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ii
ABSTRACT

The Utility of Environmental DNA and Species Distribution Models in Assessing the

Habitat Requirements of Twelve Fish Species in Alaskan North Slope Rivers

by

James B. Eddings, Master of Science
Utah State University, 2019
Major Professor: Dr. Charles Hawkins
Department: Watershed Sciences
Subsistence fishing is a vital component of Alaska’s North Slope borough
economy and culture that is being threatened by anthropogenic disturbances. These
threats mean the fish must be protected, but the size of the region makes conservation
planning difficult. Fortunately, advances in species distribution models (SDMs),
environmental DNA (eDNA), and remote sensing technologies provide potential to better
understand species’ needs and guide management. The objectives of my study were to:
(1) map the current habitat suitability for twelve fish species occurring in Alaska’s North
Slope, (2) determine if SDMs based on eDNA data performed similarly to, or improved,
models based on traditional sampling data, and (3) predict how species distributions will
shift in the future in response to climate change. | was able to produce robust models for 8
of 12 species that relate environmental characteristics to a species’ presence or absence. |
also produced maps from model predictions to identify stream reaches where species are

likely, or not, to occur. Unfortunately, the use of eDNA data did not produce useful



models in Northern Alaskan rivers. However, we were able to use data obtained from
traditional sampling methods to predict current and future species distributions that should
help inform management.

(77 pages)



PUBLIC ABSTRACT

The Utility of Environmental DNA and Species Distribution Models in Assessing the
Habitat Requirements of Twelve Fish Species in Alaskan North Slope Rivers
James B. Eddings
Subsistence fishing is a vital component of Alaska’s North Slope borough

economy and culture that is being threatened by human disturbance. These threats mean
the fish must be protected, but the size of the region makes conservation planning
difficult. Fortunately, advances in species distribution models (SDMs), environmental
DNA (eDNA), and remote sensing technologies provide potential to better understand
species’ needs and guide management. The objectives of my study were to: (1) map the
current habitat suitability for twelve fish species, occurring in Alaska’s North Slope, (2)
determine if SDMs based on eDNA data performed similarly to, or improved, models
based on traditional sampling data, and (3) predict how species distributions will shift in
the future in response to climate change. | was able to produce robust models for 8 of 12
species that relate environmental characteristics to a species’ presence or absence and
identify stream reaches where species are likely to occur. Unfortunately, the use of eDNA
data did not produce useful models in Northern Alaskan rivers. However, | was able to
generate predictions of species distributions into the future that should help inform

management for years to come.
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INTRODUCTION

Subsistence fishing is an important component of Alaska’s North Slope borough
economy and culture that is being threatened by human alteration of the landscape (Jones
et al., 2009). These fish are important, not only as catch, but also for their roles in
sustaining the aquatic ecosystems in which they are found (Earnst, 2004; R. Davies and
Walker, 1986). Significant oil production and continuing exploration paired with a
changing climate are likely to negatively affect many fish species throughout the region
(Grunblatt and Atwood, 2014). There is a need for innovative methods of monitoring and
managing fish species because of the increase in potential threats associated with National
Petroleum Reserve development within the region. With ongoing development and a
continually changing climate, there is a clear need to identify habitat requirements of
important fish species. With information on important habitat requirements, resource
managers can design mitigation strategies to best minimize habitat loss and protect
populations (Rosenfeld, 2003).

Species distribution models (SDMs) can help us understand a species’ habitat
requirements and identify important areas for protection (Elith and Leathwick, 2009).
These models create statistical relationships between the presence or absence of a species
and the ambient environmental conditions at a particular site (Guisan and Zimmermann,
2000). However, SDMs require a systematic approach in which ecological theory is used
in all steps of the model building process to ensure the predictions are useful (Austin,
2002). It is therefore important to consider ecological theory while selecting predictive
environmental variables ( Pearson et al., 2004), assessing model assumptions and their

validity when making projections into the future (Araujo and Pearson, 2005), and



determining potential causes of prediction errors (Guisan and Thuiller, 2005). If
implemented properly, SDMs can help resource managers identify specific areas or stream
reaches that are most important to protect to maintain species (Guisan and Thuiller, 2005).

SDMs are capable of answering many biological or ecological questions. Many
SDMs have been developed, but they have not been used frequently to address
conservation problems (Guisan et al., 2013). In a few cases, SDMs have been used to
identify critical habitat needs and inform decision making (e.g., Heinrichs et al., 2010;
Mainali et al., 2015; Porfirio et al., 2014). Unfortunately, many models are built only for
small regions or use predictors whose relationship to the species is not direct. Producing
SDMs with interpretable results is key in making conservation decisions, as is ensuring
models can be reproduced and updated as needed. Closer collaboration between
researchers and decision makers could facilitate the use of SDMs in more decision-making
(Guisan et al., 2013). SDMs are capable of answering questions about many potentially
manageable habitat requirements if interpretable predictors are used and communication
with resource managers is effective.

Many habitat features can influence where fish occur in streams, so predictor
selection will affect the robustness of models (Guisan et al., 2013). Furthermore,
environmental characteristics that can be observed remotely are vital because the sheer
size and remoteness of Alaska’s North Slope makes physical sampling difficult. Factors
such as temperature, waterbody connectivity, and hydrology can all influence one or more
life stages of a given fish species (Radinger and Wolter, 2014). Many of these factors also
have direct or indirect relationships with climate and can thus be used to make predictions

of how species distributions may change in the future.



Robust calibration of SDMs requires comprehensive distribution data across
regions, which is often difficult to obtain across large or inaccessible areas when using
traditional sampling methods (Thuiller et al., 2004). This is especially challenging in
Alaska’s North Slope, whose size and remoteness make gathering distribution data time
consuming, expensive, and impractical. Traditional methods are also often non-
standardized and depend on taxonomic expertise, which is in decline (Bonar et al., 2009;
Perez et al., 2017). Fortunately, a novel technique for detecting aquatic species from water
samples has been developed in recent years—environmental DNA (eDNA). eDNA is
genetic material shed by species into the environment that is used to estimate the presence
of species (Ficetola et al., 2008; Takahara et al., 2012). This technique is relatively new,
but it has already proved to be a useful tool in detecting aquatic species (Nathan et al.,
2014; Rees et al., 2014). The use of eDNA data in SDMs could improve the quality of
models, if the data it provides is as, or more, accurate than data collected traditionally.
eDNA sampling can result in larger and more precise samples, while also reducing effort
required in data acquisition, as it only requires a small water sample at each site
(Minamoto et al., 2012).

Similar to distribution data, environmental data can be difficult, time consuming,
and expensive to collect. Fortunately, recent advances in remote sensing technology
provide a potential solution. Habitat features like temperature, connectivity, and hydrology
can all influence one or more life stages of the different fish species. Remote sensing (e.g.
satellites) provides the ability to quantify many environmental features across large spatial

scales that may be predictive of aquatic species distributions. In an area as large as
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Alaska’s North Slope, remotely sensed predictor variables offer a more efficient and cost-
effective means for building an SDM.

SDMs based on current habitat conditions can be useful in identifying important
habitat characteristics, but models that can predict potential future distributions as well as
current distributions are especially needed (Guisan and Thuiller, 2005). Resource
managers and conservationists can make decisions about regions to protect or habitat
characteristics to maintain based on current conditions. However, with land use and
climate change, management strategies may need to change to remain effective. Data from
global climate models (GCMs) provide the capability to calibrate models based on spatial
variation in current climate conditions and then predict how distributions will shift with
climate change (Huntley et al., 2004).

In this thesis, | focused on 12 fish species that are present in the North Slope and
important to local ecosystems and communities. Eight of the species studied here are
salmonids: Round Whitefish (Prosopium cylindraceum), Humpback Whitefish
(Coregonus pidschian), Broad Whitefish (Coregonus nasus), Bering Cisco (Coregonus
laurettae), Least Cisco (Coregonus sardinella), Arctic Grayling (Thymallus arcticus),
Arctic Char complex (Salvelinus), and Chum Salmon (Oncorhynchus keta). The other four
species include Alaska Blackfish (Dallia pectoralis), Ninespine Stickleback (Pungitius
pungitius), Slimy Sculpin (Cottus cognatus), and Burbot (Lota lota). The whitefish, cisco,
char, salmon, and grayling are all known to be anadromous or semi-anadromous species in
Alaska’s North Slope (Harper et al., 2012; Lee David S. (David Stephen) et al., 1980;
McPhail and Lindsey, 1970). Most of these fish inhabit river mouths and brackish waters

near the coast other than when they move upstream in late summer or fall to spawn



(McPhail and Lindsey, 1970). The other four species have slightly different life histories.
Most are not anadromous, but all species have been found in brackish or marine waters
along Alaska’s coast (Lee, David S. et al., 1980). Blackfish and stickleback are small
species that prefer Alaska’s lowlands. Burbot and sculpin also prefer lowland areas
because streams in these areas have relatively low stream gradients and are close to lakes,
where they spawn. However, they differ from many of the other species in that they are
most active at night and spawn in spring and winter respectively (Hofmann and Fischer,
2002; McPhail and Lindsey, 1970; McPhail and Paragamian, 2000). Although we know
basic aspects of the ecology and life histories of these twelve species, we lack critical
information regarding what factors most strongly influence their distributions.

The objectives of my study were to: (1) map the current habitat suitability of
Alaska’s North Slope for the twelve target fish species, (2) determine if SDMs based on
eDNA data performs similarly to, or improve, models based on traditional data, and (3)
predict how species distributions will shift in the future in response to climate change.
The ~245,000 km? study region, which also contains the National Petroleum Reserve and
nearly 9,500 people, is a vast and remote area that is home to a unique ecosystem upon
which many fish species, and the people who inhabit the region, depend (Davies and
Walker, 1986; Wolfe and Walker, 1987). To address my goals, | built SDMs for each of
the twelve fish species based on both eDNA data and data produced from traditional
sampling methods throughout Alaska’s North Slope and then applied these models to

current and future climate scenarios.



METHODS

2.1 Overall approach

I used Random Forest models, remotely sensed predictors, and species occurrence
data to create SDMs for the twelve fish species. I used several model performance metrics
to compare the performance of models based on eDNA versus traditionally sampled
occurrence data. Then I used recent climate data to calibrate models and forecast future
distributions. Finally, I used the SDMs to predict how species’ distributions will likely

change in response to climate change.

2.2 Study area and data

The North Slope borough of Alaska (Fig. 1) is the northernmost human occupied
region in both Alaska and North America, and according to the 2010 US census is home to
nearly 9500, mostly indigenous, people. Despite its small population, Alaska’s North
Slope covers 245,521 square kilometers extending from the Brooks Range to the Arctic
Ocean. The North Slope is home to a uniquely diverse landscape (Kittel et al., 2011). Its
landscape includes the mountains of the Brooks Range in the south and coastal lowlands
dotted with glacial lakes and braided rivers in the north. A major reason for such high
interest in protecting species throughout this region is the ongoing development of the
National Petroleum Reserve in Alaska (NPRA). At 95,506 square kilometers, the NPRA
covers roughly 39% of the North Slope and includes the headwaters of the Colville River

and other river systems (Fig. 1).
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Figure 1: The North Slope borough of Alaska and the National Petroleum Reserve Alaska
(NPRA).

The U.S. Bureau of Land Management and Alaska Department of Fish and Game
collected presence-absence data for the 12 fish species through the summer and fall
months of 2001-2016. Species presence or absence was determined with both traditional
and eDNA sampling methods in stream segments from 1-5 km in length. Traditional
sampling methods were similar to those described by Portt et al., (2006) and included
electrofishing and seine netting. eDNA samples were collected, extracted, and identified
following methods similar to those in Thomsen et al., (2012). One hundred ninety-eight
river and stream sites were sampled throughout the North Slope. Of these, 68 sites were

sampled for eDNA and 130 were sampled with traditional methods.



2.3 Random Forest model development and evaluation

Random Forest (RF) is a nonparametric modeling technique that takes advantage
of bootstrapped resampling to produce and aggregate large numbers of different
classification and regression trees (Breiman, 2001). There are many advantages to using
RF models for species distribution modeling, which has led to their use in several
ecological assessments (Pacifici et al., 2015; Terrado et al., 2016; Treglia et al., 2015). RF
models are not only highly accurate relative to other methods, but they also are capable of
handling large numbers of predictor variables and complex interactions (Cutler et al.,

2007). I used the randomForest package in R (Liaw et al., 2002) to develop models.

2.3.1 Balancing presence-absence data

The presence/absence data were generally severely unbalanced for all species, with
many species having much fewer presences than absences. Unbalanced data can be a
problem when building RF models because a percentage of the data is pulled as test data
and not used to train the model. If all or most of the presences were to get pulled as test
data, the model algorithm has fewer presences to build the model from. To combat this
problem, I used the sampsize function in randomForest, which allowed me to specify that

the model be built based on a one to one ratio of presences to absences.

2.3.2 Predictor selection
I considered 83 candidate environmental predictor variables that were available for
the entire North Slope borough (Table 1). Past studies have shown environmental

characteristics such as stream temperature, evapotranspiration, and connectivity perform
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Figure 2: Numbers of presences and absences for each of the twelve fish species.

well in predicting fish distributions (Radinger and Wolter, 2014). However, stream
temperature cannot be remotely sensed either easily or accurately, so I used air
temperature as a surrogate for stream temperature (Bailing et al., 2018; Rodell et al.,
2004). Sixty-two of the predictors were compiled from a variation of StreamCat, a stream-
catchment dataset that includes both land use and natural landscape variables (Hill et al.,
2016), built specifically for the North Slope by Dr. John Olson (California State
University at Monterey Bay). These variables include estimates of evapotranspiration,
enhanced vegetation index, gross primary productivity, snow cover, and fire derived from
the Moderate Resolution Imaging Spectroradiometer (MODIS). Each of these predictors
were available at both the ‘local-catchment’ (reach-scale watershed) and ‘watershed’

(upstream watershed) scale.
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Table 1. All (83) of the candidate remotely sensed environmental predictor variables
considered for inclusion in the species distribution models for 12 fish species in Alaska’s
North Slope. The 6 predictors used in final models are denoted with a “*.

Predictor name

Description

AreaSqKM*
ET Cat

ET Ws

EVI Cat
EVI Ws

Fire Cat
FireMax Cat
FireSum_Cat
Fire Ws
FireMax Ws
FireSum Ws
GPP_Cat

GPP_Ws
WV_Cat
WV_WS

Alder Cat

Arcto Cat

Bare Cat

Birch Cat
Burned Cat
Carex_Cat
CoastMarsh_Cat
Deciduous_Cat
Dwarf Cat
Dwarfother Cat
IceSnow_Cat
Willow Cat
Marine Cat
Mesicsedge Cat
Mesiherb_Cat
Mixleaf Cat
Needle Cat
Openwater Cat
Sparsveg Cat
Tussock Cat
Unclassified Cat

Watershed area, (km?)

Longterm average Evapotranspiration (2000-13) from MODIS--
catchment scale (kg/m?/8day)

Longterm avg. Evapotranspiration (2000-13) from MODIS--
watershed scale

Longterm avg. Enhanced Vegetation Index from MODIS (EVI)
Longterm avg. Enhanced Vegetation Index from MODIS
Longterm avg. Fire data from MODIS (km?)

Longterm max. Fire data from MODIS

Longterm sum of Fire data from MODIS

Longterm avg. Fire data from MODIS

Longterm max. Fire data from MODIS

Longterm sum of Fire data from MODIS

Longterm avg. Gross Primary Productivity from MODIS
(kg C m?)

Longterm avg. Gross Primary Productivity from MODIS
Longterm avg. atmospheric water vapor from MODIS (cm)
Longterm avg. atmospheric water vapor from MODIS
Proportion of the catchment that is Alder

Proportion of the catchment that is Arctophila

Proportion of the catchment that is Bare

Proportion of the catchment that is Bircerial

Proportion of the catchment that is Burned

Proportion of the catchment that is Carex

Proportion of the catchment that is Coastal Marsh
Proportion of the catchment that is Deciduous

Proportion of the catchment that is Dwarfsdryas

Proportion of the catchment that is Dwarfsdryas other
Proportion of the catchment that is Ice/Snow

Proportion of the catchment that is Low Tall Willow
Proportion of the catchment that is Marine Beach
Proportion of the catchment that is Mesic sedge

Proportion of the catchment that is Mesiher

Proportion of the catchment that is open mixed leaf
Proportion of the catchment that is open needle

Proportion of the catchment that is Open water

Proportion of the catchment that is Sparsveg

Proportion of the catchment that is Tussocks

Proportion of the catchment that is Unclassified
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Wetsedgesph Cat
Wetsedge Cat
Woodneedle Cat
Alder Ws

Arcto Ws

Bare Ws

Birch Ws
Burned Ws
Carex Ws
CoastMarsh Ws
Deciduous Ws
Dwarf Ws
Dwarfother Ws
IceSnow Ws
Willow_Ws
Marine Ws
Mesicsedge Ws
Mesiherb Ws
Mixleaf Ws
Needle Ws
Openwater Ws
Sparsveg Ws
Tussock Ws
Unclassified Ws
Wetsedgesph Ws
Wetsedge Ws
Woodneedle Ws
PetCCC_Cat

PetCCC_Ws
PetMPI Cat
PetMPI Ws
MAGT Cat

MAGT Ws

ALT Cat

ALT WS

Proportion of the catchment that is Wet sedge sph
Proportion of the catchment that is Wet sedge

Proportion of the catchment that is Wood needle leaf
Proportion of the watershed that is Alder

Proportion of the watershed that is Arctophila

Proportion of the watershed that is Bare

Proportion of the watershed that is Bircerial

Proportion of the watershed that is Burned

Proportion of the watershedthat is Carex

Proportion of the watershed that is Coasalt Marsh
Proportion of the watershed that is Deciduous

Proportion of the watershed that is Dwarfsdryas
Proportion of the watershed that is Dwarfsdryas other
Proportion of the watershed that is Ice/Snow

Proportion of the watershed that is Low Tall Willow
Proportion of the watershed that is Marine Beach
Proportion of the watershed that is Mesic sedge
Proportion of the watershed that is Mesi herb

Proportion of the watershed that is open mixed leaf
Proportion of the watershed that is open needle

Proportion of the watershed that is Open water

Proportion of the watershed that is Sparsveg

Proportion of the watershed that is Tussocks

Proportion of the watershed that is Unclassified
Proportion of the watershed that is Wet sedge sph
Proportion of the watershed that is Wet sedge

Proportion of the watershed that is Wood needle leaf
Potential evapotranspiration for 2000-09 from Canadian Center for
Climate Modeling (mm)

Potential evapotranspiration for 2000-09 from Canadian Center for
Climate Modeling

Potential evapotranspiration for 2000-09 from Max Planck
Institute Earth model

Potential evapotranspiration for 2000-09 from Max Planck
Institute Earth model

Decadal avg. Mean Annual Ground Temperature from
Geophysical Institure Permafrost Lab (C)

Decadal avg. Mean Annual Ground Temperature from
Geophysical Institure Permafrost Lab

Decadal avg. Active Layer Thickness from Geophysical Institute
Permafrost Lab (cm)

Decadal avg. Active Layer Thickness from Geophysical Institute
Permafrost Lab
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CoastMin*
CoastMax
CoastRange
CoastMean
LakeMin*

LakeMax
LakeRange
LakeMean
ElevDif m
Slope*
ObsTemp*
ObsPrecip*

Minimum distance to coast (km)

Maximum distance to coast

Range (max. - min.) distance to coast

Mean distance to coast

Minimum distance to winter lake refugia (i.e., does not completely
freeze through) (m)

Maximum distance to winter lake refugia

Range (max. - min.) distance to winter lake refugia

Mean distance to winter lake refugia

Elevation drop from upstream to downstream end of reach (m)
Segment slope calculated from ElevDif and segment length
Observed air temperature, 1981-2010 (C)

Observed precipitation, 1981-2010 (mm/month)

Random Forest can produce models with a large suite of predictors, but I selected

six predictors to create final models that would be both parsimonious and interpretable. Of

the 83 initial candidate predictors, I eliminated 21 immediately because they had little to

no variation across the North Slope (Appendix D). I produced initial models based on the

remaining 62 variables to identify the strongest predictors. I then eliminated 56 more

variables, most of which described vegetation types and productivity (e.g., gross primary

productivity [GPP], enhanced vegetation index [EVI], willow, etc.) because relationships

between fish occurrence and these variables would be difficult to interpret. The final list of

six predictor variables included mean annual air temperature from 1981-2010 (ObsTemp),

mean monthly precipitation (ObsPrecip) from 1981-2010, minimum distance to the coast

(CoastMin), minimum distance to an unfrozen lake (LakeMin), channel slope, and

watershed area (AreaSqKM) (Table 1). I compared performance of these models with the

full models to ensure I did not sacrifice performance for interpretability. Models built with

the six predictors I selected performed very similarly to the models built with 62

predictors. I therefore report the results of models built with only the six habitat
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characteristics. I also used a scatterplot matrix to identify any correlations among predictor
variables (Albuquerque et al., 2009), which could confound interpretation. These six
predictors had the potential to produce simple, reproducible, and interpretable models that

could also be used in predicting how climate change would influence distributions.

2.3.3 Model performance evaluation

I evaluated the performance of models with measures of sensitivity, specificity, the
true skill statistic (TSS), and AUC as well as receiver operating characteristic (ROC)
plots. Sensitivity, also called the true positive rate, measures the rate at which the model
correctly predicts presences, and specificity, or the true negative rate, measures the rate at
which the model correctly classifies absences (Lalkhen and McCluskey, 2008). The ROC
plot is a graphical display of the ability of a model to predict presences and absences. The
AUC is the area underneath the receiver operating curve and equals the probability of a
classifier ranking a randomly chosen presence higher than a randomly chosen absence
(Fawcett, 2006). AUC is often used to compare model performance (Hand, 2009).
However, AUC can be noisy in that it does not do a good job of showing whether a model
successfully predicts presences or absences (Hanczar et al., 2010). The true skill statistic is
another method for comparing model performance that yields less noise than AUC. The
TSS formula (sensitivity + specificity -1) provides a simple balance between the ability of
the model to predict presences and absences and offers a good representation of how well
a model is calibrated (Vezza et al., 2015). I defined models as robust, or useful for
management purposes, if the AUC was greater than 0.75 and the TSS was greater than 0.5

(Allouche et al., 2006; McNyset, 2005).
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I also generated variable importance and partial dependence plots for each species
to assess how habitat characteristics influenced each species. Variable importance plots
show the degree to which each variable is associated with the presence or absence of a
species. Partial dependence plots show the marginal effects of an individual environmental
characteristic on a species — i.e., how the probability of observing a species varies with

changes in the value of each predictor.

2.3.4 eDNA and traditional model comparison

To compare performance of models built with eDNA data with those built with
traditionally sampled data, I modeled each of the five species for which I had both types of
data in 4 different scenarios. I had access to eDNA data for five fish species at 68 sites:
Burbot, Arctic Char complex, Least Cisco, Arctic Grayling, and Chum Salmon. I had
occurrence data based only on traditional sampling methods from 130 sites for all twelve
fish species. Models for those seven species I did not have eDNA data for were built only
with traditional data. For the five species with both data types, I built models with all of
the traditional data (» = 130). Then I built models with just the eDNA data (n = 68). Next,
I built models with traditional data randomly selected to match the sample size of the
eDNA data (n = 68). Finally, I built models with traditional and eDNA data combined (n
= 198). Whichever data type produced the best performing models was the data type |

used to produce final models.

2.4 Predicting and mapping recent (1981-2010) distributions

To map likely current species distributions, I used the predict function from the

randomForest package for each model built with whichever data type performed best.
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This function produced a likelihood of occurrence (0-1) of a species in each stream
segment in the North Slope. Then, I appended those predicted values to the attribute table
of a National Hydrological Dataset (NHD) shapefile, an ARCGIS shapefile delineating the
streams in the region. I color-coded each stream reach based on the predicted probability

of occurrence for a species.

2.5 Predicting and mapping potential future (2071-2100) distributions

To project how fish distributions are likely to shift by the end of the century, I
substituted end-of-century temperature and precipitation projections from three different
climate models and two different emission scenarios into SDMs for each species. The
climate projections I used were produced from (1) the Geophysical Fluid Dynamics
Laboratory Earth System Model (GFDL-ESM2), (2) the Institut Pierre-Simon Laplace
(IPSL) model, and (3) the Model for Interdisciplinary Research on Climate (MIROCY)
(Dunne et al., 2013; Hourdin et al., 2013; Watanabe et al., 2010). I used these three
different climate projections to account for several different potential scenarios (Figures 2
& 3, Appendix B). Data from each climate model included predictions based on both a
low and high emission scenario to bracket the likely range of possible outcomes.
Projections from each model-emission scenario combination were downscaled (Bailing et
al., 2018; Rodell et al., 2004) to 150-250 km? resolution by Dr. Jiming Jin (Utah State
University) based on observed climate data for the region (Global Land Data Assimilation
System Version 2 [GLDAS-2]). I also used the different climate scenarios to model
temperature and precipitation for recent years to see which projection produced
temperature and precipitation values most similar to actual conditions. I then built RF

models with the same six predictors (ObsTemp, ObsPrecip, CoastMin, LakeMin, Slope,
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and AreaSqKM) but with future temperature and precipitation values from the downscaled
climate model that best predicted recent temperature and precipitation (Figures 3 & 4).

I then used the same procedures described above to map the predicted probabilities
of occurrence at the end of the century and show potential shifts in distributions. To show
how potential distributions might change over time, I used the calculate field tool in
ARCGIS to create a new field in the NHD shapefile’s attribute table. This field included
the difference between the present and end of the century in predicted probabilities of
occurrence for individual reaches. I also summed the predictions of occurrence for all
species in each stream segment to estimate species richness (out of the 12 target species)
in each reach. Summing the same predictions for the end of century allowed me to identify

areas where species richness is likely to change over time.
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RESULTS

3.1 eDNA and traditional model performance results

In general, eDNA models performed markedly worse than traditional models
(Table 2). Of the five species for which I compared model performance, four of the
models built with traditionally sampled data far outperformed models built with eDNA
data. Models built with traditional data for Burbot, Least Cisco, Chum Salmon, and
Salvelinus had TSSs between 0.28 and 0.92, and AUCs between 0.56 and 0.97 (Table 2).
Models built for the same species with eDNA data had TSSs of 0.01 to 0.39 and AUCs
from 0.55 to 0.62 (Table 2). Sensitivity and specificity were also consistently higher for
models of Burbot, Least Cisco, Chum Salmon, and Sa/velinus built with traditional data
(Table 2).

Models built with eDNA data for Arctic Grayling performed better than models
built with traditional data. The eDNA model had a TSS of 0.39 and an AUC of 0.75,
whereas the traditional model had a TSS of -0.05 and an AUC of 0.48. Specificity and
sensitivity were both higher in the eDNA-based model (Table 2).

Models built with traditionally sampled data from 68 randomly selected sites
consistently performed somewhere in between the traditional and eDNA models with the
exception of Salvelinus, in which case this dataset produced the best model for the species
(Table 2). Similarly, models built with traditional and eDNA data performed worse than
models built with just traditional data, but better than models built with just eDNA data

(Table 2).
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Table 2: Model performance for models built with traditionally sampled data and those

with eDNA data, as well as a combination of both data types for five fish species in

Alaska’s North Slope. Best performing models (based on TSS) are in boldface.

Species # of Presences  Sensitivity  Specificity AUC TSS
Traditional Burbot 9 0.89 0.88 0.85 0.77
(n=130) Arctic

Grayling 85 0.61 0.33 048 -0.05

Least

Cisco 10 1.00 0.93 097 0.93

Chum

Salmon 5 0.40 0.88 0.56 0.28

Salvelinus 12 0.50 0.81 0.75 0.31
Traditional Burbot 9 0.75 0.87 0.87 0.62
(n =68) Arctic

Grayling 45 0.71 0.57 0.60 0.28

Least

Cisco 10 1.00 0.90 0.95 0.90

Chum

Salmon 5 0.40 0.79 0.66 0.19

Salvelinus 12 0.58 0.88 0.85 0.46
eDNA Burbot 23 0.39 0.62 0.56 0.01
(n=68) Arctic

Grayling 57 0.84 0.55 0.75  0.39

Least

Cisco 22 0.59 0.63 0.62 0.22

Chum

Salmon 7 0.43 0.77 0.55 0.20

Salvelinus 9 0.33 0.75 0.61 0.08
eDNA + Burbot 32 0.64 0.75 0.70  0.39
Traditional Arctic
(198) Grayling 142 0.72 0.44 0.54 0.17

Least

Cisco 32 0.79 0.78 0.79  0.57

Chum

Salmon 12 0.41 0.82 0.55 024

Salvelinus 24 0.41 0.78 0.68 0.19

3.2 Performance of final species distribution models all species

Models for Burbot, Least Cisco, Bering Cisco, Alaska Blackfish, Round Whitefish,

Ninespine Stickleback, Humpback Whitefish, and Broad Whitefish built with all

traditional data (n = 130) were robust with AUCs from 0.85 to 0.97 and TSSs from 0.53 to
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0.92 (Table 3). Models for Arctic Grayling, Slimy Sculpin and Sa/velinus had AUCs of

0.75, 0.71, and 0.85 respectively, but did not perform very well because they failed to

correctly predict presences, resulting in low TSSs and sensitivity (Table 3). The model for

Chum Salmon performed poorly with an AUC of 0.48 and a TSS of 0.28 (Table 3).

Weighted
importance

Area

Predictor importance

Air temperature

Min. distance to coast

Channel slope

Precipitation

Min. distance to lake

Figure 5: Weighted importance of the six core predictors used in final models.

Table 3: Model performance results for Random Forest models for twelve
Alaskan fish species. Performance measures include: sensitivity, specificity,
Area Under the Curve (AUC), and True Skill Statistic (TSS). Predictors are
abbreviated as per Table 1. Sample size for all species was 130. Models built
with eDNA data are denoted with a *, and models built with trimmed traditional

data **,
T Predictors in
S order of
Species # Present  Sensitivity Specificity AUC S importance
Slope, CoastMin,
Area, LakeMin,
ObsTemp,
Burbot 9 0.89 0.88 0.85 0.77  ObsPrecip
Area, ObsTemp,
LakeMin, Slope,
Arctic ObsPrecip,
Grayling* 57 0.84 0.55 0.75 039 CoastMin
Slope, CoastMin,
ObsTemp, Area,
Least Cisco 10 1.00 093 097 093  ObsPrecip, LakeMin
ObsPrecip, Area,
Chum Slope, LakeMin,
Salmon 5 0.40 0.88 0.56 0.28 CoastMin, ObsTemp
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Table 3 (cont.)

Slope, ObsPrecip,
Area, CoastMin,
Salvelinus ** 12 0.58 0.88 0.85 0.46 LakeMin, ObsTemp
CoastMin, Slope,
ObsTemp, LakeMin,

Bering Cisco 7 1.00 0.88 0.96 0.88  Area, ObsPrecip
Slope, CoastMin,
Slimy ObsPrecip, Area,
Sculpin 31 0.48 0.79 0.71 0.27 LakeMin, ObsTemp
Slope, CoastMin,
LakeMin,
Alaska ObsPrecip,
Blackfish 8 0.75 0.82 0.87 0.57 ObsTemp, Area
Slope, CoastMin,
Round ObsPrecip, Area,
Whitefish 10 0.70 0.89 0.86 0.59 ObsTemp, LakeMin
CoastMin, Slope,
LakeMin,
Ninespine ObsPrecip, Area,
Stickleback 39 0.74 0.79 0.85 0.53 ObsTemp
Slope, CoastMin,
Humpback Area, ObsPrecip,
Whitefish 10 0.90 0.90 094 0.80 ObsTemp, LakeMin
Slope, CoastMin,
Broad Area, ObsPrecip,
Whitefish 13 1.00 091 096 091 LakeMin, ObsTemp

Channel slope and minimum distance to the coast were the most important
predictors of species occurrences (Figure 5). Slope was the most important predictor for
75% of species and among the top three predictors for 1 of the species (Table 3, Figure 5,
Appendix A). Minimum distance to the coast was the most important predictor for two
species and among the top two predictors for nine of 12 species (Table 3, Figure 5,
Appendix A). Mean annual air temperature and the minimum distance to an unfrozen lake
were the least important predictors (Table 3, Figure 5, Appendix A).

Species’ distributions across the North Slope were generally similar, with all
predictions including higher likelihoods of occurrence in the coastal lowlands. All five

whitefish species models (Broad Whitefish, Humpback Whitefish, Round Whitefish,
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Bering Cisco, and Least Cisco) showed these species were more likely to inhabit stream
reaches near or connected to the coastline. Few of the models showed these five species
occurring inland very far, except in the Meade and Colville river systems (Figure 6).
Burbot were predicted to be present in similar coastal systems but also further upstream in
the Meade and Okpiksak rivers (Figure 6). Alaska Blackfish and Ninespine Stickleback
were predicted to occur throughout a much larger portion of the rivers and streams in the
North Slope. These two species were most likely to be found in the marshes south and
west of the Meade river delta (Figure 6). Slimy Sculpin were predicted to occur
throughout the center of the North Slope and had the farthest inland predicted range

(Figure 6).

3.3 Predictions of future species distributions

Overall, the mean changes in probabilities of occurrence across the region were
negligible for each species (Table 4). Similarly, species richness was not predicted to
change much as a whole throughout the North Slope (Figure 7). The sum of change
estimates for each of the 3,088 stream segments was 288.9, which suggests the stream
reaches across the North Slope may be able to support slightly more fish species by the
end of the century. Chum Salmon (+0.03), Salvelinus (+0.03), Round Whitefish (+0.03),
and Humpback Whitefish (+0.03) were all predicted to increase in mean probability of
occurrence, whereas Burbot was predicted to decrease in probability of occurrence (-0.03)
(Table 4). Changes in mean probability of occurrence for Arctic Grayling, Least Cisco,
Bering Cisco, Slimy Sculpin, Alaska Blackfish, Ninespine Stickleback, and Broad
Whitefish were all negligible (Table 4). Despite little change through the region on

average, some stream reaches were predicted to experience sharper increases or decreases
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in species occurrence. For instance, Salvelinus probability of occurrence was predicted to
increase by 30% in streams along the west coast of the North Slope (Figure 6). However,
the same species was predicted to be less likely to occur by as much as 30% in the
southeast (Figure 6).

Table 4: Mean probability of occurrence in an Alaskan North Slope stream for each
species now and in the future, and the difference between the two.

Mean probabilities of occurrence

Species Current Future Difference

Burbot 0.39 0.36 -0.03
Arctic Grayling 0.42 0.43 0.01
Least Cisco 0.27 0.27 0.00
Chum Salmon 0.36 0.39 0.03
Salvelinus 0.43 0.46 0.03
Bering Cisco 0.29 0.29 0.00
Slimy Sculpin 0.44 0.45 0.01
Alaska Blackfish 0.36 0.35 -0.01
Round Whitefish 0.36 0.39 0.03
Ninespine Stickleback 0.39 0.39 0.00
Broad Whitefish 0.33 0.34 0.01
Humpback Whitefish 0.32 0.35 0.03

Some species were predicted to undergo shifts in their distributions in response to
climate change, whereas others were predicted to experience negligible shifts. A few
stream reaches and networks stood out as places where probabilities of occurrence were
likely to change more than other places. Broad Whitefish, Humpback Whitefish, Bering
Cisco, Least Cisco, Arctic Grayling, Round Whitefish, and Ninespine Stickleback were all
predicted to increase by +10-30 percent in the Meade and Okpiksak river networks in the
center of the northern coast (Figure. 6). In the south (headwaters of the Colville river),
Humpback Whitefish, Arctic Grayling, Salvelinus, Round Whitefish, Burbot, and Slimy

Sculpin were predicted to increase by +10-30 percent (Figure 4). Broad Whitefish,
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Salvelinus, Round Whitefish, and Slimy Sculpin were predicted to increase from +10-30

percent along the west coast of the North Slope (Figure 3).
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Figure 7: Modeled species richness (0 — 12) in stream segments in Alaska's North
slope now (top left) and in the future (top right) and the predicted change in species

richness by the end of the century (bottom).
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DISCUSSION

This study was designed to build useful and robust species distribution models for
twelve fish species in Alaska’s North Slope. Here, I discuss the potential value of using
SDMs to inform management actions in a remote region where data are difficult or
expensive to collect. There were a few predictors I was surprised did or did not have a
strong influence on species’ distributions. I speculate as to why we saw signals from
predictors that I did not expect. I also discuss the potential advantages and disadvantages
of using eDNA data to produce SDMs for river-dwelling fish species. Finally, I discuss
predictions of species distributions into the future and how managers might best use that

knowledge to preserve species of interest.

4.1 Predicting current habitat suitability

In places such as northern Alaska, where on-the-ground data collection is difficult,
SDMs are a useful tool with regard to identifying important habitat areas. In this study, I
was able to produce robust models based on only remotely sensed habitat data and
relatively sparse species occurrence data. Species distributions have been effectively
modeled in the past with only remotely-sensed predictor variables (Gottschalk et al.,
2005), but I was able to demonstrate their effectiveness in instances where species
occurrences were rare. Despite a small amount of data, the Random Forest models
produced accurate models (AUC > 0.8 and/or TSS > 0.5) for eight species. Accurate
predictions allowed me to generate maps that show where the species are likely (or not) to
occur throughout the North Slope, but especially in the NPRA where management priority

is high due to increases in development. Managers can use these models and maps to
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prioritize areas or stream reaches that are most important to protect and maintain
populations of important fish species.

Although many remotely-sensed predictors are available in the North Slope, using
predictors with potential redundancy can result in a difficult to interpret model. To make
models more interpretable and useful, I built models with only six predictors whose
potential relationships to fish occurrence were more interpretable. Random Forest is
capable of generating robust models from large groups of predictors that may have
complex interactions (Cutler et al., 2007). Unfortunately, these full models did not provide
much useful information because some variables were redundant or had unclear
relationships to the species. Instead of using such cumbersome and uninterpretable
models, I was able to produce interpretable models based on just six predictors. These
models performed similarly, or as well, as models built with all of the predictor variables
and allowed more clear inferences to be made about species presence or absence in
relation to habitat.

I found most species were predicted to occur in similar parts of the study region —
i.e., coastal river systems. The majority of species were predicted to more likely occur in
systems along or near the coastline, the only exceptions being Arctic Grayling and Slimy
Sculpin. These results are consistent with the ranges of these species reported by McPhail
and Lindsey, (1970). The salmonid species (whitefish, cisco, Salvelinus, and salmon), with
the exception of Arctic Grayling, are anadromous species. It is therefore not surprising
that these species were most likely predicted to occur in river deltas and coastal systems,
or that their most important predictors were slope and minimum distance to the coast.

Ninespine Stickleback and Alaska Blackfish were predicted to be present in coastal
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regions as well, but not as often in deltas and river mouths. These two species are known
to prefer coastal lowlands and inhabit brackish waters, which explains why they were not
predicted to occur in the foothills to the south of the coastal plain region. Arctic Grayling
and Slimy Sculpin were predicted in systems across the North Slope, although model
performance for both species was weak. It is possible that there are suitable reaches that
these species, sculpin especially because of their poor swimming abilities, are not able to
reach. Burbot were predicted most often in coastal lowland streams as well, which is
likely a function of the number of glacial lakes and ponds that occur in this region, which
Burbot use for breeding and overwintering.

After modeling and mapping species distributions, I noticed that most species were
predicted to occur in the coastal plain region where glacial lakes are prominent, yet
minimum distance to a lake did not have a strong signal. Eight of eleven species were
predicted to occur predominantly in the northern portion of the North Slope along the
coast. Glacial lakes and ponds are abundant in this northern region above the Brooks
Range, but minimum distance to a lake only ranked as high as the third most important
predictor for only three species (Table 3). Especially for a species like Burbot, that uses
lakes as spawning grounds, it was somewhat unexpected that distance to a lake was not a
more important predictor of their occurrence. I suspect that, because lakes are so abundant
throughout the region, there was less signal associated with connectivity to lakes as there
might be in a dryer region. If more samples had been taken deeper into the Brooks Range,
minimum distance to a lake may have shown more effect because lakes would be

generally farther from more sample sites.
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4.2 eDNA versus traditional model performance

I was able to produce robust models from sparse data, but I was not able to
reproduce or improve models by using or adding eDNA data. Despite adding more
presences to the data sets, using eDNA data or combining eDNA with traditional data did
not produce better models. eDNA has generally been shown to be a useful tool for
detecting aquatic species (e.g. Minamoto et al., 2012; Nathan et al., 2014; Rees et al.,
2014; Takahara et al., 2012; Wilcox et al., 2013), but in this study eDNA data produced
poorly performing models suggesting there is more to learn about eDNA before it can be
used effectively in species distribution modeling. One factor that may limit the utility of
eDNA is that DNA can be transported downstream to different habitats before it degrades
(Jane et al., 2015). In such cases, eDNA could produce false positives that compromise
model performance. In fact, Strickler et al., 2015 found in a lab experiment that most
eDNA degradation occurs over three to ten days, and that eDNA persisted in colder
conditions for up to fifty-eight days. In Northern Alaska, where colder water temperatures
are likely to allow eDNA to persist, we need to better understand how quickly eDNA
degrades in streams and rivers before it can be used effectively to model species

distributions.

4.3 Future species distributions

Despite an increase in mean annual air temperature, overall changes in almost all
species’ distributions were negligible. With air temperatures projected to potentially
increase by ten degrees C or more in parts of the North Slope, it is reasonable to expect
that fish distributions would likely shift markedly. In fact, some climate change model

predictions suggest streams in snowmelt-dominated regions will be highly sensitive to
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climate change (Wu et al., 2012). However, more recent observations of climate change
effects show that cold streams are relatively resilient to changes in air temperature (Lisi et
al., 2015). The North Slope should continue to experience annual ice formation and
snowfall despite rising air temperatures, and repeated snow and ice melt may mitigate
changes in stream temperatures.

Changes in predictions of occurrence varied between species, with several species
showing increased likelihood of occurrence in the NPRA despite similarities in predicted
current distributions. Bering Cisco, Least Cisco, Broad Whitefish, Humpback Whitefish,
Round Whitefish, Alaska Blackfish, and Ninespine Stickleback were all predicted to
increase in probability of detection in the northern part of the study area, especially in the
Meade River delta and the Okpiksak River (Figure 6). Many of these same species were
predicted to decline in likelihood of detection in the eastern portion of the North Slope
(Figure 6). Monthly average precipitation is projected to decline in the eastern part of the
North Slope (Figure 4). Decreases in average precipitation could lead to lower flows, or a
loss of connectivity, and ultimately declines in occurrence of these largely migratory
species. Salvelinus and Round Whitefish displayed strong (> 20%) increases in
probabilities of detection in the east and west ends of the North Slope (Figure 4). Arctic
Grayling and Slimy Sculpin were projected to experience very little change in predicted
distribution throughout the region from now to the end of the century (Figure. 6).
However, models for Arctic Grayling and Slimy Sculpin performed poorly (TSSs < 0.5)
making these future projections highly uncertain (Table 3).

With increasing infrastructure and a changing climate in Alaska’s North Slope, it

will be important for resource managers to identify critical habitat areas for fish species,
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especially in the NPRA as development ramps up. All of the species modeled and mapped

here were predicted to have high probabilities of detection in at least one river system
within the NPRA, both now and by the end of the century. Several species were predicted
to increase in likelihood of detection in the Meade River Delta and the Okpiksak river
systems, which lie in the middle of the NPRA and are likely to experience significant land
use changes over the next century (Figure 7). Managers should closely monitor and
protect these systems, as well as the rest of the North Slope’s coastal lowlands. These
areas are where the majority of the species are likely to occur (Figure 7), so road building,

drilling, and clearing of vegetation should be planned with fish presence in mind.
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APPENDIX A
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Figure Al: Partial dependence plots (PDPs) for the six predictor variables used in the
species distribution model of Burbot. Observed temperature is the average observed
annual air temperature from 1981-2010. Observed precipitation is the observed monthly
rainfall in the same time period. Slope describes the change in elevation along the segment
and the segment length. Minimum distance to coast and lake describe swimming distance
to lake or ocean refugia, and Area describes the watershed area. The rug along the X-axis
denotes deciles within the sample population.
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Arctic grayling

0.25 1

0.00 1

-0.251

1
-26 -25 24 -23
Observed temperature (C)

0.0 0.5 1.0 15
Slope

N

S . —
0 50 100 150 200

Minimum distance to lake (km)

0.50 1

0.25 1

0.00 1

-0.251 A

-0.50 1

IlIIIIIIIIIl Y lI
10 15 20 25
Observed precipitation (mm/month)

0.50 1

0.25 1

0.00 1

-0.251

-0.50 1

L1 I -
500 1000

! L1 Y |
0
Minimum distance to coast (km)

0.50 1

0.25 1

0.00 1

-0.25 1

-0.50 1

I TN I . . L
0 100 200 300 400 50C

Area km?

Figure A2: Partial dependence plots (PDPs) for the six predictor variables used in the
species distribution model of Arctic Grayling. Observed temperature is the average
observed annual air temperature from 1981-2010. Observed precipitation is the observed
monthly rainfall in the same time period. Slope describes the change in elevation along the
segment and the segment length. Minimum distance to coast and lake describe swimming
distance to lake or ocean refugia, and Area describes the watershed area. The rug along the
X-axis denotes deciles within the sample population.
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Figure A3: Partial dependence plots (PDPs) for the six predictor variables used in the
species distribution model of Chum Salmon. Observed temperature is the average
observed annual air temperature from 1981-2010. Observed precipitation is the observed
monthly rainfall in the same time period. Slope describes the change in elevation along the
segment and the segment length. Minimum distance to coast and lake describe swimming
distance to lake or ocean refugia, and Area describes the watershed area. The rug along the
X-axis denotes deciles within the sample population.
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Salvelinus
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Figure A4: Partial dependence plots (PDPs) for the six predictor variables used in the
species distribution model of Salvelinus. Observed temperature is the average observed
annual air temperature from 1981-2010. Observed precipitation is the observed monthly
rainfall in the same time period. Slope describes the change in elevation along the segment
and the segment length. Minimum distance to coast and lake describe swimming distance
to lake or ocean refugia, and Area describes the watershed area. The rug along the X-axis

denotes deciles within the sample population.
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Figure A5: Partial dependence plots (PDPs) for the six predictor variables used in the
species distribution model of Bering Cisco. Observed temperature is the average observed
annual air temperature from 1981-2010. Observed precipitation is the observed monthly
rainfall in the same time period. Slope describes the change in elevation along the segment
and the segment length. Minimum distance to coast and lake describe swimming distance
to lake or ocean refugia, and Area describes the watershed area. The rug along the X-axis
denotes deciles within the sample population.
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Figure A6: Partial dependence plots (PDPs) for the six predictor variables used in the
species distribution model of Least Cisco. Observed temperature is the average observed
annual air temperature from 1981-2010. Observed precipitation is the observed monthly
rainfall in the same time period. Slope describes the change in elevation along the segment
and the segment length. Minimum distance to coast and lake describe swimming distance
to lake or ocean refugia, and Area describes the watershed area. The rug along the X-axis
denotes deciles within the sample population.
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Figure A7: Partial dependence plots (PDPs) for the six predictor variables used in the
species distribution model of Slimy Sculpin. Observed temperature is the average
observed annual air temperature from 1981-2010. Observed precipitation is the observed
monthly rainfall in the same time period. Slope describes the change in elevation along the
segment and the segment length. Minimum distance to coast and lake describe swimming
distance to lake or ocean refugia, and Area describes the watershed area. The rug along the
X-axis denotes deciles within the sample population.
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Alaska blackfish

0.751

0.50 1

0.251

-26 -25 24 -23

Observed temperature (C)

0.0 0.5 1.0 15
Slope
B —
0 50 100 150 200

Minimum distance to lake (km)

1.00 1

0.751

0.50 1

0.251

0.00 1

1.00 1

0.751

0.50 1

0.251

0.00 1

10 15 20 25

Observed precipitation (mm/month)

1.00 1

0.75 1

0.50 1

0.25 1

0.00 1

o4

500 1000
Minimum distance to coast (km)

0 100 200 300 400 500
Area km?

Figure A8: Partial dependence plots (PDPs) for the six predictor variables used in the
species distribution model of Alaska Blackfish. Observed temperature is the average
observed annual air temperature from 1981-2010. Observed precipitation is the observed
monthly rainfall in the same time period. Slope describes the change in elevation along the
segment and the segment length. Minimum distance to coast and lake describe swimming
distance to lake or ocean refugia, and Area describes the watershed area. The rug along the

X-axis denotes deciles within the sample population.
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Round whitefish
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Figure A9: Partial dependence plots (PDPs) for the six predictor variables used in the
species distribution model of Round Whitefish. Observed temperature is the average
observed annual air temperature from 1981-2010. Observed precipitation is the observed
monthly rainfall in the same time period. Slope describes the change in elevation along the
segment and the segment length. Minimum distance to coast and lake describe swimming
distance to lake or ocean refugia, and Area describes the watershed area. The rug along the

X-axis denotes deciles within the sample population.
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Ninespine stickleback
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Figure A10: Partial dependence plots (PDPs) for the six predictor variables used in the
species distribution model of Ninespine Stickleback. Observed temperature is the average
observed annual air temperature from 1981-2010. Observed precipitation is the observed
monthly rainfall in the same time period. Slope describes the change in elevation along the
segment and the segment length. Minimum distance to coast and lake describe swimming
distance to lake or ocean refugia, and Area describes the watershed area. The rug along the
X-axis denotes deciles within the sample population.
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Humpback whitefish

1.01

0.5

-26 -25 -24
Observed temperature (C)

-23

0.0 05 1.0 15
Slope

_'ull Y |

0 50 100 150 200
Minimum distance to lake (km)

1.54

1.0

0.5 1

0.0 1

1.54

1.01

0.5

0.01

1.54

1.01

0.5

0.01

10 15 20 25
Observed precipitation (mm/month)

500 1000
Minimum distance to coast (km)

o

T N . . L
0 100 200 300 400 500

Area km?

Figure A11: Partial dependence plots (PDPs) for the six predictor variables used in the
species distribution model of Humpback Whitefish. Observed temperature is the average
observed annual air temperature from 1981-2010. Observed precipitation is the observed
monthly rainfall in the same time period. Slope describes the change in elevation along the
segment and the segment length. Minimum distance to coast and lake describe swimming

distance to lake or ocean refugia, and Area describes the watershed area. The rug along the

X-axis denotes deciles within the sample population.
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Broad whitefish
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Figure A12: Partial dependence plots (PDPs) for the six predictor variables used in the
species distribution model of Broad Whitefish. Observed temperature is the average
observed annual air temperature from 1981-2010. Observed precipitation is the observed
monthly rainfall in the same time period. Slope describes the change in elevation along the
segment and the segment length. Minimum distance to coast and lake describe swimming
distance to lake or ocean refugia, and Area describes the watershed area. The rug along the
X-axis denotes deciles within the sample population.
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Figure B1: Projected temperature (GFDL 2 low emission scenario) in Alaska’s North

Slope.
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Figure B2: Projected low emission (top) and high emission (bottom) temperatures
(IPSL) in Alaska’s North Slope.
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Figure B3: Projected low emission (top) and high emission (bottom) temperatures

(MIROC) in Alaska’s North Slope.
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Figure B4: Projected precipitation (GFDL2 low emission scenario) in Alaska’s

North Slope.
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Figure B5: Projected low emission (top) and high emission (bottom) precipitation
(IPSL) in Alaska’s North Slope.
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Figure B6: Projected low emission (top) and high emission (bottom) precipitation
(MIROC) in Alaska’s North Slope.
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Figure C: Scatterplot matrix (SPLOM) for the six environmental predictors used in
building species distribution models for fish species in Alaska’s North Slope.



APPENDIX D

Table D. All (83) of the candidate remotely sensed environmental predictor
variables with minimum, maximum, and the range of values.

Range Maximum Minimum Predictor Units
480 480 0 AreaSqgKM km?
63357 65535 2178 ET_Cat kg/m?/8day
63354 65535 2181 ET_Ws kg/m?/8day
19054 22775 3721 EVI_Cat EVI
18935 22775 3840 EVI_Ws EVI

0 0 0 Fire_Cat km?
0.47 0.47 0 FireMax_Cat km?
0.55 0.55 0 FireSum_Cat km?

0 0 0 Fire_Ws km?
0.47 0.47 0 FireMax_Ws km?
0.55 0.55 0 FireSum_Ws km?

32730 32766 36 GPP_Cat kgz ¢
m< /year
32730 32766 36 GPP_Ws kg C m?
11096 1097 -9999 WV _Cat Cm
8134 1097 -7037 WV_WS Cm
0.27 0.27 0 Alder_Cat %
0.09 0.09 0 Arcto Cat %
0.79 0.79 0 Bare_Cat %
0.68 0.68 0 Birch_Cat %
0.97 0.97 0 Burned Cat %
0.67 0.67 0 Carex_Cat %
0.63 0.63 0 Coastmarsh Cat %
0.01 0.01 0 Deciduous_Cat %
0.83 0.83 0 Dwarf Cat %
0.66 0.66 0 Dwarfother Cat %
1 1 0 IceSnow_Cat %
0.46 0.46 0 Willow_Cat %
0.01 0.01 0 Marine_Cat %
0.81 0.81 0 Mesicsedge Cat %
0.32 0.32 0 Mesiherb_Cat %



Table D (cont.)

0.01
0.27
1
0.76
0.85
0.11
0.02
0.79
0.26
0.26
0.05
0.62
0.68
0.97
0.5
0.22
0.01
0.83
0.61
1
0.26
0.01
0.81
0.14
0
0.11
1
0.76
0.85
0.11
0.01
0.79
0.19
191
191
197
197
7

5
0.69
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237
237
242
242
-10
-10
0.25

Mixleaf Cat
Needle Cat
Openwater_Cat
Sparsveg_Cat
Tussock Cat
Unclassified_Cat
Wetsedgesph_Cat
Wetsedge Cat
Woodneedle Cat
Alder_Ws
Arcto_Ws
Bare_Ws
Birch_Ws
Burned_Ws
Carex_Ws
CoastMarsh_Ws
Deciduous_Ws
Dwarf_Ws
Dwarfother_Ws
IceSnow_Ws
Willow_Ws
Marine_Ws
Mesicsedge_Ws
Mesiherb_Ws
Mixleaf Ws
Needle Ws
Openwater_Ws
Sparsveg_Ws
Tussock_Ws
Unclassified_Ws
Wetsedgesph_Ws
Wetsedge Ws
Woodneedle Ws
PetCCC_Cat
PetCCC_Ws
PetMPI1_Cat
PetMPIl_Ws
MAGT_Cat
MAGT_Ws
ALT_Cat
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Table D (cont.)

0.68
1431679
1444106
1201175
1437685

802884
839665
190063
820836
125985
9
11.94

18.17

0.93
1431679
1444691
1201175
1438110

802884
841833
190063
822370
124284
9
-21.16

25.61

0.25
0
585
0
425
0
2168
0
1534
-1701
0
-33.1

7.43

ALT WS
CoastMin
CoastMax
CoastRange
CoastMean
LakeMin
LakeMax
LakeRange
LakeMean
ElevDif_m
Slope
ObsTemp

ObsPrecip

cm
km
km
km
km
km
km
km
km
m
None
C

mm/month
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APPENDIX E

Among the 83 variables were two that quantified the connectivity of sites to other
potential habitats within the region: minimum distance to the coast (CoastMin) and
minimum distance to a lake (LakeMin). To generate these connectivity measures, [ used
ARCGIS and Satellite Aperture Radar imagery (SAR imagery) to identify lakes that
freeze entirely (Brown et al., 2010). I then used the flow direction and flow accumulation
tools in ARCGIS to define the stream network. Next, I used a conditional statement in the
raster calculator to assign a high cost for travel over land and a low cost for travel through
the drainage network. Finally, I used the cost distance tool to calculate the minimum,
maximum, and mean distances to from each site to unfrozen lakes and the coast.

The remaining predictors were produced using ARCGIS and available data layers
for Alaska’s North Slope. Watersheds were delineated using ARC for each NHD stream
unit, or segment, and then predictor variables were averaged using the zonal statistics tool,

to come up with values for predictors in each segment’s associated watershed.
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