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Abstract. -- Occupancy models are of increasing interest to managers and natural resource
decision makers. Assessment of status and trends, as well as the specific drivers influencing occupancy,
both may change as a function of scale, and analyses conducted at multiple scales can help identify
important mechanisms leading to changes in distributions. We analyzed extensive fine-scale occupancy
data across the southern historic range of the brook trout, Salvelinus fontinalis to determine which
landscape metrics and thresholds were useful in predicting brook trout presence across three relevant
spatial scales and how brook trout occupancy varied by scale. Percentage occupancy declined markedly
with increased spatial resolution, as 52% of watersheds (HUC10) but only 32% of subwatersheds
(HUC12) and 14% of catchments (HUC14) were occupied. Across all three scales, habitats which were
exclusively occupied by native brook trout (without non-native trout) were rare (<10%). CART models
using GIS-derived landscape predictor variables were developed for three classification cases: Case
1:(brook trout; no brook trout), Case 2 (brook trout; non-native trout only; no trout), and Case 3 (brook
trout only; brook and non-native trout; non-native trout only and no trout). Model results were sensitive
to both scale and the number of classification categories with respect to classification accuracy, variable
selection and variable threshold values. Classification accuracy tended to be lowest at the finest
(catchment) scale potentially reflecting stochastic population processes and barriers to movement.
Classification rates for the overall models were: Case 1: Watershed (80.19%); Subwatershed (85.06%);
Catchment (71.13%); Case 2: Watershed (69.31%); Subwatershed (68.72%); Catchment (57.38%); Case
3: Watershed (58.91%); Subwatershed (59.83%); Catchment (47.59%). Our multiscale approach
revealed soil permeability (positive) and atmospheric pollution (negative) to be important predictors.
The predicted occupancy and observed status of brook trout appear to be influenced by the scale the data
are collected and reported.

Introduction
Maintaining sustainable and resilient wild trout populations depends on the availability of a
distinct set of habitat conditions that are threatened by a wide range of anthropogenic factors operating
at multiple spatial and temporal scales. These concerns, along with apparent declines in distribution and
abundance in some systems, have led to calls for systematic analysis of status and trends, particularly at
large landscape scales (Rieman et al. 1997; Thurow et al. 1997; Hudy et al. 2008). In addition, given
likely changes in habitat suitability in the near- and longer-term, managers need tools, which will help
them identify, conserve, and restore priority populations and habitats. Occupancy models, which identify
habitat and landscape variables that are associated with occurrence, can be useful for these purposes, and
are increasingly used in the context of wild trout conservation (Wagner et al. 2013).
Brook trout, Salvelinus fontinalis, provide an excellent example of these issues. Native
populations, particularly in the southern portion of their range, are under threat from landscape change
(deforestation and development), non-native species (particularly naturalized rainbow trout and brown
trout), atmospheric pollution, and most recently, regional climate warming. These concerns have led to
the creation of the Eastern Brook Trout Joint Venture (EBTJV) (EBTJV 2006) a multiagency effort to
document status and trends over the entire historic range. Previous work accomplished under the
EBTJV produced an initial status assessment (Hudy et al. 2008). This assessment was conducted at
relatively coarse resolution (subwatershed (HUC12)) and confirmed that populations appeared to be at
risk and declining, and that an initial predictive model identified forest cover as an important
determinant of brook trout occurrence. However, the determination of status and the identification of
critical habitat factors are highly dependent on the spatial scale of analysis. For brook trout, these issues
are particularly relevant. Many populations exist in small isolated, headwater patches and brook trout
presence in some subwatersheds may only be represented by one or a few of these small populations,
which are potentially highly vulnerable to extirpation. Similarly, at these fine spatial scales, the factors
that best account for brook trout presence may change, with consequent implications for management
actions. To address these issues, in this study we used fine-scale (catchment HUC14) occupancy data,
along with an expanded list of GIS-based landscape variables, to assess status of both native and nonnative trout and the factors contributing to presence or absence of these species over the southern
historic range of the brook trout. Our goal was to refine our assessment of status, and to increase our
ability to identify priority habitats and effective management strategies.
Methods
Study area, assessment scale and classifications of reproducing trout
Through over 100 years of sampling efforts, an extensive and fine scale database of cold-water
habitats supporting naturally reproducing trout has been developed within the southern historic range of
the brook trout (Pennsylvania, New Jersey, Maryland, West Virginia, Virginia, North Carolina,
Tennessee, Georgia, South Carolina)(Hudy et al. 2008). These states are unique within the EBTJV in
that they have a census of the downstream extant of reproducing trout. Detection probabilities are
unknown for the majority of the datasets but ranged from 89 to 99 % in Pennsylvania streams (Wagner et
al. 2013).

We created a 50-km buffer zone a r ound a 1969 m a p o f t h e s p e c i e s ’ na ti ve distribution in
the study area (developed from fish collections and personal communications with fisheries experts;
M a c C r i mmo n a n d C a m p b e l l 1 9 6 9 ; Hudy et al. 2008) a n d classified all 808 watersheds
(HUC10); 3,804 subwatersheds (HUC12) and 132,321 catchments (HUC14) that were
situated wholly or partially within the region and buffer zone according to occupancy of reproducing
populations of native brook trout, and non-native rainbow trout Oncorhynchus mykiss and brown trout
Salmo trutta . A total of 107 sub-basins (HUC 8) were within the study area but we did not include these in
this analysis because of the small sample sizes in some of the wild trout classes we were trying to predict.
There were 8 possible classifications (Table 1). We grouped these classifications and developed
models to predict wild trout status for 3 different cases of interest to biologists participating in the EBTJV.
Case 1 models predicted two categories either brook trout (defined as watershed units classified as 1, 2, 3
or 4) or no brook trout (defined as watershed units classified as 5,6,7,or 8). Case 2 models predicted three
categories; brook trout (defined as watershed units classified as 1, 2, 3 or 4), non-native trout (defined as
watershed units classified as 5, 6, or 7) and no trout (defined as watershed units classified as 8). Case 3
models predicted 4 categories; allopatric brook trout (defined as watershed units classified as 1), sympatric
brook trout (defined as watershed units classified as 2, 3 or 4), non-native trout (defined as watershed units
classified as 5, 6, or 7) and no trout (defined as watershed units classified as 8). Models were developed
for all three cases for all three-watershed scales for a total of 9 models.
Candidate metrics, metric screening, metric calculations
We calculated and evaluated 85 candidate landscape metrics (Thieling 2006; Esselman 2011)
and these metrics were used instead of site-specific variables (Moyle and Randall 1998) (Table 2). Each
metric was summarized by the relevant watershed (HUC10); subwatershed (HUC12) or 4 catchment
(HUC14) categories (LC= local catchment; NC= network catchment (sum of all upstream catchments);
LB = local catchment buffer (sum of 100 m buffer around NHD+ stream layer in the local catchment)
and NB= network buffer (sum of 100 m buffer of all upstream NHD+ streams). Landscape metrics can
provide an indicator of watershed health when many anthropogenic factors potentially contribute to a
problem, and such metrics can assist in identification of key limiting factors (Marschall 1996;
McCormick et al. 2001).
Model development
The data were analyzed using CART version 7.0 (http://www.salford-systems.com., Brieman et
al., 1984) using classification trees. Classification trees are popular as they are relative easy to
understand and are nonparametric methods. A classification tree is a series of binary splits that results
in nodes and branches that produces a prediction model for a class variable. At each node a split of the
data is made based on a threshold value for one of the independent variables. Each series of nodes
leads to a terminal node, provides a classification rule and is associated with independent variables and
associated thresholds. The decision as to what variable is used and the threshold is based on a measure
of change in a classification metric. For this analysis, the Gini measure of “purity” of the classification
was used. A tree grows until no improvements may be made and often results in overfitting of a model.
Part of the goal is to produce a simple tree. To do this we used ten-fold crossvalidation and used a onestandard error rule. With crossvalidation, the data are split ten times into a group consisting of 90% of

the data and 10% of the data. The model is fit using the 90% group and evaluated using the 10% group.
The process is repeated 10 times using a different subset each time. A “cost” or classification function
is used to measure the overall quality of the tree, and crossvalidation results in an estimate of the
variance of the measure. A simple tree is one that has a cost that is similar to the best tree (i.e. within
one standard error of the best tree) but has fewer nodes. Following selection of the tree variable
importance measures are calculated along with prediction rates. Variable importance measures how
much of the reduction in cost is associated with a particular variable. CART allows use of all variables
(including those never used in the tree) to be included or the use of variables associated with splitting of
the tree. Variable importance measures are scaled so the greatest value is 100. We used just the
variables associated with splits in the calculations. Prediction rates were also calculated on test data to
provide a conservative estimate of prediction success. The catchment data have a large number of
observations and this lead to difficulties with the memory for the CART analysis. To simplify the
analysis and to use all the observations, we first used the R package rpart to identify important variables
and used a subset of the variables in the analysis.

Results and Discussion
Using extensive, fine scale, catchment occupancy data we found that brook trout currently
occupy 51.61% of the watersheds; 31.91% of the subwatersheds and 13.97% of the catchments in the
southeastern United States within their historic native range (Table 3). In the original EBTJV assessment
the analysis was limited to subwatersheds because the lack of extensive fine scale data in the
northeastern United States (Hudy et al. 2008). These patterns of occupancy have important implications
for status and vulnerability assessment. Although there is some uncertainty with respect to historic
occupancy rates at the finest (catchment) scale, our observation that < 14% of catchments are currently
occupied suggest a high level of vulnerability to current and future threats, with brook trout restricted to
one or two small populations in isolated headwater habitats. While current and historic data collected
from EBTJV members clearly show that unoccupied watersheds and subwatersheds historically had
brook trout and now have been extirpated (Hudy et al. 2008) our results suggest that these analyses may
underestimate risk. Re-evaluating subwatersheds at the catchment level has improved identification of
these at risk subwatersheds and helped set more informed priorities for restoration and conservation
efforts. For example approximately 19 % of the catchments in North Carolina lost brook trout since the
2005 assessment (Hudy et al. 2008). In other cases, previously unoccupied catchments were recolonized
or restored (less than 2%). Based on this new analysis agencies managing the EBTJV and the
Chesapeake Bay Executive Order have adopted catchment level metrics for monitoring status and
trends.
The majority of brook trout populations throughout the southern range co-occur with non-native
trout (rainbow and/or brown trout (watersheds: 7.55% allopatric; 44.06% sympatric; subwatersheds:
9.75% allopatric; 22.75% sympatric; catchments: 7.81% allopatric; 6.17% sympatric). While the
establishment of non-native trout in brook trout watersheds has been previously addressed in a number
of studies (Kelly et al. 1980; Larson and Moore 1985; Wagner et al. 2013), ours is the first to broadly
document these patterns of co-occurrence across multiple scales. The data suggest that even catchments
that currently contain only native brook trout are vulnerable to invasion from non-native trout
established within their subwatersheds. These invaded populations may be at increased risk, as some
studies have found negative impacts of non-native trout on wild brook trout (Kelly et al. 1980; Wagner

et al. 2013) and non-native trout may also be better able to persist in anthropogenically altered habitats
(Wagner et al. 2013). Monitoring efforts need to focus on rates of non-native establishment at the
catchment scale and the fate and status of brook trout populations currently in sympatry, particularly as
compared to the few remaining allopatric populations. If negative impacts are detected, this would place
particular emphasis on keeping those few subwatersheds that currently contain only brook trout free of
non-native species.
Using CART models to predict occupancy yielded relatively high classification accuracy in most
cases. Model results were sensitive to both scale and the number of classification categories with respect
to classification accuracy, variable selection and variable threshold values (Table 3). Overall prediction
rates were: Case 1 (watershed 80.19%; subwatershed 85.06%; catchment 71.13%); Case 2 were
(watershed 69.31%; subwatershed 68.72%; catchment 57.38%) and Case 3 (watershed 58.91%;
subwatershed 59.83%; catchment 47.59%)(Table 3). For all three cases, classification accuracy was
lowest at the catchment scale, potentially reflecting stochastic population processes and barriers to
movement, which would complicate predication based on landscape variables. Our best predictive
models were for Case 1 at the subwatershed scale. A total of 39 of the original 85 metrics were used at
least once in the 9 different models (Table 4). The metric of soil permeability was the most important
variable for watershed and subwatershed models but was not important at the catchment scale (Table 4).
Many of the important prediction metrics are fixed (i.e. elevation) but the majority can be influenced
both short term and long term by management actions (i.e. soil permeability; canopy cover; land use;
road density, S04 and N03 deposition). These models are therefore useful in targeting actions (increasing
canopy cover, decommissioning roads, liming watersheds) that would increase brook trout population
resilience.
Most of the data used here were provided by state and federal agencies and had not been
published or peer reviewed. Despite the criteria developed for status classification, there remains some
element of subjectivity in the assessment of status and occupancy. It was impossible to generate a
comprehensive review without such data (Reiman et al. 1997). We attempted to limit errors,
reduce subjectivity, and provide consistency in data by using consistency rules and data standards
(quality and age); developing broad classification categories; and employing standard, validated
procedures in consulting experts (Hudy et al. 2008). Moving forward, continued improvement and
standardization of decision rules and data collection protocols, along with increasing understanding of
the factors limiting brook trout population and incorporation of these factors into new models, will
further increase our ability to assess status, predict trends, and target management actions.
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Table 1. Eight wild trout occupancy categories used to classify 808 watersheds; 3,804 subwatersheds
and 132,321 catchments. 1 = present; 0 = absent. Data collected from EBTJV members (Hudy et al.
2008).

Brook trout

Rainbow Trout

Brown Trout

1
1
1
1
0
0
0
0

0
1
0
1
0
1
1
0

0
0
1
1
1
0
1
0

Occupancy
classifications
1.
2.
3.
4.
5.
6.
7.
8.

Table 2. Candidate metrics summarized by type, attribute base name, description, units, source, dataset,
scale/resolution, date and website. All metrics used for developing predicative regression tree models.
Metrics summarized by relevant scale of analysis (watershed, subwatershed, catchment).
Table 3. Occupancy and classification rates (crossvalidation) for watersheds (HUC10); subwatersheds
(HUC12) and catchments (HUC14) for three cases of trout classification. Case 1: brook trout, no brook
trout; Case 2: brook trout, non-native trout, no trout; Case 3: allopatric brook trout, sympatric brook
trout, non-native trout, no trout).
Table 4. Variable importance for predicting brook trout (Case 1: brook trout, no brook trout; Case 2:
brook trout, non-native trout, no trout; Case 3: allopatric brook trout, sympatric brook trout, non-native
trout, no trout) for three scales (watershed (HUC 10); subwatershed (HUC 12); catchment (HUC 14))
using CART regression tree models. Each metric summarized by the relevant scale of analysis
(watershed; subwatershed; catchment). Catchment data summarized by 4 methods for each metric (LC =
metric summarized for entire area of local catchment; LB = metric summarized by 100 m buffer of the
NHD+ stream layer within the local catchment; NC = metric summarized by the area of the stream
network (local catchment plus all upstream catchments).

