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ABSTRACT
The U.S. Fish and Wildlife Service (USFWS) faces many challenges applying principles of
Strategic Habitat Conservation to imperiled species that, by their rarity, offer limited opportunity
to quantitatively define characteristics of suitable habitat. This is especially true for freshwater
mussels and other aquatic species in the southeastern U.S., where impacts from multiple
anthropogenic sources, including land use change, conflicting water resource demands, and
pollution have placed many species on the threatened and endangered list. Yet, recent years
have seen strong advances mussel ecological and biological knowledge, including the
development of captive breeding and rearing programs for some species. In light of these
challenges and opportunities, the USFWS and their partners through the South Atlantic
Landscape Conservation Cooperative (SALCC) seek to support mussel population recovery and
habitat management efforts within an adaptive management framework. Specifically, they seek
strategies to identify habitat (stream reaches) most appropriate for one or more of the following
decisions: (a) do nothing, (b) protect habitat of existing populations, (c) restore habitat, (d)
translocate individuals, or (e) release captive bred individuals.
These strategic objectives for mussel populations and their habitat are not new. However, past
workshops and literature review (e.g., Williams et al. 1993; NNMCC 1997) have failed to
generate quantitative definitions of habitat suitability or expected relationship between mussel
occupancy and landscape-scale spatial data resources. Aside from the simple challenge of
developing correlative models under conditions of species rarity, the possibility that the few
remaining populations are in decline complicates the inference that habitat suitability is a
correlate of species presence. Furthermore, changing temperature and precipitation patterns
attributed to climate change are altering the aquatic landscape such that habitat suitable in the
present may not be suitable in the near future. Given these uncertainties and the associated
absence of quantitative definitions, it has been difficult to generate spatially-explicit predictive
habitat models to support landscape-scale decision analysis and conservation planning.
We approached data exploration and model construction using ordination or Bayesian Networks
(BN) depending on the data characteristics. The ordination model mined a new hydrological
data resource, WaterFALL®TM models from RTI International. This approach, which explores
correlative relationships, identified two distinct hydrologic environments occupied by the Tar
River spinymussel (Elliptio steinstansana). BNs can support adaptive management decisions for
rare, secretive species or other data-limited species, because they share the same conceptual
foundation of continuous, incremental learning. BNs provide a framework for learning by (1)
developing explicit, quantitative statements of hypotheses that underlie decision processes, (2)
visually communicating relationships among key system drivers and response variables, (3)
incorporating uncertainty into model predictions, and (4) providing diagnostic tools to guide the
monitoring and learning processes. Our BN models for temperature and water quality required
clearly stated quantitative thresholds and relationships, but we assumed that the initial estimated
relationships or thresholds would represent placeholders or starting points from which an
adaptive learning process would commence. We used expert best professional judgment to
define quantitative relationships between suitability and spatial data resources; expert knowledge
serves as a temporary proxy for species occurrence data and spatial data resources as a temporary
proxy for empirical habitat data.
i

The conclusion of this report discusses lessons learned regarding the state of expert knowledge
and data resources in relation to efforts to develop landscape-scale predictive models to support
adaptive management of aquatic species and their habitats. We offer examples of how model
results can be used to characterize habitat of rare, declining aquatic species in the southeastern
U.S. in a manner that could support spatial allocation of population and habitat research,
management, and monitoring efforts. The models are designed to serve as a framework to
facilitate learning through an adaptive management approach, clarifying hypotheses underlying
management decisions and associated monitoring efforts.
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Chapter 1:
INTRODUCTION
Project Background
The southeastern U.S. supports high diversity of freshwater mussels; however, many of these
species are in decline (Williams et al. 1993). Impacts from multiple sources, including land use
change, conflicting water resource demands, and pollution have placed many species on the
threatened and endangered list. Furthermore, changing temperature and precipitation patterns
attributed to climate change are altering the aquatic landscape such that habitat suitable in the
present may not be suitable in the future (Daraio & Bales 2014; Daraio et al. 2014). The United
States Fish and Wildlife Service (USFWS), together with partnering agencies through the South
Atlantic Landscape Conservation Cooperative (SALCC), requested a model that could support
mussel population recovery and habitat management efforts within an adaptive management
framework. Specifically, the model should characterize streams reaches in a manner that
supports spatially prioritizing among the following decisions: (a) do nothing, (b) protect habitat
of existing population, (c) restore habitat, (d) translocate individuals, or (e) release captive bred
individuals.
Objectives and Case Study
To accomplish the stated goal, we developed four objectives to (1) assemble existing mussel,
water quality, and landscape level spatial data; (2) conduct expert interviews, targeted mussel
surveys, and habitat assessments; (3) develop models to predict species occupancy and identify
specific stream segments for conservation, restoration, or augmentation; and (4) validate and
refine the models for applicability to other species and regions.
To develop the model and evaluate its potential to support decisions at the reach scale, we
focused on the Tar River spinymussel (Elliptio steinstansana; TRSM). This species is endemic
to the Tar and Neuse Rivers and is critically endangered and declining. The few remaining
populations are extremely small and isolated from one another, raising concerns not only for
their immediate short-term persistence, but also for their longer-term genetic viability (USFWS
2009). We selected this species to pilot the model development because (1) the challenges of its
conservation are shared by many of the rare, threatened, and endangered aquatic species endemic
to small areas within the SALCC; (2) a successful captive breeding program has been recently
initiated, so the species is a candidate for all possible management decisions including release;
(3) little data exist regarding its biology and ecology, so the strengths and limitations of the
expert-knowledge based modeling approach are highly applicable and would be well
demonstrated; and (4) by adding several field sites in a separate drainage basin, we could
develop a validation data set for some model components.
General Approach
We hosted a two-day workshop in June 2011 to elicit knowledge from experts among scientific
disciplines regarding Tar River spinymussel biology/ecology and habitat associations and the
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landscape-scale processes that shape stream habitat conditions (hydrology, chemistry, and
geomorphology). Past workshops with mussel experts elicited valuable qualitative information
about microhabitat characteristics associated with healthy mussel populations (TRSM Sanctuary
Workshops 2009 & 2010, unpublished data). However, obtaining quantitatively defined specieshabitat associations has proved challenging, especially at landscape scales. By extending the
invitation to non-mussel experts knowledgeable of the landscape-scale physical processes that
shape stream habitats, we attempted to initiate dialog that would define clearer linkages between
mussel experts’ knowledge of instream microhabitat and the available spatial data (including
metrics that could be derived from existing data layers). The 16 workshop participants
represented federal and state agencies and private entities with knowledge of mussel
biology/ecology or stream geomorphology. We led these participants through a series of smalland large-group discussions to (1) define the project scope, (2) describe site-scale (500-m reach)
habitat conditions and assessment methods, (3) identify spatial data available to represent these
site-level conditions, and (4) clarify the relationship between TRSM and two associated mussel
species (Elliptio lanceolata and Fusconaia masoni). Participants also completed a knowledge
survey form in which they self-assessed their knowledge of specific topics and their experience
working at multiple temporal and spatial scales. This survey allowed us to assess strengths and
gaps in participants’ knowledge and expertise.
Landscape Scale Variables that Influence Distribution and Long-Term Survival
Our initial data organization and elicitation methods drew heavily from the Open Standards for
the Practice of Conservation (Conservation Measures Partnership 2007). The Open Standards is
a procedural framework created to help natural resource managers define, set, and assess
conservation objectives. We used the Open Standards terminology to define project components
and to identify critical components of the TRSM ecological system. However, the Open
Standards, and its associated software, Miradi, are not statistical tools to predict probabilistic
outcomes with associated uncertainties. Also, the Open Standards is designed to identify and
manage threats to conservation targets, while our models aim to quantitatively define and predict
the location and quality of conservation targets. Therefore, after eliciting the basic qualitative,
descriptive information at the design workshop, we proceeded with quantitative modeling tools
including Elicitor (Low Choy et al. 2012) and Netica (version 4.08, Norsys Systems Corp.,
Vancouver, BC, Canada) to construct Bayesian models, JMP (version 10, SAS Institute, Cary,
NC) to construct ordination models, and R (version 2.15.2) to apply model equations to the study
landscape.
Our workshop discussions identified many qualitative attributes that experts use to subjectively
distinguish between sites with high versus low potential to support healthy mussel populations.
Participants also discussed the challenges associated with legacy effects (Harding et al. 1998),
acute versus chronic effects, the apparent absence of reproduction in some extant TRSM sites,
detection probability issues, and the associated challenges of inferring habitat suitability from
presence/absence observations in extremely rare and cryptic species. Both within the workshop
and later through supplemental literature review, we worked to distinguish major themes by
which to group the experts’ inferences and to match the qualitative themes to associated
empirical field and spatial data metrics. To compile and sort information, we considered whether
the themes related to (1) physical, chemical, or biological features, (2) natural potential versus
anthropogenic stresses, and (3) local versus landscape scale processes.
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While the designation of such thematic groups is always subjective, it is not arbitrary. Five
related factors informed our deliberations: (1) the objective to ultimately apply the information to
adaptive management decisions, (2) the design constraints of Bayesian Network (BN) models,
(3) the elicitation endurance limits of experts who would quantify linkages among variables, (4)
the quality and coverage of available spatial data, and (5) the effort and logistic limits of what
empirical data can reasonably be collected in the field. During the expert workshop, we
identified five key ecological attributes of suitable habitat (flow characteristics, thermal buffer,
substrate, hydrologic refugia, chemistry) and five threats that potentially impact one or more of
the key ecological attributes (eutrophication, chemical pollution, thermal stress, flashy
hydrology, impeded or reduced flow, siltation). These generally corresponded to functional
characteristics of suitable habitat of Newton et al. (2008), but with greater emphasis on the
functional role of hydrology.
Spatial Data Resources Available to Model Landscape Variables
Workshop participants identified many potential spatial data resources. From these, we selected
several to serve as proxy data for generating spatial predictions. Proxy data resources were
matched to each key ecological attribute and threat. The specific data resources and our analysis
methods are described in detail in the following chapters. Briefly, however, once we selected a
data resource, we performed data mining to generate scope-wide summary statistics to determine
which spatial scales offered the greatest opportunity to discern differences among streams within
our scope. For this task, each 500-meter stream segment in the Tar and Neuse river basins was
attributed with data across various scales. These scales included individual stream catchments
(HUC12), entire upstream watersheds, and specified distances upstream from a site. To assist in
structuring the models and selecting appropriate scales to represent the spatial data, we also
reviewed selected publications that define or review correlative relationships between spatial
environmental data and mussel presence, abundance, or species richness (e.g., Andersen 2002;
Arbuckle & Downing 2002; McRae et al. 2004; Gangloff & Feminella 2007; Newton et al.
2008). We also reviewed publications that summarized correlative relations between land use
patterns and stream microhabitat conditions (e.g., Liu et al. 2000; Moore et al. 2005). Although
these correlative studies do not readily transfer to new spatial settings, they collectively provided
valuable insight into potential patterns and processes to test in the context of the Tar and Neuse
river basins.
Modeling Approach
As we began to gather and process the spatial data, review and revision of these criteria with
experts resulted in the identification of four model habitat components: temperature, flow,
substrate and chemistry regimes. To test the value of our expert opinion and modeling approach,
we developed three models predicting the probabilities of suitable stream temperature, water
quality, and hydrology. Lessons learned from these models are used to evaluate the overall
utility of this approach and identify refinements that could be applied to improving these models
or to modeling other habitat attributes.
The stream temperature and water quality models were expert-based Bayesian models. These
models predicted the probability of a site maintaining suitable habitat, as defined by a suite of
testable ecological criteria. The hydrology model was a data-driven ordination model. It

3

predicted the probability of a site being similar to a site where TRSM have been detected. The
Bayesian models linked the spatial data to predictions of mussel habitat suitability via
mechanistic hypotheses about threats and buffers. The ordination models were purely correlative
allowing no inference regarding cause and effect. Two factors led us to switch to a data-driven
approach for the hydrology model. First, the number of hydrologic variables and their
relationships were not well suited to a network structure or to expert elicitation. Second, at the
time of modeling, new hydrologic data became available (RTI International’s Watershed Flow
and Allocation Model [WaterFALL®]TM project for SALCC) for our study region as a
preliminary sample of data that will eventually be available throughout the SALCC region. With
SALCC, we judged the value of exploring these data in relation to mussel habitat suitability to
exceed the value of developing expert-based hydrology models. Both approaches enabled us to
generate maps of the probability of suitable habitat and together can guide mussel research and
management efforts.
Report Objectives and Format
This report summarizes the available data, methods, and outcomes of the temperature, water
quality, and hydrology models developed to inform mussel management decisions. The four
project objectives (Table 1) have been addressed. The expert-based Bayesian models
(temperature and water quality) and the data-driven ordination model (hydrology) are presented
in separate chapters. Preceding these chapters is one that describes all data resources gathered
for this project, including those evaluated but not used in final models. These same data are
provided in a digital appendix (TRSMProjectCatchments.csv) to facilitate future modification of
the models, further analyses, or data updating. A concluding chapter includes comments
regarding the strengths and weaknesses of these approaches relative to informing Strategic
Habitat Conservation objectives for mussel recovery in the South Atlantic Landscape
Conservation Cooperative. The concluding chapter also provides some examples of how the
model results could be applied to inform management decisions.
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Table 1.1. This report summarizes our strategy to address the four model objectives and presents our conclusions in relation to ongoing challenges of
Strategic Habitat Conservation of mussels endemic to the South Atlantic Landscape Conservation Cooperative and other regions.

Assemble existing
mussel, water
quality, and
landscape level GIS
data.

Chapter 2 Summarizes the spatial data
resources gathered to model
mussel habitat suitability.
Chapter 3 Presents the expert‐based
Bayesian network models of
TRSM habitat suitability given
temperature and water quality
Chapter 4 Presents the data‐driven
ordination model of TRSM
habitat suitability given
hydrology
Chapter 5 Discusses strengths and
weakness of the modeling
approaches and illustrates
applications of the model
predictions to management
decisions

PROJECT OBJECTIVES
Conduct expert
Develop an
interviews,
integrated model
targeted mussel
to predict species
surveys, and
occupancy and
habitat
identify specific
assessments.
stream segments
for conservation,
restoration,
augmentation.

Validate and
refine the model
for applicability to
other species and
other regions.

X

X

X

X

X

X

X

X

X

5

Chapter 2:
SPATIAL DATA AVAILABLE TO MODEL LANDSCAPE-SCALE HABITAT
Introduction
This chapter introduces spatial data resources available to represent the drivers and threats within
in the Bayesian network (BN) models. Potential data resources were identified through the
workshop discussions, literature review, and searching online university (North Carolina State
University Geodata Collection), state (NC OneMap), and federal (e.g., National Pollutant
Discharge Elimination System Sites) data libraries. The selected data resources have direct or
indirect relationships with the processes previously described as drivers of, or threats to, stream
habitat suitability for freshwater mussels. The spatial data summaries identify the data resources
that we gathered, processed, and evaluated for inclusion in the mussel models. The tabular data
summaries provide information regarding the distribution of variable values for the study area,
defined as all non-tidal catchments within the Tar and Neuse river basins. Catchment is this
report refers to the HUC12 subwatersheds as delineated in National Hydrography Dataset Plus
(NHDPlus) (USGS and USEPA 1999). Within the study area, these catchments range in size
from 0.09 to 2689 ha (0.22 to 6645 acres) with mean and standard deviation of 152 and 183 ha
(376 and 452 acres), respectively.
We evaluated most data resources at multiple scales, because a single variable can influence
stream habitat at multiple spatial scales. Initial boundaries on appropriate scales were provided
by experts at the workshops and follow-up interviews. For example, urban land cover is
associated with water consumption, an effect that potentially affects discharge volumes at all
points downstream. Urban land cover is also associated with heat island effects, but this impact
is likely localized to the stream segments that pass through urban areas. Spatial scales for which
we calculated summary statistics were: catchment (a single, local catchment), upstream (the local
catchment plus all catchments upstream), five kilometer (the local catchment plus all catchments
within 5 km), and nearest (distance upstream to the nearest catchment with a specified trait). Due
to time constraints, not all spatial scales were evaluated for all variables. Also, not all data
presented here were ultimately selected for use in the models, but all are provided in the
catchment database (TRSMProjectCatchments.csv).
For the tabular summaries, we discretized the variable distributions and then examined the
percentage distribution of values among categories for: (1) all catchments in the study area
(11280 total), (2) all catchments sampled from 1960 to 2010 by the North Carolina Wildlife
Resources Commission (WRC) mussel habitat surveys (877 total), and (3) all catchments where
TRSM were detected during at least one WRC survey (29 total). We also calculated the
percentage of WRC sampled catchments within each category where TRSM were detected at
least once. In most cases, we used the 25th and 75th percentile values (for the set of all non-zero
values) as thresholds to create three categories for these analyses (exceptions noted in text). We
visually inspected these data to determine if WRC surveys provided a representative or nonrepresentative sample of available habitat within the study area. If the study area and WRC
sample distributions differed by twenty percent or greater, this is reported as an example of nonrepresentative sampling. We also visually inspected whether the distribution of TRSM appeared
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to mirror or depart from the distribution of sampling effort. Given the absence of knowledge to
define an ecologically significant threshold, we reported any occurrence of 7% or greater as
noteworthy (i.e., more than double the 3.3% of sampled catchments).
There are two important issues to remember while reviewing this information. First, any
perceived pattern or trend (e.g., positive, neutral, or negative correlation with a geographic
variable) is sensitive to the discretization method. The identification of ecologically meaningful
critical threshold values would require empirical experimentation, but the extent of correlations
are useful for describing associations and generating testable hypotheses. Second, it is
impossible to conclude causation; inferences of habitat associations or habitat threats should
again be tested empirically. However, these summary data are useful to identify sampling gaps
and suggest trends that could be prioritized for focused sampling effort or for empirical research.
We do not formulate specific hypotheses, but demonstrate in our discussion how managers and
researchers can use the information assembled through the models to formulate hypotheses
appropriate to their management questions.
Wildlife Resources Commission Data
The Wildlife Resources Commission (WRC) provided state-wide data for detections of aquatic
species of concern (state and/or federal status) from 1960 to 2010. Of the original 8,780
detection records, we identified 3,360 detections that occurred within our study region, including
one amphibian, three crayfish, four fish, nineteen mussels, and one snail species (Table 2.1). We
identified the catchment associated with each detection and calculated detection/non-detection
data for every species for every catchment. A total of 440 catchments within our study area had
one or more detected species. Of these catchments, the number of species detected ranged from
one to fifteen, but the median number of detected species was just two (Mean = 3.0 ± 2.4 SD).
While our project focused on the Tar River spinymussel, we maintained all species in the
database when we prepared it for analysis. These data (TRSMProjectWRCSurveys.csv) are
available by request only from the WRC and SALCC due to sensitivity of species location
information, but can be joined to the catchment database for analysis on other species or
community level data. In the hydrologic chapter (Chapter 4), we provide an example of further
analysis with two TRSM associated species: Atlantic pigtoe (Fusconaia masoni) and yellow
lance (Elliptio lanceolata).
Land Cover Data
We used the Southeast Gap Analysis Program (SEGAP; http://www.basic.ncsu.edu/segap/) data
to quantify the percent cover of various land cover classes. SEGAP developed land cover maps
based on the National Vegetation Classification System (NatureServe 2007) as interpreted from
2001 Landsat TM satellite data and the 2001 National Land Cover Data. These data classify and
represent land cover data at a 30-m spatial resolution. As there are no data to tie mussel
responses to specific ecological communities, we reclassified the data in several cases. We
chose to group similar SEGAP classes to reduce the number of variables for which we would
have to elicit expert knowledge. This reduced the risk of expert fatigue and was judged
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appropriate given that expert knowledge was often insufficient to judge between highly similar
classes.
Table 2.1 Wildlife Resources Commission (WRC) 1966 to 2010 detection data for listed species and species of concern
within the study area extent.
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Table 2.2. Crosswalk of land cover classes from Southeast Gap Analysis Program (SEGAP) to the Tar River spinymussel
(TRSM) models.

TRSM Model Land Cover Class

SEGAP Land Cover Class

Managed Herbaceous Vegetation

Developed Open Space
Low Intensity Developed
Clearcut‐ Grassland/Herbaceous
Other – Herbaceous
Pasture/Hay
Utility Swath – Herbaceous

Mines

Quarry/Strip Mine/Gravel Pit

Plantation

Evergreen Plantation and Managed Pine

Forest

All land cover classified in SEGAP as deciduous,
evergreen, or mixed forests, including wet forests,
but excluding plantation forests

Row Crop

Row Crop

Urban

Moderate Intensity Developed Areas
High Intensity Developed Areas
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Table 2.3. Land cover data variables with summary statistics for catchments within the study area.

Distribution Data for
Catchments with Values > 0

Catchments per
BN States
State
(% of 11,280)
LAND COVER DATA

Managed Herbaceous Vegetation Percentage (Catchment)
N
10589
Low (≤ 29)
Median; Range
47, <1 ‐ 100
Moderate (29.01 to 63)
Mean ± SD
47 ± 23
High (>63)
99.5 Percentile
100
Mines Percentage (Catchment)
N
50
Zero (0)
Median; Range
4, 1 ‐ 33
Low (>0 to 4)
Mean ± SD
7±8
High (>4)
99.5 Percentile
33
Mines Percentage (Upstream)
N
630
Zero (0)
Median; Range
0.06, <1 ‐ 26
Low (>0 to 4)
Mean ± SD
0.5 ± 2.2
High (>4)
99.5 Percentile
16
Evergreen Plantation Percentage (Catchment)
N
8,642
Low (≤ 2)
Median; Range
6, <1 ‐ 100
Moderate (2.01 to 15)
Mean ± SD
11 ± 13
High (>15)
99.5 Percentile
68
Evergreen Plantation Percentage (Upstream)
N
10,371
Low (0 to 15)
Median; Range
7, <1 ‐ 100
Moderate (15.01 to 45)
Mean ± SD
10 ± 11
High (45.01 to 100)
99.5 Percentile
59
Row Crop Percentage (Catchment)
N
4,918
Low (≤ 19)
Median; Range
32, <1 ‐ 100
Moderate (19.01 to 44)
Mean ± SD
33 ± 19
High (> 44)
99.5 Percentile
99

Wildlife Resources Commission Surveys
Sampled
TRSM
% Sampled
Catchments
Catchments
Catchments
(% of 877)
(% of 29)
with TRSM

30
46
24

34
56
10

34
66
0

3
4
0

99
<1
<1

98
1
<1

90
7
3

3
2
5

94
5
1

90
10
<1

45
55
0

2
18
0

46
35
19

12
8
80

10
7
83

3
3
4

30
50
20

10
64
26

4
55
41

1
3
5

69
21
10

84
15
1

69
31
0

3
7
0
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Distribution Data for
Catchments with Values > 0
Row Crop Percentage (Upstream)
N
5,331
Median; Range
33, <1 ‐ 100
Mean ± SD
32 ± 17
99.5 Percentile
82
Riparian Forest Percentage (Catchment)
N
10,748
Median; Range
79, <1 ‐ 100
Mean ± SD
70 ± 28
99.5 Percentile
100
Riparian Forest Percentage (5 km Upstream)
N
11,057
Median; Range
71, <1 ‐ 100
Mean ± SD
64 ± 13
99.5 Percentile
100
Forest Percentage (Catchment)
N
11,055
Median; Range
41, <1 ‐ 100
Mean ± SD
43 ± 22
99.5 Percentile
100
Forest Percentage (Upstream)
N
11,199
Median; Range
37, <1 ‐ 100
Mean ± SD
36 ± 15
99.5 Percentile
100
Urban Percentage (Catchment)
N
3,510
Median; Range
0.5, <1 ‐ 67
Mean ± SD
3.3 ± 6.9
99.5 Percentile
40

BN States

Catchments per
State
(% of 11,280)

Wildlife Resources Commission Surveys
Sampled
TRSM
% Sampled
Catchments
Catchments
Catchments
(% of 877)
(% of 29)
with TRSM

Very Low (≤ 10)
Low (≤ 10.1 to 20)
Moderate (20.1 to 30)
High (> 30)

59
5
25
11

82
7
10
1

62
31
7
0

2
15
2
0

Low (≤ 51)
Moderate (51.01 to 93)
High (> 93)

27
48
25

9
54
38

10
42
48

4
3
4

Low (≤ 52)
Moderate (52.01 to 86)
High (> 86)

27
57
16

9
69
22

10
55
35

4
3
5

Low (≤ 28)
Moderate (28.01 to 55)
High (> 55)

26
49
25

10
61
29

3
55
41

1
3
5

Very Low (≤ 27)
Low (27.01 to 37)
Moderate (37.01 to 44)
High (> 44)

25
25
25
25

9
23
35
33

0
3
83
14

0
<1
8
1

Low (≤ 5)
Moderate (5.01 to 10)
High (> 10)

95
2
3

92
4
4

97
3
0

3
3
0
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Distribution Data for
Catchments with Values > 0
Urban Percentage (Upstream)
N
Median; Range
Mean ± SD
99.5 Percentile

6,978
0.4, <1 ‐ 67
2.1 ± 4.9
32

BN States

Very Low (≤ 0.5)
Low (0.51 to 1)
Moderate (1.01 to 5)
High (5.01 to 10)
Very High (> 10)

Catchments per
State
(% of 11,280)
49
32
13
0.03
0.03

Wildlife Resources Commission Surveys
Sampled
TRSM
% Sampled
Catchments
Catchments
Catchments
(% of 877)
(% of 29)
with TRSM
28
44
21
3
4

21
76
1
0
0

2
6
1
0
0
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Infrastructure and Permit Data
Road-Stream Crossings
We identified road-stream crossings by intersecting the NC Department of Transportation
(NCDOT) roadway data (https://connect.ncdot.gov/resources/gis/pages/gis-data-layers.aspx;
accessed September 2012) and the NHDPlus waterway data (USGS and USEPA 1999). The
NCDOT digital road data includes all federal, state, and county roadways that are maintained by
the state plus some non-state-maintained roads and some projected roadways. Roads with
multiple lanes and median are counted as two parallel roads in this intersection.
Road Density
The SEGAP provided a road density map of the entire southeast. Road density had been
calculated from the 2003 US Topographically Integrated Geographic Encoding and Reference
(TIGER; https://www.census.gov/geo/maps-data/data/tiger-line.html) data. These data had been
cleaned of data and digitizing errors prior to calculating road density. SEGAP calculated road
density using a 600-m radius moving-window. Each 30-m pixel in the output raster had a value
of the hundreds of meters of roads per hectare of area, based on the length of road within the
600-m radius area.
Water Use Permits
In North Carolina, surface and groundwater withdrawals are registered by the Department of
Environment and Natural Resources for:
 Agricultural water users that withdraw 1,000,000 gal/day
 Non-agricultural water users that withdraw 100,000 gal/day
Registrations must be updated at least every five years.
We obtained the 2010 withdrawal permit data as tabular data from DENR
(http://www.ncwater.org/Water_Withdrawals/ResultsTabJS.php?tab=map; accessed April 2012).
These data identified 628 active permits within the Tar and Neuse river basins, distributed
among 315 of 11,280 catchments. They represented a variety of water use applications,
including industrial, public water supply, recreation, agriculture, and mining. The majority of
permits allowed water withdrawal from wells, but a few permits also specified streams and
rivers, ponds and lakes, or quarries as the water source.
Each permit data point included information detailing the maximum volume of water that could
be withdrawn in million gallons per day (mgd), but not the actual volume withdrawn. These
values ranged from 0 to 1.186 mgd (median = 0, mean = 0.002, sd = 0.03 mgd). For each
catchment, we summed the total amount of permitted water withdrawal (mgd) in that catchment
plus all upstream catchments as a measure of total volume potentially withdrawn upstream. We
converted gallons to liters and then divided the sum by the total upstream area to report liters per
day per hectare.
Thermal Effluent Release Permits
We obtained coordinate data for permitted thermal effluent release points from the National
Pollutant Discharge Elimination System Sites (NPDES via http://www.nconemap.com/; March
2012). The North Carolina Department of Environment and Natural Resources, Division of
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Water Quality, maintains data for wastewater discharges to surface waters in North Carolina,
including thermal wastewater. The data identified 80 thermal release permits registered to
locations within the Tar and Neuse river basins. The data included only a facility name,
identification number, and location. There was no information regarding permitted volume or
temperature. For each catchment, we calculated the distance (river kilometers) to the nearest
upstream catchment with a documented thermal effluent release permit. Of the 11,280
catchments, 1,478 had one or more thermal release permits located upstream.
Waste Water Discharge Permits
The NPDES permitting program regulates discharge from certain industrial activities, municipal
storm sewer systems, and constructions sites. We used NPDES data that had been downloaded
(NC OneMap Geospatial Portal, August 2010), reviewed, and corrected as part of another
regional water quality project (C. McNutt and D. Sackett, pers. comm.; Sackett et al. 2015). The
data are maintained by the NCDENR and the data obtained for this project were current as of
2006. Of 1,614 permit records in the Tar and Neuse river basins in the original data file, 1,478
occurred within the study area boundary. Of these 1,478 permits, we selected the 583 “Active”
permits for inclusion in our analyses. In the database, we separated the data into two files, one
for Industrial/Commercial discharges and one for Residential/Municipal discharges. Thermal
data were excluded and analyzed separately.
Table 2.4. Crosswalk of permit types from National Pollution Discharge Elimination Sites database (NPDES) to the Tar
River spinymussel (TRSM) models.

NPDES Permit Type
Discharging 100% Domestic < 1mgd
Groundwater Remediation Discharge
Groundwater Remediation Wastewater
Discharge Certificate of Coverage
Industrial Process & Commercial Wastewater
Discharge
Municipal Wastewater Discharge, < 1mgd
Municipal Wastewater Discharge, Large
Non‐contact Cooling, Boiler Blowdown
Wastewater Discharge Certificate of Coverage
Single Family Domestic Wastewater Discharge
Certificate of Coverage
Water Plants and Water Conditioning Discharge

TRSM Model Permit Type
Residential/Municipal
Industrial/Commercial
Industrial/Commercial

Count
40
6
39

Industrial/Commercial

37

Residential/Municipal
Residential/Municipal
Thermal

12
25
18

Residential/Municipal

371

Residential/Municipal

35

The 82 Industrial/Commercial permits were distributed among 66 catchments. The majority (61)
of catchments had one permit, four catchments had two permits each, and one catchment had 13
permits. Permitted volumes ranged from 0 to 3.6 mgd, where zero values (84% of the permits)
presumably indicated no data. Permitted volume for the non-zero permits ranged from 0.001 to
3.6 mgd (median = 0.072, mean = 1.09, sd = 1.64). The 99.5 percentile value was 3.6 mgd.
The 483 Residential/Municipal permits were distributed among 267 catchments. The majority
(200) of catchments had one permit while the remainder had two to 22 permits. Permitted
volumes ranged from 0 to 60 mgd, where zero values (26% of the permits) presumably indicated
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no data. Permitted volume for the non-zero permits ranged from 0.0002 to 60 mgd (median =
0.0004, mean = 0.81, sd = 4.11). The 99.5 percentile value was 27 mgd.
To attribute catchments with discharge data, we first converted gallons to liters and then
calculated the sum of all upstream discharges. We then divided this volume sum by the total
upstream area to report the liters per day per hectare.
Biosolid Disposal Permits
North Carolina also regulates the disposal of biosolids. We used data gathered from NCDENR
records in July 2010, reviewed, and corrected as part of another regional water quality project (C.
McNutt and D. Sackett, pers. comm.). Of the 115 documented permits, the majority are surface
irrigation (35%), reuse (25%), or land application (17%) permits. Some permits were
specifically noted to be exempt from Part 503 of the Clean Water Act. The permits are
distributed among 85 catchments. The majority (76%) of these catchments have one permit
while the remaining catchments have two to six permits. We reported both the total count of
upstream permits and the permitted volume (N.B. actual volume released is undocumented) as
liters per hectare upstream.
Table 2.5. Biosolid release permit types as documented by the North Carolina Department of Environment and Natural
Resources (NCDENR).

NCDENR Permit Type
Distribution of Animal Residual Solids
Distribution of Residual Solids (503 Exempt)
Distribution of Residual Solids
Groundwater Remediation, Non‐discharge
Land Application of Residual Solids
Reuse
Surface Disposal of Residual Solids (503 Exempt)
Surface Irrigation

Count
3
5
8
9
20
29
1
40

Animal Operation Permits
To document locations of animal operation permits, we again used data that had been gathered
from NCDENR records in July 2010, reviewed, and corrected as part of another regional water
quality project (C. McNutt and D. Sackett, pers. comm.; Sackett et al. 2015). The associated
metadata files indicated that the data regarding horse, swine, cattle, and poultry operation permits
were collected and published in 2003. Of the 518 documented permits within the study region,
most (91%) were for swine farms.
Table 2.6. Animal operation permit types as documented by the North Carolina Department of Environment and Natural
Resources (NCDENR).

NCDENR Permit Type
Animal Individual (unspecified)
Cattle
Swine
Wet Poultry

Count
21
16
473
8
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The permits are distributed among 387 catchments. The majority (76%) of these catchments
contain one documented permit while the remaining catchments contain two to five permits. For
this study, we evaluated the count of documented permits within 5 km upstream of each
catchment, we found 890 catchments had at least one permit within this distance.
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Table 2.7. Infrastructure data variables with summary statistics for catchments within the study area.

Distribution Data for
Catchments with Values > 0

Catchments per
BN States
State
(% of 11,280)
INFRASTRUCTURE DATA

Road Stream Crossings per River Kilometer (Catchment)
N
4,228
Zero (0)
Median; Range
0.7, 0.1 ‐ 40
Low (>0 to 0.07)
Mean ± SD
1.1 ± 1.6
High (>0.07)
99.5 Percentile
10
Road Density (Catchment)
N
10,689
Low (≤ 10)
Median; Range
17, 1 ‐ 158
Moderate (10.01 to 26)
Mean ± SD
22 ± 17
High (> 26)
99.5 Percentile
101
Water Use Permits, Liters per Day per Hectare (Upstream)
N
1,702
Zero (0)
Median; Range
416, 2 – 340,157
Low (> 0 to 416)
Mean ± SD
2,438 ± 12,628
High (> 416)
99.5 Percentile
89,714
Thermal Effluent Release Permits (Distance to Nearest Upstream)
N
1,478
Low (≤ 0.5)
Median; Range
16, <1 ‐ 129
Moderate (0.51 to 3)
Mean ± SD
20 ± 18
High (> 3)
99.5 Percentile
106
Waste Water Discharge Permits (Upstream)
N
1,869
Zero
Median; Range
23, 0.3 – 287,159
Low (0.01 to 1.3)
Mean ± SD
621 ± 8941
Moderate (1.31 to 1.8)
99.5 Percentile
20,784
High (> 1.8)
Biosolids Permit Count (Upstream)
N
1,460
Low (≤ 1)
Median; Range
2, 1 ‐ 91
Moderate (1.1 to 11)
Mean ± SD
10 ± 17
High (> 11)
99.5 Percentile
10

Wildlife Resources Commission Surveys
Sampled
TRSM
% Sampled
Catchments
Catchments
Catchments
(% of 877)
(% of 29)
with TRSM

65
18
17

30
39
31

48
38
14

6
3
2

27
50
23

20
56
24

24
66
10

4
4
1

85
8
7

59
25
16

38
59
3

2
8
1

1
1
98

3
1
96

7
0
93

7
0
3

84
4
8
4

56
13
20
11

38
7
55
0

2
2
9
0

92
5
3

80
15
5

66
7
28

3
2
16
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Distribution Data for
Catchments with Values > 0
Biosolids Permitted Liters per Hectare (Upstream)
N
1,460
Median; Range
1.0x10‐4, 6.8x10‐6 – 0.02
Mean ± SD
3.8x10‐4 ± 1.2x10‐3
99.5 Percentile
1.7x10‐7
Animal Operations Permit Count (5 km Upstream)
N
890
Median; Range
1, 1 – 8
Mean ± SD
1.8 ± 1.3
99.5 Percentile
8

BN States

Catchments per
State
(% of 11,280)

Wildlife Resources Commission Surveys
Sampled
TRSM
% Sampled
Catchments
Catchments
Catchments
(% of 877)
(% of 29)
with TRSM

Zero
Low (≤ 5.8x10‐5)
Mod. (5.81x10‐5 to 2.0x10‐4)
High (>2.0x10‐4)

88
3
6
3

66
12
13
8

48
48
4
0

2
13
1
0

Low (≤ 1)
Moderate (1.1 to 2)
High (> 2)

97
1
2

97
1
2

93
7
0

3
17
0

None Documented
Present

92
8

92
8

86
14

3
6
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Hydrologic Data
Stream Order
NHDPlus attributes each stream segment with its Strahler stream order (USGS and USEPA
1999), where first order streams are the headwater stream and the numeric value increases with
each confluence. The Tar and Neuse river basins include streams from the first to sixth order.
We did not discretize this variable, but rather used the stream order categorical values directly.
Stream Slope
We obtained slope estimates from NHDPlus (USGS and USEPA 1999). NHDPlus slope values
are the slope of the flow line through the catchment reported as meters elevation per meters
distance. We discretized the slope values based on the statistical distribution of the data, using
quartile values as divisions between bins.
Flow Metrics
RTI International (RTI) modeled data for a suite of flow variables for all catchments in the Tar
and Neuse basins. These data were generated as part of their assessment of NC streamflows
using the Watershed Flow and Allocation model (WaterFALL™) assessment project (Eddy et al.
2013; Eddy et al. 2015; https://waterfall.rti.org/). WaterFALL generates daily flow metric
statistics (e.g., flow discharge) for catchments for the period from the 1960s to present. For this
assessment, all flow metrics are calculated according to the Indicators of Hydrologic Alteration
(IHA) procedures and verified against IHA software (TNC 2009). Briefly, the IHA is a software
program that assesses a series of ecologically-relevant statistics derived from daily hydrologic
data to provide useful information for those seeking to understand the hydrologic impacts of
human activities or attempting to develop environmental flow recommendations for water
managers (TNC 2009). The one exception to IHA procedures is that RTI attributed events to the
year in which they begin, while IHA attributes events to the year in which they peak. We
received threshold, annual mean, and annual standard deviation flow metrics for Base Flow, Rise
Rate, Zero Flow Days, Flow Frequency, Flow Duration, and Flow Discharge for the period 1986
to 2006.
Table 2.8. Definitions of hydrologic terms. For further details regarding calculations and usage, see the Indicators of
Hydrologic Alteration report (TNC 2009).

Base Flow

The portion of the stream flow that is present in the absence of run‐off.

Rise Rate

The rate of increase in flow volume. Mean of all positive differences between
consecutive daily values in a given year.

Zero Flow Days

Number of days per year below 0.001 cubic feet per second.

Flow Frequency

Number of distinct periods at a given flow level within a given year.

Flow Duration

Mean number of days spent at a given flow level within a given year.

Flow Discharge

The mean daily volume of flow in cubic feet per second.

Flow Level

Categorical descriptions of flow volume based on percentage increase or decrease from
base flow (see text for further explanation).
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The frequency, duration, and discharge data were supplied for four flow levels: extreme low,
low, high/pulse, and high/small flood. Levels were defined based on percentage change
thresholds. High flows were those flows that exceeded 75% of the annual daily flow, while low
flows were those that fell below 50% of the annual daily flow. A high flow event initiated
whenever flow increased by more than 25% per day and ended when flow discharge decreased
by less than 10% per day. A small flood was identified if the initial high flow exceeded 90% of
the percentage daily flow for the year. An extreme low flow event was identified when an initial
low flow event fell below 10% of daily flow for the year. All of these statistics follow the
methods to define Environmental Flow Components within the IHA.
Groundwater Input
Although the experts identified groundwater input as likely critical to maintaining suitable
habitat for mussels, especially with regard to temperature stability, there exist no map data for
the variable. RTI modeled shallow groundwater discharge (i.e., baseflow) by catchment (M.
Eddy, pers. comm.), but did not model full groundwater interactions with deeper aquifers. In
lieu of data to establish the range and statistical distribution of groundwater discharge values
within the Tar and Neuse River basins, we used the summary data published by Harned and
Daniel (1987). They documented the mean percentage groundwater contribution in ten North
Carolina Piedmont streams as 44% of total run-off, with an observed range of 32% to 65%.
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Table 2.9. Hydrologic data variables with summary statistics for catchments within the study area.

Distribution Data for
Catchments with Values > 0

Catchments per
BN States
BN State
(% of 11,280)
HYDROLOGIC DATA

Base Flow CFS Mean (Catchment)
N
11,149
Low (≤ 0.05)
Median; Range
0.06, 04.5x10‐5 – 0.90
Moderate (0.051 to 0.08)
Mean ± SD
0.7 ± 0.04
High (> 0.08)
99.5 Percentile
0.30
Base Flow CFS Standard Deviation (Catchment)
N
11,149
Low (≤ 0.05)
Median; Range
0.05, 2.0x10‐4 – 0.11
Moderate (0.051 to 0.06)
Mean ± SD
0.05 ± 0.01
High (> 0.06)
99.5 Percentile
0.10
Zero Flow Days Mean (Catchment)
N
2332
Low (≤ 0.7)
Median; Range
1.9, 0.03 – 334.2
Mod. (0.71 to 7.2)
Mean ± SD
10.2 ± 29.6
High (> 7.2)
99.5 Percentile
234.7
Zero Flow Days Standard Deviation (Catchment)
N
2332
Low (≤ 2.5)
Median; Range
6.3, 0.2 – 77
Mod. (2.51 to 14.8)
Mean ± SD
11.4 ± 13.1
High (> 14.8)
99.5 Percentile
61.7
Extreme Low Flow CFS Mean (Catchment)
N
11,058
Low (≤ 0.02)
Median; Range
0.07, 1.3x10‐4 ‐ 639
Moderate (0.021 to 0.4)
Mean ± SD
7.7 ± 43
High (> 0.4)
99.5 Percentile
399
Extreme Low Flow CFS Standard Deviation (Catchment)
N
11,055
Low (≤ 0.007)
Median; Range
0.02, 1.1x10‐4 – 78
Moderate (0.0071 to 0.11)
Mean ± SD
0.99 ± 4.6
High (> 0.11)
99.5 Percentile
35

Wildlife Resources Commission Surveys
Sampled
TRSM
% Sampled
Catchments
Catchments
Catchments
(% of 877)
(% of 29)
with TRSM

25
50
25

22
41
37

0
10
90

0
1
8

25
50
25

12
52
36

0
7
93

0
<1
9

84
11
5

97
2
1

100
0
0

3
0
0

80
15
5

95
4
1

100
0
0

3
0
0

26
49
25

5
38
57

0
14
86

0
1
5

26
49
25

4
36
60

0
14
86

0
1
5
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Distribution Data for
Catchments with Values > 0

BN States

Extreme Low Flow Duration Mean (Catchment)
N
11,188
Low (≤ 17)
Median; Range
22, 2.1 – 316
Moderate (17.1 to 29)
Mean ± SD
23 ± 9.4
High (> 29)
99.5 Percentile
48
Extreme Low Flow Duration Standard Deviation (Catchment)
N
11,188
Low (≤ 12)
Median; Range
18, 0.4 – 57
Mod. (12.1 to 24)
Mean ± SD
19 ± 8
High (> 24)
99.5 Percentile
39
Extreme Low Flow Frequency Mean (Catchment)
N
11,188
Low (≤ 2.1)
Median; Range
2.5, 1.1 – 22.7
Mod. (2.11 to 2.9)
Mean ± SD
2.7 ± 1.2
High (> 2.9)
99.5 Percentile
10.9
Extreme Low Flow Frequency Standard Deviation (Catchment)
N
11,188
Low (≤ 0.3)
Median; Range
1.4, 0.3 – 9.7
Moderate (0.31 to 1.8)
Mean ± SD
1.5 ± 0.6
High (> 1.8)
99.5 Percentile
4.3
Extreme Low Flow CFS Threshold (Catchment)
N
11,058
Low (≤ 0.03)
Median; Range
0.1, 0.001 – 720
Moderate (0.031 to 0.6)
Mean ± SD
9 ± 49
High (> 0.6)
99.5 Percentile
450
Low Flow CFS Threshold (Catchment)
N
11,166
Low (≤ 0.3)
Median; Range
0.8, 0.001 – 2705
Moderate (0.31 to 4)
Mean ± SD
37 ± 176
High (> 4)
99.5 Percentile
1558

Catchments per
BN State
(% of 11,280)

Wildlife Resources Commission Surveys
Sampled
TRSM
% Sampled
Catchments
Catchments
Catchments
(% of 877)
(% of 29)
with TRSM

25
50
25

26
49
25

10
66
3

1
4
3

25
50
25

23
56
21

10
66
3

2
4
4

25
50
25

23
47
30

10
62
28

2
4
3

25
50
25

21
47
32

3
66
31

1
5
3

26
49
25

5
38
57

0
14
86

0
1
5

25
50
25

2
33
65

0
14
86

0
1
4
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Distribution Data for
Catchments with Values > 0
Low Flow CFS Mean (Catchment)
N
11,171
Median; Range
0.7, 0.001 – 1804
Mean ± SD
30 ± 134
99.5 Percentile
1154
Low Flow CFS Standard Deviation (Catchment)
N
11,157
Median; Range
0.2, 3.1x10‐4 ‐ 830
Mean ± SD
11 ± 53
99.5 Percentile
470
Low Flow Duration Mean (Catchment)
N
11,171
Median; Range
6, 2 – 32
Mean ± SD
6±1
99.5 Percentile
11
Low Flow Duration Standard Deviation (Catchment)
N
11,170
Median; Range
2.6, 0.2 – 20
Mean ± SD
3.1 ± 1.8
99.5 Percentile
14
Low Flow Frequency Mean (Catchment)
N
11,171
Median; Range
19, 1 – 57
Mean ± SD
19 ± 4
99.5 Percentile
42
Low Flow Frequency Standard Deviation (Catchment)
N
11,170
Median; Range
5, 1.5 – 9.8
Mean ± SD
5 ± 0.9
99.5 Percentile
7.4

BN States

Catchments per
BN State
(% of 11,280)

Wildlife Resources Commission Surveys
Sampled
TRSM
% Sampled
Catchments
Catchments
Catchments
(% of 877)
(% of 29)
with TRSM

Low (≤ 0.2)
Mod. (0.21 to 4)
High (> 4)

25
50
25

2
33
65

0
14
86

0
1
4

Low (≤ 0.07)
Mod. (0.071 to 1.0)
High (> 1.0)

25
50
25

2
32
66

0
14
86

0
1
4

Low (≤ 5)
Moderate (5.1 to 6)
High (> 6)

25
50
25

30
45
25

0
28
72

0
2
9

Low (≤ 2.1)
Moderate (2.11 to 3.4)
High (> 3.4)

25
50
25

23
50
27

0
28
72

0
2
9

Low (≤ 17)
Moderate (17.1 to 21)
High (> 4)

25
50
25

26
62
10

93
7
0

11
<1
0

Low (≤ 4.4)
Mod. (4.41 to 5.7)
High (> 5.7)

25
50
25

29
45
26

38
55
7

4
4
1
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Distribution Data for
Catchments with Values > 0

BN States

High Flow CFS Threshold (Catchment)
N
11,178
Low (≤ 0.5)
Median; Range
1.4, 0.001 ‐ 5088
Mod. (0.51 to 7.3)
Mean ± SD
73 ± 350
High (> 7.3)
99.5 Percentile
3127
High Flow Pulse CFS Threshold (Catchment)
N
11,187
Low (≤ 0.9)
Median; Range
2.5, 0.001 – 8763
Moderate (0.91 to 13)
Mean ± SD
136 ± 656
High (> 13)
99.5 Percentile
5783
High Flow Flood CFS Mean (Catchment)
N
11,188
Low (≤ 1.8)
Median; Range
5, 0.001 – 23,200
Moderate (1.81 to 26)
Mean ± SD
257 ± 1,158
High (> 26)
99.5 Percentile
9,808
High Flow Flood CFS Standard Deviation (Catchment)
N
11,187
Low (≤ 0.8)
Median; Range
2.5, 1.1x10‐4 – 34,897
Moderate (0.81 to 14)
Mean ± SD
116 ± 600
High (> 14)
99.5 Percentile
3,218
High Flow Flood Duration Mean (Catchment)
N
11,188
Low (≤ 5.3)
Median; Range
6.4, 1.4 – 63
Mod. (5.31 to 7.7)
Mean ± SD
7.4 ± 4.2
High (> 7.7)
99.5 Percentile
26
High Flow Flood Duration Standard Deviation (Catchment)
N
11,188
Low (≤ 2.3)
Median; Range
3.4, 0.4 ‐ 84
Mod. (2.31 to 12)
Mean ± SD
7.9 ± 9.5
High (> 12)
99.5 Percentile
40

Catchments per
BN State
(% of 11,280)

Wildlife Resources Commission Surveys
Sampled
TRSM
% Sampled
Catchments
Catchments
Catchments
(% of 877)
(% of 29)
with TRSM

25
50
25

3
33
64

0
14
86

0
1
4

25
50
25

3
33
64

0
14
86

0
1
4

25
50
25

3
33
64

0
14
86

0
1
4

25
50
25

3
34
63

0
14
86

0
1
5

25
50
25

16
41
43

3
3
94

1
<1
7

25
50
25

16
51
33

3
31
66

1
2
7
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Distribution Data for
Catchments with Values > 0

BN States

High Flow Flood Frequency Mean (Catchment)
N
11,188
Low (≤ 8.7)
Median; Range
9.5, 1.1 – 22
Moderate (8.71 to 10)
Mean ± SD
9.4 ± 1.8
High (> 10)
99.5 Percentile
14
High Flow Flood Frequency Standard Deviation (Catchment)
N
11,188
Low (≤ 3.1)
Median; Range
3.6, 0.3 – 9.7
Moderate (3.11 to 4.8)
Mean ± SD
3.9 ± 1.2
High (> 4.8)
99.5 Percentile
6.7
High Flow Pulse CFS Mean (Catchment)
N
11,169
Low (≤ 0.6)
Median; Range
1.7, 0.001 – 5,442
Moderate (0.61 to 9)
Mean ± SD
80 ± 382
High (> 9)
99.5 Percentile
3,363
High Flow Pulse CFS Standard Deviation (Catchment)
N
11,188
Low (≤ 0.1)
Median; Range
0.3, 2.2x10‐4 – 872
Mod. (0.11 to 1.6)
Mean ± SD
13 ± 57
High (> 1.6)
99.5 Percentile
432
High Flow Pulse Duration Mean (Catchment)
N
11,182
Low (≤ 1.9)
Median; Range
2.1, 1 – 8.4
Moderate (1.91 to 2.3)
Mean ± SD
2.3 ± 0.7
High (> 2.3)
99.5 Percentile
5.9
High Flow Pulse Duration Standard Deviation (Catchment)
N
11,163
Low (≤ 0.5)
Median; Range
0.6, 0.1 – 13
Moderate (0.51 to 0.7)
Mean ± SD
0.6 ± 0.4
High (> 0.7)
99.5 Percentile
2.4

Catchments per
BN State
(% of 11,280)

Wildlife Resources Commission Surveys
Sampled
TRSM
% Sampled
Catchments
Catchments
Catchments
(% of 877)
(% of 29)
with TRSM

25
50
25

47
42
11

90
10
0

6
1
0

25
50
25

35
42
23

69
24
7

6
2
<1

25
50
25

3
33
64

0
14
86

0
1
4

25
50
25

3
33
64

0
14
86

0
1
4

25
52
23

18
42
40

0
14
86

0
1
7

98
1
1

97
1
2

90
3
7

3
1
13

25

Distribution Data for
Catchments with Values > 0

BN States

High Flow Pulse Frequency Mean (Catchment)
N
11,182
Low (≤ 7)
Median; Range
8.7, 1 – 34
Moderate (7.1 to 10)
Mean ± SD
8.8 ± 2.6
High (> 10)
99.5 Percentile
10
High Flow Pulse Frequency Standard Deviation (Catchment)
N
11,168
Low (≤ 3.7)
Median; Range
4.1, 0.7 – 11
Moderate (3.71 to 4.5)
Mean ± SD
4.1 ± 0.6
High (> 4.5)
99.5 Percentile
6.0
Slope (Catchment)
N
10,910
Low (≤ 0.0009)
Median; Range
0.0036, 0.0001 – 0.32
Mod. (0.00091 to 0.009)
Mean ± SD
0.0071 ± 0.0121
High (> 0.009)
99.5 Percentile
0.076
Order (Catchment)
N
11,280
First
Median; Range
1, 1 – 6
Second
Mean ± SD
2±1
Third
99.5 Percentile
6
Fourth
Fifth
Sixth

Catchments per
BN State
(% of 11,280)

Wildlife Resources Commission Surveys
Sampled
TRSM
% Sampled
Catchments
Catchments
Catchments
(% of 877)
(% of 29)
with TRSM

25
50
25

17
71
11

38
2
0

7
3
0

25
50
25

20
45
34

34
21
45

6
2
4

25
50
25

33
58
9

72
17
10

7
1
4

57
19
13
6
4
2

18
21
28
21
8
4

14
0
3
48
7
28

3
0
<1
7
3
26
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Soil Data
We extracted a variety of soil data from the NC Soil Survey and Geographic database
(SSURGO; http://www.nrcs.usda.gov/wps/portal/nrcs/surveylist/soils/survey/state/?stateId=NC).
We obtained a compiled and edited version of the database from the NC USDA office (C.
Ferguson, pers.comm.). SSURGO soil map units have multiple attributes describing both major
and minor soil components. All of the descriptions primarily relate to the quality of the soil for
agricultural applications. We extracted data for soil drainage, erodability, and composition
associated with the majority soil class within the catchment.
The SSURGO soils database classifies soils into seven drainage classes. We assigned these
classes numeric scores (0-7, from very poorly to excessively drained) and calculated the mean
value for each catchment.
Table 2.10. Conversion of soils erosion data from a nominal to an ordered scale.

SSURGO Drainage Class
Very Poorly Drained
Poorly Drained
Somewhat Poorly Drained
Moderately Well Drained
Well Drained
Somewhat Excessively
Drained
Excessively Drained

TRSM Model
Discretization
1
2
3
4
5
6

Proportion of
Catchments
0.02
0.18
0.07
0.15
0.55
0.01

7

0.02

The SSURGO soils database distinguishes five erosion classes; four classes specify increasing
severity of erosion and the fifth class indicates deposition. We assigned these classes numeric
scores (0 = deposition, 1-4 = Classes 1 to 4) and calculated the mean value for each catchment.
Table 2.11. Conversion of soils drainage data from a nominal to an ordered scale.

SSURGO Erosion Class
Depositional
Class 1 (<25% loss)
Class 2 (25‐75% loss)
Class 3 (75‐99% loss)
Class 4 (100% loss)

TRSM Model
Discretization
0
1
2
3
4

Proportion of
Catchments
0.16
0.77
0.07
<0.01
<0.01
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The SSURGO database provides a variety of metrics for soil composition. We attributed
catchments with the total percentage sand, silt, clay, and organic material of the majority
associated map unit. In all cases, we used the representative values rather than the low or high
values. SSURGO metadata provide the following definitions for these soil variables:
 Total Sand: Mineral particles 0.05mm to 2.0mm in equivalent diameter as a weight
percentage of the less than 2 mm fraction.
 Total Silt: Mineral particles 0.002 to 0.05mm in equivalent diameter as a weight percentage
of the less than 2.0mm fraction
 Total Clay: Mineral particles less than 0.002mm in equivalent diameter as a weight
percentage of the less than 2.0mm fraction.
 Organic Material: the amount by weight of decomposed plant and animal residue expressed
as a weight percentage of the less than 2 mm soil material.
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Table 2.12. Soils data variables with summary statistics for catchments within the study area.

Distribution Data for
Catchments with Values > 0

BN States

Catchments per
State
(% of 11,280)

Wildlife Resources Commission Surveys
Sampled
TRSM
% Sampled
Catchments
Catchments
Catchments
(% of 877)
(% of 29)
with TRSM

SOILS DATA
Mean Erosion Class (Catchment)
N
10928
Median; Range
0.9, <0.1 – 2.5
Mean ± SD
0.9 ± 0.3
99.5 Percentile
1.9
Mean Drainage Class (Catchment)
N
11,196
Median; Range
4.3, 1 ‐ 7
Mean ± SD
4.1 ± 0.8
99.5 Percentile
5.9
Mean Percent Organic Material (Catchment)
N
10,887
Median; Range
1.5, 0.05 ‐ 50
Mean ± SD
1.9 ± 1.6
99.5 Percentile
11.2
Mean Percent Clay Material (Catchment)
N
10,888
Median; Range
13, 0.5 ‐ 34
Mean ± SD
13 ± 4
99.5 Percentile
30
Mean Percent Silt Material (Catchment)
N
10,888
Median; Range
21, <1.4 ‐ 70
Mean ± SD
24 ± 9.9
99.5 Percentile
55
Mean Percent Sand Material (Catchment)
N
10,888
Median; Range
66, 12 – 98
Mean ± SD
62 ± 13
99.5 Percentile
85

Low (≤ 0.8)
Moderate (0.81 to 1)
High (>1)

90
60
30

78
14
8

97
3
0

4
1
0

Low (3.7)
Moderate (3.71 to 4.8)
High (>4.8)

25
53
22

10
65
25

7
69
27

2
3
3

Low (1.3)
Moderate (1.31 to 2.0)
High (>2.0)

29
46
25

28
59
13

24
59
21

3
3
6

Low (≤ 10)
Moderate (10.1 to 15)
High (>15)

25
51
24

8
58
34

17
69
14

7
4
1

Low (0 to 19)
Moderate (19.01 to 28)
High (>28)

25
50
25

13
52
34

10
55
35

3
4
4

Low (≤ 58)
Moderate (58.1 to 71)
High (>71)

26
51
23

34
57
9

34
59
7

3
4
3
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Characteristics of Available, Surveyed, and Occupied Catchments
Overall, the catchments sampled by the WRC present a representative sample of the available
catchments. Of 69 variables evaluated, sampling efforts generally followed the pattern of
availability for all but seventeen. The WRC has disproportionately sampled catchments with
higher percent evergreen cover, higher number of road stream crossings, higher permitted water
use, and higher permitted release of waste water and biosolids. In general, WRC surveys also
occurred in higher order streams in catchments that had higher flow volumes and greater
variability in flow volume. We noted 23 cases where TRSM occurred with greater frequency
than the average occurrence in all WRC samples (3.3% of sampled watershed).
Table 2.13. Landscape habitat variables for which the distribution of habitat values encountered during mussel sampling
efforts by the Wildlife Resources Commission (WRC) differed from the distribution of available habitat in the study area
by greater than 20 percent.

Variable Class
LAND COVER
INFRASTRUCTURE

HYDROLOGIC

Variable
Percent Evergreen Plantation (Catchment)
Road Steam Crossings per River Kilometer (Catchment)
Water Use Permits, Liters per Day per Hectare (Upstream)
Waste Water Discharge Permits (Upstream)
Biosolids Permitted Liters per Hectare (Upstream)
Extreme Low Flow CFS Mean (Catchment)
Extreme Low Flow CFS Threshold (Catchment)
Low Flow CFS Mean (Catchment)
Low Flow CFS Standard Deviation (Catchment)
Low Flow CFS Threshold (Catchment)
High Flow CFS Threshold (Catchment)
High Flow Pulse CFS Threshold (Catchment)
High Flow Pulse CFS Standard Deviation (Catchment)
High Flow Pulse Frequency Mean (Catchment)
High Flow Flood CFS Mean (Catchment)
High Flow Flood CFS Standard Deviation (Catchment)
Stream Order

WRC Sampling Bias
High
High
High
High
High
High
High
High
High
High
High
High
High
Moderate
High
High
High
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Table 2.14. Landscape habitat variable categories for which the percentage of sites with Tar River spinymussels (TRSM)
exceeded the overall average percentage of sampled sites with TRSM by more than double (e.g., overall average = 3.3%
sites; categories in table ≥ 7% sites).

Variable Class
LAND COVER

GEOLOGY and
SOILS
INFRASTRUCTURE

HYDROLOGIC

Variable
Percentage of Mines (Upstream)
Percentage of Row Crop (Catchment)
Percentage of Row Crop (Upstream)
Percentage of Forest (Upstream)
Mean Percentage Clay Material (Catchment)
Water Use Permits, Liters per Day per Hectare
(Upstream)
Thermal Effluent Release Permits (Kilometers to
Nearest Upstream)
Waste Water Discharge Permits (Upstream)
Biosolids Permit Count (Upstream)
Biosolids Permitted Liters per Hectare (Upstream)
Animal Operation Permit Count (5 km Upstream)
Base Flow CFS Mean (Catchment)
Base Flow CFS Standard Deviation (Catchment)
Low Flow Days Duration Mean (Catchment)
Low Flow Days Duration Standard Deviation
(Catchment)
Low Flow Frequency Mean (Catchment)
High Flow Flood Duration Mean (Catchment)
High Flow Flood Duration Standard Deviation
(Catchment)
High Flow Pulse Duration Mean (Catchment)
High Flow Pulse Duration Standard Deviation
(Catchment)
High Flow Pulse Frequency Mean (Catchment)
Slope (Catchment)
Steam Order (Catchment)

Category (% of Sample)
Low; >0 ‐ 4 (18%)
Moderate; 19.01 ‐ 44 (7%)
Low; 10 ‐ 20 (15%)
Moderate; 37.01 – 44 (8%)
Low; 0 – 10 (7%)
Low; >0 – 416 (8%)
Low; 0 – 0.05 (7%)
Moderate; 1.31 – 1.8 (9%)
High; >11 (16%)
Low; >0 – 5.8x10‐5 (13%)
Moderate; 2 (17%)
High; >0.08 (8%)
High; >0.06 (9%)
High; >6 (9%)
High; >6 (9%)
Low; 0 ‐ 17 (11%)
High; >7.7 (9%)
High; >12 (9%)
High; >2.3 (7%)
High; >0.7 (13%)
Low; >7 (7%)
Low; 0 – 0.0009 (7%)
Fourth (7%) and Sixth (26%)
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Chapter 3:
BAYESIAN NETWORK MODELS: TEMPERATURE AND WATER QUALITY
Bayesian network models (BNs) support adaptive management of complex systems (Nyberg et
al. 2006), because they share the same conceptual foundation of continuous, incremental
learning. BNs provide a framework for that learning by (1) developing explicit, quantitative
statement of hypotheses that underlie decision processes, (2) visually communicating
relationships among key system drivers and response variables, (3) incorporating uncertainty into
model predictions, and (4) providing diagnostic tools to guide the monitoring and learning
processes. The TRSM BNs were constructed primarily from expert-knowledge supplemented by
literature review. Our procedure to construct the models included several cycles of knowledge
elicitation, model development, and model review. Through this process, we used a variety of
tools to gradually move from eliciting qualitative information to eliciting quantitative
information. Information from the design elicitation provided the foundation for the model
structure, while formal elicitations of individuals targeted for their specific expertise provided
hypothesized conditional probability estimates to parameterize relationships among model
variables.
General Approach to Elicit and Model Expert Knowledge
After the workshop in which experts identified and discussed modeling resources (empirical data
from field surveys, spatial data, and expert knowledge), we settled on an approach that included
four steps. We followed this same general approach to develop both the temperature and water
quality BN models. First, we established the basic model framework, depicting relationships
between predictor (landscape-scale spatial data) and response (reach-scale habitat data) variables
within the BN. Second, we selected the most relevant spatial data resources and scales of
analyses to represent each predictor variable. Third, based on these spatial data, we drew
scenarios (e.g., combinations of predictor values representative of the Tar and Neuse landscapes)
for experts to judge within Elicitor, a software application to compile expert knowledge, as a
means to obtain beta coefficients (i.e., standardized coefficient; indicates how many standard
deviations the response variable will change given one standard deviation in the predictor
variable) for logistic regression equations within the models. Last, once the BN models had been
fully parameterized based on experts’ best professional judgments, we used the models to
generate predictions (expected value and standard deviation) for all HUC12 watersheds and 500m stream reach segments.
Model Framework Constructed in Netica
In Netica, we constructed influence diagrams (also referred to as causal networks or belief
networks; Pourret et al. 2008) to depict relationships among key ecological attributes, threats,
and targets for each component regime. BNs represent variables and their interactions as nodes
connected by directed links (Marcot et al. 2006; Nyberg et al. 2006). Parent nodes lead into
child nodes, and there may be multiple steps from the initial input nodes (predictor variables)
through intermediate nodes (latent variables) to the final output node (response variable). All
nodes assign data, whether empirical or calculated, into categorical states. Defining appropriate
states requires careful consideration of available data, expected future sampling effort, and
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project objectives (Kuhnert & Hayes 2009). Conditional probabilities for the states of each child
node must be specified for all combinations of states of their parent nodes. These conditional
probabilities can be specified by learning algorithms, based on case data, by equations specified
by the modeler, or by asking experts to complete the conditional probability tables directly. We
used the software Elicitor to elicit the expert knowledge necessary to define equations used to
populate the conditional probability tables. If probabilities will be elicited from experts, then
two BN design constraints are recommended (Marcot et al. 2006): (1) no child node should have
more than three parents, and (2) no parent node should have more than five states. Following
these recommendations for expert-based models, we created four regime-specific BN models to
predict the probability of maintaining suitable regime conditions as inferred from the information
summarized within the spatial data resources.
Probability Elicitation
Once the BN model influence diagrams had been defined and the associated spatial data
processed, we used the software application Elicitator (James et al. 2010) to design and conduct
interviews that independently compiled and encoded each expert’s probability estimates. These
estimates served as the prior probabilities for beta coefficients in Bayesian logistic regression
equations predicting the probability of a threats (or buffers) within the BN models. We
interviewed each individual independently. Interviews lasted just over three hours and included
three parts. The first part was an orientation to review the project objectives, to introduce the
elicitation methods, and to clarify project terminology and scale. The second part elicited
information to characterize the expert’s knowledge, including the temporal and spatial extent of
their experience. The third part, conducted with the software Elicitor, required experts to
consider and score scenario likelihoods (i.e., combinations of parameter values), indicating the
probability of threat occurring under the specified set of values.
The indirect, scenario-based elicitation techniques supported by Elicitator (Low-Choy et al.
2010) mitigate some of the common errors and biases encountered during expert elicitation
(Kynn 2008). In Elicitor, experts express their knowledge by judging scenarios. In the case of
species-habitat models, scenarios are combinations of habitat conditions thought to influence
species distribution patterns (Murray 2009; Johnson et al. 2011). For example, in a direct
elicitation, an expert might be asked: “How much does the probability of temperature threat
change for one percentage change in riparian forest land cover, as stream order and the
percentage catchment urban land cover is held constant?” An indirect elicitation makes use of
statistical models to rephrase the question as: “Think of 100 sites with the same habitat profile
(i.e., set of values for forested riparian land cover, stream order, and catchment urban landcover).
What is your best estimate of the number of sites that would exceed the temperature threshold?”
Most experts find the indirect approach much simpler to relate to their own experience and
observations. By querying experts about multiple scenarios, each a unique combination of
values for the habitat parameters, Elicitor can treat the experts’ responses as “data” suitable for
analysis using regression techniques.
The need to gather responses across the full range of ecologically likely scenarios to obtain
enough data to describe the system is the primary drawback of using Elicitor; elicitation can be
very time consuming. However, by using an approach similar to a latin-square experimental
design, Elicitator identifies the minimum number of questions necessary to develop relationships
from elicited information among all variables (Low-Choy et al. 2012). This greatly reduces the
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elicitation burden on the expert to estimate every value in a conditional probability table in
Netica, and thereby relaxes the need to restrict the parent-to-child node ratio. Finally, Elicitator
quantifies the variability and uncertainty in each expert’s responses, to more accurately reflect
the precision of their knowledge and ultimately to better reflect the uncertainty inherent in model
predictions. As the elicitation is conducted using Elicitator, tabular and graphical results are
generated instantly (Low-Choy et al. 2010), allowing the expert to review the products of their
answers and dynamically correct any errors. The probability distributions calculated from
experts’ combined knowledge are transferred back into Netica as logistic regression equations to
fill the conditional probability tables.
In cases where we obtained elicitation results from multiple experts, it was necessary to combine
these results into a single prediction. Yet, it was also important to maintain the uncertainty
associated with any differences among the judgments of multiple experts. To combine expert
knowledge, we first completed each elicited model to generate the probability of suitable habitat
as hypothesized per expert. We then sampled 10,000 random draws, equally distributed from
among the experts’ models, to generate a final combined probability distribution of suitable
habitat. These procedures were completed in R (Version 2.15.2).
Generating Spatially-Explicit Predictions in Netica
We calculated model predictions at the scale of the HUC12 watersheds. Data for all watersheds
were imported into Netica and run as cases through the models (temperature and water quality).
Thus, each watershed was assigned a predicted distribution for the probability of maintaining
suitable conditions for each component regime of the habitat. The probability of maintaining
suitable composite habitat was then calculated in R. To maintain the information about
uncertainty, we conducted this calculation on 10,000 random draws from the probability
distribution. We then presented these results as two maps of the study area. The first map
illustrates the mean probability of suitable habitat for each HUC12 watershed, while the second
map shows the standard deviation values for these predictions. Together the maps visually
depict both the predicted suitability and the certainty (precision) of that prediction.
Model Evaluation, Verification, and Validation
Models were subject to review by participating experts to verify that the models accurately
represented their knowledge and hypotheses. Experts were asked to identify any concerns
related to unexpected linkages between nodes (e.g., mismatch between spatial data and variables)
and unexpected model behavior. To evaluate model behavior, we performed sensitivity analyses
within Netica to determine which input variables had the greatest impact on the predicted
response. We completed sensitivity analyses for each component regime model (e.g.,
temperature and water quality models).
To validate models, we obtained independent data from both empirical studies and independently
developed models (e.g., climate impact models by Daraio & Bales 2014; Daraio et al. 2014).
Using TRSM observations from the NC Wildlife Resource Commission (NCWRC, R. Nichols,
unpublished data), we extracted the probability of suitable habitat for each component regime
model, as well as the overall probability of composite suitable habitat prediction. We then
applied two tests to validate the models with NCWRC data. First, we used a t-test (one-tailed,
alpha = 0.05) to test the hypothesis that sites with TRSM observations had higher predicted
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suitability than sites without TRSM observations. Second, we used the Test-with-Cases function
in Netica to calculate statistics in an error matrix, reporting overall percentage error. With the
latter function, we explored whether errors of commission or omission were more common. The
component regime models were tested by similar methods. For example, with the temperature
exceedance data (Daraio & Bales 2014; Daraio et al. 2014; Pandolfo 2014) we used a t-test to
test the hypothesis that sites observed to exceed temperature thresholds had lower predicted
probability of suitable temperature.
Probability of Suitable Temperature
State of Knowledge of Temperature Thresholds
Mussel thermal tolerances are a product of complex and interacting factors at multiple spatial
and temporal scales. Elevated water temperatures can impair freshwater mussel growth and
reproduction, contribute to sublethal stress, and even lead to mortality in some cases (Spooner et
al. 2005; Pandolfo et al. 2010). Laboratory research on the thermal tolerances of mussels of
diverse species and life stages indicates that mussels may have narrower thermal tolerances than
would be predicted by exposure tests alone (e.g., more stenothermic than expected; Pandolfo et
al. 2010). Importantly, mussels are not only limited by their own thermal tolerances, but also
those of their host fish (Pandolfo et al. 2012). The effects of temperature are both direct and
indirect, as temperature affects dissolved oxygen concentration and sensitivity to toxicants and
other stressors. Sublethal effects are particularly difficult to identify or quantify in situ, but in
the laboratory these include changes in metabolic rates, behavior, and immune responses
(Spooner et al. 2005; citations in Pandolfo et al. 2010; Archambault et al. 2013; Ganser et al.
2013). Experts hypothesized that these effects are avoided or reduced if benthic sediments
remain cool enough to serve as thermal refugia (TRSM-BNW 2011). Recent fieldwork has
shown the expected temperature gradients are present (Pandolfo 2014), but laboratory work has
not demonstrated behavioral responses to substrate temperature gradients (Archimbault et al.
2013).
Mussel ecology experts concur that TRSM require a stable thermal regime that is not too hot in
summer (TRSM Sanctuary Work Group 2009, 2010; TRSM BN Design Workshop 2011).
Furthermore, they readily identify a diverse suite of suspected landscape and local drivers of
stream temperatures. Experts readily cite published generalizations regarding stream thermal
regimes. For example, the influence of local drivers on local thermal conditions, whether
promoting stability and summer cooling (e.g., groundwater) or fluctuations and summer warming
(e.g., thermal effluent), decreases as stream size (e.g., order) increases (TRSM BN Design
Workshop 2011; Kelleher et al. 2012). They conclude that riparian shading and groundwater
infiltration are two important mechanisms that maintain suitable stream temperatures (TRSM
Sanctuary Work Group 2009, 2010; TRSM BN Design Workshop 2011). They identify reduced
riparian shading, reduced flow, and thermal effluent as the three primary anthropogenic
mechanisms by which temperatures increase (TRSM BN Design Workshop 2011). Yet, drawing
from empirical data and unpublished observation, experts are unable to directly define a specific
threshold to distinguish suitable from unsuitable thermal conditions for TRSM.
Laboratory research of unionid species provides insight to the lethality of various temperature
regimes under controlled conditions for multiple species and life stages, including such variables
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as temperature exposure, duration of exposure, rate of temperature change, and acclimation
temperature. A paired laboratory and field study in Oklahoma rivers documented evidence of
species-specific, sub-lethal stress among all adult mussels exposed to water temperatures greater
than 35 °C, with some species having lower thresholds (Spooner et al. 2005). Considering adult
tolerances, they recommended managing stream discharge to maintain water temperatures at or
below 30 °C within their study region. However, early life stages are likely even more sensitive
than adults to temperature extremes. In a study of eight mussel species (Pandolfo et al. 2012),
the overall mean LT05s was 27.8 °C, while glochidia and juveniles had mean LT05s of 25 °C
and 29.4 °C, respectively. Temperature exposures averaging just 10.6 °C higher for juveniles
and 5.3 °C higher for glochidia increased mortality from 5% to 50% for the eight species tested
over a 96-h period; chronic exposures are likely to be more detrimental. Coutant (2000), noting
research on the effects of thermal pollution on the physiology of well-fed, cold-blooded
organisms, noted that growth rates typically dropped to zero at 1-2 °C below the temperature at
which direct mortalities began. Unfortunately, due to their critically endangered status, there has
been no research to experimentally document Tar River spinymussel temperature tolerance in the
lab or the field. However, temperatures have been monitored in one of their endemic resident
basins. In 2010, in the upper Tar River basin, channel water temperatures above 30 °C for > 24
h were documented at only two sites, while no site exceeded 31 °C for more than 24 h (Daraio et
al. 2014).
Temperature Model Objective and Metrics
The primary objective of the temperature model is to predict the probability that a stream reach
remains below a specified upper temperature limit. The temperature limit should be set at a level
expected to ensure that conditions are suitable for all life stages of TRSM and their fish hosts.
The limit is not just a temperature value (°C), but also a set of criteria defining when, where, and
how the temperature would be measured. This level of specificity is critical to ensure that the
model can be tested and refined.
The secondary objective of the model is to support conservation planning within an adaptive
management framework. For this reason, the model is structured to reflect hypothesized
relationships between available data and stream temperature regimes. Given the limited
knowledge of how landscape data may predict local habitat conditions, the model incorporates
multiple sources of uncertainty.
Target Definition
Daily minimum temperature, measured at 10 cm below substrate surface, does not exceed 28 °C
for more than 96 hours.
Measurement Recommendations
Stream temperatures are highly dynamic, not just annually and seasonally, but hourly (Caissie
2006; Daraio et al. 2014). Temperatures usually follow a diel cycle, with coolest temperatures
recorded in the early morning (at sunrise) and the warmest temperatures recorded in the late
afternoon to early evening (Caissie 2006). For this reason, if continuous tracking was not
possible, repeated measurements just prior to sunrise might provide a suitable substitute to
measure thermal minima. Furthermore, as temperatures peak in the summer months, sampling
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could be targeted toward July and August. This is also the period when thermal differences
among streams are often most pronounced (Caissie 2006).
Biogeophysical Drivers of Stream Temperatures
Caissie (2006) identified four classes of factors shaping the stream thermal regime: atmospheric
conditions, topography, stream discharge, and streambed. In stream reaches unaffected by
inflows or outflows from tributaries, thermal effluent, or water extraction, these factors together
influence the exchange of heat energy to and from the stream channel. Heat flux at the air-water
surface primarily occurs through radiation (short and long wave), evaporation, and convection.
Of these three processes, radiation, particularly short-wave solar radiation, tends to dominate
total energy flux (Caissie 2006). The energy input from solar radiation is primarily a function of
shading, either by riparian vegetation or channel banks. Stream width and aspect can moderate
the cooling influence of shade structure. Heat flux at the streambed-water interface primarily
occurs through conduction (geothermal heating) and advection (groundwater contributions and
hyporheic flow) (Caissie 2006). These processes have been less well studied but are generally
found to moderate, rather than drive, stream temperatures (Caissie 2006); significant
groundwater contribution or hyporheic flow can reduce temperature variability across multiple
time scales (Arrigoni et al. 2008). Temperatures measured in streams with significant hyporheic
flow also tend to show greater spatial heterogeneity at multiple spatial scales (Arrigoni et al.
2008). An exception to the dominance of air-water fluxes over streambed-water fluxes is
observed in very small, sheltered, shaded headwater streams (Caissie 2006).
Poole and Berman (2001) similarly distinguished between processes that drive versus processes
that moderate stream temperatures, referring to these as insulating versus buffering processes,
respectively. They described how the influence of insulating and buffering processes depends on
the physical characteristics of the channel, riparian zone, and alluvial aquifer. Despite significant
spatial variation, they noted the general trend that as stream size increases, buffering processes
become more, and insulating processes become less important (Poole & Berman 2001).
Groundwater
Groundwater exchange occurs through upwelling of deeper catchment groundwater and through
hyporheic exchange of shallow groundwater. In the Piedmont of North Carolina, groundwater
discharge ranges from 32 to 65 percent of total runoff, based on a study of ten streams (Harned
& Daniel 1987). Such inputs have great potential to impact stream temperature in small, springfed streams, relative to larger streams and rivers that carry the cumulative discharge of all
upstream reaches. Working in Oregon, Arrigoni et al. (2008) found that groundwater-surface
water temperature in streams is complex, because groundwater inputs cannot be simply classified
as having a consistently warming or cooling effect. Instead, temperatures in groundwater fed
streams followed a similar but compressed (less extreme) and time-lagged temperature cycle
relative to non-groundwater fed streams (Stringham et al. 1998; Arrigoni et al. 2008). The
presence of coarse woody debris or other geomorphic features that generate complex bed
topography or channel structure can substantially increase hyporheic exchange and support
complex temperature mosaics within stream reaches (Arrigoni et al. 2008). Conversely,
hyporheic exchange is reduced when streams are channelized or simplified. Seasonal variation is
also evident; for example, Piedmont streams have greater groundwater discharge in winter than
in summer (Harned & Daniel 1987).
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Groundwater moderates seasonal and diel variation in steam temperatures as deep groundwater
maintains a constant temperature year-round (similar to the annual average air temperature +1 to
+3ºC) (Moore et al. 2005). In summer, ground water is typically cooler than stream water during
the day. In winter, groundwater is typically warmer than stream water. Therefore, groundwater
inflow in the summer will lower a stream’s temperature below equilibrium temperatures, and
groundwater inflow in the winter will raise stream’s temperatures above equilibrium.
Groundwater has an increased potential to affect stream water temperature where clear-cutting
occurs above a shallow water table (Moore et al. 2005).
Shading
Riparian forest canopies decrease solar radiation, wind speed, and exposure in a riparian zone.
Moore et al. (2005) reviewed the microclimate and temperature effects of riparian buffers of
small streams (2-3 m wide) in the Pacific Northwest with catchments of less than 100 ha area. In
these Pacific Northwest streams, riparian forest cover has been associated with reduced summer
air temperature (by 3ºC), soil temperature (by 10-15ºC) and stream temperature (by 1ºC), as well
as increased night temperatures (up to 1ºC) and relative humidity (by 5-25%) (Moore et al. 2005;
Brosofske et al.1997). Cooler water (as a result of riparian forest canopy shading) holds more
oxygen and reduces stream metabolism, benefiting the biota living in the streams. Overall,
Moore et al. (2005) noted that the effects of riparian forest (both heating due to removal and
cooling due to presence) would, over an equal distance, be greater for shallow low-velocity
streams than deep, high-velocity streams. The effects of riparian shading may be minimal as
streams become wider than the shadows cast by forest canopy. Finally, the review authors noted
many aspects of geology (e.g. dark stream bed absorbing more energy) and hydrology (e.g.
shallow water table in clearcut areas warming streams through subsurface flow) that could
counteract benefits of riparian vegetation.
Threats that Potentially Alter Stream Temperatures
Any alteration to stream temperature can negatively impact stream ecosystems, but we focus on
threats that increase the probability of high-temperature stress or mortality. Any human activity
that alters the amount of heat energy or the amount of water delivered to a stream will influence
the thermal regime (Poole & Berman 2001). Based on a literature review, Hester and Doyle
(2011) identified seven factors that contribute to warming in streams in summer, potentially
increasing the risk of thermal stress: loss of riparian shading, loss of upland forest, global
warming, reduction of groundwater exchange, increased width to depth ratio, effluent discharges,
and tributary diversion. Caissie (2006) considered four broad categories of anthropogenic
perturbations to stream thermal regimes: thermal pollution, deforestation, flow modification, and
climate change. Poole and Berman (2001) considered similar processes, but went further by
creating a path diagram (Poole & Berman 2001: Figure 4) of how five human activities (riparian
management, upland management, water withdrawal, channel engineering, and dam operation)
interact to increase water temperatures and reduce stream habitat quality.
Kelleher et al. (2012) studied the thermal sensitivity of streams to changes in air temperatures
and other site conditions. They distinguished between local thermal controls determined by site
conditions (e.g. vegetation, topographic shading, and anthropogenic heat input) and non-local
controls determined as the sum of all upstream influences (e.g., heat accumulation and
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groundwater inputs). Working in Pennsylvania, they found that air temperature, base flow, and
stream order were strong indicators of thermal sensitivity (i.e., relative sensitivity of stream to air
temperature changes), and that the influence of factors such as shading and groundwater inputs
were greatest in low-order streams (Kelleher et al. 2012).
Water Extraction
The practice of withdrawing ground or surface water, usually for industrial, municipal, or
agricultural use, can affect the temperature regulation of streams. If flow is reduced, a stream’s
ability to buffer temperature fluxes (thermal assimilative capacity) is reduced (Poole & Berman
2001). Generally, agricultural irrigation practices are associated with decreased stream flow and
increased water temperature, as irrigation diverts stream water from its natural course toward the
agricultural crop. However, cooling effects are also possible if warm surface waters, diverted for
irrigation, return to the stream through subsurface flow stream (Stringham et al. 1998).
Heated Surface Runoff
Urban areas function as heat sinks, absorbing solar energy (Wheeler et al. 2005). In Durham,
North Carolina, urban impervious surfaces reach temperatures 50 °C higher than air
temperatures, which in turn were up to 12 °C higher than air temperatures in a nearby forested
park (Somers et al. 2011). Rainfall that passes over these heated impervious surfaces, rather than
penetrating to the groundwater, absorbs and transfers this heat energy to urban streams (Pickett
et al. 2001). The sudden input of heated water, if extreme, can kill stream fauna directly. More
commonly, however, increase in runoff temperature will affect seasonal and diel temperature
dynamics, with urban streams showing higher summer and lower winter temperatures than
forested streams (see review by Paul & Meyer 2001). Somers et al. (2011) observed similar
baseflow temperature regimes between urban and forested streams, but observed that urban
streams experienced rapid temperature increases up to 4 °C following rainfall, a forested stream
in the same area decreased in temperature for the same period.
Road-stream crossings are one common entry point for surface water to enter streams (Andersen
2002; Levine et al. 2003; Wheeler et al. 2005). Fifty percent of the US land area is within 382 m
of a road (Riitters & Wickam 2003) and where these roads cross streams and floodplains, they
have direct and persistent effects on streams (Wheeler et al. 2005). Road crossings cause an
increase in streams’ daily average temperatures, the variability of diurnal temperature ranges,
and storm temperature surges. Road crossing densities have also been noted to increase streams’
residual temperatures. A study of crossings in North Carolina found no significant difference
between upstream and downstream temperatures when static measurements were taken at or near
base flow (Levine et al. 2003). However, these authors noted that only continuous monitoring
devices or storm surge samplers provide the resolution for testing dynamic water quality impacts
of roads.
Release of Thermal Effluents
Many industries, but particularly the electric utility industry, use water for cooling and then
release the heated water back to surface waters (Moore 1958; Coutant 2000). In the past, streams
could be subjected to extreme thermal loads which would decouple stream and air water
temperatures and alter seasonal temperature cycles (Moore 1958). Today, however, such aspects
as the location, timing, volume, and temperature of the thermal effluent are regulated under the
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Clean Water Act (CWA), Section 316(a) (Coutant 2000; Pub. L. No. 92-500, 86 Stat. 816
(codified as amended at 33 U.S.C. §§ 1251-1376 (2002)). These regulations have been
established to manage exposure to potentially lethal or stressful temperatures or temperature
changes by minimizing changes to ambient temperatures or maintaining temperatures within
ranges assumed to be ecologically appropriate for the receiving system (Coutant 2000). With
these regulations in place, there may be reduced risk to aquatic environments, given that the
regulations are designed to be precautionary to protect the receiving waterbody’s “balanced,
indigenous population” (CWA 40 C.R.F, Part 125, subpart H). However, the sensitivity of Tar
River spinymussels to permitted thermal effluents relative to those species selected as indicators
of environmental health remains unknown. Furthermore, review of the state’s thermal permitting
system, in 2011, concluded: “Due to procedural lapses… it cannot be determined whether waters
are protected from harmful environmental effects caused by thermal discharge” (USEPA 2011).
Bayesian Network Temperature Model
In the temperature BN model (Figure 3.1), the spatial data variables link to the response variable
via four intermediate nodes. These intermediate nodes represent mechanisms that either
maintain natural stream conditions or that artificially increase stream temperatures. Extract
(water extraction) represents the threat due to reduced discharge following withdrawals for
irrigation, industrial uses, water treatment, and other anthropogenic activities. The effects of
water withdrawal are modeled as cumulative, with all upstream activity impacting a given reach.
Pulse (pulsed inputs) represents the threat due to temporary peaks in stream temperature, such as
those expected due to runoff in areas with high area of heated impervious surface. We modeled
pulsed temperature threats as short-distance effects, predicted by conditions within the
catchment. The Sustain (sustained inputs) node, which represents the threat of sustained
elevated temperatures, also reflects the expected impacts of heat-island effects, but then
incorporates data on thermal effluent permits. We also modeled sustained temperature threats as
short-distance effects, predicted by conditions within the catchment or distance from the nearest
upstream permitted effluent source. The Buffer (buffering capacity) node incorporates those land
cover or stream characteristics known to correlate with stream temperatures and which can be
mapped with available spatial data. The modeled scale for the associated spatial data ranged
from the local catchment (stream order and groundwater input) to 5 km upstream distance
(percentage of riparian zone mapped as forest land cover). The probabilities of the various
threatening and buffering conditions being present jointly determine the probability that a
specific site maintains suitable water temperatures for the Tar River spinymussel.
With input from mussel experts and local water resource managers, we identified two individuals
most knowledgeable of local stream temperature data and dynamics. Together, these individuals
offered 45 years’ experience participating in various aspects of water temperature management,
with 21 of those years focused on issues in the Tar and Neuse river basins. The experts differed
in both the resources from which they drew their knowledge and the distribution of their
knowledge among the topics they were asked to address (Figure 3.2). Although both experts
gained the majority of their knowledge from direct observation and working with water
temperature data, this work was primarily as components of monitoring and permitting
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Figure 3.1 Graphical depiction of Bayesian network created in Netica. Nine spatial data layers
together inform the probability of suitable temperatures. The overall probability is depicted
as a function of three threats (water extraction [Extract], pulsed inputs
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Figure 3.2. Comparison of experts' knowledge resources. The majority of available knowledge comes
from data related to water quality monitoring and permitting, as well as efforts to remain educated on
current issues and methods in the published literature. Available knowledge is greater for land cover and
point source thermal pollution than for groundwater influence and water withdrawal impacts. This
knowledge trend in part reflects the quantity and quality of available spatial data.
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programs, rather than research testing relationships between landscape data and temperature
conditions. Informed of each other’s identity, these experts anticipated that they would offer
different perspectives and opinions regarding stream temperature regimes.
From each expert, we elicited judgments regarding a total of 55 scenarios (22 Extract, 9 Pulse, 9
Sustain, and 15 Buffer scenarios) and generated estimated beta coefficients for logistic
regressions (Table 3.1). Responses from both experts indicated a significant and negative effect
of increasing urban and agricultural land cover. Responses indicated no significant relationship
between road density information or stream order information and the probability of remaining
below the temperature threshold. For all other variables, experts’ responses differed.
In review, both experts verified the representation of their knowledge as conditional probability
distributions within Netica and in the resulting maps. Furthermore, they confirmed that modeled
differences corresponded to personal differences regarding relationships between the spatial
information and the degree of threat to temperature regimes within the Tar and Neuse river
basins.
For any randomly selected site within the Tar or Neuse river basins, given available data for
individual threats and buffer, Expert One generally predicted a lower probability of suitable
temperature than Expert Two (Figure 3.3). Differences between the experts’ predictions were
most pronounced for the Extract and the Buffer components of the model. While Expert Two
rarely predicted the probability of suitable temperature to fall below 0.5, Expert One’s scenario
judgments indicated that that threshold exceedance was probable (probability of suitability < 0.5)
under certain conditions related to high extraction threat (e.g., high urban and agricultural land
cover) or low buffer potential (e.g., low forest riparian cover).
When combined with equal weight, experts’ judgments predicted a high probability of suitable
temperatures. Given spatial data information pertaining to threats, the probability of suitable
temperature remained above 0.5 (Figure 3.3, A-C). Given spatial data pertaining to buffer
potential (Figure 3.3, D), approximately 25% of the reaches within the Tar and Neuse river
basins were predicted to exceed the temperature threshold.
When we combined the predictions of the component models, the results were high probabilities
of suitable temperature for all sites (Figure 3.4). Visualized on the landscape, the lowest
probability values occur in highly urbanized areas, consistent with experts’ prior expectations
(Figure 3.5). These were the primary areas where the predicted probability of suitable habitat in
some stream reaches fell below 0.5. With the exception of urban areas, the probability values in
the Coastal Plain tended to be lower than in the Piedmont, primarily due to the large amount of
agriculture in the Coastal Plain. Patterns of certainty, based on mapped standard deviation
values, were less clearly distinguished, but areas with lower probability values generally were
associated with higher standard deviation values (Figure 3.5).
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Table 3.2. Beta coefficients for logistic regression generated in Elicitor and applied within Netica to calculate the
intermediate node values given spatial information. Significance codes: <0.0001 = ***, 0.0001 – 0.001 = **,
0.001 – 0.01 = *, and >0.1 = ns.
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Figure 3.3. Probability density plots for the four intermediate nodes: Extract (A), Pulse (B), Sustain (C), and
Buffer (D). These are the probability values estimated for all 500‐m reaches in the Tar and Neuse river basins.
Predictions of the individual experts are shown in black and the combined (equally weighted) prediction is
shown in blue. Validation data are shown below the x‐axis.
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Figure 3.4. Probability density plot of the predicted probability of suitable temperature regime given all spatial
information and combined expert judgments. The red and blue lines indicate probability given partial
information (individual threats and buffer, as shown in Figure 3.3). The black line indicates the final response: the
predicted values for all HUC12 catchments in the Tar and Neuse river basins.

Figure 3.5. Map of expert‐based probability of suitable temperature regime. Mean (left) and standard deviation
(right) of predicted values for catchments are shown. Black triangles indicate approximate locations where Tar
River spinymussel has been observed.
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We validated both the component models and the final model. Of the four component models,
only the Buffer model (Figure 3.6) generated prediction values which corresponded to
observations from temperature loggers in reaches of the Tar and Neuse river basins. In this case,
the majority of sites predicted to have ≤ 0.5 probability of maintaining suitable temperatures
were observed to exceed the 28°C threshold for at least 96 hours at least once during the two
year study. Of the sites observed to remain below the threshold value, all but three had been
predicted to have ≥0.5 probability of suitable habitat. In the remaining three component models
(Figure 3.3), similar comparisons indicated no significant differences between the mean
predicted values for sites that were observed to exceed versus sites that did not exceed suitable
temperatures.
Similarly, no significant differences were observed between the predicted values of sites with
versus without TRSM detections (Figure 3.7). Although all but one TRSM detection occurred at
sites with ≥0.5 probability of suitable temperature, so too did the majority of no detections. The
mean predicted probability of suitable temperature was slightly lower for the detection sites than
the non-detection sites.
Discussion of Temperature Model
These temperature models highlight characteristics of uncertainty typical of models for rare,
endemic species with limited available data. For the Tar and Neuse river basins, neither
empirical data nor expert knowledge clearly define: (1) which land cover or point-source features
exert an influence that is consistently measurable at landscape scales, (2) at what scale relevant
landscape data should be summarized to capture any influence, (3) what specific empirical
metric(s) may distinguish between suitable versus unsuitable conditions, and (4) what threshold
value should be set for such metric. However, data and knowledge of stream processes, mussel
habitat, and mussel physiology provide imprecise information to develop a model to serve as a
starting point. The model presented here thus offers several opportunities to improve mussel
knowledge and management relative to conservation.
Opportunities to Refine Model Inputs
During elicitations, experts identified some variables as possibly important, but poorly
represented to effectively parameterize a landscape-level mussel model. Water withdrawal
threats, for example, were considered a possible concern, but the current method to permit and
document water use did not provide information at a scale or in a format useful for making
inference about variability in water temperature threats over broad spatial scales. Experts
commented upon the likelihood of many small withdrawals (not requiring permits) to
cumulatively result in a greater impact than a single large withdrawal. They also mentioned that
in many cases the water withdrawn is later returned to streams. This, combined with the fact that
much of the water withdrawn from wells could be returned as surface water in a different
catchment, reduces the value of the water use permit databases as a tool for ecological inference.
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Figure 3.6. Comparison of observed versus predicted values for probability of suitable temperatures given
temperature buffer information. Of the four component models, only Buffer predictions corresponded to the
observed data at the given threshold definition for temperature suitability.
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Figure 3.7. Comparison of predicted probability of suitable temperatures at sites with and without Tar River
spinymussel detections. Data from North Carolina Wildlife Resources Commission mussel surveys during 1960
to 2010.

The absence of groundwater data resulted in a significant gap in our ability to model the
buffering capability of streams. While base flow data provide some indication of cumulative
groundwater inputs, experts at the design workshop indicated that mussels may occupy sites with
locally high input of groundwater. Thus, cumulative flow, which may warm with exposure to
solar energy, may not be the critical thermal influence, but rather the presence of interstitial
water with cooler, more stable temperatures may be a dominant or important influence on mussel
occupancy. Although Waterfall models contain data to calculate the additional flow volume in
each reach as an increase in base flow, the metrics have not correlated well with empirical data.
Efforts to improve maps distinguishing reaches with high versus low groundwater inputs could
improve models of Tar River spinymussels and other thermally-sensitive fluvial benthic species.
Opportunities to Refine Temperature Threshold Definition
To serve in an adaptive management context, models must meet certain criteria including the
clear definition of measurable outcomes. This is also true as criteria for eliciting expert
knowledge regarding thresholds. Our expert-based models are descriptive, intended to provide
support for future decision models. Therefore, our predictions of habitat suitability required
clear statements of suitability thresholds. As stream temperatures are dynamic in time and
heterogeneous in space at multiple scales, it is necessary to state not only (1) what to measure
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and (2) by what means, but also (3) when and for what duration and (4) in what specific location
(e.g., water column, bed surface, or subsurface). This specificity is beyond current mussel
knowledge; therefore we set a conservative threshold for this initial modeling exercise. Initially,
during elicitations, it seemed that this threshold may in fact have been too conservative. Experts’
responses indicated that they rarely expected unsuitable conditions given the stated definition of
a suitability threshold. However, temperatures recorded in the field did indeed exceed the stated
temperature threshold at some locations. Gathering additional data through paired field and
laboratory studies would make a valuable contribution toward refining the threshold definition
(e.g., Is this the correct threshold for Tar River spinymussel?) and refining the relationships
between spatial data and suitability predictions (e.g., Are these the correct data at the correct
scales to accurately predict where the threshold is likely to be exceeded?).
Our final temperature model generated predictions which accurately distinguished suitable from
unsuitable sites given the current threshold. However, Tar River spinymussel detections
occurred across the full range of suitability. We interpret this from two perspectives. First,
although the model predicts temperature well, it may be predicting for a threshold that is not
appropriate for the Tar River spinymussel. Thus the temperature suitability gradient represented
spatially in the maps likely represents true gradients (accurately capturing cool to warm trends)
and the mean predicted probability of exceeding this specific temperature may be accurate, but
these probabilities should not yet be taken to indicate suitability for Tar River spinymussel.
Second, there remain some significant knowledge gaps regarding the availability and quality of
spatial data relevant to predicting mussel habitat. Efforts to model groundwater input, in
particular, could be valuable to improve mussel habitat models. These findings represent a
rigorous first step in thermal habitat suitability modeling for a cryptic, rare, and imperiled mussel
species, which proved useful for predicting thermal habitat within river basins. We look forward
to future advances in ecological and biological knowledge and modeling approaches to build and
improve on this accomplishment.
Probability of Suitable Water Quality
State of Knowledge of Water Quality Thresholds
Water quality is a primary defining characteristic of the chemical condition of a stream and poor
water quality has been implicated as a primary driver of mussel declines and extirpation (Neves
et al. 1997; Bogan 1993; Downing et al. 2010). In the absence of significant anthropogenic
alteration, water quality is primarily a function of a regional and local geology, hydrology, and
vegetative cover. Johnson et al. (1997) partitioned landscape influences on water quality into
three broad categories: land use, geology/structure, and other human influenced factors. They
noted that these categories are partially dependent; geological and structural elements of the
landscape limit what land uses dominate region. Kwak and Freeman (2010) identified five
primary aspects of water quality that can be altered through anthropogenic influences:
temperature, dissolved oxygen, nutrients, minerals, and contaminants. In general, in the surface
waters of North Carolina, the basic nutrients and minerals necessary for mussel growth and
reproduction are not suspected to be limiting factors (TRSM Sanctuary Workshops 2009 & 2010,
unpublished data). Rather, water quality related impacts on mussel health, reproductive success,
or behavior are generally assumed to be the result of one or more environmental contaminants
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(TRSM Sanctuary Work Group 2009, 2010; TRSM BN Design Workshop 2011; Cope et al.
2008).
In North Carolina, there have been striking examples of localized mussel extirpation following a
pollution event (e.g., Fleming et al. 1995). Recent studies of watersheds in North Carolina
known to support endangered mussel populations found elevated levels of copper, ammonia, and
chlorine (Ward et al. 2007) and pharmaceuticals (Sackett et al. 2015). However, teasing out the
specific threats to particular species has been challenging because sensitivity to any given
contaminant is highly variable based on mussel life stage, pathways of exposure, and the
duration and frequency of exposure, as well as associated environmental factors (e.g.,
temperature, pH) (Augspurger et al. 2007; Grabarkiewicz and Davis 2008; Cope et al. 2008). In
discussion of TRSM in the Tar and Neuse river basins, experts emphasized the challenge of
identifying specific contaminant threats in a field setting, especially in the absence of a known,
proximate, point source (e.g. waste water outfall, pollution event) (TRSM Sanctuary Work
Group 2009, 2010; TRSM BN Design Workshop 2011). There is great diversity in the potential
contaminants – each requiring different tests to determine the quantity present.
Toxicity tests of mussels have been completed under laboratory conditions for a variety of
contaminants, including metals (e.g., Naimo 1995; Gillis et al. 2008, 2010; Wang et al. 2007a,
2007b, 2009, 2010; Jorge et al. 2013), pharmaceuticals (e.g., Bringolf et al. 2010), hydrocarbons
(e.g., Manoli & Samara 1999), ammonia (e.g., Augspurger et al. 2003; Newton & Bartsch 2007;
Wang et al. 2008), pesticides (e.g., Keller and Ruessler 1997; Bringolf et al. 2007a, b), and
others (e.g., Milam et al 2005). Results of acute and chronic testing have established suggested
thresholds for lethal levels of contaminants, but have also demonstrated potential for sublethal
effects of many contaminants. Examples of observed sublethal effects include reduced growth
(e.g., Bringolf et al. 2007a, b; Newton & Bartsch 2007), failed reproduction, and changes in
behavior (Bringolf et al. 2010; Leonard et al. 2014). In aquatic environments, mussels are
exposed to multiple contaminants through water and sediments (Cope et al. 2008). Many of the
potential contaminants lack national or state water quality criteria or standards. Where standards
or thresholds exist, these may not be adequate to protect mussels (e.g., Augspurger et al. 2003;
Wang et al. 2008, 2010, 2011), particularly if stresses from multiple contaminants or other
threats are combined. Only recently have techniques been developed that effectively monitor
sublethal effects and physiological stress levels which could impact growth and reproduction
(Gillis et al. 2014). Methods that allow stress levels to be monitored in situ are especially
valuable because these allow stronger inference about possible cumulative, sublethal effects of
exposure under natural conditions rather than in laboratory tests (Gillis et al. 2014; Van Hassel &
Farris 2006; Yeager & Yeager 2006).
While there have been significant advances in recent years to develop toxicity thresholds
appropriate for mussel conservation (Keller et al. 2006; Augspurger et al. 2007; ASTM 2006;
Hinck et al. 2011), research of landscape-scale water quality correlates remains limited. Point
release of known contaminants is regulated, but the majority of ecosystem-based research has
focused on site conditions. Paired upstream/downstream measures around an outfall have
primarily focused on threat detection, rather than characterizing the landscape or environmental
factors that aggravate or mitigate threats from these point sources at larger spatial and time
scales. Land cover, as an indicator of nonpoint or more general sources of contaminants, has
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been shown to influence water quality at multiple spatial scales (Roth et al. 1996; Johnson et al.
1997). The percentages of agriculture, urban, forest, or wetland cover in catchments of various
extents have been observed to correlate with a variety water quality parameters (Johnson et al.
1997). Riparian vegetation serves as a source for leaf litter and woody debris that support the
aquatic food web and, in some cases, acts to filter contaminants (Dosskey et al. 2010). High
percentages of agricultural and urban land cover are consistently associated with reduced water
quality. For example, a recent national survey of organic wastewater contaminants at 139 sites
downstream of known urban and agricultural centers found a median of seven and up to 38
organic wastewater contaminants (pharmaceuticals, polycyclic aromatic hydrocarbons,
pesticides, detergents, etc.) present (Kolpin et al. 2002).
Unfortunately, no broadly evaluated predictive or consistent relationship between landscape
metrics (point source or non-point source spatial data) and contaminant threat has emerged,
likely due to the complex pathways by which mussels become exposed to contaminants, regional
variation in stream biogeochemistry, and temporal variation in water quality. The scale of
analysis that produces the strongest correlation (e.g., catchment versus riparian, immediately
upstream versus all upstream area, etc.) varies by magnitude of source and study region. Such
variance results from how factors such as stream substrate, regional geology, and precipitation
patterns influence the connectivity between landscapes and streams. Similarly, measures of
water quality (e.g., nutrient loads, alkalinity, total dissolved solids, etc.), like other measures of
stream condition vary seasonally (Johnson et al. 1997), thus the characteristics of contaminant
exposure vary seasonally with cycles of land management activities (e.g., fertilization,
harvesting) and hydrology (e.g., precipitation and flow dynamics). Therefore, relationships
between landscape scale variables (e.g., geology, land use, etc.) and these in-stream metrics can
vary throughout the year (Johnson et al. 1997). Johnson et al. (1997) observed that correlation
strength between catchment scale characteristics and water quality metrics is likely a function of
the seasonal and annual hydrologic fluctuations. Österling and Högberg (2013) found no
relationship between Spring water chemistry characteristics (turbidity, water color, pH,
alkalinity, conductivity, hardness, and total phosphorus) and any land cover feature. They
evaluated eight land cover classes at four spatial extents, combining two length extents (whole
watershed versus only upstream area) and two buffer width extents (50 m and 150 m on both
banks). In contrast, Jones et al. (2001) found multiple strong correlations between watershed
landscape metrics and the total nitrogen, total nitrate, total ammonia, dissolved phosphorus, and
total phosphorus measured in mid-Atlantic watersheds. As a result of such strong spatial and
temporal variability, research conclusions regarding the scale or strength of relationships
between landscape metrics and site conditions are usually regionally specific and nontransferable.
Unless specific contaminants or limiting nutrients are suspected and monitored, indices of
biological integrity and effluent toxicity tests have been the primary means to survey or monitor
water quality in terms of supporting aquatic life. Only recently have promising methods
developed to test mussel physiological stress in-situ (e.g., Ftritts et al. 2015). Indices of
biological integrity may focus on invertebrate and/or vertebrate populations and typically
incorporate measures of diversity, abundance, and the occurrence of indicator taxa or species
(Karr 1991). Although mussels have been used as possible biological indicators (Grabarkiewicz
& David 2008; Van Hassel & Farris 2006), most indices only utilize insect or fish data
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(NCDENR 2013). In North Carolina’s Piedmont region, streams with different dominant land
cover (forest, agriculture, and urban) exhibit differences in water quality and corresponding
differences in invertebrate communities (Lenat & Crawford 1994).
Water Quality Model Objective and Metrics
The primary objectives of the water quality model are to predict the probability that a stream (1)
provides the nutrients, minerals and oxygen levels necessary for TRSM growth and reproduction,
and (2) remains free of chemical contaminants at concentrations and frequencies that would
impair growth or reproduction. The model documents hypothesized relationships between
spatial data resources and the suitable water quality conditions for long-term mussel survival,
growth and reproduction. Spatial data that document land uses and pollution permits are
modeled as possible drivers of, and correlates with common classes of contaminants (i.e.,
excluding some aspects of water quality such as sediment pollution or low dissolved oxygen).
Although expert knowledge provided the lists of potential contaminant classes and identified
potentially useful spatial data resources, experts were not elicited for quantitative estimates of the
probability of maintaining suitable water quality. Expert knowledge was insufficient to define
relations in terms more precise than statements such as “increasing urban area increases the
probability of contaminants” given the current resolution of landscape data, the complexities of
pollutant source-landscape interactions, and paucity of pollutant-specific mussel toxicity
thresholds.
The secondary objective of the model is to support conservation planning within an adaptive
management framework. For this reason, the model is structured to reflect hypothesized
relationships between available data and stream chemistry regimes. Given the limited
knowledge of how landscape data may predict local habitat conditions, the model incorporates
multiple sources of uncertainty. The model should be viewed more as a set of hypotheses to
guide monitoring and research efforts than a predictive model to support decisions with precise
estimates.
Target Definition
Score a biological index value of “Excellent” using the North Carolina Index of Biotic Integrity
(NCIBI: NCDENR 2013).
Confirm presence of a reproductively successful population of an associated mussel species (e.g.,
Yellow Lance, Elliptio lanceolata; Atlantic pigtoe, Fusconaia masoni) OR survival and growth
of captive bred juvenile TRSM introduced and monitored for one year.
Measurement Recommendations
Ideally water and/or sediment samples could be collected and sent for analysis of the full
spectrum of nutrients, minerals, and contaminants. However, the list of targeted chemical
analytes is still incomplete and, even if known, the costs of such extensive analysis would likely
be prohibitive. Also, very few acute and no chronic toxicological tests have been conducted on
TRSM due to their endangered status; so specific thresholds for this species are undefined for
most pollutants. Furthermore, water quality measures are highly variable in time in response to
temporal patterns in natural events (e.g., precipitation, vegetation growth and senescence) and
anthropogenic activities (e.g., agricultural cycles). Therefore, metrics that reflect water quality
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over a longer period of time may be more appropriate to distinguish sites with suitable versus
unsuitable chemical environment for a given mussel species and to test model predictions.
Indices of biological integrity often incorporate sentinel species with known sensitivities to poor
water quality. Several of these indices are well-established and regularly used to monitor water
quality (Karr 1991). North Carolina maintains procedural guidelines for biological assessment
and monitoring of aquatic resources (NCDENR 2013). These guidelines include an Index for
Biological Integrity that scores wadeable streams based on the structure and health of the fish
communities (NCDENR 2013). We usedthe fish community survey, as this would also provide
information regarding the presence of suitable host species. Twelve metrics in the NCIBI
incorporate information related to species richness and composition, pollution indicator species,
trophic composition, fish abundance, fish condition, and reproductive function. A final score of
“Excellent” indicates conditions “comparable to the best situations with minimal human
disturbance; all regionally expected species for the habitat and stream size, including the most
intolerant forms, are present along with a full array of size classes and a balanced trophic
structure” (NCDENR 2013, p. 9).
Indices predict habitat quality generally for aquatic communities (Lenat & Crawford 1994), but
not the habitat suitability for species individually. Also, while the Index for Biological Integrity
can indicate the presence of high quality waters (i.e., minimal contaminants), it cannot indicate
whether the chemical composition of the water is sufficient to provide the full suite of nutrients
and minerals to sustain mussel populations. Therefore, given the objective to establish a model
that can support adaptive management of a given species, it would be important that any
validation effort also gather direct information on the target species or a closely
associatedspecies. In-situ measures of physiological stress would be valuable in this context
(Fritts et al. 2015). Such information could be obtained through mussel surveys with observation
of healthy populations of associated species and/or monitoring of hatchery reared TRSM
released to validation sites.
Threats that Potentially Alter Stream Chemistry
Eutrophication
Historically, eutrophication has been recognized as a primary cause of surface water impairment
nationally (USEPA 1996; Carpenter et al. 1993). The primary sources of nitrogen and
phosphorus enrichment leading to eutrophication are human and animal waste and the
application of fertilizers to farms, lawns, and other green spaces. Many Unionid species are
susceptible to eutrophication, primarily via the indirect effect of reduced oxygen (hypoxia) as
primary productivity and decomposition increase (Carpenter et al. 1998).
While point sources of nutrient pollution from wastewater effluent account for the majority of
nitrate and phosphate entering urban streams, nonpoint sources have the greatest impact overall
(Bennett et al. 2001; Carpenter et al. 1998). Agricultural and urban developments (both
residential and industrial) are major nonpoint sources of nutrients entering in aquatic systems
(Carpenter et al. 1998). The inputs of nutrients to agricultural fields in the forms of
agrochemicals and manure often exceed the amount exiting the fields through harvest. Nutrient
exports from agricultural fields are higher for manure than agrochemical applications and,
though the range overlaps, generally higher in sandy soils than in loam or clay soils (Carpenter et
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al. 1998). Richards and Host (1994), comparing streams within watersheds with variable forest,
agriculture, and urban land cover, measured a positive correlation between algal cover and two
measures of development: percentage of urban land cover and housing density. Jones et al.
(2001) used mean annual water quality measures and calculated metrics for watershed area
upstream from the sampling gauges. In general, results were as expected, with water quality
nutrient metrics being negatively correlated to riparian forest and wetland cover and positively
correlated with urban and agricultural land cover and road density and proximity metrics. The
authors also noted a significant contribution of atmospheric nitrogen deposition to both total
nitrogen and total nitrates.
Point source nutrient pollution from municipal, agricultural, and industrial wastewater effluent is
managed through permitting based on human health and aquatic life standards and the
characteristics of the receiving water body. However, effluent pollution still accounts for the
majority of nutrient inputs in urban areas (Carpenter et al. 1998) and the effects can be evident
over broad reaches, depending on factors such as discharge volume and water temperature.
Goudreau et al. (1993) found evidence of wastewater inputs up to 3.7 km downstream of effluent
release points in the Clinch River, Virginia. High density livestock production results in large
amounts of animal waste (Burkholder et al. 2007) and permitting systems also exist to manage
waste storage and disposal from animal production. Storage facilities pose potential threats if
located on lands that experience high erosion, high surface runoff, frequent flooding, or highly
permeable soil characteristics (Pionke et al. 1997; Burkholder et al. 2007). However, much of
this waste is ultimately disposed of by distribution over agricultural fields from which it can be
transported into adjacent surface and ground waters during precipitation events. Efforts to
dispose of such large volumes of waste can result in applications that far exceed the needs of
crop production (Carpenter et al. 1998).
Toxic Contaminants
As part of efforts to establish standard guidelines for chronic and acute toxicity testing with
mussels, there has been an increase in the both the quantity and quality of information regarding
mussel sensitivity to various contaminants (Cope et al. 2008; Augspurger et al. 2007). New
evidence indicates that mussel behavior and their unique life history leads to exposure not only
from surface waters, as traditionally assumed, but also sediments, pore water, diet, and host fish
tissue (Cope et al. 2008). Thus, the complexity of testing to establish appropriate thresholds for
potential contaminants has increased exponentially; acute toxicity tests of adults held in water
under laboratory conditions likely underestimate contaminant exposure risks (Cope et al. 2008;
Augspurger et al. 2007). Predictive relationships between landscape metrics and contaminant
thresholds for individual species are generally unknown. Most landscape scale research has
instead focused on overall mussel abundance and biodiversity. Very rare, endemic species, such
as the TRSM, are generally excluded from laboratory testing due to their endangered status and
often excluded from landscape analyses because they are present in too few samples to draw
statistically sound conclusions.
Pesticides
Pesticides (primarily herbicides, insecticides, and fungicides) represent a pervasive non-point
source threat to water quality (Gilliom et al. 2006; Ryberg et al. 2010) and are common in both
urban and rural settings (Grabarkiewicz & David 2008; Hopkins & Hippe 1999). Pesticides
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applied to crops, lawns, open green space, and right-of-ways are often transported via runoff into
waterways where they can adversely impact mussels directly and indirectly through impacts to
stream vegetation, fish hosts, and food web dynamics. Mussel sensitivity to various pesticide
compounds varies widely by species, life stage, and exposure pathway (Grabarkiewicz & David
2008; Bringolf et al. 2007a; Bringolf et al. 2007b; Keller et al. 2006).
Pesticides are one of the few classes of contaminants that have been the subject of research to
identify landscape scale predictors of pesticide threat. Experts associate the presence of urban
and agricultural landscapes with heightened risk of pesticide contamination impacting mussels.
A national review of water quality data (Gilliom et al. 2006) found evidence of pesticides or their
degradates in every stream sampled. Though generally detected at levels considered safe for
aquatic life, even undeveloped streams frequently had one or more pesticide compound present
(Gilliom et al. 2006). Pesticide concentrations varied temporally in correspondence to seasonal
applications and precipitation events (Gilliom et al. 2006). Hopkins & Hippe (1999) found that
stream pesticide concentrations increased as the percentage of pesticide-associated land uses in a
catchment increased. They divided pesticides into three classes (selective pre-emergent
herbicides, non-selective herbicides, and insecticides) and associated various land cover classes
(e.g., residential lawns, utility right of ways, row crops, etc) with one or more pesticide class.
Landscape data were most useful to predict variance in the concentration of pre-emergent
herbicides (Hopkins and Hippe 1999).
Heavy Metals
Sublethal exposure to heavy metals can inhibit mussel growth, filtration efficiency, enzyme
activity, and behavior (Naimo 1995; Keller et al. 2006). Mussels are exposed to heavy metals
dissolved in the water, associated with suspended particles, and in bottom sediments and
associated pore water. As different life stages spend different amounts of time at the surface
versus burrowed and filtering flowing waters versus pore water, exposure risks to various metals
vary through an organism’s life history (Naimo 1995). In Piedmont streams, the total and
maximum average concentrations of selected heavy metals varied between water column and
sediment samples (Lenat and Crawford 1994). Furthermore, the bioavailability and toxicity of
metals are influenced by water and sediment chemistry (Adams & Chapman 2007; Fairborther et
al. 2007; Naimo 1995).
Regarding heavy metal contaminant sources and adverse impacts to mussels, cadmium, copper,
zinc, lead, and mercury appear most commonly in the published literature (Grabarkiewicz &
David 2008; Naimo 1995; Wang et al. 2010). These heavy metals enter aquatic systems through
a variety of pathways. Cadmium occurs in mine drainage, industrial discharges, pesticides, and
urban runoff (Grabarkiewicz & David 2008). Copper, one of the most common heavy metal
contaminants in aquatic systems, has been associated with mine drainage, industrial discharges,
and urban runoff (Grabarkiewicz & David 2008; Lenat and Crawford 1994). Zinc has been
associated with similar sources (Grabarkiewicz & David 2008). Mercury contamination is
attributed to pesticides, hazardous waste disposal, waste incineration, and fossil fuel combustion
(Grabarkiewicz & David 2008; Sackett et al. 2009). In North Carolina, the percentage of
agricultural land use in a watershed has been positively associated with increasing mercury
contamination of fish (Sackett et al. 2009) and high total metal concentrations (Lenat &
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Crawford 1994). Urban land use has been specifically associated with high average
concentrations of chromium, copper, and lead in Piedmont streams (Lenat & Crawford 1994).
Polycyclic Aromatic Hydrocarbons
Polycyclic aromatic hydrocarbons (hereafter, hydrocarbons) are a diverse and widespread suite
of organic pollutants. The US Environmental Protection Agency has identified sixteen
hydrocarbons as priority pollutants due to known human health risks (Manoli & Samara 1999).
Atmospheric deposition is a primary pathway for hydrocarbons to enter surface waters. Aside
from natural atmospheric deposition (e.g., volcanic eruptions, forest fires, etc.), hydrocarbons are
produced though fossil fuel combustion, waste incineration, coke and asphalt production, oil
refining, and other industrial processes (Manoli & Samara 1999). They enter aquatic systems
primarily through atmospheric fallout, urban runoff, municipal and industrial effluents, and
spills.
Research of hydrocarbons in relation to landscape patterns has primarily focused on the density
and distribution of impervious surfaces, tracking the origin of petroleum hydrocarbons back to
urban land uses (commercial, industrial, and residential) and roadways (Latimer et al. 1990;
Hoffman et al. 1982). Products identified in Narragansett Bay primarily included materials used
as lubricants and fuels (Latimer et al. 1990). Input to local waterways is largely pulsed with
precipitation runoff (Hoffman et al. 1982; Latimer et al. 1990). Although overall these
petroleum sources may generate only a proportion of the PAHs observed in aquatic systems,
research has shown that they have higher bioavailability to freshwater mussels than the more
common PAHs produced through combustion (Thorsen et al. 2004).
Ammonia
Ammonia is another common surface water contaminant. Introduced to aquatic systems through
wastewater discharge and agricultural and residential runoff (Grabarkiewicz & David 2008),
high ammonia levels have long been associated with downstream mussel poor condition
(Augspurgr et al. 2003, Gangloff et al. 2009; Horne and MacIntosh 1979) and extirpations
(Goudreau et al. 1993). Sub-lethal behavioral and metabolic changes have also been
demonstrated that could have significant long-term effects on mussel fitness and population
health (Leonard et al. 2014). The toxicity of ammonia itself is dependent upon temperature and
pH (USEPA 2013). The USEPA’s water quality criteria for ammonia were recently revised
(USEPA 2013); freshwater mussel species are among the most sensitive in the dataset used to
establish the new national recommendations.
Establishing linkages between landscape characteristics and ammonia can be difficult as the
because of the particulate dynamics and the temporal scale of transport dynamics (Johnson et al.
1997). In one recent study, road density, a proxy variable for development intensity (with
associated sewer and waste disposal), explained 50% of the variability in the annual mean yield
of total ammonia in mid-Atlantic watersheds (Jones et al. 2001). High levels of ammonia have
been associated with human and animal waste discharges (Burkholder et al. 2007). However,
atmospheric sources of ammonia can also be significant, weakening apparent correlation
between terrestrial sources and aquatic concentrations (Strayer & Malcom 2012).
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Pharmaceuticals and Personal Care Products
Pharmaceutical compounds and their metabolites and personal care products (e.g., cosmetics,
sunscreens, dietary supplements) have become a pervasive concern in the aquatic environment
(Daughton & Ternes 1999; Heberer 2002). Pharmaceutical products taken by humans and
animals enter the aquatic environment via wastewater effluents, agriculture (e.g., manure and
sewer sludge applications, effluent lagoons), aquaculture, landfill leachates, and manufacturing
(Heberer 2002; Burkholder et al. 2007). Many of these compounds are not removed through
traditional waste management procedures and most are not regulated on a chemical-specific basis
for their potential toxicity to aquatic life. Various prescription drug classes have been found in
surface waters. Heberer’s literature review (2002) identified and traced the pathways of more
than 80 compounds, including analgesics and anti-inflammatory drugs, antibiotics and
antibacterial drugs, antiepileptic drugs, beta-blockers, blood lipid regulators, contrast media,
cytostatic drugs, and oral contraceptives. Only a few of pharmaceutical and personal care
products have been studied in relation to mussel toxicology. Studies of anti-depressants (e.g.,
Bringolf et al. 2010; Hazelton et al. 2013) and endocrine disruptor (e.g., Leonard et al. 2014)
compounds have received particular attention in relation to mussel ecology, biology, and
reproduction. From those few laboratory and field studies, pharmaceutical contaminants are not
lethal, but do influence mussel behavior, condition, metabolism, or reproductive status in ways
that would reduce mussel fitness and could negatively impact population viability (Bringolf et al.
2010; Hazelton et al. 2013; Leonard et al. 2014).
Field studies of pharmaceutical and personal care product impacts on aquatic systems have
primarily focused on paired upstream/downstream observations around wastewater discharge
points (e.g., Bringolf et al. 2010). Fewer studies have tackled the impacts of non-point sources
of pharmaceutical compounds, such as via the broadcasting of sewage sludge or manure on
agricultural fields, on mussel populations. High density of urban or agricultural development are
inferred drivers of high pharmaceutical threat, however, we found no publication specifying the
strength or scale of the relationship between mapped land cover data and contaminant measures.
Factors that Potentially Mitigate Water Quality Concerns
Forests and wetland land cover have the capacity to intercept and retain some contaminants that
would otherwise have entered stream habitats. Thus, catchments with a high percentage of
forested land cover are typically associated with high water quality indices (Dosskey et al. 2010).
The spatial arrangement of vegetated land cover relative to pollution sources is important (Norris
1993); riparian and small forested patches can have disproportionately large impacts when
located to intercept pollutants (Dosskey et al. 2010; Norris 1993).
Riparian vegetation in particular can significantly reduce the flow of nonpoint contaminants into
surface waters (Dosskey et al. 2010; Carpenter et al. 1998; Norris 1993). The velocity of surface
runoff is slowed when it encounters vegetation. The result is increased infiltration, increased
deposition of coarse particles, increased filtration of suspended particles through leaf litter and
soil, increased potential for removal contaminant through decay or uptake by plants (Norris
1993). Dosskey et al. (2010) reviewed the diversity of contaminants that can be intercepted by
riparian vegetation. In addition to the well-studied removal of sediments and nutrients, they also
reported pathways for removal of heavy metals, pesticides, and volatile organic compounds
(Dosskey et al. 2010).
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The effectiveness of a riparian buffer zone depends upon the buffer characteristics and the
material it is intended to filter (Norris 1993; Dosskey et al. 2010). Increasing density of ground
cover and topographic complexity will increase removal of contaminants transported as
suspended particles. Removal of dissolved particles depends more on soil properties to allow
infiltration (Norris 1993; Phillips 1989). Soil characteristics as well as the age and species
composition of the vegetation will determine which contaminants are most readily removed and
at what rates (Dosskey et al. 2010). Buffer slope is also important to determine effectiveness;
steep slopes generate faster overland flow, increasing the probability that suspended sediments
and contaminants will enter surface waters unless buffer width is increased to compensate
(Norris 1993).
Water Quality Bayesian Network Model
In the water quality model (Figure 3.8), eight spatial data variables predict for six classes of
contaminants that are represented as intermediate nodes. This suite of contaminant classes
represents potential threats that could reduce water quality as measured by IBI scores and mussel
growth and health metrics. (N.B. Full descriptions of all spatial data resources are available in
Chapter 2 of this report.) Pesticide represents the combined threat from herbicides, insecticides,
and fungicides applied to lands to manage pest species. We model the probability of threat based
on the percentages of row crop and urban land cover in the entire landscape upstream from a
given stream segment and the percentage of managed vegetation cover within the local
catchment. Ammonia represents the threat of ammonia toxicity from human and animal waste
products. We modeled the threat of ammonia given the permitted quantity of waste products
applied to upstream landscapes (biosolid waste disposal permits) and the upstream
presence/absence of animal operation permits. Eutrophication represents the threat of nitrogen
and phosphorus nutrient loading through improper or excessive application of fertilizers and
human or animal waste disposal. To predict the probability of threat, we modeled the percentage
of row crop and urban area within the total upstream area, and the percentage of managed
vegetation land cover within the local catchment. As waste input sources, we modeled the
quantity of permitted biosolid waste disposal and the presence/absence of animal operation
permits within 5 upstream kilometers from the stream segment. (Note: Effluent released from
wastewater treatment plants was assumed to be treated for ammonia and eutrophication impacts
but not pharmaceutical impacts. This reduced model complexity and the number of scenarios for
experts to review during elicitation). Pharmaceutical represents a very broad suite of potential
contaminants (e.g., pain killers, anti-depressants, estrogenic compounds, etc.) that enter the water
system through human and animal waste disposal. Hydrocarbon represents threats associated
with polycyclic aromatic hydrocarbons. We considered the density of roads within the
catchment and the percentage of urban land cover within the entire upstream landscape to predict
the probability of a hydrocarbon threat. Metal represents threats associated with heavy metal
contaminants. We modeled the probability of threat based on information about road density,
urban land cover, and mine/quarry land cover. The model predicts the probability of threat based
on the percentage of the target land cover upstream from the stream segment for the entire
upstream area and mean road density within the local catchment. We calculated the overall
probability of contaminant threat as the sum of all component threats (all threats weighted
equally), up to a maximum value of one.
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We elicited contaminant threat knowledge from two individuals, an aquatic toxicologist and a
contaminant ecologist both focused on research and management of freshwater mussels.
Together these experts offered 52 years’ experience participating in various aspects of
contaminant research and water quality management, with 27 years focused specifically on the
Tar and Neuse rivers. The experts differed in both the resources from which they drew their
knowledge and the distribution of their knowledge among the topics they were asked to address
(Figure 3.9). Expert 1’s judgments primarily reflected inference based on laboratory research,
while Expert 2 drew inference from a strong knowledge of both grey and peer-reviewed
literature (Figure 3.9A). Both experts indicated that about 20% of their knowledge came from
observation of stream habitats. Expert 2 had spent more time conducting field research studies,
but Expert 1 had experience participating in water quality monitoring or other non-research field
observations. The knowledge of Expert 1 was more broadly distributed among contaminant
classes than the knowledge of Expert 2 (Figure 3.9B). Expert 2 had spent considerable time
studying ammonia threats, relative to other contaminant classes. Overall, experts offered the
least knowledge of pesticides (15% total) and the most of ammonia (60% total).
Considering the spatial data resources available to represent potential contaminant sources,
experts were most familiar with the potential impacts of land cover and waste water (Figure
3.9C). Although Expert 1 also indicated a high frequency (Often) of study and reflection upon
the impacts of animal operation permits and road density, Expert 2 indicated that these data
resources were only occasional themes of his research or management efforts. Expert 1 was
unfamiliar with the biosolid waste data and had never considered the potential impacts of these
permits to mussels, but Expert 2 was familiar with these data and had occasionally considered
the potential value of these data to infer water quality.

Figure 3.8. A diagram of the Bayesian Network predicting the probability of suitable water quality in catchments of the
Neuse and Tar river basins. Green nodes represent the spatial data from available to draw inference regarding various
potential contaminant threats and buffers. Intermediate nodes represent these threats (orange). Together the threats
predict the model response variable: the probability of suitable water quality, where suitable implies an IBI score of
excellent and the ability of TRSM or associated mussel species to survive and grow in situ.
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Figure 3.9. Characteristics of experts' knowledge including knowledge sources (A) and knowledge distribution among
contaminant classes (B) and spatial data resources (C). In (C) the Often, Occasionally, Never indicate the relative
frequency with which experts consider these data resources in relation to mussel habitat quality.
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To estimate the beta coefficients (Table 3.2) for logistic regressions, we elicited expert
judgments regarding a total of 162 scenarios (18 Ammonia, 30 Eutrophication, 24 Hydrocarbon,
30 Metals, 30 Pesticide, and 30 Pharmaceutical scenarios). Responses from both experts
indicated a significant and positive effect (greater probability of threat) of increasing animal
operation permits, managed vegetation land cover, and waste water permits. For all remaining
spatial data variables, the significance of the beta values varied depending upon the contaminant
class. Both experts’ responses resulted in urban land cover betas that were strongly positive for
Metals, Hydrocarbons, and Pharmaceuticals, weakly positive for Pesticides, and non-significant
for Eutrophication. For all other variables, experts’ responses differed even within a
contaminant class. For example, the elicited knowledge of Expert 1 regarding biological waste
permits resulted in significant, positive betas for all three associated contaminant classes
(Ammonia, Eutrophication, and Pharmaceutical). In contrast, Expert 2’s responses resulted in
non-significant beta estimates for Ammonia and Pharmaceutical. During elicitations, we queried
the probability of threat as the probability of failing to maintain suitable conditions given the
proposed water quality metrics and threshold criteria. However, to report results in a manner
consistent with the temperature and hydrology models, we hereafter report the probability of
suitable water quality (1 - the elicited probability of threat).
When combined with equal weight, experts’ judgments predicted a high probability of suitable
water quality. Given spatial data information pertaining to threats, the probability of suitable
water quality generally remained above 0.5 (Figures 3.10 and 3.11). Only threats of
Eutrophication and Pesticides generated predictions of less than 0.5 probability of suitable water
quality (Figure 8). With the exception of Pesticides (Mean = 0.76), the mean predicted
probability of suitable water quality in Tar and Neuse catchments was above 0.8 (Figure 3.10).
When we combined the predictions of the component models, the results were high probabilities
of suitable water quality for all sites (Figure 3.11). Visualized on the landscape (Figure 3.12),
the lowest probability values occur as hot-spots within highly urbanized areas. Agricultural
landscapes also have high values. As resulted from the temperature threat models, the
probability values in the Coastal Plain tended to be lower than in the Piedmont, primarily due to
the large amount of agriculture in the Coastal Plain. Patterns of certainty, based on mapped
standard deviation values, generally mirrored the predicted probability of suitability (high value
predictions also have higher uncertainty) (Figure 3.12). Thus, experts appeared to be more
confident regarding what conditions result in low threat (non-plantation forested landscapes)
than regarding how spatial data (land cover, permits, etc.) can be interpreted to predict high
threat.
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Table 3.3. Beta coefficients for logistic regression generated in Elicitor and applied within Netica to calculate the intermediate node values given spatial
information. Significance codes: <0.0001 = ***, 0.0001 – 0.001 = **, 0.001 – 0.01 = *, and >0.1 = ns. Spatial data variables are described in Chapter 2.
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Figure 3.10. Predicted probability of suitable water quality for all HUC12 catchments in the Tar and Neuse
river basins given the spatial data pertaining to each threat.
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Figure 3.11. Probability density plot of the predicted probability of suitable water quality given all spatial

information and combined expert judgments. The red, blue, and yellow lines indicate probability given partial
information (individual threats, as shown in Figure 3.10). The black line indicates the final response: the
predicted values for all HUC12 catchments in the Tar and Neuse river basins. The predicted probability values
for all North Carolina Index of Biological Integrity and Wildlife Resource Commission mussel survey sites (with
and without Tar River spinymussel detection) are shown below the x‐axis.
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Figure 3.12. Map of expert‐based probability of suitable water quality. Mean (top) and standard deviation
(bottom) of predicted values for catchments are shown. Black triangles indicate approximate locations where
Tar River spinymussel have been observed.

We first validated the water quality model predictions using the proposed threshold of
“Excellent” in the North Carolina Index of Biological Integrity survey data. Although the mean
IBI score of the suitable (i.e., IBI Score = Excellent) slightly exceeded the mean of the unsuitable
(i.e., IBI Score < Excellent) sites and the lowest probability values occurred at the unsuitable
sites, we observed no significant difference between these groups (Figure 3.13). To determine if
this result reflected a poor choice of threshold, we repeated the validation procedure allowing
multiple groups (Figure 3.14). We observed that sites with IBI Scores of Excellent and Good
66

were statistically similar to, and generally had higher predicted probability of suitable water
quality scores than, sites with lower IBI scores. Thus, model precision is adequate to distinguish
Excellent and Good sites from Good-Fair to Poor sites, but inadequate to distinguish Good from
Excellent, Good-Fair from Fair, or Fair from Poor IBI scores for this set of sampled streams.
In a one-tailed t-test assuming unequal variance, the probability of suitable water quality at WRC
mussel survey sites with TRSM detections differed significantly from sites without TRSM
detections (p < 0.0001) (Figure 3.15). While the detection and non-detection sites had similar
mean probability of suitable water quality, the detection sites clustered in the high predicted
probability range (all values greater than 0.76), while the non-detection sites ranged as low as
0.52 (Figure 3.15).
Discussion of Water Quality Model
Expertise was limited regarding the water quality variables, specifically the relationships
between spatial data and the probability of surpassing critical thresholds within contaminant
classes. Thus, while experts did provide the requested best professional judgments regarding the
probability of threats, these results should be viewed as extremely uncertain and preliminary.
We anticipate the best use of the elicited information and modeled relationships would be to
identify alternative spatial data summary strategies and sampling locations to improve
knowledge of landscape scale predictors of water quality.
Opportunities to Refine Model Inputs
Predicting water quality threats at landscape scales presented multiple challenges. In terms of
threat quantification, point source pollutants were better understood than non-point source
pollutants but experts struggled to apply their point-source knowledge to the spatial data.
Instead, experts repeatedly emphasized the need for site-specific information (e.g., flow volume,
water temperature, water chemistry) to apply their knowledge of how discharged contaminants
impact the immediate receiving environment and how they disperse from the point of entry. Our
spatial data summarized threats in relation to volume released per unit upstream area or distance
from nearest source, units which were unfamiliar to the research methods of aquatic ecologists or
hydrologists. Thus there existed a tension between the experts’ scale of knowledge and the
necessary scale of the model to generate region-wide predictions. Any of the individual threat
models could be refined through the collection of site-level data, however models dependent
upon site-level data can only predict for sites that had been surveyed. Alternatively, the models
could incorporate additional landscape variables (e.g., add information from our hydrology or
temperature models). Incorporating additional variables or linkages among existing variables
would increase the burden on experts to describe more scenarios. This would not be possible
without developing an alternative elicitation strategy, as the current model exceeds
recommended complexity for expert elicitation. A third option would be to explore alternative
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Figure 3.13. Comparison of the predicted probability of suitable water quality at sites surveyed in the North
Carolina Index of Biological Integrity Survey. As stated in the model threshold definition, Suitable sites are
those with an IBI score of Excellent, while Unsuitable sites are those scoring Good or lower.
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Figure 3.14. Comparison of the predicted probability of suitable water quality at sites surveyed in the North
Carolina Index of Biological Integrity Survey. Here we explored differences among all score categories in the
IBI and observe similar model predicted values for sites scoring Excellent and Good on the IBI.
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Figure 3.15. Comparison of predicted probability of suitable water quality at sites with and without Tar River
spinymussel (TRSM) detections. Data from North Carolina Wildlife Resource Commission mussel surveys during
1960 to 2010.

metrics that would be more intuitive to experts (yet retain the ability to model at landscape
scales) or to familiarize experts with the units used here could improve experts’ ability to predict
landscape scale effects of point-source pollutants.
When experts at the workshop proposed the use of permit data, they simultaneously raised
concerns regarding the nature of the permitting systems and the use of permit data to infer the
probability of water quality threats. Some experts noted that permitted discharge volumes may
or may not correspond to actual released volumes. Also, permitted discharge volumes rarely
refer to a single release event or continuous events of equal volume. If either the discharge
volume or the receiving environment is variable in time, then the permitted volume numbers
reported in the database do not clearly indicate the risk of either a single high exposure or a
longer-term low exposure. Therefore experts questioned whether the total permitted volume
would correlate with the metrics that they considered more important such as the daily
maximum, sustained, and cumulative threats associated with a given point-source. Data such as
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the ratio of effluent release to stream flow and continuous low level versus pulsed high level
releases might allow experts to make stronger inferences regarding risk levels. Some experts
also noted that permitted volumes are, by definition, those believed to be “safe” given the
receiving environment, but then questioned whether “safe” adequately considered the potential
for sublethal effects that could reduce population fitness or the specific effects on mussels.
Given these concerns and questions, experts participating in the elicitations struggled to find
ecological meaning in the permit data as collected and reported in the permit databases. These
challenges were compounded by the novelty of viewing these data summarized at landscape
scales (e.g., volume released per upstream area, number of points within a given distance, etc.),
rather than as point source data (e.g., volume released at a point). The permitting database
system documents permits issued, not the unique ecological characteristics of the permitted site
or the release management strategy. Even in cases where experts were comfortable assigning the
discharge location a high probability of threat, they were uncomfortable applying threat values
beyond the immediate catchment; point-source locations were interpreted as a threat
presence/absence in a catchment rather than as having a broader, landscape scale affect. This
could reflect belief that toxicants released from permitted sites are generally safe and, if having
any negative impact, have only localized impacts. However, if cumulative effects are possible,
experts struggled to make such inferences from the permitted data. If permit data are to provide
meaningful input to landscape scale aquatic habitat models, it would be valuable to know
information such as the frequency of release, maximum release volume and flow rate at the time
of release.
Opportunities to Refine Water Quality Threshold Definition
The model predictions of water quality gradients generally corresponded with observed IBI
scores. However, while the model could distinguish Excellent and Good sites from sites with
lower IBI scores, the model did not distinguish between Excellent and Good sites (these sites had
similar predicted probability of suitable water quality). Model accuracy would increase if we
dropped the threshold for “suitable” from Excellent to Good or Excellent. However, this would
not be advised unless the target mussel species was known to successfully grow and reproduce
under conditions present at Good sites. This could be tested through in situ release and
monitoring of captive raised mussels.
Overall, the water quality model better distinguished TRSM detection from non-detection sites
than the temperature model. Although non-detections could occur throughout the same range of
probability of suitable water quality values as the detections, the detections were clustered within
a smaller and higher range of the probability scores. Thus, despite experts’ uncertainty, their
inferences regarding relative value of spatial data information and the relative strength of various
threats seem to provide a useful ranking of sites. As with the temperature model, however, this
information must be regarded as preliminary and is best used as a tool by which to select sites for
further study as candidates for various management actions rather than a direct, immediate
predictor of best management actions.
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Chapter 4:
ORDINATION MODEL: HYDROLOGY
State of Knowledge of Hydrologic Regime
Hydrologic gradients have been associated with mussel distribution, abundance, and diversity
patterns in multiple regions at multiple scales (Strayer 1999, 2008). As with other environmental
variables evaluated in this project, the hydrologic variables influencing mussel distribution vary
by species and region. Hydrologic changes affect mussels directly through reduced
physiological fitness (e.g., reduced ability to feed or dislodgement in high flow) and indirectly
via changes in local habitat conditions (Di Maio and Corkum 1995). For example, there is a
strong link between stream hydrology and stream substrates (e.g., stability, texture, and
embeddedness) as changes in flow alter rates of sediment scour, transport, and deposition.
Similarly, flow volumes influence the degree of threat associated with thermal or chemical
inputs.
Ostby (2005) reviewed the hydrologic aspects of mussel habitat requirements in relation to Poff
et al.’s (1997) five flow components: magnitude, frequency, duration, timing (predictability), and
rate of change (flashiness). He noted that flow magnitude, frequency, and rate of change have
been well-studied as events and processes impacting mussel survival, distribution, and
abundance. Of the published research, Ostby (2005) recognized hydrologic variability (i.e., rate
of change: flashy versus stable) as the most cited driver for mussel species distribution patterns
(Strayer 1983, Di Maio and Corkum 1995, McRae et al. 2004). In contrast, he noted that the
effects of duration and timing on mussel assemblages have not been studied (Ostby 2005),
except in relation to dam release patterns (Layzer and Madison 1995, Gore et al. 2001).
Experts in the Tar and Neuse basin region defined a wide range of hydrologic conditions
associated with the known TRSM populations (TRSM-SWG 2009, 2010, unpublished data;
TRSM-BNW 2011, unpublished data). Spatial scale may be an important consideration in
habitat model development. Some experts suspected that microhabitat plays a significant role in
TRSM habitat selection and survival; TRSM may locate and occupy similar microhabitat
conditions in streams that present distinct hydrology at coarser spatial scales. These experts
noted that if this is the case, it would be difficult to model hydrologic suitability at landscape
scales. Experts also noted cases of TRSM surviving unusually strong floods and zero flow
conditions. In both cases, experts suggested that mussels may be able to burrow into sediments
to prevent dislodgement during high flow events and to find cooler, oxygenated interstitial water
during low flow events. If this were the case, experts noted that flow characteristics such as the
duration and frequency of extreme high (or low) flow events could be more important than the
minimum or maximum discharge volume.
Overall, experts were highly uncertain regarding the scale of mussel response to hydrologic
metrics and the relative importance of Poff et al.’s (1997) five hydrologic metrics. Surveys of
mussel experts during the workshop also indicated a knowledge bias toward conditions observed
in late Spring and early Summer (Figure 4.1, top) and toward mean or low discharge levels
(Figure 4.1, bottom) (TRSM-BNW 2011, unpublished data). The invited hydrology and stream
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Figure 4.2. Results of a survey of expert knowledge in which experts attending the 2011 workshop scored their knowledge
and experience across months of the year (top) and common flow conditions (bottom). The mean responses of mussel
experts (primarily ecologists and ecotoxicologists) are distinguished from those of stream experts (primarily hydrologists and
geomorphologists). The categories used to score expertise are provided.
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geomorphology experts possessed more uniform knowledge across the range of seasons and flow
conditions, but they did not identify any unifying trends in mussel experts’ habitat comments.
Ultimately, the experts could not reach consensus regarding which specific flow metrics to
include/exclude or critical thresholds to distinguish TRSM detection from non-detection sites.
Instead, experts identified a hydrologic modeling project, WaterFALL™, being conducted by
RTI that could provide a broad suite of metrics and recommended that we explore these data. As
described in Chapter 2 of this report, the WaterFALL™ data project the altered flow (TNC 2007)
conditions of all catchments within the study area based climate, land use, soils conditions and
known human alterations (e.g., withdrawals and discharges) from 1961 to present. We obtained
data from the recently developed WaterFALL™ models (Eddy et al. 2013; Eddy et al. 2015;
https://waterfall.rti.org/) to investigate the hydrologic characteristics of catchments with and
without TRSM detections. Our project provided the first opportunity to explore these flow data
in relation to freshwater mussel distributions.
Descriptive Comparison of TRSM Detection and Non-Detection Sites
Discriminant analysis (DA) is a statistical procedure that characterizes differences between one
or more pre-defined groups by identifying gradients of variation in multivariate data that
maximize between group variation while simultaneously minimizing within group variation
(McGarigal et al. 2000, McCune and Grace 2002). We applied this approach to identify those
hydrologic variables that best discriminate between sites where TRSM mussels have, and have
not been detected during the North Carolina Wildlife Resource Commission mussel surveys (R.
Nichols, unpublished data, NCWRC). Although more frequently applied to terrestrial species
data, discriminant analyses have been used to assess mussel species-habitat associations (e.g.,
Holland-Bartels 1990, Strayer and Ralley 1993, Hastie et al. 2000). Most investigators,
however, have incorporated hydrologic variables as one or few discriminating variables among a
suite of environmental variables, rather than investigating the discriminating power of alternative
hydrologic metrics. As an exception, Di Maio and Corkum (1995) used mussel assemblage data
as discriminating variables to distinguish between sites in stable and flashy hydrologic regimes.
They had high success applying the DA results to predict whether new sites were stable or flashy
using the discriminant function based on mussel assemblages. We found no publication of
research using a full suite of landscape-scale hydrologic data to discriminate between mussel
presence/absence sites at catchment scales (HUC12).
Our objective in employing DA was primarily descriptive. This study represents the first
opportunity to explore the WaterFALL™ hydrologic data and the first opportunity to explore
correlations between mussel distribution and hydrologic variables at landscape scales in this
region. In relation to project objectives, we hoped to (1) distinguish between mussel detection
and non-detection groups in hydrologic space, (2) identify non-detection sites that are similar to
detection sites for assessment as possible TRSM augmentation or reintroduction sites, and (3)
identify unsurveyed sites similar to detection sites for future survey efforts to locate additional
TRSM populations or possible augmentation sites. Importantly, DA does not provide causal or
mechanistic explanations regarding mussel-hydrology relationships. This approach explores
correlation only and does not test or incorporate any expert hypotheses regarding causation; the
landscape variables assumed to drive flow regimes are incorporated within the WaterFALL™
models.
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Model Assumptions and Data Preparation
Our dataset had thirty-two independent discriminating variables (WaterFALL™ hydrologic
model data) and two dependent site groups (TRSM detection and non-detection sites). The
sampling design was non-randomly biased toward bridges and stream crossings (e.g., access
points) (R. Nichols, NCWRC, personal communication) and the sample groups were unequal,
due to rarity of TRSM (29 detection sites, 797 non-detection sites). Discriminant analysis
performs best when group membership is equal. The analysis can be run with unequal groups,
but the ability to distinguish among groups is reduced and error rates may be inflated (McGarigal
et al. 2000). Under these conditions, it is best to view the discriminant results as descriptive
rather than predictive (McGarigal et al. 2000).
Several data assumptions must be addressed prior to running a discriminant analysis (McGarigal
et al. 2000, McCune and Grace 2002). Ecological data rarely fully meet these assumptions and
the approach is fairly robust to moderate violations, but it is critical that such violations be
explored and their impact considered (McGarigal et al. 2000). The first assumption is equality of
the variance-covariance matrices (McGarigal et al. 2000, McCune and Grace 2002). This means
that the correlation (or covariance) between any two discriminating variables must be the same in
each group’s population. For example, although detection and non-detection sites might differ in
base flow and rise rate, the relationship between these two variables must be similar in the
detection and non-detection sites. If it is strong and positive in one group, it should be strong
and positive in the second group. When correlation (or covariance) differs among groups, the
null hypothesis of no group separation is more likely to be accepted due to distortions in the
DA’s distance calculations (McGarigal et al. 2000). The equality of variance-covariance
assumption also requires the variances of the discriminating variables to be the same in each
group’s population (e.g., all detection and all non-detection sites). If homogeneity of variance
cannot be achieved, then quadratic rather than linear discriminant analysis can be used (e.g.,
individual within-group covariance rather than pooled covariance are used to classify sites)
(McGarigal et al. 2000). In this situation, differences between groups on the DA’s canonical axis
may be used for descriptive purposes only; tests of significance of these differences are invalid
(McGarigal et al. 2000). Given concerns that multivariate equality of dispersion tests (e.g. Box’s
M) are too conservative (McCune and Grace 2002), especially with large or unequal group sizes,
we used a combination of visual assessment and univariate tests. Univariate homogeneity does
not guarantee multivariate homogeneity, but it is considered a useful indicator (McGarigal et al.
2000). We conducted a univariate homogeneity of variance test (Levene’s test of the residuals
from analysis of variance, as per McGarigal et al. 2000) on each of the hydrologic variables and
transformed variables as necessary to better conform to assumptions. Based on this assessment,
we retained 26 of the original 32 variables (Table 4.1). Sixteen of these 26 variables required
loge transformation to improve meeting assumptions.
Multivariate normality of the residuals is the second major assumption underlying DA
procedures (McGarigal et al. 2000, McCune and Grace 2002). If this assumption is violated, the
number of group membership misclassifications will be inflated due to imprecision in the tests of
significance and assignment of group probabilities (McGarigal et al. 2000). Again, the ability to
meet this multivariate assumption is usually assessed by evaluating univariate data. As
recommended in McGarigal et al. (2000), we performed univariate analysis of variance
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Table 4.4. Hydrologic variables in the WaterFALL™ dataset with summary information regarding required transformations, the median value of sites with and without Tar
River spinymussel detections), and performance in tests to meet assumptions of discriminant analysis. Black text test results indicate the variable passed assumptions tests.
Red text indicates a significant violation of test assumptions. Blue text indicates variables that violated assumptions, but were retained for analysis. Variables included in
the Principal Component Analysis (and therefore indirectly in the Discriminant Analysis) are highlighted in grey.
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(ANOVA) on the 26 variables retained in the preceding step and evaluated the residuals for
outliers, skew, kurtosis, and normality (via Shapiro-Wilkes Goodness of Fit tests). McCune and
Grace (2002) reported that DA is relatively robust to skew, but is sensitive to outliers. Based on
this analysis, we retained 22 of the 26 remaining variables (Table 4.1). To improve test results,
we loge-transformed two variables that had not required transformation in the previous step. We
confirmed that the loge transformed data also met the homogeneity of variance assumptions.
The third assumption of DA is the absence of collinearity; no discriminating variable may be a
linear combination of another. This ensures that each variable contains distinct rather than
redundant information. Collinearity is evidenced by high pairwise correlations among variables
in the data set. A review of scatter plots and correlation matrix of our data revealed that many of
the hydrological variables were strongly correlated with each other (>0.9). We evaluated several
approaches to address collinearity including step-wise variable selection within the DA, variable
selection within MANOVA based on Akaike’s Information Criterion (AIC) values, and hand
selection based on the correlation matrix and expert knowledge documented in the workshop
materials. All of these methods produced similar results but selected a unique suite of variables,
many of which still violated the collinearity assumptions. Selecting variables based on minimum
AIC scores in step-wise regression resulted in the selection of seven highly collinear variables.
Forward selection of variables within DA resulted in selection of four uncorrelated discriminant
variables, but several uncorrelated variables were excluded. The excluded variables included
characteristics of very low flow events which experts had deemed particularly important to
mussels. Selecting variables by hand avoided problems with collinearity, but the DA performed
on the chosen discriminating variables failed several diagnostic tests (e.g., the canonical scores
were non-normally distributed).
Because methods to select a subset of non-collinear discriminating variables were not successful,
we chose to conduct a Principal Components Analysis (PCA). PCA reduces multivariate
datasets with approximately linear relations among variables from many variables to few
composite variables. It has many of the same assumptions as DA (e.g., more samples than
variables, multivariate normality, and few outliers), so we proceeded with our subset of data that
met these shared assumptions (Table 4.1). In the resulting PCA, the first and second axes
explained 70.5% and 10.9% of the variability within the hydrologic data, respectively. The first
axis primarily described gradients in the flow thresholds and discharge volumes, including both
the mean and standard deviation metrics (Figure 4.2; Variable Set A). The second axis described
gradients in flow frequency and duration (Figure 4.2; Variable Sets D, E).
Importantly, although group membership is not considered during PCA calculations, two distinct
TRSM detection groups were evident (Figure 4.2). These groups occur at opposing extremes of
the first principal component axis. In a DA, the smaller of these two groups would behave as
group outliers, increasing classification error. Therefore, we reclassified the TRSM detection
sites into two groups. Loadings for the first principal component (Figure 4.2) revealed that the
25 TRSM detection sites in the first (main) group have higher mean and standard deviation of
discharge volumes and flow class thresholds than the second (outlier) group of four TRSM
detection sites. The main group also had higher rise rates. The frequency of flood events over
the course of a year is both less, and less variable year to year at sites within the main group than
in the outlier group. Along the first principal component axis, the majority of the TRSM
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Figure 4.3. Results of Principal Component Analysis showing Tar River spinymussel (TRSM) sites clustering as two distinct groups, primarily separating on the Component 1
axis. Variable loadings are presented in the associated table to the right. The column Variable Set matches to the vector graph on the top left.
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non-detection sites’ hydrologic variables have values intermediate between these two groups.
Along the second principal component, there is greater similarity between the two detection
groups and between the detection and non-detection groups. The loading values for this
component all relate to the frequency and duration of flow events (Figure 4.2). Further
exploration of these two detection groups revealed that the sites in the outlier group were all first
order streams, while the main group detections occurred in third to fifth order streams.
Quadratic Discriminant Analysis
We applied quadratic DA to the three groups (main TRSM detection, outlier TRSM detection,
and TRSM non-detection) using the two PCA component axes as discriminating variables
(Figure 4.3). As expected, the three groups separated well along the first canonical axis (no
overlap of group means confidence regions, little overlap of the normal 50% contours). This
axis accounted for 90% of the variability among groups. Along the second canonical axis, the
non-detection and main detection groups were indistinguishable, but the outlier group remained
distinct. The DA misclassified 151 sites (18%) (Figure 4.3). Of these errors, only one was an
error of omission (a main detection site misclassified as a non-detection site). The remaining
were errors of commission; 130 cases of non-detection sites misclassified to the main detection
group and 24 cases of non-detection sites misclassified to the outlier detection group. The
Receiver Operator Characteristic plot (Figure 4.3) provided evidence of high accuracy; area
under the curve for all groups was greater than 0.9.
Suitable Hydrologic Regime Landscape
To map the probability of suitable hydrologic regime, we first calculated the scores for the first
and second principal components for all catchments. We then used the DA scoring coefficients
to calculate every catchment’s scores for the first and second canonical axes. After excluding
222 catchments that lacked WaterFALL™ hydrologic data (WaterFALLTM does not model areas
under tidal influence and models the mainstem only in braided reaches), the model assigned
9,869 (89%) catchments to the non-detection group, 714 (7%) catchments to the main detection
group, and 473 (4%) catchments to the outlier detection group (Figure 4.4).
We mapped the predicted group membership as a categorical response (Figure 4.5) and as a
continuous response (Figure 4.6). For the continuous responses, we summed the probabilities of
a site being assigned to either detection group (equivalent to 1 – the probability of non-detection
group membership).
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Figure 4.4. Results of the quadratic discriminant analysis of the three Tar River spinymussel (TRSM) detection groups (Non‐Detection, Main Detection, and Outlier Detection
groups).
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Figure 4.5. Plotted predicted results of discriminant analysis canonical axis one and two equations for all watersheds.
Symbols denote if a site has been surveyed for mussels if Tar River spinymussel (TRSM) detection is predicted, and if TRSM
have been previously detected. Figures 4.4B and 4.4C are zoomed views of the main (green) and outlier (blue) TRSM
detection clusters from Figure 4.4A.
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Figure 4.5. Predicted group membership (Tar River spinymussel non‐detection, main detection [Group 1], and outlier
detection [Group 2]) based on discriminant analysis equation. Sites attributed as Group 1 occur primarily along the main
stem, while the majority of sites attributed as Group 2 are primarily smaller tributaries. NB.: Only streams of 3rd and higher
order are mapped.
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Figure 4.6. Probability of Tar River spinymussel detection (either main or outlier group) given hydrologic similarity to sites
with documented detection and non‐detection, as predicted using the discriminant analysis equations.

Table 4.5. Detection patterns for Tar River spinymussel (TRSM) and associated mussel species (Atlantic pigtoe and yellow
lance).
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Figure 4.7 Plot of Tar River spinymussel (TRSM) and associated mussel species (Atlatic pigtoe and yellow lance) detections in the Wildlife Resource Commission survey
database. The left plot shows only WRC survey sites, while the right plot also shows all unsurveyed sites (small grey dot). The axes are the same predicted results of
discriminant analysis canonical axis one and two equations for all catchments as shown in Figure 4.4.
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Exploration of Hydrologic Overlap among Species
The Atlantic pigtoe (Fusconaia masoni) and yellow lance (Elliptio lanceolata) mussels are two
mussel species that experts describe as associates of the TRSM. We used the hydrologic model
to investigate potential overlap of these species in hydrologic space. First, we identified all
WRC survey sites with TRSM only, TRSM and one or more associates, and associate species
only (Table 4.2). Second, we plotted these same detection patterns on the TRSM discriminant
analyses axes to visually explore patterns of co-detection (Figure 4.7). It is immediately clear
that there exist many catchments with hydrologic conditions associated with both TRSM and
their associates that remained unsurveyed by the WRC. Also, although the overall spread of the
TRSM sites in hydrologic space is similar to that of the associated species (e.g., the min and max
values associated with detections on the DA axes), the large gap that separates Group 1 and
Group 2 of the TRSM detections is occupied by many detections of the associated species.
Discussion
The purpose, interpretation, and application of the hydrologic model differ from those of the
temperature and water quality models previously described in this report. Whereas the previous
models predict the probability of suitable conditions, this model describes hydrologic gradients
that distinguish detection versus non-detection sites and then identifies sites predicted to have
similar habitat conditions to those known to support Tar River spinymussel populations. No
assumption is made regarding the suitability of the sites. Suitability remains undetermined due
to three factors. First, there is a possibility that mussels could occur and persist at unsuitable
sites for an unknown period of time. Second, there is the possibility that mussels have been
extirpated from sites that have a suitable hydrologic regime. Third, the WaterFALL™ data
describe the expected current hydrologic regime using the best available data (i.e., land cover
from 2006, point locations and annual average magnitudes of withdrawals and discharges to the
stream reaches, and current climate). While these data provide the best available
characterization of the current hydrologic regime, there may be local hydrologic changes not
captured by this data that could influence localized habitat (e.g., withdrawals for agricultural use
which are not typically captured by available statewide data). .
Two Distinct Hydrological Regimes Associated with Tar River Spinymussel Detections
We initiated our investigation of the hydrologic variables hoping to describe differences (if
present) between TRSM detection and non-detection sites in the NC WRC mussel surveys.
Early efforts (not reported here) led to inconclusive results. Although most of the WaterFALL™
variable means were different in univariate analyses, the DA resulted in very high classification
errors and failed several diagnostic tests. The decision to reduce collinearity with PCA resulted
in the discovery of two distinct detection groups, a main group and an outlier group, with
different hydrologic regimes. Performing the DA with three groups (non-detection, main, and
outlier) greatly reduced misclassification rates, particularly errors of omission.
The presence of two detection groups may explain challenges we encountered when eliciting
expert knowledge of hydrologic regimes (TRSM-BNW 2011, unpublished data). Conflicting
accounts of typical conditions and experts’ inability to reach consensus to classify suitable
(versus unsuitable) hydrology make sense in light of the PCA results. The two detection groups

85

appear at opposite extremes of the first principal component axis (primarily threshold and
discharge volume metrics); TRSM detections occur at sites with unusually low (outlier) and
unusually high (main) discharge volumes within each flow class. This distribution results in a
non-linear relationship between flow metrics and TRSM detections, if the detections are treated
as a single group. Treating detections as a single group confounded efforts to identify TRSMflow relationships.
Ecologically, the presence of two TRSM detection groups invites further investigation. Have
individual populations adapted to unique conditions in isolation (e.g. intermediate hydrologic
regimes represent unsuitable conditions)? Or did TRSM once span the full range of hydrologic
conditions, but habitats in the intermediate range have experienced greater alteration (e.g. TRSM
have been extirpated from these otherwise suitable habitats)? If TRSM are more sensitive than
the Atlantic pigtoe and yellow lance to certain disturbances that cause or correlate with certain
hydrologic conditions, this could explain why the gap observed between Groups 1 and 2 for
TRSM does not occur for the associated species. The answers to these questions could have
significant impacts on efforts to maintain the population. For example, an observation of unique
adaptations to main versus outlier flow conditions would have implications on the selection of
sites for relocation or release of captive bred individuals; it would be important to match source
populations to the desired location. Relocation experiments could test for behavioral adaptions
to distinct flow environments. If the pattern of species detection reflected past TRSM extirpation
events from sites intermediate between Group 1 and 2, this could strengthen arguments
supporting further study towards possible restoration and reintroduction.
Value of Species Associates as Surrogates
Given the frequency with which yellow lance or Atlantic pigtoe mussels are found together with
the Tar River spinymussel, these associates have been proposed as possible surrogates.
Reviewing only the hydrologic data, there seems little benefit for the general use of the yellow
lance and Atlantic pigtoe as surrogates. Almost 35% of known TRSM sites would have been
missed if searches had focused on sites with yellow lance and/or Atlantic pigtoe mussels.
Although the associates are often found with TRSM, they are even more frequently found in the
absence of TRSM. Furthermore, the associate species occupy a much broader range of
hydrologic conditions than do the TRSM. In fact, occurrences of one or both associate species
have been documented under almost all hydrologic conditions captured by the WRC surveys.
There may, however, be benefit to a more focused application of the surrogate approach. This
would apply the concept of surrogates only to those surveyed sites that fall within the range of
the Group 1 and Group 2 detection clusters. If surveys in a catchment that is hydrologically
similar to TRSM habitat led to an Atlantic pigtoe or yellow lance detection, then the site would
be a candidate for more thorough search or further study for TRSM potential.
Predictions of Current Hydrologic Regime
The WaterFALL™ data predict hydrologic regimes under current conditions; the data describe
expected conditions given physical environmental conditions (e.g., precipitation and landform)
and include the effects of anthropogenic alterations (e.g., withdrawals, discharges, dams) using
best available data. Thus the data represent predicted current hydrologic conditions and attempt
to match present day empirical measures. However, due to variations in reporting of location,
timing, and use of withdrawal and some discharges throughout the state, there is a possibility that
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not all alterations are included within the model. The model provides valuable information
regarding suitable hydrologic conditions, if we assume that mussels only persist in sites which
offer suitable hydrologic conditions. By the same assumption, the models provide a baseline to
assess current suitability of occupied sites and restoration targets for sites where flow has been
altered.
Applications and Next Steps
Our intent with this model was to identify sites with similar hydrologic conditions for future
study in relation to mussel habitat requirements and selection of new sites for intensive surveys,
relocations, and/or release of captive-reared individuals. However, these models still require
empirical testing. We built our hydrologic model with all existing mussel data (NCWRC survey
data), and the underlying WaterFALL™ models were trained and tested with existing USGS
flow data. We did not have access to independent data to validate our models. The data
presented here support experimental design to (1) test the predicted hydrologic gradients (i.e., Do
empirical site conditions match empirical conditions across the full range of predicted values?);
(2) determine if the two predicted detection groups in fact correspond to two distinct, suitable
hydrologic regimes; and (3) quantify the thresholds distinguishing suitable from unsuitable
hydrologic regimes. Once the models have been empirically validated, repetition of these
methods with other aquatic species of concern would identify shared hydrologic regimes and
overlapping hydrologic requirements.
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Chapter 5:
CONCLUSIONS
State of Resources for Mussel Decision-Support Models
A major conclusion of our workshop, elicitations, and modeling efforts is that both the spatial
data and expert knowledge have significant limitations when applied to parameterize predictive
models at the extent and resolution necessary to confidently support reach-scale management
decisions for freshwater mussels (e.g., protection, restoration, relocation, etc.). These limitations
relate to both the definitions of suitability and the relationships between the spatial data and
suitability thresholds. A predictive, adaptive model that supports learning must be based on clear
criteria for summarizing each spatial data variable and suitability thresholds that will distinguish
success from failure. For example, if “good substrate composition” is a criterion for mussel
occupancy, the model must identify a quantitative metric of substrate quality (e.g., particle size,
compaction, etc.), state how it would be measured in the field, and indicate a value that would
distinguish suitable from unsuitable substrate. Furthermore, an appropriate scale of analysis
must be specified for each input variable, given the hierarchical nature of influential variables.
The watershed percentage of impervious surface may threaten stream flow, water chemistry, and
temperature regimes; but should the predictor variable be summarized for individual catchments,
all catchments upstream, or perhaps only for the riparian zone within a limited reach or upstream
distance? Most such questions were outside the scope of experts’ knowledge and experience that
we queried; expertise was greatest in relation to site microhabitat conditions and laboratory
experiments. The rarity of the species presented challenges to experts’ ability to generalize
relationships or reach consensus. Experts described the few remaining sites occupied by TRSM
as distinct from one another for several of the variables identified as influential, and they were
uncertain if the conditions observed at these sites equally represented “high quality” habitat for
the TRSM. As a consequence, while the models can be used to guide decisions within an
adaptive management setting with monitoring, we anticipate that uncertainty and error rates
would initially be quite high. Therefore, in the short-term, the models’ primary value may be to
guide the research and monitoring necessary to establish informed thresholds of occupancy (e.g.,
which threats to test for first and in which regions) and scales of analyses for the metrics and data
resources selected.
In recent years, many notable advances indicate positive and rapid development toward better
spatially-explicit decision-support models. For example, there has been notable improvement of
data resources through better data quality control, greater data accessibility, and exploration of
landscape patterns in monitoring data. These trends were highlighted at the expert workshops
and demonstrated during interviews with experts at the NC Wildlife Resources Commission and
the NC Division of Water Resources. Also, improvements in both laboratory and field methods
have broadened the scope and potential application of toxicity testing for mussels. Non-lethal
tissue sampling and in-situ stress tests provide valuable information regarding effects of chronic
or cumulative effects of low-level threat exposure that could not be inferred from traditional
acute toxicity tests. Large-scale mesocosm experiments may be used to address the challenges
of untangling the complex interactions among potential threats. Given this progress, we
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anticipate that the quality of data and expert knowledge of landscape scale drivers of both lethal
and sublethal stress effects will improve over time.
Guidance for Model Interpretation and Application
Our models and other advances such as those discussed previously demonstrate current progress
toward filling many of the knowledge and data gaps. If developing landscape-scale decisionsupport models is to be a priority moving forward, then we describe several opportunities to
employ our models to the benefit of mussel conservation.
Distinguish High versus Low Hydrologic Suitability Sites
A preliminary step for all of the following example applications would be to select sample sites
from the hydrology model. Once validated through empirical sampling to confirm the distinct
hydrologic conditions of the detection and non-detection groups, the hydrologic model enables
managers to identify sites with similar flow conditions. This should allow sampling designs to
control for some of the hydrologic variability present among streams prior to testing temperature
or water quality predictions (as described below). The hydrologic models also narrow the set of
catchments considered as candidates for management actions; only sites suitable in hydrology
would need to be evaluated for water quality and temperature suitability in association with
management decisions (as described below).
Distinguish High versus Low Threat Sites
The temperature and water quality models predicted suitability as a function of hypothesized
probability of threats given spatial data. Identifying unoccupied low threat sites is an important
step toward locating potential sites for additional intensive mussel survey effort or to establish
new populations. Also, occupied sites with high versus low threat are candidates for different
management actions. Low threat sites offer opportunities for protection, while high threat sites
might be candidates for mitigation or relocation (if threats cannot be reduced). For the
temperature model, a sampling design that surveyed temperatures at sites across the predicted
temperature suitability gradient while also validating the spatial data at these sites would provide
data to update and improve the Bayesian network model predictions. A similar design could be
used to update and improve the water quality model, in this case gathering fish Index of Biotic
Integrity scores and validating the spatial data across the water quality suitability gradient.
Identify Dominant Threats
The network structure of the temperature and water quality models facilitates comparing the
contribution of each threat to the final prediction (within a model, but not between models).
Knowledge of a threat’s relative contribution is valuable for decisions regarding restoration or
relocation, as some threats are more easily reversed or mitigated than others. For example, if a
manageable point source pollutant is the only threat to a site that has high temperature and high
hydrologic suitability, this could be a site worth further assessment. The models also allow users
to simulate how alternative actions (e.g., regulation, restoration) to reduce threat or increase
buffer values would change the model outcome. For example, managers could explore how a
reduction in herbicide use in open green space versus increased forest cover would be predicted
to reduce overall threat to inform urban planning policy decisions. Identifying threats within the
water quality model could help guide water quality testing. Experts indicated that water quality
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testing is often difficult because there are so many potential toxicants to investigate. If this
would be a valuable function of the model, then a sampling design that tested water quality
across the gradients of specific threats along with validating the associated spatial data would be
valuable to improve model precision and accuracy.
Identify Sites for In Situ Toxicology Tests
In situ sampling of mussel stress levels offers new opportunity to understand the sublethal effects
of threats to mussels (Fritts et al. 2015). Experts suspected that mussels may persist under
unsuitable conditions that reduce growth and reproduction but do not directly kill individuals.
While TRSM sites generally had higher suitability than non-TRSM sites, all TRSM sites had
some level of probability of threat across the two models. In situ stress testing at known TRSM
sites in conjunction with temperature and water quality testing and validation of the spatial data
could help clarify if the level of threat is above or below the thresholds critical to TRSM longterm population health. Similar in situ testing across the various threat gradients would allow
users to refine the threshold definitions. Improving the precision and accuracy of the threshold
definitions is important for all spatial management decisions; all spatial management decisions
depend upon designating sites as likely suitable versus likely unsuitable.
Strategies to Improve the Models
As mentioned throughout this report, the models presented represent a starting point; they will
benefit from further testing, validation, and refinement. The ordination models require collection
of independent empirical data to validate the presence of two TRSM detection groups and
determine if sites with similar hydrology (and equally suitable temperature and water quality
conditions) can support the target species. If so, then research could proceed to identify specific
thresholds along the principal component gradients that represent suitability limits and to
elucidate which of the many correlated hydrologic variables primarily drive distribution patterns.
In some cases, the suite of correlated variables may drive the occurrence and abundance of a
species and the multivariate approach may be most informative in such conditions.
The BN models can be refined through directed research or adaptive management and
monitoring. Objectives of this work would be to (1) verify and, if necessary, refine suitability
threshold definitions, and (2) validate expert-based hypotheses regarding spatial data and threat
relationships. Multiple strategies are available to achieve the goal of improving the BN models.
Gathering empirical data is critical; however, there are several other complementary strategies,
as follows.
Improve the Spatial Data within the Bayesian Network Models
To map the probability of threats and suitable habitat, we needed to first process the spatial data
from raster (e.g., land cover map layers) or point (e.g., permit record) data into useful metrics
summarized by HUC12 units. Contaminant source point can be quantified as posing equal threat
regardless of where they occur or the landscape context can be considered. For example, if
experts judge dilution to be an important factor in how contaminants affect water quality, then it
might be important to distinguish between a discharge permit in a small, low order stream from
one in a large, high order stream. Or, if cumulative effects are possible, it might be important to
consider how many total discharge points are located upstream and distance to the nearest input.
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Similar choices must be made to summarize the extent of forested buffer habitat. A width
distance must be designated within which forest land cover will count as buffer versus nonbuffer forest. A decision must be made whether to summarize data as forest cover
presence/absence or percentage forest cover and then whether it is the cover in the immediate
catchment or continuing for some set distance upstream that is influential. And all of these
metrics debates are preceded by decisions about whether and how to group the many SEGAP
forest cover classes into few or even just one forest cover class.
During the workshops, experts easily identified important spatial data resources, but struggled to
propose summary metrics by which to relate these data to predictions of habitat suitability. This
largely reflected the fact that although all experts strongly believed that processes inland and
upstream have strong (but undetermined) impacts on their site-level observations, they were not
regularly exposed to landscape scale data and metrics in association with their field observations,
which rendered quantifying these relationships a challenge. We explored a few alternative
summary metrics for most of the spatial data variables, but a focused data-mining exercise could
expand upon our analysis to explore how the spatial data maps change across different data
processing decisions. Ideally, both mussel experts and data experts (e.g., land cover modelers
and permit database developers) could be involved to brainstorm broad suites of alternative
summary metrics with their associated ecological interpretations. Such a project would have the
added benefit of increasing experts’ understanding of the strengths and limitations of the spatial
data and identify possible opportunities to improve the ecological value of data within databases.
If new metrics are deemed more suitable for a given variable than those modeled here, the new
metrics could be inserted into the BN models by repeating the subset of elicitations that reference
that variable.
Adjust the Bayesian Network Model Structure
When constructing models of ecological processes, there is always a trade-off between
increasing complexity versus maintaining simplicity. Complexity enhances predictive ability of
resulting models, while simplicity expands the breadth of application among ecosystems or
populations (Levin 1992). We experienced this balance in the expert workshops and elicitations
where the rarity of these species led experts to highlight the unique details of case studies (e.g.,
known detection sites) while struggling to detect general patterns among these few case studies.
The complexity of our models pushed the upper bounds for the number of variables and the
number of discrete categories for variables for a scenario-based expert elicitation. Yet without
exception, experts indicated additional information (variables) that would modify their answer, if
available. This was especially true for the water quality BN model, where each threat could
easily have been expanded into its own model. Recent work modeling antidepressant
(pharmaceutical) threat and mercury (heavy metal) threat in North Carolina aquatic ecosystems
are just two promising examples of models that increase detail, yet maintain an extent and
resolution similar to our models.
In network models, increasing complexity by adding a variable or adding a category to a
discretized variable has a compounding effect on how many scenarios must be described by
experts (or collected as empirical data) to parameterize the model and calculate beta coefficients.
This greatly increases the time burden on experts to parameterize models. Training experts to
better understand the landscape metrics should reduce the time spent during elicitation.
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Regardless of effort, increasing the complexity of the water quality model would necessitate
subdividing the water quality model into component threat models and identifying different
experts to parameterize each component. A concern of allowing different experts to
parameterize the various components is that it becomes difficult to compare across or to
reassemble the components. Experts’ judgments regarding scenarios are subject to observer bias
because individuals differ in how they perceive and judge risk. Increasing the pool of experts for
each component could overcome some observer biases, but it is uncertain whether there exist
multiple experts with adequate quantitative knowledge for several of these threats.
Opportunity to Develop Substrate Model
We did not fully develop a substrate model, but all materials exist to establish a Bayesian
network substrate model. Such a model would follow similar design of the temperature and
chemistry models. The data file contains the basic data elements for the development of a
substrate model, as suggested by participating experts. As outlined in Chapter 2 of this report,
these include data about the composition of surface soils (percentage clay, sand, silt, and organic
materials, erodibility, etc.) and geology. Further discussions with stream geomorphology experts
would be necessary to propose spatial relationships between surface materials and stream bed
materials. Based on experts’ emphasis on substrate stability and support, rather than specific
material or particle size, Lang penetrometer measurements of compaction (Johnson and Brown
2000) might provide a good starting point for proposing a substrate suitability threshold. As with
the chemistry model, we expect the initial proposed threshold and the hypothesized relationships
between the spatial data and the threshold would be highly uncertain. However, as in the case of
the temperature and chemistry models, such a substrate model would establish a framework for
more informed sampling to facilitate learning about landscape-scale drivers of stream habitat
suitability for mussels. Furthermore, information from a substrate model would further narrow
the predicted set of sites identified as a potential candidate for any particular recovery action,
reducing expenses associated with site reconnaissance surveys. Occupancy modeling have been
useful in past studies to quantify mussel – substrate associations within reaches (Pandolfo 2014;
Wisniewski et al. 2014) and may be useful for the development and testing of this model.
Opportunity to Model Additional Aquatic Species
As described in Chapter 2, we processed data for all aquatic species in the North Carolina
Wildlife Resources Commission (WRC) mussel survey database and these data are available, by
request, from the WRC. Thus, our analyses can be repeated for any other species of interest.
However, rather than directly repeating our procedures, we would recommend one refinement.
The current Bayesian models require experts to (1) define a suitability threshold for a target
species and then (2) predict the probability of suitability given a set of landscape criteria. In this
manner, each model is species-specific based on the joint realization of experts’ hypothesized
species requirements and the landscape-habitat relationships. We suggest that a generic version
of our Bayesian models could be developed which would better separate the expert hypotheses
regarding suitability drivers (e.g., landscape–temperature and landscape-water quality) from
hypotheses regarding species habitat requirements or preferences (e.g., temperature and water
quality thresholds). A generic model would predict (1) the measurement (e.g., temperature or
IBI score in our models) given a set of landscape criteria and then (2) experts hypothesize the
thresholds for each target species. This change would require some adjustment to the scenario
elicitation process and verification that such changes did not violate any underlying statistical
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assumptions. The generic version of the models would still incorporate uncertainty, an important
criteria for future decision risk analysis and would have much broader applicability.
Closing Statement
Despite the challenges of data and knowledge gaps, we generated three models that predict the
probability of suitable habitat across three critical physical aquatic regimes: temperature, water
quality, and hydrology. Furthermore, two of these models (temperature and water quality;
Chapter 3) move beyond simple correlation to base predictions on hypothesized cause-effect
associations between various spatial data resources and the presence of specific threats. These
initial, expert-based models provide a useful starting point from which to build better
understanding of landscape scale – habitat suitability – mussel occupancy causal relationships.
The ordination model (hydrology; Chapter 4) provides only correlative information; we cannot
distinguish which of many correlated hydrologic variables are the most influential of observed
mussel distribution patterns or if an entire suite is influential. However, within this analysis of
the new WaterFALL™ data, we learned that TRSM detections correlate with hydrologic
gradients. Even more interesting, we observed two distinct detection groups, which raise
important and unexpected conservation questions. We look forward to future research that may
build upon the models that we developed here to further refine and elucidate the complex
ecological relationships that limit the occurrence and abundance of freshwater mussels in lotic
ecosystems.
There seems to be consistency in the assumed functional drivers of and threats to habitat
suitability for mussels, but there remains much work to transform these insights and hypotheses
into landscape-scale predictive models and functional, user-friendly management decision tools.
Our models provide a path forward. In the short-term, our models provide guidance to focus
reconnaissance field efforts associated with the set of management decisions (e.g., preservation,
augmentation, restoration, etc.). This guidance includes both spatial (e.g., where to look) and
thematic (e.g., what to look for) information. In the long-term, monitoring and management
efforts built upon our models’ frameworks would move mussel management from decisions
based purely on subjective, qualitative information to decisions based on a mix of quantified
(e.g., probabilistic) “best professional judgment” and empirical data. The immediate steps to
achieve these ends depend, in part, on priorities of the conservation agencies. However, one
feasible path would be to (1) adjust the chemical and temperature models to the proposed generic
format, (2) complete the substrate model in generic form, (3) implement a sampling program to
validate and refine the models, and (4) if validation produces positive results, transcribe the
models into a user-friendly package that can support mussel management decisions. This
strategy would ensure the models benefit the broadest spectrum of aquatic species and their
associated habitats while gradually discerning species-specific thresholds and landscape-habitatoccupancy patterns.
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