ABSTRACT

LOUIE, JOAN YUN-YUN. Modeling Brook Trout Habitat in a Changing Climate. (Under
the direction of Stacy A.C. Nelson.)

The eastern brook trout is the only trout (charr) species native to the eastern U.S., which
contains approximately 25% of the entire native range of the brook trout and 70% of the U.S.
range. Stream temperature is a fundamental limiting factor in the distribution and production
of brook trout and their range is bounded to the south by a mean July air temperature of
21°C. Average air temperature in the U.S. has risen by 0.6°C over the last century and may
increase by another 6°C over the next 100 years. Climate warming may threaten the long-
term survival of the brook trout populations in the southern Appalachian Mountains. Using
projected future climate scenarios and land use/land cover classes, we developed ordinal and
binary logistic regression models to characterize current habitat suitability of brook trout,
determine future suitable habitat and prioritize subwatersheds for brook trout conservation.
Explanatory variables held in common in every model were the baseline variables (either
forest or agriculture), the respective baseline variable with temperature as an interaction term
and wetlands. This analysis further supports temperature as a major driver in the distribution
of brook trout. Projected future suitable habitat was shown to be moving further north over
time. This analysis resulted in map outputs illustrating areas of greatest brook trout
population subwatershed status changes and indicates potential areas of concern for brook
trout survival due to projected future climate scenarios. These results can aid in prioritizing

subwatersheds for brook trout conservation and restoration.
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LITERATURE REVIEW

Introduction

The Eastern brook trout (Salvelinus fontinalis) is the only trout (charr) species native
to eastern North America (Karas 1997) and the only salmonid native to the southern
Appalachian Mountains (Galbreath et al. 2001). Excluding human introductions, the current
distribution of brook trout was shaped by the retreat of the last continental glacier across the
northeastern United States (Karas 1997). The eastern U.S. contains approximately 25% of
the entire native range of the brook trout and 70% of the U.S. range (Hudy et al. 2008). This
range reaches from the Great Lakes region to the northeast (Maine to Virginia) and south
along the Appalachian Mountains to northern Georgia. Because of its popularity as a sport
fish, the brook trout was also introduced to many areas outside of its native range. There are
currently self-sustaining populations of brook trout in the western United States and western
Canada, often outcompeting the native salmonids of those areas (Karas 1997).

The brook trout is valued greatly for its beauty, taste and cultural and recreational
importance. In addition, the presence of brook trout and other salmonid species in streams
have served as indicators of overall watershed health (Farag et al. 2003). The optimal
stream conditions to sustain brook trout include: cold, highly-oxygenated water; silt-free
rocky substrate; vegetated stream banks; abundant instream cover; and relatively stable water
flow and stream banks (Raleigh 1982, Bjornn and Reiser 1991). Because ideal brook trout
habitat requires relatively “pristine” conditions, the protection and restoration of brook trout
habitat may also provide protection to other species sharing the same habitat (Roberge and

Angelstam 2004).



Throughout their native range, brook trout have experienced numerous anthropogenic
perturbations threatening their survival (Marschall and Crowder 1996). Main threats to
brook trout survival include: increased water temperatures, poor land management,
sedimentation, competition with non-native fish species, urbanization, loss of riparian
vegetation, habitat fragmentation and acid deposition (Kelly et al. 1980; Bulger et al. 2000;
EBTJV 2006). Due to these perturbations, brook trout populations have been demonstrating
widespread declines and extirpations in many areas of their native range (MacCrimmon and
Campbell 1969, Galbreath et al. 2001).

Steadily increasing stream temperatures influenced by global climate change is
becoming a reality as the documentations of species distribution shifts continue to increase
(Parmesan & Yohe 2003). The average air temperature in the U.S. has risen by about 0.6°C
over the last century and may increase by another 6°C over the next 100 years (IPCC 2007).
Stream temperature is a fundamental limiting factor in the distribution and production of
brook trout, which require relatively low temperatures (MacCrimmon and Campbell 1969).
Climate change may be influential in the regional distribution and local extent of salmonid
habitat (Meisner 1990, Keleher & Rahel 1996) because local climates influence surface water
(Stephan and Preud'homme 1993) and groundwater temperatures (Meisner 1988). Regional
species distributions are often correlated with mean annual air temperature isotherms (Rahel
and Nibbelink 1999) and the native range of the brook trout in the U.S. is bounded to the
south by a mean July air temperature of 21°C (MacCrimmon and Campbell 1969). Climate
warming may threaten the long term survival of brook trout in the southern Appalachian

Mountains because these populations are already at the southern limits of their range (Flebbe



et al. 2006).

Warm stream temperatures cannot support large populations of trout, even with
sufficient food, cover and physical habitat (Stoneman and Jones 2000). Feeding,
metabolism, growth rates and reproduction are temperature dependent in fishes (Brett 1956,
Giller and Malmgqvist 1998). Brook trout are able to survive through temperature extremes
of 0 to 22.2° C and juvenile brook trout have been known to survive higher temperatures for
short periods (Fry et al.1946, Karas 1997). McCormick et al. (1972) found the suitable range
of temperatures for the growth and survival of alevin to juvenile brook trout to be 9.8 to
15.4°C, with the optimum between 12.4 to 15.4°C, assuming food is not a limiting factor.
Water temperatures should not exceed a maximum temperature of 19°C or a mean of 16°C
for the month preceding spawning to ensure that brook trout become functionally mature
(Hokanson et al. 1973). However, successful reproduction will require distinctly lower water
temperatures; mean water temperatures below 9°C is thought to be optimal for spawning,
gamete viability and embryo survival (Hokanson et al. 1973).

The distribution of cold water fish species often reflects their level of competitiveness
and ability to survive high summer water temperatures (Meisner 1990). The amount of
dissolved oxygen in water decreases with increasing temperatures; thus during high summer
temperatures salmonids and other cold water species may have increased stress levels,
greater susceptibility to disease and be unable to compete with warm water species (Beschta
1997). Stream temperature is believed to be influential in the feeding behavior of fishes and
plays a role in competitive interactions between fish species (Baltz et al. 1982, Persson

1986). In a laboratory stream, De Staso and Rahel (1994) observed a temperature influenced



shift in competitive dominance between brook trout and Colorado River cutthroat trout
(Oncorhyncus clarki). Neither species was dominant at 10°C, but brook trout became
dominant at 20°C. Conversely, Taniguchi et al. (1998) found creek chub (Semotilus
atromaculatus) began to gain competitive dominance over both brook trout and brown trout
(Salmo trutta) at temperatures above 22°C and 24°C, respectively. At temperatures <20°C,
both trout species had greater food consumption and aggression toward creek chub.
Similarly, another study found that at cool temperatures (12-15°C), rainbow trout
(Oncorhynchus mykiss) were strongly territorial and limited access to food for redside shiner
(Richardsonius balteatus), but at warm temperatures (19-22°C), redside shiner were more
active and captured food more quickly than rainbow trout (Reeves et al. 1987). Temperature-
mediated interactions may play a role in the longitudinal distribution patterns of many stream
fish species (De Staso and Rahel 1994, Taniguchi et al. 1998) and in relegating the brook
trout to headwater streams in the southern U.S. (Larson and Moore 1985, Flebbe 1994) .

Groundwater discharges greatly influence the base flows and maintenance of
optimum temperatures in headwater habitat for stream populations of brook trout at low
latitudes and altitudes (Meisner 1990). Groundwater provides cold water refugia in the
summer, when stream temperatures may approach the critical thermal maxima of certain
species, and also provides warm water refugia in the winter time (Power et al. 1999).
Groundwater temperatures are expected to increase with climatic warming, with possible
subsequent impacts on brook trout and other freshwater fishes (Meisner 1988).

Brook trout appear to have preferences for groundwater upwelling sites when

selecting spawning grounds (Witzel and MacCrimmon 1983, Power et al. 1999) and previous



studies have demonstrated strong positive correlations between trout population size and
presence of groundwater (Meisner 1988). Groundwater discharge areas keep the redds in
relatively stable thermal, chemical and hydrological environments (Meisner et al. 1988,
Bernier-Bourgault and Magnan 2002). The discharges also bring oxygen to the embryos and
wash metabolic wastes away (Bernier-Bourgault and Magnan 2002). Sowden and Power
(1985) noted interstitial oxygen concentration in redds is important for egg survival and
development and spawning brown trout have been observed to avoid areas of low dissolved
oxygen concentrations (Hansen 1975).

Stream temperature is further influenced by the surrounding riparian vegetation
directly through shading, and indirectly through impacts on channel morphology (Beschta
1997). For streams with little vegetative cover, the dominant source of heat energy is direct
shortwave (solar) radiation on the water surface (Beschta et al. 1987, Sinokrot and Stefan
1993). Small streams, with their associated shallow depths and smaller flows, are sensitive
to changes in the microclimate (Brown and Krygier 1970, Swift and Messer 1971).
Numerous studies have shown the removal of riparian vegetation surrounding low order
streams can increase the summer daily maximum temperatures (Gray and Edington 1969,
Burton and Likens 1973, Feller 1981, Barton et al. 1985), the extent of summer diurnal
fluctuations (Brown and Krygier 1970) and the frequency and duration of thermal events at
or above the critical thermal limit for many salmonids (Lynch et al. 1984) . Gray and
Edington (1969) found the summer maxima of small streams can increase by 6-7°C after a
clearcut, a harvest method where all trees are removed in an area. Swift and Messer (1971)

documented similar increases in small southern Appalachian mountain streams. After



clearcut treatments, maximum summer stream temperatures increased from 18.8°C to 22.7°C
or greater, and in some extreme cases, there were increases of more than 6.7°C higher than
normal. In Alaska, streams with substantial riparian vegetation tend to have maximum
summer temperatures of 12-14°C, but streams with no riparian canopy have maximum
annual temperatures of 21-24°C (Oswood et al. 1995). In a Harford County, Maryland
stream, Klein (1979) documented an 11°C difference between a wooded section along the
stream and a poorly shaded shaded pasture section 1.2 km downstream. Additionally,
streams lacking riparian shading have been observed to reach their maximum temperatures
earlier in the day and maintain longer daily durations of high temperatures than in shaded
streams (Lee and Samuel 1976, Barton et al. 1985, Giller and Malmqvist 1998). Streamside
vegetation stabilizes stream banks and channels, preventing erosion and channel widening
during highflow events (Kauffman and Krueger 1984, Beschta 1997). Increased stream
width usually creates shallow stream depths during summertime flows and also contributes to
elevated summer temperatures (Beschta 1997). Brook trout may survive temporarily in
elevated temperatures but the physiological stress from doing so may increase susceptibility
to predation and disease, or inhibit feeding and reproduction; prolonged warming of trout
habitat may eventually lead to population declines (Brett 1956, Swift and Messer 1971).
The use of buffers, which are narrow strips of forest left between some type of land
use and the stream channel, is one solution to minimize or eliminate the effects of timber
harvesting, development and other activities on trout streams. Even the first year following
cutting, buffer strips can reduce or eliminate temperature increases (Swift and Baker 1973,

Burton and Likens 1973). Unfortunately small headwater streams, important habitat for



many salmonids, are often overlooked in the regulatory mandates for riparian buffers
(Wilkerson et al. 2006). The importance of streamside vegetation can be easily seen when
comparing clearcuts and patchcuts with buffer strips (Rishel et al. 1982). Barton et al. (1985)
examined the influence of size of buffer strips on maximum stream temperature in southern
Ontario and found a strong positive correlation between maximum water temperatures and
percent forest of watersheds. Watersheds lacking riparian areas averaged 5°C warmer than
those with 100% forest coverage. Lee and Samuel (1976) observed forest harvesting had
only a minor effect on stream temperatures when a buffer strip of trees was left to provide the
stream with shade. Ata commercial logging area in North Carolina, Swift and Baker (1973)
found that in clearcut areas where stream bank vegetation was left intact, summer maximum
temperatures did not change dramatically. Rishel et al. (1982) found similar results at a
commercially clearcut watershed which employed buffer strips. Brown and Krygier (1970)
estimated solar radiation additions for clearcut streams to be ten times greater than in forested
stream reaches. Besides temperature mediation, buffer strips provide a variety of ecological
functions for the watershed (Peterjohn and Correll 1984, Daniels and Gilliam 1996) and
habitat for terrestrial fauna (Brinson and Verhoeven 1999).

Previously, the solution to declining trout populations in the U.S. was to stock large
numbers of hatchery-reared trout to maintain and diversify fishing opportunities (Larson and
Moore 1985, Dunham et al. 2002, Fausch 2008). This has become increasingly controversial
because of the potential negative interactions between hatchery-reared and wild fish (Einum
and Fleming 2001), some of which include genetic contamination, competition, predation

and disease transmission (White et al. 1995). In the literature, there has been much more



focus on the genetic effects of stocking hatchery fish than on their ecological impacts (Weber
and Fausch 2003). Studies have indicated the existence of genetic differences between brook
trout native to the southern Appalachian Mountains and those populations to the north of the
region (McCracken et al. 1993, Hayes et al. 1996, Galbreath et al. 2001). The native
southern Appalachian populations are believed to be taxonomically distinct from the northern
populations at the subspecies or species level (McCracken 1993). In addition to nonnative
rainbow trout and brown trout, hatchery strains of brook trout derived from populations in
the northeastern U.S. were stocked into the southern Appalachian trout streams (Kreigler et
al. 1995). Hybridization has played a major role in the loss of native trout populations in
some regions (Allendorf and Leary 1988) and there is currently extensive hybridization
between native southern Appalachian brook trout and hatchery-reared brook trout in the
Great Smoky Mountains National Park (McCracken et al. 1993). Vincent (1960) reared
domestic and wild brook trout under the same conditions and concluded that wild fish had a
higher upper temperature tolerance than domestic ones. Carline and Machung (2001) found
similar results comparing the critical thermal maxima of wild and domestic strains of brook
trout, brown trout and rainbow trout and tentatively concluded the differences in upper
temperature tolerance of wild and domestic strains of trout is due to fundamental genetic
differences. Conversely, Benfey et al. (1997) found no difference in the critical thermal
maxima between diploid and triploid brook trout. Induced triploidy is currently considered
to be the most effective method available for producing sterile salmonid fishes for
aquaculture and fisheries management (Benfey et al. 1997). Another major problem with

stocking are the high levels of mortality in newly stocked fish, which may be attributed to



hatchery-reared individuals being unable to recognize predators (Suboski and Templeton
1989). The work of Brown and Smith (1998) indicate hatchery-reared trout can be
conditioned to recognize the chemical cues of a predators, suggesting the possibility of
training hatchery stock to recognize predators prior to stocking into streams. Because of the
uncertainties in stocking trout to maintain and restore populations, it would appear that
conserving and enhancing (with endemic strains) the existing native populations would be
less problematic.

In recent decades, government agencies and private organizations have begun to
focus on restoring habitat vital for native brook trout survival (Thorn et al. 1997, EBTJV
2006). Increasing concern for the brook trout population declines brought about the Eastern
Brook Trout Joint Venture (EBTJV), comprising over 50 state and federal agencies, public
and private entities (EBTJV 2006). The EBTJV was formed to address regional and range-
wide threats to brook trout. One of the major initiatives was to conduct a large-scale
evaluation to assess the status, trends, and current distribution of brook trout populations in
the eastern U.S.

Most often, examinations of fish distributions are based on direct sampling of the
streams, which can be time-consuming and require significant resources (Fransen et al.
2006). The surveys are usually conducted through electrofishing, which has been considered
an effective method of assessing stream populations of fishes (Schreer et al. 2004), but
requires considerable amounts of field work, is expensive and also runs the risk of injury to
the sampled fish (Hollender and Carline 1994, Fransen et al. 2006). In addition, fisheries

agencies have increasingly restricted time and resources to put towards intensive field



surveys and monitoring efforts, making it difficult to conduct large scale assessments of fish
species of concern (Creque et al. 2005).

One answer to address landscape scale questions without exhausting resources is to
utilize geographic information systems (GIS) technologies and modeling. The increasing
use of GIS and remote sensing to quantify landscape-scale variables and develop models
incorporating spatial data provides powerful tools to further understand landscape-scale
habitat influences on fish populations (Fisher and Toepfer 1998). These technologies can
provide data on land use and land cover (LULC) throughout the U.S., including remote and
hard to access areas (Homer et al. 2007). Satellite imagery also makes it possible to compare
LULC temporally, allowing for the identification of possible impacts on fish populations due
to various changes within the watershed (Chuvieco 1999). The use of GIS and modeling can
aid in prioritizing streams on which to focus management activities most beneficial for brook
trout (Creque et al. 2005).

Along with the many advantages of the use of GIS and remote sensing, there are still
many limitations with these technologies. The datasets must be in a readily updateable form
to maintain and modify the same models for future use [cite]. To design more efficient and
robust models, we must have the most current fish population status data and accurate LULC
data [cite]. Additionally, trout (and other fish species) may migrate to other stream reaches
during different times of the year, so populations may vary temporally (House 1995, Pess et
al. 2002, Fransen et al. 2006). Thus, single surveys of a stream may not accurately identify
populations, but often time and resources are too restricted to maintain long term monitoring

of trout populations.
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Prior to the formation of the EBTJV, there had never been a large scale assessment of
the impacts of historical and current brook trout perturbations (Hudy et al. 2008). Large-
scale assessments of species can be useful in conservation measures. The work of Kocovsky
and Carline (2006) further support an emerging consensus that in eastern U.S. streams,
landscape-scale factors and processes limit trout populations because the characteristics of
surrounding watersheds strongly influence stream habitats. Predictive models developed to
describe the relationships between habitat and fish density can help in creating conservation
and restoration plans for streams and prioritizing survey and monitoring programs for trout
populations (Creque et al. 2005). Models using landscape variables allow for evaluation of
habitat over large geographic areas and may have broad applicability in fisheries and wildlife
management (Olden and Jackson 2002). Running the habitat models is neither labor
intensive nor exceptionally time-consuming, thus providing many benefits for managers and
researchers working on large-scale issues.

Modeling fish distributions over large geographic areas from habitat variables using
regression analysis has been widely used in ecological applications (Fausch et al. 1988) and
logistic regression and linear discriminant analysis have been the most widely used, though
results are often limited by the inability to meet a number of assumptions (Olden and Jackson
2002). Few studies have been made directly comparing newer methods such as neural
networks and classification trees with more traditional methods for modeling ecological data
(Olden and Jackson 2002, Steen et al. 2006). In a comparison study of traditional, linear
statistical methods (logistic regression analysis and linear discriminant analysis) with

alternative, nonlinear statistical methods (classification trees and artificial neural networks),
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Olden and Jackson (2002) found nonlinear methods perform as well as linear methods when
the data show linear relationships. It was concluded that nonlinear modeling approaches to
model ecological data should be favored because they provide a more flexible set of
analytical tools for modeling either linear or nonlinear species response curves. Thieling
(2006) developed models to predict brook trout status using various metrics developed at the
subwatershed scale to fill in gaps in the EBTJV assessment dataset. Land use metrics were
derived from the 1992 National Land Cover Dataset (NLCD). The analysis concluded that
overall, classification tree models most effectively predicted brook trout status with land use
metrics at the subwatershed scale, although work still remains to validate this study's findings
with ground truth data. Conversely, Steen et al. (2006) found logistic regression was most
accurate in predicting brook trout distribution, followed by multiple regression, classification
tree and neural network, though relative differences in all the models were quite small.
Buisson et al. (2008) used generalized additive models (GAM) and hierarchical partitioning
to examine the influence of temperature and physical variables on fish species distribution.
The GAMs are semi-parametric extensions of generalized linear models but are more flexible
and allow combinations of both linear and complex additive responses within the same
model (Buisson et al. 2008). Running the GAMs select out the most explanatory abiotic
factors for the fish species responses. Hierarchical partitioning is useful when there are
problems with multicolinearity between predictor variables and this method was used to
confirm whether each factor retained from the GAMs were among the most likely causal
variables. The main disadvantage is that only linear relationships can be assessed, but it is

usually common to see nonlinear responses of fish to environmental factors (Oberdorff et al.
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2001). Flebbe et al. (2006) estimated trout habitat in a future warmer climate using a
quantile regression model for the current lower distribution boundary of trout in the southern
Appalachians. Because trout distribution is limited by factors modified by other, often
unknown factors, simple regression models would be inappropriate to describe the
relationship; quantile regression was developed specifically to model these limiting factors
(Kaiser et al. 1994). This method is a more spatially explicit way to model distribution than
previous work using thermal limits (Meisner 1990, Keleher and Rahel 1996) and additionally
allowed for the use of other limiting factors (Flebbe 2006).

There have been a number of publications to examine potential effects of surface and
groundwater warming on the distributions of brook trout and other freshwater fishes
(Meisner 1990, Keleher and Rahel 1996, Flebbe et al. 2006), but most of the studies have
been conducted over scales of smaller geographic regions or single water bodies. This
project is an attempt to examine brook trout habitat at the landscape scale. Given the broad
implications of climate change effects on brook trout populations and the need for
prioritization of management activities, the objectives of this research were to: (1) develop a
GIS model that characterizes the current habitat suitability of brook trout based on stream
temperature and land cover relationships, (2) determine potential future suitable habitat of
brook trout, based on projected future climate scenarios and use the models to prioritize

streams for brook trout conservation and restoration efforts.
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Abstract. The eastern brook trout is the only trout (charr) species native to the eastern U.S.,
which contains approximately 25% of the entire native range of the brook trout and 70% of
the U.S. range. Stream temperature is a fundamental limiting factor in the distribution and
production of brook trout and their range is bounded to the south by a mean July air
temperature of 21°C. Average air temperature in the U.S. has risen by 0.6°C over the last
century and may increase by another 6°C over the next 100 years. Climate warming may
threaten the long-term survival of the brook trout populations in the southern Appalachian
Mountains. Using projected future climate scenarios and land use/land cover classes, we
developed ordinal and binary logistic regression models to characterize current habitat
suitability of brook trout, determine future suitable habitat and prioritize subwatersheds for
brook trout conservation. Explanatory variables held in common in every model were the
baseline variables (either forest or agriculture), the respective baseline variable with
temperature as an interaction term and wetlands. This analysis further supports temperature
as a major driver in the distribution of brook trout. Projected future suitable habitat was
shown to be moving further north over time. This analysis resulted in map outputs

illustrating areas of greatest brook trout population subwatershed status changes and indicate
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potential areas of concern for brook trout survival due to projected future climate scenarios.
These results can aid in prioritizing subwatersheds for brook trout conservation and
restoration.

Key words: brook trout, Salvelinus fontinalis, logistic regression, modeling, geographic

information systems, climate scenarios, land use, land cover, habitat, fisheries
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Introduction

The Eastern brook trout (Salvelinus fontinalis) is the only trout (charr) species native
to eastern North America (Karas 1997) and the only salmonid native to the southern
Appalachian Mountains (Galbreath et al. 2001). Excluding human introductions, the current
distribution of brook trout was shaped by the retreat of the last continental glacier across the
northeastern United States (Karas 1997). The eastern U.S. contains approximately 25% of
the entire native range of the brook trout and 70% of the U.S. range (Hudy et al. 2008). The
native U.S. range reaches from the Great Lakes region to the northeast (Maine to Virginia)
and south along the Appalachian Mountains to northern Georgia. Due to brook trout’s
popularity as a sport fish, the brook trout was also introduced to many areas outside of its
native range. There are currently self-sustaining populations of brook trout in the western
United States and western Canada, often outcompeting the native salmonids of those areas
(Karas 1997).

Stream temperature has been a fundamental limiting factor in the distribution and
production of brook trout, which require relatively low water temperatures (MacCrimmon
and Campbell 1969). Brook trout are able to survive through temperature extremes of 0 to
22.2° C and juvenile brook trout have been known to survive higher temperatures for short
periods (Fry et al. 1946, Karas 1997). Several studies have noted warm stream temperatures
cannot support large populations of trout, even with sufficient food, cover and physical
habitat (Brett 1956, Giller and Malmqvist 1998, Stoneman and Jones 2000). Feeding,
metabolism, growth rates and reproduction are temperature dependent in fishes (Brett 1956,

Giller and Malmqvist 1998). Brook trout may survive temporarily in elevated temperatures
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but the physiological stress in doing so may increase susceptibility to predation and disease
or inhibit feeding and reproduction; prolonged warming of trout habitat may eventually lead
to population declines (Brett 1956, Swift and Messer 1971). Steadily increasing stream
temperatures influenced by global climate change is becoming a reality as the
documentations of species distribution shifts continue to increase (Parmesan & Yohe 2003).
According to the Intergovernmental Panel on Climate Change (IPCC) (2007), the average air
temperature in the U.S. has risen by about 0.6°C over the last century and may increase by
another 6°C over the next 100 years. Climate change may be influential in the regional
distribution and local extent of salmonid habitat (Meisner 1990, Keleher and Rahel 1996)
because local climates influence surface water (Stephan and Preud’homme 1993) and
groundwater temperatures (Meisner 1988). Regional species distributions are often
correlated with mean annual air temperature isotherms (Rahel and Nibbelink 1999) and the
native range of the brook trout in the U.S. is bounded to the south by a mean July air
temperature of 21°C (MacCrimmon and Campbell 1969). Climate warming may threaten the
long-term survival of brook trout in the southern Appalachian Mountains because these
populations are already at the southern limits of their range (Flebbe et al. 2006).

Elevation and land use and land cover (LULC) have also been shown to be two
important influences in stream temperature (Flebbe 1994). In the mountains, stream
temperature decreases predictably as elevation increases (Flebbe et al. 2006, Isaak and
Hubert 2001). Many populations of brook trout have been replaced by brown and rainbow
trout, often pushing brook trout to higher elevations. It may be in general brook trout are

slightly less tolerant of warm waters than brown or rainbow trout (Flebbe 1994). In addition,
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levels of human disturbance can vary with elevation. Historically, lower elevations were
more susceptible to logging during early European settlement and subsequent railroad
logging, with extensive logging at higher elevations beginning later in the twentieth century
(Flebbe 1994, McGarigal et al. 2001). Stream temperature is also influenced by the
surrounding riparian vegetation directly through shading, and indirectly through impacts on
channel morphology (Beschta 1997). Numerous studies have shown the removal of riparian
vegetation surrounding low order streams can increase the summer daily maximum
temperatures (Gray and Edington 1969, Burton and Likens 1973, Feller 1981, Barton et al.
1985), the extent of summer diurnal fluctuations (Brown and Krygier 1970) and the
frequency and duration of thermal events at or above the critical thermal limit for many
salmonids (Lynch et al. 1984). Gray and Edington (1969) found the summer maxima of
small streams can increase by 6-7°C after a clearcut, a harvest method where all trees are
removed in an area. Swift and Messer (1971) documented similar increases in small
southern Appalachian mountain streams. After clearcut treatments, maximum summer
stream temperatures increased from 18.8°C to 22.7°C or greater, and in some extreme cases,
there were increases of more than 6.7°C higher than normal. Streamside vegetation provides
additional benefits to trout waters by stabilizing stream banks and channels, thus preventing
erosion and channel widening during highflow events (Kauffman and Krueger 1984, Beschta
1997). Increased stream width usually creates shallow stream depths during summertime
flows and also contributes to elevated summer temperatures (Beschta 1997).

Most often, examinations of fish distributions are based on direct sampling of the

streams, which can be time-consuming and require significant resources (Fransen et al.
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2006). The surveys are usually conducted through electrofishing, which has been considered
an effective method of assessing stream populations of fishes (Schreer et al. 2004), but
requires considerable amounts of field work, is expensive and also runs the risk of injury to
the sampled fish (Hollender and Carline 1994, Fransen et al. 2006). In addition, fisheries
agencies have increasingly restricted time and resources to put towards intensive field
surveys and monitoring efforts, making it difficult to conduct large scale assessments of fish
species of concern (Creque et al. 2005).

One way to address landscape scale questions without exhausting resources is to
incorporate geographic information systems (GIS) technologies and modeling. The
increasing use of GIS and remote sensing to quantify landscape-scale variables and develop
models using spatial data provides powerful tools to further understand landscape-scale
habitat influences on fish populations (Fisher and Toepfer 1998). Modeling fish distributions
over large geographic areas from habitat variables using regression analysis has been widely
used in ecological applications (Fausch et al. 1988). Logistic regression and linear
discriminant analysis have also been widely used, though results can be limited by the
inability to meet a number of assumptions, including the statistical distribution of variables,
independence of variables and model linearity (Olden and Jackson 2002). Logistic
regression is a method to model categorical response variables from one or more continuous
or categorical explanatory variables (SAS Institute 1995). Steen et al. (2006) found logistic
regression was most accurate in predicting brook trout distribution based on multiple
landscape variables, followed by multiple regression, classification trees and neural network,

though relative differences in all the models were quite small. The use of GIS and statistical
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modeling approaches has also been shown to aid in prioritizing streams on which to focus
management activities most beneficial for brook trout (Creque et al. 2005).

Given the broad implications of climate change effects on brook trout populations
and the need for prioritization of management activities, the objectives of this research were
to: (1) develop a GIS model that characterizes the current habitat suitability of brook trout
based on stream temperature and land cover relationships, (2) determine potential future
suitable habitat of brook trout, based on projected future climate scenarios and prioritize

subwatersheds for brook trout conservation and restoration efforts.

Methods
Study area and scale of analysis

The Eastern Brook Trout Joint Venture (EBTJV) is comprised of over 50
governmental agencies, public and private entities and was formed to address regional and
range-wide threats to brook trout. An EBTJV assessment team evaluated the status, trends
and current distribution of brook trout populations in the eastern United States (Hudy et al.
2005). The team summarized existing knowledge of the distribution and status of self-
sustaining populations of brook trout. A product of this study was a range map of the current
status of each brook trout subwatershed, used as the base dataset in this study (Hudy et al.
2005).

The study area covers 17 states in the eastern United States, reaching from Maine to
northern Georgia (Figure 1). The scale of analysis is at the 6™ level Hydrologic Unit Code

(HUC) watersheds, or subwatersheds (mean area = 8,927 ha, SD = 7,589 ha), delineated by
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the Natural Resource Conservation Service (NRCS) and the United States Geological Survey
(USGS) (Seaber et al. 1987, USGS 2002). Subwatersheds were used in the EBTJV
assessment because (1) they are the smallest watershed units currently delineated with
national protocols, (2) they are of interest for land management and (3) the scale is suitable to
develop conservation management plans for brook trout (Hudy et al. 2008). Subwatershed
delineations for New York were unavailable at the time of the EBTJV assessment so fifth-
level watersheds were substituted (mean area = 20,476 ha, SD = 16,390) (Hudy et al. 2008).
We grouped the subwatersheds from the EBTJV into three statuses for this study: (1)
Intact (>50% of historical habitat currently support self-sustaining populations of brook
trout), (2) Reduced (50-99% of historical habitat no longer support self-sustaining
populations of brook trout) and (3) Extirpated (self-sustaining populations no longer exist).
Many subwatersheds were not included in the analysis due to the lack of quantitative data, no
data currently exists and information is unknown or brook trout were never present
historically. Subwatershed classification statuses are described in further detail in Hudy et al.

(2008).

Metric development

Subwatershed-level metrics were developed from land use and land cover data,
elevation data and converted water temperature data for the entire U.S. eastern range of the
native brook trout. We obtained land use and land cover (LULC) data from the National
Land Cover Dataset (NLCD), provided through the Multi-Resolution Land Characteristics

Consortium (MRLC). The NLCD products are readily available to the general public, can be
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used in a variety of applications and provide standardized national land cover products that
are easily updated (Homer et al. 2004). We acquired elevation data with 30 meter resolution
from the National Elevation Dataset through the USGS. The World Climate Research
Programme's (WCRP's) Coupled Model Intercomparison Project phase 3 (CMIP3) multi-
model dataset provided the projected future air temperatures. The following three scenarios
for future greenhouse gas emissions defined in the [IPCC Special Report on Emissions
Scenarios (SRES) included:

e SRES A2 — the “higher” emissions path: Technological change and economic growth
are more fragmented with slower and higher population growth

e SRES AIB — the “middle” emissions path: Technological change in the energy
system is balanced across all fossil and non-fossil energy sources, where balance is
defined as not relying too heavily on one particular energy source.

e SRES BI — the “lower” emissions path: Rapid change in economic structures toward
service and information, with emphasis on clean, sustainable technology; reduced
material intensity and improved social equity.

For this study, we selected the “middle” emissions path (SRES A1B). The middle emissions
allowed for the development of a habitat suitability model that is generalized between the
higher and lower emissions paths. We extracted modeled temperatures to include the highest
average summer temperature over five year intervals for three time periods: 1998 — 2002,
2023 —2027, 2048 —2052. The projected surface air temperatures were converted to water
temperatures by applying an air to water temperature conversion equation from Stefan and

Preud'homme (1993):
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To(t) = 5.0 + 0.75 Ta(t — 5)

where
T\, = stream temperature
T, = air temperature
t = time (in units of days)
0 = time lag (in units of days)

This equation was developed with data from a broad geographic range of streams in
the Mississippi River basin, including six streams from Minnesota, one from Arkansas, two
from Louisiana and two from Texas. Linear relationships for daily air and water temperature
records over several years were averaged to provide one general linear relationship for daily
data (Stefan and Preud'homme 1993). The CMIP3 air temperature data were available only
as average monthly temperatures. However, since the daily and monthly relationships
between air and water temperatures are close to 1:1 (Ozaki et al. 2003), we substituted the
monthly air temperatures in place of the daily temperatures in the conversion equation. We
calculated the stream temperature estimation without a time lag because the noted time lag
for a shallow river was on the order of a few hours and may be left out when daily data are
used (Stefan and Preud'homme 1993). To explore geographic bias in using this equation for
estimating southern stream temperatures, we compared the Stefan and Preud’homme (1993)
conversion equation with a stream temperature dataset for July and August 1992 from the

Coweeta Hydrologic Laboratory.
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Model development and selection

We modeled the relationships between the brook trout subwatershed statuses and our
subwatershed-level metrics using ordinal logistic regression and binary logistic regression in
SAS version 9.1. The logistic regression or logit models were developed to predict the status
of our subwatershed categories (Intact, Reduced or Extirpated) over 50 years for the
following five year intervals 1998 — 2002, 2023 — 2027 and 2048 — 2052. The five year time-
step intervals were chosen as a method to reduce the influence of an abnormally spurious
climatic event (drought, excessively wet, etc.) occurring in any of the included years. We
developed four logit models based on the change in our projected stream temperatures, while
holding the 2001 NLCD-derived LULC proportions constant. We developed four additional
logit models based on the change in our projected stream temperatures and estimated changes
in LULC calculated from the 2001 NLCD dataset. In absence of more detailed LULC
change models, the estimated change in LULC proportions was determined by calculating
the percent change in each land cover category from the 1992 NLCD to the 2001 NLCD.
This percent change (from 1992 to 2001) was held as a constant rate of change for
approximately every 10 years. The ordinal logit models developed in the study use the
explanatory and interaction covariates to predict the probability the response variable will
take on a given value (SAS Institute Inc. 1995). For binomial logistic regression, the logit
model indicates how the explanatory variables (land cover, projected temperatures and
elevation) affects the probability of the event (subwatershed status) being observed, versus
not observed. For the multinomial logistic regression, probable outcomes of observations are

calculated by analyzing a series of binomial submodels that represent the overall model's
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ability to predict each of the trout subwatershed status response variables.

The ordinal logistic regression models were run with all of the land cover variables
(see Table 1), using the stepwise selection procedure to select the most significant metrics for
the final model. The stepwise variable selection method is a combination of the forward
selection method (where variables enter a model one at a time, if it is significant at the o =
0.05 level; variables entered will not leave the model) and the backwards elimination method
(where the model begins with all variables and removes them one at a time until all variables
are significant; excluded variables do not enter the model again) (SAS Institute 1995). The
stepwise selection method is slightly different from the forward and backward methods in
that variables that have entered the model may be excluded again in the later stages if it
becomes non-significant (Xu and Zhang 2001). We used the stepwise selection method to
examine all different combinations of the variables rather than limiting the models to
hypothesized combinations.

Binary logistic regression models were also run using stepwise selection. The
response variables were collapsed to form dichotomous responses (e.g. Intact vs Reduced and
Extirpated, Reduced vs. Intact and Extirpated) and separate binary logistic regression models
were used for each status. This approach can result in a loss of information and result in a
considerable loss of statistical power (Ananth and Kleinbaum 1997) but the basic assumption
of all logistic models (the logits and covariates are linearly related) can only be checked by
using dichotomized responses (Bender and Grouven 1998).

The explanatory variables used in all models were the LULC, elevation and projected

temperature data. The response variables were the trout subwatershed status categories
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(Intact, Reduced, Extirpated) (Table 1). Due to our finding of Forest and Agriculture to be
the most highly negatively correlated, we explored many variations of the models using
either Forest or Agriculture as the baseline variable. The initial model included only the
LULC data and was run to determine the most significant land use variables. Subsequent
models were then developed adding temperature and elevation as interaction terms. The
complete model included all main effects and all interactions. For the binomial logit, each
trout subwatershed status was predicted as ‘observed’ if the predicted probabilities were 0.50
or greater and ‘not observed’ if the predicted probabilities were less than 0.50.

The modeled probabilities were used to create maps illustrating the change in
subwatershed status based on the projected climate change and projected land cover change.
Density plot maps were also created in ESRI’s ArcGIS version 9.2 to show the areas of
greatest concentrations of each status and the areas of greatest status change.

Percent concordant values and the Wald statistic were used to determine model fit
(Nelson et al. 2006). Percent concordant values assess the overall model quality through the
association of predicted probabilities and observed responses. The values are based on the
maximum likelihood estimation of all pairs of observations in which the values differ from
the response variable (subwatershed status) (Kleinbaum 1994). For example, because the
models predict the probability of a specific subwatershed status, if the observation with the
higher ordered response value (Intact, observed) has a higher predicted event probability than
the observation with the lower ordered response value (Extirpated, not observed), the percent
concordant value will be greater. The Chi-square level of significance for the Wald test

statistic tests the hypothesis the coefficients of the independent variables are significantly
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different from zero by fitting the model using the intercept terms (Kleinbaum 1994, Pampel
2000). The Wald test is considered to be more accurate than other test statistics with large

datasets (Kleinbaum 1994).

Model validation

Cross-validation was used to assess model performance based on the predictive
ability of models (Steyerberg et al. 2001). This procedure requires the dataset to be divided
into two parts, one part for building the model (the training dataset) and one part for
validating the model (the testing dataset) (Shao 1993). One technique is the 'leave-one-out'
cross-validation method, where one observation is excluded and the model is constructed
with the remaining » — 1 observations and then predicts the excluded observation with the
model. This is repeated n times so each observation will be excluded in the model
construction and its response is predicted (Olden and Jackson 2002). This cross-validation
method has been shown to produce an almost unbiased estimate of the probability of test
error, compared to the commonly used resubstitution method, where the same data are used
for model building and validation (Olden and Jackson 2000). The leave-one-out cross-
validation technique is normally used when the amount of training data is severely limited
and any perturbation of the training data can result in a significant change in the fitted model
(Cawley 2003). This cross-validation technique was considered for validating the models but
appropriate software to perform this operation was unavailable and additionally, this method
is rarely used in large-scale applications since it is computationally expensive (Cawley 2003).

To address these issues, it is noted the leave-one-out cross-validation has been found to be
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asymptotically equivalent to the Akaike information criterion (AIC) (Stone 1977) and AIC
may be substituted for the leave-one-out cross-validation when the datasets are large enough
(Shtatland et al. 2004). We used AIC, a measure of the goodness-of-fit of an estimated
statistical model for sufficiently large samples, to evaluate how similar each model
performed, as well as comparisons between models (Forster and Sober 1994, Kieseppa 2003,

de Brauwerea et al. 2005).

Results

A total of 32 different models were run to attempt to characterize current brook trout
habitat suitability. The final four models chosen were based on the lowest AIC excluding the
AIC of the complete model (Kieseppa 2003, de Brauwerea et al. 2005). The complete, or
saturated, model produced the lowest AIC as a result of being overfit with many variables.
When applicable, the most simplified model was chosen (Forster and Sober 1994). The map
outputs created from all of the binary logistic regression models and the ordinal logistic
regression models run with both projected stream temperatures and estimated LULC were
omitted from this paper because they were very similar to the map outputs created with the
ordinal logistic regression models using projected stream temperatures and 2001 LULC
values.

The explanatory variables used in the ordinal logistic regression model were: Open
Water, Forest, Grass, Wetlands, Forest (with Temperature as an interaction term) and
Wetlands (with Temperature as an interaction term). The selected, or reduced model,

consisted of Forest as the baseline explanatory variable. This model was chosen as the best
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fitted model because it was the lowest AIC after the saturated model (Table 2). Based on the
results from this model, the percentage of subwatersheds predicted as Intact will increase
during the time-step interval 2023 — 2027, as seen in the models developed using projected
temperature only (T) and the projected temperature with estimated land use and land cover
(LU) change (Table 3). The percentage Intact drops from 15% to 13% in both the T and LU
models in the time-step interval 2048 — 2052. While the percentages of Intact subwatersheds
stay fairly constant over time (i.e. 14% in 1998 — 2002, 15% in 2023 — 2027, and 13% in
2048 — 2052), the density plots of the subwatersheds showed a general trend of suitable trout
habitat moving further north as less suitable habitat develops in the southern range (Figure
1). The greatest changes in density occur in the north central part of Pennsylvania and in
parts of Vermont and New Hampshire (Figure 2).

The percentage of Reduced subwatersheds decreases from 63% in 1998 — 2002 to
62% in 2023 — 2027 (for both T and LU models) and increases to 65% in 2048 — 2052 (T)
and 64% in 2048 — 2052 (LU) (Table 3). Based on Figure 3, there are no discernible
movements in the density of the Reduced subwatersheds. However, the majority of the
density changes appear to be largely in the central and southern Appalachian Mountains,
Pennsylvania, Connecticut and Maine (Figure 4).

The percentage of Extirpated subwatersheds stays constant in all of the models (Table
3) and there are no extreme movements in the density. However, in the LU model, there was
an increasing range of Extirpated subwatersheds in Pennsylvania. For all of the models, the
majority of the density changes appear to be in southeastern Pennsylvania, northern

Maryland and northern Virginia.
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The core explanatory variables used in the binary Intact model were: Urban, Barren,
Forest, Grass, Wetlands, Barren (with Temperature as an interaction term), Forest (with
Temperature as an interaction term), Grassland/Shrubs (with Temperature as an interaction
term) and Wetlands (with Temperature as an interaction term). The model chosen was the
reduced explanatory variables with temperature interactions. For this model, Forest served as
the baseline variable. This model was chosen because it produced a lower AIC but also
retained less original variables than the models with Agriculture as a baseline variable. From
the Intact model, the percentage of Intact subwatersheds increases from 18% in 1998 — 2002
(T) to 19% in 2023 — 2027 (T) and stays the same in 2023 — 2027 (LU) (Table 4). The
percentage of Intact subwatersheds then decreases to 9% in 2048 — 2052 (T) and 10% in
2048 — 2052 (LU) (Table 4) and the suitable habitat ranges were produced in the north as less
suitable habitat was found in the southern range. The majority of the density changes appear
in Pennsylvania and parts of Vermont, New Hampshire and Maine.

The core explanatory variables used in the binary Reduced model were: Urban,
Barren, Forest, Grass, Wetlands and Forest (with Temperature as an interaction term). The
model chosen was the reduced explanatory variables with temperature interactions, using
Forest as the baseline variable. The percentage of Reduced subwatersheds stayed the same
from 46% in 1998 — 2002 to 2023 — 2027 (T), but increased to 47% in the 2023 — 2027 (LU)
model (Table 4). The percentage of Reduced subwatersheds increased to 56% in 2048 —
2052 (T) and 54% in 2048 — 2052 (LU) (Table 4). There is no discernible movement in
density of Reduced subwatersheds. The majority of the density changes appear to be in the

central and southern Appalachian Mountains.
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The core explanatory variables used in the binary Extirpated model were: Water,
Urban, Agriculture, Wetlands, Water (with Temperature as an interaction term), Agriculture
(with temperature as an interaction term) and Wetlands (with Temperature as an interaction
term). The model chosen was the reduced explanatory variables with temperature
interactions, using Agriculture as the baseline variable. This model was chosen because it
retained the lowest number of the original explanatory variables. The percentage of
Extirpated subwatersheds stays relatively constant in all of the models (Table 4). In the 1998
— 2002 model, the percentage of Extirpated subwatersheds was 36% and decreased to 35% in
the 2023 — 2027 (T and LU) models. The percentage stayed at 35% in the 2048 — 2052 (T)
model, but was 36% in the 2048 — 2052 (LU) model. There were no extreme movements in
the density but there was an increasing range of Extirpated subwatersheds in Pennsylvania in
the LU model. The majority of the changes appear to be in southeastern Pennsylvania and
northern Maryland.

Based on the 2001 MRLC NLCD, we saw a trend in the average percent forest,
agriculture and urban between each subwatershed status. The Intact status had the lowest
percentage of urban (4%) and agriculture (9%) and the highest percentage of forest (77%).
The Reduced status had increased urban (9%) and agriculture (14%) and decreasing
percentage of forest (69%). The Extirpated status had the highest percentage of urban (16%)
and agriculture (29%) and the lowest percentage of forest (50%). The stream temperature
dataset from the Coweeta Hydrologic Hydrologic Laboratory used to validate the air
temperature to stream temperature equation determined the predicted stream temperatures, on

average, could be 2°C warmer than actual stream temperatures. Spatial illustrations of the
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projected temperature inputs were created (Figures 5 and 6). Using an upper thermal limit of
20.2°C (suitable), Figure 5 illustrates the areas on the brook trout native range with suitable
temperature and all subwatersheds with temperatures greater than 20.2°C were labeled
unsuitable. Figure 6 illustrates areas on the brook trout native range with 24.2°C as the

suitable upper thermal limit and all temperatures above 24.2°C were labeled unsuitable.

Discussion

For the eastern U.S. native range of the brook trout, we developed GIS models which
characterized the current habitat suitability of brook trout based on stream temperature and
land cover/land use relationships. These models also predicted potential future suitable
habitat for brook trout, using projected future climate scenarios and projected land use/land
cover. Our models show suitable habitat for brook trout disappearing in the southern U.S.,
similar to the results of the study by Meisner (1990) on the effects of climate warming on the
southern range of brook trout. Our analysis identified areas within the Appalachian range of
greatest potential for change in subwatershed status, suggesting potential areas of concern for
brook trout survival due to projected future climate change (Figure 2). Agencies have very
limited time, money and labor to sufficiently identify, monitor and restore all habitat suitable
for brook trout (Creque et al. 2005). Additionally, not all subwatersheds with suitable habitat
for brook trout contain sustainable populations of trout, nor would all subwatersheds be
feasible for restoration projects. By mapping current existing brook trout subwatersheds and
identifying the areas likely to be susceptible to climate change, we can provide a tool that can

be used by aquatic resource managers to prioritize target subwatersheds in which to focus
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their conservation and restoration efforts.

Both ordinal logistic regression and binary regression models were run to compare
the validity of the results. The outputs from both types of modeling produced similar trends
in the distribution of change in subwatershed statuses, though the actual percentages and
numbers of subwatersheds predicted varied significantly. For example, the binary Intact
model showed dramatic decreases in Intact subwatersheds from the 1998 — 2002 interval to
the 2048 — 2052 interval, for both the T and LU models (from 18% to 9% and 10%,
respectively). The decreases in the ordinal Intact model for the T and LU models were both
from 14% to 13% in those same intervals. Despite the differences in actual values, the
greatest changes in Intact status for the ordinal and binary logistic regression models were in
the same areas (north central Pennsylvania, northern New England states). The response
variables were collapsed into dichotomous responses to run the binary logistic regression
models, which may have made them less efficient than the ordinal logistic regression model.
This approach also resulted in final models with different sets of explanatory variables,
which may have influenced the differences in the numbers of subwatersheds predicted
(Bender and Grouven 1998). Future work should include more thorough model building to
attempt to build models with similar sets of explanatory variables. The end results of both
the ordinal and binary logistic regression models resulted in very similar distribution of status
changes, despite the differences in the models.

Our models consistently found strong relationships between subwatershed status and
the baseline variables (forest or agriculture) and temperature. In every model, the baseline

variable was included by itself and with temperature as an interaction term. This further
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supports that forest and agriculture have important roles in fish habitat (Walser and Bart
1999). The baseline variables, with temperature as an interaction term, suggest temperature
plays an important role in influencing these drivers. Wetlands were also included in every
model. While wetlands are not generally considered brook trout habitat and the percentage
of wetlands comprising each subwatershed is very small, wetlands play important roles in
maintaining suitable habitat for brook trout. Some benefits of wetlands include reducing
erosion, intercepting runoff, removing pollutants from water, reducing flow velocity and
providing groundwater recharge and discharge areas (Fretwell et al. 1996). Wetland streams
also provide cooler habitat for brook trout during the summer and warmer habitat for brook
trout in the winter (Baird and Krueger 2003, Hunt et al. 2006).

This analysis only modeled subwatersheds where sufficient quantitative data was
available. Much of the New England brook trout populations, particularly in Maine and New
Hampshire were not included in the analysis because only qualitative data were available for
those subwatersheds. While brook trout are not threatened as a species in its vast range, over
the long term, especially with potential climate warming, it may be ideal to collect population
data in the more northerly populations in order to monitor their progress over time. Having a
more comprehensive dataset which includes all of the northern populations may improve
model outputs. The base brook trout population status dataset was made possible by the
Eastern Brook Trout Joint Venture (Hudy et al. 2008). There may be errors associated with
this dataset due to the use of unpublished datasets and other inherent errors. However, the
dataset remains the most current and comprehensive brook trout population dataset available.

In addition, while only the MRLC NLCD land cover classes and temperature interactions
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were used to model subwatershed status in this study, land cover and temperature are not the
only factors influencing brook trout survival and distribution. At different scales of analysis,
other factors may have a greater influence on brook trout populations (Kocovsky and Carline
2006). For example, Fransen et al. (2006) were able to correctly predict the upstream extent
of fish occurrence in western Washington in 96% of the stream points using basin area,
elevation, mean annual precipitation, average basin slope and channel gradient.

Although the air to water temperature conversion equation used in this study was
developed from streams and rivers in the central U.S. and Mississippi River basin, we
adopted this equation for use in the eastern U.S. range of the brook trout. However, for
accurate adoption to the eastern U.S. range, field validation would be required for accurate
analysis of the stream temperatures. Due to time and data constraints, and given the scale of
this study, it was impractical to develop conversion equations specific to all of the study
areas. For the purposes of this research, we wanted to determine if a relationship could be
made between air and stream temperature, thus this conversion represented the best available
equation based on published data. It was expected the Stefan and Preud’homme (1993)
equation would overpredict summer temperatures in southern mountain streams. The
validation datasets from the Coweeta Hydrological Laboratory used in the equation
confirmed temperatures could be predicted to be on average 2°C warmer than the actual
stream temperatures. This suggests high elevation forested areas may provide efficient
buffers to the effects of a warming climate and remain refuge for the southern populations of
brook trout. Since most of the streams used to calibrate the equation were located in more

northern latitudes, no validation dataset was used for northern streams, due to lack of data
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and with the assumption northern streams would be more similar to those used to develop the
equation. To best address the issues of accurate stream temperature estimation, future studies
should develop separate equations specific to the region, if not at the local site or stream.

Hudy et al. (2008) found their model had low rates of correct classification for their
Reduced watersheds. It is interesting to note the models with the lowest percent concordant
values in my binary logistic regression models were also the Reduced watersheds. The
models developed in this study used primarily land cover categories (forest and agriculture
proved to be statistically significant) with temperature as interaction terms. These variables
are believed to be powerful drivers in healthy fish habitat (Walser and Bart 1999). Because
there are distinct differences in percent forest, agriculture and urban between each
subwatershed status, it may be the models predict best at the opposite extremes. There may
also be inaccurate predictions due to historical factors. Current subwatershed LULC is used
to model all of the statuses. A subwatershed may have become extirpated through historic
land use practices but even if those practices have been remedied, brook trout may be unable
to return on their own due to physical barriers, competition with nonnative species and other
factors. For example, in many cases in the southeast, streams have recovered from past land
use but nonnative trout species (brown and rainbow trout) have taken over and prevented
brook trout populations from recovering, despite available suitable habitat (Kelly 1980,
Larson and Moore 1985). The lower performance of the binary logistic regression model for
the Reduced subwatersheds may also indicate the Reduced subwatersheds need to be
examined at a different scale of analysis in order to improve the predictive models.

The land cover projections were determined based on only one time step to determine
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the rate of change and are not probable assumptions of future land cover change. Currently
there are only two time periods available for the NLCD but future estimates of rates of land
cover change based on the NLCD may become more accurate as more time periods are
included. The advent of global climate change, changes in regulations, increases in public
awareness, vegetation re-establishment and many other factors can skew the estimated land
cover changes used in this study. Further study should incorporate these factors in the
process of developing a highly accurate estimate of land use and land cover.

Land use and land cover estimations by themselves did not appear to influence our
models significantly but future analysis at a more local scale may show more influence. The
estimated LULC was also averaged over the entire range. Because the southeastern U.S. is
currently developing more than the northeastern U.S., the averaged LULC change could have
been less extreme overall and made LULC effects less apparent. Separating the LULC
dataset into regions may be more representative of the actual rate of change in each area and
improve the models. Downscaling to a more local level may also be more accurate in
addressing local variability in climate and habitat. This may be more useful for the
preservation and management of brook trout habitat that is largely undegraded (Wang et al.
2003). In addition, developing separate predictive models for the northern and southern
brook trout populations may possibly yield interesting results. Studies have indicated the
existence of genetic differences between brook trout native to the southern Appalachian
Mountains and those populations to the north of the region (McCracken et al. 1993, Hayes et
al. 1996, Galbreath et al. 2001). The native southern Appalachian populations are believed to

be taxonomically distinct from the northern populations at the subspecies or species level and
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may have varying temperature tolerances (McCracken 1993, Galbreath et al. 2001, Flebbe et
al. 2000).

Figure 5 illustrates areas of projected suitable temperatures for brook trout, using
20.2°C as the suitable cutoff point. While 20.2°C is not necessarily the true upper thermal
limit of brook trout, it is important to remember prolonged warming of stream temperatures
will not sustain brook trout populations and temperatures at the true upper thermal limit may
not be considered suitable. Figure 6 illustrates areas of projected suitable temperatures for
brook trout using 24.2°C as the suitable cutoff point. The limit was increased on this figure
to account for possible buffering effects of shading from riparian vegetation on streams.

The ordinal logistic regression models (both T and LU) and the binary logistic
regression model (T) show an increase in the percentage of Intact subwatersheds in the 2023
— 2027 interval. This is not likely because of improved physical habitat because the LULC
estimated changes included decreasing proportions of forest, increasing proportions of
agriculture and increasing proportions of urban. Additionally, LULC does not appear to have
significant effects on any of our models. Suitable temperature may have influenced the
increase in Intact subwatersheds. It is also likely the small increase in Intact subwatersheds
may simply be due to model inaccuracies. Intact subwatersheds appeared again in western
North Carolina in the 2048 — 2052 interval, even though they were gone in the previous
interval. As seen in Figure 6, suitable temperatures at the 24.2°C limit appeared in western
North Carolina in the 2048 — 2052 interval. The subwatersheds were located in national
forests and national parks; a reasonable explanation is the continuing improvement in the

conservation and management of riparian areas on federal lands. These subwatersheds were
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left out of the maps to avoid confusion because if future temperatures and habitat improved
enough for these subwatersheds to become suitable again, extirpated populations of brook

trout are very unlikely to come back again without human intervention.

Management Implications

From a management perspective, it is most logical to protect and conserve currently
intact populations of brook trout first, then work to restore impaired populations. North
central Pennsylvania was identified in the analysis as an area of greatest change in Intact
populations. In Pennsylvania, poor land management associated with agriculture and high
water temperatures from removal of riparian vegetation have been ranked as the highest
perturbations to brook trout habitat (Steffy and Kilham 2006, EBTJV 2006). Northern
Vermont and New Hampshire were also identified as areas of greatest change in Intact
population. Historically both states, like much of New England, had been subjected to
intensive timber cutting, causing the depletion of many brook trout populations (Nislow and
Lowe 2003, EBTJV 2006). Possible areas to focus restoration and rehabilitation efforts on
are in the southern and central Appalachian range (western North Carolina, West Virginia and
Virginia). Historically poor land management and forestry practices in the three states have
been considered to be major factors in brook trout population declines (Marschall and
Crowder 1996, Petty et al. 2005, EBTJV 2006). In many cases, habitat may have recovered
from past land use practices but brook trout are unable to establish sustainable populations
again due to actual barriers to movement (Angermeier et al. 2002) or competition with

nonnative species (Larson and Moore 1985). Nonnative fish species play a role in preventing
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native brook trout from repopulating their historic range. There was no suitable dataset
available for input into these models but future work incorporating nonnative fish species
data may improve the models by indicating which areas of habitat may be considered suitable
but contain no actual sustainable populations of brook trout. Potential models could then be
used to prioritize areas in which to initiate nonnative species removal projects and restoration
of native brook trout populations.

It is important to remember the logistic regression models are empirical and only
provide indirect evidence for relationships between habitat and brook trout subwatershed
status (Rosenfeld 2003) and the models will ultimately need to be validated in the field. By
understanding this while using tools such as GIS, combined with statistical modeling to focus
management efforts in areas where the greatest benefits may be attained, the long-term
viability of brook trout populations may be secured.

Our results demonstrate the use of GIS and statistical modeling techniques can play a
vital role in reducing the cost, labor, and time required to assess suitable brook trout habitat
over a large geographic area. GIS and statistical modeling techniques also have the potential
to be used as a tool for statewide assessments that are currently impossible using traditional
field approaches. Here, we have provided a general method for detecting changes in suitable
brook trout habitats incorporating LULC changes and projected temperature scenarios over
50 years. However, the results of our models may benefit from more comprehensive trout
inventory data and higher resolution projected temperature change data if improved attempts
are to be made to predict trout habitat suitability at the subwatershed level. Additionally,

higher resolution and more detailed estimated LULC change data may be most useful for
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incorporation in trout habitat suitability models. Newer sensors, such as Space Imaging’s
IKONOS sensor and Digital Globe’s Quickbird, show some promise by offering comparable
spectral bands to the Landsat platform that provided the data for the NLCD dataset, but at
higher spatial resolutions (4 m and 2.44 m, respectfully). However, the trade-off for regional
remote sensing comes at a steep price, as data obtained from high resolution sensors are
currently very costly and require processing, as compared to the available pre-classified
NLCD data (Nelson et al. 2006). Additionally, because of the higher resolution, the total
spatial coverage is more limited than with a single Landsat image, thus requiring more
images. Finally, these high resolution data are not routinely collected and require additional
programming or tasking fees to acquire data over the area of interest, making the use of this
data is fairly cost prohibitive for many inventory, management, or regulatory agencies forced

to operate on limited budgets (Nelson et al. 2006).
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Table 1. All metrics used in the development of logistic regression models. A stepwise selection
procedure was used to determine significant explanatory variables at an o = 0.05 level.

Variable Model Role Description

Subwatershed Response Ordinal value, intact (1), reduced (2), or extirpated (3)

classification

Open water Explanatory Proportional value, percentage of open water in the
subwatershed

Developed Explanatory Proportional value, percentage of developed in the
subwatershed

Barren Explanatory Proportional value, percentage of barren in the subwatershed

Forest Explanatory Proportional value, percentage of forest in the subwatershed

Grassland/Shrub Explanatory Proportional value, percentage of grassland/shrub in the
subwatershed

Agriculture Explanatory Proportional value, percentage of agriculture in the
subwatershed

Wetlands Explanatory Proportional value, percentage of wetlands in the
subwatershed

Elevation Explanatory Continuous numeric value, average elevation of the
subwatershed

Temperature Explanatory Continuous value, projected average daily stream temperature

of the subwatershed
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Table 2. The final AIC model building results from the ordinal and binary logistic regression models.
LULC*temperature indicates a variable where temperature was used as an interaction term.

Model Variables AIC & . &
Concordant  Discordant
Ordinal Open water, forest, grass, wetlands, 555330 ’1.4 18.4
forest*temperature, wetlands*temperature
Urban, barren, forest, grass, wetlands,
Binary,  barren*temperature, forest*temperature,
Intact grassland/shrubs*temperature, 2808.89 81.8 18.0
wetlands*temperature
Binary, = Urban, barren, forest, grass, wetlands,
Reduced forest*temperature 4357.78 66.0 337
Binar Open water, urban, agriculture, wetlands, open
nary, water*temperature, agriculture*temperature, 3103.13 83.9 16.0
Extirpated

wetlands*temperature
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Table 3. Results from ordinal logistic regression models. Number
and percentage of predicted status subwatersheds.

Status Number of Percentage
subwatersheds

1998 - 2002
Intact 454 14
Reduced 2044 63
Extirpated 752 23
2023 -2027T
Intact 486 15
Reduced 2005 62
Extirpated 756 23
2048 - 2052T
Intact 428 13
Reduced 2111 65
Extirpated 723 22
2023 - 2027LU
Intact 479 15
Reduced 2018 62
Extirpated 755 23
2048 — 2052LU
Intact 429 13
Reduced 2054 64

Extirpated 752 23



Table 4. Results from binary logistic regression models. Number
and percentage of predicted status subwatersheds.

Status Number of Percentage
subwatersheds

1998 - 2002
Intact 385 18
Reduced 1017 46
Extirpated 790 36
2023 -2027T
Intact 412 19
Reduced 1029 46
Extirpated 777 35
2048 - 2052T
Intact 200 9
Reduced 1238 56
2023 - 2027LU 767 35
Intact
Reduced 409 18
Extirpated 1032 47
2048 — 2052L.U 777 35
Intact
Reduced 219 10
Extirpated 1182 54

783 36




Table 5. AIC, Wald and model fit results from all final models. OLR is ordinal logistic
regression and BLR is binary logistic regression. T is when only projected temperature data
was used and LU is when projected temperature and land use was used.

Model AIC Wald % %
Concordant  Discordant

OLR 1998-2002 5553.304 <0.0001 81.4 18.4
OLR 2023-2027T 5514.450 <0.0001 81.6 18.2
OLR 2048-2052T 5649.74 <0.0001 80.3 19.5
OLR 2023-2027LU 5517.041 <0.0001 81.6 18.2
OLR 2048-2052LU 5656.279 <0.0001 80.2 19.6
BLR 1998-2002 Intact 2808.895 <0.0001 81.8 18.0
BLR 2023-2027T Intact 2751.194 <0.0001 82.4 17.4
BLR 2048-2052T Intact 2789.543 <0.0001 81.8 18.0
BLR 2023-2027 LU Intact 2763.177 <0.0001 82.2 17.6
BLR 2048-2052 LU Intact 2803.004 <0.0001 81.5 18.3
BLR 1998-2002 Reduced 4420.053 <0.0001 63.7 35.8
BLR 2023-2027T Reduced 4429916 <0.0001 63.3 36.3
BLR 2048-2052T Reduced 4430.769 <0.0001 63.2 36.4
BLR 2023-2027 LU Reduced 4439.009 <0.0001 62.9 36.6
BLR 2048-2052 LU Reduced 4457.820 <0.0001 62.4 37.1
BLR 1998-2002T Extirpated 3103.136 <0.0001 83.9 16.0
BLR 2023-2027T Extirpated 3111.996 <0.0001 83.8 16.0
BLR 2048-2052 Extirpated 3145.661 <0.0001 83.2 16.6
BLR 2023-2027 LU Extirpated 3156.570 <0.0001 83.4 16.4
BLR 2048-2052 LU Extirpated 3189.406 <0.0001 83.4 16.4
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Figure 1. Ordinal logistic regression model, density plots for Intact, projected temperature only. The

darkest areas indicate the greatest clusterings of Intact subwatersheds. The dotted (Unknown: No Data),
hashed (Absent: Unknown), grey (Never Occurred) and blue (Present: Qualitative Data) subwatersheds
did not have sufficient data to be included in the analysis.
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Figure 2. Ordinal logistic regression model, plots of greatest density changes in Intact status, projected
temperatures only. The dotted (Unknown: No Data), hashed (Absent: Unknown), grey (Never Occurred)
and blue (Present: Qualitative Data) subwatersheds did not have sufficient data to be included in the
analysis.
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Figure 3. Ordinal logistic regression model, density plots for Reduced, projected temperature only. The
darkest areas indicate the greatest clusterings of Reduced subwatersheds. The dotted (Unknown: No
Data), hashed (Absent: Unknown), grey (Never Occurred) and blue (Present: Qualitative Data)
subwatersheds did not have sufficient data to be included in the analysis.
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Figure 4. Ordinal logistic regression model, plots of greatest density changes in Reduced status, projected
temperature only. The dotted (Unknown: No Data), hashed (Absent: Unknown), grey (Never Occurred)

and blue (Present: Qualitative Data) subwatersheds did not have sufficient data to be included in the
analysis.
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Figure 5. Represents areas of “suitable” projected temperatures with the cutoff point of 20.2°C being
suitable and anything above is “unsuitable.”

65



Brook Trout Predicted Suitable Temperatures
Upper limit 24.2C

Suitable Temperatures Suitable Temperatures
1858 - 002 M2z - 027
I s I v

[ ET [ RN

Brook Trout Predicted Suitable Temperatures

Upper limit 24.2C

Brook Trout Predicted Suitable Temperatures

Suitable Temperatures

Upper limit 24.2C

Figure 6. Represents areas of “suitable” projected temperatures with the cutoff point of 24.2°C being

suitable and anything above is “unsuitable.”
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CONCLUSIONS
Overview and Major Conclusions

Using logistic regression models we developed GIS models that characterize the
current habitat suitability of brook trout using projected stream temperatures and land cover
relationships and predict potential future suitable habitat of brook trout based on projected
climate scenarios. Our analysis produced map outputs of projected greatest changes in
subwatershed status, aiding in the prioritization of subwatersheds in which to focus
conservation and management efforts for brook trout. Based on our results, we concluded
stream temperature is a major driver in our habitat suitability models, in support of stream
temperature as the major limiting factor in brook trout distribution (MacCrimmon and
Campbell 1969). In our models, land use/land cover did not appear to have significant
impacts on the distribution of habitat suitability at this scale of analysis. The implications of
these results make it more crucial to focus management efforts in areas which will receive the
greatest benefits, while keeping in mind potential future climate warming may have profound
impacts on the long-term viability of native brook trout populations.

In both our ordinal and binary logistic regression models, suitable brook trout habitat
is moving further north over time, suggesting the long-term survival of brook trout
populations in the southern and central Appalachian Mountains may be at risk. If future
climate change occurs, there will inevitably be changes in hydrology, vegetation and cover
patterns as well, which may further alter the outcome of the southern populations of brook
trout (Flebbe 2006). Our models consistently found strong relationships between the

baseline variables (mainly forest), temperature and wetlands. Every model included the
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baseline variable by itself and again with temperature as an interaction term. Based on the
most current land cover classification dataset, the Intact status subwatersheds contain the
highest percentage of forest and lowest percentage of urban and agriculture. This suggests
the most viable populations of brook trout remain in largely forested subwatersheds; Hudy et
al. (2008) suggests subwatersheds with less than 65 — 70% forest should be considered at
reduced status. Wetlands comprise fairly small percentages of each subwatersheds but fill
important roles in maintaining healthy brook trout habitat including reducing runoff and
erosion, removing water pollutants, reducing flow velocity and providing thermal refuge for
brook trout (Fretwell et al. 1996, Baird and Krueger 2003, Hunt et al. 2006). Conservation of
wetlands may prove beneficial to brook trout habitat, in addition to benefiting a wide variety
of other wildlife (Gosselink et al. 1990). By using tools such as GIS and modeling to focus
management efforts in areas where the greatest benefits can be attained, the long-term
viability of brook trout populations may be secured.

The base brook trout population status dataset was made possible by the Eastern
Brook Trout Joint Venture (Hudy et al. 2008). There may be errors associated with this
dataset due to the use of unpublished datasets and other inherent errors. However, the dataset
remains the most current and comprehensive brook trout population dataset available.

Although the air to water temperature conversion equation used in this study was
developed from streams and rivers in the central U.S. and Mississippi River basin (Stefan and
Preud'homme 1993), we adopted this equation for use in the eastern U.S. range of the brook
trout. However, for accurate adoption to the eastern U.S. range, field validation would be

required for accurate analysis of the stream temperatures. Due to time and data constraints,
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and given the scale of this study, it was impractical to develop conversion equations specific
to all of the study areas. For the purposes of this research, we wanted to determine if a
relationship could be made between air and stream temperature, thus this conversion
represented the best available equation based on published data. To best address the issues of
accurate stream temperature estimation, future studies should develop separate equations
specific to the region, if not at the local site or stream.

Future Work

For our binary logistic regression models, the response variables were collapsed into
dichotomous responses, which may have made them less efficient than the ordinal logistic
regression models. This approach also resulted in final models with different sets of
explanatory variables, which may have influenced the differences in the numbers of
subwatersheds predicted (Bender and Grouven 1998) in the binary logistic regression
models. Future work should include more thorough model building to attempt to build
models with similar sets of explanatory variables and create more robust models.

This analysis only modeled subwatersheds where sufficient quantitative data was
available. Much of the New England brook trout populations, particularly in Maine and New
Hampshire, were not included in the analysis because only qualitative data were available for
those subwatersheds. Most of the populations are simply assumed to be intact (EBTJV
2006). While brook trout is not threatened as a species in its vast range, over the long term,
especially with potential climate warming, it may be ideal to collect population data in the
more northerly populations to monitor their progress over time. Having a more complete

dataset which includes all of the northern populations will improve model outputs and
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potentially highlight problems previously overlooked.

The land cover projections were determined based on only one time step to determine
the rate of change and are not probable assumptions of future land cover change. Currently
there are only two time periods available for the MRLC NLCD but future estimates of rates
of land cover change based on the NLCD may become more accurate as more time periods
are included. The advent of global climate change, changes in regulations, increases in
public awareness, vegetation re-establishment and many other factors can skew the projected
land cover changes used in this study. Further study should incorporate these factors in the
process of developing a highly accurate estimate of land use and land cover to input into the
models.

From our models, land use/land cover did not appear to have significant influence on
the distribution of subwatershed status. Examining LULC at a finer scale may show more
influence in the distribution of subwatershed statuses. Because the rate of change in LULC
used in our models was averaged over the entire range, this may have masked more extreme
changes occurring in some areas. Separating the LULC dataset into regions may be more
representative of the actual rate of change in each area. In addition, developing separate
predictive models for the northern and southern brook trout populations may possibly yield
interesting results. Studies have indicated the existence of genetic differences between brook
trout native to the southern Appalachian Mountains and those populations to the north of the
region (McCracken et al. 1993, Hayes et al. 1996, Galbreath et al. 2001). The native
southern Appalachian populations are believed to be taxonomically distinct from the northern

populations at the subspecies or species level (McCracken 1993).
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Nonnative fish species have also prevented native brook trout from repopulating their
historic range (Larson and Moore 1985). There was no suitable dataset available of
nonnative species distributions but future work incorporating nonnative fish species data may
improve the models by indicating areas of habitat that may be considered suitable but contain
no actual sustainable populations of brook trout. Potential models could then be used to
prioritize areas in which to initiate nonnative species removal projects and restoration of

native brook trout populations.
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APPENDIX A. Additional output from ordinal and binary logistic regression models.
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Figure 1. Ordinal logistic regression model, density plots for Intact, projected temperature and land use. The
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darkest areas indicate the greatest clusterings of Intact subwatersheds. The dotted (Unknown: No Data),

hashed (Absent: Unknown), grey (Never Occurred) and blue (Present: Qualitative Data) subwatersheds did

not have sufficient data to be included in the analysis.
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Figure 2. Ordinal logistic regression model, plots of greatest density changes in Intact status, projected
temperature and land use. The dotted (Unknown: No Data), hashed (Absent: Unknown), grey (Never
Occurred) and blue (Present: Qualitative Data) subwatersheds did not have sufficient data to be included in
the analysis.
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Figure 3. Ordinal logistic regression model, density plots for Reduced, projected temperatures and land use.
The darkest areas indicate the greatest clusterings of Reduced subwatersheds. The dotted (Unknown: No
Data), hashed (Absent: Unknown), grey (Never Occurred) and blue (Present: Qualitative Data)
subwatersheds did not have sufficient data to be included in the analysis
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Figure 4. Ordinal logistic regression model, plots of greatest density changes in Reduced status, projected
temperature and land use. The dotted (Unknown: No Data), hashed (Absent: Unknown), grey (Never
Occurred) and blue (Present: Qualitative Data) subwatersheds did not have sufficient data to be included in
the analysis.
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Figure 5. Ordinal logistic regression model, density plots for Extirpated, projected temperatures only. The
darkest areas indicate the greatest clusterings of Extirpated subwatersheds. The dotted (Unknown: No Data),

hashed (Absent: Unknown), grey (Never Occurred) and blue (Present: Qualitative Data) subwatersheds did not
have sufficient data to be included in the analysis.
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Figure 6. Ordinal logistic regression model, density plots for Extirpated, projected temperatures and land use.
The darkest areas indicate the greatest clusterings of Extirpated subwatersheds. The dotted (Unknown: No
Data), hashed (Absent: Unknown), grey (Never Occurred) and blue (Present: Qualitative Data)
subwatersheds did not have sufficient data to be included in the analysis.
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Figure 7. Ordinal logistic regression model, plots of greatest density changes in Extirpated status, projected
temperatures only. The dotted (Unknown: No Data), hashed (Absent: Unknown), grey (Never Occurred)
and blue (Present: Qualitative Data) subwatersheds did not have sufficient data to be included in the analysis.
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Figure 8. Ordinal logistic regression model, plots of greatest density changes in Extirpated status, projected
temperatures and land use. The dotted (Unknown: No Data), hashed (Absent: Unknown), grey (Never

Occurred) and blue (Present: Qualitative Data) subwatersheds did not have sufficient data to be included in
the analysis.
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Figure 9. Binary logistic regression model, density plots for Intact, projected temperatures only. The darkest
areas indicate the greatest clusterings of Intact subwatersheds. The dotted (Unknown: No Data), hashed
(Absent: Unknown), grey (Never Occurred) and blue (Present: Qualitative Data) subwatersheds did not

have sufficient data to be included in the analysis.
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Figure 10. Binary logistic regression model, density plots for Intact, projected temperatures and land use.
The darkest areas indicate the greatest clusterings of Intact subwatersheds. The dotted (Unknown: No Data),
hashed (Absent: Unknown), grey (Never Occurred) and blue (Present: Qualitative Data) subwatersheds did
not have sufficient data to be included in the analysis.
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Figure 11. Binary logistic regression model, plots of greatest density changes in Intact status, projected
temperature only. The dotted (Unknown: No Data), hashed (Absent: Unknown), grey (Never Occurred) and
blue (Present: Qualitative Data) subwatersheds did not have sufficient data to be included in the analysis.
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Figure 12. Binary logistic regression model, plots of greatest density changes in Intact status, projected
temperatures and land use. The dotted (Unknown: No Data), hashed (Absent: Unknown), grey (Never
Occurred) and blue (Present: Qualitative Data) subwatersheds did not have sufficient data to be included in

the analysis.
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Figure 13. Binary logistic regression model, density plots for Reduced, projected temperatures only. The
darkest areas indicate the greatest clusterings of Reduced subwatersheds. The dotted (Unknown: No Data),

hashed (Absent: Unknown), grey (Never Occurred) and blue (Present: Qualitative Data) subwatersheds did
not have sufficient data to be included in the analysis.
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Figure 14. Binary logistic regression model, density plots for Reduced, projected temperatures and land use.

The darkest areas indicate the greatest clusterings of Reduced subwatersheds. The dotted (Unknown: No
Data), hashed (Absent: Unknown), grey (Never Occurred) and blue (Present: Qualitative Data)
subwatersheds did not have sufficient data to be included in the analysis.
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Figure 15. Binary logistic regression model, plots of greatest density changes in Reduced status, projected
temperatures only. The dotted (Unknown: No Data), hashed (Absent: Unknown), grey (Never Occurred)
and blue (Present: Qualitative Data) subwatersheds did not have sufficient data to be included in the analysis.
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Figure 16. Binary logistic regression model, plots of greatest density changes in Reduced status, projected
temperatures and land use. The dotted (Unknown: No Data), hashed (Absent: Unknown), grey (Never

Occurred) and blue (Present: Qualitative Data) subwatersheds did not have sufficient data to be included in
the analysis.
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Figure 17. Binary logistic regression model, density plots for Extirpated, projected temperatures only. The
darkest areas indicate the greatest clusterings of Extirpated subwatersheds. The dotted (Unknown: No Data),

hashed (Absent: Unknown), grey (Never Occurred) and blue (Present: Qualitative Data) subwatersheds did
not have sufficient data to be included in the analysis.
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Figure 18. Binary logistic regression model, density plots for Extirpated, projected temperatures and land
use. The darkest areas indicate the greatest clusterings of Extirpated subwatersheds. The dotted (Unknown:
No Data), hashed (Absent: Unknown), grey (Never Occurred) and blue (Present: Qualitative Data)
subwatersheds did not have sufficient data to be included in the analysis.
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Figure 19. Binary logistic regression model, plots of greatest density changes in Extirpated status, projected
temperatures only. The dotted (Unknown: No Data), hashed (Absent: Unknown), grey (Never Occurred)
and blue (Present: Qualitative Data) subwatersheds did not have sufficient data to be included in the analysis.
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Figure 20. Binary logistic regression model, plots of greatest density changes in Extirpated status, projected
temperatures and land use. The dotted (Unknown: No Data), hashed (Absent: Unknown), grey (Never
Occurred) and blue (Present: Qualitative Data) subwatersheds did not have sufficient data to be included in
the analysis.
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Figure 21. Represents a comparison of land use and land cover types occurring between subwatershed

statuses.
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Appendix B. Abbreviated dataset for land cover, temperature and elevation values.

HUCCODE
540306
540315
540367
540375
420386
5003
5004
5005
360353
360351
360336
36026
36042
51087
510101
510104
510115
510128
510133
510134
510141
510149
510157
510167
510169
510178
5101193
5101221
500106

STATUS
Intact
Intact
Intact
Intact
Intact
Intact
Intact
Intact
Intact
Intact
Intact
Intact
Intact
Intact
Intact
Intact
Intact
Intact
Intact
Intact
Intact
Intact
Intact
Intact
Intact
Intact
Intact
Intact

Intact

HUCS

2070001
2070001
5020001
2070001
2050202
2020003
2020003
2020003
2010004
2010004
2010001
4150305
4150304
2080103
2080103
2080103
2070006
2080103
2080103
2070006
2080103
2070005
2080103
2080103
2070005
2080103
3040101
5050001
2010005

DEV2001
0.02420
0.02480
0.03800
0.03610
0.01830
0.06990
0.05170
0.02660
0.03150
0.02300
0.05880
0.00340
0.00270
0.04190
0.04250
0.05030
0.02410
0.03880
0.03320
0.01370
0.04140
0.01700
0.05750
0.03780
0.01750
0.03780
0.08260
0.05120
0.05130

FOR2001
0.91160
0.91610
0.93890
0.92830
0.92140
0.75060
0.82930
0.89890
0.83120
0.91970
0.75660
0.79610
0.83090
0.67190
0.70610
0.74830
0.91250
0.73050
0.72960
0.94100
0.90430
0.97470
0.59300
0.78360
0.98180
0.81800
0.75290
0.74480
0.79580

AGRI12001
0.06320
0.05840
0.02080
0.03260
0.00910
0.13340
0.05920
0.05030
0.04010
0.01490
0.15090
0.00000
0.00040
0.28150
0.24810
0.19940
0.06270
0.22810
0.23430
0.04460
0.05350
0.00180
0.34570
0.17790
0.00010
0.14260
0.14220
0.15680
0.12960

WET2001
0.00000
0.00000
0.00050
0.00020
0.00530
0.03850
0.04890
0.01490
0.08290
0.02620
0.02620
0.17440
0.12030
0.00230
0.00040
0.00010
0.00010
0.00150
0.00210
0.00000
0.00000
0.00000
0.00070
0.00000
0.00000
0.00000
0.00000
0.00220
0.00850

Temp98_02
21.7
21.7
21.5
21.7
20.2
21.3
21.3
21.3
20.4
20.4
21.7
20.7
21.5
23.8
23.8
23.8
22.8
23.8
23.8
22.8
23.8
229
23.8
23.8
229
23.8
24.5
22.4
19.0

Temp23_27
224
224
22.1
22.4
20.8
21.9
21.9
21.9
20.0
20.0
22.0
20.2
20.7
25.0
25.0
25.0
23.6
25.0
25.0
23.6
25.0
23.8
25.0
25.0
23.8
25.0
252
23.0
18.5

Temp48 52
234
234
23.0
23.4
21.7
22.7
22.7
22.7
21.0
21.0
22.8
21.3
21.9
25.5
255
255
24.6
255
25.5
24.6
25.5
24.5
255
255
24.5
255
24.9
22.8
19.4

ELEV M
973.350
1002.630
912.998
1084.150
488.819
457.427
528.483
454210
335.438
620.632
198.445
485.272
443.163
329.556
368.858
409.494
584.906
363.784
419.656
660.330
652.241
939.210
243.635
484.965
808.691
530.777
609.672
1169.540
381.418

96



HUCCODE
540472
540475
540488
540490
540493
540495
540498
540500
540501
540503
540510
540512
540520
540521
540524
540528
540529
540531
540537
540540
540542
420484
420197
420192
420281
420479
4201407
420277
4201403
420221
42049

STATUS
Reduced
Reduced
Reduced
Reduced
Reduced
Reduced
Reduced
Reduced
Reduced
Reduced
Reduced
Reduced
Reduced
Reduced
Reduced
Reduced
Reduced
Reduced
Reduced
Reduced
Reduced
Reduced
Reduced
Reduced
Reduced
Reduced
Reduced
Reduced
Reduced
Reduced
Reduced

HUC2
540472
540475
540488
540490
540493
540495
540498
540500
540501
540503
540510
540512
540520
540521
540524
540528
540529
540531
540537
540540
540542
420484
420197
420192
420281
420479
4201407
420277
4201403
420221
42049

DEV2001
0.03620
0.03550
0.07780
0.01000
0.06720
0.02680
0.06360
0.04020
0.02870
0.03350
0.05920
0.03420
0.04740
0.01620
0.05050
0.05660
0.03710
0.05450
0.04660
0.07870
0.00650
0.17600
0.01230
0.01130
0.03840
0.06950
0.01300
0.02030
0.02180
0.01360
0.03310

FOR2001
0.91430
0.86210
0.68130
0.98950
0.84720
0.95640
0.83240
0.85350
0.87040
0.93890
0.78680
0.96130
0.89500
0.98350
0.85820
0.84870
0.96010
0.92220
0.77030
0.73980
0.98680
0.73330
0.73890
0.76270
0.75780
0.80700
0.82990
0.86130
0.80730
0.83490
0.61350

AGRI2001
0.02030
0.09700
0.15650
0.00000
0.06190
0.00640
0.04700
0.08600
0.09440
0.00650
0.13300
0.00190
0.05460
0.00000
0.05630
0.07780
0.00060
0.01720
0.17590
0.08490
0.00040
0.00100
0.15600
0.14560
0.18290
0.00070
0.00030
0.09230
0.00490
0.06730
0.17060

WET2001
0.00000
0.00210
0.00190
0.00000
0.00160
0.00050
0.00350
0.00220
0.00330
0.00140
0.00070
0.00020
0.00020
0.00000
0.00040
0.00010
0.00000
0.00010
0.00060
0.00140
0.00000
0.04530
0.00160
0.00140
0.00050
0.07680
0.00460
0.00540
0.01230
0.00430
0.10570

DAILY98_02
22.643
21.667
21.511
21.511
21.511
21.511
21.511
21.667
21.667
21.511
21.667
21.511
21.667
21.511
21.511
21.667
21.511
21.511
21.667
21.511
21.511
20.923
20.244
20.244
20.130
20.923
20.433
20.130
20.433
20.244
20.433

DAILY23_27
23.119
22.286
22.042
22.042
22.042
22.042
22.042
22.286
22.286
22.042
22.286
22.042
22.286
22.042
22.042
22.286
22.042
22.042
22.286
22.042
22.042
21.828
20.763
20.763
20.770
21.828
20.605
20.770
20.605
20.763
20.605

DAILY48_52
24.012
22.646
22.635
22.635
22.635
22.635
22.635
22.646
22.646
22.635
22.646
22.635
22.646
22.635
22.635
22.646
22.635
22.635
22.646
22.635
22.635
23.098
21.733
21.733
21.753
23.098
21.656
21.753
21.656
21.733
21.656

ELEV M
614.441
940.114
710.385

1096.860
731.207
889.392
677.765
829.082
884.690

1124210
914.531
925.151
820.509

1155.520
713.973
850.290

1040.230
860.800
829.297
549.171

1063.440
352.343
611.569
594.969
558.591
357.090
538.772
482.150
589.790
584.214
476.497
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HUCCODE
420748
4201362
420678
4201004
420668
420735
4201354
420671
4201361
420754
4201243
4201252
3902
470677
470737
470742
470762
45047
45084
450129
3406
34014
34017
34034
34044
34052
34053
34060
34067
34069
34070
34075

STATUS

Extirpated
Extirpated
Extirpated
Extirpated
Extirpated
Extirpated
Extirpated
Extirpated
Extirpated
Extirpated
Extirpated
Extirpated
Extirpated
Extirpated
Extirpated
Extirpated
Extirpated
Extirpated
Extirpated
Extirpated
Extirpated
Extirpated
Extirpated
Extirpated
Extirpated
Extirpated
Extirpated
Extirpated
Extirpated
Extirpated
Extirpated
Extirpated

HUC2
420748
4201362
420678
4201004
420668
420735
4201354
420671
4201361
420754
4201243
4201252
3902
470677
470737
470742
470762
45047
45084
450129
3406
34014
34017
34034
34044
34052
34053
34060
34067
34069
34070
34075

DEV2001
0.07820
0.57530
0.08710
0.52090
0.10360
0.07170
0.04520
0.06450
0.24990
0.10550
0.06000
0.04280
0.33940
0.05850
0.01630
0.01350
0.03340
0.09630
0.02220
0.02440
0.06670
0.14970
0.59450
0.82110
0.79790
0.63290
0.80810
0.77780
0.95760
0.07080
0.57540
0.10920

FOR2001
0.67340
0.36520
0.67520
0.29200
0.50590
0.69240
0.67060
0.61710
0.47450
0.69620
0.84380
0.83190
0.41080
0.85000
0.96560
0.90260
0.87010
0.71720
0.93210
0.86480
0.34500
0.41960
0.27320
0.06920
0.10390
0.08830
0.06370
0.17090
0.02320
0.64900
0.20220
0.48670

AGRI2001
0.22490
0.05630
0.23360
0.17430
0.36400
0.23380
0.25100
0.28960
0.24100
0.18760
0.09590
0.12460
0.10140
0.07880
0.01050
0.07720
0.00580
0.09780
0.00410
0.02120
0.40330
0.28700
0.02030
0.00690
0.01170
0.00560
0.00770
0.00790
0.00530
0.19860
0.02190
0.25430

WET2001
0.00000
0.00000
0.00010
0.00770
0.00150
0.00000
0.00000
0.00020
0.00990
0.00000
0.00000
0.00000
0.06090
0.00120
0.00050
0.00570
0.00080
0.00440
0.00060
0.00000
0.16830
0.12440
0.10870
0.09230
0.07210
0.16240
0.09460
0.02970
0.00770
0.04420
0.18340
0.11110

DAILY98_02
20.736
21.908
21.551
22.493
22.638
21.551
20.736
22.638
21.908
20.736
22.348
22.348
18.797
24.925
23.894
23.894
23.894
25.533
25362
25362
21.813
21.813
22.323
22.323
22.323
22.323
22.323
22.323
22.323
22307
22.323
22307

DAILY23 27
21.378
22.216
22.086
23.385
23.079
22.086
21.378
23.079
22216
21.378
23.220
23.220
18.852
25.733
24.683
24.683
24.683
26.402
26.077
26.077
22.720
22.720
23.225
23.225
23.225
23.225
23.225
23.225
23.225
23.178
23.225
23.178

DAILY48 52
22.337
23315
23.045
24.599
24.105
23.045
22337
24.105
23315
22337
24.228
24.228
19.691
25.132
23.951
23.951
23.951
25.685
25.231
25.231
23.811
23.811
24357
24357
24357
24357
24357
24357
24357
24.520
24357
24.520

ELEV_ M
576.936
365.674
383.356
163.628
355.075
419.493
485.416
383.045
355.744
535318
358.889
465.472
202.802
475.834
582.499
838.840
499.604
368.070
612.436
375.034
184.050
190.551
101.149

59.959
53.425
28.743
25.031
96.211
38.006
219.449
81.550
204.135
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DEV2001 = proportion of Developed

FOR2001 = proportion of Forest

AGRI2001 = proportion of Agriculture

WET2001 = proportion of Wetlands

DAILY98 02 = Estimated highest daily average temperature 1998 — 2002
DAILY?23 27 = Estimated highest daily average temperature 2023 — 2027
DAILY48 52 = Estimated highest daily average temperature 2048 — 2052
ELEV_M = Average elevation in meters

To fit onto the page Open Water, Barren and Grasslands/shrubs land cover classes as well as projected land cover estimations were

omitted from these tables.
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APPENDIX C. SAS code for all models

Ordinal logistic regression model

ods html file="trout status';
options formdlim="_";

libname dis 'C:\1_JOAN\1_Thesis\NEW041009'";

proc import

datafile='C:\I_JOAN\1 Thesis\NEW041009\modelData041409.xls' out=dis.trout replace;
run; quit;

*rename variables, multiply proportions by 100 to get percentages;
data trout; set dis.trout;

status=STATUS;
water9802=100*OW2001;
urban9802=100*DEV2001;
barren9802=100*BAR2001;
forest9802=100*FOR2001;
2rass9802=100*GR2001;
agri9802=100*AGRI2001;
wetlands9802=100*WET2001;
hightemp98_02=DAILY98 02;

water2327=100*OW2026;
urban2327=100*DEV2026;
barren2327=100*BAR2026;
forest2327=100*FOR2026;
grass2327=100*GR2026;
agri2327=100*AGRI12026;
wetlands2327=100*WET2026;
hightemp23 27=DAILY23 27;

waterd852=100*OW2056;
urban4852=100*DEV2056;
barren4852=100*BAR2056;
forest4852=100*FOR2056;
grass4852=100*GR2056;
agri4852=100*AGRI2056;
wetlands4852=100*WET2056;
hightemp48 52=DAILY48 52;
elev=ELEV_M,;

run;quit;

***OLR 98-02%*%*;
title 'OLR - Reduced Effects & Temp Interactions /Stepwise - No Agri';
title2 'water, forest, grass, wetlands, forest*july01, wetlands*july01';
proc logistic data=trout;
model status=water9802 forest9802 grass9802 wetlands9802
forest9802*hightemp98 02 wetlands9802*hightemp98 02 / scale=none selection=none rsquare
aggregate;
output out = OLR98_02 p = prob xbeta = logit;
run; quit;
ods html close;

*¥*¥*OLR 23 27 Temp only***;
title 'OLR - Reduced Effects & Temp Interactions /Stepwise - No Agri';
title2 'water, forest, grass, wetlands, forest*temp, wetlands*temp';
proc logistic data=trout;
model status=water9802 forest9802 grass9802 wetlands9802
forest9802*hightemp23 27 wetlands9802*hightemp23 27 / scale=none selection=none rsquare
aggregate,
output out = OLR23_ 27T p = prob xbeta = logit;
run; quit;
ods html close;
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***OLR 48 52 Temp only***;
title 'OLR - Reduced Effects & Temp Interactions /Stepwise - No Agri';
title2 'water, forest, grass, wetlands, forest*temp, wetlands*temp';
proc logistic data=trout;
model status=water9802 forest9802 grass9802 wetlands9802
forest9802*hightemp48 52 wetlands9802*hightemp48 52 / scale=none selection=none rsquare
aggregate;
output out = OLR48 52T p = prob xbeta = logit;
run; quit;
ods html close;

*#**OLR 23 27 Temp and LU***;
title 'OLR - Reduced Effects & Temp Interactions /Stepwise - No Agri';
title2 'water, forest, grass, wetlands, forest*temp, wetlands*temp';
proc logistic data=trout;
model status=water2327 forest2327 grass2327 wetlands2327
forest2327*hightemp23 27 wetlands2327*hightemp23 27 / scale=none selection=none rsquare
aggregate,
output out = OLR23 27LU p = prob xbeta = logit;

run; quit;

***OLR 48 52 Temp and LU***;
title 'OLR - Reduced Effects & Temp Interactions /Stepwise - No Agri';
title2 'water, forest, grass, wetlands, forest*temp, wetlands*temp';
proc logistic data=trout;
model status=water4852 forest4852 grass4852 wetlands4852
forest4852*hightemp48 52 wetlands4852*hightemp48 52 / scale=none selection=none rsquare
aggregate;
output out = OLR48_52LU p = prob xbeta = logit;
run; quit;

***OLR 23 27 Temp and LU change only***;
title 'OLR - Reduced Effects & Temp Interactions /Stepwise - No Agri';
title2 'water, forest, grass, wetlands, forest*temp, wetlands*temp';
proc logistic data=trout;
model status=water2327 forest2327 grass2327 wetlands2327
forest2327*hightemp98 02 wetlands2327*hightemp98 02 / scale=none selection=none rsquare
aggregate;
output out = OLR23_27LULC p = prob xbeta = logit;

run; quit;

*#**OLR 48 52 Temp and LU change only***;
title 'OLR - Reduced Effects & Temp Interactions /Stepwise - No Agri';
title2 'water, forest, grass, wetlands, forest*temp, wetlands*temp';
proc logistic data=trout;
model status=water4852 forest4852 grass4852 wetlands4852
forest4852*hightemp98 02 wetlands4852*hightemp98 02 / scale=none selection=none rsquare
aggregate,
output out = OLR48 S2LULC p = prob xbeta = logit;

run; quit;

Binary Logistic Regression Models
Intact
options formdlim='_"';

libname dis 'C:\1_JOAN\1_Thesis\NEW041009"';

proc import

datafile="C:\1 JOAN\1 Thesis\NEW041009\modelData041409.xls' out=dis.trout replace;
run; quit;

*rename variables, multiply proportions by 100 to get percentages;
data trout; set dis.trout;
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status=STATUS;
water9802=100*0W2001;
urban9802=100*DEV2001;
barren9802=100*BAR2001;
forest9802=100*FOR2001;
grass9802=100*GR2001;
agri9802=100*AGRI2001;
wetlands9802=100*WET2001;
hightemp98 02=DAILY98 02;

water2327=100*0W2026;
urban2327=100*DEV2026;
barren2327=100*BAR2026;
forest2327=100*FOR2026;
grass2327=100*GR2026;
agri2327=100*AGRI2026;
wetlands2327=100*WET2026;
hightemp23 27=DAILY23 27;

water4852=100*0OW2056;
urban4852=100*DEV2056;
barren4852=100*BAR2056;
forest4852=100*FOR2056;
grass4852=100*GR2056;
agri4852=100*AGRI2056;
wetlands4852=100*WET2056;
hightemp48 52=DAILY48 52;
elev=ELEV M;

run;quit;

*try binary response;

data trout; set work.trout;

if status=2 or 3 then status3=1;
if status=1 then status3=0;

run;

***final model****;
***BLR 98 02****;
title 'BIﬁARY, INTACT, MAIN EFFECTS & TEMP INTERACTIONS, NO AGRI - stepwise';
proc logistic data=trout;
model status3=urban9802 barren9802 forest9802 grass9802 wetlands9802
barren9802*hightemp98 02 forest9802*hightemp98 02
grass9802*hightemp98 02 wetlands9802*hightemp98 02 / scale=none selection=none rsquare
lackfit aggregate;
output out = BLRint9802 p = prob xbeta = logit;
run; quit;
***urban barren forest grass wetlands barren*temp forest*temp grass*temp wetlands*temp
remain**;

***BLR 23 27 T****;
title 'BINARY, INTACT, MAIN EFFECTS & TEMP INTERACTIONS, NO AGRI - stepwise';
proc logistic data=trout;
model status3=urban9802 barren9802 forest9802 grass9802 wetlands9802
barren9802*hightemp23 27 forest9802*hightemp23 27
grass9802*hightemp23 27 wetlands9802*hightemp23 27 / scale=none selection=none rsquare
lackfit aggregate;
output out = BLRint2327T p = prob xbeta = logit;
run; quit;

**¥BLR 48 52TH**%;
title 'BINARY, INTACT, MAIN EFFECTS & TEMP INTERACTIONS, NO AGRI - stepwise';
proc logistic data=trout;
model status3=urban9802 barren9802 forest9802 grass9802 wetlands9802
barren9802*hightemp48 52 forest9802*hightemp48 52
grass9802*hightemp48 52 wetlands9802*hightemp48 52 / scale=none selection=none rsquare
lackfit aggregate;
output out = BLRint4852T p = prob xbeta = logit;
run; quit;
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***BLR 23 27LU****;
title 'BINARY, INTACT, MAIN EFFECTS & TEMP INTERACTIONS, NO AGRI - stepwise';
proc logistic data=trout;
model status3=urban2327 barren2327 forest2327 grass2327 wetlands2327
barren2327*hightemp23 27 forest2327*hightemp23 27
grass2327*hightemp23 27 wetlands2327*hightemp23 27 / scale=none selection=none rsquare
lackfit aggregate;
output out = BLRint2327LU p = prob xbeta = logit;
run; quit;

**¥BLR 48 52LUX***;
title 'BINARY, INTACT, MAIN EFFECTS & TEMP INTERACTIONS, NO AGRI - stepwise';
proc logistic data=trout;
model status3=urban4852 barrend852 forest4852 grass4852 wetlands4852
barrend4852*hightemp48 52 forest4852*hightemp48 52
grass4852*hightemp48 52 wetlands4852*hightemp48 52 / scale=none selection=none rsquare
lackfit aggregate;
output out = BLRint4852LU p = prob xbeta = logit;
run; quit;

***BLR 23 27 LU change only****;
title 'BINARY, INTACT, MAIN EFFECTS & TEMP INTERACTIONS, NO AGRI - stepwise';
proc logistic data=trout;
model status3=urban2327 barren2327 forest2327 grass2327 wetlands2327
barren2327*hightemp98 02 forest2327*hightemp98 02
grass2327*hightemp98 02 wetlands2327*hightemp98 02 / scale=none selection=none rsquare
lackfit aggregate;
output out = BLRint23271lulc p = prob xbeta = logit;
run; quit;

***BLR 48 52 LU change only****;
title 'BINARY, INTACT, MAIN EFFECTS & TEMP INTERACTIONS, NO AGRI - stepwise';
proc logistic data=trout;
model status3=urban4852 barren4852 forest4852 grass4852 wetlands4852
barren4852*hightemp98 02 forest4852*hightemp98 02
grass4852*hightemp98 02 wetlands4852*hightemp98 02 / scale=none selection=none rsquare
lackfit aggregate;
output out = BLRint48521lulc p = prob xbeta = logit;
run; quit;

BLR Reduced
options formdlim='_"';

libname dis 'C:\1_JOAN\1_Thesis\NEW041009"';

proc import

datafile="C:\1 JOAN\1 Thesis\NEW041009\modelData041409.xls' out=dis.trout replace;
run; quit;

*rename variables, multiply proportions by 100 to get percentages;
data trout; set work.trout;

status=STATUS;
water9802=100*0OwW2001;
urban9802=100*DEV2001;
barren9802=100*BAR2001;
forest9802=100*FOR2001;
grass9802=100*GR2001;
agri9802=100*AGRI2001;
wetlands9802=100*WET2001;
hightemp98 02=DAILY98 02;

water2327=100*0W2026;
urban2327=100*DEV2026;
barren2327=100*BAR2026;
forest2327=100*FOR2026;
grass2327=100*GR2026;
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agri2327=100*AGRI2026;
wetlands2327=100*WET2026;
hightemp23 27=DAILY23 27;

water4852=100*0OW2056;
urban4852=100*DEV2056;
barren4852=100*BAR2056;
forest4852=100*FOR2056;
grass4852=100*GR2056;
agri4852=100*AGRI2056;
wetlands4852=100*WET2056;
hightemp48 52=DAILY48 52;
elev=ELEV_M;

run;quit;

*try binary response;

data trout; set work.trout;

if status=1 or 3 then status3=1;
if status=2 then status3=0;

run;

***BLR 98 02***;

title 'BINARY,REDUCED, MAIN EFFECTS, with Temp interactions NO AGRI - STEPWISE';

proc logistic data=trout;

model status3=urban9802 barren9802 forest9802 grass9802 wetlands9802
forest9802*hightemp98 02 / scale=none selection=none rsquare

lackfit aggregate;
output out = BLRred9802 p = prob xbeta = logit;

run; quit;

***urban barren forest grass wetlands forest*temp***;

**¥BLR 23 27T***;

title 'BINARY,REDUCED, MAIN EFFECTS, with Temp interactions NO AGRI - STEPWISE';

proc logistic data=trout;

model status3=urban9802 barren9802 forest9802 grass9802 wetlands9802
forest9802*hightemp23 27 / scale=none selection=none rsquare

lackfit aggregate;
output out = BLRred23 27T p = prob xbeta = logit;

run; quit;

***BLR 48 52T***;

title 'BINARY,REDUCED, MAIN EFFECTS, with Temp interactions NO AGRI - STEPWISE';

proc logistic data=trout;

model status3=urban9802 barren9802 forest9802 grass9802 wetlands9802
forest9802*hightemp48 52 / scale=none selection=none rsquare

lackfit aggregate;
output out = BLRred48 52T p = prob xbeta = logit;

run; quit; B

***BLR 23 27LU***;

title 'BINARY,REDUCED, MAIN EFFECTS, with Temp interactions NO AGRI - STEPWISE';

proc logistic data=trout;

model status3=urban2327 barren2327 forest2327 grass2327 wetlands2327
forest2327*hightemp23 27 / scale=none selection=none rsquare

lackfit aggregate;
output out = BLRred2327LU p = prob xbeta = logit;

run; quit;

***BLR 48 52LU***;

title 'BINARY,REDUCED, MAIN EFFECTS, with Temp interactions NO AGRI - STEPWISE';

proc logistic data=trout;

model status3=urban4852 barrend852 forest4852 grass4852 wetlands4852
forest4852*hightemp48 52 / scale=none selection=none rsquare

lackfit aggregate;
output out = BLRred4852LU p = prob xbeta = logit;

run; quit;

***BLR 23 27 LU change only***;
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title 'BINARY,REDUCED, MAIN EFFECTS, with Temp interactions NO AGRI - STEPWISE';
proc logistic data=trout;
model status3=urban2327 barren2327 forest2327 grass2327 wetlands2327
forest2327*hightemp98 02 / scale=none selection=none rsquare
lackfit aggregate;
output out = BLRred23271lulc p = prob xbeta = logit;
run; quit;

***BLR 48 52 LU change only***;

title 'BINARY,REDUCED, MAIN EFFECTS, with Temp interactions NO AGRI - STEPWISE';

proc logistic data=trout;

model status3=urban4852 barrend852 forest4852 grass4852 wetlands4852
forest4852*hightemp98 02 / scale=none selection=none rsquare

lackfit aggregate;
output out = BLRred4852lulc p = prob xbeta = logit;

run; quit;

BLR Extirpated
options formdlim='_"';

libname dis 'C:\1_JOAN\1_Thesis\NEW041009"';

proc import

datafile="C:\1 JOAN\1 Thesis\NEW041009\modelData041409.xls' out=dis.trout replace;
run; quit;

*rename variables, multiply proportions by 100 to get percentages;
data trout; set work.trout;

status=STATUS;
water9802=100*0OwW2001;
urban9802=100*DEV2001;
barren9802=100*BAR2001;
forest9802=100*FOR2001;
grass9802=100*GR2001;
agri9802=100*AGRI2001;
wetlands9802=100*WET2001;
hightemp98 02=DAILY98 02;

water2327=100*0W2026;
urban2327=100*DEV2026;
barren2327=100*BAR2026;
forest2327=100*FOR2026;
grass2327=100*GR2026;
agriz2327=100*AGRI2026;
wetlands2327=100*WET2026;
hightemp23 27=DAILY23 27;

water4852=100*0W2056;
urban4852=100*DEV2056;
barren4852=100*BAR2056;
forest4852=100*FOR2056;
grass4852=100*GR2056;
agri4852=100*AGRI2056;
wetlands4852=100*WET2056;
hightemp48 52=DAILY48 52;
elev=ELEV M;

run;quit;

*try binary response;

data trout; set work.trout;

if status=1l or 2 then status3=1l;
if status=3 then status3=0;

run;

***BLR 98 02***;

title 'BINARY, REDUCED MAIN EFFECTS, NO FOREST - STEPWISE, TEMP INTERACTIONS';
title2 'PRESENT vs ABSENT';

proc logistic data=trout;
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model status3=water9802 urban9802 agri9802 wetlands9802
water9802*hightemp98 02 agri9802*hightemp98 02
wetlands9802*hightemp98 02 / scale=none selection=none rsquare lackfit aggregate;
output out = BLRext9802 p = prob xbeta = logit;
run; quit;
***water urban agri wetlands water*temp agri*temp wetlands*temp remain***;

**¥BLR 23 27T***;
title 'BINARY, REDUCED MAIN EFFECTS, NO FOREST - STEPWISE, TEMP INTERACTIONS';
title2 'PRESENT vs ABSENT';
proc logistic data=trout;
model status3=water9802 urban9802 agri9802 wetlands9802
water9802*hightemp23 27 agri9802*hightemp23 27
wetlands9802*hightemp23 27 / scale=none selection=none rsquare lackfit aggregate;
output out = BLRext2327T p = prob xbeta = logit;
run; quit;

***BLR 48 52T***;
title 'BINARY, REDUCED MAIN EFFECTS, NO FOREST - STEPWISE, TEMP INTERACTIONS';
title2 'PRESENT vs ABSENT';
proc logistic data=trout;
model status3=water9802 urban9802 agri9802 wetlands9802
water9802*hightemp48 52 agri9802*hightemp48 52
wetlands9802*hightemp48 52 / scale=none selection=none rsquare lackfit aggregate;
output out = BLRext4852T p = prob xbeta = logit;
run; quit;

***BLR 23 27LU***;
title 'BINARY, REDUCED MAIN EFFECTS, NO FOREST - STEPWISE, TEMP INTERACTIONS';
title2 'PRESENT vs ABSENT';
proc logistic data=trout;
model status3=water2327 urban2327 agri2327 wetlands2327
water2327*hightemp23 27 agri2327*hightemp23 27
wetlands2327*hightemp23 27 / scale=none selection=none rsquare lackfit aggregate;
output out = BLRext2327LU p = prob xbeta = logit;
run; quit;

***BLR 48 52LU****;
title 'BINARY, REDUCED MAIN EFFECTS, NO FOREST - STEPWISE, TEMP INTERACTIONS';
title2 'PRESENT vs ABSENT';
proc logistic data=trout;
model status3=water4852 urban4852 agri4852 wetlands4852
water4852*hightemp48 52 agri4852*hightemp48 52
wetlands4852*hightemp48 52 / scale=none selection=none rsquare lackfit aggregate;
output out = BLRext4852LU p = prob xbeta = logit;
run; quit;

***BLR 23 27 LU change only***;
title 'BINARY, REDUCED MAIN EFFECTS, NO FOREST - STEPWISE, TEMP INTERACTIONS';
title2 'PRESENT vs ABSENT';
proc logistic data=trout;
model status3=water2327 urban2327 agri2327 wetlands2327
water2327*hightemp98 02 agri2327*hightemp98 02
wetlands2327*hightemp98 02 / scale=none selection=none rsquare lackfit aggregate;
output out = BLRext23271lulc p = prob xbeta = logit;
run; quit;

***BLR 23 _27 LU change only***;
title 'BINARY, REDUCED MAIN EFFECTS, NO FOREST - STEPWISE, TEMP INTERACTIONS';
title2 'PRESENT vs ABSENT';
proc logistic data=trout;
model status3=water4852 urban4852 agrid4852 wetlands4852
water4852*hightemp98 02 agri4852*hightemp98 02
wetlands4852*hightemp98 02 / scale=none selection=none rsquare lackfit aggregate;
output out = BLRext48521lulc p = prob xbeta = logit;
run; quit;
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Appendix D. Procedure Logs
Reclassifying the National Land Cover Datasets

The 1992 NLCD and 2001 NLCD do not have the same land cover classifications and it
was necessary to reclassify the values in both datasets in order to make comparisons.
There is currently a land cover change product which have more accurate comparisons
between the two years (was unavailable at the time of analysis).
http://www.mrlc.gov/changeproduct.php

Using the ‘Reclassify’ in the ArcGIS Spatial Analyst toolbar, the reclassified value (the
number preceding the class name) contained the old classification values in the
parentheses following the class name.

1 Open Water (11)

2 Developed (21, 22, 23, 24)

3 Barren (31)

4 Forest (41, 42, 43)

5 Grass/Shrub (52, 71)

6 Agriculture (81, 82)

7 Wetland (90, 95)

Using Patch Analyst to extract land cover values from NLCD

In Patch Analyst, turn on extensions Spatial analyst and patchgrid/patch
Add “Allintact.shp” and grid theme (nlcd grids)

.PatchGrid = Spatial Statistics (by Regions)

Class theme = raster Regions theme = .shp file

Class field = value Regions field = ObjectID

Analysis level —class

Analysis options — default

In Patch Analyst, go to Table — crosstabulate to get the class proportions. Then export
to excel.

Choose the field to form the rows of the Crosstab: HUCCODE

Choose the field to form the columns of the Crosstab: Class

Choose the field to summarize in the cells of the Crosstab: ClassProp

Export to Excell.
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Preparing SAS output tables for use in ArcGIS

After creating the output in Excel,

Make SAS table output, export to .xIs.

Open in Excel. Delete any unnecessary columns. Then sort by Level (in this case, there
are Levels 2 and 3, for Reduced and Extirpated). Cut and paste all of the second (or
more) level next to the first one.

Note: For ordinal logistic regression, SAS output gives estimated probabilities for two
response variables, to find the third, take 1 minus the sum of the other two probabilities.
Then you map all the probabilities for each response variable separately.

To find the ‘missing’ level probabilities, calculate 1 minus the sum of the other
probabilities. Create columns for predicted probabilities. If the probability >=.5, then
give 1 (event), otherwise 0 (no event).

Excel formula to easily input 1 or 0 based on the calculated probabilities:

=if( [cell of probability] >=.5, [value if true], [value if false])

So,

=if(C1>=.5, 1, 0) would give a 1 if the cell probability is >=.5, and give a 0 if the
probability is <.5

Add table to ArcGIS project. Join table to main HUC/polygon shapefile. Export data to
new shapefile to include joined table information

**note — arcGIS does not like  LEVEL as a column heading, if you keep that column
in, change the name. Level refers to your status, in this case, 1 = intact, 2 = reduced.

Binary model does not need the above steps. Just give 1 (event) to probabilities >= .5
and 0 to everything else.

***Note, there is a SAS Bridge for ESRI tutorial located here:
http://support.sas.com/rnd/datavisualization/BridgeForESRI/V 1/connect.htm

Density Plots

Data Management — Feature — Feature to Point tool

Input subwatershed layer to make each subwatershed a point.

Then use the Density tool in the Spatial Analyst tool bar to create density plots from the
subwatershed points.
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