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ABSTRACT
Brook Trout is a socially, economically and ecologically important species throughout its
native range in the eastern United States (hereafter referred to as the eastern U.S.). Brook Trout
have narrow habitat requirements and have already been extirpated or negatively affected
throughout much of the eastern U.S. as a result of human activities and related environmental
changes. These historic losses have led to an increasing interest in Brook Trout conservation and
concerns over how future climate and land use changes might alter habitats and result in further
losses. Increasing air temperatures resulting from climate change are expected to result in
widespread losses of cold water (< ~21°C mean July water temperature) habitat in rivers and
streams. Since Brook Trout are physiologically dependent upon cold water, warming is very
likely to result in reduced and extirpated populations throughout much of the eastern U.S.
Historic and contemporary land use change has been one of the major historic drivers resulting in
losses of Brook Trout populations through habitat alterations. Land use change, especially urban
development, is continuing at a rapid pace in many parts of the eastern U.S. and will likely result
in localized losses of Brook Trout populations where such changes occur in the future. Given the
potential for climate and land use change to negatively affect Brook Trout populations,
identifying potential effects for individual reaches can benefit conservation by identifying
sensitive, vulnerable, and resilient river reaches. In this dissertation, I use publicly available data
to identify the potential effects of projected climate and land use change on river water
temperature and Brook Trout populations in individual stream reaches throughout the eastern
U.S.
In Chapter 1, I quantitatively assessed the representativeness of stream flow and water
temperature data from United States Geological Survey (USGS) gages throughout subregions of
the conterminous United States, including the eastern U.S. This analysis was beneficial because
prior to predicting attributes of almost 200,000 stream reaches in the eastern U.S., it was
important to know how well available sampling data from a limited number of sites characterized
the greater population of streams. I identified substantial biases for seven landscape attributes in
one or more regions across the conterminous United States. Streams with small watersheds (< 10
km2) and at high elevations were most often underrepresented, and biases were greater for water
temperature gages and in arid regions throughout the conterminous United States. Similar
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landscape bias was evident in the eastern U.S., but I demonstrated how including water
temperature data from additional sources resulted in a dataset that represented the population of
stream reaches well. Although I did not use the same methods, I also determined the degree to
which sampling data represented the larger population of stream reaches in Chapters 2 and 3.
River water temperature is one of the most important determinants of habitat quality for
Brook Trout and is likely to be altered by climate and land use change. In Chapter 2, I developed
a model to predict river water temperatures under current conditions and future scenarios of
climate and land use change. The final model included air temperature, landform attributes and
forested land cover and predicted mean daily water temperatures with good accuracy (root mean
squared error ~ 1.9 °C) for training and validation datasets. Predictions also matched expected
spatial and temporal trends with cooler temperatures in headwaters, at higher elevations and
latitudes, and in April and October. The model can be used to reasonably estimate thermal
characteristics of stream reaches throughout the eastern U.S. to support ecosystem and resource
management broadly. I demonstrate in Chapters 3 and 4 how predicted water temperatures from
the model can be used to predict Brook Trout occurrence under current conditions and future
scenarios of climate and land use change.
In Chapter 3, I develop a species distribution model to predict Brook Trout occurrence
probability based on water temperature characteristics predicted by the model described in
Chapter 2 and landscape characteristics. I used a hierarchical logistic regression model that
performed well at both training and validation datasets (area under the receiver operating curve ~
0.78). Predicted water temperature had a strong negative effect on Brook Trout occurrence
probability that did not vary throughout the region. The effects of agriculture and developed land
covers were weakly negative, but an interaction suggested that agricultural land cover resulted in
an increased sensitivity to water temperature. The effect of soil permeability was positive, but
decreased as EDU mean soil permeability increased. The model provides a further understanding
of how Brook Trout are shaped by habitat characteristics in the region and is the first to provide
maps of stream reach-scale predictions, which can be used to support ongoing conservation and
management efforts.
In Chapter 4, I used the models developed in Chapters 2 and 3 to identify potential
changes in thermal habitat and Brook Trout occurrence probability resulting from projected
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climate and land use change. The timing, magnitude and location of predicted changes in
maximum 30 day mean river water temperature varied greatly among three downscaled climate
models, with average increases by 2087 ranging from 1.21 to 2.55 °C. As a result of warming,
occurrence probability was predicted to be greatly reduced throughout the region, and between
56,440 (42.7%) and 109,237 (82.6%) of potential Brook Trout habitat was predicted to be lost.
Land use change was predicted to result in localized increases in river water temperature and
losses of 5,976 (4.5%) stream reaches with potential Brook Trout habitat. Given the magnitude
of predicted losses, conservation actions will likely be more successful in the long term if the
potential changes resulting from climate and land use change are incorporated into the planning
process. My dissertation provides information to support this planning process by providing a
suite of decision support tools that can be used to help understand potential changes for
individual stream reaches, a scale at which many conservation activities are likely to be relevant.
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and solutions for managers
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Abstract: Flow and water temperature are fundamental
properties of stream ecosystems upon which many freshwater
resource management decisions are based. U.S. Geological
Survey (USGS) gages are the most important source of streamflow and water temperature data available nationwide, but the
degree to which gages represent landscape attributes of the
larger population of streams has not been thoroughly evaluated. We identified substantial biases for seven landscape attributes in one or more regions across the conterminous United
States. Streams with small watersheds (<10 km2) and at high
elevations were often underrepresented, and biases were greater
for water temperature gages and in arid regions. Biases can
fundamentally alter management decisions and at a minimum
this potential for error must be acknowledged accurately and
transparently. We highlight three strategies that seek to reduce
bias or limit errors arising from bias and illustrate how one
strategy, supplementing USGS data, can greatly reduce bias.

INTRODUCTION
Streamflow and water temperature are fundamental properties of fluvial systems that structure aquatic communities, determine environmental services, and are susceptible to human
activity and climatic processes. Streams are often characterized
by flow regime (Poff et al. 1997), which determines the move-

La importancia de comprender el
sesgo inducido por el paisaje en el
posicionamiento de sensores USGS:
implicaciones y soluciones para los
administradores
RESUMEN: la temperatura y flujo de agua son propiedades fundamentales de los ecosistemas fluviales, sobre los
cuales se toman diversas decisiones de manejo en cuanto
a recursos dulceacuícolos. Los sensores del Estudio Geológico de los Estados Unidos de Norte América (EGEU)
son la fuente disponible más importante de datos de flujo
de agua y temperatura a nivel nacional, pero el grado
al cual los sensores son representativos de los atributos
paisajísticos de una población más grande de ríos, no
ha sido analizado a profundidad. Se identificaron sesgos
sustanciales en siete atributos paisajísticos en una o más
regiones a lo largo de las zonas limítrofes de los Estados
Unidos de Norte América. Los ríos de cauce pequeño (<10
km2) y aquellos localizados en regiones elevadas no estuvieron adecuadamente representados, y los mayores sesgos
se observaron en los sensores que miden la temperatura
del agua y en las regiones áridas. Los sesgos tienen el potencial de alterar de manera fundamental las decisiones de
manejo, y como mínimo este error tiene que reconocerse de
forma precisa y transparente. Se plantean tres estrategias
que buscan tanto reducir el sesgo o limitar los errores que
surgen de dicho sesgo, como ilustrar cómo una estrategia,
suplementando los datos EGEU, puede reducir el sesgo de
manera importante.
ment of energy within stream channels (Leopold et al. 1964),
connectivity to floodplains (Tockner et al. 2000), availability
and diversity of instream habitats (Jowett and Duncan 1990),
and ultimately the structure of lotic communities (Poff and
Allan 1995). Water temperature is a key determinant of ecological processes, such as stream metabolism (Demars et al. 2011)
and organism bioenergetics (Kitchell et al. 1977), and plays a
primary role in influencing distributions of aquatic organisms
due to varied thermal tolerances of individual species (Magnuson et al. 1979).
Just as streamflow and water temperatures influence distribution and abundance of fluvial fishes, flow and temperature
regimes are themselves influenced by both natural and anthropogenic landscape attributes (Frissell et al. 1986; Poff et al.
1997). Climatic and landscape attributes that influence streamflow and temperature regimes include precipitation and air temperature, catchment area, soil and bedrock permeability, valley
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constraint, catchment aspect and elevation, and vegetative cover
over multiple spatial extents (Isaak and Hubert 2001; Morris et
al. 2009; McManamay et al. 2011). Similarly, anthropogenic
activities can confound influences of natural controls, and their
effects on streamflow and temperature have been widely documented (e.g., Paul and Meyer 2001; Poole and Berman 2001;
Poff et al. 2006).
Management of stream and river ecosystems and fisheries, along with their interconnected lake and reservoir systems,
often relies on our ability to characterize both streamflow and
temperature regimes throughout regions of interest. To achieve
this end, streamflow and water temperature data must be monitored using a statistically valid sampling strategy that ensures
representation of regional variation in natural and anthropogenic landscape attributes (e.g., U.S. Environmental Protection
Agency Environmental Monitoring and Assessment Program,
USEPA 2010), if the goal is to characterize hydrologic and thermal properties of all streams in a region of interest. However,
this goal may be difficult to achieve in many regions, because
streamflow and water temperature data are rarely collected in
such a systematic manner.
The stream gage network of the U.S. Geological Survey
(USGS) is the main source of nationally available standardized
data for characterizing streamflow and temperature regimes.
The USGS gage network was designed to collect continuous
streamflow data to serve a number of purposes, which include
water management, flood monitoring, recreation, and scientific
studies (National Hydrologic Warning Council 2006). Water
temperature is also monitored at a smaller subset of gages.
Although water temperature data are often collected by other
agencies or researchers, those data are often not readily available, because they must be compiled into standardized formats
(e.g., Isaak 2011). Though USGS gages provide data that characterize large numbers of streams throughout a variety of large
spatial units (e.g., basins, entire states, and ecoregions), the gage
network was not designed to support statistically valid, regional
inferences. For example, at the national scale, gages are disproportionately located near dams, in areas dominated by human
influences, and on larger rivers (Poff et al. 2006; Falcone et
al. 2010). Such biases in gage locations may compromise opportunities to extrapolate from gage data to all streams in a region. However, these landscape biases have not been formally
quantified for USGS gage locations and there has been little
systematic discussion of related implications for research and
management.
To address these challenges and facilitate the use of streamflow and water temperature data across large regions, we assess and quantify landscape biases for the complete USGS
gage network within the conterminous United States. Our
decision to focus on the conterminous United States stems
from a growing federal interest in identifying and prioritizing management actions to address landscape-scale changes
(e.g., National Fish Habitat Partnership, www.fishhabitat.org;
U.S. Fish and Wildlife Landscape Conservation Cooperatives,
www.fws.gov/landscape-conservation/lcc.html). We also assess
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landscape biases among different ecoregions. We then discuss
implications for using gage data to make inferences in a research and management context in light of landscape biases.
Finally, we highlight three strategies to address landscape bias
and demonstrate how one of these strategies, compiling supplemental data, can greatly reduce landscape bias.

METHODS—IDENTIFYING BIASES
We assessed the distribution of USGS gages throughout
the conterminous United States (national extent) and within the
nine ecoregions of Herlihy et al. (2008): Coastal Plains (CPL),
Northern Appalachians (NAP), Northern Plains (NPL), Southern
Appalachians (SAP), Southern Plains (SPL), Tall Grass Plains
(TPL), Upper Midwest (UMW), Western Mountains (WMT),
and Xeric West (XER; Figure 1). These physiographically diverse ecoregions were selected for use in this study because they
have been used in prior investigations to characterize the current
condition of lotic fish habitats (Esselman et al. 2011) as well as
an ongoing investigation to identify potential effects of climate
and land use changes on these habitats (FHCLC 2011). We used
the 1:100,000 NHDPlusV1 as the base spatial layer or “census
population” for data management and analyses, where the finest
spatial unit was the individual stream reach (USEPA and USGS
2005). Data sets linking stream reaches to physical or anthropogenic landscape attributes were previously compiled as part
of the National Fish Habitat Partnership–National Fish Habitat
Assessment (Esselman et al. 2011). Landscape attributes were
summarized at the watershed scale, which includes all land area
draining to a given stream reach.
The locations of USGS gages were obtained in October
2010 from the National Water Information System (http://waterdata.usgs.gov/nwis). Water temperature gages for the nation and
nine ecoregions were the subset of USGS gages with recorded
water temperatures. We included all gages where streamflow or
water temperature data have ever been collected. It is important
to note that our results may not reflect current landscape bias
in USGS gages because some gages included in our study are
no longer operational. However, historic gage data are still used
for some objectives and including all gages enables our study
to provide a baseline assessment of bias that is likely lower than
all other subsets (e.g., currently active gages).
We selected three physical landscape attributes to describe
natural variation among stream reaches: watershed area (km2),
mean watershed elevation (m), and mean watershed slope (degree; Table 1). We also selected three percentage measures of
land cover as metrics of human disturbance: natural (as sum of
forest, grassland, and shrubland), agricultural, and urban (Table
1). These physical and land cover metrics can influence water
temperature, streamflow, and distributions of fishes (e.g., Brenden et al. 2008), macroinvertebrates (e.g., Tsang et al. 2011), and
algae (e.g., Cao et al. 2007) throughout the conterminous United
States. We followed methods in Wagner et al. (2008) to identify
potential sampling biases for each of the landscape attributes
by comparing cumulative frequency distributions (CFDs) of the
sample of reaches containing streamflow or water temperature
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Figure 1. Map of the conterminous United States showing the nine ecoregions and one focused management region used in analyses: the Coastal
Plains (CPL), Northern Appalachians (NAP), Northern Plains (NPL), Southern Appalachians (SAP), Southern Plains (SPL), Tall Grass Plains (TPL), Upper
Midwest (UMW), Western Mountains (WMT), Xeric West (XER), and the Eastern Brook Trout Joint Venture region.
Table 1. Names and sources of natural and anthropogenic landscape attributes that were used in analyses. The land cover code column lists the
reference numbers from the source data set used to calculate land cover types used in our analyses.
Attribute

Resolution

Units

Source

Land cover code

Watershed area

1:100,000

km2

Calculated using NHDPlusV11

NA

Mean slope

30 m

degrees

National Elevation Dataset2

NA

Mean elevation

30 m

m

National Elevation Dataset2

NA

Urban land cover

30 m

% of network catchment

NLCD 2001 Version 13

21 + 22 + 23 + 24

Agricultural land cover

30 m

% of network catchment

NLCD 2001 Version 13

81 + 82

Natural land cover

30 m

% of network catchment

NLCD 2001 Version 1

41 + 42 + 43 + 52 +71

3

USEPA and USGS (2005).
2
USGS (2006).
3
Homer et al. (2007).
1

gages to those of the census population of all stream reaches in
each region. We performed statistical analyses and created plots
within the R programming environment (R Development Core
Team 2012).
The interpretation of sampling bias from CFD curves is
as follows: (1) generally unbiased samples have a CFD that
matches closely with the census population CFD; (2) sample
CFD deviations above the population CFD represent oversam-

pling; and (3) CFD deviations below the population CFD represent undersampling. Sample CFDs may begin at higher or end at
lower values of a landscape attribute than the census population,
which signifies that some values of the attribute are not represented by USGS gages (i.e., these extreme attribute values are
entirely unsampled). Erratic, step-like CFDs result whenever
the addition of one or a few gages results in a large increase in
cumulative frequency and are usually associated with a small
number of gages.
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For each landscape attribute, we assessed the magnitude of
biases for streamflow and water temperature gages. First, we
calculated the maximum difference in cumulative frequency
between the population and the sample for each landscape attribute (i.e., the greatest vertical difference between population
and sampling CFDs). We then summarized the magnitude of
bias by classifying the maximum difference using arbitrarily
defined cutoffs: “low” (maximum difference between population and sample CFDs < 0.1), “moderate” (maximum difference
between population and sample CFDs ≥ 0.1 and < 0.3), and
“high” (maximum difference between population and sample
CFDs ≥ 0.3). Second, we identified CFDs where the sample
range was less than 90% of the population range and refer to
these as “notably unsampled.”
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We found that the greatest landscape bias existed for
watershed area.

RESULTS—IDENTIFIED BIASES
Of the 2,607,304 census population stream reaches in the
conterminous United States, USGS gaging stations monitored
streamflow for 20,362 (0.78%) reaches and water temperature
for 1,673 (0.06%) reaches. The UMW had the greatest percentage of stream reaches with streamflow gages (2.66%) and the
SAP had the lowest (0.25%). The percentage of stream reaches
with temperature gages was much lower, with the SPL having
the highest (0.13%) and the NPL the lowest (0.02%). Landscape
characteristics of all census population stream reaches, including gaged reaches, are provided in Table A1 for the national
extent and all ecoregions (see http://fisheries.org/appendices).
We present a subset of CFDs to illustrate typical biases for
each landscape attribute; the full set of CFD plots for each attribute and all regions is available online (Figures A1–A6, see
http://fisheries.org/appendices). Streamflow and water temperature sampling CFDs indicated that small (i.e., <10 km2) and
intermediate (i.e., ≥10 and <500 km2) sized watersheds were
highly underrepresented or notably unsampled at the national
extent and in most ecoregions (Figure 2a, Table 2). Large watersheds (i.e., >10,000 km2) were well represented in all regions
(Figure A1, see http://fisheries.org/appendices), and biases were
higher for water temperature gages than for streamflow gages
in all regions.
Mean watershed elevation was generally better represented
than watershed area for both streamflow and water temperature
gages (Table 2; Figure 2b). However, relatively higher elevations were notably unsampled by streamflow gages in all regions, except the national and TPL, and by water temperature
gages in all regions (Table 2). For example, the NPL had the
highest magnitude of biases for both streamflow and water temperature gages, and high elevations (>2,200 m) were notably
unsampled by water temperature gages (Figure 2b).
Urban land cover CFDs for streamflow gages showed moderate biases in nearly all regions and high bias in only the XER
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ecoregion, whereas biases for water temperature gages were
high in four ecoregions (Table 2). Biases in most regions
were due to undersampling of all but the highest percentages
of urban land cover, and this tendency was greater for water
temperature gages (see national, Figure 2c). The magnitude
of undersampling was lowest in the NPL, but intermediate to
high urban land cover was notably unsampled by streamflow
and water temperature gages in this ecoregion (Figure 2c).
Biases for natural land cover were moderate in most
regions for both streamflow and water temperature gages
(Table 2). No region had low bias for streamflow gages, but
the UMW had low bias for water temperature gages. The
most common bias was oversampling areas with relatively
high natural land cover, but the magnitude differed among regions. For example, at the national extent, streamflow gages
oversampled natural land cover greater than 80%, whereas
in the SAP streamflow gages oversampled natural land cover
greater than 20% (Figure 2d). In contrast, only natural land
cover greater than 85% was oversampled in the SPL, while
almost all of the range was undersampled (Figure 2d).
Most regions had low or moderate landscape bias for
agricultural land cover for streamflow gages and moderate
or high bias for water temperature gages (Table 2). Biases in
most regions were due to oversampling across a wide range
of intermediate to high agricultural land cover (e.g., SPL),
undersampling low agricultural land cover (e.g., XER), or
a combination of these two (e.g., national; see Figure 2e).
Stream reaches with higher values of agricultural land cover
(>80%) were notably unsampled by streamflow gages in
the NAP ecoregion and by water temperature gages in four
ecoregions (e.g., SPL; Figure 2e).

DISCUSSION
Our analyses identified substantial landscape biases in
streamflow and water temperature gages across several landscape attributes in one or more regions. Landscape biases
were lower for flow gages than for temperature gages across
all landscape attributes, partly because streamflow data are
collected at more USGS gages than water temperature data.
Biases were also generally greater within arid ecoregions
of the western United States, where a lower percentage of
streams were gaged. We found that the greatest landscape
bias existed for watershed area, and this bias toward sampling larger rivers has been previously noted (e.g., Poff et al.
2006; Falcone et al. 2010). Higher elevation streams were
entirely unsampled in some regions (e.g., NPL), which may
be particularly important because shifts in air temperature
and precipitation resulting from climate and land use changes
may have pronounced effects on small, high elevation stream
systems (Beniston et al. 1997). Large biases in the arid
ecoregions of the western United States (e.g., XER) are also
concerning because many of these streams contain endemic
fishes of conservation concern and are already impaired from
dams, water extraction, and nonnative fishes (Olden and Poff
2005).
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Figure 2. Cumulative frequency distributions for the national extent and selected ecoregions illustrating typical landscape biases for (a) watershed area
(log10 (km2)), (b) mean elevation (m), (c) urban land cover (%), (d) natural land cover (%), and (e) agricultural land cover (%). The solid grey line represents
the population of stream reaches, the dashed blue line represents reaches with streamflow gages, and the orange dash-dot line represents reaches
with water temperature gages.
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Table 2. Summary of the landscape biases observed for each landscape attribute by region for streamflow and water temperature gages. We calculated the magnitude of bias as the maximum difference in cumulative frequency across all values in the sampling data and classified bias as
low (maximum difference between population and sample CFDs < 0.1), moderate (maximum difference between population and sample CFDs ≥
0.1 and < 0.3), and high (maximum difference between population and sample CFDs ≥ 0.3). Regions are listed in order of increasing bias for each
landscape attribute. Bold font denotes regions where the landscape attribute sample range was < 90% of the population range.
Landscape attribute

Landscape bias
Low

Moderate

High

Watershed area

None

None

UMW, CPL, NAP, WMT, National, SAP, XER, TPL,
SPL, NPL

Mean elevation

NAP, UMW, WMT, National, TPL, SAP, CPL

SPL, XER, NPL

None

Mean slope

SAP, CPL, WMT, NAP, TPL, UMW

SPL, National, XER, NPL

None

Natural land cover

None

SPL, UMW, SAP, National, CPL, NAP, TPL, NPL

WMT, XER

Urban land cover

SPL

NPL, National, UMW, WMT, NAP, TPL, SAP, CPL

XER

Agricultural land cover

SAP, National, CPL, UMW

WMT, SPL, NAP, TPL, NPL, XER

None

Watershed area

None

None

UMW, SAP, NAP, National, CPL, TPL, WMT, SPL,
XER, NPL

Mean elevation

National, SAP

XER, SPL, WMT, UMW, NAP, TPL

CPL, NPL

Mean slope

National, WMT

SAP, TPL, SPL, UMW, CPL, XER

NPL

Natural land cover

UMW

TPL, National, NAP, SPL, CPL, SAP

NPL, WMT, XER

Urban land cover

None

NPL, SPL, TPL, National, WMT, NAP

CPL, SAP, UMW, XER

Agricultural land cover

SAP

NAP, CPL, UMW, National, WMT, SPL, TPL

NPL, XER

Streamflow data
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Water temperature data

Are Biases Relevant?
Our results show that streamflow and water temperature data from USGS gages do not adequately represent key
landscape attributes throughout the nation and in one or more
ecoregions. The resulting landscape biases will be relevant to
research and management efforts that attempt to characterize
streamflow or water temperature within ungaged streams (i.e.,
to extrapolate from gaged to ungaged streams). If inferences are
restricted to gaged streams, then the landscape biases reported
here are irrelevant. However, many research and management
efforts seek to draw inferences regarding large regions, and
these inferences can be fundamentally altered by landscape bias.
When landscape biases are determined to be relevant, the
next step is to assess the magnitude of biases for landscape attributes of interest. We have provided an example of how CFDs
and selected landscape attributes can be used to characterize
landscape bias in a rigorous and quantitative manner. However,
we caution that our results may not be representative of other
regions or of other landscape attributes.

Addressing Bias
At a minimum, landscape biases and their potential for introducing error must be acknowledged accurately and transparently when gage data are used to inform management decisions.
However, a simple acknowledgement of bias may not always
be sufficient. Thus, we also discuss three approaches that seek
to reduce biases or limit associated errors in light of existing
biases.
1. Limit or qualify inferences. The first strategy for addressing
biases in USGS gage data is to limit or qualify inferences
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for regions or types of streams with large landscape biases.
To illustrate this strategy, consider the biases and CFDs for
agricultural land cover (Figure 2e). For example, landscape
biases in water temperature data may be considered “too
great” for the entirety of the NPL and XER ecoregions, and
analyses could be limited to other ecoregions where data are
more representative of agricultural land cover. Alternatively,
inferences in the NPL and XER regions could be qualified
to incorporate potential errors arising from bias in these regions. Similarly, this strategy can also be employed within
a single region to limit or qualify inferences to subsets of
streams based on magnitudes of bias. For example, in the
XER ecoregion one may decide that water temperature gage
biases are too great for streams with less than 30% agricultural land cover (Figure 2e) and either qualify inferences
for this subset of streams or limit inferences to streams with
more agricultural land cover.
2. Compile supplemental data. The second strategy is to
compile supplemental streamflow and water temperature
data from sources other than USGS gages. These supplemental data will help to reduce landscape bias when additional landscape variation is represented. Potential
sources of supplemental data include Federal Energy
Regulation Commission–licensed hydropower projects,
National Pollutant Discharge Elimination System permit
compliance monitoring data, U.S. EPA STORET, universities, watershed organizations, and state agencies.
To illustrate the use of supplemental data, we appended the
USGS water temperature data with data from federal, state,
university, watershed organization, and two previously published (Gardner et al. 2003; Martin and Petty 2009) sources
for a focused management region, the Eastern Brook Trout
Joint Venture region (EBTJV; Figure 1). We included all
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Figure 3. Cumulative frequency distributions illustrating the influence of including supplemental data on landscape biases for watershed area (km2) in the Eastern Brook Trout Joint
Venture (EBTJV) region. The solid grey line represents the population of stream reaches, the
long dashed blue line represents reaches with streamflow gages, the orange dash-dot line
represents reaches with water temperature data from USGS gages only, and the short dashed
pink line represents reaches where supplemental temperature gages were included in addition to USGS gages.

water temperature sampling locations where data were collected at a repetitive, systematic interval (hourly, bi-hourly,
etc.) and used the same methods described above to create
new CFD plots. A total of 1,480 additional stream reaches
with temperature data were available for the EBTJV, and
landscape biases for some landscape attributes were greatly
reduced (e.g., watershed area; Figure 3).
3. Modeling. The final strategy is to use correlative, spatial,
or mechanistic models in place of empirical streamflow
and water temperature data. These models can then be used
to support resource management decisions for many or all
streams throughout a given region. Correlative models have
been used widely to predict streamflow (e.g., Vogel et al.
1999) or water temperature (e.g., Mohseni et al. 1998; Wehrly et al. 2009) at unsampled locations based on empirical
relationships with variables that are known and typically
easy to measure (e.g., precipitation, air temperature). Spatial models incorporate distance and spatial connectivity
between sample locations to predict streamflow or water
temperature and may also include correlative relationships
with other predictors (e.g., Peterson et al. 2007). For example, a spatial stream temperature model may accurately
generalize to undersampled headwater reaches by interpolating upstream temperatures based on data from downstream
gages. Finally, mechanistic (also referred to as deterministic
or process-based) models may reduce landscape bias by predicting streamflow or water temperature based upon physical

relationships with landscape attributes and other controlling
factors (e.g., Soil & Water Assessment Tool, Arnold et al.
2012; heat budget analysis, Johnson 2004). Each of these
types of models can, in some instances, be a powerful tool
for estimating flow and/or temperature in ungaged stream
reaches. However, it is important to note that landscape bias
may be retained in model predictions if biased gage data are
used for model calibration or validation purposes. Further,
sufficient streamflow and/or water temperature data may
not always be available to develop models that can generate
accurate predictions in unsampled streams. In such cases,
models that use climatic and/or landscape attributes as surrogates of water temperature and/or streamflow can inform
management decisions in place of gage data. For example,
thermally suitable habitat for Trout has been estimated from
correlative models using mean July air temperature in Wyoming (Keleher and Rahel 1996) and elevation in the southern Appalachians (Flebbe et al. 2006) as surrogates of water
temperature.

Strategies to Reduce Bias
Acknowledging and addressing existing landscape biases
are only temporary, objective-specific solutions for using USGS
streamflow and water temperature data sets. In the long term,
a strategy to increase the representativeness of landscape attributes is needed to increase the utility of available data for addressing pressing objectives, such as predicting climate and land
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use change effects on stream hydrologic and thermal regimes.
Construction of additional USGS gages is unlikely to greatly
reduce landscape bias because financial resources are limited
and gage locations are usually not selected solely to capture
variation in landscape attributes. However, if the construction of
new or redistribution of existing USGS gages becomes feasible,
underrepresented streams identified herein could be targeted as
one way of reducing landscape bias. A more cost-effective way
to reduce landscape biases in available water temperature data is
to expand water temperature monitoring to a greater proportion
of existing USGS gages. A second cost-effective way to reduce
landscape bias and increase the utility of available data is to
coordinate supplemental data collection efforts and offer these
data in standardized formats. Efforts of this type are already underway for water temperature data in some regions (e.g., Isaak
2011) and can greatly reduce landscape biases as we demonstrated in the EBTJV region.

CONCLUSIONS
We found that streamflow and water temperature data from
USGS gages do not adequately represent key landscape attributes throughout the conterminous United States or within select ecoregions, which can lead to errors when attempting to
infer or predict hydrologic or thermal properties of all streams
in a region of interest. The greatest source of bias was undersampling of small (i.e., <10 km2) to intermediate sized (i.e., ≥10
and <500 km2) watersheds, but all landscape metrics showed
large biases in one or more regions. Biases in USGS gage data
were generally greater in arid regions of the Western United
States and were almost always greater for water temperature
data than streamflow data, in part because fewer USGS gages
monitor water temperature. Our study provides a useful overview of landscape bias throughout the conterminous United
States but likely underestimates landscape biases in currently
active USGS gages because we used all gages where any
streamflow or water temperature data had ever been collected.
More restrictive subsets (e.g., currently active gages) are likely
to have greater biases, and these biases must be quantified on
a case-by-case basis. Reducing landscape biases in USGS data
will require a comprehensive strategy, and our results suggest
that making data from supplemental sources available in standardized formats can reduce biases and could be one part of this
strategy. Despite inherent landscape biases, uniformly collected
and reported USGS data remain the most valuable source of
streamflow and water temperature data for the United States and
will continue to be used widely to support resource management
efforts. Nevertheless, landscape biases can fundamentally alter
inferences and must be acknowledged as a potential source of
error when gage data are used to support management decisions.
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Water temperature is a fundamental property of river habitat and often a key aspect of river resource
management, but measurements to characterize thermal regimes are not available for most streams
and rivers. As such, we developed an artiﬁcial neural network (ANN) ensemble model to predict mean
daily water temperature in 197,402 individual stream reaches during the warm season (May–October)
throughout the native range of brook trout Salvelinus fontinalis in the eastern U.S. We compared four
models with different groups of predictors to determine how well water temperature could be predicted
by climatic, landform, and land cover attributes, and used the median prediction from an ensemble of 100
ANNs as our ﬁnal prediction for each model. The ﬁnal model included air temperature, landform attributes and forested land cover and predicted mean daily water temperatures with moderate accuracy
as determined by root mean squared error (RMSE) at 886 training sites with data from 1980 to 2009
(RMSE = 1.91 °C). Based on validation at 96 sites (RMSE = 1.82) and separately for data from 2010
(RMSE = 1.93), a year with relatively warmer conditions, the model was able to generalize to new stream
reaches and years. The most important predictors were mean daily air temperature, prior 7 day mean air
temperature, and network catchment area according to sensitivity analyses. Forest land cover at both
riparian and catchment extents had relatively weak but clear negative effects. Predicted daily water temperature averaged for the month of July matched expected spatial trends with cooler temperatures in
headwaters and at higher elevations and latitudes. Our ANN ensemble is unique in predicting daily temperatures throughout a large region, while other regional efforts have predicted at relatively coarse time
steps. The model may prove a useful tool for predicting water temperatures in sampled and unsampled
rivers under current conditions and future projections of climate and land use changes, thereby providing
information that is valuable to management of river ecosystems and biota such as brook trout.
Ó 2014 Elsevier B.V. All rights reserved.
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1. Introduction
Water temperature is a fundamental property of river habitat
that shapes biological communities and determines ecosystem services. Water temperature can limit the distribution of species
through physiological constraints and thus is an important factor
in structuring aquatic assemblages (Caissie, 2006; Magnuson
et al., 1979). River water temperature also places constraints on
river metabolism and ecosystem services that depend upon energy
transfers (Demars et al., 2011). Human activities that alter rivers
directly (e.g., dams; reviewed in Olden and Naiman, 2010) or indirectly through changes to the landscape (e.g., land use; reviewed in
Poole and Berman, 2001) can alter water temperatures. Global
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climate change is also expected to result in warmer river water
temperatures (e.g., Mohseni et al., 1999; Nelson and Palmer,
2007; van Vliet et al., 2013) primarily as a result of increased air
temperatures, and reduced summer ﬂows may further exacerbate
water temperature increases (Isaak et al., 2010; van Vliet et al.,
2013). These changes are likely to affect riverine biota and may
act independently or in conjunction with other abiotic or biotic factors to render river habitat unsuitable for some species (Ficke et al.,
2007; Rahel and Olden, 2008). For example, stream warming due
to climate change is predicted to have negative effects on coldwater ﬁsh species, such as Paciﬁc salmon (Oncorhynchus spp.;
Ruesch et al., 2012), but may also result in the upstream expansion
of an introduced predator (smallmouth bass Micropterus dolomieu;
Lawrence et al., 2012). Thus, the combined effects of physiological
stress and expanding ranges of introduced predators could interact
to have large negative effects on native coldwater ﬁsh populations.
Because of its importance to biota and susceptibility to human
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activities and climate change, river water temperature and anticipated changes resulting from climate and land use changes are of
great interest for resource management and biodiversity
conservation.
Although technological advances have made monitoring river
water temperature comparatively feasible and inexpensive in
recent years (Webb et al., 2008), it is still logistically infeasible to
measure, and difﬁcult to obtain existing data, for a signiﬁcant portion of river reaches across large basins or regions due to limited
ﬁscal resources for monitoring and a lack of coordination among
various research programs (Isaak, 2011). As a result, models predicting river water temperature characteristics for unsampled time
periods, in unsampled rivers or under alternative management or
environmental scenarios have become common in recent years
(e.g., Hill et al., 2013; Isaak et al., 2010; Mohseni et al., 1998;
Nelson and Palmer, 2007; Wehrly et al., 2009). For example, models are useful for making predictions of water temperature under
future climate (Isaak et al., 2010; Mohseni et al., 1999), alternative
land use scenarios (Hill et al., 2013; Nelson and Palmer, 2007;
Sugimoto et al., 1997), or various water release scenarios from
impoundments (Olden and Naiman, 2010; Wright et al., 2009).
Models are also useful for understanding the processes that control
river water temperature (e.g., Johnson, 2004; Story et al., 2003).
Models predicting river water temperature range from deterministic models that require detailed meteorological and hydrological
data used to solve heat budget equations (e.g., Johnson, 2004;
Story et al., 2003) to empirical models with varying degrees of spatial complexity (e.g., Ruesch et al., 2012) that rely upon relationships between water temperature observations and relatively
easy to collect climatic and landscape variables (e.g., Chenard
and Caissie, 2008; Hill et al., 2013; Isaak et al., 2010; Mohseni
et al., 1998). Although deterministic models can perform well
and are physically based, the detailed data on river-speciﬁc energy
transfers that are required to develop these models makes transferability to other rivers difﬁcult. By contrast, empirical models
are often more easily transferable and thus more useful for predicting river water temperatures at unmonitored locations throughout
large watersheds or regions to support local and transboundary
management efforts (Caissie, 2006).
Hourly or daily variation in water temperature can be important for stream ecosystem functioning, and some models have predicted daily water temperature with moderate accuracy in
individual streams using only air temperature (e.g., Caissie et al.,
2001). However, because water temperature variability generally
increases with the number of streams, empirical models for predicting in multiple streams and across regions usually predict at
weekly, monthly or seasonal time steps to achieve reasonable
accuracy (Caissie, 2006). The loss of temporal variation in predictions is undesirable because daily predictions could provide more
information and can be summarized to yield weekly, monthly or
seasonal metrics as needed. Prediction in geographically diverse
basins and over large spatial extents is also improved by including
landform, geological, and stream attributes that are directly or
indirectly related to water temperature as predictors (e.g., Hill
et al., 2013; Isaak et al., 2010; Wehrly et al., 2009). There are a
growing number of empirical modeling techniques that allow for
multiple predictors and have been used for predicting water temperature (e.g., regression, stochastic models with time series
decomposition, geospatial models, machine learning). Artiﬁcial
neural networks (ANNs) are a particularly promising machine
learning method because they are able to model nonlinear
relationships, handle interactions among predictors, and often
have high predictive power (Lek and Guégan, 1999; Olden et al.,
2008). ANNs have been used widely and often outperformed other
methods for predicting streamﬂow (e.g., Besaw et al., 2010; Chen
et al., 2013; Huo et al., 2012), dissolved oxygen (e.g.,

Antanasijević et al., 2013; Wen et al., 2013), ﬁsh species distributions (Olden and Jackson, 2002) and richness (Chang et al., 2013),
and water temperature (e.g., Chenard and Caissie, 2008; Risley
et al., 2003; Westenbroek et al., 2010).
Although predicting river water temperature is of importance
for the management and conservation of many aquatic species
(Domisch et al., 2011; Xenopoulos et al., 2005), it is of particular
importance for the conservation of cold-water salmonids
(Almodóvar et al., 2012; Jones et al., 2006; Isaak et al., 2010;
McKenna et al., 2010; Ruesch et al., 2012,), including brook trout
Salvelinus fontinalis. Brook trout is a species of management concern
throughout much of its native range in the eastern U.S., and the
Eastern Brook Trout Joint Venture (EBTJV, http://easternbrooktrout.
org/) was formed to promote regional, transboundary management
and conservation. Brook trout are limited physiologically to
coldwater (mean July water temperature <22 °C) streams, rivers
and lakes and are sensitive to habitat and biotic disturbances
(MacCrimmon and Campbell, 1969). An EBTJV assessment concluded that brook trout populations were extirpated or reduced
(>50% of previously suitable habitat lost) in >71% of subwatersheds,
and these losses were attributed to human activities, which include
historical forestry practices, habitat alterations, nonnative species
introductions and recent land use changes (Hudy et al., 2008).
Future water temperature increases as a result of global climate
warming are expected to result in further losses of brook trout habitat throughout their native range in eastern North America (Clark
et al., 2001; Flebbe et al., 2006; Meisner, 1990). Even where temperatures rise but remain suitable, brook trout growth could be
reduced unless food availability and consumption increase with
temperature (Ries and Perry, 1995). Past predictions of brook trout
range shifts in the eastern U.S. due to climate change were made by
identifying thermally suitable habitat based on surrogates of river
water temperature (e.g., elevation, groundwater temperature as
determined by mean annual air temperature), and overlaying projected air temperature changes to determine potential habitat
losses (Flebbe et al., 2006; Meisner, 1990). Combining predicted
river water temperature with thermal limits represents a more
direct route for characterizing current thermally suitable habitat
and future changes due to climate change.
To assist in the management of rivers and brook trout in the eastern U.S., we developed an ensemble model of 100 ANNs to predict
mean daily river water temperature for the majority of streams
throughout the brook trout’s native range in the eastern U.S. We ﬁrst
compared four models of increasing complexity to determine how
well daily water temperatures could be predicted by the following
sets of predictors: (1) air temperature only, (2) air temperature
and landform attributes, (3) air temperature, landform attributes
and forested land cover, and (4) air temperature, landform
attributes, and forest, agricultural and developed land covers. We
then select a ﬁnal model and demonstrate its utility by mapping predicted water temperatures averaged for the month of July across the
1980–2010 modeling period. Our ensemble approach proves useful
for understanding the importance of predictor variables and we are
not aware of other models described in the peer-reviewed literature
that predict daily water temperatures in individual stream reaches
throughout a similarly large region.

2. Study area
The study region included the native range of brook trout in the
eastern U.S. as deﬁned by the EBTJV, and represents approximately
30% of the worldwide native range of brook trout and 70% of its
range in the U.S. (Fig. 1; Hudy et al., 2008). We modiﬁed the EBTJV
region slightly to align with the boundaries of local catchments
from the National Hydrography Dataset Plus Version 1.0
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(NHDPlusV1; USEPA and USGS, 2005). The 197,402 NHDPlusV1
stream reaches that formed a topologically connected river network (i.e., canals, pipelines and other non-river reaches were not
included) with all predictors of water temperature available was
the base layer of the Geographic Information System (GIS) environment upon which our temperature model was built. The region
reﬂects the distribution of brook trout, which are limited to higher
elevations (>200 m, Flebbe 2006) in the southern portion of the
region but are found at all elevations at higher latitudes, corresponding to suitably cold water temperatures. The predominant
land cover in the region is second-growth forest, but several urban
centers support a large human population, agricultural land use is
widespread in lower elevations, and forest management is common throughout much of the range.
3. Methods
3.1. Water temperature data
We compiled water temperature data from state agency personnel, watershed organizations, authors of published studies,
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and publicly available data from the USGS National Water Information System (NWIS; http://waterdata.usgs.gov/nwis). One-time
‘snapshot’ temperature recordings were not used because continuous (e.g., hourly) measurements were needed to calculate mean
daily river water temperatures. To include only sites located on
NHDPlusV1 stream reaches, reduce the effects of dams on water
temperature observations, and remove likely measurement errors,
we screened water temperature data as follows. First, we assigned
all water temperature sampling sites to the nearest NHDPlusV1
stream reach, and removed 67 sites that were not within 250 m
of any stream reach. We used 250 m because coordinate accuracy
was unknown and some coordinates likely originated from topographic maps with relatively poor accuracy, but most sites (85%)
were within 50 m of a stream reach (mean = 30.9 m). Nevertheless,
some sampling sites were located near conﬂuences and could be
attributed to the wrong stream reach using this criterion, which
would associate the wrong landscape attributes with water temperature observations and affect the model. We would have ideally
veriﬁed that sites were correctly attributed to stream reaches by
comparing stream names, but this was not possible because 41%
(80,932) of NHDPlusV1 stream reaches did not have names. Since

Fig. 1. Study region showing the location of stream reaches with water temperature observations used in training, validation and 2010 datasets. The background shows
elevation (m), and the inset map shows the location of the study region relative to the continental U.S.
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we were unable to match names, we ﬁt a model excluding sites
that were within 50 m of a conﬂuence to determine if including
sites that were most likely to have been attributed to the wrong
stream reach (i.e., within 50 m of other stream reaches) negatively
affected model performance. However, model accuracy and modeled relationships were nearly identical to the model including
all sites (J.T. Deweber, unpublished data), suggesting that sites near
conﬂuences were most likely attributed to the correct stream each
and did not affect the model. Thus, we linked water temperature
sites to the nearest stream within 250 m, regardless of the proximity of conﬂuences or other streams. We averaged water temperature in rare cases (6.1% of stream reaches) when two
observations were available for the same stream reach and date.
With the exception of data from the West Virginia Department of
Natural Resources (WVDNR), we removed all sites where the nearest upstream dam (as determined by the National Inventory of
Dams; USACE, 2005) was >100 ft in height or within 5 km. We
chose these cutoffs because very large dams (i.e., >100 ft in height)
can inﬂuence river water temperatures far downstream
(Lehmkuhl, 1972; Lowney, 2000) and even relatively small dams
can alter temperatures for short distances downstream (i.e.,
<5 km; Lessard and Hayes, 2003). We acquired data from the
WVDNR after beginning model development and chose to use a
more conservative criterion by removing all sites with a dam
upstream regardless of size or distance because the other criteria
would have involved signiﬁcant resources to correct hydrologic
errors in the NHDplusV1 network in West Virginia.
We selected all data from the screened sites collected after 1980
during the May to October period when water temperatures likely
reach their maxima and are limiting for brook trout and other
stenothermic biota. Daily water temperature observations were
removed if any individual observation >35 °C or <0 °C was reported
during the day or if the daily range (maximum minus minimum)
was <0 °C or >30 °C. A few of the data sources provided only mean
daily temperatures and we assumed that these had been previously screened for such errors. We then removed mean daily
observations that exceeded 3 standard deviations of the annual
mean temperature at a site because such extreme values were
potentially air temperature measurements when loggers were
exposed to the air due to reduced stream ﬂows. Lastly, we removed
a small number (212) of mean daily water temperature observations from 7 stream reaches during model development that were
obvious errors. All included sites were required to have P30 mean
daily records during the month of July because this is a critical
period for brook trout due to high water temperatures.
3.2. Climatic and landscape predictors
We downloaded daily, empirical air temperature records for the
time period 1980–2010 from the U.S. Historical Climatology
Network from the National Climate Data Center (http://
www.ncdc.noaa.gov/) for all sites that were within the study
region plus a 10 km buffer to reduce artiﬁcial boundary effects.
There were 1086 sites that recorded air temperature within the
study region, but few sites recorded air temperature for all days
during the 31 year period. To ensure that all stream reaches had
records for all days during the study period, we selected the nearest 10 climate stations and calculated mean air temperature (from
the current day). Because recent air temperature is likely to be
important for determining water temperature, we also calculated
prior 7 day mean air temperature – the moving average of air temperature from the previous 7 days inclusive of the current day. The
average distance separation between stream reaches and the 10
nearest climate sites ranged from 12.0 to 90.1 km, with a mean
of 30.7 km; the furthest distance separation between a stream
reach and a climate station was 121.5 km. Although there could

be substantial differences in observed air temperatures and elevations among the 10 nearest climate sites, including 10 sites was
necessary because of gaps in air temperature records. In fact, a
few stream reaches did not have available air temperature data
for all days even with the inclusion of 10 air temperature sites.
However, because increasing the number of sites would also
increase distances between stream reaches and climate stations,
we chose not to include the 961 (<0.4%) daily water temperature
observations for which air temperature data was not available.
We compiled data for landform and land cover attributes that
we expected to be important predictors of water temperature. All
attributes except riparian forest were used in a national assessment of ﬁsh habitat condition and are described in Esselman
et al. (2011). We calculated riparian forest as the % cover of forest
within a 30 m buffer on each side of the NHDplusV1 stream
reaches (60 m total width). Although elevation is closely related
to water temperature, we did not include it in our models because
it is indirectly related to water temperature primarily through
effects on climate, and its inclusion could underestimate the effects
of air temperature, especially under warming scenarios (Stanton
et al., 2012). All physiographic attributes were summarized within
the local (i.e., the portion of the catchment directly adjacent to
each stream reach) and network (i.e., all areas upstream including
the local catchment) catchments of each stream reach, which gave
a total of 17 potential predictors. We refer to attributes as local or
network depending upon the scale of measurement. To select a
ﬁnal set of predictors with minimal collinearity, we selected the
attribute that was more strongly correlated with water temperature when two or more were correlated (|r| > 0.5). We used a different approach for selecting among highly correlated land cover
types because we were speciﬁcally interested in modeling relationships between water temperature and each land cover type, especially local riparian forest cover, as several studies have shown the
importance of shade from riparian vegetation on nearby temperatures (Johnson, 2004; Jones et al., 2006; Rutherford et al., 2004).
Therefore, we selected a set of moderately uncorrelated (|r| < 0.6)
land cover predictors that included at least one measure of riparian
forest cover as well as forest, agricultural and developed land cover
within either the local or network catchment. We recognized that
the 2001 National Land Cover Dataset (NLCD) was unlikely to adequately reﬂect land cover during the 1980–2010 study period.
However, we compared and found no discernible differences in
model performance or relationships between models trained using
data from 1980 to 2010 and models trained with data from only
1999 to 2003, which is centered on the year of land cover collection (J.T. Deweber, unpublished data). Therefore, we included
2001 NLCD as a metric of natural land cover and human activity.
This process resulted in 7 potential landscape predictor variables
(Table 1). Prior to model ﬁtting, land cover variables (proportions)
were logit transformed (0 and 1 were changed to 0.025 and 0.975
prior to transformation, respectively) and network catchment area
was log10 transformed. All predictor variables were then standardized to mean 0 and standard deviation of 1.
3.3. Model comparisons
We compared the following four models of increasing complexity to determine how well water temperature could be predicted
by different sets of predictor variables:
(1) An air temperature model: This model included only mean air
temperature from the current day and prior 7 day mean air
temperature based on the prediction that air temperature
is the best available predictor of predict water temperature
regionally. Air temperature is closely related to climatic factors that determine water temperature (Caissie, 2006) and
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Table 1
Names and sources of all natural and human disturbance landscape attributes that were used in analyses. The land cover code column lists the reference numbers from the source
dataset used to calculate land cover types used in our analyses.

a
b
c

Attribute

Resolution

Units

Source

Land cover code

Network area
Network mean aspect
Network mean baseﬂow index
Local riparian forest
Network forest
Network developed land
Local agriculture

1:100,000
30 m
1:100,000
30 m
30 m
30 m
30 m

kmb
Degree
% Groundwater contribution to baseﬂow
% Cover
% Cover
% Cover
% Cover

Calculated using NHDPlusV1a
National Elevation Datasetb
Wolock (2003)
NLCD 2001 version 13
NLCD 2001 version 13
NLCD 2001 version 1c
NLCD 2001 version 1c

NA
NA
NA
41 + 42 + 43
41 + 42 + 43
21 + 22 + 23 + 24
81 + 82

USEPA and USGS (2005).
Available at <http://ned.usgs.gov/>.
Homer et al. (2004).

several models have predicted water temperature based off
of air temperature alone (e.g., Chenard and Caissie, 2008;
Mohseni et al., 1998).
(2) A landform model: This model included landform attributes
(rows 1 – 3 in Table 1) in addition to air temperature predictors because these describe static watershed and stream
characteristics that may affect water temperature and
improve predictions. We selected three landform attributes
that might affect water temperature through effects on river
size and network position (network area), solar radiation
(network mean aspect), or groundwater interactions (network baseﬂow index).
(3) A forest landscape model: This model included all predictors
of model 2 plus measures of local riparian forest and network forest land cover. Forest land cover in the riparian zone
and network catchment was expected to be related to lower
mean daily water temperatures in the summer through
effects on shading, ground temperature, and exposure to
atmospheric energy transfers (Caissie, 2006).
(4) An anthropogenic landscape model: This model included local
catchment agriculture and network catchment developed
land covers in addition to all predictors in model 3 except
network forest cover, which was not included due to high
correlations with agriculture and developed land covers.
We expected that measures of anthropogenic land cover
may improve predictions as agriculture and developed land
cover have been related to water temperature alterations,
including increased summer temperatures (Hill et al.,
2013; Poole and Berman, 2001).
3.4. Neural networks
Feed forward neural networks are widely used in ecology (e.g.,
Lek and Guégan, 1999; Olden and Jackson, 2002) and have been
used for predicting river water temperatures (e.g., Chenard and
Caissie, 2008; McKenna et al., 2010; Risley et al., 2003;
Westenbroek et al., 2010). We brieﬂy discuss the basics of ANNs
that we used in this study. A single hidden-layer feed forward
ANN (also referred to as a multi-layer perceptron) is a nonlinear
model that consists of input neurons (predictor variables) connected to any number of hidden neurons in a single hidden layer,
which are in turn connected to one output neuron (response variable). ANNs may also include skip-layer connections, which are
direct connections between input neurons and output neurons that
allow for linear relationships between predictors and the response
variable. An ANN with skip-layer connections but no hidden neurons is analogous to a linear model, whereas an increasing number
of hidden neurons allows for increasing nonlinearities in modeled
relationships (Cheng and Titterington, 1994). Our models included
skip-layer connections in addition to hidden neurons because
preliminary comparisons showed that models with skip-layers

achieved better performance with fewer weights (i.e., were more
parsimonious) and models without skip-layer connections tended
to underpredict warmer (>25 °C) water temperatures (J.T. Deweber, unpublished data). The learning process proceeds by assigning
randomly selected (or pre-assigned) weights to the input-hidden,
hidden-output, and input–output (i.e., skip-layer) connections,
and iteratively adjusting the weights through a learning algorithm
based on the difference between predicted and observed responses
until a convergence criterion is met (Lek and Guégan, 1999).
We developed ANNs using the R package nnet (Venables and
Ripley, 2002) using the conjugant gradient Broyden–Fletcher–
Goldfarb–Shanno (BFGS) learning algorithm, which is recommended because it is more likely to ﬁnd global optima compared
to gradient descent methods (Dreyfus, 2005). One potential drawback of ANNs is that models can become overﬁt as a result of too
many predictors, weights or training iterations (Dreyfus, 2005). A
second drawback is that identical ANNs ﬁt using the same dataset
but different starting weights can have very different modeled
relationships because they ﬁnd locally optimal weights in complex
datasets (Hansen and Salamon, 1990). While many studies develop
several ANNs using different starting weights and select the best
model based on model performance, an ensemble can improve predictions by combining information from multiple models (Hansen
and Salamon, 1990). An ensemble approach can also be used to
better understand the effects of predictor variables and their
relative importance in ANNs analogous to variable importance
measures in random forests (Breiman, 2001). Because our goal
was a model with accurate predictor effects that could generalize
to unsampled rivers in the EBTJV region, we selected an optimal
ANN architecture using cross validation and used an ensemble of
ANNs to make predictions, as described below.
Prior to model development, we withheld two validation sets to
assess model performance in a different, relatively warmer year
and at new sites. The ﬁrst validation dataset included all data from
2010 to determine model performance under warmer conditions
and at some new streams (133 of the 223 stream reaches with
2010 data did not have data from other years). We chose 2010
because mean July air temperature averaged across all climate stations in our region was at least 0.3 °C warmer and there were 26
more observations of extremely warm air temperatures (>32 °C)
than any other year except 1999 (Table 2). We did not use 1999
data for validation because available water temperature modeling
data was limited and did not reﬂect regionally warmer conditions.
Mean July air temperatures were 1.3 °C warmer in the 2010 dataset
than in the training dataset, partially due to regionally warmer
conditions but also because many sites were in the southern portion of the study region (Fig. 1). After removing data for 2010, we
obtained a second validation dataset for determining how well
the model could generalize to new stream reaches across multiple
years by randomly selecting 10% of stream reaches and withholding all associated data. We refer to these two validation datasets as
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Table 2
Interannual comparison of three air temperature metrics for the 10 years with the
warmest mean July air temperature for the entire region (Regional) or water
temperature modeling dataset (Modeling Dataset). Metrics are sorted in decreasing
order of July air temperature, and the standard deviation is shown in parentheses. July
and Season were calculated as the regional average air temperature in July and
throughout the May–October modeling season, respectively. N > 32 °C was the total
number of mean daily air temperature observations exceeding 32 °C in each year
across all temperature sites. These metrics show that 2010 air temperatures were
warmer than almost all other years, especially for the modeling dataset.
Year

July

Regional
1999
2010
1988
2006
1995
1994
2005
1987
1993
2002
1980–2010

23.3
23.3
22.9
22.8
22.7
22.7
22.7
22.6
22.6
22.5
21.8

Modeling dataset
2010
2008
2006
2002
1988
1994
1983
1999
2007
1980
1980–2010

24.1
22.8
22.9
22.8
22.3
22.0
22.0
21.8
21.8
21.8
21.8

Season

N > 32 °C

(3.8)
(3.7)
(3.9)
(3.1)
(3.4)
(3.0)
(3.1)
(3.7)
(3.7)
(3.8)
(3.5)

17.9
18.5
17.1
17.3
17.8
17.0
18.1
17.4
17.4
17.8
17.4

(5.9)
(5.9)
(6.8)
(6.0)
(5.6)
(5.8)
(6.1)
(6.2)
(6.1)
(6.5)
(5.8)

74
71
43
45
27
5
15
20
36
31
535

(3.1)
(2.5)
(2.4)
(4.0)
(3.6)
(1.8)
(2.7)
(3.2)
(3.2)
(3.5)
(3.2)

21.1
19.2
18.1
19.9
15.9
16.9
17.2
17.3
19.5
17.1
18.8

(4.7)
(5.1)
(5.2)
(5.7)
(6.7)
(5.2)
(5.8)
(5.6)
(4.9)
(5.9)
(5.3)

12
0
3
17
0
0
0
0
6
0
38

the 2010 dataset and the validation dataset, respectively. The
remaining data were used to select the ANN architecture and to
train the ﬁnal model. Withholding these two validation datasets
meant that a large amount of data from approximately 30% of
stream reaches could not be used for model training, which could
have negatively affected model performance. To determine if additional training data might improve or otherwise alter modeled
relationships, we also developed models using a much larger training dataset and a much smaller validation dataset comprised of
data from 5% of stream reaches. The two different sized training
datasets produced nearly identical models based on performance
and modeled relationships (J.T. Deweber, unpublished data). This
comparison suggested that the modeling approach is fairly invariant to the size of dataset used for model training. Thus, in this
paper we present only the results of model development that used
the two validation datasets described above because it provided a
more rigorous validation of model performance under a larger
range of conditions.
We used 10-fold cross validation with 3 repeats via the train
function of the R package caret (Kuhn, 2008) to compare ANN
architectures based on root mean square error (RMSE). The standard cross validation procedure split data randomly and resulted
in a preliminary model with all predictors that performed exceptionally at locations included in the training data (RMSE = 1.26 °C)
but could not generalize well to validation sites (RMSE = 2.68; J.T.
Deweber, unpublished data). To ensure that we had a more accurate measure of generalizability to new sites, we employed an
approach that we refer to as site-based cross validation: 90% of
sites and respective data were randomly selected for training while
the remaining 10% of sites and respective data were used to calculate generalization error in each iteration. Site-based cross validation ensured that the reported cross validation error was
representative of prediction accuracy at new sites. For each of
the four models described in Section 3.3, we used site-based cross

validation to select the simplest ANN architecture with the best
performance from a range of model architectures by varying the
weight decay coefﬁcient, number of hidden neurons and the number of training iterations. The weight decay coefﬁcient penalizes
unnecessarily large weights, which helps avoid overﬁtting and aids
generalization (Krogh and Hertz, 1992). All four models described
in Section 3.3 had optimal predictive ability with the same architecture: a decay coefﬁcient of 0.1, 5 hidden neurons plus skip-layer
connections, and 100 training iterations. Finally, because individual ANNs had different modeled relationships, we trained an
ensemble of 100 ANNs for each model with the selected model
architecture but different random starting weights. We calculated
the median predicted water temperature from the ensemble of
models as our ﬁnal prediction because it was representative of
most modeled relationships and was not sensitive to outliers.

3.5. Model characteristics and performance
For each model, we examined residual plots to compare predictions and observations, and to check for potential biases in model
performance across the ranges of each predictor. To explore modeled relationships, we performed a sensitivity analysis and calculated sensitivity weights as a measure of variable importance
using the procedure described by Olden et al. (2004). For the sensitivity analysis, at each of 24 evenly spaced values covering the
range of each predictor variable, we predicted nine values of water
temperature by varying all other predictors concurrently across
nine evenly spaced quantiles from 0.1 to 0.9. We then calculated
the median prediction at each of the 24 values of each predictor.
A sensitivity weight for each predictor was calculated as the range
in these 24 median predicted values, which approximates the maximum change in water temperature due to changes in the values of
a predictor. We plotted the median responses for the predictions
from each ANN individually and from the ensemble prediction.
Lastly, for the ensemble predictions we also plotted water temperature responses to each predictor while holding all other variables
at ﬁve selected quantiles (0.1, 0.3, 0.5, 0.7, and 0.9) to determine if
the magnitude or direction of responses to a given predictor varied
with the values of other predictors.
We selected a ﬁnal model from models 1–4 described in
Section 3.3 by comparing performance based on RMSE, but we also
report three additional metrics that provide a more complete overview of model performance: RMSE divided by the standard deviation in the observed data (RMSE/SD), the Nash–Sutcliffe efﬁciency
(NSE), and percent bias. RMSE/SD is a measure of prediction accuracy relative to the variability in the observed dataset that can use
to compare the performance of different models and datasets (Hill
et al., 2013; Moriasi et al., 2007). NSE is a measure of explained variation ranging from 0 (no variation explained) to 1 (all variation
explained), and percent bias reﬂects whether a model tends to
over-predict (negative values) or under-predict (positive values),
with 0 representing no overall prediction bias (Moriasi et al.,
2007). Values less than 0.5 for RMSE/SD, greater than 0.75 for
NSE and less than ±10% for percent bias were suggested to represent very good performance for stream ﬂow, nutrient and sediment
models (Moriasi et al., 2007). To demonstrate the utility of this
model, we summarized daily predictions to mean July water temperature from 1980 to 2010 and mapped these predicted mean July
water temperatures in all 197,402 stream reaches in our study
region. Predictive models in general, and neural network models
in particular, may not perform well when new predictor values
outside of the range of the training data are encountered. Thus,
we also identiﬁed stream reaches with landscape predictor values
outside the range of the training data and shaded these portions of
the map to represent a ‘map of ignorance’ to identify portions of
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the study region where model performance may be especially limited (Rocchini et al., 2011).
4. Results
Of over 1 million records from 2565 sites that we compiled,
269,608 observations of mean daily water temperature from
1080 stream reaches met our criteria for inclusion in the model.
We set aside 26,194 observations from 96 stream reaches for the
validation dataset and 27,126 observations from 223 stream
reaches for the 2010 validation dataset (Fig. 1). The training dataset
included the remaining 216,288 observations from 866 stream
reaches. Stream reaches in the training dataset had network catchment areas ranging from 0.568 to 19,208 km2, and spanned a large
range of other natural and anthropogenic landscape attributes
(Fig. 2). The training, validation and 2010 datasets had similar variation in landscape attributes (Fig. 2). Of the 197,402 stream
reaches in the population, 189,419 (96.0%) had landscape attribute
values that were within the range of those in the training dataset.
Most unrepresented streams had extreme values of network area
(3750 stream reaches) or network mean aspect (3209 stream
reaches), but some streams were not represented by network
mean baseﬂow index or network forest.
The air temperature model predicted water temperature with
only moderate accuracy (RMSE = 2.50, 2.55 and 2.46 °C for training,
validation, and 2010 datasets, respectively) compared to other
models, and the inclusion of landform predictors, especially network area, reduced RMSE by roughly 0.5 °C (Table 3). The addition
of forested land cover further improved accuracy, but the

193

anthropogenic landscape model performed poorer than the forest
landscape model despite added complexity (Table 3). Further, we
did not consider the anthropogenic landscape model to be suitable
for predictions as the predicted negative effects of agriculture and
developed land covers on water temperature (Fig. 3) were the
opposite of previously published relationships and of the positive
correlations with water temperature in our dataset (the correlation
between water temperature and both local agriculture and network developed land covers was 0.13). We chose the forest landscape model as our ﬁnal model because accuracy was highest
(RSME = 1.91, 1.82, and 1.93 for training, validation, and 2010 datasets, respectively; Table 3) and the predicted negative effects of
local riparian forest and network forest matched expectations from
the literature. Relationships between predicted and observed mean
daily water temperatures for the forest ensemble model were generally unbiased (i.e., followed a one-to-one relationship), but slight
tendencies to over predict low temperatures and under predict
high temperatures were evident (Fig. 4). For training and validation
datasets combined, the average accuracy of daily predictions was
very good (RMSE < 1.0 °C) at 22.5% of stream reaches and good
(RMSE < 2.0 °C) at 74.3% of stream reaches, but was poor
(RMSE > 4 °C) at a small number of stream reaches (2.3%). The
model also performed reasonably well based on maximum deviation, as all predictions were within 2.0, 3.0, and 4.0 °C of observed
water temperature at 39.3%, 59.4% and 75.5% of stream reaches.
Although we selected our ﬁnal model using only RMSE, the
other three performance metrics were also generally optimized
for the forest landscape model (Table 3). NSE suggested that the
forest landscape model explained at least as much variation for

Fig. 2. Distributions of landscape predictor variables across the population of stream reaches (Pop), training (Train), validation (Val), and 2010 validation (2010) datasets used
in the development and assessment of the river water temperature model. The predictors and their sources are listed in Table 1.
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Table 3
Performance metrics and the number of weights (N weights) for 4 different river water temperature models (see Section 3.4 for model details). The performance metrics are root
mean square error (RMSE, °C), RMSE divided by the observed standard deviation (RMSE/SD), the Nash–Sutcliffe efﬁciency (NSE), and percent bias (% bias).
N weights

Subset

RMSE

RMSE/SD

NSE

% Bias

23

Landform

41

Forest landscape

53

Anthropogenic landscape

65

Training
Validation
2010
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0.47
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0.62
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0.79
0.70
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0.78
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0.71
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Fig. 3. Sensitivity analysis plots showing negative predicted mean daily river water temperature responses for the anthropogenic landscape ANN ensemble to increasing
levels of local agriculture and network developed land covers. Predicted water temperature at each of 24 values of the predictor were calculated as the median of nine
predictions obtained by varying all other predictors concurrently across nine evenly spaced quantiles from 0.1 to 0.9. The grey lines represent the predicted responses for each
of the 100 ANNs in the ensemble, and the blue line represents the median prediction from all of the 100 ANNs and the ﬁnal ensemble prediction. (For interpretation of the
references to colour in this ﬁgure legend, the reader is referred to the web version of this article.)

the training (0.78) and validation (0.79) datasets as other models,
and explained more variation for the 2010 validation dataset
(0.71) than all other models. Percent bias was relatively low for
all models and well below the 10% cutoff for very good model performance suggested for streamﬂow data by Moriasi et al. (2007).
However, percent bias values between 1.42 and 1.99 showed
that water temperatures were slightly overpredicted on average
for the 2010 validation dataset by all models (Table 3). All models
had poorer performance for the 2010 validation datasets based on
all metrics, but performance was still very good or good according
to the guidelines of Moriasi et al. (2007).
Air temperature from the current day at the nearest 10 climate
stations was the strongest predictor based on sensitivity analyses
(sensitivity weight = 14.4, Table 4), but prior 7 day mean air temperature was also important (sensitivity weight = 10.2, Table 4).
Sensitivity analysis plots revealed a strong linear relationship
between air and water temperature (0.4 °C water temperature
increase per °C) that was consistent across individual ANNs in
the ensemble (Fig. 5). The effect of prior 7 day air temperature
was similar (0.4 °C water temperature increase per °C) for air
temperatures below 20 °C, but then gradually decreased to a
0.2 °C water temperature increase per °C. The effects of landscape
predictors generally varied greatly among individual ANNs, suggesting that effects were less certain compared to air temperature.
Network area was the most important landscape attribute (sensitivity weight = 6.4; Table 4) and had a strong positive effect for
very small watersheds (<1 km2) that decreased until little effect

was present for larger watersheds (>1000 km2; Fig. 6). Ensemble
predictions from the sensitivity analysis increased from 16 °C
for the smallest catchments to approximately 22 °C for the largest.
Network mean aspect had a relatively weak positive effect on
water temperature as it shifted from east (90°) to west (260°),
whereas the effect of network baseﬂow index was nonlinear and
produced a very small net effect (Fig. 6). Local riparian forest had
a negative effect on water temperature across all values, and was
strongest at extreme low and high values. In contrast, the effect
of network forest was expected to decrease water temperature
overall, but was weakly positive when forest was less than 75%
and then strongly negative for forest cover >80%.
Daily predictions were slightly more accurate when summarized to calculate mean July water temperature (RMSE = 1.76 °C)
compared to daily predictions for the training dataset, but were
slightly lower for the validation dataset (RMSE = 1.89 °C) and
2010 datasets (RMSE = 1.97). Mean July prediction accuracy was
very good (<1.0 °C) at 47.0% and good (<2.0 °C) at 77.8% of all
stream reaches, but was poor (RMSE > 4 °C) at 3.4%. The spatial distribution of predicted mean July water temperature for 1980–2010
showed an expected transition from coldwater to warmwater
stream reaches along a gradient from high to low elevation and
upstream to downstream within the region (Fig. 7). Fig. 7 also
shows the 7983 unrepresented stream reaches that had values of
one or more landscape characteristics outside the range of the
training data, where predictions may be most uncertain
(Rocchini et al., 2011). Because the spatial detail of predictions
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Table 4
Sensitivity weights and the direction of effect on water temperature of each predictor
for the forest landscape ensemble model. The sensitivity weight is an approximation
of the maximum change in water temperature due to a predictor and was calculated
as part of sensitivity analyses described in Section 3.5 of the text.

30

Predictor Name

Sensitivity weight

Direction

Mean air temperature
Prior 7 day mean air temperature
Network area
Network forest
Network mean aspect
Network mean baseﬂow index
Local riparian forest

14.4
10.2
6.4
2.2
1.8
1.9
1.4

+
+
+
+
Unclear

within a river network is difﬁcult to see at the regional extent, we
also mapped predicted temperatures for a subset of the Penn’s
Creek watershed in central Pennsylvania (Fig. 8).
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Fig. 4. Predicted and observed mean daily river water temperatures for the
training, validation and 2010 validation datasets. The grey line represents a 1:1 line.

Our results demonstrated that an ensemble of ANNs can accurately predict river water temperature at a daily time step within
individual stream reaches throughout a large and geographically
diverse region. Daily predictions have especially great value for
management because they can capture relatively short-term temperature variation, which can drive system dynamics, and also be
summarized to provide accurate metrics of thermal habitat (e.g.,
mean weekly or mean July water temperature). Further, predictions for individual, relatively short (2 km) small stream reaches
capture high spatial variability and can also be summarized to larger spatial extents as needed. Most models of water temperature at
a daily temporal resolution have focused on single streams or relatively small basins and have typically achieved accuracies equivalent to 1–2 °C RMSE (Caissie et al., 2001; Chenard and Caissie,
2008; Gardner et al., 2003; Isaak and Hubert, 2001; Marcé and
Armengol, 2008). Within moderate to large basins or regions, temperature modeling efforts have focused on predicting weekly,
monthly, seasonal or annual river water temperature (e.g., Hill
et al., 2013; Isaak et al., 2010; Mohseni et al., 1998; Wehrly
et al., 2009). For example, Hill et al. (2013) used machine learning
to model seasonal and annual water temperatures throughout the
conterminous U.S. with good accuracy (RMSE = 1.2–2.0 °C).
It is difﬁcult to compare our model performance to previous
efforts because models predicting water temperature at daily
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Fig. 5. Selected sensitivity analysis plots showing predicted mean daily river water temperature responses for the ﬁnal selected ANN ensemble model to mean air
temperature and prior 7 day mean air temperature. Predicted water temperature at each of 24 values of the predictor were calculated as the median of nine predictions
obtained by varying all other predictors concurrently across nine evenly spaced quantiles from 0.1 to 0.9. The grey lines represent the predicted responses for each of the 100
ANNs in the ensemble, and the blue line represents the median prediction from all of the 100 ANNs and the ﬁnal ensemble prediction. (For interpretation of the references to
colour in this ﬁgure legend, the reader is referred to the web version of this article.)
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Fig. 6. Selected sensitivity analysis plots show predicted mean daily river water
temperature responses for the ﬁnal selected ANN ensemble model to network area,
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temperature at each of 24 values of the predictor were calculated as the median of
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space quantiles from 0.1 to 0.9. The grey lines represent the predicted responses for
each of the 100 ANNs in the ensemble, and the blue line represents the median
prediction from all of the ANNs, which was the ﬁnal ensemble prediction. (For
interpretation of the references to colour in this ﬁgure legend, the reader is referred
to the web version of this article.)

temporal resolution throughout a large basin or study region are
rare in published literature, likely because of limited data availability, modeling difﬁculty, or study objectives that did not require
predicting water temperatures at a high temporal (i.e., daily) resolution. We are aware of a model that was used by Lyons et al.
(2009) to predict and summarize daily water temperatures in
NHDPlus stream reaches of Wisconsin, but this model is only partially described in conference proceedings (Westenbroek et al.,
2010). One exception is a recent model predicting mean daily
water temperatures with moderate accuracy (RMSE = 2.8 °C) for
global rivers (van Vliet et al., 2012), but comparisons are difﬁcult
because predictions were made at a much lower resolution (0.5°
grid cells, 50 km) than our stream reach (2 km) based predictions. We can more directly compare our model performance to
previous studies by summarizing our predictions to calculate mean
July water temperature, a commonly used metric. For example, our
model had marginally better accuracy for predicting mean July
temperatures than models developed for the Upper Midwest
(RMSE = 2.0–2.3 °C) using four different statistical methods
(Wehrly et al., 2009). Better accuracy of our model may reﬂect
the superior predictive performance of ANNs, as found by
Chenard and Caissie (2008) for predicting daily temperatures in a
small stream in New Brunswick, Canada. However, such comparisons are limited because accuracy measures such as RMSE should
be scaled by observed variation to compare across models and
datasets (Moriasi et al., 2007), but we do not know the variation
in dataset of Wehrly et al. (2009). For this reason, seemingly superior accuracy of our model compared could be due to a difference
in the observed variability in water temperatures between the
two study regions, which means that we cannot compare performance in terms of explained variation. Reporting the observed
standard deviation in future studies would beneﬁt future model
comparisons.
The site-based cross validation procedure was similar to using
cross validation based on environmental gradients to select models
as suggested by Wenger and Olden (2012), except sites were
selected randomly without respect to any environmental gradient.
Using this method effectively limited overﬁtting and increased
generalizability, as the ﬁnal model generalized to validation
sites much better (RMSE = 1.82 °C) than a preliminary model
developed based on a strictly random cross validation procedure
(RMSE = 2.69 °C; J.T. Deweber, unpublished data). We also chose
to take the median prediction from an ensemble of 100 ANNs
because individual ANNs varied in their predicted effects and we
wanted robust estimates of predictor effects (e.g., Figs. 5 and 6).
As discussed by Hansen and Salamon (1990), using consensus
based off of multiple ANNs is more likely to be correct because
any single ANN could become ﬁxed on local optima and make
‘wrong decisions’. Although ensembles of neural networks may
not be familiar, this approach is similar to more commonly used
random forests, where predictions from a large number of classiﬁcation and regression trees are combined because of the instability
of any single tree (Breiman, 2001). Most importantly, our ANN
ensemble had good accuracy and limited bias when applied to
two validation datasets, which included a large number of new
stream reaches with different combinations of landscape and land
cover conditions, as well as a relatively warmer year. This suggests
that the model can be used to reasonably predict water temperatures at unsampled stream reaches throughout the region under
present conditions and future scenarios of climate and land use
change. Combining these predictions with additional knowledge
of stream systems may help ensure that such predictions reﬂect
actual thermal conditions and changes.
Air temperature was the strongest predictor of river water temperature in our model, which was expected since climatic factors
related to air temperature are the primary sources of thermal
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Fig. 7. Map of the regional spatial patterns of mean daily water temperatures (°C) predictions summarized as mean July temperature over the 1980–2010 modeling period.
The areas shaded black (No Data) represent stream reaches that have no temperature predictions, while grey areas (Unrepresented) are stream reaches with predicted
temperatures that are considered uncertain because one or more landscape attribute value is outside of the range of those in the training dataset.

energy transfers in streams (e.g., Johnson, 2004; Story et al., 2003),
and empirical models have often used only air temperature to predict water temperatures (e.g., Caissie et al., 2001; Mohseni et al.,
1998). Our results also suggest that including prior air temperature
patterns can improve performance in empirical water temperature
models. Similarly, Chenard and Caissie (2008) found that one day
prior air temperature improved predictions of mean and maximum
daily water temperature in a neural network model for a small
stream in New Brunswick. Air temperature had a linear effect
throughout its range and a 1 °C increase resulted in a 0.4 °C water
temperature increase (Fig. 5). The strength of the relationship did
not diminish when air temperature exceeded 20 °C as suggested
by Mohseni et al. (1998), but the dampened effect of higher prior
7 day air temperatures (Fig. 6) likely results in an overall diminishing effect.
Although air temperature was important, our results show that
landform and land cover attributes can greatly improve predictions. The positive effects of watershed area were expected
because river temperature generally increases with river size for

a number of reasons, including reduced groundwater cooling,
increased exposure to atmospheric exchanges as river width
increases, and temperatures reaching equilibrium downstream
(Caissie, 2006). Mean aspect in the network had a positive linear
effect in our study, which is not surprising because the shift from
eastern to western facing catchments likely results in increased
solar radiation, which is a primary energy input for rivers
(Johnson, 2004; Story et al., 2003). Groundwater interactions are
an important determinant of water temperatures (Caissie, 2006;
Poole and Berman, 2001) and can improve performance in regional
models (e.g., Wehrly et al., 2009; Morrill et al., 2005), but detailed
datasets to represent these interactions were lacking in the study
region. We included the baseﬂow index, an interpolated measure
of groundwater contribution to baseﬂow estimated at USGS gaged
streams (Wolock, 2003), but the model did not suggest that water
temperatures decrease with increasing values as expected during
the warm season. Its limited performance in the model likely
reﬂects the limited ability of this metric to account for groundwater interactions. Other studies in mountainous areas have found
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Fig. 8. Map showing detailed spatial patterns of mean daily water temperature (°C) predictions summarized as mean July temperature over the 1980–2010 modeling period
for a portion of Penn’s Creek watershed in central Pennsylvania. The star in the inset map shows the location of Penn’s Creek in the study region.

that elevation can be an effective predictor of water temperature
(Isaak et al., 2010; Ruesch et al., 2012) and this would most likely
be true in our region as well. However, we did not include
elevation because its presence in the model could reduce air
temperature effects and downplay the impacts of increasing air
temperatures under climate change (Stanton et al., 2012).
We expected positive effects of agricultural and developed land
cover in our model and negative effects of forest land cover
because these relationships have been well documented in the literature (for reviews see Caissie, 2006; Poole and Berman, 2001).
For example, Hill et al. (2013) showed that mean summer river
water temperatures in rivers with small amounts of agricultural
and urban (medium and high developed) land cover (>1%) were
slightly higher (0.5–1 °C) than in rivers with essentially no agricultural and urban land cover. In contrast to our expectations,
the model with agricultural and developed land covers predicted
counterintuitive, negative effects and we thus chose the simpler
model with only forest land cover. However, the predicted
decrease in water temperature as network forest cover increased
from 80% to 100% can be interpreted as an increase in water temperature as human land cover increases and was consistent with
previously published reports of water temperature increases due
to forestry activities (e.g., Beschta and Taylor, 1988). The predicted
increases in water temperature as network forest increased from
0% to 60% is not consistent with expected trends and is likely
due to relationships with other landscape attributes that control
water temperature. For example, stream reaches with relatively little network forest (<40%) had smaller watersheds (mean network
area = 37.1 km2) than reaches with more forest cover (mean network area = 152.2 km2) in our training dataset, which could lead
to a modeled positive relationship because streams with small
watershed are predicted to be cooler due to the strong effect of
network area. The effect of local riparian forest cover was negative
and suggested that the greatest cooling could be expected as riparian forests increased from 0% to 10% and from 90% to 100%. Prior
studies have shown warming water temperatures in response to
the full and partial removal of riparian forest vegetation (e.g.,
Rutherford et al., 2004) so it is not surprising that temperatures
are predicted to be cooler for stream reaches with 100% riparian
forest cover.
Our modeling approach predicted daily water temperature as
single events and did not specify spatial or temporal links between
predictions. Since river water temperatures are more likely to be

similar on consecutive days and in connected river reaches, modeling spatiotemporal autocorrelation could potentially improve
model performance. A couple of methods that could be used
include recurrent or dynamic ANNs that account for temporal
autocorrelation and have been used to successfully forecast
streamﬂow (e.g., Besaw et al., 2010; Chen et al., 2013), and spatial
regression models that incorporate downstream connectivity of
river systems and have been used to predict weekly water temperatures in relatively large basins (Isaak et al., 2010; Ver Hoef et al.,
2004). Although autocorrelation was not directly modeled in this
study, some degree of realistic spatial and temporal structure
was reﬂected in model predictions because it was embedded in
predictors.
6. Conclusions
We developed an ensemble of ANNs that predict mean daily
water temperature with good accuracy (RMSE = 1.9 °C) and low
overall bias (percent bias <±2 °C) for two large validation datasets
during the warm season throughout a large and physiographically
diverse study region. This is the ﬁrst publication that we are aware
of to describe a model predicting daily water temperatures within
individual stream reaches (2 km in length) throughout a large
region, as most previous regional efforts have focused on weekly,
monthly or seasonal predictions. Our results demonstrate how
combining predictions from an ensemble of ANNs can improve
model accuracy and the estimation of predictor effects. Predictor
effects as revealed by a sensitivity analysis varied widely among
ANNs, and we had more conﬁdence in the relationships between
water temperature and climatic, landform and land cover predictors from the median ensemble prediction than from any single
ANN. Daily water temperature predictions in individual stream
reaches can be used directly or summarized spatially or temporally
to yield water temperature metrics for a number of applications,
including the management and conservation of aquatic organisms,
including mussels, macroinvertebrates and ﬁsh species such as
brook trout. For example, thermally suitable habitat under present
and future conditions can be mapped to determine potential habitat for brook trout or other target species. Although our model had
reasonable accuracy and represented most rivers throughout the
region, combining local knowledge with model predictions may
help ensure that management decisions more accurately reﬂect
actual thermal conditions.
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Chapter 3
Predicting Brook Trout Occurrence in Stream Reaches throughout Their Native
Range in the Eastern United States
Chapter 3 was written in collaboration with my advisor, Tyler Wagner, and was in review at the
time of writing in the peer-reviewed journal Transactions of the American Fisheries Society. I have
included this manuscript on the following pages as submitted for publication.
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Abstract
Brook Trout Salvelinus fontinalis are an important species of conservation concern in the
eastern U.S. In this paper, we develop the first model to predict Brook Trout population status
within individual stream reaches throughout their native range in the eastern U.S. We utilized
hierarchical logistic regression with Bayesian estimation to predict Brook Trout occurrence
probability, allowing slopes and intercepts to vary among Ecological Drainage Units (EDU). The
model performed similarly well for 7,327 training and 1,832 validation samples based on the
area under the receiver operating curve (AUC ~ 0.78) and the kappa statistic (0.44). Predicted
water temperature had a strong negative effect on Brook Trout occurrence probability at the
stream reach scale and was also negatively associated with EDU average probability of brook
trout occurrence (i.e., EDU-specific intercepts). The effect of soil permeability was positive, but
decreased as EDU mean soil permeability increased. Lastly, Brook Trout were less likely to
occur in stream reaches surrounded by agricultural or developed land covers, and an interaction
suggested that agricultural land cover also resulted in an increased sensitivity to water
temperature. Our model provides a further understanding of how Brook Trout are shaped by
habitat characteristics in the region and yields maps of stream reach-scale predictions, which
together can be used to support ongoing conservation and management efforts. These decision
support tools can be used to identify the extent of potentially suitable habitat, to estimate historic
habitat losses, and to prioritize conservation efforts by selecting suitable stream reaches for a
given action. Further efforts can also extend the model to account for additional landscape or
habitat characteristics, include biotic interactions, or estimate potential responses of Brook Trout
to climate and land use changes.
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Introduction
Brook Trout Salvelinus fontinalis are an economically, socially, and ecologically
important species of conservation concern throughout their native range in the eastern United
States. Brook Trout have relatively narrow habitat requirements but were historically widespread
where cold water, access to suitable spawning substrates, and instream cover were available.
Largely as a result of anthropogenic habitat changes, however, they have been extirpated from
28% and greatly reduced (>50% of populations lost) in a further 35% of subwatersheds
throughout their native range in the eastern United States. A number of activities and stressors
have negatively affected Brook Trout, including historical deforestation and contemporary land
use changes (Hudy et al. 2008; Stranko et al. 2008), acid deposition (Schofield 1976; Haines and
Johnson 1982), population fragmentation (Letcher et al. 2007; Whitely et al. 2013) and the
introduction of nonnative species (Larson 1985; Wagner et al. 2013). Further land cover changes
related to urbanization, forestry and relatively new drivers such as natural gas exploration are
likely to result in continued losses of Brook Trout locally (Moglen et al. 2003; Stranko et al.
2008; Steen et al. 2010; Weltman-Fahs and Taylor 2014), while changes in water temperature,
streamflow and related habitat changes driven by climate change are expected to result in
widespread losses throughout much of the region (Meisner 1990; Clark et al. 2001; Flebbe et al.
2006).
In response to concerns about the future of Brook Trout in the eastern United States,
federal, state and conservation stakeholders formed the Eastern Brook Trout Joint Venture
(EBTJV) and provided a baseline assessment to summarize existing knowledge on the status of
Brook Trout populations (Hudy et al. 2008). This assessment provided a region-wide overview
of Brook Trout population status in subwatersheds and identified landscape attributes that were
related to population status, providing a valuable guide for transboundary management and
conservation efforts. However, subwatershed status from the assessment cannot be used to
elucidate the effects of stressors that act locally or to infer the status of individual populations, as
there are many unique stream reaches within a subwatershed and each may represent a unique,
resident Brook Trout population (Castric et al. 2001; Kanno et al. 2011). Although an assessment
of Brook Trout population status within individual stream reaches would provide more valuable
information, there are insufficient data and knowledge throughout this large region (Hudy et al.
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2008). In such cases, a regional overview of potential population status in stream reaches can be
gained by predicting occurrence or abundance using species distribution models (SDMs).
SDMs have been developed using a wide range of methods to accurately predict
distributions and guide management decisions for diverse taxa (for a review, see Elith and
Leathwick 2009), including Brook Trout (Wenger et al. 2011; Al-Chokhachy et al. 2013) and
several other Salmonid species (Isaak et al. 2010; Wenger et al. 2011; Ruesch et al. 2012)
throughout large regions in the western United States. For example, models predicting the
distribution of Bull Trout Salvelinus confluentus and Cutthroat Trout Oncorhynchus clarki have
been used to predict potential distributions resulting from climate changes and nonnative species
to help prioritize conservation actions (Peterson et al. 2013). Although there are many SDMs of
varying complexity and spatial extent for predicting Brook Trout occurrence and abundance in
the eastern United States (Meisner 1990; Flebbe 2006; McKenna and Johnson 2011; Wagner et
al. 2013; Wagner et al. 2014), none have been developed to predict at the stream reach scale
throughout the entire EBTJV region.
In this paper we describe the first effort to predict the status of Brook Trout populations
within individual stream reaches throughout their native range in the eastern United States. We
developed a Bayesian hierarchical logistic regression model to predict the probability of Brook
Trout occurrence based on predicted water temperature and a set of ecologically relevant
landscape attributes. The estimated effects of predicted water temperature and landscape
attributes, occurrence predictions, and uncertainty estimates provide useful information that can
be used to help coordinate conservation and management activities throughout the region at
multiple scales.
Methods
Study Region.–The study region included the native range of Brook Trout in the eastern U.S. as
defined by the EBTJV, and represents approximately 30% of the worldwide native range of
brook trout and 70% of its range in the U.S. (Figure 1; Hudy et al. 2008). Because the EBTJV
region was originally defined based on subwatershed boundaries, we modified the EBTJV region
slightly to include all streams from the National Hyrdography Dataset Plus Version 1.0
(NHDPlus V1.0; USEPA and USGS 2005) whose local catchments were at least 90% within the
study region boundary. There are a total of 239,350 NHDPlus V1.0 stream reaches in the region,
but only 195,134 stream reaches were topologically connected and had all available predictor
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variables in the base map upon which our model was based. The study region roughly
corresponds to the historic species range of Brook Trout, which are limited to streams with
suitably cold water temperatures (Meisner 1990) typically found at higher elevations (>200 m,
Flebbe 2006) in the southern portion of the region but nearly at all elevations at higher latitudes.
Brown Trout Salmo trutta and Rainbow Trout Onchorhynchus mykiss have been introduced
widely and have established populations in various portions of the region. The predominant land
cover in the region is second-growth forest, but several urban centers support a large human
population, agricultural land use is widespread in lower elevations, and forest management is
common throughout much of the range.
Fish Data.–We compiled fish sampling records from throughout the region in the winter of 2013
through direct contact with state agencies and by downloading data directly from the Multistate
Aquatic Resources Information System (MARIS) website (http://www.marisdata.org/). We
linked sampling locations to the nearest NHDplus V1.0 stream segment within 150 m, removing
those that were farther away from any stream segment. Our ideal dataset would have only
included samples collected via electrofishing that targeted all species, but this was not entirely
feasible as the compiled datasets originated from a variety of sampling programs with various
objectives and sampling gear was not always reported. Thus, we included only samples collected
by electrofishing methods (i.e., backpack, barge, or boat electrofishing) when sampling gear was
recorded, but we also included all samples when sampling gear was not recorded because agency
communications suggested that electrofishing was the primary gear used. We removed any
samples that targeted black bass or species from the Percidae or Esocidae families, because
Brook Trout may not have been recorded if captured.
For each sample, we recorded the occurrence of Brook Trout and attributed all samples to
the nearest NHDPlus V1.0 stream reach. We selected samples that were collected between the
months of May and October from 1991 – 2011, which span the year of satellite image collection
for the 2001 National Land Cover Dataset (NLCD) that we used to represent land cover in our
analysis (see below). Sampling month was not available for the data from Tennessee, but we
included all samples since stream surveys are most often conducted in the summer months
during low flow periods. We selected the most recent sample collected within each NHDPlus
V1.0 stream reach when multiple samples were available.
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Water temperature and landform predictors. –Water temperature is a key determinant of habitat
suitability for Brook Trout globally (MacCrimmon and Campbell 1971) and locally (e.g., Martin
and Petty 2009), but there are insufficient data available to use measured water temperature to
characterize thermal habitat regionally. Although air temperature, elevation and latitude have
been used as surrogates of water temperature in previous efforts, water temperature represents a
more direct link to stream habitat and predicted water temperatures have provided more accurate
predictions than surrogate variables for Brook Trout in the western U. S. (Al-Chockachy et al.
2013). For this reason, we used predicted water temperatures from a neural network ensemble
model developed to predict mean daily water temperatures throughout the study region
(DeWeber and Wagner, In Press). We briefly describe this model here and refer the reader to
DeWeber and Wagner (In Press) for details. The neural network ensemble model predicted water
temperature at a total of 1,080 stream reaches throughout the region with good accuracy based on
root mean square error (RMSE ~ 1.9°C) and low bias (percent bias < ± 2%). In order of
importance, predictors included current day mean air temperature, prior 7 day mean air
temperature, network area, network forest cover, network mean aspect, network mean baseflow
index, and riparian forest cover within the local catchment.
We modified the water temperature model slightly to help ensure that the model would
generalize well to the large number of stream reaches in the region. First, we removed network
mean baseflow index because sensitivity analysis plots showed irregular effects on water
temperature that could bias predictions for some stream reaches (see Figure 6 in DeWeber and
Wagner, In Press). Model performance was not negatively affected by the removal of this
predictor (i.e., RMSE remained unchanged). Second, we retrained the model using all available
water temperature observations because the large amount of data withheld for validation during
the original model development provides information that could inform regional predictions.
This model had similar performance (RMSE = 2.0°C, percent bias = 0.02) and nearly identical
predictor effects to those described by DeWeber and Wagner (In Press). We utilized this model
to predict mean daily water temperatures representative of current conditions by using a five year
average of observed mean daily air temperature for each day from May through October centered
on 1997. We then calculated five water temperature metrics for describing the thermal suitability
of river habitat for Brook Trout: mean seasonal water temperature, mean July water temperature,
and maximum 7, 14, and 30 day moving averages. Because all of these thermal metrics were
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highly correlated for the 1997 average conditions, in this manuscript we describe models
developed using the maximum 30 day moving average (hereafter referred to as Max30Temp).
A large suite of landscape attributes and human disturbance metrics summarized within
the local (i.e., the portion of the catchment directly adjacent to each stream reach) and network
(i.e., all areas upstream including the local catchment) catchments of each stream reach were
available to describe fish habitat as described in Esselman et al. (2007). From this suite, we
selected three ecologically relevant landscape attributes that were relatively independent from
each other and Max30Temp: mean soil permeability (in/hr), and agricultural and developed land
covers (%). Mean soil permeability was included as a metric of soil size, and we expected higher
permeability (i.e., coarser soils) to represent more suitable habitat for Brook Trout given
ecological characteristics (Argent and Flebbe 1999; Sweka and Hartman 2001). Because the
local and network measures of these three landscape attribute were highly correlated (|r| > 0.7),
we selected the measure that was most correlated with Brook Trout occurrence to include in the
model (Table 1). We did not include any landscape attributes that were previously used to predict
water temperature because any potential effects on Brook Trout were at least partially accounted
for by predicted water temperature and their inclusion could confound modeled relationships.
We also did not consider elevation, latitude, or other attributes that would primarily be surrogates
of climate or water temperature, because their inclusion could confound the effects of water
temperature (Stanton et al. 2012).
Next, we attributed each NHDPlus stream reach to Ecological Drainage Units (EDUs)
and calculated several EDU-level attributes (model covariates), including: mean of predicted
seasonal (May thru October) water temperature, mean soil permeability and percentage forest,
agriculture and urban land covers. We chose to use EDUs to stratify the study region because
they are watershed-based units designed to have similar habitats and freshwater assemblages due
to common zoogeographic, physiographic and climatic characteristics (Higgins et al. 2005). We
calculated EDU-level covariates to account for any cross-scale interactions, which occur if the
effects of local predictors of and Brook Trout occurrence vary spatially as a result of interactions
with drivers that operate at a larger spatial scale (Soranno et al. 2014). All EDU attributes were
summarized from the reach-level predictors except land cover percentages, which were
calculated as the areal percent covered by each land cover type in an EDU. For clarity, we refer
to stream reach attributes as ‘predictors’ and EDU attributes as ‘covariates’ throughout the
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manuscript. Prior to model development, we standardized all predictors and covariates by
subtracting the mean and dividing by the standard deviation from the population of all stream
reaches or EDUs in the region. We then randomly selected 20% of observations from each EDU
for model validation.
Model development.–We used hierarchical logistic regression models because they have been
shown to generalize to new locations (Wenger and Olden 2012), account explicitly for
hierarchical data structure, and can accommodate spatial autocorrelation that may exist in
ecological datasets (Wagner et al. 2006). The first level or ‘reach-level’ of our model predicted
the probability of Brook Trout occurrence in individual stream reaches based on stream reach
predictors (Table 1). The general reach-level formula was:
( )
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intercepts and slopes. We did not account for imperfect detection in our model because adequate
data do not exist, but we are confident in the accuracy of most recorded absences because
detection probability for Brook Trout is generally high (> 0.9; Wagner et al. 2012).
The ‘EDU-level’ of the model allowed intercepts and slopes to vary among EDUs to help
account for potential variation in the average probability of occurrence and the effects of reachlevel covariates on Brook Trout occurrence throughout the region. Because variation among
EDUs could represent ecologically relevant information regarding determinants of habitat
suitability, we also modeled this among-EDU variation using the aforementioned EDU-level
covariates. With covariates, the EDU-level of the model became
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variance estimates. The model can be extended to include p reach-level predictors and k EDUlevel covariates by adding
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parameters.

Although this hierarchical approach has several advantages, model selection is not
straightforward, largely because of the difficulty in determining the effective number of
parameters estimated. As a result, information criterion (e.g., DIC) cannot be used to effectively
compare models or determine weights for model averaging (Bolker et al. 2008). For this reason,
we used a sequential forward selection approach to first select reach-level predictors and then
EDU-level covariates to include as described under Model selection. All models were fitted in a
Bayesian framework in the program JAGS (Plummer 2011) using the R2Jags package (Su and
Yajima 2013) in the R statistical environment (R Development Core Team, 2014). Diffuse priors
were used for all parameters. For model selection, we kept every third draw from three chains for
a total of 30,000 draws from the posterior distribution after discarding the first 10,000 iterations
from each chain. We examined trace plots to ensure that chains converged. We included reachlevel predictors and EDU-level covariates in the final model if 90% credible intervals did not
include 0.
Model selection.–We first selected reach-level predictors to include in the model because our
primary interest was to predict Brook Trout occurrence in stream reaches throughout the region.
Before selecting predictors, we fit preliminary models with a single reach-level predictor,
allowing effects to vary among EDUs, to determine if including multiple reach-level predictors
greatly changed parameter estimates, which could signify problems resulting from collinearity.
Because all four reach-level predictors had important effects on Brook Trout and effects of
collinearity were not evident, we included all four reach-level predictors throughout model
development. Lastly, we selected interactions among reach-level predictors to include by
sequentially adding each two-way interaction to the model and retaining those that differed from
0 (as determined by 90% credible intervals not overlapping 0). Two-way interactions between
reach-level predictors were not allowed to vary among EDUs. After selecting reach-level
predictors, we calculated the degree to which intercepts and slopes varied among EDUs to
determine if variation was substantial and could potentially be explained by EDU-level
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covariates. We considered variation to be substantial whenever EDU-specific slopes and
intercepts differed from the grand mean intercept or slope (as determined by non-overlapping
90% credible intervals) for at least 10% of EDUs.
After identifying varying parameters with substantial variation, we used forward
selection to test each potential EDU-level covariate sequentially, retaining those that differed
from 0. If multiple EDU-level covariates were selected for a varying intercept or slope, we used
backward stepwise selection to test the effects of all covariates plus two-way interactions,
sequentially removing those that most overlapped 0. We then visually inspected predicted
relationships to ensure that included covariate effects could be interpreted clearly and were not
simply the result of outliers or confounding relationships. We tested all of the covariates in this
manner until we had the final habitat model where the effects of all reach-level predictors and
EDU-level covariates differed from 0.
Model performance and output.–Because we could not predict Brook Trout occurrence for over
190,000 stream reaches for 30,000 draws from the posterior distribution due to computational
limitations, we retrained the final model and kept 5,000 draws for use in predictions. All
parameter posterior means estimated from 5,000 draws varied by less than 1.6% from those
estimated from 30,000 draws, and parameter density plots suggested good convergence. We
predicted occurrence probability for these 5,000 draws and calculated the posterior mean and
standard deviation of the occurrence probability for each stream reach. We mapped both of these
measures throughout the region to produce a decision support tool that can be used to identify
Brook Trout habitat while considering uncertainty.
We then calculated the area under the receiver operating curve (AUC) and plotted
classification accuracy across different probability thresholds (ROCR package in R; Sing et al.
2005). AUC provides a useful measure of performance relative to chance (Hanley and McNeil
1982), but does not provide information regarding error rates whenever one or more thresholds
are used to determine occurrence. Because many conservation and management actions require
either explicitly or implicitly specifying a probability threshold to define occurrence, we also
classified occurrence using three values of mean occurrence probability that represent different
management objectives. For each of these thresholds, we calculated overall accuracy, sensitivity,
specificity, and the kappa statistic (Cohen 1960; Allouche et al. 2006). Threshold # 1 was
selected to ensure that Brook Trout were predicted to be present at 90% of sites where they
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actually occurred (i.e. sensitivity = 0.9), and represents a low threshold that could be employed
when false negatives have large costs and overpredicting occupied habitat is acceptable. We
considered threshold #1 to estimate the potential distribution of Brook Trout where habitat may
be suitable. Threshold # 2 was equal to prevalence in the training dataset, which produces near
optimal classification accuracy and could be used when false positives and false negatives have
equal costs (Liu et al. 2005). We considered this threshold to identify suitable habitat where
Brook Trout are likely present. Lastly, threshold # 3 was selected to ensure that Brook Trout
were predicted absent at 90% of sites where they were actually absent (i.e., specificity = 0.90).
We considered threshold # 3 to identify highly suitable habitat where Brook Trout are very likely
to be present, which might be used when false positives have high cost.
We also calculated two metrics of measurement error to determine how well the habitat
model predicted occurrence at individual stream reaches to better understand errors and visualize
potential biases. The first metric, which we refer to as mean deviation, was the average
difference between the observation (Brook Trout not detected = 0 or detected = 1) and the mean
predicted probability of occurrence. For the second metric, we classified occurrence using
threshold # 2 described above (probability = prevalence) for each of the 5,000 posterior draws
and calculated the proportion of incorrect classifications. We mapped these two error metrics
throughout the region to identify potential spatial biases in predicted distributions.
Results
There were a total of 9,159 stream reaches with fish samples spanning the study region,
but sampling and prevalence were uneven across the 42 EDUs (Figure 1, Table 2). One EDU
(Southern Lake Erie; Figure 1) did not have any samples and was not included in model
development or predictions. Brook Trout were present at 3,361 (45.6%) of the 7,327 stream
reaches used for model fitting, and at 842 (45.9%) of the remaining 1,832 samples used for
model validation. The distributions of reach-level predictors were similar among the training,
validation, and population of stream reaches throughout the region.
The reach-level of the final model included the effects of all four predictors, plus a fixed
interaction between Max30Temp and network agriculture (Table 3). The primary determinant of
Brook Trout occurrence was Max30Temp, which had a strong negative effect on Brook Trout
suggestive of a threshold response. For example, mean occurrence probability was always high
(> 0.6) or low (< 0.2) when Max30Temp was below 16°C or above 22°C, respectively. The
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interaction between Max30Temp and network agriculture revealed that the effect of Max30Temp
was greater when agriculture was high (Figure 2). The positive effect of network soil
permeability and negative effects of network agriculture and local developed land cover were
weaker than that of Max30Temp, but still important for predicting Brook Trout occurrence
(Figure 3).
The EDU-level of the model included substantial variation (i.e., at least 10% of EDUspecific slopes and intercepts differed from the grand mean intercept or slope) in the intercepts
and slopes for the effects of Max30Temp, network soil permeability and network agriculture, but
not developed land cover. Intercepts and the network soil permeability slope were negatively
correlated with EDU mean seasonal water temperature and EDU mean soil permeability,
respectively (Table 3, Figure 4). Although variation in the Max30Temp and network agriculture
slopes was evident (Figure 5), no EDU covariates were able to clearly explain variation in either
of these slopes. Lastly, the local developed land cover slope was relatively constant among
EDUs (Figure 5).
The model was able to predict Brook Trout occurrence much better than chance for the
training (mean AUC = 0.79, SD = 0.01) and validation (mean AUC = 0.78, SD = 0.01) datasets.
The three thresholds chosen to correspond to a 10% false negative rate, training data prevalence,
and a 10% false positive rate were 0.19, 0.46, and 0.67, respectively. The overall accuracy,
Cohen’s kappa, and number of stream reaches where Brook Trout are predicted to occur for the
three thresholds are shown in Table 4. As expected, overall accuracy and kappa are highest for
threshold #2 (probability ≥ 0.46), and tradeoffs in accuracy, specificity, and sensitivity are
evident for the lower and higher thresholds. Mean occurrence probability was generally higher in
the northern portion of the study region and at higher elevations, whereas the standard deviation
of occurrence probability showed no clear spatial patterns (Figure 7). Much of the region was
identified as potential habitat (probability ≥ 0.17), but highly suitable habitat (i.e., probability ≥
0.68) had a very limited geographic extent, primarily in the northern portion of the range (Figure
7). Maps of mean occurrence probability for a portion of the Penns Creek watershed illustrates
the detail (spatial resolution) of predictions and the general spatial pattern of probabilities
decreasing in a downstream direction throughout river networks (Figure 8). We did not observe
any clear spatial biases in predictions based on visual inspection of maps of mean deviation or
proportion of incorrect classifications.
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Discussion
This study provides the first SDM for predicting Brook Trout occurrence based on habitat
suitability throughout the entire EBTJV region at the individual stream reach scale. Predictions
of occurrence probability and knowledge of relationships with habitat descriptors, combined with
estimates of uncertainty, provide valuable information that can be used to help guide ongoing
transboundary management and conservation activities. Similar SDMs developed at the stream
reach scale for native and nonnative salmonids (including Brook Trout) in the western U.S. have
proven useful for predicting species distributions, estimating historic habitat losses,
understanding biotic and environmental determinants of species distributions, and identifying
potential climate change effects (Isaak et al. 2010; Wenger et al. 2011; Ruesch et al. 2012; AlChokhachy et al. 2013).
The EBTJV’s assessment of population status in subwatersheds was based upon
empirical observations and expert knowledge (Hudy et al. 2008) and is the only region-wide
‘ground truth’ with which we can compare our model predictions. Despite differences in spatial
scale, methods, and objectives, mean probability summarized within the subwatersheds used for
the EBTJV showed close relationships to subwatershed population status. Focusing on only the
subwatersheds where sufficient data were available to assign population status in the EBTJV
assessment, mean occurrence probability was 0.22, 0.37 0.45, and 0.57 in subwatersheds with
extirpated, greatly reduced, reduced and intact populations, respectively. Although such
comparisons are limited due to differences in spatial scale and methodology, the positive
association lends additional support to our model predictions. These comparisons further
demonstrate the benefit of using SDMs in such a large region, as predictions are available for
almost all stream reaches in the region whereas population status at the relatively coarse
subwatershed scale was unknown in much of the region due to insufficient data (Hudy et al.
2008).
The most important determinant of Brook Trout occurrence probability was predicted
water temperature, which was expected based on physiology (e.g., Lee and Rinne 1980; De
Stasio and Rahel 1994), field observations (Barton et al. 1985; Picard et al. 2003), prior
modeling efforts (Wehrly et al. 2007; Stranko et al. 2008; Martin and Petty 2009), and
assumptions used in prior climate change studies (Meisner 1990; Clark 2001; Flebbe et al. 2006).
Previous modeling efforts to predict Brook Trout throughout large portions of the study region
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have accounted for temperature effects by including surrogate variables, such as elevation or
latitude (Meisner 1990; Flebbe et al. 2006). Predicted water temperatures offered a more direct
link to Brook Trout and also simplified model development because a number of potential
predictors were accounted for by predicted water temperature (e.g., elevation, latitude, watershed
area). A further benefit is that the difference between predicted and observed water temperatures
in a stream reach can be compared by users to determine the reliability of Brook Trout
predictions.
We included soil permeability as a metric of soil size, and found a positive association
between Brook Trout and coarse soils (i.e., higher permeability), which we expected because
fine soils can negatively affect feeding and reproduction (Argent and Flebbe 1999; Sweka and
Hartman 2001). Similarly, the negative effects of agricultural and developed land cover have
been found in prior studies (e.g., Stanko et al. 2008; Hudy et al. 2008) and reflect the many
negative in-stream habitat alterations that can occur as a result of human activity in the
surrounding watershed (Allen 2004). For example, Stranko et al. (2008) identified reductions in
abundance and extirpations of Brook Trout populations resulting from development in Maryland
(Stranko et al. 2008), and Hudy et al. (2008) identified agricultural land cover cover as a major
determinant of Brook Trout population status in subwatersheds. We also found that the effect of
agricultural land cover was greater in areas with warmer water temperatures. This interaction has
important implications for climate and land use changes, and suggests that altered landscapes
might be more vulnerable to increases in water temperature as suggested for landscapes affected
by wildfire in the western U.S. (Isaak et al. 2010).
We identified substantial variation in the EDU-level average probability of occurrence
(i.e., varying intercepts) and in three varying slope that were partially explained by EDU-level
attributes. We were not surprised to find that lower intercepts were found in EDUs with higher
overall water temperature given the strong negative effect of water temperature at the reachlevel. Nevertheless, this relationship could potentially be used to set realistic expectations of the
proportion of habitat expected to be occupied by Brook Trout based on average water
temperature in EDUs or other regions of interest. The negative effect of EDU mean soil
permeability on the soil permeability slope demonstrates the importance of landscape attributes
in the greater surrounding region and demonstrates a cross-scale interaction (Soranno et al.
2014). In this case, the positive effects of network soil permeability were greater in EDUs with
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lower mean soil permeability. This is presumably because EDUs with higher soil permeability
have suitable soils in most catchments, rendering increases in network soil permeability not
beneficial for Brook Trout.
The study region and the factors determining Brook Trout population status are complex,
and we recognize that our model does not account for many landscape attributes (e.g.,
impervious surfaces), stressors (e.g., acid mine drainage), biotic interactions.(e.g., nonnative
Brown Trout), or infrastructure (e.g., dams) that might have negative effects. The dataset did not
differentiate between stocked and wild fish, which could skew predictions in favor of slightly
warmer stream reaches in areas with greater human presence where Brook Trout may be stocked
but habitat is unsuitable for supporting self-sustaining populations. We also recognize that
nonnative salmonids (e.g. Brown Trout and Rainbow Trout) may have important effects (Wagner
et al. 2013), but we did not include these effects because we were interested in identifying
suitable habitat where Brook Trout may potentially occur irrespective of biotic interactions. In
addition, the lack of occurrence data and stocking records for these species across the region
makes a regional assessment of their effects difficult, if not impossible. Finally, predicted water
temperature and occurrence probability are based upon an idealized stream network that does not
account for the effects of dams and other water infrastructure, which could produce over
estimates in areas where thermal and other habitat alterations have occurred. In areas where
additional factors are likely to render habitat unsuitable, model predictions are likely to be
overestimates; however, they can be combined with local knowledge to better inform decision
making.
Despite these potential limitations, our model can be used to compare stream reaches for
their potential to support self-sustaining Brook Trout populations throughout their native range in
the eastern U.S. Because higher occurrence probabilities should be representative of higher
habitat suitability, provided that extraneous factors are not limiting, stream reaches can be
prioritized for a given action. For example, in recent years several states in the EBTJV region
have used targeted sampling to document the presence of Brook Trout in previously unassessed
waters to gain a better distributional understanding. Predicted occurrence probabilities can be
used to guide such sampling efforts by identifying stream reaches where Brook Trout are more
likely to occur. The model can also be linked with projected climate and land use change
scenarios to predict potential changes in the distribution of Brook Trout in the future, identify
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vulnerable habitat, and investigate potential mitigation strategies. Although model performance
was reasonably good, we welcome efforts to improve the model by predicting abundance or
density, including interannual variability through dynamic modeling or incorporating biotic
interactions, as these may improve predictions in some cases.
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Tables
Table 1. Stream reach and EDU-level attributes that were tested as candidate predictor
variables in hierarchical logistic regression models to predict Brook Trout occurrence.
Attribute

Level

Units

Source

Max30Temp

Reach

°C

Predicted water temperature1

Network mean aspect

Reach

degree

National Elevation Dataset2

NA

Network soil

Reach

inches/hour

Schwartz and Alexander

NA

permeability
Local developed land

Land Cover Code

(1995)
Reach

% cover

Homer et al. (2007)

21 + 22 + 23 +
24

Network agriculture

Reach

% cover

Homer et al. (2007)

Forest cover

EDU

% cover

Homer et al. (2007)

Mean water temp

EDU

°C

Predicted water temperature

Mean soil permeability

EDU

Inches/hour

Schwartz and Alexander

81 + 82
41 + 42 + 43
1

NA
NA

(1995)
1

Predicted water temperature was based on a model described by DeWeber and Wagner (In

Press)
2

Gesh et al. (2002).
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Table 2. The name, number of samples (N), prevalence of Brook Trout (Prevalence), mean water
temperature (Temp, °C), forest land cover (%) and mean soil permeability (in/hr) of each EDU.
Standard deviations for water temperature and soil permeability are in parentheses. EDU # was
simply the reference number assigned to the jth EDUs in our study, and can be used as the
reference for the x-axis in Figure 5.
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EDU #

EDU Name

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
NA

Alleghany Mountain Tributaries
Appalachicola River-Piedmont
Cape Cod
Coosa River
East Lake Erie
Eastern Chesapeake Bay
Glaciated Ohio River Tributaries
Lake Champlain
Long Island
Lower Connecticut
Lower Delaware
Lower Hudson
Lower Potomac
Lower St. Croix - Downeast Maine Coastal
Lower Susquehanna
Middle Connecticut
Middle Potomac
Middle Susquehanna - Juniata
New River
Northeast Lake Ontario
Northwest Adirondacks
Penobscot - Kennebec - Androscroggin
Saco - Merrimack - Charles
Southern Alleghany Plateau
Southern Lake Ontario
Tennessee River-Blue Ridge
Tennessee River-Ridge and Valley
Upper Alleghany River
Upper Connecticut
Upper Delaware
Upper Hudson
Upper James
Upper Pee Dee River
Upper Potomac - Upper Shenandoah
Upper Rappahannock and Middle James
Upper Roanoke River
Upper Santee River
Upper Savannah River
Upper St. John - Aroostook
Upper Susquehanna
West Branch Susquehanna River
Southern Lake Erie

N
316
8
13
38
148
7
103
230
3
986
399
210
16
202
165
211
34
507
112
42
12
730
836
26
168
458
58
892
228
227
181
49
38
125
12
8
40
8
350
421
542
0

Prevalence
0.37
0.00
0.31
0.00
0.09
0.00
0.02
0.41
0.00
0.44
0.34
0.29
0.00
0.60
0.05
0.71
0.00
0.47
0.10
0.43
0.42
0.56
0.52
0.04
0.29
0.15
0.36
0.54
0.79
0.52
0.40
0.08
0.13
0.20
0.25
0.13
0.00
0.00
0.77
0.52
0.79
NA

Temp
16.1 (1.5)
17.8 (1.5)
16.8 (1.1)
17.3 (1.1)
16.0 (1.5)
17.7 (1.1)
16.5 (1.6)
15.1 (1.5)
18.0 (1.3)
16.3 (1.4)
17.1 (1.6)
17.1 (1.6)
18.0 (1.5)
14.5 (1.1)
17.8 (1.5)
15.3 (1.4)
17.7 (1.5)
16.8 (1.7)
16.1 (1.5)
15.5 (1.5)
15.2 (1.4)
14.5 (1.4)
15.3 (1.5)
16.7 (1.5)
16.0 (1.5)
16.9 (1.5)
16.6 (1.5)
15.5 (1.6)
14.4 (1.2)
15.6 (1.5)
15.4 (1.4)
16.9 (1.6)
16.4 (1.2)
17.0 (1.7)
17.5 (1.5)
16.9 (1.3)
16.6 (1.5)
17.3 (1.4)
13.7 (1.1)
15.8 (1.5)
15.6 (1.6)
16.2 (1.4)

Forest

Soil

71.1
74.7
39.2
88.2
40.7
29.3
49.9
66.4
19.2
57.2
41.1
47.5
42.4
69.0
26.4
76.5
32.0
60.8
73.0
48.5
65.0
72.1
64.1
87.8
30.5
77.9
65.7
68.0
84.5
78.1
61.6
81.8
70.2
64.6
67.4
76.3
75.5
78.7
70.8
59.0
77.5
38.2

2.7 (2.1)
2.1 (0.7)
8.6 (5.4)
2.0 (0.9)
1.8 (2.0)
2.2 (0.8)
2.0 (1.3)
3.7 (2.7)
7.2 (6.0)
5.1 (3.2)
2.4 (1.7)
2.9 (2.4)
2.7 (1.7)
3.9 (3.2)
1.9 (0.9)
4.5 (2.6)
2.3 (0.7)
3.8 (1.9)
3.3 (1.5)
4.0 (4.3)
4.8 (4.3)
3.0 (2.4)
6.5 (3.7)
3.0 (1.6)
1.7 (1.8)
3.2 (2.0)
2.8 (1.4)
2.9 (1.8)
3.6 (2.2)
2.1 (2.1)
3.0 (2.8)
3.9 (1.6)
2.2 (2.1)
4.1 (1.8)
2.8 (1.1)
3.6 (3.4)
2.1 (0.8)
2.0 (0.5)
1.5 (1.0)
1.9 (1.5)
3.6 (1.6)
1.4 (1.4)
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Table 3. Reach-level predictors and EDU-level covariates included in the final hierarchical
logistic regression model used to predict Brook Trout occurrence, including estimated posterior
means, standard deviations (S.D.), and 90% credible intervals (C.I.).
Level

Parameter

Reach

b

Attribute

Mean

S.D.

C.I.

Intercept

-1.02

0.22

[-1.39, -0.67]

Max30Temp

-1.15

0.12

[-1.33, -1.15]

Network soil permeability

0.23

0.12

[0.04, 0.23]

Network agriculture

-0.59

0.15

[-0.83, -0.36]

Local developed land

-0.33

0.11

[-0.52, -0.15]

Max30Temp * Network

-0.18

0.08

[-0.32, -0.05]

Intercept variation

1.1

0.18

[0.84, 1.40]

Max30Temp slope variation

0.43

0.08

[0.31, 0.58]

Network soil permeability slope

0.48

0.09

[0.35, 0.64]

0.61

0.13

[0.44, 0.83]

0.38

0.08

[0.28, 0.51]

EDU temperature

-0.67

0.22

[-1.04, -0.32]

EDU soil permeability

-0.32

0.12

[-0.53, -0.12]

agriculture

variation
Network agriculture slope
variation
Local developed cover slope
variation
EDU
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Table 4. Comparison of overall classification accuracy, sensitivity, specificity, kappa statistic,
and the number of stream reaches in the study region (N Occupied) identified as occupied among
three probability thresholds: 0.17, 0.46, and 0.68.

Threshold

Accuracy

Sensitivity

Specificity

Kappa

N Occupied

0.17

0.68

0.90

0.50

0.38

129,328

0.46

0.72

0.66

0.78

0.44

61,977

0.68

0.68

0.42

0.90

0.33

25,867
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Figures
Figure 1. Study region, Ecological Drainage Unit (EDU) boundaries, and location of stream sites
used for model training and validation. The inset shows the location of the study region relative
to the conterminous U.S.
Figure 2. The effects of maximum 30 day mean water temperature (Max30Temp) on Brook
Trout occurrence probability at low (0%) and high (50%) agricultural land cover.
Figure 3. Brook Trout occurrence probability as a function of network soil permeability, network
agriculture, and local developed land cover. The black line is the predicted posterior mean effect
and the grey shaded areas are the 90% credible regions.
Figure 4. The effects of EDU mean temperature and EDU mean soil permeability on intercepts
(logit-scaled EDU mean occurrence probability) and the reach-level soil permeability slope,
respectively. The black line is the predicted posterior mean effect and the grey shaded areas are
90% credible regions. The points and vertical line segments are the EDU-specific posterior mean
parameter estimates and 90% credible intervals, respectively.
Figure 5. Variation among Ecological Drainage Units (EDUs) in the reach-level slopes for
maximum 30 day mean water temperature (Max30Temp), agriculture and developed land cover.
The points and vertical line segments are the posterior mean and 90% credible intervals,
respectively.
Figure 6. Map of mean predicted probability of Brook Trout occurrence throughout the study
region. White areas with No Data did not have predictions because these are not true stream
reaches or predictor variables were missing.
Figure 7. Map of the standard deviation of predicted Brook Trout occurrence probability
showing uncertainty in predictions throughout the region. White areas with No Data did not have
predictions because these are not true stream reaches or predictor variables were missing.
Figure 8. Map of mean predicted probability of Brook Trout occurrence (upper) for the Penns
Creek Watershed in central Pennsylvania. The X in the inset map shows the location of Penns
Creek relative to the study region.
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Chapter 4

Predicted Climate and Land Use Change Effects on River Water Temperature and Brook
Trout in the Eastern United States

Abstract
Climate and land use change effects on river water temperature and habitat are likely to
result in large losses of habitat for Brook Trout, a species of conservation concern in the Eastern
U.S. Previous studies have provided estimates of the amount of habitat expected to be lost
throughout the region, but have not provided results that can be linked to stream habitat in a
meaningful way. In this study, we utilize the river water temperature model developed in Chapter
2 and the occurrence model described in Chapter 3 to identify potential changes in thermal
habitat and Brook Trout occurrence probability resulting from projected climate and land use
changes. The timing, magnitude and location of predicted changes in maximum 30 day mean
river water temperature varied greatly among three downscaled climate models, with average
increases ranging from 1.21 to 2.55 °C. As a result of warming, occurrence probability
throughout the region was predicted to be greatly reduced and between 42.7% and 82.6% of
potential Brook Trout habitat was predicted to be lost. Land use change was predicted to result in
localized increases in river water temperature and losses of 5,976 stream reaches with potential
Brook Trout habitat. In spite of our expectations, the results did not suggest that combined
climate and land use changes would interact synergistically to result in further losses of habitat in
the region. Given the magnitude of predicted losses, conservation actions will likely be more
successful in the long term if the potential changes resulting from climate and land use change
are incorporated into the planning process. Our study provides information to support this
planning process by providing a suite of decision support tools that can be used to help
understand potential changes for individual stream reaches, a scale at which many conservation
activities are likely to be relevant.
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Introduction
Brook Trout Salvelinus fontinalis is an ecologically, economically and socially important
species in the eastern U.S. that is likely to suffer large habitat losses as a result of climate and
land use change. Brook Trout have narrow habitat requirements and have already been extirpated
or negatively affected throughout much of their native range as a result of human activities and
related environmental changes (Hudy et al. 2008). These historic losses have led to an increasing
interest in Brook Trout conservation and concerns over how future habitat changes might result
in further losses. Most of this concern has focused on the potential effects of climate change, as
widespread losses of coldwater habitat and Brook Trout populations are expected as air
temperatures increase. Although the potential effects of future land use change have received less
attention, historic and contemporary land use change has been one of the major drivers of
historic losses (Hudy et al. 2008) and future changes will likely continue to result in further
losses of Brook Trout habitat.
Climate change is expected to result in widespread increases in river water temperatures
resulting in wide-ranging effects on biota and ecosystems (Loaiciga et al. 1996; Mohseni et al.
1999; Isaak and Rieman 2012; van Vliet et al. 2013). Temperature increases have already been
observed in some rivers (Webb and Nobilis 1995; Hari et al. 2006; Kaushal et al. 2010), offering
further support of expectations of widespread warming in rivers. Increasing air temperatures are
likely to result in shifts in species distributions and losses of habitat where water temperatures
become unsuitable for coldwater species like Brook Trout (Eaton and Scheller 1996; Ficke et al.
2007; Rahel and Olden 2008). A large number of studies have predicted that air temperature
increases may result in widespread losses of habitat for salmonid species in the eastern and
western U.S. (Meisner 1990; Rahel et al. 1996; Flebbe et al. 2006; Isaak et al. 2010; Ruesch et al.
2012; Wenger et al. 2011) and in Europe (Matulla et al. 2007; Almodóvar et al. 2012; Filipe et
al. 2013). Previous studies have also predicted widespread losses in thermally suitable habitat for
Brook Trout and other salmonids throughout the southern portion of the Brook Trout native
range in the eastern U.S. (Meisner 1990; Flebbe et al. 2006). These region-wide estimates of loss
provided by Meisner (1990) and Flebbe et al. (2006) have had limited utility for guiding
conservation efforts, however, because predictions could not be linked to stream habitat. Climate
change predictions at the scale of individual stream reaches could better support conservation
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because stream reaches can be compared and selected for a given management activity based on
predicted changes, as discussed by Peterson et al. (2013).
Historic and contemporary human land use throughout watersheds has greatly altered
river habitats and negatively affected sensitive biota (reviewed in Allan 2004). Although
relatively few studies have predicted future effects of projected land use change on river
ecosystems, these have suggested that river habitat and biotic communities may be greatly
altered when undeveloped areas transition to developed landscapes (Van Sickle et al. 2004;
Nelson et al. 2009; Theobald et al. 2009; Hilderbrand et al. 2010; Steen et al. 2010). Brook Trout
are especially sensitive to habitat alterations, and a large volume of literature has documented
negative associations with agricultural and developed land uses (Hudy et al. 2008; Wagner et al.
2013). In Maryland, for example, reductions in abundance and extirpations of Brook Trout were
observed in recent years as a result of conversion to as little as 3% urban land cover (Stranko et
al. 2008). Recent patterns of land use change suggest that developed land use is likely to
continue increasing in the near future (Nelson et al. 2009; Tayyebi et al. 2012), and these
changes are likely to alter river habitats and result in localized losses of Brook Trout populations
in the eastern U.S. High amounts of human land use in surrounding lands may also make river
habitats more sensitive to air temperature increases because the ground and water surface
becomes more exposed to solar radiation and convective heat transfers (Poole and Berman 2001;
Trumbo et al. 2014).
Given the potential for climate and land use change to result in widespread losses of
Brook Trout populations, fine-scale predictions of where changes are likely can help guide
conservation actions. The purpose of this Chapter is to estimate potential climate and land use
change effects on river water temperature and Brook Trout in individual stream reaches
throughout the Brook Trout native range in the eastern U.S. We predict changes in river water
temperature and Brook Trout distributions by linking climate and land use change projections
with the temperature model described in Chapter 2 and the occurrence model described in
Chapter 3. We provide predictions for three scenarios of future change: 1) climate change, 2)
land use change, and 3) combined climate and land use change.
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Methods
Study Region.-The study region included the native range of Brook Trout in the eastern U.S. as
defined by the EBTJV, and represents approximately 30% of the worldwide native range of
brook trout and 70% of its range in the U.S. (Figure 1; Hudy et al. 2008). Because the EBTJV
region was originally defined based on subwatershed boundaries, we modified the EBTJV region
slightly to include all streams from the National Hyrdography Dataset Plus Version 1.0
(NHDPlusV1; USEPA and USGS 2005) whose local catchments were at least 90% within the
study region boundary. Our predictions were based upon a base map of 195,134 NHDPlusV1
topologically correct stream reaches that had all available predictor variables for all time steps.
Climate Change Projections.-The water temperature models were developed by using empirical
air temperature data from the National Climate Data Center (NCDC) sites in our region as
described in Chapter 2. From this data, we calculated a five year average centered on 1997 for
each of the 184 days from April 1 through October 31 to represent current conditions (see
Chapter 3 for more details). Future air temperature projections were obtained from regional
downscaled climate models described by Hostetler et al. (2011): ECHAM5, GFDL, and
GENMOM. All projections were based on the A2 scenario of the Intergovernmental Panel on
Climate Change AR4 report (IPCC 2007; Hostetler et al. 2011). For each time step, we first
attributed modeled mean daily air temperature to NCDC sites from the grid cell that each site
was located in. We then calculated current and modeled mean daily air temperature at each
stream reach from the 10 nearest NCDC sites. Next, we calculated future mean daily air
temperatures based on 5 year averages centered on 1997, 2022, 2032, 2042, 2062 and 2087 for
the ECHAM5 and GENMOM models; GFDL only had 1997, 2042 and 2062 data available.
Simply calculating changes between modeled future air temperature and current empirical air
temperature could bias projections of change because models may not accurately represent
current conditions. Instead, we added the projected change from each model to empirical
observations so that future changes reflect projected air temperature increases rather than model
differences. For example, we calculated the difference modeled air temperature in July 1, 2087
and July 1, 1997, and then added this difference to observed July 1, 1997 air temperature to give
future projections. We also calculated the maximum 30 day moving average air temperature
(hereafter referred to as Max30Air) at each stream reach to provide a metric of warming.
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Land Use Change Projections.-Current land cover was represented using level 1 classes of the
2001 National Land Cover Dataset (NLCD; Homer et al. 2004). Future projections of land use
change were acquired from a recent version of the Land Transformation Model (LTM), which
was developed to predict change at 30 m resolution relative to the 2001 NLCD for the
conterminous U.S. (Tayyebi et al. 2012). The LTM projected increases in developed land use by
combining future projected population growth, recent trends in urban development, and the
suitability of each potential undeveloped location (Tayyebi et al. 2012). The LTM also projected
increases in agriculture land use driven by the production of ethanol, but did not allow for
increases in forest or other types of land cover in the future (Tayyebi et al. 2012). Land use
change projections were available for the years 2020, 2030 and 2040. We summarized current
and projected land cover within the local and network catchments of each NHDPlus stream
reach.
Water Temperature and Brook Trout Occurrence Changes.-We used the model developed in
Chapter 2 as modified in Chapter 3 to predict daily water temperature under current conditions
and future scenarios. Briefly, we used an ensemble of 100 neural networks to predict mean daily
water temperature based on the following predictors (in order of importance): current day mean
air temperature, prior 7 day mean air temperature, network area, network forest cover, network
mean aspect, and local riparian forest cover. Model performance was good based on root mean
squared error (RMSE = 2.0°C) and percent bias (0.02). As described previously, current and
future air temperatures were represented by using a five year average of observed mean daily air
temperatures for each day from May through October, which yielded 5-year mean air
temperatures for 184 days. Current land cover was represented by the 2001 National Land Cover
Dataset (Homer et al. 2004), and future land cover projections were available for 2020, 2030,
and 2040 as described in Land Use Change Projections.
We predicted water temperature for each day and then calculated the maximum 30 day
moving average (hereafter referred to as Max30Water) for each time step. We chose to use
Max30Water because it represents the warmest temperatures likely to be experienced by Brook
Trout and similar metrics have been used widely to estimate available habitat for salmonids (e.g.,
Wehrly et al. 2003; Isaak et al. 2010). For the climate change scenario, we predicted future
Max30Temp by allowing modeled air temperature to vary in the future while holding land cover
constant at 2001 NLCD measures. For the land use change scenario, we held air temperature at
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current 1997 conditions and allowed developed and agricultural land use to increase in the future
as predicted by the LTM. Lastly, for the combined climate and land use change scenario, we
allowed both climate and land use change to occur in the future, matching years as closely as
possible (e.g. we matched 2020 projected land cover with 2022 projected air temperatures).
Because land use change data was not available past 2040, predictions further in the future were
made by matching 2067 and 2087 projected air temperature with projected land cover in 2040.
We used the model described in detail in Chapter 3 to predict the probability of Brook
Trout occurrence under current conditions and future scenarios. Briefly, we used a hierarchical
logistic regression model with two levels to predict Brook Trout occurrence based on reach-level
predictors, allowing intercepts and slopes to vary among Ecological Drainage Units (EDUs). We
also included EDU-level covariates to explain variation in intercepts and slopes where these
covariate effects differed from 0 (i.e., 95% credible intervals not overlapping 0). The reach-level
predictors included in the model were Max30Temp, network mean soil permeability, network
agriculture land cover, and local developed land cover. EDU-specific intercepts and soil
permeability slopes were negatively related to EDU mean predicted water temperature and EDU
mean soil permeability, respectively. The model predicted Brook Trout occurrence similarly well
compared to chance based on the Area Under the Receiver Operating Curve (AUC) at both
training (AUC = 0.80) and validation (AUC = 0.79). Further model details and performance
information are available in Chapter 3.
Current predictions of Brook Trout occurrence were predicted using 1997 Max30Temp
and 2001 NLCD measures of network agriculture and local developed land covers. We predicted
Brook Trout occurrence probability for the three scenarios by allowing climate and/or land use
change to vary accordingly as described above for water temperature.
Summarizing Projected Changes.-For each of the future scenarios, we calculated the predicted
changes in Max30Temp and mean occurrence probability for each stream reach. We also
classified stream reaches as potential and suitable habitat for Brook Trout if mean occurrence
probability was ≥ 0.17 and ≥ 0.46, respectively. The threshold of 0.17 was selected to represent
potential habitat because it correctly predicted presence at 90% of stream reaches with observed
Brook Trout populations. The threshold of 0.46 was selected to represent suitable habitat because
it resulted in the maximum classification accuracy of both presence and absence observations.
We calculated changes in suitable and potential habitat predicted to occur in response to climate
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and land use changes to provide estimates of habitat loss (or gain). We then mapped future
predicted water temperature, occurrence probability, and changes in potential and suitable habitat
throughout the region.
Results
Under current climate and land cover conditions, coldwater temperatures (< ~20 °C
Max30Water) were present throughout the study region, especially in headwaters, higher
elevations and higher latitudes (Figure 1). A total of 132,261 stream reaches were identified as
potential habitat (mean occurrence probability ≥ 0.17), and 71,647 reaches were identified as
suitable (probability ≥ 0.46) for Brook Trout populations (Table 1).
The magnitude and spatial location of projected air temperature changes varied greatly
among the three climate models, with region-wide average increases in Max30Air ranging from
2.0 °C for GENMOM to 4.0 °C for ECHAM5 (Table 1). Variability in air temperature
projections among climate models and future time steps was reflected in predictions of
Max30Water (see Appendix A, Figures A1-A3). Max30Water was predicted to increase on
average throughout the region by 1.2 °C for GENMOM and 2.6 °C for Echam by 2087 in
response to air temperature increases (Table 1; Figure 1). Warming river water temperatures
were predicted to result in widespread declines in Brook Trout occurrence probability by 2087,
with region wide average declines of up to -0.3 under the warmest projected conditions of the
ECHAM5 model (Table 1; Figure 2). The GENMOM and ECHAM5 models predicted that
56,440 (42.7%) and 109,237 (82.6%) stream reaches with potential habitat would be lost by
2087, respectively (Table 1). Substantial losses of potential habitat were not predicted until after
2042 when the projected rate of air temperature increase was much higher (Table 1), as depicted
in Figure 3 for the ECHAM5 climate model. Maps showing predicted occurrence probability for
all time steps from the three climate models are available in Figures A4-A6 of Appendix A.
The LTM projected that an additional 31,694 km2 of developed and 3,884 km2 of
agriculture land use would be added throughout the study region by 2040. Future development
was predicted to occur throughout the study region primarily near existing population centers
and transportation corridors (Appendix A, Figure A7), while increases in agriculture were
concentrated in two portions of the study region (Appendix A, Figure A8). Land use change was
predicted to result in localized Max30Water increases of up to 2.6 °C and decreases in Brook
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Trout occurrence probability of up to 0.56. In total, potential and suitable habitat was predicted
to be lost from 5,976 (4.5%) and 5,611 (7.8%) stream reaches, respectively (Table 1).
Combined climate and land use changes resulted in Max30Water increases that were
generally less than simply adding predicted losses resulting to each change separately. For
example, the maximum increase in Max30Water was 5.8 °C in one stream reach under 2087
ECHAM5 projected air temperatures and 2040 projected land cover, which was less than the
predicted increase of 6.1 °C obtained by summing changes predicted as a result of climate (3.0
°C) and land use change (3.1°C) separately. Similarly, combined climate and land use changes
most often resulted in smaller effects on Brook Trout occurrence probability than expected by
simply adding predicted losses due to separate climate and land use change (Table 1). The results
also suggested that the localized, negative effects of land use change would be overwhelmed by
the negative effects of climate change under the warmest projections. Under the warmest
conditions predicted by the ECHAM5 model in 2087, for example, only an additional 135
suitable streams (0.2%) were predicted to be lost as a result of land use change, compared with
5,611 (7.8%) under current air temperatures (Table 1).
Discussion
Our results predict drastic reductions of Brook Trout populations due to losses of
thermally suitable habitat resulting from climate change. Predictions varied greatly among
climate models, but losses of habitat predicted under even the most conservative air temperature
increases represent a challenge for conservation efforts. Brook Trout populations have already
been greatly reduced throughout much of the region (Hudy et al. 2008) and are often found only
in small, isolated head water streams. Warming water temperatures could result in further
fragmentation and widespread losses of populations. The magnitude of these predicted effects
suggests that conservation planning will need to incorporate potential climate change effects to
be successful, as actions taken on streams that become too warm in the future would spend
limited resources without benefiting Brook Trout populations in the long term. Our study
provides information to help guide conservation actions by predicting potential changes for
individual stream reaches, a scale at which many conservation activities are likely to be relevant.
Peterson et al. (2013) illustrated how stream reaches that are more likely to remain thermally
suitable in the future for Bull Trout Salvelinus confluentus can be selected for conservation and
restoration actions to make the best use of limited resources. Since our models predict that up to
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50% of potential habitat could be lost with even moderate warming (~ 2 °C), such a prioritization
strategy will likely be necessary if actions are to be successful in the long term. Models can also
be used to identify benefits of restoration activities that might help mitigate climate change
effects. For example, our models suggest that losses of potential habitat under average warming
of 2 °C could be reduced from 42.7% to 17.2% if all stream reaches had fully forested riparian
buffers.
Our predictions of widespread losses were similar to those from previous studies that
have linked losses to potential increases in groundwater temperature (Meisner 1990) and
effective elevation (Flebbe et al. 2006). Differences in spatial scale preclude our ability to
compare predictions spatially, but we would expect our results to more accurately reflect actual
expected changes for several reasons, including the fact that Meisner (1990) and Flebbe et al.
(2006) assumed a monotonous increase in air and water temperature and used a single thermal
cutoff to define Brook Trout habitat. River water responses to air temperature can vary greatly
across streams (Trumbo et al. 2014), and our models allowed for this relationship to vary based
on other landscape and land cover characteristics. Similarly, our Brook Trout occurrence model
enabled the response of Brook Trout to water temperature to vary based on the suitability of soils
and surrounding land cover. Our model also provided continuous probabilities of occurrence,
which can be used together with estimates of uncertainty to meet various management
objectives. In this study, for example, we used a relatively low threshold of 0.17 to define
potential habitat because we considered it important to identify all stream reaches where Brook
Trout could potentially occur. Other thresholds or measures of change could be used to identify
suitable, sensitive, vulnerable or resilient stream reaches depending upon objectives.
The effects of land use change were seemingly dwarfed by future warming. Because
predicted land use changes were predicted more often near larger human populations, however,
Brook Trout populations lost as a result of land use change may be disproportionally important
for conservation or recreation. The effects of land use change may also be easier to address than
those of climate change because they can be addressed by local land use planning with relevant
time spans (i.e., 30 year). Previous studies have identified a much stronger, threshold response of
Brook Trout to developed land cover than is represented in our Brook Trout model (Chapter 3).
As a result, we recognize that our models may underestimate the effects of land use change on
Brook Trout populations. We are confident that our model provides accurate, if conservative,
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estimates of the effect of developed land cover, but a model designed to identify a threshold
response may provide more accurate predictions of current and future Brook Trout habitat in
respect to land cover.
A number of future research steps could improve the utility of our predicted climate and
land use change effects. First, we were unable to account for groundwater interaction in our river
water temperature model, which could bias predictions if the relative volume or temperature of
groundwater inputs changes in the future. Further work to develop reliable estimates of
groundwater importance could greatly improve the reliability of water temperature predictions.
Second, our Brook Trout occurrence model likely overestimates the current distribution of
suitable habitat because a number of important stressors (e.g., dams, mine drainage) were not
considered. Since Brook Trout populations may not actually occur in many of these stream
reaches, the number of stream reaches predicted to lose populations may be overestimated.
Future efforts could account for these potential biases by incorporating knowledge of additional
stressors. Lastly, incorporating additional climate models and scenarios other than A2 would
enable stakeholders to identify reaches most likely to be affected based on an ensemble of
models.
Conclusions
We predicted changes in river water temperature and Brook Trout occurrence resulting
from climate and land use changes at the stream reach scale throughout the species’ native range
in the eastern U.S. The predicted widespread increases in river water temperature resulting from
climate change could lead to a loss of up to 82.6% of potential Brook Trout habitat throughout
the region. These predictions suggest that ongoing conservation efforts that incorporate potential
climate and land use change effects are more likely to be successful in the long term, and our
stream reach based predictions can provide a suite of decision support tools to help guide
conservation planning in the region. Although we have focused on Brook Trout in this study,
predicted increases in river water temperature resulting from climate and land use change have
broad implications for other taxa, water quality, and ecosystem processes and services. We
especially welcome the use of our models to provide a broader overview of how thermal changes
are likely to affect other species and aquatic communities.
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Tables
Table 1. Projected changes in region wide average maximum 30 day mean air temperature
(Max30Air), maximum 30 day mean water temperature (Max30Water), and mean probability of
Brook Trout occurrence (Mean Probability), and the number of stream reaches with Potential and
Suitable habitat due to climate and land use change. The first row gives observed Max30Air and
predicted values for all other columns under current conditions, and all other rows show relative
changes based on combinations climate and land use change at multiple time steps. The Land
Cover column identifies the year of land cover, the Model column identifies the climate model,
and the Year column identifies the year of projected air temperatures from the given climate
model. Potential and suitable habitats were defined as having a mean occurrence probability ≥
0.17 and 0.46, respectively.
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Land Cover

Current

2020

2030

2040

Model

Year

Max30Air

Max30Water

Mean Probability

Potential

Suitable

Empirical

1997

21.97

19.06

0.36

132,261

71,647

ECHAM5

2022

0.40

0.25

-0.06

-16,025

-17,662

ECHAM5

2032

1.25

0.80

-0.12

-35,467

-33,384

ECHAM5

2042

0.93

0.57

-0.10

-29,483

-29,296

ECHAM5

2062

2.48

1.59

-0.22

-72,382

-56,605

ECHAM5

2087

3.95

2.55

-0.30

-109,237

-70,324

GFDL

2042

1.22

0.77

-0.14

-40,574

-39,052

GFDL

2062

2.01

1.27

-0.21

-68,122

-55,357

GENMOM

2022

0.44

0.28

-0.05

-12,152

-13,707

GENMOM

2032

0.90

0.57

-0.07

-18,952

-19,995

GENMOM

2042

0.33

0.21

-0.04

-9,013

-10,550

GENMOM

2062

1.85

1.17

-0.15

-46,460

-41,533

GENMOM

2087

1.88

1.21

-0.18

-56,440

-49,127

Empirical

1997

NA

0.02

-0.01

-2,895

-2,774

ECHAM5

2022

0.40

0.27

-0.07

-19,115

-19,746

GENMOM

2022

0.44

0.30

-0.06

-15,294

-16,119

Empirical

1997

NA

0.04

-0.01

-4,224

-3,983

ECHAM5

2032

1.25

0.84

-0.13

-39,726

-35,673

GENMOM

2032

0.90

0.61

-0.08

-23,508

-23,198

Empirical

1997

NA

0.06

-0.02

-5,976

-5,611

ECHAM5

2042

0.93

0.63

-0.12

-35,635

-32,881

ECHAM5

2062

2.48

1.64

-0.23

-77,207

-57,890

ECHAM5

2087

3.95

2.61

-0.31

-111,317

-70,459

GFDL

2042

1.22

0.83

-0.15

-46,494

-41,906

GFDL

2062

2.01

1.33

-0.22

-73,362

-56,683

GENMOM

2042

0.33

0.27

-0.05

-15,294

-15,678

GENMOM

2062

1.85

1.22

-0.17

-52,024

-44,072

GENMOM

2087

1.88

1.27

-0.20

-62,011

-51,171
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Figures
Figure 1. Maps of predicted water temperature under current and projected air temperatures in
2087 from the GENMOM and ECHAM5 climate models. All figures share the same coloration
of values, but the ranges are different as shown in the legends. The shaded region in the inset
shows the location of the study region relative to the conterminous United States.

Figure 2. Maps of predicted mean probability of Brook Trout occurrence under current and
projected air temperatures in 2087 from the GENMOM and ECHAM5 climate models. All
figures share the same coloration of values, but the ranges are different as shown in the legends.

Figure 3. Maps showing current (1997) and future predictions of potential habitat for Brook
Trout under the ECHAM5 model for 2022, 2032, 2042, 2062 and 2087.

Figure 4. Maps of predicted mean probability of Brook Trout occurrence under current (1997)
and future water temperatures predicted using projected air temperatures in 2087 from the
GENMOM and ECHAM5 climate models. All figures share the same coloration of values, but
the ranges are different as shown in the legends. The X in the inset shows the location of the
Penns Creek Watershed relative to the study region.
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Appendix A

2
3

4
5

Supplementary Table and Figures for Chapter 1

The information in this appendix was originally published as supplementary information in an
online appendix supporting Chapter 1, and is made available here for convenience to the reader.

6
7

Table A1. The mean (standard deviation) for each landscape attribute is summarized within

8

different regions for the population of NHDPlusV1 stream reaches and the subset of stream

9

reaches with streamflow and water temperature from USGS gages. The column headings refer to

10

the regions used to summarize bias: the conterminous United States (national), Coastal Plains

11

(CPL), Northern Appalachians (NAP), Northern Plains (NPL), Southern Appalachians (SAP),

12

Southern Plains (SPL), Tall Grass Plains (TPL), Upper Midwest (UMW), Western Mountains

13

(WMT), Xeric West (XER), and Eastern Brook Trout Joint Venture (EBTJV). For the EBTJV,

14

additional temperature data were compiled to supplement USGS temperature gage data and

15

summaries are for the combination of these data sources; the numbers from each source are

16

shown as: number of USGS temperature gages / total number of temperature gages including

17

USGS and supplemental sources.
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Table 1

Number of reaches

Mean slope (degree)

Mean elevation
(m)

Urban land cover (%)

Agricultural land cover
(%)

Natural land cover (%)

Watershed area (km2)

Population
Flow
Temp
Population
Flow
Temp
Population
Flow
Temp
Population
Flow
Temp
Population
Flow
Temp
Population
Flow
Temp
Population
Flow
Temp

National

CPL

NAP

NPL

SAP

SPL

2,607,304
20,362
1,673
5.85(6.31)
7.42(6.8)
6.42(6.3)
749(758)
894(885)
750(822)
5(10)
10(18)
13(20)
24(30)
19(25)
20(23)
35(33)
41(29)
38(27)
3,005(51,919)
10,166(88,805)
19,925(129,729)

434,980
3,291
157
1.51(1.52)
11(5.7)
1.6(1.2)
78(68)
1,574(798)
397(233)
8(13)
6(14)
18(25)
27(26)
6(14)
56(26)
37(26)
30(25)
9(10)
5,854(104,750)
14,867(63,045)
96,387(29,4951)

147,849
1,374
121
4.64(3.23)
2.66(2.71)
2.92(3.04)
333(180)
898(649)
880(700)
8(14)
8(16)
9(17)
16(21)
21(22)
15(18)
63(24)
12(16)
16(17)
311(1838)
10,412(26,878)
11,236(17,104)

175,342
711
34
3.79(3)
5.98(4.71)
7.08(4.86)
983(350)
1277(491)
1,412(476)
1(2)
2(4)
1(2)
17(25)
18(22)
17(21)
5(11)
15(20)
17(16)
3,953(36,876)
29,189(106,699)
31,709(59,543)

427,714
1,082
398
7.19(5.18)
1.92(1.92)
6.1(4.11)
339(205)
345(81)
322(201)
8(12)
10(16)
21(24)
23(22)
32(28)
23(19)
63(25)
36(24)
51(24)
941(11,701)
2,572(12,758)
1,536(5,255)

221,969
4,416
290
2.1(1.97)
14.83(6.11)
15.09(5.63)
752(465)
1,784(906)
1,698(903)
4(7)
4(11)
4(11)
30(30)
2(6)
3(10)
7(14)
63(22)
60(22)
3,484(20,494)
2,993(30,211)
6,361(38,977)

19
20

(continued)
Landscape Attribute
Number of reaches

Mean slope (degree)

Mean elevation
(m)

Urban land cover (%)

Agricultural land cover
(%)

Natural land cover (%)

Watershed area (km2)

TPL

UMW

WMT

XER

EBTJV

304,762
2,038
62
1.65(1.53)
1.4(1.26)
4.8(3.37)

126,913
3,371
119
2.22(2.42)
7.44(5.29)
2.47(2.3)

358535
2,544
199
14.93(7.03)
1.41(1.45)
11.13(4.7)

409,240
1,535
293
8.73(6.09)
5.17(3.11)
0.97(1.38)

199,208
2,560
163/1,643
7.54(5.48)
6.92(4.8)
7.39(4.69)

302(119)
319(140)
368(176)
8(11)
15(22)
17(22)

344(87)
375(233)
333(68)
6(10)
16(21)
17(24)

1,769(797)
86(102)
1672(692)
1(5)
16(22)
4(7)

1,504(666)
331(180)
73(114)
2(7)
13(18)
16(18)

435(259)
389(267)
427(263)
8(13)
14(19)
14(18)

68(26)
61(26)
12(15)
12(17)
11(13)
59(25)
5,777(70,209)
18,614(120,338)
1,455(3,000)

33(31)
22(19)
28(29)
41(28)
57(24)
36(23)
1,508(1,3364)
3,469(22,334)
4,220(15049)

2(9)
24(20)
9(15)
59(31)
32(22)
35(23)
915(15,192)
21,867(199,888)
29,299(79,787)

5(17)
14(16)
24(18)
16(24)
61(22)
25(21)
2,673(24,520)
1,143(3497)
23,499(198,335)

17(21)
17(18)
22(21)
67(25)
61(24)
59(25)
343(2,336)
932(3,177)
910(2,925)
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Figures A1 – A6. Cumulative frequency distributions for all regions for mean watershed area
(km2), mean elevation (m), mean slope (degree), natural land cover (%), urban land cover (%),
and agricultural land cover (%), respectively. All landscape attributes were measured at the
watershed extent. The solid gray line represents the population of stream reaches, the long
dashed blue line represents reaches with streamflow gages, and the orange dash-dot line reaches
with water temperature gages. For the Eastern Brook Trout Joint Venture region (EBTJV), the
short dashed pink line represents reaches with temperature gages when supplemental temperature
data were included in addition to USGS gages.
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Appendix B
Supplementary Figures for Chapter 4

List of Figures
Figure A1. Maps of predicted maximum 30 day mean water temperature (Max30Temp)
under air temperatures projected by the ECHAM5 climate model in 2022, 2032, 2042, 2062 and
2087. All figures share the same coloration of values, but the ranges are different as shown in the
legends.
Figure A2. Maps of predicted maximum 30 day mean water temperature (Max30Temp)
under air temperatures projected by the GENMOM climate model in 2022, 2032, 2042, 2062 and
2087. All figures share the same coloration of values, but the ranges are different as shown in the
legends.
Figure A3. Maps of predicted maximum 30 day mean water temperature (Max30Temp)
under air temperatures projected by the GFDL climate model in 2042 and 2062 (additional time
steps were not available). All figures share the same coloration of values, but the ranges are
different as shown in the legends.
Figure A4. Maps of predicted Brook Trout occurrence probability under air temperatures
projected by the ECHAM5 climate model in 2022, 2032, 2042, 2062 and 2087. All figures share
the same coloration of values, but the ranges are different as shown in the legends.
Figure A5. Maps of predicted Brook Trout occurrence probability under air temperatures
projected by the GENMOM climate model in 2022, 2032, 2042, 2062 and 2087. All figures
share the same coloration of values, but the ranges are different as shown in the legends.
Figure A6. Maps of predicted Brook Trout occurrence probability under air temperatures
projected by the GFDL climate model in 2042 and 2062 (additional time steps were not
available). All figures share the same coloration of values, but the ranges are different as shown
in the legends.
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Figure A7. Map of developed land cover increases projected in 2040 by the Land
Transformation Model. Developed land cover summarized within local catchments of stream
reaches in the region.
Figure A8. Map of agriculture land cover increases projected in 2040 by the Land
Transformation Model. Agriculture land cover summarized within local catchments of stream
reaches in the region.
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