelt, aes(x = x, y =y, color = TC), size=4)+
labs (colour=" ")+

theme(legend. title = element__blank())+

coord__quickmap ()+

theme__void ()

i i i i A i i
##+# Compiled Pelt Hot Spot Analysis #H#H#
#Set up spatial neighbourhood

comp_sppnt = SpatialPoints(cbind (compiled pelt$x, compiled pelt$y))

comp_nb <— chooseCN (coordinates (comp_sppnt), type = 6, k = 12, plot.nb = FALSE)
comp_lw <— nb2listw (comp_nb, style = "W, zero.policy = TRUE)

# Gix

compiled__pelt$Gi__TC
compiled__pelt$Gi_UC

as.numeric (localG (compiled__pelt$TC, listw
as.numeric (localG (compiled__pelt$UC , listw

comp_lw))
comp_lw))

# Gix p—value

#7Z score values for levels of statistical significance:
# 90% significant: >= 1.645

# 95% significant: >= 1.960

# 99% significant: >= 2.576

# 99.9% significant: >= 3.291

# Bin gix scores based on whether it is past the critical cut off
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compiled pelt$Gi_pval TC = as.factor (compiled_pelt$Gi_TC >= 1.96 | compiled_pelt$Gi_TC <= —1.96)
compiled__pelt$Gi_pval _UC = as.factor (compiled_pelt$§Gi_UC >= 1.96 | compiled_pelt$Gi_UC <= —1.96)

# Plot 1

#TC THg Gix

# Plot outline and points

hs_comp_TC = ggplot (comp_shp_df, aes(x = comp_shp_df$long, y = comp_shp_df$lat)) +

geom_ polygon(colour="black’, fill="white’) +

geom__point(data = compiled_pelt, aes(x = x, y =y, color = compiled_pelt$Gi_TC), size=5, shape=19) +
geom_ point (data = compiled_pelt, aes(x = x, y =y, shape = factor (compiled_pelt$§Gi_pval _TC)), size = 6) +
scale__shape_manual(values = ¢(1,13),

guide = guide_legend(title = "Gi*x score significance"),

labels = c¢("Not Significant", "Significant")) +

scale_color_gradient2 (high = "red", mid = "white", low = "blue", midpoint = 0, limits = ¢(—6, 6),

guide = guide_colourbar(title = "Gi*xscore")) +

coord__quickmap ()+
theme__void ()

hs_comp_UC = ggplot (comp_shp_df, aes(x = comp_shp_df$long, y = comp_shp_df$lat)) +

geom__polygon(colour=’black’, fill="white’) +

geom__point (data = compiled_pelt, aes(x = x, y =y, color = compiled pelt$§Gi_UC), size=5, shape=19) +
geom__point (data = compiled__pelt, aes(x = x, y =y, shape = factor (compiled_pelt$Gi_pval _UC)), size = 6) +
scale_shape_manual(values = ¢c(1,13),

guide = guide_legend(title = "Gixscore significance")) +

scale_color_ gradient2 (high = "red", mid = "white", low = "blue", midpoint = 0, limits = c(—6, 6),

guide = guide__colourbar(title = "Gix score")) +

coord__quickmap ()+
theme_void ()
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# Plot composite figures together
plotl=ggarrange (comp_TC, comp_UC,

labels = c¢ (" Compiled TC", "Compiled UC"),
vjust = 1,

hjust = —0.5,

ncol = 2, nrow = 1,

common. legend = TRUE,

legend = "right")

#Plot figures with dpi=300
save_plot ("compsite_ pelt.tif", plotl, width = 15, height = 15, dpi = 300)

#Plot composite figure hotspots together
plot2=ggarrange (hs_comp_ TC, hs comp_ UC,

labels = c¢("Hot Spot TC", "Hot Spot UC"),
vjust = 1,

hjust = —-0.5,

ncol = 2, nrow = 1,

common. legend = TRUE,
legend = "right")

#Plot figures with dpi=300
save__plot ("compsite_ pelt_hs.tif", plot2, width = 15, height = 15, dpi = 300)
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# Plots of individual Hg concentrations

# Written in R Version 3.5.0

T 177 7 T 17 7 T 17 7 T 177

7 7 i
# Load data

peltl = read.csv ("PELTl.csv")
pelt2 = read.csv ("PELT2.csv")
pelt3 = read.csv ("PELT3.csv")
pelt4 = read.csv ("PELT4.csv")

# Load Libraries
library (spdep)
library (rgdal)
library (dplyr)
library (ggplot2)
library (ggpubr)
library (sjPlot)

# Plot 1

# Outline

# Importshapefile

pl_shp = readOGR(dsn = ".", layer = "pl_ Outline")

# Convert shapefile to a ggplot ready data frame
pl_shp df <— fortify (pl_shp, region = "id")

pl_shp$id <— rownames(pl_shp@data)

pl_shp_ df <— left_join (pl_shp_ df, pl_shp@data,mby = "id")

# Plot

pl_TC = ggplot(pl_shp_df, aes(x = pl_shp_df$long, y = pl_shp_df$lat)) +

geom_ polygon(colour="black’, fill="white’) +

geom__point (data = peltl, aes(x = X_coord, y = Y_coord, color = peltl$THg TC), size=4, shape=19) +
scale__color__gradient (low="#ece7f2’, high="#0570b0"’ ,

guide = guide_colourbar(title = "Total Hg (ug/g)")) +

theme (legend . key.size=10)+

coord__quickmap ()+

theme__void ()

pl_UC = ggplot (pl_shp_df, aes(x = pl_shp_df$long, y = pl_shp_df$lat)) +

geom_polygon(colour=’black’, fill="white’) +

geom__point(data = peltl, aes(x = X_coord, y = Y_coord, color = peltl$THg UC), size=4, shape=19) +
scale_color_gradient (low="#eceT7f2’, high="#0570b0’,

guide = guide__colourbar(title = "Total Hg (ug/g)")) +

coord__quickmap ()+
theme_ void ()
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# Plot 2

# Outline

# Importshapefile

p2_shp = readOGR(dsn = ".", layer = "p2_Outline")

# Convert shapefile to a ggplot ready data frame

p2_shp_ df <— fortify (p2_shp, region = "id")

p2_shp$id <— rownames(p2_shp@data)

p2_shp_df <— left_join (p2_shp_df, p2_ shp@data,mby = "id")

# Plot

p2 _TC = ggplot (p2_shp_df, aes(x = p2_shp_ df$long, y = p2_shp_df$lat)) +
geom_ polygon(colour="black’, fill="white’) +

geom_ point(data = pelt2, aes(x = X_coord, y = Y_coord, color = pelt28§THg TC), size=4, shape=19) +
scale_color__gradient (low="#eceT7f2’, high="#0570b0’,

guide = guide_colourbar(title = "Total Hg (ug/g)")) +

coord__quickmap ()+
theme_ void ()

p2 _UC = ggplot (p2_shp_df, aes(x = p2_shp_df$long, y = p2_shp_df$lat)) +

geom_ polygon(colour=’"black’, fill="white’) +

geom__point (data = pelt2, aes(x = X_coord, y = Y_coord, color = pelt2§THg UC), size=4, shape=19) +
scale__color__gradient (low="#ece7f2’, high="#0570b0"’ ,

guide = guide__colourbar(title = "Total Hg (ug/g)")) +

coord__quickmap ()+

theme__void ()

7 1
# Plot 3

# Outline

# Importshapefile

p3_shp = readOGR(dsn = ".", layer = "p3_Outline")

# Convert shapefile to a ggplot ready data frame

p3_shp_df <— fortify (p3_shp, region = "id")

p3_shp$id <— rownames(p3_shp@data)

p3_shp_df <— left__join (p3_shp_df, p3_shpQ@data,mby = "id")

# Plot

p3_TC = ggplot (p3_shp_df, aes(x = p3_shp_df$long, y = p3_shp_df$lat)) +
geom__polygon(colour=’"black’, fill="white’) +

geom__point (data = pelt3, aes(x = X_coord, y = Y_coord, color = pelt3$THg_ TC), size=4, shape=19) +
scale__color__gradient (low="#ece7f2’, high="#0570b0’ ,

guide = guide__colourbar(title = "Total Hg (ug/g)")) +

coord__quickmap ()+
theme__void ()
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p3_UC = ggplot (p3_shp_df, aes(x = p3_shp_ df$long, y = p3_shp_df$lat)) +

geom__polygon(colour=’"black’, fill="white’) +

geom__point (data = pelt3, aes(x = X_coord, y = Y_coord, color = pelt3$THg UC), size=4, shape=19) +
scale__color__gradient (low="#ece7f2’, high='#0570b0’ ,

guide = guide__colourbar(title = "Total Hg (ug/g)")) +

coord__quickmap()+
theme_ void ()

# Plot 4

# Outline

# Importshapefile

p4_shp = readOGR(dsn = ".", layer = "p4_Outline")

# Convert shapefile to a ggplot ready data frame

p4_shp_df <— fortify (p4_shp, region = "id")

p4_shp$id <— rownames(p4_shp@data)

p4_shp_df <— left__join (p4_shp_df, p4_shp@data,mby = "id")

# Plot

p4 _TC = ggplot (p4_shp_df, aes(x = p4_shp_df$long, y = p4_shp_df$lat)) +
geom__polygon(colour=’black’, fill="white’) +

geom__point (data = pelt4d, aes(x = X_coord, y = Y_coord, color = peltd$THg TC), size=4, shape=19) +
scale_color_gradient (low="#ece7f2’, high='#0570b0"’ ,

guide = guide_colourbar(title = "Total Hg (ug/g)"))+

coord__quickmap ()+
theme_void ()

p4_UC = ggplot(p4_shp_ df, aes(x = p4_shp_ df$long, y = p4_shp_ df$lat)) +

geom_ polygon(colour=’black’, fill="white’) +

geom_ point (data = peltd , aes(x = X_coord, y = Y_coord, color = peltd$THg UC), size=4, shape=19) +
scale__color__gradient (low="#ece7f2’, high="#0570b0" ,

guide = guide_colourbar(title = "Total Hg (ug/g)")) +

coord__quickmap()+
theme__void ()

7 T 7 T 7 T

7 i
# Plot all figures together
plotl=ggarrange (pl_TC, pl_UC, p2_TC, p2 UC,p3_TC, p3_UC,p4 TC, pd4 UC,

labels = c("Pelt 1 TC", "Pelt 1 UC", "Pelt 2 TC", "Pelt 2 UC", "Pelt 3 TC", "Pelt 3 UC","Pelt 4 TC", "Pelt 4 UC"),
vjust = 1,

hjust = —0.5,

ncol = 4, nrow = 2,

common. legend = FALSE,

legend = "right")

#Plot figures with dpi=300
save_plot ("individual__hg. tif", plotl, width = 20, height = 20, dpi = 300)
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# Otter fur THg to organ THg otter sampling spot optimization
# Written in R Version 3.5.0

7 7 A7 7 T A7 7 A7 7 AT
# Load data

compiled = read.csv("pelts_compiled.csv")

# Load Library

library (ggplot2)

library (Metrics)

library (rgdal)

library (ggpubr)

library (dplyr)

library (tidyr)
library (rgeos)
library (smoothr)
library (sp)
library (spdep)
library (gridExtra)

library (adespatial)
library (ggpubr)
library (sjPlot)

#Eccles et al. (2017) fur THg to organ THg predictive model eqns
#Fur to brain: y = 0.15x + 0
#Fur to kidney: y = 0.62x + 0
#Fur to liver: y = 0.70x + 0
#Fur to muscle: y = 0.46x 4+ 0

TTem Tam Tem TTem eTem

# Import Shapefiles
# Composite Pelt

comp_shp = readOGR(dsn = ".", layer = "Comp_Outline_2")
# Convert shapefile to a ggplot ready data frame
comp_shp_df <— fortify (comp_shp, region = "id")

comp_shp$id <— rownames (comp_shp@data)
comp_shp_df <— left__join (comp_shp_df, comp_shp@data,mby = "id")

7 7 A i 7 i iaiaiaiaiai 7 e aiai e
#H#H## Compiled TC HHHH#

# Brain

compiled$TC__est_brain= 0.15xcompiled$THg TC
compiled$TC_resid__brain=compiled$TC__est__brain—compiled$Brain

compiled$TC__perc_brain= abs (((compiled$TC__est_brain—compiled$Brain)/(compiled$Brain))*100)

# Liver

compiled$TC__est_liver= 0.70xcompiled$THg TC
compiled$TC_resid_liver=compiled$TC__est_liver—compiled$Liver

compiled$TC__perc_liver= abs (((compiled$TC__est_liver—compiled$Liver)/(compiled$Liver))*100)

# Kidney

compiled$TC__est__kidney= 0.46*compiled$THg_ TC
compiled$TC_resid_kidney=compiled$TC__est_kidney—compiled$Kidney

compiled$TC__perc_kidney= abs (((compiled$TC__est_kidney—compiled$Kidney)/(compiled$Kidney))=*100)

# Muscle
compiled$TC_est__muscle = 0.62xcompiled$THg_TC
compiled$TC_resid__muscle = compiled$TC__est__muscle—compiled$Muscle

compiled$TC__perc_muscle = abs (((compiled$TC__est_muscle—compiled$Muscle)/(compiled$Muscle))*100)

# Average error TC
compiled$3TC__comp_average_error = (compiled$TC__perc_brain/100%.4 4+ compiled$TC_perc_liver /100%.2 +
compiled$TC__perc_kidney /100%.2 + compiled$TC__perc_muscle/100%.2)%100

adj_x_compiled = aggregate (compiled$X__adj, list (compiled$factor), mean)

adj_y_compiled = aggregate (compiled$Y__adj, list (compiled$factor), mean)

TC_compiled = aggregate (compiled$TC__comp__average_error, list (compiled$factor), mean)
compiled_pelt_TC = as.data.frame(cbind(adj_x_compiled[,2], adj_y_ compiled[,2],TC_compiled[,2]))
colnames (compiled__pelt_TC) <— c("x", "y", "TC")

#compiled__pelt__TC= subset (compiled_pelt_TC, TC < 40)

TC__error = ggplot (comp_shp_df, aes(x = comp_shp_df$long, y = comp_shp_df$lat))+

geom__polygon(colour="black’, fill="white’)+
geom_point(data = compiled pelt TC, aes(x = x, y =y, color = TC), size=5)+
scale_colour__gradient (low = "white", high = "red", limits =c(0,115))+

labs (colour="Percent Error")+
theme(legend. title = element_blank())+
coord__quickmap ()+

theme_void ()

#Set up spatial neighbourhood

comp_sppnt = SpatialPoints (cbind (compiled_pelt_ TC$x, compiled_pelt_TCS$y))
comp_nb <— chooseCN (coordinates (comp_sppnt), type = 6, k = 12, plot.nb = FALSE)
comp_lw <— nb2listw (comp_nb, style = "W, zero.policy = TRUE)

# Gix
compiled_pelt_ TC$Gi_TC = as.numeric(localG (compiled_pelt TC$TC, listw = comp_lw))

# Gix p—value

#7Z score values for levels of statistical significance:
# 90% significant: >= 1.645
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# 95% significant: >= 1.960
# 99% significant: >= 2.576
# 99.9% significant: >= 3.291

# Bin gix scores based on whether it is past the critical cut off
compiled_pelt TC$Gi_pval TC = as.factor (compiled pelt TC$Gi_TC >= 1.96 | compiled_pelt TC$Gi_TC <= —1.96)

#TC THg Gix

# Plot outline and points

hs_comp_TC = ggplot (comp_shp_df, aes(x = comp_shp_df$long, y = comp_shp_dff$lat)) +
geom_ polygon(colour="black’, fill="white’) +

geom_ point (data = compiled_pelt_TC, aes(x = x, y =y, color = compiled_pelt_TC$Gi_TC), size=5, shape=19) +
geom_ point (data = compiled_pelt_TC, aes(x = x, y =y, shape = factor (compiled_pelt_TC$Gi_pval _TC)), size = 6) +
scale__shape_manual(values = ¢(1,13),

guide = guide_legend(title = "Gixscore significance"),

labels = c¢("Not Significant", "Significant")) +

scale__color__gradient2 (high = "red", mid = "white", low = "blue", midpoint = 0, limits = ¢(—6, 6),

guide = guide__colourbar(title = "Gixscore")) +

coord__quickmap ()+
theme__void ()
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##H## Compiled UC H##HH#

# Brain

compiled$UC__est__brain= 0.15xcompiled$THg UC
compiled$UC_resid__brain=compiled$UC__est__brain—compiled$Brain

compiled$UC__perc__brain= abs (((compiled$UC__est__brain—compiled$Brain)/(compiled$Brain))*100)

# Liver

compiled$UC__est_liver= 0.70xcompiled$THg UC
compiled$UC_resid_liver=compiled$UC__est_liver—compiled$Liver

compiled$3UC__perc_liver= abs (((compiled$UC__est_liver—compiled$Liver)/(compiled$Liver))*100)

# Kidney

compiled$UC__est__kidney= 0.46x*compiled$THg UC
compiled$UC_resid__kidney=compiled$UC__est__kidney—compiled$Kidney

compiled$UC__perc_kidney= abs (((compiled$UC__est_kidney—compiled$Kidney)/(compiled$Kidney))*100)

# Muscle

compiled$UC__est__muscle = 0.62x*compiled$THg UC

compiled$UC__resid_muscle = compiled$UC__est__muscle—compiled$Muscle

compiled$UC__perc_muscle = abs (((compiled$UC__est__muscle—compiled$Muscle)/(compiled$Muscle))*100)

# Average error UC
compiled$UC__comp_average_error = (compiled$UC__perc_brain/100%.4 + compiled$UC__perc_liver /100%.2 +
compiled3UC__perc_kidney /100%.2 + compiled3UC__perc_muscle/100%.2)%100

adj_x_compiled = aggregate (compiled$X__adj, list (compiled$factor), mean)

adj_y_compiled = aggregate (compiled$Y__adj, list (compiled$factor), mean)

UC_compiled = aggregate (compiled$UC__comp__average_error, list (compiled$factor), mean)
compiled__pelt_UC = as.data.frame(cbind (adj_x_compiled[,2], adj_y_compiled[,2],UC_compiled[,2]))
colnames (compiled_pelt_UC) <— c("x", "y", "UC")

UC_error = ggplot (comp_shp_df, aes(x = comp_shp_df$long, y = comp_shp_df$lat))+

geom__polygon(colour="black’, fill=’white’)+

geom__point (data = compiled_ pelt_UC, aes(x = x, y =y, color = UC), size=5)+
scale__colour__gradient (low = "white", high = "red", limits =c(0,115))+

labs (colour="Percent Error")+

theme(legend. title = element_blank())+

coord__quickmap ()+
theme_ void ()

#Set up spatial neighbourhood

comp_sppnt = SpatialPoints (cbind (compiled_pelt_ UC$x, compiled_pelt_UC8y))
comp_nb <— chooseCN (coordinates (comp_sppnt), type = 6, k = 12, plot.nb = FALSE)
comp_lw <— nb2listw (comp_nb, style = "W, zero.policy = TRUE)

# Gix
compiled__pelt_ UC$Gi_UC = as.numeric(localG (compiled_pelt__UCSUC, listw = comp_lw))

# Gix p—value

#7Z score values for levels of statistical significance:
# 90% significant: >= 1.645

# 95% significant: >= 1.960

# 99% significant: >= 2.576

# 99.9% significant: >= 3.291

#

Bin gi*x scores based on whether it is past the critical cut off
compiled_pelt  UC$Gi_pval UC = as.factor (compiled pelt UC$Gi_UC >= 1.96 | compiled_pelt UC$Gi_UC <= —1.96)

#All THg Gix
# Plot outline and points
hs_comp_UC = ggplot (comp_shp_df, aes(x = comp_shp_df$long, y = comp_shp_df$lat)) +

geom_ polygon(colour="black’, fill="white’) +

geom_ point (data = compiled_pelt_UC, aes(x = x, y =y, color = compiled_pelt_UC$Gi_UC), size=5, shape=19) +
geom__point (data = compiled_pelt_UC, aes(x = x, y =y, shape = factor (compiled_pelt_UC$Gi_pval_UC)), size = 6) +
scale__shape_manual(values = ¢(1,13),

guide = guide_legend(title = "Gixscore significance"),

labels = c¢("Not Significant", "Significant")) +

scale__color__gradient2 (high = "red", mid = "white", low = "blue", midpoint = 0, limits = c¢(—6, 6),

guide = guide_colourbar(title = "Gixscore")) +

coord__quickmap ()+
theme_void ()
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pl = ggarrange (hs_comp_TC, hs _comp_UC,

labels = c("TC Hotspot", "UC Hotspot"),
vjust = 1,

hjust = —.5,

ncol = 2, nrow =1

5
common . legend = TRUE,
legend = "right")

#Plot figures with dpi=300
save_plot ("composite_error_hs. tif", pl, width = 15, height = 15, dpi = 300)

p2 = ggarrange (TC_error, UC_error,

labels = c¢ (" Average Error TC", "Average Error UC", "TC Hotspot", "UC Hotspot"),
vjust = 1,

hjust = —.5,

ncol = 2, nrow =1

5
common. legend = TRUE,
legend = "right")

#Plot figures with dpi=300
save_plot ("composite error.tif", p2, width = 15, height = 15, dpi = 300)

#HH#H## Average TC and UC HHHH#

compiled$all_comp_average_error = ((compiled$UC__perc_brain/100%.2 + compiled$UC__perc_liver /100%.1 +
compiled3UC__perc_kidney /100 *.14+ compiled$UC__perc_muscle/100x*.1+4

compiled$TC__perc_brain/100 *.2 + compiled$TC_perc_liver /100%.1 +

compiled$TC__perc_kidney /100%.1 + compiled$TC__perc_muscle/100%.1))*100

adj_x_compiled = aggregate (compiled$X__adj, list (compiled$factor), mean)

adj_y_compiled = aggregate (compiled$Y__adj, list (compiled$factor), mean)

all_compiled = aggregate(compiled$all _comp__average_ error, list (compiled$factor), mean)
compiled_pelt__all = as.data.frame(cbind(adj_x_compiled[,2], adj_y_compiled[,2],all_compiled[,2]))
colnames (compiled_pelt_all) <— c("x", "y", "all")

all = ggplot (comp_shp_ df, aes(x = comp_shp_df$long, y = comp_shp_df$lat))+
geom__polygon(colour="black’, fill="white’)+

geom_point (data = compiled_ pelt_all, aes(x = x, y =y, color = all), size=4)+
scale__colour__gradient (low = "white", high = "red")+

labs (colour="Percent Error")+

theme (legend . title = element_blank())+

coord__quickmap ()+
theme_ void ()

#### Compiled Pelt Hot Spot Analysis ####

#Set up spatial neighbourhood

comp_sppnt = SpatialPoints (cbind (compiled_pelt_all$x, compiled_ pelt_all$y))
comp_nb <— chooseCN (coordinates (comp_sppnt), type = 6, k = 12, plot.nb = FALSE)
comp_lw <— nb2listw (comp_nb, style = "W, zero.policy = TRUE)

# Gix
compiled_ pelt_all$Gi_all = as.numeric(localG (compiled_pelt__all$all, listw = comp_lw))

# Gix p—value

#7Z score values for levels of statistical significance:
# 90% significant: >= 1.645

# 95% significant: >= 1.960

# 99% significant: >= 2.576

# 99.9% significant: >= 3.291
#
c

Bin gi* scores based on whether it is past the critical cut off
ompiled__pelt__all$Gi__pval_all = as.factor (compiled_pelt__all$Gi_all >= 1.96 | compiled__pelt_all$Gi_all <= —1.96)

#All THg Gix
# Plot outline and points
hs_comp_all = ggplot (comp_shp_df, aes(x = comp_shp_df$long, y = comp_shp_df$lat)) +

geom__polygon(colour=’"black’, fill="white’) +

geom__point (data = compiled__pelt, aes(x = x, y =y, color = compiled_pelt$Gi_TC), size=5, shape=19) +
geom__point (data = compiled__pelt, aes(x = x, y =y, shape = factor (compiled_pelt$Gi_pval TC)), size = 6) +
scale__shape__manual(values = ¢ (1,13),

guide = guide_legend(title = "Gixscore significance"),

labels = c("Not Significant" "Significant ")) +

scale_color_gradient2 (high = "red", mid = "white", low = "blue", midpoint = 0, limits = c¢(—6, 6),

guide = guide__colourbar(title = "Gixscore")) +

coord__quickmap ()+
theme_void ()

i L L . Ll TETTNINTRIRTNI) Ll TR TRTRINTN

plotl=ggarrange(all, hs_comp_all,

labels = c(" Average Error" "Average Error Hot Spots"),
vjust = 1,

hjust = —0.15,

ncol = 2, nrow = 1,

common. legend = FALSE,
legend = "right")

#Plot figures with dpi=300
save__plot ("composite_error__hs.tif", plotl, width = 20, height = 15, dpi = 300)
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Appendix C

Supplement Information for Chapter 5: Relationships
between mercury concentrations in fur and stomach
content of river otter (Lontra Canadensis) and mink
(Neovison vison) and their applications as proxys for
environmental factors determining mercury bioavail-
ability
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atlas/maps.php?catnum=2&type=Land%20Use
/atlas/maps.php?catnum=2&type=Land%20Use)

# Environmental Hg ~ Gut Hg ~ Fur Hg
# Written in R wersion 8.5.0

# Load Data
data = read.csv("mink _ro_gut_bw.csv")

# Load Libraries

library (car)

library (corrplot)

library (AICcmodavg)

library (Ilmtest)

library (heplots) # partial r2

library (weights) # weighted correlation

# Plotting Libraries
library (ggplot2)
library (ggpubr)
library (sjPlot)

#H#H# Summarize Data ###H#

# Add logged wvariables to dataset
data$log_fur=logl0 (data$FurHg)
data$log_gut=logl0 (data$GutHg)

# Subset and summarize mink data

mink = subset(data, data$Species == "Mink")
summary (mink)

sd (mink$FurHg)

sd (mink$GutHg)

#Subset and summarize river otter data

otter = subset(data, data$Species == "Otter")
summary (otter)

sd(otter$FurHg)

sd(otter $GutHg)

#H## Relationship between Fur and Gut ####
# Test normality of wvariables

shapiro.test (otter$FurHg)

shapiro.test (otter$GutHg)

shapiro.test (mink$FurHg)

shapiro.test (mink$GutHg)

# Use logged wvariables due to the mon—normal distrubtion
shapiro.test (otter$log_fur)

shapiro.test (otter$log_gut)

shapiro.test (mink$log_fur)
shapiro. test (mink$log_gut)

# Test Variance
leveneTest (data$log fur~data$Species)
leveneTest (data$log_gut~data$Species)
# Equal variance among groups

#### T Test for difference in Hg between species ####
# Fur Hg

t.test (data$log fur~data$Species)

wilcox . test (data$log_fur~data$Species)

# Gut Hg
t.test (data$log gut~data$Species)
wilcox . test (data$log gut~data$Species)

# Correlation Between Fur and Gut

# Pearson Poduct Moment Correlation
# River Otter

cor.test (otter$log fur ,otter$log gut)
plot(otter$log fur ,otter$log gut)

# Mink
cor.test (mink$log fur ,mink$log gut)
plot (mink$log_fur ,mink$log_gut)

#H## Regression Model: Gut ~ Fur ####
# Otter

# Null

Iml=lm(otter$log_fur~1)

AICc(lml) # 13.72451

# Unweighted

Iml.1=Im(otter$log fur~otter$log gut)
summary (Ilm1.1)

AICc(lml.1) # 10.50199

# Weighted

Iml.2=Im(otter$log fur~otter$log gut, weight=otter$bw_gut_ratio)
summary (1m1.2)

AICc(lml.2) # 26.92151
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# Mink

# Null

Im2=lm (mink8$log fur~1)
AICc(1m2) #24.31118

# Unweighted
Im2.1=Im(mink$log_fur~mink$log_gut)
summary (Ilm2.1)

AICc(lm2.1) # 18.83017

# Weighted

Im2.2=Im(mink$log_fur-~mink$log_gut, weight=mink$bw_gut_ratio)
summary (1lm2.2)

AICc(1m2.2) #37.1412

# Plot Models

plot_otter= ggplot(otter , aes(x = log_fur, y = log _gut)) +

geom_point (shape = 20, size=3) +

geom_smooth (method = "lm", mapping = aes(weight = bw_gut_ratio),

color = "black", show.legend = FALSE)+

theme_minimal (base_size=14)+

labs (x="Log_ Fur_ Total_ Mercury,(ppm)", y="Log.Stomach Content Total_ Mercury. (ppm)")

plot_mink = ggplot (mink, aes(x = log_fur, y = log_gut)) +
geom_point (shape = 20, size=3) +

geom_smooth (method = "lm", mapping = aes(weight = bw_gut_ratio),
color = "black", show.legend = FALSE)+
theme_minimal (base_size = 14)+4

labs (x="Log. Fur, Total Mercury, (ppm)", y="Log Stomach Content, Total Mercury, (ppm)")

plotl=ggarrange (plot_otter , plot_mink,

labels = c("A", "B"),

ncol = 2, nrow = 1,

font.label = list (size = 20))

#Plot figures with dpi=300

save_plot ("mink otter_gut_hg. tif", plotl, width = 30, height = 20, dpi = 300)

#H## Test for interactions between site and species #HHHH#
# Bozplot All Species

ggplot (data, aes(x=as.factor(data$Lat), y=FurHg)) +
geom_boxplot(outlier.colour="red", outlier.shape=8,
outlier.size=4)+

theme_minimal()+

labs (x="Latitude", y="Fur_ Hg, (ppm)")

#Box plot Mink and river otter seperated

ggplot (data, aes(x=as.factor(data$Lat), y=FurHg, fill=Species)) +
geom_boxplot(outlier.colour="red", outlier.shape=38,
outlier.size=4)+

theme_minimal ()+

labs (x="Latitude", y="Fur_ Hg (ppm)")

# ANOVA All interactons
Iml=Ilm(data$FurHg~data$Species*as.factor (data$Lat))
anova(lml) # No interaction

TukeyHSD (aov (data$FurHg~data$Speciesxas.factor (data$Lat)))

#Sites

Iml=lm(data$FurHg~as . factor (data$Lat))

anova(lml) # No Interaction between site

t1l = TukeyHSD (aov(data$FurHg~as.factor (data$Lat)))
plot (t1)
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# Fur ~Gut: Isotopes
# Written in R version 38.5.0

# Load Data
data = read.csv("mink ro_gut_bw.csv")

# Load Libraries

library (car)

library (corrplot)

library (AICcmodavg)

library (Ilmtest)

library (heplots) # partial r2

library (weights) # weighted correlation

# Plotting Libraries
library (ggplot2)
library (ggpubr)
library (sjPlot)

# Regression Gut and stable isotopes
Im3=Im(log_fur~Delta_13C+Delta_15N, data=data)
summary (1m3)

bptest (1lm3)

dwtest (1m3)

resettest (1Im3)

shapiro.test (resid (1m3))

# Meets all model assumptions

Im4=Ilm (log_gut~Delta_13C+Delta_15N, data=data, weight=bw_gut_ratio)
summary (1m4)

Im4.1=Im(log_gut~Delta_15N, data=data, weight=bw_gut_ratio)
summary (lm4.1)

bptest (lm4.1)

ncvTest (lm4.1) # Volated

resettest (Im4.1) # Violated
shapiro.test (resid(lm4.1)) # Violated

cor (data$Mass_Fraction_N,data$Delta_15N, use="complete.obs")

# Plot

# delta 13C~ delta 15N

plot_fur=ggplot (data, aes(x=data$Delta_13C, y=data$Delta_15N)) +
geom_point (aes(colour = factor (Species), size = data$FurHg))+

labs (size = "Fur Hg,(ppm)")+

scale__color_manual (name="Species", values=c("#C0C0CO0" ,"#696969"))+
labs (x = "Delta13C", y= "Delta 15N")+

theme_minimal (base_size=16)

plot_gut=ggplot (data, aes(x=data$Delta_13C, y=data$Delta_15N)) +
geom_point (aes(colour = factor (Species), size = data$GutHg))+

labs (size = "Gut Hg,(ppm)")+

scale__color_manual (name="Species", values=c("#C0C0CO0" ,"#696969"))+
labs (x = "Delta,13C", y= "Delta 15N")+

theme_minimal(base_size=16)

plot2=ggarrange (plot_fur, plot_gut,
labels = c("A", "B"),

ncol = 2, nrow = 1,

font.label = list(size = 20))

# Plot figures with dpi=300
save_plot("isotopes_gut_hg. tif", plot2, width = 30, height = 15, dpi = 300)

# Difference in Isotopes between groups

t.test (data$Delta_13C~data$Species)
t.test (data$Delta_15N~data$Species)
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iai i 7 i
# Fur ~Gut: Gut~Environmental Sources
# Written in R version 3.5.0

T T 1177

A A e iaiaiaiaiai e
#### Analysis Mink and River Otter Together ##H#
data = read.csv ("mink_ ro_gut_bw.csv")

# Load Libraries

library (car)

library (corrplot)

library (AICcmodavg)

library (lmtest)

library (heplots) # partial r2

library (weights) # weighted correlation

# Plotting Libraries
library (ggplot2)
library (ggpubr)
library (sjPlot)

T 1177 A1 11 T

7 7 FH
# Correlation matrix between variab

FHAH T A7 T A7
les

cor=cor (data[,3:46], use="pairwise.complete.obs")

corrplot (cor,tl.col = "black")

#Significant of correlations

resl <— cor.mtest(data[,3:46], use="pairwise.complete.obs",conf.level = .95)
corrplot (cor ,p.mat = resl$p,tl.col = "black")

#Write to CSV

write.csv(cor, cor__allspecies.csv
#Write correlation matrix p—values to file
write.csv(resl$p, "pvalue_cor__allspecies.csv")

# Exploratory Data Analysis

cor=wtd.cor(data[,3:46], bootp=TRUE, weight=data$bw__gut_ratio)
# Write correlation matrix to file

write.csv(cor, "weighted_ correlation_all.csv")

# River Otter EDA

otter_ _cor = cor(otter 3:46 use = "pairwise.complete.obs"
B B p P

#corrplot (otter__cor)

#write.csv(otter _cor, "otter_ cor.csv"'

#hist (otter [,3:43] ,nclass = 10)

# Mink EDA

#mink_cor = cor(mink[,3:46], use = "pairwise.complete.obs")
#corrplot (mink_ cor)
#write.csv (mink_cor, "mink_cor.csv"

#hist (mink[,3:43] ,nclass = 10)

#### Regression Model: Gut~Environmental Sources #H##HH#
#H## Unweighted #HH

Iml=Im (log_gut~1, data=data_ clean)

summary (lm1)

AICc(lml) #56.74895

Im2=Im (log__gut~pH, data=data_ clean)
summary (1m2)
AICc(1m2) #56.82

Im3=Im(log_gut~Grassland+Hg dep, data=data_clean)
summary (1m3)

AICc(1m3) #54.98925

etasq (1m3)

bptest (lm3)

dwtest (Im3)

resettest (1m3)

shapiro.test (resid (1Im3))# Violates

#H### Weighted #H4F

Im4=Im (log__gut~1, weight=bw__gut_ratio, data=data_clean)
summary (1m4)

AICc(lmd) #119.3122

Im5=Im (log__gut~Delta_15N, weight=bw_ gut_ratio, data=data__clean)
summary (1m5)
AICc(Imb5) #82.66017

Im5=Im (log__gut~pH+Delta 15N, weight=bw__gut_ratio, data=data_ clean)
summary (1m5)
AICc(1m5) #66.94067

Im3=Im (log__gut~near_resevoir__km+Delta_15N, weight=bw_gut_ratio, data=data_clean)
summary (1m3)
AICc(1lm3) #70.18257

# pH and resevoir are correlated

cor.test (data_clean$near_resevoir_km , data_clean$pH)

ab=Ilm (data_clean$pH~data_clean$near_resevoir_km , weight=data_clean$bw__gut_ratio)
plot (data_clean$near_resevoir__km ,data_clean$pH)

abline (ab)
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# pH and OC are correlated
cor.test (data_clean$OC,

Im3=Im(log__gut~pH+deciduous.
summary (1m3)

AICc(1lm3) #54.57453

vif (1lm3)

etasq (1lm3)

bptest (1m3)

ncvTest (1lm3)

resettest (1m3)
shapiro.test (resid (1m3))

forest+Delta_ 15N,

data_ clean$pH)

weight=bw__gut__ratio,

cor (data_clean$OC ,data_clean$near_resevoir__km)

T T 7

#### FUR Regression Model
Iml=Im (log_fur~1, data=data)
summary (1m1)

AICc(lml) #36.76426

Iml=Im(log_fur~Delta 15N,
summary (1lm1)

AICc(lm1) #16.38723

vif (lml)

Iml=Im (log_ fur~Wetland+ Delta_ 15N,

summary (1m1)
AICc(lml) #13.84876
vif (lml)

Iml=Im (log__fur~Wetland+ Delta_15N+MinesCount ,

summary (lm1)
AICc(lml) #11.79771
vif (lml)

Iml=Im(log_fur~Wetland+Delta_15N+MinesCount+sum_ fire ,

summary (1lm1)
AICc(Im1) #13.4995
vif(lm1)

Iml=Im(log_fur~Wetland+Delta_15N+sum_ fire+Hg dep,

summary (1m1)
AICc(lm1) #13.01748
vif (lml)

Iml=Im (log_ fur~Wetland+Delta_15N+sum_ fire4+NPRI_Cnt,

summary (1m1)
AICc(lml) #13.64913
vif (lml)

Iml=Im (log_fur~Wetland+Delta_ 15N+sum_ fire+pH,

summary (lm1)
AICc(lml) #12.97571
vif(lml)

Iml=Im(log_ fur~Wetland+Delta_ 15N+sum_ fire

summary (1m1)

AICc(lml) #11.18739

vif (lml)

etasq (Im1)

# Test Assumptions
summary (1m1)

bptest (lm1)

dwtest (lm1l)

resettest (Iml)
shapiro.test (resid (Iml))

data=data)

Environmental

T

Sources #HHHH#

data=data)

data=data)

data=data)

data=data)

data=data)

data=data)

data=data)

T 17 T 17 T 17 T

Im4=Im (log__gut~1,
summary (1lm4)
AICc(Ilm4) #119.3122

7

7

7

7

7

7

weight=bw__gut__ratio,

Im5=Im (log_gut~pH, weight=bw__gut_ ratio,

summary (1m5)
AICc(lm5) #100.0504

Im3=Im (log__gut~near_mine_km,
summary (1m3)

AICc(1m3) #84.53743

vif (1lm3)

etasq (1m3)

cor (logl0(data$near_resevoir_km) ,pH)
aes(x = body_ weight_kg,
size=3) +

mapping

ggplot (data,
geom__point (shape = 20,

geom_smooth (method = "lm",

weight=bw__gut_ratio,

y

aes (weight =

= GutHg,

T 11 T

data=data)

data=data)

data=data)

color=as.

bw__gut_ratio),
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data__clean=data__clean)

factor (data$Species))) +



color = "black", show.legend = FALSE)+
theme_minimal(base__size = 14)+
labs (x="pH", y="Log Stomach Content Total Mercury (ppm)")

ggplot (data, aes(x = bw_gut ratio, y = log_gut, color=as.factor(data$Species))) +
geom__point (shape = 20, size=3) +

geom_smooth (method = "lm", mapping = aes(weight = Content_ Weight g),
color = "black", show.legend = FALSE)+
theme_ minimal(base_ size = 14)

# labs (x="pH", y="Log Stomach Content Total Mercury (ppm)")

plot (data$log_gut~logl0O(data$near_resevoir_km))

Im3=Im (log__gut~logl0 (near_oil gas_ km)+pH, data=data)
summary (1m3)

AICc(1m3) #81.7508

vif (lm3)etasq (lm3)

bptest (1m3)

dwtest (1lm3)

resettest (1Im3)
shapiro.test (resid (1m3))
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Appendix D

Supplement Information for Chapter 6: Spatial pat-
terns of dose-response relationships between mercury
and cortisol in the fur of river otter (Lontra canaden-

sis)

Table D.1: Comparison of fur log total mercury (ug/g) between provinces. P- value is
adjusted for multiple comparison. Comparisons with a significant diffrence (p<0.05) are

bolded.

Comparison Difference Lower CI Upper CI Adj. P
Northwest Territories -Alberta 0.29 -0.02 0.61 0.08
Nova Scotia-Alberta 0.02 -0.39 0.42 1
Ontario-Alberta 0.62 0.44 0.8 0.0
Quebec-Alberta 0.18 -0.19 0.55 0.66
Nova Scotia-Northwest Territories -0.28 -0.78 0.22 0.53
Ontario-Northwest Territories 0.33 -0.01 0.67 0.06
Quebec-Northwest Territories -0.12 -0.58 0.35 0.96
Ontario-Nova Scotia 0.61 0.18 1.03 0.0
Quebec-Nova Scotia 0.16 -0.37 0.7 0.91
Quebec-Ontario -0.44 -0.83 -0.06 0.02
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95% family-wise confidence level

Northwest Territories -Alberta —
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Differences in mean levels of Prov

Figure D.1: Tukey plot comparison of fur log total mercury (ug/g) between provinces.

Table D.2: Comparison of fur log cortisol (pg/mg) between provinces. P- value is adjusted
for multiple comparison. Comparisons with a significant difference (p<0.05) are bolded.

Comparison Difference Lower CI Upper CI Adj. P
Northwest Territories -Alberta 0.73 0.15 1.31 0.01
Nova Scotia-Alberta 0.62 -0.13 1.37 0.16
Ontario-Alberta -0.03 -0.37 0.3 1
Quebec-Alberta 0.32 -0.36 1 0.69
Nova Scotia-Northwest Territories -0.11 -1.03 0.81 1
Ontario-Northwest Territories -0.76 -1.38 -0.13 0.01
Quebec-Northwest Territories -0.41 -1.27 0.45 0.68
Ontario-Nova Scotia -0.65 -1.44 0.14 0.16
Quebec-Nova Scotia -0.3 -1.29 0.68 0.92
Quebec-Ontario 0.35 -0.37 1.07 0.66
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Figure D.2: Tukey plot comparison of fur log cortisol (pg/mg) between provinces.
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# Dose Reponse ANOVAS Cortisol~Mercury
# Written in R Version 8.5.0

# Load Data

# All data

data=read.csv ("compiled_cort_fur2.csv")
data$logcort=logl0 (data$fur_cort)
data$loghg=logl0 (data$fur_hg)

# Load Libraries
library (Imtest)
library (stats)
library (car)
library (psych)

# plots

library (ggpubr)
library (ggplot2)
library (sjPlot)

# EDA
# Summarize data
describeBy (data, data$Prov)

#Histograms

hist (data$fur_cort)
shapiro.test (data$fur_cort)
hist (data$logcort)
shapiro.test (data$logcort)

hist (data$fur_hg)
shapiro.test (data$fur_hg)
hist (data$loghg)

shapiro. test (data$loghg)

hist (data_site$hi)

#### Biomonitoring Data ####

# Sex Differences
# Subset Data
data_sex = subset(data, sex == "Female" | sex=="Male")

# Test for Variance for Hg

leveneTest (loghg ~ sex, data = data_sex) #homogenous
# Test for Variance for cortisol
leveneTest (logcort ~ sex, data = data_sex) #not homogenous

# T test and box plot for sex differences between Hg
t.test (data_sex$loghg~data_sex$sex)

pl <— ggplot(data_sex, aes(x=sex, y=loghg)) +
geom__boxplot ()+

theme_classic (base_size=16)+

xlab ("Sex")+

ylab ("Log Fur THg . (ug/g)")

pl

# T test and box plot for sex differences between cortisol
t.test (data_sex$logcort~data_sex$sex)

p2 <— ggplot(data_sex, aes(x=sex, y=loghg)) +
geom__boxplot ()+

theme_classic (base_size=16)+

xlab ("Sex")+

ylab ("Log Fur Cortisol,(pg/mg)")

p2

# NO DIFFERENCE BETWEEN SEXES FOR CORT OR HG
# Make Plots Together

plotl=ggarrange (pl, p2,
labels = c("A", "B"),

vjust = 1,
hjust = —0.5,
ncol = 2, nrow = 1,

common . legend = TRUE,
legend = "right")

#Plot figures with dpi=300
save_plot("sex_boxplot. tif", plotl, width = 30, height = 15, dpi = 300)
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i #H#
#### Al data #E

7 HHH 7 7 G HHH HHAH 1
# Test for location differences

boxplot (data$loghg~data$Prov)
anoval=lm(data$loghg~data$Prov)
anova(anoval) # difference between provinces
summary (anoval)

bptest (anoval)# homoscedastic
shapiro.test (resid (anoval))
#not normal

hist (resid (anoval))

resettest (anoval)

##### Tukey Follow up Test #HHH#

old.par <— par(mai=c(1.5,2,1,1))
tky1=TukeyHSD (aov (loghg~Prov, data=data))
tkyl

plot (tkyl, las=1,cex.axis=.7)

pl <— ggplot (data, aes(x=Prov, y=loghg)) +
geom__boxplot ()+

theme_ classic(base_size=12)+

xlab (" Province")+

ylab ("Log Fur THg (ug/g)")

pl

# Difference by Province

boxplot (data$logcort~data$Prov)

anova2=lm (data$logcort~data$Prov)
anova(anova2) # difference between provinces
summary (anova2)

tky2=TukeyHSD (aov(logcort~Prov, data=data))
tky2
plot (tky2, las=1,cex.axis=.7)

p2 <— ggplot(data, aes(x=Prov, y=logcort)) +
geom__boxplot ()+

theme_ classic(base_size=12)+

xlab (" Province")+

ylab ("Log Fur Cortisol (pg/mg)")

p2

# Make Plots Together
plotl=ggarrange (pl, p2,
labels = c("A", "B"),

vjust = 1,

hjust = —0.5,

ncol = 1, nrow = 2,
common . legend = TRUE,
legend = "right")
plotl

#Plot figures with dpi=300
save_plot ("prov__boxplot. tif", plotl, width =

30,

height

255

15,

dpi

300)



# Dose Reponse Relationship Cortisol~Mercury
# Written in R Version 8.5.0

# Load Data

# All data
data=read.csv("compiled_cort_fur2.csv"
data$logcort=logl0 (data$fur_cort)
data$loghg=logl0 (data$fur_hg)

# Load Libraries
library (Ilmtest)
library (stats)
library (car)
library (psych)

# plots

library (ggpubr)
library (ggplot2)
library (sjPlot)

# Test for Relationship between Hg and Cortisol

Iml=Ilm(data$logcort~data$loghg)
summary (1m1)

bptest (lm1l) #homosedastic
shapiro.test (resid (Ilml)) #not normal
dwtest (Iml) #autocorrelated
resettest (Iml) #not linear

# Plot

p3 = ggplot (data, aes(y=logcort, x=loghg)) +
geom__point (color="#4E4E4E") +
theme_classic()+

stat_smooth (method = "lm", color="black") +
xlab ("Log Fur_ Total Hg (ug/g)")+

ylab ("Log, Fur Cortisol, (pg/mg)")

p3

#Plot figures with dpi=300
save_plot("all_regression.tif", p3, width = 15, height = 15, dpi = 300)

pd=ggplot (data, aes(x=loghg, y=logcort, color=as.factor (hg fac))) +

geom__point () +

geom_smooth (method=lm)-+

theme_classic()+

xlab ("Logy,Fur Total Hg,(ug/g)")+

ylab ("Log Fur ,Cortisol(pg/mg)")+

scale__colour_manual(values=c("#D62F27" ,"#4575B5" ) ,name ="THg Exposure", labels=c("0—15_,ug/g", ">15.ug/g"))
p4

#Plot figures with dpi=300

save_plot("all_high low.tif", p4, width = 15, height = 15, dpi = 300)

# Dichotomous high, low Hg
# subset Data

hg high = subset(data, hg fac == "1")
hg low = subset(data, hg fac == "0")
# High Hg

Iml=Ilm(hg high$logcort~hg high$loghg)
summary (1m1)

bptest (lm1)
shapiro. test (resid (Iml))
dwtest (lml) #autocorrelation
resettest (Iml)

#Rest of assumptions are met

Iml.1=lm(hg_high$logcort~hg high$loghg+thg high$hi)
summary (1lm1.1)
#HI is not signifcant

#Low Hg
Im2=Ilm (hg low$logcort~hg low8$loghg)
summary (1m2)

bptest (Im2)

shapiro.test (resid (1Im2)) #not normal

hist (resid (Im2)) #non—normality is not too bad
dwtest (Im2) #auotocorrelation

resettest (Im2)

Im2.2=Im(hg low$logcort~hg low$loghg+hg low$hi)
summary (1lm2.2)

bptest (lm2.2)

shapiro.test (resid (1lm2.2)) #not normal
hist (resid (Im2.2)) #non—normality is not too bad
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dwtest (Im2.2) #auotocorrelation
resettest (Ilm2.2)

# Combine plots
# Make Plots Together
plot2=ggarrange (p3, p4,

labels = c("A", "B"),
vjust = 1,

hjust = —-0.5,

ncol = 2, nrow = 1,

common . legend = TRUE,
legend = "right")
plot2

save_plot("combined_regression. tif",

plot2

width =

30,
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Appendix E

Supplement Information for Chapter 6: Spatial pat-
terns of dose-response relationships between mercury
and cortisol in the fur of river otter (Lontra canaden-

sis)
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# Comparison of transformation and range normalization
# Written R wversion 38.4.8

# Load Libraries
library (Hmisc)
library (ade4)
library (adegraphics)
library (lattice)
library (sp)

library (adegenet)
library (spdep)
library (adespatial)

library (rgdal)
library (factoextra)
library (ggplot2)

# Set up colour pallet
coul = c("#8dd3c7", "#ffd92f", "#bebada', '#fb8072", "#80bld3', "#fdb462"', "#b3de69")

## RAW DATA ##

#Import Data

complete_data = read.csv("grid_complete_data.csv")
hist (complete_data[,10:31])

amphib = subset(complete_data, Species == "Amphibian")

gull = subset(complete_data, Species == "Gull"| Species == "Tern")

mammal = subset(complete_data, Species == "Fisher" | Species == "Marten" |
Species == "Mink" | Species == "Muskrat"| Species == "River Otter")

# EDA of original data

hist (amphib[,10:31], nclass = 10)
hist (gull[,10:31], nclass = 10)
hist (mammal[,10:31], nclass = 10)

###A# Transform Data ####

#Sqrt Tranform

sqrt_df = sqrt(complete_data[,10:31])

summary (sqrt_df)

hist (sqrt_df)

sqrt_data = cbind (complete_data[,1:9], sqrt_df)

# Histogram by speices

amphib2 = subset(sqrt_data, Species "Amphibian")

gull2 = subset(sqrt_data, Species == "Gull"| Species == "Tern")
mammal2 = subset(sqrt_data, Species == "Fisher" | Species == "Marten"|
Species == "Mink" | Species == "Muskrat"| Species == "River_ Otter")

hist (amphib2[,10:31], nclass = 1
hist (gull2[,10:31], nclass = 10)
hist (mammal2[,10:31], nclass = 1

# Logl0 Transform

logl10_df = logl0(complete_data[,10:31]+1)

summary (log10_df)

hist (log10_df)

logl0_data = cbind(complete_data[,1:9], logl0_df)

# Histogram by speices
amphib3 = subset (logl0_data, Species

"Amphibian")

gull3 = subset(logl0_data, Species == "Gull"| Species == "Tern")
mammal3 = subset(logl0_data, Species == "Fisher" | Species == "Marten" |
Species == "Mink" | Species == "Muskrat"| Species == "River Otter")

hist (amphib3[,10:31], nclass = 10)
hist (gull3[,10:31], nclass = 10)
hist (mammal3[,10:31], nclass = 10)

#H## Normalize between 0 and 1 data by speices and lifestage ####

# Untransformed

fac = interaction(factor (complete _data$Species), factor (complete_data$Lifestage), drop = T)
fnorm.var = function(y){ return((y — min(y)) / (max(y) — min(y)))}

fnorm.tab = function(tab) {apply(tab, 2, fnorm.var)}

range_norm_df=unsplit (lapply(split (as.data.frame(complete _data[,10:31]), fac),

FUN = function(x) as.data.frame(fnorm.tab(x))), fac)

summary (range_norm_df)

# Replace NA’s with zeros

range_norm_df=rapply ( range norm_df, f=function(x) ifelse(is.nan(x),0,x), how="replace")
complete=as.data.frame(cbind (complete_data[,1:9] ,range_norm_df))

# Histogram by speices

amphibl = subset(sqrt, Species == "Amphibian")
gulll = subset(sqrt, Species == "Gull"| Species == "Tern")
mammall = subset(sqrt, Species == "Fisher" | Species == "Marten" |
Species == "Mink" | Species == "Muskrat"| Species == "River_ Otter")

hist (amphib1[,10:31], nclass = 10)
hist (gulll [,10:31], nclass = 10)
hist (mammall[,10:31], nclass = 10)
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# SQRT

fac = interaction (factor (sqrt_data$Species),factor(sqrt_data$Lifestage), drop = T)
fnorm.var = function(y){ return((y — min(y)) / (max(y) — min(y)))}

fnorm.tab = function(tab) {apply(tab, 2, fnorm.var)}

range norm_df=unsplit (lapply (split (as.data.frame(sqrt_data[,10:31]), fac),

FUN = function(x) as.data.frame(fnorm.tab(x))), fac)

summary (range_norm_df)

# Replace NA’s with zeros

range_norm_df=rapply ( range norm_df, f=function(x) ifelse (is.nan(x),0,x), how="replace")
sqrt=as.data.frame(cbind(sqrt_data[,1:9] ,range norm_df))

# Histogram by speices

amphib4 = subset(sqrt, Species == "Amphibian")
gulld = subset(sqrt, Species == "Gull"| Species == "Tern")
mammal4 = subset(sqrt, Species == "Fisher" | Species == "Marten" |
Species == "Mink" | Species == "Muskrat"| Species == "River_ Otter")

hist (amphib4[,10:31], nclass = 10)
hist (gull4[,10:31], nclass = 10)
hist (mammal4[,10:31], nclass = 10)

# LOG10

fac = interaction(factor (logl0_data$Species), factor (logl0_data$Lifestage), drop = T)
fnorm.var = function(y){ return((y — min(y)) / (max(y) — min(y)))}

fnorm.tab = function(tab) {apply(tab, 2, fnorm.var)}

range_norm_df=unsplit (lapply (split (as.data.frame(logl0_data[,10:31]), fac),

FUN = function(x) as.data.frame(fnorm.tab(x))), fac)

summary (range_norm_df)

# Replace NA’s with zeros

range_norm_df=rapply( range norm_df, f=function(x) ifelse(is.nan(x),0,x), how="replace")
logl0=as.data.frame(cbind (logl0_data[,1:9] ,range norm_df))

#Plot logl10 Transformed data

amphib4 = subset(logl0, Species == "Amphibian")
gull4 = subset(loglO0, Species == "Gull"| Species == "Tern")
mammal4 = subset(logl0, Species == "Fisher" | Species == "Marten"|
Species == "Mink" | Species == "Muskrat"| Species == "River_ Otter")

hist (amphib4[,10:31], nclass = 10)
hist (gull4[,10:31], nclass = 10)
hist (mammal4[,10:31], nclass = 10)

#### PCA and BCA on Untransformed Unnormalized data ###H#

# Run the PCA

pcal = dudi.pca(df = complete_data[,10:31], scannf = FALSE, nf = 2)
gl_l=s.arrow(pcal$co, plot=FALSE, plabels=list (cex=0.75,0optim=TRUE) ,

psub.text = "Untransformed,_ Unnormalized")
g2_1=s.class (pcal$li ,complete_data$Species, col=coul, plabels=list (optim=TRUE) ,
psub.text = "Untransformed_ Unnormalized")

ADEgS(list (gl_1,g2 1))

# BCA: Site

bca_site = bca(x = pcal, fac = complete_data$Site, scannf = FALSE, nf = 4)
s.arrow (bca_site$co, plabels=list (cex=0.75,0ptim=TRUE))
rt_between_species=randtest (bca_site)

rt__between__species

# 53% of total inertia comes from the differences between sites

# BCA: Speices

bca_species = bca(x = pcal, fac = complete_data$Species, scannf = FALSE, nf = 2)
bca__species

s.arrow (bca_species$co)

rt_between_species=randtest (bca_species)

rt__between__species

# 84% of total inertia comes from the differences between species

# BCA: Year

bca_species = bca(x = pcal, fac = as.factor (complete_data$Year),
scannf = FALSE, nf = 2)

bca__species

s.arrow (bca_species$co)

rt_between_species=randtest (bca_species)

rt__between__species

# 7.8% of total inmnertia comes from the differences between species

#H### PCA and BCA on Untransformed, range mormalized data ####

# Run the PCA

pca2 = dudi.pca(df = complete[,10:31], scannf = FALSE, nf = 2
gl_2=s.arrow (pca28co, plot=FALSE, plabels=list (cex=0.75,0optim=TRUE) ,

psub.text = "Untransformed, Range Normalized")
g2_2=s.class (pca28li ,complete$Species, col=coul, plabels=list (optim=TRUE) ,
psub.text = "Untransformed  Range Normalized")

ADEgS(list (gl_2,g2 2))

#BCA: Site

bca_site = bca(x = pca2, fac = complete$Site, scannf = FALSE, nf = 4)
#s.arrow (bca_site$co, plabels=list (cex=0.75,0ptim=TRUE))
rt_between_species=randtest (bca_site)

rt__between__species

# 89% of total inertia comes from the differences between sites
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#BCA: Speices

bca_species = bca(x = pca2, fac = complete$Species, scannf = FALSE, nf = 2)
bca__species

s.arrow (bca_species$co)

rt_between_species=randtest (bca_species)

rt__between__species

# 18.7% of total inertia comes from the differences between species

#BCA: Year

bca_Year = bca(x = pca2, fac = as.factor (complete$Year), scannf = FALSE, nf = 2)
bca__Year

s.arrow (bca_Year$co)

rt_between_Year=randtest (bca_Year)

rt__between_Year

# 7.83% of total inertia comes from the differences between Year

#### PCA and BCA on sqrt Transform , range normalized data ####
pca3 = dudi.pca(df = sqrt[,10:31], scannf = FALSE, nf = 2)
gl _3=s.arrow (pca38co, plot=FALSE, plabels=list (cex=0.75,0ptim=TRUE) ,

psub.text = "SQRT_Tranformation_ Range Normalized")
g2_3=s.class (pca3$li ,sqrt$Species, col=coul, plabels=list (optim=TRUE) ,
psub.text = "SQRT_Tranformation_ Range Normalized")

ADEgS(list (gl_3,g2 3))

#BCA: Site

bca_site = bca(x = pca3, fac = sqrt$Site, scannf = FALSE, nf = 4)
#s.arrow (bca_site$co, plabels=list (cex=0.75,0ptim=TRUE))
rt_between_species=randtest (bca_site)

rt__between__species

# 41.6% of total inertia comes from the differences between sites

#BCA: Speices

bca_species = bca(x = pca3, fac = sqrt$Species, scannf = FALSE, nf = 2)
bca__species

s.arrow (bca_species$co)

rt_between_species=randtest (bca_species)

rt__between__species

# 21% of total inertia comes from the differences between species

#BCA: Year

bca_year = bca(x = pca3, fac = as.factor(sqrt$Year), scannf = FALSE, nf = 2)
bca__year

s.arrow (bca_year8$co)

rt_bca_year=randtest (bca_year)

rt__bca_year

# 21% of total inertia comes from the differences between species

### PCA and BCA on logl0 transformed range normalized data ###
pca4d = dudi.pca(df = logl0[,10:31], scannf = FALSE, nf = 2)
gl_4=s.arrow (pcad48co, plot=FALSE, plabels=list (cex=0.75,0ptim=TRUE) ,

psub.text = "LoglO_ Tranformation Range Normalized")
g2_4=s.class (pca48li ,logl0$Species, col=coul, plabels=list (optim=TRUE),
psub.text ="LoglO_ Tranformation Range Normalized")

ADEgS(list (gl_4,g2))

#BCA: Site

bca_site = bca(x = pca4, fac = loglO8$Site, scannf = FALSE, nf = 4)
#s.arrow (bca__site$co, plabels=list (cex=0.75,0ptim=TRUE))
rt_between_species=randtest (bca_site)

rt__between__species

# 41% of total inertia comes from the differences between sites

#BCA: Speices

bca_species = bca(x = pcad4, fac = loglO$Species, scannf = FALSE, nf = 2)
bca_species

s.arrow (bca_species$co)

rt_between_species=randtest (bca_species)

rt__between__species

# 20% of total inertia comes from the differences between species

#BCA: Year

bca_Year = bca(x = pcad4, fac = as.factor(loglO$Year), scannf = FALSE, nf = 2)
bca_ Year

s.arrow (bca_Year$co)

rt_between_Year=randtest (bca_Year)

rt__between_ Year

# 7.5% of total inertia comes from the differences between Year

#Combine Plots
ADEgS(1list (gl_1,g2 1, gl_2,g2 2, gl _3,g2 3, gl _4,g2 4), layout=c(4, 2))

# Lifestage

# Set up colour pallet
coul = c('#8dd3c7", "#ffd92f", "#bebada', "#fb8072', "#80b1d3", '#fdb462", '#b3de69")

#### PCA and BCA on Untransformed Unnormalized data ####
# Run the PCA
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pcal = dudi.pca(df = complete_data[,10:31], scannf = FALSE, nf = 2)
gl_l=s.arrow (pcal$co, plot=FALSE, plabels=list (cex=0.75,0ptim=TRUE) ,

psub.text = "Untransformed Unnormalized")
g2_1l=s.class (pcal$li ,complete _data$Lifestage , col=coul, plabels=list (optim=TRUE) ,
psub.text = "Untransformed Unnormalized")

ADEgS(list (gl_1,g2_1))

# BCA: Site

bca_site = bca(x = pcal, fac = complete_data$Site, scannf = FALSE, nf = 4)
s.arrow (bca_site$co, plabels=list (cex=0.75,0optim=TRUE))
rt_between_species=randtest (bca_site)

rt__between__species

# 53% of total inertia comes from the differences between sites

# BCA: Speices

bca_species = bca(x = pcal, fac = complete_data$Lifestage , scannf = FALSE, nf = 2)
bca_species

s.arrow (bca_species$co)

rt_between_species=randtest (bca_species)

rt__between__species

# 84% of total inertia comes from the differences between species

# BCA: Year

bca_species = bca(x = pcal, fac = as.factor (complete_data$Year), scannf = FALSE, nf = 2)
bca__species

s.arrow (bca_species$co)

rt_between_species=randtest (bca_species)

rt__between__species

# 7.83% of total inertia comes from the differences between species

#### PCA and BCA on Untransformed, range mormalized data ####

# Run the PCA

pca2 = dudi.pca(df = complete[,10:31], scannf = FALSE, nf = 2)
gl_2=s.arrow (pca28co, plot=FALSE, plabels=list (cex=0.75,0ptim=TRUE) ,

psub.text = "Untransformed Range Normalized")
g2_2=s.class (pca28li ,complete$Lifestage , col=coul, plabels=list (optim=TRUE) ,
psub.text = "Untransformed Range Normalized")

ADEgS(list (gl_2,g2_2))

#BCA: Site

bca_site = bca(x = pca2, fac = complete$Site, scannf = FALSE, nf = 4)
#s.arrow (bca_site$co, plabels=list (cex=0.75,0ptim=TRUE))
rt_between_species=randtest (bca_site)

rt__between__species

# 89% of total inertia comes from the differences between sites

#BCA: Speices

bca_species = bca(x = pca2, fac = complete$Lifestage , scannf = FALSE, nf = 2)
bca_species

s.arrow (bca_species$co)

rt_between_species=randtest (bca_species)

rt__between_species

# 18.7% of total inertia comes from the differences between species

#BCA: Year

bca_Year = bca(x = pca2, fac = as.factor (complete$Year), scannf = FALSE, nf = 2)
bca_ Year

s.arrow (bca_Year$co)

rt_between_Year=randtest (bca_Year)

rt__between_ Year

# 7.83% of total inertia comes from the differences between Year

#H## PCA and BCA on sqrt Transform , range normalized data ####
pca3 = dudi.pca(df = sqrt[,10:31], scannf = FALSE, nf = 2)
gl_3=s.arrow (pca38co, plot=FALSE, plabels=list (cex=0.75,0ptim=TRUE) ,

psub.text = "SQRT, Tranformation Range Normalized")
g2_3=s.class (pca38$li ,sqrt$Lifestage , col=coul, plabels=list (optim=TRUE) ,
psub.text = "SQRT_ Tranformation Range Normalized")

ADEgS(list (gl_3,g2_3))

#BCA: Site

bca_site = bca(x = pca3, fac = sqrt$Site, scannf = FALSE, nf = 4)
#s.arrow (bca_site$co, plabels=list (cex=0.75,0ptim=TRUE))
rt_between_species=randtest (bca_site)

rt__between__species

# 41.6% of total inertia comes from the differences between sites

#BCA: Speices

bca_species = bca(x = pca3, fac = sqrt$Lifestage, scannf = FALSE, nf = 2)
bca__species

s.arrow (bca_species$co)

rt_between_species=randtest (bca_species)

rt__between_species

# 21% of total inertia comes from the differences between species

#BCA: Year

bca_year = bca(x = pca3, fac = as.factor(sqrt$3Year), scannf = FALSE, nf = 2)
bca__year

s.arrow (bca_year$co)

rt_bca_year=randtest (bca_year)
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rt__bca_year
# 21% of total inertia comes from the differences between species

### PCA and BCA on logl0 transformed range normalized data ###
pcad = dudi.pca(df = logl0[,10:31], scannf = FALSE, nf = 2)
gl_4=s.arrow (pcad48co, plot=FALSE, plabels=list (cex=0.75,0ptim=TRUE),

psub.text = "LoglO_ Tranformation Range Normalized")
g2 4=s.class(pcad4$li ,loglO8Lifestage, col=coul, plabels=list (optim=TRUE) ,
psub.text ="LoglO_ Tranformation_ Range Normalized")

ADEgS(list (gl_4,g2))

#BCA: Site

bca_site = bca(x = pca4, fac = logl0$Site, scannf = FALSE, nf = 4)
#s.arrow (bca_siteBco, plabels=list (cex=0.75,0ptim=TRUE))
rt_between_species=randtest (bca_site)

rt__between_species

# 41% of total inertia comes from the differences between sites

#BCA: Speices

bca_species = bca(x = pcad4, fac = loglO$Lifestage, scannf = FALSE, nf = 2)
bca__species

s.arrow (bca_species$co)

rt_between_species=randtest (bca_species)

rt__between__species

# 20% of total inertia comes from the differences between species

#BCA: Year

bca_Year = bca(x = pcad, fac = as.factor(loglO$Year), scannf = FALSE, nf = 2)
bca__Year

s.arrow (bca_Year$co)

rt_between_Year=randtest (bca_Year)

rt__between_Year

# 7.5% of total inertia comes from the differences between Year

#Combine Plots
ADEgS(1list (gl_1,g2 1, gl _2,g2 2, gl _3,g2 3, gl _4,g2 4), layout=c(4, 2))
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# Analysis By Species
# # Written R version 8.4.3

##### Import Data #H##
#Take the aboslute wvalues of the imputed data
data=read.csv("grid_complete_data.csv")

#H## Load Libraries ####
library (ade4)
library (adespatial)
library (adegenet)
library (sp)
library (spdep)
library (maptools)
library (adegraphics)
library (RColorBrewer)
library (readOGR)

(

library (rgdal)

##H#A# Set up data #H#AH#
#Normalize between 0 and 1 data by speices and lifestage
fac = interaction (factor (data$Species),factor(data$Lifestage), drop = T)
fnorm.var = function(y){ return((y — min(y)) / (max(y) — min(y)))}
fnorm.tab = function(tab) {apply(tab, 2, fnorm.var)}
range_norm_df=unsplit (lapply (split (as.data.frame(data[,9:31]), fac),
FUN = function(x) as.data.frame(fnorm.tab(x))), fac)
summary (range_norm_df)
# Replace NA’s with zeros
range_norm_df=rapply ( range norm_df, f=function(x)

ifelse (is .nan(x),0,x), how="replace")
norm_data=as.data.frame(cbind (data[,2:8] ,range_norm_df))

# Subets data

amphib = subset (norm_data, Species == "Amphibian")

gull = subset(norm_data, Species == "Gull"| Species == "Tern")

mammal = subset(norm_data, Species == "Fisher" | Species == "Marten" |
Species == "Mink" | Species == "Muskrat"| Species == "River Otter")

A Amphibians #HAHH#

# PCA

pcal= dudi.pca(df = amphib[,9:30], center = TRUE, scannf = FALSE, nf = 4)
gl=s.corcircle (pcal$co, plot=FALSE)

g2=s.label (pcal$li , plot=FALSE)

ADEgS(list (gl,g2))

# Between group analysis: SITE

amphib_site=bca(pcal ,as.factor (amphib$Lat),scannf=FALSE)

#plot (amphib__site , row.pellipse.col=adegpar ()8ppalette$quali (6))
rt_between_site=randtest (amphib_site)

rt__between_site

# Spatial Analysis

# Aggregate the z y coordinates for sites
xy=coordinates (amphib[,3:2])

sitexy=aggregate (amphib[, 3:2], list (amphib$Site), mean)

# Extract information by site from BCA
dim (amphib__site8$tab)
scores_by_ site—amphib_site$1i

# Attach Coordinates to sites
scores_xy=cbind (sitexy , scores_by_ site)
write.csv(scores_xy, "amphib_site_scores_xy.csv")

# Make the Maps

rivers = readOGR(dsn = "C:/Users/keccl081/Dropbox/
suuuuuuu Chapterd PCA/ All_Species /PCA_All" ,"rivers_clip")
r2 = plot(rivers , col="#CBF6FF", border="#CBF6FF")

amphib_map bca=s.value(scores_xy|[,2:3],amphib_site$li ,
symbol="circle", pgrid.draw = FALSE,
Sp=rivers , pSp.col="#CBF6FF", pSp.border="#CBF6FF" ,
ylim = c¢(55, 62), xlim = c(—115, —109))

amphib_bi = s.arrow (amphib_site$co)

##HA Gulls #H##

# PCA

pcal= dudi.pca(df = gull[,8:30], center = TRUE, scannf = FALSE, nf = 4)
gl=s.corcircle (pcal$co, plot=FALSE)

g2=s.label (pcal$li , plot=FALSE)

ADEgS(list (gl,g2))

# Between group analysis: SITE

gull_site=bca(pcal ,as.factor(gull$Lat),scannf=FALSE)

#plot (gull__site, row.pellipse.col=adegpar()8ppaletteSquali (6))
rt_between_site=randtest (gull_site)

rt__between_site
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# Spatial Analysis

# Aggregate the z y coordinates for sites
xy=coordinates (gull[,3:2])

sitexy=aggregate(gull [, 3:2], list(gull$Site), mean)

# Exztract information by site from BCA
dim(gull_site$tab)
scores_by site=gull_site8$li

# Attach Coordinates to sites
scores_xy=cbind (sitexy , scores_by site)
write.csv(scores_xy, "gull_site_scores_xy.csv")

# Make the Maps

rivers = readOGR(dsn = "C:/Users/keccl081/Dropbox/Chapterd PCA/
jwuuuuuu All_Species /PCA_AlIL" [ "rivers_clip")

#plot (rivers , col="#CBF6FF", border="#CBF6FF")

gull_map bca=s.value(scores_xy[,2:3], gull_site$li,
symbol="circle", pgrid.draw = FALSE,
Sp=rivers , pSp.col="#CBF6FF", pSp.border="#CBF6FF" ,
ylim = ¢(46, 62), xlim = c(—120, —101))

gulls_bi = s.arrow(gull_site$co)

#HAH Mammals ####

# PCA

pcal= dudi.pca(df = mammal[,9:30], center = TRUE, scannf = FALSE,
gl=s.corcircle (pcal$co, plot=FALSE)

g2=s.label (pcal$li , plot=FALSE)

ADEgS(list (gl,g2))

# Between group analysis: SITE

mammal _site=bca(pcal,as.factor (mammal$Lat),scannf=FALSE)

#plot (mammal_site , row.pellipse.col=adegpar ()8ppalette$quali (6))
rt_between_site=randtest (mammal site)

rt__between_site

# Spatial Analysis

# Aggregate the z y coordinates for sites
xy=coordinates (mammal[ ,3:2])

sitexy=aggregate (mammal|[, 3:2], list(mammal$Site), mean)

# Extract information by site from BCA
dim (mammal _site8$tab)
scores_by site—mammal site$1i

# Attach Coordinates to sites
scores_xy=cbind (sitexy , scores_by_ site)
write.csv(scores_xy, "mammal site_scores_xy.csv")

# Make the Maps

rivers = readOGR(dsn = "C:/Users/keccl081/Dropbox/Chapterd_PCA/
LuuuuuuuAll_Species /PCA_AlIL" ,"rivers_clip")

#plot (rivers , col="#CBF6FF", border="#CBF6FF")

mammal map bca=s.value(scores_xy|[,2:3] ,mammal site$li ,
symbol="circle", pgrid.draw = FALSE,
Sp=rivers , pSp.col="#CBF6FF", pSp.border="#CBF6FF" ,
ylim = ¢(53, 59), xlim = c¢(—120, —109))

mammals _bi = s.arrow (mammal_site$co)

# Plot all figures together
ADEgS(list (amphib_map bca, amphib_bi,

gull_map bca, gulls_bi,
mammal map bca, mammals bi), layout = c(3, 2))
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# Spatial PCA
# written in R version 8.4.8

# Library

library (Hmisc)
library (ade4)

library (adegraphics)
library (lattice)
library (sp)

library (adegenet)
library (spdep)
library (adespatial)

library (rgdal)
library (factoextra)
library (ggplot2)

# Set up colour pallet
coul = c('#8dd3c7", "#ffd92f", "#bebada', "#fb8072', "#80b1d3", "#fdb461", '#b3de69")

## RAW DATA ##
#Import Data
complete_data = read.csv("grid_complete_data.csv")

#H## Transform Data ####
#Sqrt Tranform
sqrt_df = sqrt(complete_data[,10:31

1)
sqrt_data = cbind(complete _data[,1:9]

, sqrt_df)
# SQRT
fac = interaction(factor (sqrt_data$Species),factor(sqrt_data$Lifestage), drop = T)

fnorm.var = function(y){ return((y — min(y)) / (max(y) — min(y)))}

fnorm.tab = function(tab) {apply(tab, 2, fnorm.var)}

range_norm_df=unsplit (lapply(split (as.data.frame(sqrt_data[,10:31]), fac),

FUN = function(x) as.data.frame(fnorm.tab(x))), fac)

summary (range_norm_df)

# Replace NA’s with zeros

range_norm_df=rapply (range_norm_df, f=function(x) ifelse(is.nan(x),0,x), how="replace")
sqrt=as.data.frame (cbind (sqrt_data[,1:9] ,range norm_df))

#### PCA and BCA on sqrt Transform , range normalized data ####

pca3 = dudi.pca(df = sqrt[,10:31], scannf = FALSE, nf = 4)

gl_3=s.arrow(pca3$co, plot=FALSE, plabels=list (cex=0.75,0ptim=TRUE),psub.text = "SQRT_ Tranformation Range Normalized")
g2 3=s.class(pca3$li ,sqrt$Species, col=coul, plabels=list (optim=TRUE) ,psub.text = "SQRT_Tranformation_ Range_ Normalized")
ADEgS(list (gl_3,g2_3))

#BCA: Site

bca_site = bca(x = pca3, fac = sqrt$Site, scannf = FALSE, nf = 4)
#s.arrow (bca_site$co, plabels=list (cex=0.75,0ptim=TRUE))
rt_between_species=randtest (bca_site)

rt__between_species

# 41.9% of total inertia comes from the differences between sites

s.arrow (bca_site$co)

write.csv(bca_site$Cl, "

sqrt__bca_loadings.csv"

#### Map the BCA components ####

# Extract data for mapping

# Aggregate the = y coordinates for sites
sitexy=aggregate(sqrt[,3:4], list(sqrt$Site), mean)

# Extract information by site from BCA
dim(bca_site$tab)
scores_by_ site=bca_site8$1i

# Attach Coordinates to sites
scores_xy=cbind (sitexy , scores_by_ site)

write.csv(scores_xy, "site_scores_sqrt_norm.csv")

# Set up Spatial DataFrame

rivers = readOGR(dsn = "C:/Users/Kristin/Dropbox/chapter4_pca/
Luuuuouu All_Species /PCA_All", layer = "rivers_clip")
rivers_convert <— fortify (rivers)

gl .map.bca=s.value(scores_xy|[,3:2],bca_site$li, symbol="circle",

pgrid.draw = FALSE, ppoints.cex=0.75,
Sp=rivers , pSp.col="#CBF6FF", pSp.border="#CBF6FF", ylim = c(52, 61),
xlim = c(—122, —106))

# Map Species Locations

ggplot (complete_data, aes(x=Long, y=Lat)) +

xlab ("Longitude ")+

ylab ("Latitude")+

geom_polygon (data=rivers_convert, aes(long, lat, group = group, fill = hole),
colour = alpha("lightgrey", 1/2), size = 0.7) +

scale__fill__manual(values = c("lightgrey", "white"), guide=FALSE)+

geom_point (aes (color = factor (complete _data$Species)),size=4)+
scale__color_manual(values=c("#8dd3c7", "#ffd92f", "#bebada", "#fb8072",
"#80b1d3", "#fdb461", "#b3de69"), name="Species")+

theme_minimal ()
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AhAA Spatia PCA #AH#

# Defining spatial weights

# Create spatial coordinates
xy=coordinates (scores_xy|[,3:2])

# To explore other spatial weights
#listw . explore ()

#No weights on the edges

#nb <—
#lw <—

# Weighted

nb <—
distnb

fdist <— lapply(distnb,

lw <— nb2listw (nb, style = "W,
# Plot neighbourhoods
gl=s.label(scores_xy|[,3:2] ,nb=nb,
# Moran’s I IDW

moran.randtest (scores_xy [, " Axisl
moran . plot (scores_xy [, "Axisl1"],
moran.randtest (scores_xy [, " Axis2
moran . plot (scores_xy [, " Axis2"],
moran.randtest (scores_xy [, " Axis3
moran . plot (scores_xy [, "Axis3"],
moran.randtest (scores_xy [, " Axis4
moran . plot (scores_xy[,"Axis4"],
#Moran’s eigenvector maps using

chooseCN (coordinates (zy ),
nb2listw (nb, style = "W,

edges
chooseCN (coordinates (xy),
<— nbdists (nb, xy)

(me=mem (lw))

s.value(scores_xy|[,3:2],

ylim = ¢(52, 61),

me[,o(1:4)],
xlim = ¢(—120,

matrices

type = 2, plot.nb = FALSE)
zero.policy = TRUE)
type = 2, plot.nb = FALSE)

function(x) 1 — x/max(dist(xy)))
zero . policy = TRUE)

glist = fdist ,

pub.edge.col="red",
"], listw=lw,nrepet=999)

listw=lw) # clustered

"], listw=lw,nrepet=999)
listw=lw) #Clustered

"], listw=lw,nrepet=999)
listw=lw) #clustered

"], listw=lw,nrepet=999)
listw=lw) # Clustered
gabriel meighbourhood

ppoints.cex=0.75,
—108))

scalol=scalogram (scores_xy|[,"Axisl"], me, nblocks=10)
plot(scalol)
scalo2=scalogram (scores_xy |, "Axis2"], me, nblocks=10)
plot(scalo2)
scalo3=scalogram (scores_xy|[,"Axis3"], me, nblocks=10)
plot(scalo3)
scalo4=scalogram (scores_xy|[,"Axis4"], me, nblocks=10)
plot(scalo4)

#H## multispqti

msl =

multispati(bca_site , lw)

msl_weight_cl=as.data.frame(msl18$cl)

plot (msl)
s.value(sitexy [,3:2], msl8li, porigin.include = FALSE)
s.value (sitexy [,3:2], ms181i[,1], porigin.include = FALSE,
Sp=rivers , pSp.col="#CBF6FF"', pSp.border="#CBF6FF")
s.value(sitexy [,3:2], msl1$1li[,2], porigin.include = FALSE,
Sp=rivers , pSp.col="#CBF6FF"', pSp.border="#CBF6FF")
s.value(sitexy [,3:2], msl$1i[,3], porigin.include = FALSE,
Sp=rivers , pSp.col="#CBF6FF"', pSp.border="#CBF6FF")
s.value(sitexy [,3:2], msl$1li[,4], porigin.include = FALSE,
s

Sp=rivers ,

pSp . col="#CBF6FF"

s.arrow (msl$cl)

write.csv (msl$cl,

multispati_lo

p.border="#CBF6FF")

adings_site__all.csv"
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I Untransformed Unnormalized

Figure E.1: Principal Components Analysis (PCA) and between components analysis
(BCA) results for each combination of transformation and normalization method which
controls for skewed data and the effects of life stage differences.
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Figure E.2: Comparison of individual between components analysis (BCA) results with
mapped scored for (A) amphibians, (B) gulls, and (C) mammals. These data have been

square-root transformed and range normalized.
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Figure E.3: Compiled BCA results with mapped scored. These data have been square-root
transformed and range normalized.The figure axis number corresponds to the component

number.
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Figure E.4: Biplot for component 1 (x-axis) and component 2 (y-axis) for interpreting
compiled BCA results with mapped scores from Figure E.3. The origin of this plot is (0,0).
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Appendix F

Abstracts of other publications completed during PhD

Thomas, P. J., Eccles, K. M., & Mundy, L. J. (2017). Spatial modelling of non-target
exposure to anticoagulant rodenticides can inform mitigation options in two boreal
predators inhabiting areas with intensive oil and gas development. Biological

Conservation, 212, 111-119.

Intensive industrial development occurs in the ecologically significant boreal forest,
including oil and gas development in northern Alberta, Canada. This forest is home to
many highly-valued animal species including fisher (Pekania pennanti; formerly Martes
pennanti) and American marten (Martes americana). Second-generation anticoagulant
rodenticides (SGARs) are commonly used near human infrastructure in developed areas
to control and reduce damage from rodent pests. High body burdens of SGARs in rodent
prey pose risks of secondary poisoning for fisher and marten that readily consume
rodents. The objective of this research was to determine if fisher and marten living in
anthropogenically-disturbed areas of northern Alberta showed evidence of SGAR
exposure. Fisher and marten carcasses were collected from the region, aged, sexed, and
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liver samples were analysed for rodenticides using liquid-chromatography mass
spectrometry (LCMS). SGARs were found in the livers of non-target fisher and marten.
As SGARs were found in the livers of fisher with sufficient frequency for complete
statistical analysis, analyses including ANOVA, linear regression, and spatial cluster
analyses were used to assess spatial patterns exhibited by fisher exposure frequencies
against potential explanatory variables such as boreal anthropogenic disturbances and
land cover classes. Additionally, companies operating in the region were surveyed to
identify their current rodent control measures in an effort to verify the results of the
spatial analyses. This is the first study to demonstrate non-target SGAR exposure of
fisher and marten in Canada. Exposure frequency in fisher exhibited clustering, which
showed the strongest relationships to factors including total boreal disturbances, number
of oil sands mines, and broadleaf forest cover. The spatial methods used in this paper

provide tools to develop local interventions for mitigation and conservation efforts.
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Hu, X. F., Eccles, K. M., & Chan, H. M. (2017). High selenium exposure lowers the odds
ratios for hypertension, stroke, and myocardial infarction associated with mercury

exposure among Inuit in Canada. Environment International, 102, 200-206.

Background: Selenium (Se) has been reported to protect against the neurotoxicity of
mercury (Hg). However, the effect of Se against Hg on cardiovascular diseases remains
unclear. Inuit living in the Arctic have high exposure to both Se and Hg through their
marine mammal and fish rich traditional diet. Objective: To characterize the co-exposure
of Hg and Se among Inuit in Canada and to assess the associations between Hg, Se and
cardiovascular health outcomes, including stroke, hypertension, and myocardial infarction
(MI). Methods: Data was collected from the International Polar Year Inuit Health Survey
(IHS) conducted in 2007 and 2008. Blood Se and Hg were measured, and self-report
cardiovascular health outcomes were collected through a questionnaire interview from
2169 adults aged 18 and above. Results: The mean age was 42.4 years, and 38.7% of the
participants were male. The geometric means (GM) of blood Se and total Hg were 319.5
ng/L and 7.0 pg/L, respectively. The crude prevalence of heart attack, stroke and
hypertension were 3.55%, 2.36%, and 24.47% respectively. Participants were categorized
into 4 exposure groups according to blood Hg (high: > 7.8 ng/L; low: < 7.8 ng/L), and
Se (high: > 280 pg/L; low: < 280 pg/L). The odds ratio (OR) of cardiovascular
outcomes were estimated using general linearized models. Results showed the low Se and
high Hg group had a higher prevalence of cardiovascular disease (OR = 1.76 for
hypertension, 1.57 for stroke, and 1.26 for MI. However, the prevalence was decreased in

both the high Se and low Hg group (OR = 0.57 for hypertension, 0.44 for stroke, and
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0.27 for MI) and the high Se and high Hg group (OR = 1.14 for hypertension, 0.31 for
stroke, and 0.80 for MI). Conclusions:The high Se and low Hg group had the lowest
prevalence of cardiovascular outcomes, except for stroke. These results provide evidence

that Se may exhibit a protective effect against Hg on cardiovascular disease.
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