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Abstract 

By concentrating materials and increasing the speed with which rainfall is 

conveyed off of the landscape, nearly all forms of land use change lead to predictable 

shifts in the hydrologic, thermal, and chemical regimes of receiving waters that can lead 

to the local extirpation of sensitive aquatic biota. In Central Appalachian river networks, 

alkaline mine drainage (AlkMD) derived from mountaintop removal mining for coal 

(MTM) noticeably simplifies macroinvertebrate communities. In this dissertation, I have 

used this distinct chemical regime shift as a platform to move beyond current 

understanding of chemical pollution in river networks. In Chapter Two, I applied a new 

model, the Hierarchical Diversity Decision Framework (HiDDeF) to a macroinvertebrate 

dataset along a gradient of AlkMD. By using this new modeling tool, I showed that 

current AlkMD water quality standards allow one-quarter of regional 

macroinvertebrates to decline to half of their maximum abundances. In Chapter Three, I 

conducted a field study in the Mud River, WV to understand how AlkMD influences 

patterns in aquatic insect production. This work revealed roughly 3-fold declines in 

annual production of sensitive taxa throughout the year in reaches affected by AlkMD. 

These declines were more severe during summer base flow when pollutant 

concentrations were higher, thereby preventing sensitive organisms from completing 

their life cycles. Finally, in Chapter Four I described the idea of chemical fragmentation 
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in river networks by performing a geospatial analysis of chemical pollution in Central 

Appalachia. In this work I showed that the ~30% of headwaters that remain after MTM 

intensification over the last four decades support ~10% of macroinvertebrates not found 

in mined reaches.   Collectively my work moves beyond the simple tools used to 

understand the static, local consequences of chemical pollution in freshwater 

ecosystems.   
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1. Introduction  

Freshwater ecosystems contribute disproportionately to global biodiversity by 

supporting 9.5% of Earth’s described species despite occupying only 0.8% of the Earth’s 

surface (Dudgeon et al. 2006, Strayer and Dudgeon 2010). Of the 125,000 freshwater 

species currently described, 8-16% have been imperiled or extirpated by human 

activities in upstream watersheds (IUCN 2007). By concentrating materials and 

increasing the speed with which rainfall is conveyed off of the landscape, nearly all 

forms of land use change lead to predictable shifts in the hydrologic, thermal, and 

chemical regimes of receiving waters that can lead to the local extirpation of sensitive 

aquatic biota (Paul and Meyer 2001, Allan 2004, Walsh et al. 2005). The fragmented 

landscapes and riverscapes that remain may further limit the ability of stream organisms 

to disperse among suitable habitats (Pringle 2003, Petersen et al. 2004, Smith et al. 2009). 

Together, these mechanisms drive predictable declines in freshwater biodiversity and a 

loss of sensitive taxa across many different types of disturbance gradients. Recognizing 

this vulnerability, both scientists and policy-makers seek to assess the resiliency of 

freshwater ecosystems in the face of widespread change (Karr 1981, Wright et al. 1984, 

Hawkins et al. 2000). In this dissertation, I integrate the traditionally distinct viewpoints 

of a quantitative statistician, field biologist, and landscape ecologist to answer three 

overarching questions: 
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How can tools that quantify freshwater biodiversity loss along anthropogenic 

gradients be improved?; 

How does biodiversity loss alter ecosystem function in polluted river 

networks?; and 

What are the consequences of chemical fragmentation for river network 

biodiversity?   

Freshwater macroinvertebrates respond so consistently to agricultural, urban, 

and other land cover disturbance gradients (Paul and Meyer 2001, Allan 2004, Walsh et 

al. 2005) that environmental managers regularly use them to assess the ecological status 

of freshwater systems (Norris and Morris 1995, Kallis 2001, USEPA 2002) . In addition, 

macroinvertebrates are easy to sample, diverse in their ecological strategies, and critical 

members of both in-stream and riparian food webs (Bonada et al. 2006). As watersheds 

become increasingly altered, intolerant macroinvertebrates that require stable habitat 

and high dissolved oxygen are replaced by fast-growing organisms that tolerate 

contaminants, high temperatures and low dissolved oxygen. Therefore, extreme 

disturbance simplifies macroinvertebrate communities in a visually striking manner. 

I chose to address each of these questions by focusing on freshwater 

macroinvertebrate communities in Central Appalachia, USA. In Central Appalachian 

river networks, alkaline mine drainage (AlkMD) derived from mountaintop removal 

mining for coal (MTM) noticeably simplifies macroinvertebrate communities (Pond et al. 
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2008, Bernhardt et al. 2012). MTM explosively removes mountaintops and buries 

neighboring headwater streams in engineered structures known as valley fills (Palmer et 

al. 2010, EPA 2011a, Bernhardt and Palmer 2011). Weathering of unconsolidated bedrock 

in valley fills results in the export of AlkMD, described consistently by increases in pH, 

alkalinity, base cations, sulfate, and some trace metal concentrations that correlate 

consistently with stream water conductivity (Griffith et al. 2012). By 2010 an estimated 

4% of the total river network length in the region had been directly buried in valley fills 

(EPA 2011a), and a much higher proportion (22-32%) of the river network was affected 

by the downstream export of AlkMD from surface mines (Lindberg et al. 2011, 

Bernhardt et al. 2012).  

In AlkMD polluted streams, sensitive macroinvertebrate taxa are unable to 

osmoregulate under higher salinity regimes, or they may take up toxic metals during 

osmoregulation (Buchwalter et al. 2008) or in their diets (Conley et al. 2011, 2014). These 

toxic effects interact to extirpate many sensitive native mayflies (order Ephemeroptera), 

stoneflies (order Plecoptera), and caddisflies (order Trichoptera) in streams receiving 

AlkMD (Pond et al. 2008, Pond 2010, 2011). Whole macroinvertebrate communities 

become structurally altered at conductivity levels as low as 121 μS/cm (Bernhardt et al. 

2012), approximately double that observed in regional reference streams (68 μS/cm). A 

comprehensive synthesis by the US EPA determined that above conductivities of 300 

μS/cm in receiving waters, 5% of macroinvertebrate taxa are lost (EPA 2011b, Cormier et 
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al. 2013a, 2013b). Consequently, US EPA has adopted this number as a threshold below 

which conductivity should remain in order for aquatic life to remain sufficiently 

protected.  

To set aquatic life use attainment thresholds, aquatic ecosystem managers rely on 

bioassessment tools that convert species assemblage data into biological integrity scores. 

These indices frequently describe ecological integrity using either a multimetric index 

(Karr 1981, Kerans and Karr 1994)or ratios of numbers of observed to expected taxa 

(O/E: Wright et al. 1984, Hawkins et al. 2000, Clarke et al. 2003). While governmental 

entities worldwide use these traditional biocriteria to assess river health, these tools are 

not tailored to assess degradation due to any one stressor. Nevertheless, post hoc 

correlations between index scores and observed stressor levels are sometimes used to set 

allowable stressor levels. The frequent goal of such efforts is to demarcate a threshold 

beyond which active intervention is required to protect aquatic biodiversity.  

Using these traditional tools to adopt a single number as a regulatory standard 

suffers from several shortcomings. First, compressing whole community data into one 

index simplifies the true nature of biological responses. Doing so ignores unique 

responses of phylogenetically related taxa as well as their distinct functional roles in the 

ecosystem (Baker and King 2010, King and Baker 2010). Furthermore, users of traditional 

bioassessment tools must make implicit assumptions when they set allowable stressor 

levels. Users typically do not assess whether the resulting water quality standards are 
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sensitive to these assumptions. Finally, traditional models typically do not quantify or 

communicate uncertainty in ecosystem predictions at or beyond threshold levels.  

In Chapter Two, I overcome these shortcomings by developing a Hierarchical 

Diversity Decision Framework (HiDDeF) that presents the tradeoff between water 

quality degradation and biodiversity loss as a landscape of possible decision points, 

allowing decision-makers to explore the consequences of setting any particular water 

quality standard. I go on to apply HiDDeF to assess the implicit assumptions behind 

current AlkMD water quality criteria.  

To date, bioassessment studies have characterized AlkMD’s effects on 

macroinvertebrate loss by examining changes in community structure (Pond et al. 2008, 

Pond 2011, Bernhardt et al. 2012). These studies use spatially intensive snapshots of 

macroinvertebrate communities to describe species turnover along natural and 

anthropogenic gradients. This static view of organism counts in a dip net full of insects 

belies the vibrant, interconnected community of organisms that vary in life history and 

ecological strategies (Cummins and Klug 1979, Huryn and Wallace 2000). Snapshot 

studies overlook these traits important to intra-annual community dynamics, and 

therefore are unable to assess how ecosystem function might change along major 

gradients. 

A particularly important measure of aquatic ecosystem function is whole-

community secondary production, or the rate of consumer biomass accrual over time 
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(Benke and Huryn 2010). Unlike gradient studies, calculating community level 

secondary production integrates organismal traits that affect both population dynamics 

and community-level interactions. The result is a single measure expressing the amount 

of energy routed through the consumer food web. In accord with the predictions of the 

River Continuum Concept (Vannote et al. 1980), total secondary production scales with 

watershed area along a Southern Appalachian river continuum (Grubaugh et al. 1997). 

Studies that examine how chemical pollution modifies these natural patterns report both 

increases and decreases in production (Shieh et al. 2003b, Carlisle and Clements 2003, 

Woodcock and Huryn 2008). Toxic pollutants typically reduce production when biomass 

losses outpace the faster growth rates of taxa tolerant of the new chemical environment 

(Carlisle and Clements 2003, Woodcock and Huryn 2007, Benke and Huryn 2010). 

While the loss of sensitive taxa from streams affected by AlkMD has now been 

well documented, the implications of these losses for in-stream secondary production 

have received little attention. The single available study to date (Johnson et al. 2013) 

compared seasonal emergence patterns between 5 unmined and 5 mining impacted 

streams and found no differences in the extrapolated production estimates. Such 

emergence studies are not only sensitive to the assumed production/emergence ratio, 

but also fail to describe monthly patterns of in-stream biomass. Such patterns highlight 

differences in the timing of production that may correlate with time-varying stressors. 

Carlisle and Clements (2003) applied a more traditional approach (Grubaugh et al. 1997, 
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Benke and Huryn 2010) to examine the effects of surface mining-derived zinc 

contamination in Rocky Mountain streams. In that study, the dominant loss of sensitive 

heptageniid mayflies depressed annual secondary production by 50%.  

In Chapter Three, I quantified secondary production along a gradient of AlkMD 

exposure in the Mud River, WV. This study documents how AlkMD alters both annual 

production rates and how those rates covary with seasonal changes in water chemistry.   

The snapshots of community structure used to understand the effects of AlkMD 

have focused on biodiversity losses immediately downstream of surface mines (Pond et 

al. 2008, EPA 2011a). Recent work (Bernhardt et al. 2012) has broadened this perspective 

to consider the cumulative impact of all of the surface mines within the ecoregion, 

estimating that downstream AlkMD impairs as at least 22% of the river network. Less 

effort has gone into understanding how upstream headwater remnants free of AlkMD 

might support regional network biodiversity. While local richness (α diversity) in 

individual headwater streams is known to be quite low, high species turnover across 

physicochemically diverse headwaters (β diversity) sustains high regional diversity (γ 

diversity) across regional headwater streams (Meyer et al. 2007, Clarke et al. 2008, Finn 

and Poff 2011). Diverse headwaters also help maintain diversity within main-stems by 

supplying organisms and offering refuge from disturbance(Meyer et al. 2007, Strayer 

and Dudgeon 2010).  
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Dams and flood control structures, are well known to disconnect these important 

dispersal pathways (Dynesius and Nilsson 1994, Pringle 2003, Ziv et al. 2012). Such 

decreases in hydrologic connectivity (Pringle 2003) between headwaters and 

downstream reaches reduces viability of aquatic biota both upstream and downstream 

of barriers (Pringle 1997).  In particular, hydrologic and thermal disconnection has been 

shown to increase risks for individual fish populations (Roberts et al. 2013) as well as 

regional scale fish biodiversity (Ziv et al. 2012). Long stretches of chemically impaired 

stream like AlkMD-polluted Central Appalachian streams could result in similar 

consequences. Chemical pollution along stream segments, however, has not been 

sufficiently explored as a fragmentation mechanism in river networks.  

In Chapter Four, I quantify the degree of chemical fragmentation by AlkMD in 

Central Appalachia. I further go on to assess the contribution of unmined headwaters to 

regional headwater biodiversity. Finally, I perform a preliminary analysis to assess the 

resiliency of communities in headwater remnants to the extent of downstream chemical 

pollution.   
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2. From a Line in the Sand to a Landscape of Decisions: 
A Hierarchical Diversity Decision Framework (HiDDeF) 
for Estimating and Communicating Biodiversity Loss 
along Anthropogenic Gradients 

2.1 Introduction 

Freshwater ecosystems integrate both local and remote disturbances in their 

contributing watersheds, making them more prone to biodiversity loss than their 

terrestrial counterparts (Ricciardi and Rasmussen 1999, Dudgeon et al. 2006, Norris et al. 

2007). The need to assess current and predict future trajectories of biotic degradation in 

receiving waters has catalyzed the development of a variety of innovative methods for 

describing how freshwater assemblages change along natural and anthropogenic 

gradients (Karr 1981, Wright et al. 1984, Hilsenhoff 1988, Dolédec and Statzner 2010). For 

management and conservation, the end result of most modeling exercises is the selection 

of a water quality standard or threshold that separates acceptable and unacceptable 

levels of biotic integrity. Adopting a single number as a regulatory standard simplifies 

the true nature of biological responses, masks implicit assumptions and fails to account 

adequately for uncertainty.  

Traditional models compute an index of biological integrity based on species 

assemblage data that is intended to communicate the “ecological integrity” of a water 

body. Biotic indices capable of discriminating a priori between minimally impacted and 

impaired sites rely on either multimetric indices (Karr 1981, Kerans and Karr 1994) or 
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ratios of numbers of observed to expected taxa (O/E: Wright et al. 1984, Hawkins et al. 

2000, Clarke et al. 2003). Government entities have formally adopted regionalized 

versions of these traditional biocriteria into their water quality standards where they are 

used to assess the biological integrity of jurisdictional waters (Norris and Morris 1995, 

Kallis 2001, USEPA 2002). Although traditional biocriteria are not tailored to assess 

degradation due to any one stressor, post-hoc correlations between index scores and 

stressor levels are sometimes used to set allowable stressor levels. When choosing a 

method and when making regulatory decisions about the acceptable levels of a stressor, 

users must make implicit assumptions about the amount of biodiversity loss to allow. 

The sensitivity of such pass/fail criteria to these assumptions is not typically quantified 

or assessed.   

We sought to develop a model that would differ from these traditional 

techniques in three key ways. First, as opposed to focusing on the response of composite 

metrics to a gradient, we wanted our model to focus on how individual taxa respond 

along an environmental gradient of interest. This approach has proven useful in 

determining threshold levels at which assemblage composition changes most 

dramatically in recent efforts (Baker and King 2010, King and Baker 2010, EPA 2011b). 

Second, we wanted our model to explicitly account for uncertainty in response functions 

by integrating the response curves of individual taxa within a Bayesian hierarchical 

framework that would allow us to predict assemblage composition along the gradient. 
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This hierarchical framework provides more accurate estimates for less common taxa by 

sharing information across the entire set of taxa. Finally, we wanted our model to depict 

a suite of threshold choices as a decision landscape, rather than a single number, with the 

aim of providing a quantitative tool for setting water quality standards.        

We developed and demonstrated the utility of our Bayesian hierarchical model 

by assessing the response of macroinvertebrate abundance to a well-defined gradient of 

alkaline mine drainage at 218 sites in Central Appalachia, USA. Alkaline mine drainage 

(AlkMD) generated from mountaintop coal removal mining operations (MTM) is the 

dominant water quality stressor in the region (Palmer et al. 2010, Bernhardt and Palmer 

2011). AlkMD results from weathering of newly unconsolidated bedrock in surface 

mines and is characterized by increases in pH, alkalinity, base cations, sulfate, and some 

trace metal concentrations all of which correlate consistently with streamwater 

conductivity (Griffith et al. 2012). While mined overburden has buried 4% of regional 

streams (EPA 2011a) AlkMD is degrading over one-quarter of streams (Lindberg et al. 

2011, Bernhardt et al. 2012). Such distinctive changes in the chemical regime of receiving 

waters have noticeably altered aquatic community composition in the region. The US 

EPA recently developed a conductivity (i.e. ionic strength) benchmark, 300 μS/cm, in 

order to prevent extirpation of 95% of the central Appalachian benthic 

macroinvertebrate genera by alkaline mine drainage (EPA 2011b, Cormier et al. 2013a). 

We use the decision landscapes generated by HiDDeF to contextualize this EPA 
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benchmark with the aim of communicating the sensitivity of this or any benchmark to a 

decision maker’s choice of protective level and risk tolerance.    

2.2 Methods 

2.2.1 Study Area Description 

For this study, we focus on an area in southwestern West Virginia (Figure 1) for 

which we were able to obtain spatially resolved, decadal estimates of surface mining 

cover since 1976 together with extensive data from stream macroinvertebrate samples 

collected by the West Virginia Department of Environmental Protection (WVDEP, 

described by Bernhardt et al. 2012). The 19,581 km2 study area falls within the Central 

Appalachian Forest and bordering Western Allegheny Plateau ecoregions (Omernik 

1987).  
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Figure 1: (a) West Virginia study area with macroinvertebrate sampling sites 

(black dots) depicted over stream network (blue lines proportional to stream order). 

Mining land cover 1976-2005 is shown in red. (b) Contiguous United States of 

America with study area indicated by red box. 

2.2.2 Dataset Assembly   

Our dataset of 218 sites represents a subsample from a database of 

macroinvertebrate abundances and water chemistry data collected by the WVDEP 

during 1998-2007. We identified stream sampling sites draining catchments that were 

completely within our delineated study area. For each site we estimated the proportion 

of catchment area mined since 1976 (following Bernhardt et al. 2012). We removed 241 

sites whose catchment area was more than 4.3% developed, as this was the development 
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threshold found to lead to the loss of sensitive taxa in prior analyses (Bernhardt et al. 

2012).  

For each site, WVDEP collected macroinvertebrates and measured water 

chemistry, including conductivity and sulfate concentrations, and physical habitat scores 

(Plafkin et al. 1989).  Macroinvertebrates were sampled and identified according to 

published protocols (WVDEP 2014). As in (Vasko et al. 2000), we removed those 

macroinvertebrate taxon that were found in <5% of sites or that never obtained >2% 

relative abundance at any site. For these exceedingly rare taxa, we had insufficient data 

to adequately model their abundance response profiles. After this screening process 110 

taxa remained (191 rare taxa were excluded). From the observed abundance data at each 

sampling site we calculated two indices of biological integrity, the West Virginia Stream 

Condition Index (WVSCI, Gerritsen et al. 2000) and the Genus Level Index of Most 

Probable Stream Status (GLIMPSS, Pond et al. 2013), both developed for the state of 

West Virginia.      

2.2.3 Model Description 

HiDDeF models the abundance of each taxon within a dataset relative to the 

environmental gradient of interest. Taxa response profiles are estimated using a 

Bayesian model that assumes a unimodal, Gaussian response function along the 

gradient whose parameters share common hyperdistributions across taxa (Figure 2). We 

assumed that the abundance ( ) of the jth macroinvertebrate taxon at site i followed a 
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negative binomial likelihood described by mean, , and dispersion parameter, . 

Although we also assessed other likelihoods typically used to model count data, the 

negative binomial distribution gave superior fit (See Appendix A). We considered 

modifying the model to explicitly account for density of organisms, but decided to 

model the fixed counts directly since the log-transformed total macroinvertebrate 

density did not show a linear relationship with the conductivity gradient (linear 

regression, p = 0.706).    
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Figure 2: The Bayesian hierarchical model we employed in this study. Step 1: Model abundance according to a negative 

binomial distribution whose mean varies as a Gaussian function of the environmental gradient of interest (shown here for an 

intolerant (blue points) and a tolerant taxon (red points)). Step 2: Model Gaussian response parameters hierarchically using 

appropriate hyperdistributions and priors on hyperparameters (see text for details). Step 3: Generate genera sensitivity curve 

indicating uncertainty in XCp estimates (grey horizontal lines) and estimate the hazardous concentration (HCq) at which q% of 

taxa are lost. 
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In our application of HiDDeF, we assume that the mean response follows a 

Gaussian function of the natural logarithm of the site’s conductivity ( ) (Figures 2 & 3). 

The Gaussian function is described by three parameters for each taxon: , the maximum 

abundance reached by the Gaussian curve; , the taxon’s optimum point along the 

gradient (mean of the Gaussian response curve); and , the tolerance of the taxon to the 

gradient (standard deviation of the Gaussian response curve). After applying the 

standard logarithm link function for negative binomial count data, a restricted 

( quadratic function of the gradient is obtained. Gaussian response curves (Ter 

Braak and Prentice 1988) can capture a variety of response shapes that different taxa 

may show to an environmental gradient (i.e. increasing, decreasing, flat) allowing us to 

fit the variety of response patterns observed in our data (See Appendix B). 
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Figure 3: Hypothetical plots compare the abundance of individuals per site for 

intolerant (blue) and tolerant (red) taxon and show the Gaussian parameters and 

abundance-based extirpation estimates for each. The maximum abundance ( ), 

optimum along the gradient ( ), tolerance to the gradient ( ), and abundance-based 

extirpation concentration (XCp, where p = 0.6) are shown for both taxa. 

It is often difficult to establish the response of rare taxa to an environmental 

gradient. In HiDDeF we overcome this challenge by employing a hierarchical 

framework (Gelman et al. 2013a) that recognizes how all taxa respond across the 

gradient of interest and which uses this mean response to inform the individual 
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response profiles for data-limited taxa. HiDDeF estimates a weighted average between 

the mean response across all taxa and the individual response of each taxon based on 

empirical data. As taxa become less common, their profiles are more likely to be 

modeled as the mean response, allowing us to “borrow strength” across taxa in the 

dataset (See Appendix B for details).   

The HiDDeF hierarchy is constructed by placing hyperdistributions on response 

parameters to reflect variation across taxa in the dataset (Figure 2). We assumed that the 

logarithm of the taxa’s maximum abundance ( ) followed a normal distribution 

described by mean, , and variance, , hyperparameters (Preston 1962); the taxa’s 

optima ( ) followed a normal distribution described by mean, , and variance, , 

hyperparameters (Gelman et al. 2013a); the reciprocal of the taxa’s tolerances (  and 

the dispersion parameters ( ) followed independent gamma distributions with scale 

hyperparameters set to 1 and shape hyperparameters,  and  respectively (Zhou et al. 

2012). The implicit assumption behind HiDDeF is that of exchangeability among the j 

parameters in the group. In other words, HiDDeF is blind to the identity of the taxa. We 

will discuss the appropriateness of this feature of our model later in the Discussion. For 

each of these hyperparameters, we chose appropriate minimally informative prior 

distributions.  
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2.2.4 Bayesian Posterior Computation & Model Checking 

The goal of Bayesian inference is to update the prior parameter distributions (in 

this case minimally informative) with data to find the posterior parameter distributions 

using Markov chain Monte Carlo search algorithms. Bayesian computation was 

performed in R(R Core Team 2014) with the RStan (Stan Development Team 2013b) 

package that interfaces to Stan (Stan Development Team 2013a). We outline our choice 

to use the negative binomial likelihood among several different alternatives and give 

details for MCMC methods in Appendix A.                 

2.2.5 Derived Quantities and Decision Landscapes  

The US EPA’s conductivity benchmark (300 μS/cm) was established with the goal 

of protecting 95% of regional macroinvertebrate genera. The benchmark was developed 

by aggregating presence/absence data for macroinvertebrate genera from over 2000 sites 

across West Virginia, estimating conductivity values at which each genus was 95% likely 

to be absent, developing a sensitivity distribution from these numbers, and determining 

the conductivity that would allow no more than 5% of genera to exceed their extirpation 

thresholds (USEPA 2011a, Cormier et al. 2013a). To derive estimates of taxa loss across 

the conductivity gradient using posterior distributions derived from the model 

described above, we calculated several measures analogous to those used by the EPA. 

First, for each taxon we define an abundance-based extirpation conductivity, XCp, as the 

conductivity at which the taxon’s estimated abundance falls to p% of its maximum value 
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on the right half of the Gaussian curve (Figure 3). Because p can be set to any value, XCp will 

approximate true extirpation only as p approaches 1. This value for the jth taxon is 

calculated directly from the Gaussian response parameters: 

. Therefore, the uncertainty present in the posterior 

distributions of a taxon’s optimum ( ) and tolerance ( ) translate directly into the 

uncertainty in its extirpation conductivity.  

For all values of p (0.01 to 0.99), we compared our abundance based XCp values 

both to extirpation conductivities calculated by EPA using presence-absence data (EPA 

2011b, Cormier et al. 2013a) and to median changepoint estimates for negative 

responders in a threshold indicator taxa analysis (TITAN, Baker and King 2010, King 

and Baker 2010) that was previously conducted for this region (Bernhardt et al. 2012). 

Although the goal of TITAN is to aggregate the signal of reliable gradient responders to 

determine a community-level change point, we felt that the individual change point 

estimates would be a good second point of comparison to HiDDeF results. Details for 

this comparison can be found in Appendix A.  

After calculating extirpation conductivities for all taxa along the gradient, we 

assessed the sensitivity curve by arranging taxa in order of their XCp values (Figure 2c). 

We define a hazardous conductivity, HCq, as the conductivity that would surpass q% of 

the assemblage’s extirpation conductivities. Instead of being restricted to inference at 

quantiles defined by each of the 110 taxa (i.e. 1/110, 2/110,…), HiDDeF uses 
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nonparametric quantile inference to estimate any quantile, q, from the ordered XCp 

values (Hjort and Petrone 2007). Statistical details of this approach shown in Figure 2d 

are expanded upon in Appendix A.     

To assess the sensitivity of hazardous concentration estimates to p, q, and a 

decision maker’s risk tolerance, we systematically varied both p and q from 0.01 to 0.99 

incrementally by 0.005 and calculated the resulting HCq distribution. This distribution 

indicates the range of protective levels that could be chosen at any particular 

combination of p and q. We operationalize a decision maker’s risk tolerance as the 

quantile of the HCq distribution the decision maker would choose as a water quality 

standard: Risk neutral decision makers would choose the median value of the 

distribution, risk tolerant decision makers would choose a quantile of the distribution 

above the median, and risk averse decision makers would choose a quantile below the 

median.  HiDDeF can then display the results of this sensitivity analysis as a contour 

plot of q versus p, a plot we refer to as a decision landscape. 

2.2.6 Assemblage Prediction and Community Response Patterns 

To assess how uncertainty estimates in individual response profiles cascade to 

affect community compositional metrics, we predicted 500 assemblages at each site 

using the Gaussian response function and posterior estimates for each taxon along the 

conductivity gradient (Details in Appendix A). We then calculated the total taxa 

richness, EPT richness (richness of sensitive insect orders Ephemeroptera, Plecoptera, 
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and Trichoptera), Hilsenhoff Biotic Index (HBI, Hilsenhoff 1988), and GLIMPSS for each 

of these 500 assemblages. Finally, we plotted predicted and observed community 

metrics across the conductivity gradient to ascertain the fit between our model results 

and observed communities.  

2.3 Results 

2.3.1 Sample Description 

 Water chemistry differed significantly between mined and unmined 

catchments, yet other ecologically relevant stressors did not (Table 1). Nearly half, 44%, 

of the 218 sites chosen for inclusion in the study drained catchments that were 

unaffected by coal mining while the remainder drained catchments that ranged in extent 

of their surface area occupied by surface coal mines from 0.034% to 92%. Collectively, 

the mined watersheds had significantly higher conductivity, sulfate concentrations, and 

pH than their unmined counterparts. Mined watersheds also tended to be larger in 

drainage area. Conductivity ranged from 18 to 2553 μS/cm and was significantly 

positively correlated with the percent of the catchment occupied by surface coal mines 

(Pearson’s r = 0.70). Both streamwater sulfate concentrations and pH also increased 

significantly with the proportion of watershed mined (r =0.66; r= 0.42 respectively). 

Other potentially confounding factors, such as the percent of each catchment developed, 

stream physical habitat scores (Plafkin et al. 1989) and dissolved oxygen concentrations 

did not differ between mined and unmined catchments. While just under one-quarter of 
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unmined sites were classified as reference streams, only 2 mined sites were similarly 

classified (both <0.5% mined).  

Table 1: Chemical and physical attributes of mined and unmined catchments. 

Mean values with standard error indicated in parentheses. 

 

2.3.2 Extirpation Conductivities and Genera Sensitivity Curves 

Macroinvertebrate taxa in our data exhibited varied sensitivity to conductivity, 

but the ultimate decision on a hazardous concentration depends on the decision maker. 

Figure 4 depicts the genera sensitivity curve for the most intolerant (Figure 4a) and most 

tolerant (Figure 4b) taxa at three different allowable levels of declines in taxa abundance 

(p) values: 50%, 75%, and 90%. A manager chooses a hazardous concentration by setting 

a percentage of taxa (q) allowed to drop to that level of abundance (p).  Therefore, the 

rate of increase of any one of the curves in Figure 6 represents the sensitivity of the 

conductivity benchmark to q with p fixed. The magnitude of the shift in the genera 

sensitivity curve from left to right as p increases represents the sensitivity of a 

conductivity benchmark to p with q fixed. Focusing on the leftmost curve (XC50), we see 

that 60% (66) of the taxa have XC50 conductivities within the range of our gradient and  
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Figure 4: Genera sensitivity curve showing abundance-based extirpation 

values at 50% below maximum abundance (XC50) for (a) less tolerant and (b) more 

tolerant taxa. Horizontal lines indicate posterior uncertainty in the estimate 

(interquartile range). Allowing taxa to drop to 75% and 90% below maximum 

abundance (XC75, XC90) shifts the sensitivity curve to the right. Our model makes 

projections outside of the measured range of conductivities in our training dataset, 

indicated by gray shading. 
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80% (88) have XC50 conductivities <10000 μS/cm, the upper limit measured by the EPA. 

We observe stark differences in the orders of the most sensitive taxa lost, with genera in 

the Ephemeroptera and Plecoptera orders eliminated at lower conductivites than most 

Trichoptera or Diptera. Eight of the ten most sensitive taxa belong to sensitive orders 

Ephemeroptera, Plecoptera and Trichoptera (EPT), while four of the ten least sensitive 

taxa belong to the order Diptera. In general, many of the estimated extirpation 

conductivities for the most tolerant taxa were extremely uncertain. Median estimates for 

all parameters, hyperparameters, and XCp values can be found in Appendix B, along 

with a summary of the degree to which the hierarchical structure improved model fit. 

By comparing our XCp estimates with those derived using other methods we can 

evaluate the implicit levels of abundance loss allowed by these methods (Figure 5). 

TITAN negative changepoints (median of bootstrap resamples) corresponded most 

closely to an XC61 in HiDDeF (Figure 5a, weighted RMSD = 68 μS/cm) while the 95th 

quantile of the TITAN bootstrap resamples corresponds most closely to an XC86.5  

(weighted RMSD = 102 μS/cm). As anticipated, EPA’s XC95 estimates based on presence-

absence data corresponded to HiDDeF’s XC95 (Figure 5b, weighted RMSD = 265 μS/cm). 
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Figure 5: Abundance-based extirpation concentrations, XCp, are comparable to 

those of other methods depending on the value of p chosen. We compared the XCp 

values calculated by our model to (a) TITAN negative changepoints reported for the 

same taxa by Bernhardt et al. (2012).  and (b) those reported for in the Cormier et al. 

(2011a) US EPA report. We used the XCp values that most closely resembled the 

respective estimate in each case. TITAN is more conservative and is equivalent to out 

XC61 while the US EPA estimates are equivalent to the XC95 generated by our model. 

Black line in each graph is 1:1 line. 

2.3.3 Assemblage-Level Patterns Across the Conductivity Gradient 

 HiDDeF’s assemblage level predictions closely resembled those found in 

the source data (Figure 6). In each case, the response predicted from a linear model on 

the observed data (blue line) nearly mirrors the response predicted using posterior 

median estimates (red points). Amongst the four biotic indices, HiDDeF model output 

best approximated the HBI-conductivity relationship (Figure 6c) with high concurrence 

between predictions from the models (R2 = 0.974,  = 0.48,  = 0.91) while total richness 

(Figure 6a) showed the lowest concurrence (R2 = 0.612,  = 18.5,  = 0.63). Although  
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Figure 6: Assemblage level patterns in the observed data (blue) are reproduced 

by predictions from our model (red). (a) Total richness, (b) EPT richness, (c) HBI, and 

(d) GLIMPSS versus conductivity. 95% prediction intervals are shown by dashed 

lines from each model. 

prediction intervals for HiDDeF overlapped considerably with the linear models (blue 

dashed lines compared to red dashed lines), HiDDeF predicted less variation around the 

mean response than in the observed data, a finding explained by factors excluded from 

the gradient in our model. 
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 2.3.4 Decision Landscapes 

 The water quality benchmark for conductivity in central Appalachian 

streams depends upon the protective level decided by managers. Sensitivity to these 

decisions can be depicted in decision landscapes (Figure 7). HiDDeF’s decision 

landscape for all taxa and a risk neutral decision maker (Figure 7a) shows the stressor 

level allowed (i.e. hazardous concentration) at any combination of taxa loss (q) and 

abundance decline (p). For example, deciding to allow 10% of taxa to decline to 25% of 

their maximum abundance (XC75)  would call for setting a water quality standard at 200 

μS/cm. The landscape’s steepness indicates how sensitive the benchmark choice is to 

changes in both p and q. There is uncertainty in this estimate which can be depicted in 

HiDDeF (Figure 7c and d).  
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Figure 7: Biologically-based water quality standards implicitly include 

decisions about the proportion of taxa that can be lost (y-axis) and the abundance at 

which any individual taxa will be harmed (x-axis). In panels (a) and (b), we 

graphically illustrate the consequences of choosing any particular conductivity 

standard for the likely (mean) decline in individual taxa abundance and overall 

taxonomic diversity in Appalachian streams. In panels (c) and (d), we focus on only 

two potential conductivity standards in order to illustrate the uncertainty surrounding 

the projected model outcomes. In these lower panels, the shaded area represents the 

interquartile range of our estimates while the dashed lines represent the 90% credible 

interval. In all cases contour lines represent conductivity levels in μS/cm. 

In addition to setting benchmarks, decision landscapes also have the ability to 

communicate the implications of a criterion that has already been established. In the 
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Appalachian region, EPA has recommended setting a conductivity standard of 300 

μS/cm, a threshold their model suggests will allow no more than 5% of taxa to have a 

95% chance of extirpation. HiDDeF predicts that a 300 μS/cm water quality standard will 

allow 32% of regional taxa to decline to half of their maximum abundance (XC50) (Figure 

7c). The prediction interval incorporating model uncertainty ranges from 26 to 38% 

allowing decision makers to interpret HiDDef results according to their own risk 

tolerance. For the sensitive group of EPT taxa, HiDDeF predicts that 46% (prediction 

interval: 37 - 55%) would decline to half their maximum abundance at a water quality 

standard of 300 μS/cm (Figure 7d). 

2.4 Discussion  

 HiDDeF estimates that over half of macroinvertebrate taxa are declining 

precipitously along the mining induced gradient in water quality and that any increase 

in conductivity above reference stream concentrations is likely to lead to a decline in 

abundance for the most sensitive taxa. Using HiDDeF to evaluate the 300 μS/cm 

conductivity standard proposed by the US EPA (EPA 2011b, Cormier et al. 2013a), we 

predict that this standard will allow at least 26% of taxa to decline to half of their 

maximum abundance. HiDDeF estimates that 34 to 52% of taxa are likely to have 

declined to at least half of their maximum abundance at 550 μS/cm (the median 

conductivity of mined streams in this study). Because HiDDeF is designed to create a 

decision landscape rather than supplying or evaluating a single number, HiDDeF 
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enables decision makers to explore the consequences of any particular water quality 

standard.   

Unlike previous methods that have examined extirpation from alkaline mine 

drainage using presence-absence data (EPA 2011b, Cormier et al. 2013a), HiDDeF 

assesses changes in taxa abundance over the same gradient. Specifically, we examined 

proportional losses from the maximum abundance predicted for each taxon in our 

dataset. This proportional loss, p, is "tunable" in the sense that high values imply 

complete extirpation while low values imply sublethal losses that would be experienced 

before complete extirpation. This tunability means that we can ascertain the implied 

levels of abundance loss for extirpation concentrations or change points derived from 

other statistical methods.For example, we showed that EPA’s extirpation concentrations 

were most similar to abundance losses of 95% below maximum abundance. On the other 

hand, change point concentrations for negative responders reported from a TITAN 

analysis (Baker and King 2010) of the same data (Bernhardt et al. 2012) were most 

similar to abundance losses of 61% below maximum for median TITAN changepoint 

estimates and 86.5% below maximum for the 95th percentile TITAN estimates. These 

comparisons show that the TITAN derived thresholds are more stringent and protective 

of taxon abundances than the EPA values.   

In order to establish a benchmark using HiDDeF, a decision maker must decide 

what percentage of taxa (q) should be allowed to decline to p% below maximum 
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abundance. Because both parameters influence the level at which the water quality 

criterion is set, a decision landscape can concisely depict the resulting choice of criterion 

given any combination of p and q. More importantly the gradient of the contours in such 

landscapes communicates the sensitivity of the benchmark to choices made by the 

manager. Sharp changes in these gradients might coincide with rapid change in 

community structure, and might serve as boundaries where water quality criteria could 

be set.  

For this application of HiDDeF, we assumed a unimodal Gaussian response 

across the gradient under a negative binomial sampling distribution as this was a good 

fit to our data. The unimodal Gaussian response we assumed for each taxon offers some 

advantages for modeling individual responses along gradients that can be exploited in 

future bioassessment studies.  The proper choice of Gaussian parameter values in 

relation to the magnitude of the gradient allows response shapes other than unimodal, 

including: increasing (β ≤  left endpoint of gradient), decreasing (β >= right endpoint of 

gradient),  and flat (γ > range of gradient) responses. This may not always be the case, as 

taxa responses may not be well described by a Gaussian curve across other novel 

environmental gradients (King and Baker 2010, Baker and King 2013). In such cases, 

response functions in HiDDeF could be adjusted to better approximate observed 

patterns.   
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We have demonstrated the utility of HiDDeF for a set of sites that were carefully 

selected to vary along one dominant stressor gradient (conductivity). Many 

environmental gradients incorporate multiple stressors (e.g. urban and agricultural 

development). This problem can be overcome in one of two ways. First, as we have done 

here, samples affected by other confounding variables can be removed, however this 

requires large datasets. Alternatively, when data is limited or when multiple stressors 

covary, HiDDeF could be further refined to account for this covariance. In the Gaussian 

framework we have employed, introduction of another gradient could be conceived as a 

multivariate Gaussian response that includes a covariance term (Ter Braak and Prentice 

1988). In reality species are responding to an infinite number of environmental variables 

(Hutchinson 1957), future modifications of HiDDeF could combine descriptors of the 

primary axes of natural variability (e.g. through principle components analysis) with a 

stressor gradient of interest to derive water quality benchmarks conditioned on natural 

gradients. 

By employing of the Bayesian machinery in HiDDeF, we embrace natural 

variability across sites even though we do not attempt to explain that variability. This 

variability is ultimately communicated by the probability distribution of the chosen 

benchmark at any level of p and q chosen. Decision makers must therefore decide upon a 

quantile within this distribution at which to set the water quality benchmark. Thus, 
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natural variability in our ecological model ultimately translates into variability in risk 

tolerance across decision makers in a managerial context.       

In addition to setting benchmarks, decision landscapes allow scientists to 

communicate clearly and precisely the level of biodiversity loss implied by a water 

quality criterion that has already been established at a particular stressor value. In the 

case of alkaline mine drainage from MTM, other methods have established community 

composition thresholds that converge near a conductivity value of 300 μS/cm (EPA 

2011b, Bernhardt et al. 2012, Cormier et al. 2013a). We show that choosing this threshold 

would allow 50% loss from maximum abundance for at least one-quarter of regional 

macroinvertebrates. Thus, analyzing uncertainty through the lens of a decision making 

framework allows a heuristic by which decision makers with different risk tolerances 

can better understand and communicate the likely consequences of their ultimate 

threshold setting.     

Another feature of HiDDeF is that it explicitly links taxa through shared 

hyperdistributions of their response parameters. Linking taxa in this manner induces a 

dependence structure which offers several advantages over other methods. First, we 

achieved comparable levels of uncertainty in our benchmark estimates (95% CI for p = 

75%, q = 10% = 136-283 μS/cm) to the EPA (95% CI = 300-500 μS/cm) using only about 

~10% of the sample size. Thus, sharing information across taxa through partial pooling 

of the data is more efficient in terms of the sample size needed to estimate a benchmark. 
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Secondly, hyperdistributions explicitly characterize variability across taxa in response 

parameters. Although this characterization depends on the taxa included in the analysis, 

we argue that these hyperdistributions should capture parameters for rare taxa that are 

not included. Furthermore, hyperdistributions are likely similar across ecoregions or at 

the very least could be used as an informative prior when investigating similar 

responses in other studies. Our hierarchy could be easily extended into larger-scale 

geographic studies by adding hierarchies on sites. For example, despite the common 

response of freshwater communities to urbanization (i.e. urban stream syndrome, Walsh 

et al. 2005), different regions of the United States have unique factors that modulate 

these effects. Hierarchical models have been shown to be an effective way of explaining 

such variability (Cuffney et al. 2011).   

In this application of HiDDeF taxa are not treated independently, but they are 

considered exchangeable. The exchangeability assumption implies that the parameters 

across taxa are invariant to permutations of the taxa identities (Gelman et al. 2013a). 

Depending on the gradient involved, we may have information (e.g. biological traits or 

phylogenetic constraints) that would explain variation among the response parameters. 

For example, we have shown in concordance with other studies (Pond et al. 2008, Pond 

2010, 2011) that mayflies and stoneflies tend to have lower extirpation concentrations 

than other orders. Sensitivity to alkaline mine drainage may therefore be 

phylogenetically constrained, perhaps by commonality of metal uptake rates among 
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closely related taxa (Buchwalter et al. 2008). Our framework, however, can easily 

accommodate such constraints by adding trait values as taxon specific predictors or 

introducing covariance that decays with increasing phylogenetic distance thereby better 

meeting the exchangeability assumption. Such efforts have been successfully employed 

in assessing how traits modulate algal niche space (Jamil et al. 2014) and are highlighted 

as a predictive method that is superior to traditional ordination techniques such as the 

fourth corner method and RLQ analysis.    

It has been our intention in this research to devise a sophisticated modeling tool 

for underpinning environmental decision-making. A secondary goal of our effort was to 

apply this tool to show the ecological consequences of setting a threshold for 

conductivity in streams of Central Appalachia. HiDDeF offers several significant 

advantages to community ecologists and freshwater managers alike, in that it provides a 

powerful tool to investigate both individual and community level responses to 

environmental gradients and generates output that includes a comprehensive summary 

of model parameters and uncertainty that should improve the sophistication with which 

decision makers set and evaluate water quality criteria. In the application of HiDDeF to 

streams of Central Appalachia, we show that protection of 90% of regional taxa could be 

achieved by setting a conductivity threshold between 104 and 356 μS/cm depending 

upon whether decision makers are willing to let taxa fall to 50% or 10% of their 

maximum abundances respectively. 
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3. Turning a Snapshot into a Motion Picture: Patterns in 
Aquatic Insect Production across a Gradient of Alkaline 
Mine Drainage 

3.1 Introduction 

By concentrating materials and increasing the speed with which rainfall is 

conveyed off of the landscape, nearly all forms of land use change lead to predictable 

shifts in the hydrologic, thermal, and chemical regimes of receiving waters (Paul and 

Meyer 2001, Allan 2004, Walsh et al. 2005). These physicochemical regime shifts both 

homogenize aquatic communities and accelerate species loss in freshwaters to a greater 

degree than other ecosystem types (Ricciardi and Rasmussen 1999a, Strayer and 

Dudgeon 2010). To assess the impact of these losses, many studies frequently examine 

changes in freshwater community structure using spatially intensive snapshots of 

freshwater assemblage composition (Karr 1981, Wright et al. 1984, Hawkins et al. 2000). 

These studies have undoubtedly helped unravel the major natural and anthropogenic 

gradients contributing to biodiversity loss in rivers, but overlook how temporal changes 

in communities may relate to ecosystem function along the same gradients.    

A particularly important measure of aquatic ecosystem function is whole-

community secondary production, or the rate of consumer biomass accrual over time 

(Benke and Huryn 2010). Unlike gradient studies, calculating community level 

secondary production integrates organismal traits that affect both population dynamics 

and community-level interactions (Benke and Huryn 2010). The result is a single 
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measure expressing the amount of energy routed through the consumer food web 

(Benke 2010). In accord with the predictions of the River Continuum Concept (Vannote 

et al. 1980), total secondary production scales with watershed area along a Southern 

Appalachian river continuum (Grubaugh et al. 1997). When studies examine how 

chemical pollution modifies these natural patterns, they report both increases and 

decreases in production (Shieh et al. 2003b, Carlisle and Clements 2003, Woodcock and 

Huryn 2008). Toxic pollutants typically reduce production when biomass losses outpace 

faster individual growth rates of taxa that can tolerate the new chemical environment.  

In Central Appalachia, USA, alkaline mine drainage (AlkMD) derived from 

mountaintop removal coal mining (MTM) represents the dominant chemical pollutant 

throughout the region (EPA 2011a). MTM explosively removes mountaintops and buries 

neighboring headwater streams in engineered structures known as valley fills (Palmer et 

al. 2010, Bernhardt and Palmer 2011). Weathering of unconsolidated bedrock in valley 

fills results in the export of AlkMD, described consistently by increases in pH, alkalinity, 

base cations, sulfate, and some trace metal concentrations. These changes to water 

chemistry correlate consistently with stream water conductivity (Griffith et al. 2012). By 

2010 an estimated 4% of the total river network length in the region had been directly 

buried in valley fills (EPA 2011a), and a much higher proportion (22-32%) of the river 

network was affected by the downstream export of AlkMD from valley fill ponds 

(Lindberg et al. 2011, Bernhardt et al. 2012). These distinctive changes in the chemical 
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regime of receiving waters have locally extirpated sensitive mayfly (Ephemeroptera) 

(Pond 2010), stonefly (Plecoptera) (Pond 2011), and caddisfly (Trichoptera) (Pond 2011) 

taxa (collectively, EPT) at sites affected by AlkMD (Pond et al. 2008, Cormier et al. 2013b, 

Voss et al. 2015). 

While the loss of sensitive taxa from streams affected by AlkMD has now been 

well documented, the implications of these losses for in-stream secondary production 

have received little attention. The single available study to date (Johnson et al. 2013) 

compared seasonal emergence patterns between 5 unmined and 5 mining impacted 

streams and found no differences in the extrapolated production estimates. Such 

emergence studies are not only sensitive to the assumed production/emergence ratio, 

but also fail to describe monthly patterns of in-stream biomass. Such patterns highlight 

differences in the timing of production that may correlate with time-varying stressors. 

Carlisle and Clements (2003) applied a more traditional approach (Grubaugh et al. 1997, 

Benke and Huryn 2010) to examine the effects of surface mining-derived zinc 

contamination in Rocky Mountain streams. In that study, the dominant loss of sensitive 

heptageniid mayflies depressed annual secondary production by 50%. 

In this paper, we ask the following questions: (i) How does AlkMD pollution 

alter seasonal patterns in aquatic insect abundance and biomass over the course of a 

year? (ii) How do these temporal patterns coincide with the same patterns in water 

chemistry? (iii) What are the consequences of these changes for annual in-stream 



 

41 

secondary production of the entire aquatic insect community, and those in the sensitive 

EPT orders?   

3.2 Methods 

3.2.1 Site Description 

We estimated aquatic insect production at three 100-m study reaches (MR-2, MR-

3, and MR-7) that lie along the main stem of the Mud River in Boone and Lincoln 

Counties, West Virginia USA (Figure 8). The Mud River basin is situated within the 

Central Appalachian ecoregion, with unmined portions of the watershed dominated by 

mixed mesophytic forests (Omernik 1987). The Mud River is a tributary to the 

Guyandotte River which itself is a tributary to the Ohio River. Our study reaches lie 

along a continuum of upstream mining and AlkMD influence in the Mud River/Ballard 

Fork hydrologic basin (HUC-12: 050701020302). The first two sites (MR-2 and MR-3) are 

separated by ~1 km but are chemically distinct due to AlkMD export from Lukey Fork, 

the first tributary to the Mud River main stem draining MTM-VF occupied land.  Lukey 

Fork drains a 5.1 km2 watershed which has 34% of its surface area occupied by surface 

mines. An additional 4.2 km downstream of MR-3, our downstream reach (MR-7) 

receives AlkMD exported from ~14.8 km2 of active and reclaimed surface mines (41% of 

its entire watershed area) (Lindberg et al. 2011). 
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Figure 8: Study sites where secondary production was estimated along the Mud River, WV 
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3.2.2 Site Characterization 

3.2.2.1 Physical Habitat Characterization  

In July and August 2013 we conducted a survey to assess several physical habitat 

parameters in each study reach (Ode 2007). First, we delineated the endpoints of the 

reach with a measuring tape and established transects perpendicular to flow direction 

every five meters. Along each transect, we measured wetted width (m), thalweg depth 

(cm) and the diameter of the median axis (mm) from five regularly spaced pebbles. For 

each cobble found during the pebble count, we estimated percent embeddedness to the 

nearest 5% and supplemented these estimates with additional randomly selected cobbles 

until embeddedness had been estimated for a total of 25 cobbles. We used ANOVA 

followed by Tukey’s HSD (familywise α = 0.05) to detect differences among mean 

wetted width, mean thalweg depth and mean cobble embeddedness. From the pebble 

count data we estimated the median grain size (D50) and proportion of cobble, the 

standard error of which we assessed using a bootstrap resample of the pebble data. 

Differences between reaches were assessed by overlap of 95% confidence intervals from 

these bootstrap estimates.   

At five transects (roughly at 0, 25, 50, 75 and 100 meters) we used a M3 

Mechanical Total Station (Trimble) to estimate cross-sectional elevation profiles.  From 

these cross-sections, we calculated bank-full width (m) and depth (m). From these 

measurements we estimated mean bank-full width and depth across the reach, the 
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standard error of which we estimated by a bootstrap resample of the data. Differences 

between reaches were assessed by overlap of 95% confidence intervals from these 

bootstrap resamples. We also used the Total Station to estimate streambed elevation in 

the thalweg every two meters. From these measurements we estimated bedslope in the 

reach using a linear regression of elevation versus stream distance. The standard error of 

the regression slope represents our uncertainty in the bedslope estimate.       

Finally, at the midpoint of each 10-m subsection in the reach, we estimated the 

proportion of each of four velocity-depth habitat regimes (riffle, run, glide, and pool) by 

visual inspection to the nearest 5%. In each reach, riffle habitat dominated and we 

estimated the mean percent riffle by weighting the percent riffle in each 10-m subsection 

by the average wetted width across the subsection. Standard error of this weighted 

average was estimated using a bootstrap resample of both the proportional habitat data 

and mean wetted width in the subsection.  Differences between reaches were assessed 

by overlap of 95% intervals from these bootstrap resamples. Additionally, we estimated 

the percent canopy cover at each subsection midpoint using the average of four 

spherical mirror densiometer measurements made by facing the cardinal directions 

defined by streamflow. We used the same procedure to measure winter canopy cover in 

January 2013. Differences in mean percent canopy cover across reaches were assessed 

using ANOVA followed by Tukey’s HSD (familywise α = 0.05).   
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3.2.2.2 Water Chemistry          

We installed continuously recording loggers (Solinst Canada Ltd.) in each reach 

that measured specific conductance (μS/cm) and temperature (°C) every 15 minutes 

from June 2012 to May 2013. From this continuous dataset, we calculated the average 

annual specific conductance, average annual in-stream temperature and the annual 

number of degree days in each reach. Differences between reaches were assessed by 

repeated measures ANOVA. We also used data from a USGS gaging station just 

downstream of a run-of-river dam in the Mud River Reservoir (USGS 03204250: 38.17 

°N, 82.06 °W) to approximate the shape of the hydrograph within the Mud River/Ballard 

Fork HUC-12. 

When aquatic insects were sampled each month, we also collected water samples 

to assess differences in water chemistry among study reaches. At the time of sample 

collection, dissolved oxygen and pH were recorded using a Beckman Coulter Phi470 

multimeter (Beckman Coulter, Inc.). We also collected 60 mL of streamwater via syringe 

into acid-washed bottles, pre-acidified with 0.3 mL of concentrated trace-metal grade 

nitric acid. These streamwater samples, diluted ten-fold with a 2.0% HNO3/0.5% HCl 

(both trace-metal grade) solution, were analyzed for Ca, Mg, and Se using a VG 

PlasmaQuad-3 inductively coupled plasma mass spectrometer (Thermo Fisher Scientific, 

Inc.). We also collected an additional 60 mL of streamwater via syringe to analyze for 

total organic carbon (TOC) and sulfate (SO42-). TOC in ten-fold diluted streamwater was 
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analyzed using a Shimadzu TOC-V total carbon analyzer (Shimadzu Scientific 

Instruments). SO42- in ten-fold diluted streamwater was analyzed using a Dionex ICS-

2000 ion chromatograph with an AS-18 column. Finally, water samples for alkalinity 

were collected under the water surface into 30-mL acid-washed bottles until all air 

bubbles were removed. Total alkalinity (mg/L HCO3-) was then measured using a 

titration with 0.02 N HCl followed by pH to an endpoint of 4.5. Collected water samples 

were stored on ice, transported back to the lab, and kept in a cold room (4°C) or freezer 

until analysis.  

Each time we sampled aquatic insects, we also measured algal standing stocks as 

chlorophyll-a (mg/m2). We did so by removing a rock directly upstream of each of the 

five randomly selected riffles for insect sampling. A 10.55-cm2 area of each rock was 

scrubbed and rinsed with stream water into a small wash tub. The volume of the entire 

scrubbate from all rocks was measured and an aliquot of the sample was filtered by 

syringe onto a 0.7-μm Whatman glass microfiber filter (GE Healthcare). The filter was 

then placed in a foil-wrapped centrifuge tube and frozen until analysis. At analysis, 25 

mL of 70% acetone was added to the centrifuge tube which was gently shaken to aid 

extraction. Within 24 hours, the acetone extracts were analyzed for chlorophyll-a by 

fluorometry on a Turner 10AU fluorometer (Turner Designs). After adjusting for 

dilution factors, statistical differences in water chemistry and algal standing stocks 
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between study reaches were assessed on log-transformed concentrations by repeated 

measures ANOVA, followed by Holm-corrected pairwise t-tests.  

3.2.3 Aquatic Insect Sampling and Processing 

From June 2012 to May 2013, aquatic insect larvae in riffle habitat were sampled 

at roughly equally spaced monthly intervals from each study reach. At each sample 

location, we stretched a 100-m measuring tape across the thalweg of the reach, and used 

a random number generator to specify the longitudinal and cross-sectional position of 

five replicate sampling locations. If the randomly selected point was not in a riffle, we 

generated another random sampling location. During low flow, sampling locations were 

slightly adjusted to ensure that sufficient flow for sampling was present. At each 

sampling location, we used a Surber sampler with 243-μm Nitex mesh net (Wildco, Inc.) 

to collect benthic aquatic insects. First, we gently scrubbed all cobble or greater size 

pebbles or portions thereof located in the 0.09-m2 sampling frame. Then, we manually 

disturbed the benthos to a depth of approximately 10 cm for 60 seconds. All samples 

were then preserved in 5% formalin stained with Rose Bengal and transported back to 

the laboratory for further processing.  

In the laboratory, samples were processed by removing large debris after 

checking for attached organisms.  The remaining fine debris was then separated into >1-

mm and 250-μm – 1-mm fractions using a pair of nested 1-mm and 250-μm sieves. 

Subsequently all organisms were removed from the > 1-mm fraction under 10x 
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magnification. The 250-μm fraction was subsampled by thoroughly washing the organic 

portion with water into a plastic Imhoff cone equipped with an air bubbler. The total 

volume of the sample was measured and a 60-mL subsample (~10%) was obtained via 

plastic syringe under aeration vigorous enough to ensure adequate sample mixing 

(Cross et al. 2013). Organisms were then picked from the 60-mL subsample under 30x 

magnification. With the exception of four of the > 1-mm fractions whose total count was 

greater than 1500 organisms (MR-2: June, MR-3: May, MR-7: April and May), all picked 

organisms were identified to genus with the exception of Chironomidae which were 

classified as Tanypodinae or Non-tanypodinae. The remaining four > 1-mm fractions 

were subsampled by placing all organisms into a gridded tray and removing organisms 

from a randomly ordered list of grid cells. Organisms were removed until all organisms 

in the grid cell that contained the 1500th organism were picked. In each monthly sample 

from each site, the first 30 individuals of each identified taxon were measured to the 

nearest 1-mm. Any individuals counted beyond the 30th were distributed according to 

the length distribution of the first 30 individuals. In the 250-μm subsamples, all 

individuals were identified and measured. Total density of each taxon was estimated by 

accounting for any subsamples and dividing the final counts by the total area sampled, 

0.45 m2.        
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3.2.4 Community Composition 

For each month-site sampling event, we calculated the total richness of all 

macroinvertebrates, richness of taxa belonging to the sensitive EPT orders, and the 

richness of mayflies, an order known to be especially sensitive to AlkMD. We then 

compared richness among our three sampling sites using repeated measures ANOVA, 

followed by Holm-corrected pairwise t-tests.  

To visualize changes in abundance of dominant macroinvertebrate taxa, we 

performed a non-metric multidimensional scaling (NMDS) ordination on the Bray-

Curtis distance matrix calculated from log(x+1) transformed densities (McCune and 

Grace 2002). In the NMDS, we only included 69 taxa whose maximum density reached 

at least 0.5% of the total density observed during each sampling event. We chose a two-

dimensional ordination based on a stepdown procedure that assessed the relative 

decrease in stress from one to five dimensions. We ran the final 2-D ordination from 

5000 random start values, chose the solution with lowest stress, and rotated the final 

results with principal components analysis to place the largest explained variation on 

the first axis. Finally, we used permutational analysis of variance (Anderson 2001) on the 

distance matrix to assess any statistical differences in community structure by site, 

season (June-August = Summer, September – November = Autumn, December – 

February = Winter, March – May =Spring), and an interaction between site and season.    



 

50 

3.2.5 Biomass and Secondary Production Estimation 

Length classes of all identified taxa were converted to dry mass classes using 

length-mass regressions in the literature (Benke et al. 1999). When genus-level 

regressions were unavailable, we used the family- or order-level regressions as 

appropriate. For each taxon, monthly biomass was calculated by multiplying density in 

each length class by its estimated dry mass (DM) and summing across length classes. 

Average annual biomass was then calculated as the average across the twelve sampling 

periods. Regressions which reported ash-free dry mass (AFDM) were corrected to DM 

using the percent ash reported in the literature.  

For each identified taxon we calculated annual secondary production using a 

method appropriate to its abundance throughout the year. For 33 abundant taxa (31%), 

we used the size-frequency method which assumes that the average size-frequency 

distribution across monthly samples represents survivorship of an average cohort 

(Hynes and Coleman 1968, Hamilton 1969, Benke and Huryn 2010). We corrected our 

estimates by 365/CPI, where CPI represents our best estimate of the cohort production 

interval from monthly size-frequency distributions or patterns in monthly biomass 

(Benke 1979). For 66 less abundant taxa (63%), we used a set annual production to 

biomass turnover ratio (P/B) according to the most common voltinism described for each 

taxon in an aquatic insect trait database. We assumed that univoltine, multivoltine, and 

semivoltine taxa possessed P/B ratios of 5, 10, and 2.5 respectively (Grubaugh et al. 1997, 
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Hall et al. 2006, Cross et al. 2013). Thus, to estimate production we multiplied average 

annual biomass by the assumed P/B ratio. For tanypod and non-tanypod midges, we 

used the instantaneous growth method where daily growth rates were estimated from 

length and temperature specific regressions reported for Appalachian chironomids 

(Huryn 1990). For each month, we used the mean monthly temperature at each site to 

estimate the daily growth rate for each length class, and then calculated average daily 

production as the biomass-weighted average across size classes. These average daily 

production estimates were then scaled according to the monthly sampling schedule 

employed in our study. Finally, adult beetles were assumed to contribute zero to total 

production (Benke 2002). Details for values and methods used for each taxon can be 

found in Appendix C.  

We estimated uncertainty in our biomass and production estimates using a 

Monte Carlo bootstrap resampling method described by several other studies (Carlisle 

and Clements 2003, Cross et al. 2013). Briefly, we incorporated four sources of 

uncertainty in our estimates. First, we accounted for errors in monthly density of each 

taxon by resampling monthly size-specific abundance densities with replacement.  

Secondly, we incorporated uncertainty in length-mass regressions by assuming that 

slopes and intercepts could be drawn independently from a normal distribution based 

on published standard errors of these parameters. Third, we assumed that our estimate 

of CPI was normally distributed with a standard deviation of 7.6 days thereby resulting 
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in average error of up to 30 days in 95% of cases. Finally, we estimated that our assumed 

P/B ratios were uncertain with coefficients of variation of 0.3, a value indicative of the 

range of P/B ratios found for univoltine taxa in temperate streams (2-8) (Benke and 

Huryn 2006). For each of the 1000 bootstrap resamples, we resampled the density data 

and parameters, then recalculated biomass and production as described above. Total 

aquatic insect secondary production was estimated as the median of these bootstrap 

estimates, with error around the median represented by 90% confidence intervals 

defined by the 5th and 95th quantiles from bootstrap estimates.             

3.3 Results 

3.3.1 Watershed Characteristics & Reach-Level Physical Habitat 

Along a brief 5.5-km river continuum, our study sites differ substantially in 

mining activity but not in most descriptors of reach-level physical habitat (Figure 8, 

Table 2). Although our estimates of channel width and depth increased predictably 

along the continuum, these differences did not correspond to changes in most of the 

habitat parameters we measured. Specifically, riffle habitat dominated all three study 

reaches, and there were no significant differences in grain size distribution or the degree 

of cobble embeddedness across sites. While we observed no differences in winter 

canopy cover, we did observe significant higher summer canopy cover at the site farther 

downstream compared to the two upstream sites. This finding could be attributed to 

significant riparian tree removal in June 2013 which occurred immediately before our 
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habitat survey, but well after our last macroinvertebrate samples were taken in May 

2013.  

 

 

 

Table 2: Watershed and habitat characteristics of the Mud River study reaches  
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3.3.2 Water Chemistry 

Dissolved ion concentrations were higher by orders of magnitude in the two 

mined sites compared to the unmined site (Table 3, Figure 9). Downstream export of 

AlkMD from valley fills to the two mined reaches results in significantly higher 

concentrations of sulfate, base cations, alkalinity, pH, and selenium, with highest values 

observed at the more intensely mined site during every month of our study (Table 3, 

Figure 9). Chemical differences between the upstream unmined and downstream mined 

sites were most extreme during the period of summer base flow from June to September. 

We observed no corresponding differences in thermal regime, dissolved oxygen, 

chlorophyll-a, or total organic carbon across study reaches.  
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Table 3: Water chemistry of the Mud River study reaches 
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Figure 9:   Seasonal patterns in water chemistry show that AlkMD concentrations are higher during baseflow and more 

concentrated downstream of mined areas (blue= MR-2, orange = MR-3, red= MR-7).
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3.3.3 Community Structure  

For most months in our study, sensitive taxa numbers were higher at the 

upstream unmined site than at either downstream mined site (Figure 10). Over the 

course of the entire year we encountered a total of 88 aquatic insect taxa at MR-2, while 

we only observed 71 at MR-3 and 60 at MR-7. On individual sampling dates, we 

consistently collected larger numbers of total taxa, EPT taxa, and mayfly taxa from the 

unmined site than for either mining impacted reach (RM ANOVA, p < 0.001). The 

reductions in both total taxa and mayfly richness were more severe at the more intensely 

mined site, MR-7, as compared to MR-3 (pairwise t-test Holm corrected, Total: p = 0.06, 

Mayfly: p = 0.02), but EPT richness was similar each month between the mining 

impacted sites (pairwise t-test, p = 0.94). We rarely observed any mayflies at MR-7, and 

at MR-3 mayflies made up a substantial fraction of sample totals only during winter and 

spring.      
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Figure 10: Annual patterns in richness among the Mud River study reaches   
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Differences in richness among sites translated to distinct community composition 

at each site throughout the year (Figure 11). Site and season each explained roughly the 

same percentage of total variation in community composition among site-month 

samples (permanova, Site: R2 = 0.21, p = 0.0001; Season: R2 = 0.24, p = 0.0001). We also 

observed a marginally significant interaction between site and season (permanova, R2 = 

0.13, p = 0.12) indicating different seasonal changes in community composition by site. 

We represent these differences in a two-dimensional NMDS ordination (Figure 11, stress 

= 0.311, R2 = 0.599) where the horizontal axis (R2 = 0.312) represents differences by site 

and the vertical axis (R2 = 0.287) represents seasonal differences. Though shifted in 

ordination space, the magnitude and counter-clockwise progression of seasonal change 

was similar between MR-2 and MR-3.  In contrast, seasonal patterns at MR-7 did not 

follow the same orderly progression.  
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Figure 11: The three Mud River study reaches show distinct macroinvertebrate 

composition throughout the year.  

3.3.4 Biomass and Secondary Production 

The seasonal patterns we observed across sites in community structure 

manifested themselves as distinct monthly patterns in both the absolute amount of and 

the taxonomic distribution of biomass throughout the year (Figure 12). These differences 

ultimately result in quite different annual estimates of aquatic insect productivity 

between sites, especially for the sensitive EPT group (Figure 13, Table 4, Appendix D). 

Annual EPT production at the upstream unmined reach (90% CI: 2.0 – 4.5 g m-2yr-1) was 
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Figure 12: Annual patterns in biomass for aquatic insect orders at the Mud River study reaches. 
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Figure 13: Taxonomic composition of annual production for Mud River study reaches (blue = MR-2,orange=MR-

3,red=MR-7). Error bars represent 90% confidence intervals. E= Ephemeroptera, P = Plecoptera, T = Trichoptera, C= Coleoptera, D= 

Diptera, M= Megaloptera, O = Odonata. 



 

63 

Table 4: Annual production estimates for the ten dominant taxa at each of the 

Mud River reaches. Statistically insignificant differences noted by underlining or use 

of the > symbol.  

 

3.3 times higher than EPT production at the mined reach (90% CI: 0.5 – 1.8 g m-2yr-1) 

immediately downstream. Furthermore, the timing of mayfly production at the mined 
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site was confined to the winter and early spring during peak flows, whereas at the 

mined site mayfly production occurred throughout the year. Even though EPT 

production at the more intensely mined site (90% CI: 0.9 – 3.7) was not significantly 

different in magnitude from the unmined site, the taxonomic composition of that 

production dramatically differed. At the unmined site, a diverse group of mayflies (16 

genera) dominated by the heptageniid Maccaffertium, comprised half of EPT production. 

In contrast, mayflies constituted only 22% (MR-3) and 1% (MR-7) of  EPT production at 

the two mined sites where mayfly production was dominated by Baetisca. We observed 

significant (90% CI > 0) production for only 11 (MR-3) and 5 (MR-7) mayfly genera over 

the course of our sampling year. Instead of mayflies, the tolerant caddisflies, 

Cheumatopsyche and Hydropsyche dominated EPT production in the two mined sites. 

The absolute amount of aquatic insect production as well as its taxonomic 

distribution varied between sites (Figure 13, Table 3), with a more diverse suite of taxa 

comprising total production at the unmined reach than either of the mined reaches 

(Figure 14). Total production at the upstream unmined reach (90% CI: 6.2 – 16.9 g m-2yr-

1) was 3.6 times higher than production at the mined reach (90% CI: 2.6 – 3.9 g m-2yr-1) 

immediately downstream. While total production at the more intensely mined site (90% 

CI: 3.7 – 31.1 g m-2yr-1) did not significantly differ in magnitude from either upstream 

site, production at the site was dominated by Corydalus cornutus, whose production 

estimate varied by three orders of magnitude (90% CI: 0.06 – 28.1) on account of one 
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large individual sampled in November. The remainder of the production at MR-7 was 

confined to the period of peak flow in winter and early spring, in contrast to MR-2 

where biomass production remained high throughout the year.  
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Figure 14: Abundance, biomass and production dominance curves follow the 

same pattern. More taxa contribute to production in the unmined site (MR-2, blue) 

compared to either mined site (MR-3, orange; MR-7 red) 
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3.3.5 Average Individual Length  

Chemical stress or physical disturbance can prevent sensitive aquatic insects 

from completing their life cycles, thus we often observe reductions in the average or 

maximum sizes of sensitive taxa between reference and degraded streams. We 

measured significant reductions in the average individual body length across the 

AlkMD gradient for three dominant taxa in our study (Table 4). The intolerant mayfly, 

Ephemerella, decreases in average individual body length along the gradient. 

Interestingly, even a few well-known tolerant taxa (the mayfly, Baetis and non-Tanypod 

midges) also decrease in average body length along the AlkMD gradient in our study. 

Several other taxa, primarily those known to be tolerant of water pollution 

(Cheumatopsyche, Hydropsyche, Stenelmis, Hemerodromia, Nigronia), had larger average 

body sizes in the impacted stream reaches, with some of these increases being significant 

only at the most intensely mined reach. 

 

 

 

 

 

 

 

 



 

68 

Table 5: Trends in average body length for dominant taxa observed in the Mud 

River study reaches 

 

3.4 Discussion 

The AlkMD gradient in the Mud River, WV starkly simplifies aquatic insect 

communities by preventing sensitive taxa, notably mayflies, from colonizing and 

completing their life cycles in mining-impacted streams. This loss of taxa translates 
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directly to depressed biomass throughout the year, but is more severe when AlkMD 

concentrations rise during summer baseflow. These distinct seasonal patterns result in 

three-fold decreases in both total insect production and EPT production ~1-km 

downstream of an unmined reach. Farther downstream, where ion concentrations are 

much higher, total annual productivity is similar to the unmined reach, but suffers from 

a 32% loss of taxa comprising production and altered timing of that production.    

In agreement with snapshot-based studies of community composition 

throughout Central Appalachia (Pond et al. 2008, Bernhardt et al. 2012, Voss et al. 2015), 

presence of AlkMD correlates with taxonomically distinct aquatic insect communities. 

Statistical models predict that ~15% and ~40% of sensitive EPT taxa would be locally 

extirpated (Voss et al. 2015) at the average annual conductivities observed in the mined 

reaches (359 μS/cm, 915 μS/cm).  Our findings corroborate this prediction, but also show 

that these changes in community composition occur throughout the year, a finding not 

previously reported. Mayflies were notably absent from the mined reaches during 

summer months, being replaced by a more tolerant community dominated by midges 

and hydropsychid caddisflies. These differences in composition were more extreme 

when AlkMD concentrations were higher during the summer.      

These temporal patterns in composition translated directly to distinctive monthly 

patterns in the taxonomic distribution of biomass along the AlkMD gradient. AlkMD 

export into Mud River not only suppressed biomass of sensitive taxa throughout the 
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year, but also changed the timing of its occurrence in mined reaches. Upstream of the 

effects of AlkMD, mayflies dominated biomass throughout the year, but ~ 1 km 

downstream mayfly production occurred only during winter and early spring. We 

interpret this as initial growth of early colonists which fail to thrive when conductivities 

rise during summer base flows, a finding corroborated by smaller body lengths of some 

taxa downstream. After accumulation of significant AlkMD farther downstream, mayfly 

production is near zero. Here, biomass of most other taxa is similarly low during 

summer baseflows when AlkMD pollution is ~8 times more concentrated than at the 

unmined site. 

The longitudinal patterns in secondary production along the AlkMD gradient in 

Mud River, WV differ strikingly from those reported in other Appalachian streams. The 

River Continuum Concept predicts that production should scale with watershed size 

(Vannote et al. 1980), a prediction empirically confirmed along the Coweeta Creek-

Tennessee River continuum in Southern Appalachian streams (Grubaugh et al. 1997). 

Given the similarity of our continuum in terms of thermal regime and vegetation, we 

assume a similar scaling relationship would hold along the Mud River. This relationship 

predicts a 22% production increase between MR-2 and MR-3 and an 88% production 

increase between MR-2 and MR-7. Contrary to these predictions, production decreases by 

72% between MR-2 and MR-3, and is roughly equal between MR-2 and MR-7. Since 

physical habitat did not vary significantly among our study reaches, we conclude that 
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the chemical export from valley fills along the continuum is the dominant driver of these 

differences.  

In minimally impacted Appalachian streams of approximately the same size as 

ours, mayflies dominate production in riffles (Wohl et al. 1995, Grubaugh et al. 1997, 

Pond et al. 2008, Pond 2011)).  Here, we find evidence of severely depressed heptageniid 

and ephemerellid mayfly production as a result of AlkMD pollution. Using emergence 

to estimate production in 5 mined and 5 forested catchments,  Johnson et al. (2013) 

similarly found that mining lowered EPT production in West Virginia streams. Though 

those results are consistent with ours, we also found significant reductions in total insect 

production between our closely paired mined and unmined reaches (MR-2 vs. MR-3) 

and lower than expected production in the larger, downstream reach (MR-7). Our 

findings concur with a more traditional production study in Colorado streams (Carlisle 

and Clements 2003). In that study, mining-derived contamination suppressed 

heptageniid production leading to total production declines of ~50%.   

Depressed production in the Mud River, WV is clearly due to the loss in 

abundance of sensitive taxa, since rank-abundance and rank-production curves are quite 

similar. Chemical pollution can either enhance or depress invertebrate production 

depending on the relative balance between loss in biomass and increase in average 

individual growth rates (Benke and Huryn 2010). While nutrient subsidies from 

wastewater treatment plants or agricultural runoff tend to increase production by 
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enhancing biomass and growth rates (Shieh et al. 2003a, Cross et al. 2006), toxic 

chemicals tend to decrease production by decreasing abundance and biomass to a 

greater degree than enhanced growth rates of tolerant taxa can compensate (Carlisle and 

Clements 2003, Woodcock and Huryn 2007). Larger body sizes of some tolerant taxa in 

mined reaches confirms such compensation, but not to the degree needed to outpace 

total abundance losses of sensitive taxa. Interestingly, even a few dominant tolerant taxa 

are unable to grow to the same lengths as they can in the unmined reach. Thus, even 

when present, abundant tolerant taxa may experience sublethal effects that impair 

survivorship to larger size classes.       

Given our reported changes to the absolute amount, composition, and timing of 

insect production, Central Appalachian food webs are likely at risk of being altered. 

Local invertivore fish populations, even if unaffected by AlkMD themselves (Hitt and 

Chambers 2014), may not be unable to sustain growth in reaches with reduced 

invertebrate density and diversity. As a consequence, fish capable of upstream dispersal 

(Hitt and Angermeier 2011) could increase predation pressure on invertebrates in 

unmined reaches. Alternatively, they might be forced downstream to find more 

abundant, but poorer quality food. Riparian food webs whose terrestrial predators rely 

on emerging aquatic insects (Nakano and Murakami 2001) could also be at risk. Stream 

pollution can decrease aquatic subsidies to riparian zones (Paetzold et al. 2011) causing 

spiders to rely more heavily on terrestrial insects and bioaccumulate toxic chemicals 
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(Walters et al. 2008, Otter et al. 2013). Otter et al. (2013) found significantly higher Se 

concentrations in riparian spiders whose associated streams were disturbed by a coal 

ash spill. We expect similar effects in our impacted streams since Se streamwater 

concentrations regularly exceeded EPA standards (EPA 2011a) in the mined reaches. 

Future work in MTM-impacted streams should assess whether any of these 

hypothesized mechanisms act to constrain aquatic and terrestrial food webs.            

In the Mud River, WV, downstream export of AlkMD alters not only the 

composition of sensitive taxa, but also diminishes their annual production rates. When 

sensitive taxa do appear in mined reaches, they do so rarely and are confined to winter 

and early spring. This period coincides with peak river flow when pollutant 

concentrations are much lower. Thus, seasonal biomass patterns in mined reaches are 

quite distinct from an unmined reach whose chemical regime is unaltered by mining.  

Loss of dominant intolerant taxa are a well-known consequence of AlkMD affected 

streams throughout Central Appalachia (Pond et al. 2008, Bernhardt et al. 2012, Cormier 

et al. 2013b, Voss et al. 2015). Furthermore, as of 2005, only one-third of the Central 

Appalachian river network is completely free of these chemical effects (Chapter 5). 

Consequently, production patterns in the Mud River are likely a common landscape 

feature, especially in more intensely mined locales. How these changes to the 

composition and timing of biomass production propagate to in-stream and terrestrial 

consumers remains an open question worthy of study.  
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4. Assessing the Effects of Chemical Fragmentation on 
Central Appalachian River Biodiversity  

4.1 Introduction 

Habitat loss and the consequent fragmentation of landscapes are consistently 

cited as the main drivers of global defaunation rates (Hoffmann et al. 2010, Dirzo et al. 

2014). Classically, habitat fragmentation in terrestrial landscapes has focused on a 

dichotomy between suitable habitat patches interspersed within an inhospitable matrix. 

Species persistence in these habitat patches is threatened not only by direct loss but also 

by the propagation of edge effects at borders and decreased connectivity among patches 

(Forman 1995, Lindenmayer and Fischer 2006). While these same fragmentation 

mechanisms are especially acute drivers of biodiversity loss within freshwater 

ecosystems, aquatic ecologists are only recently operationalizing them in a river network 

context (Erős and Campbell Grant 2015).  

Freshwater ecosystems contribute disproportionately to global biodiversity by 

supporting 9.5% of Earth’s described species despite occupying only 0.8% of the Earth’s 

surface (Dudgeon et al. 2006, Strayer and Dudgeon 2010). Of the 125,000 freshwater 

species currently described, 8-16% have been imperiled or extirpated by human 

activities in upstream watersheds (IUCN 2007). In particular, flow appropriation and 

pollution (Meybeck 1989, Postel et al. 1996, Vörösmarty et al. 2010 ) exacerbate extinction 

rates by threatening aquatic endemics in highly beta-diverse communities (Strayer and 

Dudgeon 2010). Such high species turnover across physicochemically diverse 
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headwaters sustains high regional diversity (γ diversity) in river networks. Indeed, local 

richness (α diversity) in individual headwaters is known to be quite low (Meyer et al. 

2007, Clarke et al. 2008, Finn et al. 2011).  

In North America, Appalachian Mountain river networks are particularly 

important biodiversity reservoirs (Nature Conservancy 2000) due to the region’s great 

age and high topographic diversity (Ricketts et al. 2000, Constantz 2004). Possessing a 

highly diverse and endemic aquatic fauna (Wallace et al. 1992, Ricketts et al. 2000) 

makes Appalachian river systems particularly prone to biodiversity loss. Consequently, 

even small-scale disturbances have tremendous capacity to extirpate endemics with 

limited geographic distributions (Strayer and Dudgeon 2010). Furthermore, rare aquatic 

endemics are especially susceptible to extirpation in fragmented landscapes (Fagan et al. 

2002), especially when the geometry of disturbance and dispersal are mismatched 

(Fagan 2002). 

Appalachian biodiversity reservoirs also coincide with some of North America’s 

largest coal reserves (USGS 1996). This overlap has placed the two resources at odds, 

especially with the growth of mountaintop removal coal mining (MTM) over the last 

four decades. MTM extracts coal from shallow seams by explosively removing up to 

100s of meters of overlying rock that is then dumped in engineered valley fills (VF) (EPA 

2011a, Bernhardt and Palmer 2011). The MTM-VF process has not only directly buried 

more than 4% of headwater streams, but has also exported alkaline mine drainage 
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pollution (AlkMD) (Griffith et al. 2012) far downstream from valley fill boundaries 

(Lindberg et al. 2011, Bernhardt et al. 2012) resulting in a chemically degraded river 

network.  

A large and growing body of literature has documented substantial losses of 

sensitive native aquatic insects and fish that reside in reaches affected by downstream 

export of AlkMD pollution (Pond et al. 2008, Bernhardt et al. 2012, Cormier et al. 2013b, 

Hitt and Chambers 2014, Voss et al. 2015). Recent estimates indicate that at least one-

third of aquatic macroinvertebrates experience sublethal abundance losses in the 

average stream affected by AlkMD (Voss et al. 2015) and that 22% of the region’s rivers 

are sufficiently degraded that aquatic life benchmarks cannot be met (Bernhardt et al. 

2012). This body of literature has primarily aimed to estimate biodiversity losses from 

downstream propagation of AlkMD. Instead, in this work we examine the aquatic 

biodiversity resources that remain within Central Appalachian headwaters after forty 

years of MTM-VF intensification. Additionally, we explored whether “remnant 

headwaters” upstream of any mining influence were themselves depleted as a 

consequence of downstream mining pollution (Figure 15).  

In this study we ask: (i) How have the cumulative extent and patch size 

distribution of headwater remnants free of AlkMD changed over time? (ii) How diverse 

are these chemically stranded headwater remnants and how does their diversity 



 

77 

compare to headwater streams affected by AlkMD? (iii) Is diversity in remnant 

headwaters noticeably eroded by downstream chemical pollution?  
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Figure 15: Downstream pollution (red) can fragment the river network into 

upstream headwater remnants (blue). Two key properties of each fragment are the 

total stream length upstream (b > a) and the degree of downstream chemical pollution 

(a > c) at the chemical boundary (green trapezoid). 
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4.2 Methods 

4.2.1 Study Area  

We estimated the extent of potential chemical headwater stranding by focusing 

on 11 sub-basins (Level 4 hydrologic units, HUC-8) whose headwater reaches were 

completely enclosed within the 59 county region in Central Appalachia, USA where 

MTM-VF predominates (Figure 16). This 30,218 km2 region includes area within four 

states (Kentucky, West Virginia, Tennessee, and Virginia) that covers the Central 

Appalachian and Western Allegheny Plateau ecoregions dominated by mixed 

mesophytic forests (Omernik 1987). Our study area includes area that drains into the Big 

Sandy, Cumberland, Guyandotte, and Kentucky Rivers, all of which are major 

tributaries to the Ohio River.    
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Figure 16: Map of Central Appalachian study area in 1976 (a) and 2005 (c). Expanded region (green box) shows growth in 

mining land cover between 1976 (b) and 2005 (d) that results in the loss of a fourth order fragment. 
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 4.2.2 River Network Delineation 

From a 30-m resolution digital elevation map (DEM) obtained from USGS, we 

delineated the river network enclosed by our study area using ArcHydro tools within 

ArcGIS 10.1 (Esri). To do so, we used the Flow Direction tool to generate a flow direction 

raster from the DEM whose sinks had been filled. We then generated a flow 

accumulation raster from the filled DEM and flow direction raster using the Flow 

Accumulation tool. A stream line raster was then produced from the flow accumulation 

raster by indicating regions of flow accumulation with greater than 1000 cells (~ 0.9 km2) 

using the Map Algebra tool. We then converted the stream line raster to a river network 

of nodes and lines using the Hydro Network Generation tool according to standard 

protocols. This network was converted to a set of points which coincided with the 

centers of each grid cell on the stream line raster using the Line-to-Point tool. For each 

point in the resulting set, we extracted the identity of the upstream and downstream 

nodes to which it was connected and the flow accumulation to that point.             

We also obtained spatially resolved rasters that estimated surface mining extent 

over a three decade period (1976, 1985, 1995, 2005) (Bernhardt et al. 2012). From these 

rasters we generated a new set of rasters that indicated whether mining was present at 

any decade prior to and including the current decade. We assumed that once a grid cell 

was labeled with mining activity that it continued to generate alkaline mine drainage 

pollution in future decades. We then created weighted flow accumulation rasters for 
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each decade to indicate the number of mining grid cells that flowed to each cell. These 

values were then extracted and attached to all points along the delineated stream 

network.  Finally, we imported the entire stream network point data into R version 3.0.1  

(R Core Team 2014) to perform subsequent fragment analyses. We created an analogous 

raster for development (NLCD 2001) and physical dams (NHD 2014) upstream of each 

grid cell and similarly extracted those values to each network point.      

4.2.3 Fragment Analysis 

We estimated the number and size distribution of fragments upstream of any 

water polluted by AlkMD by analyzing the network data in R. Unlike fragmentation by 

physical barriers where the location of the barrier is discrete and easily located, the 

location of chemical barriers depends on a user-defined threshold level above which 

organism dispersal through the barrier may be impacted. There are many ways in which 

this threshold might be defined, but for this study we have defined the threshold value 

as any point in the network which drains mining impacted land (i.e. more than zero cells 

of mining contributing flow to the network).          

First, we identified unique fragments upstream of AlkMD influence by tracing 

each headwater downstream along the line of highest accumulated flow and recording 

the point just upstream of the point where the trunk line met any accumulated mining. 

The resulting unique set of points represent boundaries of chemical barriers as we 

defined them in this study. For each of these unique points, we calculated the total 
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stream network distance upstream from the barrier by backtracing the total number of 

upstream cells along the network and applying an average per cell length of 36.9-m. This 

average cell length was calculated as a weighted average of cells in the stream network 

that flowed diagonally (43.7%, 44.19 m) versus vertically or horizontally (56.3%, 31.25 m) 

as described by the flow direction raster along the entire network. We also calculated the 

chemical barrier intensity as the percent mining just downstream of the barrier point. To 

do this, we simply divided the number of flow accumulated mining cells by the total 

flow accumulation and multiplied by 100. We repeated this process for each of the 

decadal mining rasters in the study.       

 

4.2.4 Ecological Data  

To assess the impact of chemical fragmentation on headwater biodiversity within 

the region, we used a database of macroinvertebrate abundance collected by the West 

Virginia Department of Environmental Protection (WVDEP). Our goal in this process 

was to find samples in headwaters with minimal impacts from other stressors to assess 

downstream effects of AlkMD on headwater biodiversity (α, β, and γ). To do this, we 

matched each unique macroinvertebrate sampling location in first or second order 

streams to the closest position within 150 meters of our stream network. We further 

refined the selected sites by removing any sites with direct impact from development (% 

development > 4.3%,(Bernhardt et al. 2012)) and impaired reach-level physical habitat 

(RBP score < 110, lowest allowable RBP in Suboptimal Range, Plafkin et al. 1989). We 
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divided the resulting 161 sites into three groups: those labeled as High Quality 

Reference sites (WVDEP 2014), those draining catchments with < 2.2% mining land 

cover, and those draining catchments with > 2.2% mining land cover. In a previous 

regional analysis, this mining threshold differentiated streams biologically impaired by 

AlkMD (Bernhardt et al. 2012). Reference streams with < 2.2% mining were counted in 

the Reference category to avoid double counting of sites.  We considered supplementing 

the WVDEP data with macroinvertebrate and fish abundance data collected by the 

Kentucky Department of Environmental Protection but found after our screening 

process that an insufficient number of samples remained for meaningful statistical 

analysis.  

4.2.5 Diversity Analyses 

We estimated average alpha diversity, average beta diversity, and gamma 

diversity of all taxa and those taxa belonging to the sensitive mayfly (Ephemeroptera), 

stonefly (Plecoptera), and caddisfly (Trichoptera) orders (EPT taxa). We estimated alpha 

diversity as local richness at 95% coverage in each of the 161 sites using the iNEXT R 

package (Chao and Jost 2012, Hsieh et al. 2013). Gamma diversity for the entire set of 

headwaters and the three different headwater groups (Reference, < 2.2% Mined, > 2.2% 

Mined) was similarly estimated at 99.8% coverage. Finally, we used Sorensen’s 

dissimilarity (Sørensen 1948, Finn et al. 2011), calculated from the presence-absence 

transformed species data table, to estimate average beta diversity between sites. We 
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compared the average alpha diversity and average beta diversity between the three 

different groups of sites using ANOVA and estimated all between group contrasts using 

Tukey’s honestly significant differences at a family-wise confidence level of 90%. For 

gamma diversity we compared 90% confidence intervals derived from 1000 bootstrap 

resamples in the iNEXT package.  

We examined differences in community structure of the 161 sites graphically 

using nonmetric multidimensional scaling (NMDS) using the ecodist package in R 

(Goslee and Urban 2007). To do so, we refined the site by taxa abundance table by 

removing taxa which appeared at 2 or fewer sites or taxa that were counted fewer than 

three times, roughly equivalent to 99.8% coverage of all individuals (the level of 

coverage used in our analysis of gamma richness). We then calculated the Sørensen 

dissimilarity matrix on the presence-absence transformed table and performed a 

stepdown analysis (McCune and Grace 2002) to assess stress reduction as a function of 

NMDS dimensionality. We chose a three dimensional ordination to represent 

community structure and chose the lowest stress configuration from 1000 random start 

positions.       

4.2.6 Downstream Mining Effects on Richness in Remnant 
Headwaters 

From the 161 sites used in the diversity analysis, we extracted 65 sites that 

possessed no upstream mining. Hereafter, we refer to these 65 sites as sites in 

“headwater remnants.” We used multiple regression to assess the degree to which 
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downstream chemical barriers might influence total and EPT local richness in these 65 

headwater remnants free of AlkMD. First, we located each of the remnant sites within its 

corresponding fragment on the landscape. We then built multiple regression models that 

estimated observed richness, EPT richness, and mayfly richness as a linear function of 

the total unmined fragment length within the headwater remnant and the mining 

intensity immediately downstream of the remnant as well as an interaction between 

fragment length and downstream mining intensity. To control for other factors known to 

influence diversity, we also included the log transformed watershed area, a dummy 

variable for Level III ecoregion (Omernik 1987), upstream development (%), and the 

reach level physical habitat score as candidate predictors in the model. Finally, for the 38 

EPT taxa that occurred on at least 10% of the headwater remnants, we performed a 

supplemental analysis to identify those whose ln(abundance +1) responded significantly 

to downstream mining intensity and/or fragment length. For these supplemental 

analyses, we used Bonferroni adjusted p-values to determine significant responders.   

4.3 Results 

4.3.1 Chemical Fragmentation in Central Appalachia 

The increase of surface mining in Central Appalachia over the last four decades 

has resulted in a net loss of headwaters that are free from AlkMD pollution (Figure 17a). 

The extent of mining land cover in our study area has increased at a linear rate of 0.3% 
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per year from 2.80% in 1976 to 11.5% in 2005. Intensification in mining across the 

landscape during this time period has left just under one-third of total stream kilometers 
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Figure 17: From 1976 to 2005, mining land cover has increased at a rate of 0.3% 

per year resulting in chemical alteration of 68% of the river network (a, top), the net 

loss of upstream remnants with similar fragment length distributions (b, middle), and 

an increase in the size of the chemical barrier downstream of these fragments (c, 

bottom). 
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in our study area free from direct upstream mining influence as of 2005. Throughout the 

time period of our study, the total length of these headwater remnants reside in a 

landscape that has become increasingly fragmented by AlkMD barriers (Figure 16, 

Figure 17b,c). Of the 3787 total number of headwater remnants present in 1976, over half 

(57%, 2147) remained on the landscape in 2005. The remainder of these fragments (43%, 

1640) were either lost or broken into multiple fragments when surface mining 

commenced in headwaters after 1976. The net result of more intense mining pressure 

over the three decades was a total loss of 15500 km of stream length to the downstream 

effects of AlkMD.  

Fragment size and the intensity of isolation also changed during this same time 

period. While the average fragment length decreased only slightly from 2.84 km (90% 

CI: 0.2 – 10.3 km) in 1976 to 2.56 km in 2005 (90% CI: 0.1 – 9.0 km), the intensity of 

downstream chemical barriers increased from an average of 2.51% (90% CI: 0.03 – 8.58 

%) to 7.97% (90% CI: 0.09 – 23.52%). Because mining is not distributed evenly across our 

study area, downstream chemical barriers do not fragment each of the 11 subbasins in 

our study to the same degree (Figure 16, Appendix E). For example, in 2005 the 229 

headwater remnants in the Upper Levisa subbasin (HUC-8 05070202) exhibited smaller 

fragment lengths (mean = 1.75 km) and larger barriers (mean = 12.07%) than the 600 

remnants in the South Fork Kentucky subbasin (HUC-8 05100203 (mean fragment length 
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= 2.63 km, mean barrier intensity = 4.02%), the difference due to more extensive mining 

pressure in Upper Levisa (16.6%) than in South Fork Kentucky (5.9%).         

4.3.2 Effects of Surface Mining on Diversity in Appalachian 
Headwaters  

4.3.2.1 Sample Description 

Our matching and sample refinement process resulted in a macroinvertebrate 

abundance dataset of 161 unique sampling sites in first (n = 85) and second (n = 76) order 

streams. 58 of these sites were identified as high-quality reference streams by WVDEP. 

The remaining sites were in catchments whose total area was < 2.2% mined (n = 48, mean 

= 0.2%) or > 2.2% mined (n = 55, mean = 28.8%). One-way analysis of variance detected 

no significant difference in average physical habitat score (grand mean = 138.3, p = 0.79) 

or average catchment development (grand mean = 1.6%, p = 0.36) among the three 

groups. Conductivity measured at the time of macroinvertebrate sampling was 

significantly higher in the >2.2% mined catchments (mean = 787 μS/cm) than in either 

reference (mean = 234 μS/cm) or <2.2% mined catchments (297 μS/cm). 270 aquatic 

macroinvertebrate genera were observed in our dataset, 95 of which belonged to the EPT 

orders. In the subsequent diversity analyses, 24 (all taxa) and 51 (EPT taxa) sites 

exceeded the recommended threshold (Chao and Jost 2012) for extrapolating alpha 

richness at a 95% coverage level so they were not included in the diversity 

extrapolations.  
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4.3.2.2 Headwater Gamma Diversity 

Regional richness (i.e. γ diversity) was significantly lower in headwaters with 

more than 2.2% of their land area mined than in either reference headwaters or 

headwaters with less than 2.2% of their land area mined (Figure 18a). Across headwaters 

covered by our macroinvertebrate samples, we estimated (at 99.8% coverage) there to be 

248 macroinvertebrate taxa (90% CI: 242 – 255), 88 (90% CI 86 – 90) of which belong to 

the EPT orders. The reason our estimate is lower than the total number of taxa in the 

observed data set is because we limited our analysis to 99.8% coverage and sites that met 

the criteria described in the literature. Most of these regional taxa are found in reference 

headwaters (90% CI, all taxa: 208-230; EPT taxa: 75-84) and headwaters draining < 2.2% 

mining (90% CI, all taxa: 198-221; EPT taxa: 75-80). Significantly fewer regional 

headwater taxa are found in headwaters with more extensive surface mining (90% CI, all 

taxa: 186 – 200, EPT taxa: 66 – 73). 

4.3.2.3 Headwater Alpha Diversity 

Our estimates of local richness (i.e. α diversity) mirrored the patterns for regional 

richness (Figure 18b). At 95% coverage, we estimated that catchments with > 2.2% 

mining had 5.5 fewer taxa (p = 0.04, 90% CI: 0.8 – 10.2) on average than catchments with 

< 2.2 % mining. Our estimates indicate that most of these taxa are likely to be EPT taxa 

since catchments with > 2.2 % mining had 4.5 fewer EPT taxa on average (p = 0.003, 90% 
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CI: 1.7 – 7.3) than those with > 2.2% mining. No difference was observed in average local 

richness of all taxa or EPT taxa between the reference sites and sites with < 2.2% mining.  
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Figure 18: Gamma diversity (a), alpha diversity (b), and beta diversity (c) of macroinvertebrates and sensitive EPT are 

significantly lower in catchments with >2.2% mining upstream (red, >2.2%) than in reference catchments (blue, R) or those 

catchments with < 2.2% mining (green, <2.2%). All sites together shown in black (A)These changes lend themselves to distinct 

communities (d).  
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4.3.2.4 Headwater Beta Diversity 

 β diversity also significantly differed across site types (Figure 18c). When 

considering the entire suite of taxa, β diversity showed significant differences among all 

groups with reference sites being highest (0.746), followed by <2.2% mined sites (0.686), 

and finally by >2.2% mined sites (0.665). A similar significant pattern was observed for β 

diversity of EPT taxa (Reference = 0.747, < 2.2% Mined = 0.680, > 2.2% Mined = 0.652).  

4.3.2.5 Macroinvertebrate Composition in Headwaters 

Macroinvertebrate assemblage composition in headwaters whose area was more 

than 2.2% occupied by surface mining diverged from both reference headwaters and 

headwaters with less than 2.2% surface mining. In Figure 18d, we show the first two 

axes of a three-dimensional NMDS ordination (r-squared = 65.7%, stress = 0.238) of the 

communities rotated by principal components analysis. The first two axes collectively 

capture 58.8% of the total variation in species composition. Although significant overlap 

among the three headwater types is evident, species composition significantly differed 

among the three groups (permanova, p = 0.001, R2 = 0.053) with heavily mined sites 

separating from both the reference and < 2.2% mined groups.  This difference in 

composition is due in part to the difference in observed EPT richness which significantly 

correlated with the first two dimensions of the ordination (p = 0.001, r = 0.700) and was 

directed in a direction opposing the percent mining in the upstream catchment (p = 

0.001, r = 0.384).  
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4.3.3 Effects of Chemical Fragmentation on Headwaters Unaffected 
by AlkMD 

The 65 sites located in headwater remnants, that is sites with no surface mining 

detected upstream, varied in both their community composition and fragment 

properties. Similar to the range observed for all headwater remnants we found in our 

regional analysis, upstream fragment length ranged from 0.74 km to 75 km, while the 

degree of downstream mining ranged from 0.04% to 28.5%. Total richness (16-44), EPT 

richness (4-24), and mayfly richness (0-11) also exhibited significant variation. This 

variation in community composition upstream of AlkMD-affected waters could not, 

however, be explained by the degree of downstream mining or upstream fragment 

length. After controlling for upstream watershed area, level III ecoregion, in-stream 

physical habitat, and percent of land area developed, none of the multiple regression 

models (Table 6) significantly explained variation in total richness (p = 0.5556), EPT 

richness (p = 0.086) or mayfly richness (p=0.093). Of the 38 EPT taxa that occurred in at 

least 10% of the sites in these headwater remnants, only Baetis showed a significantly 

negative response (Bonferroni family-wise adjusted p < 0.05) to fragment length. No taxa 

showed a significant response (Bonferroni family-wise adjusted p < 0.05) to the strength 

of downstream chemical pollution. Thus, although there are clear effects of AlkMD on 

communities downstream of mining-impacted land, we find no evidence from this 

preliminary analysis that downstream chemical pollution alters upstream richness. 



 

96 

Table 6: Richness in headwater remnants could not be significantly predicted 

by fragment length or degree of downstream chemical pollution. 

 

4.4 Discussion 

The footprint of surface coal mining in our Central Appalachian study region has 

expanded four-fold from 846 km2 in 1976 to 3475 km2 in 2005. As a result of this 

expansion of mining, more than 900 stream kilometers were buried and the cumulative 

river length upstream of mining induced pollution dropped from 10800 km to 7800 km, 
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only 32% of total stream length in the region. We estimate that these unmined 

headwaters support ~10% of headwater biodiversity regionally. Although we expected 

that the ability of these headwater remnants to support diverse assemblages would vary 

as a function of their fragment size or the magnitude of downstream chemical alteration, 

our preliminary analysis found no evidence for such constraints.  

The strong and consistent relationship between mining and AlkMD (EPA 2011a, 

Griffith et al. 2012, Cormier et al. 2013b) allowed us to demonstrate the significant 

degree to which chemical pollution has fragmented the Central Appalachian landscape. 

Chemical regime shifts are not unique to mining dominated landscapes since most land 

cover alterations lead to chemical pollution in river networks (Meybeck 1989, Paul and 

Meyer 2001, Allan 2004). While the precise nature of these changes may not be as 

predictable as those of AlkMD, some degree of chemical fragmentation is likely a 

common feature of most human-dominated areas. For example, the fraction of total river 

length affected by AlkMD (67%) is comparable to the relative loss of ephemeral (93%) 

and intermittent (46%) headwaters in urbanized catchments (Roy et al. 2009) from burial 

and piping. If chemical alteration from stormwater (Walsh et al. 2005) were included in 

these estimates, the losses would likely be much higher. Consequently, understanding 

how direct loss and chemical loss of headwaters interact to affect headwater biodiversity 

is important, not only in hotspots like Appalachia (The Nature Conservancy 2000, 

Constantz 2004,  Wallace et al. 1992) but in any human dominated riverscape. 
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Our results offer a regional network perspective that supplements the large body 

of literature documenting the negative impact of AlkMD on local reach-scale 

biodiversity (Pond et al. 2008, Bernhardt et al. 2012, Cormier et al. 2013a, Voss et al. 

2015). By supporting more sensitive EPT taxa, unmined headwaters exhibit ~24% more 

taxa and ~8% higher species turnover than headwaters polluted by AlkMD. As a result, 

regional diversity in headwaters free from AlkMD effects is about 10% higher. 

Therefore, AlkMD-free headwaters maintain regional headwater diversity by being 

themselves more diverse and by preserving the fine-scale physicochemical differences 

needed to support high species turnover. AlkMD pollution swamps these fine-scale 

differences leading to biotic homogenization across impacted headwaters. However, 

whether the regional diversity we report is a reflection of the historic state or a 

consequence of widespread and long-term regional mining is unknown, and perhaps 

unknowable.  

As mining has intensified regionally during the three decades of our study, 

populations intolerant to AlkMD have likely been extirpated from increasingly larger 

portions of the river network. Landscape studies of metacommunities in river networks 

have established that such reach-scale habitat filtering is likely more important than 

adult dispersal (Brown and Swan 2010, Finn and Poff 2011) at determining in-stream 

aquatic insect assemblages. Recent work in urban landscapes (Smith et al. 2009, 2015), 

however, has shown that urban land-use along dispersal corridors is a significant 
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predictor of assemblage structure for riverine communities whose adult members can 

fly. Similar effects are likely occurring in Appalachia due to the direct loss of forest land 

cover and the widespread chemical alteration of the river network. Thus, in addition to 

its direct effects through species filtering at the reach scale, AlkMD may also decrease 

regional richness at the network scale by influencing the dispersal and recolonization 

dynamics within headwater remnants. In heavily mined regions, the lack of thriving 

source populations in neighboring reaches likely leaves remaining populations more 

isolated and at greater risk of extirpation, even in reaches without direct influence from 

mining activity. 

In this study, we examined one particular mechanism by which such changes 

could be occurring. We hypothesized that chemical pollution, when sufficiently stressful 

and widespread, could create barriers to dispersal that are akin to those known to occur 

for dams. Physical barriers decrease hydrologic connectivity (Pringle 2003)between 

headwaters and their downstream reaches causing reduced viability of aquatic biota 

both upstream and downstream of barriers (Pringle 1997).  In particular, hydrologic and 

thermal disconnection has been shown to increase risks for individual fish populations 

(Roberts et al. 2013) as well as regional scale fish biodiversity (Ziv et al. 2012). 

Specifically, we tested whether macroinvertebrate biodiversity upstream of chemical 

barriers was higher in larger fragments (positive effect of patch size) with smaller 

downstream mining intensity (negative effect of higher edge contrast). From the limited 
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data we used to address this question, we observed no statistically significant effect of 

fragment length or barrier intensity on upstream genus-level macroinvertebrate 

assemblages. Thus, the resiliency of upstream macroinvertebrate communities, even at 

extensive levels of downstream chemical alteration, may be due to the fact that the 

spatial configuration of network chemical barriers (McCluney et al. 2014) in our study 

has not yet limited the ability of adult insects to colonize these reaches. Whether this 

resiliency is maintained for other taxa that are obligate aquatic dispersers remains an 

open question.  

Indeed, the publicly available data we used in our preliminary analysis may not 

have been sufficient to adequately test whether downstream chemical pollution effects 

propagate upstream to influence headwater assemblages. Several open questions 

regarding chemical fragmentation merit further study: 

• How should chemical barriers be defined? In this study, we assumed a hard edge at 

the downstream chemical fragment boundary. Future work could assess 

alternate definitions of the chemical fragment edge, boundary intensity, 

persistence of chemical alteration, or consider degree of chemical alteration in a 

radius around sampling sites. 

• For aquatic insects that fly as adults, to what degree and at what scale does overland 

dispersal compensate for downstream chemical isolation? Although adult insects 

typically disperse along stream corridors (Petersen et al. 2004), rare cross-
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watershed dispersal events are known to influence population persistence 

(Schmidt et al. 1995, Bunn and Hughes 1997). 

• Does downstream chemical fragmentation influence other assemblages? Chemical 

fragmentation may influence fish more strongly than macroinvertebrates because 

they are confined to dispersal through and require larger sections of the river 

network (Hitt & Angermeier). 

• Can we observe effects on downstream chemical isolation at higher levels of taxonomic 

resolution (i.e. populations and genes)?  

• Would a well-constructed field study find an effect of downstream chemical alteration? 

The data we used in this study were not collected to test a chemical 

fragmentation hypothesis directly. Consequently, designing a study of carefully 

paired sites that differ in downstream mining intensity could find different 

results. 

Central Appalachian river networks have become highly chemically altered by 

AlkMD over the last four decades. Here, we have shown that chemically degraded 

headwaters exhibit lower local diversity and species turnover compared to those whose 

chemical integrity has been maintained. Despite the widespread changes to water 

quality and biodiversity throughout the river network in mined catchments, our 

preliminary analysis shows that macroinvertebrate communities, at least at the genus-

level, seem to be resilient to the extent of downstream chemical alteration. Whether this 
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finding results from the ability of adult dispersal to maintain upstream biodiversity, 

from the coarse scale of taxonomy we used, or from the limitations of the dataset we 

analyzed remains an open question. Indeed, chemical effects are pervasive in nearly all 

river networks, and we propose that the degree to which genes, populations, and 

communities are affected by or resilient to these chemical changes be more rigorously 

assessed. 
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5. Conclusion 

Both aquatic ecologists and watershed stakeholders strive to understand the 

implications of landscape alteration for freshwater biodiversity futures. To do so, both 

groups leverage publicly available bioassessment data to understand how watershed 

stressors alter freshwater communities. Analyzing publicly available datasets with 

traditional biocriteria suffers from limitations that I aimed to resolve in this work. I did 

so by merging the perspectives of a quantitative statistician, field biologist, and a 

landscape ecologist. 

By applying my skills as a quantitative statistician, I first answered the question: 

How can tools that quantify freshwater biodiversity loss along anthropogenic 

gradients be improved? I devised the Hierarchical Diversity Decision Framework 

(HiDDeF) as a modelling tool to underpin environmental decision making. HiDDeF 

offers several advantages to community ecologists and ecosystem managers alike by 

investigating both individual- and community-level responses to environmental 

gradients. The Bayesian hierarchical model at the heart of HiDDeF provides two distinct 

advantages to current modeling practice. First, rather than exclude rare taxa from model 

estimates, its hierarchy allows these taxa to borrow strength from more common taxa. 

Secondly, HiDDeF explicitly embraces and communicates uncertainty in a new 

graphical tool, a decision landscape. By so doing, HiDDeF improves the sophistication 

with which decision-makers set and evaluate biologically-based water quality standards. 
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By applying HiDDeF to Central Appalachian streams, I showed that EPA’s 300 μS/cm 

conductivity standard only protects about three-quarters of regional taxa from 

significant abundance losses. At the average conductivity observed in the training 

dataset (~550 μS/cm), only about 57% of regional taxa can be similarly supported.  

The ramifications of these losses for ecosystem function in AlkMD-affected rivers 

remained underexplored. Therefore, I employed my expertise as a field biologist to 

answer the question: How does biodiversity loss alter ecosystem function in polluted 

river networks? The spatially-intensive snapshot data used to parameterize models like 

HiDDeF overlooks the dynamic nature of macroinvertebrate communities throughout 

the year. By measuring secondary production of aquatic insects in the Mud River, WV, I 

have turned this bioassessment snapshot view into a motion picture. This motion picture 

reveals that sensitive taxa primarily appear in mined reaches only during winter and 

early spring. This period coincides with peak river flow when pollutant concentrations 

are much lower. Thus, early instars that colonize mined streams during periods of peak 

flow fail to develop and emerge in late spring and summer. Even when sensitive taxa 

are found in mined reaches, they are rare and contribute little to biomass. Thus, 

downstream export of AlkMD alters not only the composition of sensitive taxa, but also 

diminishes their annual production rates.  

Because this work revealed quite distinctive communities across a 1-km chemical 

boundary in Mud River, I finally applied my burgeoning skills as a landscape ecologist 
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to answer: What are the consequences of chemical fragmentation for river network 

biodiversity? Central Appalachian river networks have become highly chemically 

altered by AlkMD over the last four decades. As a result of this expansion, only 32% of 

the regional network remains untouched by AlkMD. My regional analysis of headwaters 

showed that chemically degraded headwaters exhibit lower local diversity and species 

turnover compared to those whose chemical integrity has been maintained. These 

upstream remnants support as much as ~10% of headwater species throughout the 

region. Although I expected that the ability of these headwater remnants to support 

diverse assemblages would vary as a function of their fragment size or the magnitude of 

downstream chemical alteration, my preliminary analysis found no evidence for such 

constraints. Thus, despite the widespread changes to water quality and biodiversity 

throughout the river network in mined catchments, macroinvertebrate communities, at 

least at the genus-level, seem to be resilient to the extent of downstream chemical 

alteration.  
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Appendix A. Bayesian Computation and Model Checking 
Details 

A.1 Bayesian Posterior Computation 

We estimated the posterior distributions of all parameters in the model using 

Hamiltonian Markov chain Monte Carlo methods within Stan version 1.3.0 (Stan 

Development Team 2013a) through the RStan package (Stan Development Team 2013b) 

in R version 3.0.1 (R Core Team 2014). Four independent Markov chains were initialized 

by random draw from distributions parameterized by the variation across taxa in their 

responses to the gradient. Each chain proceeded through a warm-up phase of 2000 

iterations in which the sampler step-size was tuned and the Markov chain stabilized. 

Subsequent to this warm-up phase, each Markov chain sampled the posterior 

distribution for 10000 iterations of which every twentieth iteration was saved to achieve 

independence among draws. Convergence of chains was assessed by the potential scale 

reduction statistic, , being less than 1.05 (Gelman et al. 2013a).         

A.2 Model Checking and Selection  

We fit the macroinvertebrate count data to five different likelihoods typically 

used for  count data in generalized linear models: the Poisson, negative binomial, 

multinomial, zero-inflated Poisson, and zero-inflated negative binomial distributions 

(Zuur et al. 2009, 2012). In all cases, we parameterized the mean response for each taxon 

according to Gaussian functions of the natural logarithm of conductivity whose 
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parameters varied hierarchically as described above. After computing posterior 

distributions for parameters, we used both predictive information criteria (Gelman et al. 

2013b) and posterior predictive model checks (Gelman and Hill 2007) to assess model 

fitness.  

Predictive information criteria provide one number to summarize the accuracy 

with which a model can predict both within and out of the sample used to fit the model. 

These numbers can be used to compare models predicting the same data set. For all five 

count models, we calculated two alternate versions of the deviance information criterion 

(DIC-I and DIC-II) and two versions of the Watanabe-Akaike information criterion 

(WAIC-I and WAIC-II). Details regarding the precise definition and Bayesian 

interpretation of these information criteria can be found in Gelman et al. 2013b, but in 

general WAIC is preferred because of its explicit connection to cross-validation.  

Posterior predictive model checking involves drawing a new dataset, , for each 

value of the posterior parameters and then comparing summary statistics found in the 

actual data to the distribution of those statistics found across the new datasets. The 

comparison results in a posterior predictive p-value, moderate values of which (0.3-0.7), 

indicate that the model predicts data with similar summary statistics (Gelman et al. 

2013a). Using posterior predictive model checks allows us to see not only which model 

is superior, but also what data summaries a model fails to capture appropriately.  
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For each site in the dataset, we calculated the mean parameter of the negative 

binomial likelihood using each site’s conductivity and one draw from the posterior of 

each taxon’s Gaussian response parameters.  We then randomly drew a count from the 

negative binomial distribution for each taxon. After repeating this process for every 

posterior draw (total of 500) and every taxon, we had 500 tables of predicted community 

composition for all 218 sites. In each predicted dataset, we calculated the mean 

abundance, variance in abundance, and proportion of zeros for every taxon across sites. 

For each of the 500 predicted datasets we also calculated compositional metrics and 

indices (WVSCI and GLIMPSS, multimetric functions of composition) at each site. We 

then calculated the mean and variance of these scores across sites. We determined the 

posterior predictive p-values by counting how many of the 500 predicted statistics were 

larger than the value we actually observed in our dataset.      

 The negative binomial likelihood showed superior predictive power 

among the five likelihoods examined in this study (Table 7). According to all four 

information criteria and the suite of posterior predictive model checks, the negative 

binomial performed best among the three models which did not account for zero 

inflation. While the Poisson and multinomial distributions were able to reflect accurately 

each taxon’s mean abundance, they failed to capture both the variance in abundance and 

the proportion of zero counts. At the assemblage level, these distributions also failed to 

capture mean values of total richness and multimetric index scores (WVSCI and 
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GLIMPSS). Although the zero-inflated Poisson distribution performed significantly 

better than the Poisson, it still was unable to outperform the negative binomial 

distribution. Adding a zero inflation term to the negative binomial distribution did not 

significantly improve its predictive power. All five likelihoods predicted lower variance 

in assemblage level metrics than that observed in the data, a finding indicative of other 

factors which affect assemblage composition but that are not included in our model. 

Based on these findings, we decided to employ the negative binomial model to calculate 

extirpation concentrations and taxa sensitivity curves.  

Table 7: Model checking statistics for several likelihoods employed in this 

study. 
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A.3 Comparing Abundance Based XCp to Other Methods 

We calculated a weighted root mean square deviation (RMSD) between the 

median XCp value estimated from our posterior draws and the EPA XC95 or the TITAN 

changepoints (median of bootstrap resamples) for all values of p in the range from 0.01 

to 0.99. Weights for each taxon were the reciprocal of the square root of the sum of 

squared uncertainty estimates for the two methods. This weighting process down 

weights estimates which have large total uncertainty. For both comparisons, we 

restricted our analysis to XCp values < 2500 μS/cm, the maximum value of conductivity 

found in our dataset. The value of p which resulted in the lowest weighted RMSD was 

assumed to be the rough equivalence point between our method and the alternative 

method.  

 

A.4 Nonparametric Quantile Inference Computation      

AAssuming a non-informative prior on the inverse cumulative distribution 

function imposes an asymptotic normal distribution on the quantile of interest. The 

asymptotic mean of this distribution is a weighted average of the ordered extirpation 

conductivities (XCp,(i)) while the asymptotic variance is a weighted average of the 

squared error between the XCp,(i) and asymptotic mean (Figure 2d). When estimating the 

distribution of a particular HCq, we used the ordered XCp values from each posterior 
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draw to calculate the asymptotic mean and variance and then drew a random value 

from a normal distribution described by those parameters. 
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Appendix B. Parameter Estimates for Individual Taxa 

B.1 Data for Individual Taxa 

Figure 19 depicts estimated Gaussian response curves for all taxa in our analysis. 

Table 8 indicates parameter values including selected XCp values for each taxon in our 

study. 
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Figure 19: Response profiles to the conductivity gradient are depicted below 

for all macroinvertebrate taxa modeled in our study. The abundance of each taxon 

(left y axis) is plotted (black points) against the conductivity measured at each site (x 

axis, log scale). The response curve (red dashed line) is the Gaussian response curve 

estimated from median posterior estimates of , , and . The response curve is 

scaled to represent 0-100% of maximum abundance (left y axis). 
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Table 8: Taxon-specific response parameters 

Taxon αααα    
IQR of 

αααα ββββ    
IQR of 

ββββ γγγγ    
IQR of 

γγγγ θθθθ    
IQR of 

θθθθ 

XC50 

(µS/cm) 

XC75 

(µS/cm) 

XC90 

(µS/cm) 

Acentrella 7.16 2.59 4.61 0.49 2.03 0.88 0.149 0.03 522 1046 2095 

Acroneuria 1.82 0.59 4.66 0.98 2.91 1.91 0.142 0.03 986 2545 6863 

Alloperla 0.32 0.3 4.59 1.37 2.17 1.54 0.028 0.02 476 952 1906 

Ameletus 3.38 1.65 3.98 0.34 1.08 0.25 0.109 0.03 129 186 268 

Amphinemura 11.51 4.34 4.33 0.64 2.01 0.76 0.135 0.02 389 767 1514 

Antocha 1.35 0.52 6.36 1.37 3.8 2.3 0.1 0.03 >10000 >10000 >10000 

Baetidae 0.54 0.31 5.57 1.56 3.35 2.37 0.045 0.02 4906 >10000 >10000 

Baetis 18.09 2.93 5.88 1.47 6.86 5.61 0.451 0.06 >10000 >10000 >10000 

Bezzia.Palpomyia 0.65 0.38 2.51 1.4 2.87 0.87 0.228 0.1 132 339 865 

Boyeria 0.23 0.09 5.88 1.75 4.58 3.59 0.148 0.08 >10000 >10000 >10000 

Brillia 0.16 0.08 5.53 0.93 2.25 1.74 0.111 0.07 1650 3683 8098 

Caecidotea 1.62 1.35 4.72 1.71 2.72 1.98 0.013 0.01 1031 2491 6115 

Caenis 1.11 0.58 5.68 0.53 1.38 0.57 0.056 0.02 913 1479 2388 

Cambarus 0.94 0.26 3.91 1.08 2.87 1.12 0.395 0.12 500 1320 3444 

Cardiocladius 1.21 0.73 7.37 1.08 2.21 0.67 0.075 0.03 >10000 >10000 >10000 

Ceratopsyche 18.95 7.31 7.32 0.89 2.33 0.5 0.147 0.03 >10000 >10000 >10000 

Chaetocladius 0.34 0.19 5.89 1.25 2.87 1.85 0.058 0.03 4140 >10000 >10000 

Chelifera 0.65 0.26 6.28 1.77 4.88 3.76 0.091 0.03 >10000 >10000 >10000 

Cheumatopsyche 19.62 5.35 6.82 0.74 2.34 0.55 0.255 0.04 6396 >10000 >10000 

Chimarra 2.82 1.72 6.68 0.8 1.88 0.77 0.055 0.02 3974 7675 >10000 

Chironomidae 1.85 0.92 4.59 0.95 2.67 1.83 0.069 0.02 759 1897 4846 
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Taxon αααα    
IQR of 

αααα ββββ    
IQR of 

ββββ γγγγ    
IQR of 

γγγγ θθθθ    
IQR of 

θθθθ 

XC50 

(µS/cm) 

XC75 

(µS/cm) 

XC90 

(µS/cm) 

Chloroperlidae 0.17 0.11 4.82 0.85 1.65 1.07 0.086 0.07 438 745 1291 

Cinygmula 2.85 2.07 3.46 0.74 1.33 0.37 0.065 0.02 95 148 232 

Clinocera 0.56 0.5 7.4 1.47 2.21 0.95 0.026 0.02 >10000 >10000 >10000 

Corydalus 0.56 0.31 6.37 0.84 1.91 0.93 0.075 0.03 3148 6162 >10000 

Corynoneura 0.17 0.1 5.41 1.79 3.72 2.68 0.055 0.04 5671 >10000 >10000 

Crangonyx 0.75 0.7 3.89 1.08 1.51 0.73 0.033 0.02 164 266 429 

Cricotopus 0.83 0.48 5.13 1.7 3.94 2.89 0.036 0.01 3959 >10000 >10000 

Cricotopus.Orthocladius 12.69 3.75 6.38 1.09 3.89 2.58 0.173 0.03 >10000 >10000 >10000 

Cryptochironomus 0.17 0.13 4.98 2.03 3.94 3.07 0.035 0.02 3992 >10000 >10000 

Demicryptochironomus 0.25 0.16 4.36 0.74 1.47 0.72 0.108 0.08 245 399 652 

Diamesa 1.92 0.84 6.33 0.86 2.23 1.01 0.087 0.02 3958 8694 >10000 

Dicranota 1.33 0.62 2.66 1.4 3.31 1 0.18 0.05 227 666 1950 

Diphetor 0.63 0.42 4.74 0.63 1.32 0.71 0.045 0.02 321 498 780 

Diplectrona 8.64 2.18 4.76 1.24 4.65 3.52 0.231 0.03 5006 >10000 >10000 

Diploperla 0.76 0.43 4.04 0.77 1.3 0.49 0.099 0.04 161 246 376 

Dixa 0.23 0.13 3.81 1.59 3.32 1.74 0.095 0.05 635 1846 5400 

Dolophilodes 2.37 0.92 5.13 1.21 3.7 3.22 0.09 0.02 3513 >10000 >10000 

Drunella 2.07 1.03 4.05 0.72 1.54 0.48 0.09 0.03 205 339 561 

Eccoptura 0.21 0.15 4.69 0.99 1.87 1.31 0.061 0.04 443 806 1482 

Ectopria 0.93 0.39 3.42 1.18 2.66 1.01 0.2 0.07 266 629 1494 

Epeorus 11.33 4.78 3.72 0.43 1.29 0.24 0.153 0.03 120 185 286 

Ephemera 0.5 0.42 4.87 1.3 2.37 2.04 0.027 0.01 769 1716 3821 

Ephemerella 11.51 4.46 3.82 0.41 1.35 0.24 0.158 0.03 139 220 343 

Eukiefferiella 2.47 0.98 7.74 1.26 3.46 0.95 0.175 0.04 >10000 >10000 >10000 
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Taxon αααα    
IQR of 

αααα ββββ    
IQR of 

ββββ γγγγ    
IQR of 

γγγγ θθθθ    
IQR of 

θθθθ 

XC50 

(µS/cm) 

XC75 

(µS/cm) 

XC90 

(µS/cm) 

Eurylophella 1.65 1.29 2.6 1.05 1.73 0.49 0.129 0.05 58 104 185 

Glossosoma 0.44 0.18 5.53 1.84 5.17 4.46 0.087 0.03 >10000 >10000 >10000 

Gomphidae 0.38 0.11 4.68 1.39 4.26 2.84 0.242 0.09 3110 >10000 >10000 

Haploperla 3.29 1.73 3.63 0.85 1.73 0.51 0.102 0.03 158 281 496 

Heleniella 0.18 0.14 5.56 1.3 2.27 1.72 0.044 0.03 1805 3969 8829 

Helichus 0.45 0.17 4.38 1.5 3.72 2.4 0.154 0.06 1424 5033 >10000 

Hemerodromia 1.05 0.41 7.12 1.09 2.58 0.79 0.187 0.06 >10000 >10000 >10000 

Heptagenia 1.01 0.99 4.04 1.23 1.6 0.88 0.024 0.01 195 321 531 

Heptageniidae 3.3 1.8 3.75 0.72 1.61 0.45 0.087 0.02 160 274 465 

Hexatoma 3.09 1.44 2.86 1.04 2.26 0.56 0.32 0.08 113 248 520 

Hydropsyche 5.12 1.59 6.28 1.29 4.14 2.49 0.126 0.02 >10000 >10000 >10000 

Hydropsychidae 0.77 0.38 6.17 1.14 2.55 1.43 0.067 0.02 4337 >10000 >10000 

Hydroptila 1.18 0.82 7.87 1.2 2.6 0.76 0.06 0.02 >10000 >10000 >10000 

Isonychia 2 0.76 5.55 0.63 2.08 1.08 0.094 0.02 1493 3090 6189 

Isoperla 2.71 1.01 3.8 0.79 2.14 0.64 0.194 0.05 257 521 1076 

Lepidostoma 1.64 1.23 2.17 1.16 2.2 0.53 0.139 0.06 55 117 242 

Leptophlebiidae 3.34 1.61 3.29 0.69 1.6 0.35 0.203 0.05 101 172 292 

Leucrocuta 1.79 1.62 4.18 0.88 1.28 0.61 0.023 0.01 185 276 418 

Leuctra 22.37 5.25 3.84 1.04 3.48 1.4 0.347 0.05 773 2445 8047 

Limnophila 0.41 0.31 2.98 1.33 2.15 0.79 0.102 0.06 122 245 493 

Maccaffertium 1.56 1 4.69 0.74 1.66 1.02 0.048 0.02 393 678 1183 

Micropsectra 2.05 0.88 5.3 2.22 8.36 7.43 0.053 0.01 >10000 >10000 >10000 

Microtendipes 0.94 0.34 4.5 1.67 5.56 4.24 0.097 0.03 8357 >10000 >10000 

Nemouridae 0.38 0.3 6.1 1.64 2.75 2.01 0.028 0.01 4877 >10000 >10000 
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Taxon αααα    
IQR of 

αααα ββββ    
IQR of 

ββββ γγγγ    
IQR of 

γγγγ θθθθ    
IQR of 

θθθθ 

XC50 

(µS/cm) 

XC75 

(µS/cm) 

XC90 

(µS/cm) 

Neophylax 1.58 0.87 3.8 0.62 1.3 0.38 0.107 0.04 131 200 308 

Nigronia 1.16 0.27 5.59 2 7.45 6.29 0.274 0.06 >10000 >10000 >10000 

Oligochaeta 2.18 0.58 7.13 1.29 4.65 2.1 0.358 0.07 >10000 >10000 >10000 

Optioservus 9.06 2.55 7.43 1.12 3.77 1.08 0.307 0.04 >10000 >10000 >10000 

Orconectes 0.28 0.2 6.1 1.28 2.07 1.21 0.047 0.03 2782 5739 >10000 

Orthocladius 1.93 1.25 4.65 1.64 4.31 3.43 0.026 0.01 3786 >10000 >10000 

Oulimnius 1.47 0.52 4.33 1.77 6.16 4.58 0.095 0.02 >10000 >10000 >10000 

Parachaetocladius 1.35 0.78 3 1.18 2.31 0.76 0.103 0.04 138 292 609 

Paraleptophlebia 2.5 1.06 4.08 0.5 1.44 0.37 0.133 0.04 191 310 499 

Parametriocnemus 5.7 1.23 6.1 0.86 3.3 1.69 0.366 0.06 7659 >10000 >10000 

Peltoperla 0.84 0.33 4.57 1.45 4.15 3.03 0.095 0.03 2607 >10000 >10000 

Perlesta 0.24 0.15 5.23 0.86 1.82 1.27 0.055 0.03 771 1417 2623 

Perlidae 1.13 0.68 3.65 1.07 1.93 0.72 0.089 0.03 190 354 660 

Perlodidae 0.6 0.59 3.44 1.26 2.03 0.88 0.033 0.02 162 312 598 

Plauditus 1.49 0.82 4.54 1.3 2.65 1.7 0.048 0.01 733 1703 4163 

Polycentropus 1.16 0.44 3.25 1.24 3.1 1.06 0.278 0.08 333 905 2495 

Polypedilum 7.88 1.6 5.02 1.28 5.69 4.51 0.313 0.04 >10000 >10000 >10000 

Prosimulium 0.82 0.71 3.57 1.52 2.6 1.34 0.019 0.01 272 615 1375 

Psephenus 3.21 1.2 5.44 0.19 1.14 0.19 0.116 0.03 586 865 1270 

Pteronarcys 1.37 0.88 2.66 1.24 2.41 0.69 0.096 0.03 104 234 514 

Remenus 0.61 0.41 3.51 1.08 1.71 0.65 0.119 0.06 136 236 409 

Rheocricotopus 1 0.46 6.94 1.07 2.34 0.82 0.115 0.04 7427 >10000 >10000 

Rheopelopia 0.26 0.23 3.42 1.65 3.2 1.7 0.044 0.03 361 1002 2880 

Rheotanytarsus 1.81 0.55 6.33 1.11 3.32 1.59 0.183 0.04 >10000 >10000 >10000 
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Taxon αααα    
IQR of 

αααα ββββ    
IQR of 

ββββ γγγγ    
IQR of 

γγγγ θθθθ    
IQR of 

θθθθ 

XC50 

(µS/cm) 

XC75 

(µS/cm) 

XC90 

(µS/cm) 

Rhyacophila 2.12 0.94 2.14 1.31 3.24 0.76 0.284 0.07 127 378 1114 

Sialis 0.18 0.1 4.11 1.39 2.95 1.9 0.124 0.08 586 1546 4105 

Simulium 5.6 1.26 5.48 1.83 8.09 6.48 0.202 0.03 >10000 >10000 >10000 

Stempellinella 1.01 0.52 2.84 1.19 2.37 0.7 0.216 0.08 125 275 591 

Stenacron 0.75 0.58 2.74 1.26 2.06 0.69 0.073 0.04 86 171 329 

Stenelmis 2.58 0.97 5.22 0.7 2.25 1.22 0.084 0.02 1145 2448 5316 

Stenonema 4.24 1.81 4.68 0.61 1.89 0.81 0.107 0.02 487 927 1765 

Sweltsa 1.77 1.12 2.73 1.13 2.2 0.61 0.125 0.04 95 199 406 

Tallaperla 0.38 0.31 4.1 1.54 2.61 1.71 0.031 0.02 444 1019 2419 

Tanytarsus 1.86 0.42 3.83 1.65 6.72 4.57 0.372 0.07 8853 >10000 >10000 

Thienemanniella 0.34 0.12 5.22 0.62 2.07 1.12 0.193 0.09 955 1935 3935 

Thienemannimyia 5.58 1.21 6.04 0.91 3.75 2.2 0.355 0.06 >10000 >10000 >10000 

Tipula 0.71 0.2 4.74 1.26 4.09 3.09 0.274 0.08 2829 >10000 >10000 

Tipulidae 0.31 0.18 5.66 0.62 1.54 0.88 0.077 0.04 1036 1810 3064 

Tvetenia 3.09 0.92 6.71 0.89 2.65 0.92 0.215 0.04 7843 >10000 >10000 

Wormaldia 0.22 0.13 4.27 1.52 2.61 1.7 0.082 0.05 494 1076 2485 

Yugus 0.72 0.44 3.57 1.22 2.38 0.99 0.085 0.03 246 523 1125 
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 B.2 “Borrowing Strength” 

We also assessed the degree to which taxa borrow strength from each other in 

the hierarchical model. Each hierarchical parameter estimate can be considered a 

weighted average between a no-pooling estimate (here, parameters estimated solely 

from the data for a particular taxon) and a complete-pooling estimate (here, parameters 

estimated for all taxa together). The pooling parameter, , represents the degree to 

which the parameter is estimated by the completely pooled estimate.  For all parameters 

in a hierarchical level, the average amount of pooling, λ, can also be calculated by 

standard methods (Gelman and Pardoe 2006, Gelman and Hill 2007). Both  and λ 

range from 0 (no pooling) to 1 (complete pooling) with higher values indicating a higher 

degree to which each taxon’s response borrows information from other taxa (i.e. the 

hyperdistribution) as opposed to its own individual Gaussian response function. Thus, 

for each group of Gaussian response parameters (i.e. , , ) and the negative 

binomial dispersion parameter ( ), we calculated  for each taxon and  λ for the entire 

group of parameters.   

The Gaussian response parameters and negative binomial dispersion parameters 

varied across taxa in our dataset (Figure 20, Table 8) as well as the degree to which each 

parameter relied on the common hyperdistribution for inferential power (Table 9). The 

degree to which inferential strength was borrowed from other taxa (i.e. pooling) varied 

across the four hierarchical parameters sets. Tolerances (  : λ = 0.42, range of  = 0.02 – 
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1) and taxa optima ( : λ = 0.36, range of  =  0.02 – 0.85) exhibited a moderate amount 

of pooling while maximum abundances ( : λ = 0.11, range of  =  0.02 – 0.30) and 

negative binomial overdispersion parameters ( , λ = 0.12, range of  =  0.01 – 0.40) 

exhibited minimal pooling. For most of these parameters, the level of pooling typically 

decreased as occurrence frequency increased (Figure 21). The main exception to this 

trend occurred with taxa optima. This is likely due to taxon-specific response profiles 

that diverge strongly from a Gaussian shape. In any case, only one-quarter of the taxa in 

our study (28 of 110) showed optima that were more pooled toward the mean of the 

hyperdistribution. 
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Figure 20: Variation in Gaussian response parameters for all taxa in our study. 

Gray lines indicate interquartile range for each parameter value. Solid and dashed 

vertical black lines represent the mean and the interquartile range of the 

hyperdistribution estimate respectively. 
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Table 9: Taxon-specific pooling estimates for all taxa in our study. 

Taxon ω j (log αj) ω j (βj) ω j (1/γj
2) ω j (θj) 

Acentrella 0.05 0.11 0.27 0.03 

Acroneuria 0.05 0.32 0.17 0.04 

Alloperla 0.30 0.53 1.00 0.02 

Ameletus 0.10 0.05 1.00 0.04 

Amphinemura 0.06 0.12 0.25 0.02 

Antocha 0.06 0.48 0.06 0.03 

Baetidae 0.13 0.61 0.18 0.02 

Baetis 0.02 0.56 0.03 0.10 

Bezzia.Palpomyia 0.14 0.35 0.07 0.32 

Boyeria 0.06 0.72 0.06 0.19 

Brillia 0.10 0.39 0.58 0.22 

Caecidotea 0.24 0.56 0.30 0.01 

Caenis 0.10 0.13 1.00 0.02 

Cambarus 0.04 0.27 0.10 0.40 

Cardiocladius 0.14 0.24 0.16 0.03 

Ceratopsyche 0.06 0.16 0.07 0.03 

Chaetocladius 0.11 0.51 0.24 0.03 

Chelifera 0.07 0.71 0.05 0.03 

Cheumatopsyche 0.04 0.12 0.08 0.05 

Chimarra 0.13 0.19 0.46 0.02 

Chironomidae 0.09 0.32 0.27 0.02 

Chloroperlidae 0.16 0.31 1.00 0.19 
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Taxon ω j (log αj) ω j (βj) ω j (1/γj
2) ω j (θj) 

Cinygmula 0.20 0.13 0.93 0.02 

Clinocera 0.30 0.53 0.30 0.02 

Corydalus 0.12 0.27 0.56 0.04 

Corynoneura 0.14 0.73 0.13 0.06 

Crangonyx 0.30 0.26 1.00 0.02 

Cricotopus 0.12 0.60 0.12 0.01 

Cricotopus.Orthocladius 0.04 0.41 0.07 0.03 

Cryptochironomus 0.23 0.80 0.12 0.03 

Demicryptochironomus 0.15 0.20 1.00 0.19 

Diamesa 0.07 0.22 0.27 0.02 

Dicranota 0.08 0.34 0.04 0.08 

Diphetor 0.17 0.19 1.00 0.02 

Diplectrona 0.03 0.40 0.05 0.04 

Diploperla 0.14 0.16 1.00 0.06 

Dixa 0.12 0.54 0.11 0.09 

Dolophilodes 0.06 0.44 0.18 0.02 

Drunella 0.10 0.13 0.56 0.03 

Eccoptura 0.20 0.39 1.00 0.07 

Ectopria 0.07 0.28 0.12 0.12 

Epeorus 0.07 0.05 0.45 0.04 

Ephemera 0.23 0.51 1.00 0.01 

Ephemerella 0.06 0.05 0.34 0.04 

Eukiefferiella 0.06 0.31 0.04 0.05 

Eurylophella 0.20 0.20 0.35 0.09 

Glossosoma 0.07 0.72 0.06 0.04 
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Taxon ω j (log αj) ω j (βj) ω j (1/γj
2) ω j (θj) 

Gomphidae 0.04 0.51 0.06 0.26 

Haploperla 0.11 0.15 0.32 0.03 

Heleniella 0.22 0.57 0.85 0.04 

Helichus 0.06 0.49 0.09 0.10 

Hemerodromia 0.07 0.24 0.09 0.09 

Heptagenia 0.30 0.31 1.00 0.01 

Heptageniidae 0.12 0.12 0.39 0.03 

Hexatoma 0.08 0.21 0.10 0.17 

Hydropsyche 0.04 0.45 0.05 0.02 

Hydropsychidae 0.09 0.40 0.26 0.02 

Hydroptila 0.17 0.31 0.09 0.02 

Isonychia 0.06 0.20 0.37 0.02 

Isoperla 0.06 0.16 0.15 0.06 

Lepidostoma 0.20 0.25 0.11 0.10 

Leptophlebiidae 0.10 0.11 0.29 0.09 

Leucrocuta 0.26 0.20 1.00 0.01 

Leuctra 0.03 0.21 0.05 0.07 

Limnophila 0.20 0.31 0.29 0.13 

Maccaffertium 0.15 0.22 1.00 0.02 

Micropsectra 0.07 0.85 0.02 0.01 

Microtendipes 0.06 0.62 0.04 0.03 

Nemouridae 0.23 0.68 0.30 0.02 

Neophylax 0.12 0.10 1.00 0.05 

Nigronia 0.03 0.78 0.03 0.11 

Oligochaeta 0.03 0.43 0.03 0.15 
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Taxon ω j (log αj) ω j (βj) ω j (1/γj
2) ω j (θj) 

Optioservus 0.04 0.26 0.03 0.07 

Orconectes 0.18 0.46 0.63 0.03 

Orthocladius 0.16 0.61 0.13 0.01 

Oulimnius 0.05 0.68 0.03 0.03 

Parachaetocladius 0.13 0.26 0.18 0.04 

Paraleptophlebia 0.07 0.09 0.52 0.05 

Parametriocnemus 0.03 0.21 0.08 0.09 

Peltoperla 0.07 0.50 0.08 0.03 

Perlesta 0.15 0.35 1.00 0.05 

Perlidae 0.13 0.23 0.39 0.04 

Perlodidae 0.30 0.35 0.43 0.02 

Plauditus 0.12 0.39 0.27 0.02 

Polycentropus 0.06 0.30 0.07 0.19 

Polypedilum 0.02 0.43 0.04 0.06 

Prosimulium 0.28 0.49 0.28 0.01 

Psephenus 0.06 0.02 0.65 0.03 

Pteronarcys 0.14 0.27 0.11 0.04 

Remenus 0.17 0.24 0.60 0.10 

Rheocricotopus 0.09 0.24 0.17 0.05 

Rheopelopia 0.25 0.61 0.14 0.03 

Rheotanytarsus 0.04 0.32 0.09 0.05 

Rhyacophila 0.08 0.30 0.03 0.17 

Sialis 0.12 0.51 0.22 0.25 
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Taxon ω j (log αj) ω j (βj) ω j (1/γj
2) ω j (θj) 

Simulium 0.03 0.72 0.02 0.03 

Stempellinella 0.10 0.27 0.12 0.19 

Stenacron 0.23 0.29 0.29 0.05 

Stenelmis 0.06 0.23 0.27 0.02 

Stenonema 0.07 0.14 0.39 0.02 

Sweltsa 0.15 0.25 0.14 0.06 

Tallaperla 0.25 0.51 0.42 0.02 

Tanytarsus 0.03 0.63 0.02 0.16 

Thienemanniella 0.05 0.20 0.40 0.23 

Thienemannimyia 0.03 0.28 0.06 0.09 

Tipula 0.04 0.44 0.09 0.18 

Tipulidae 0.12 0.20 1.00 0.06 

Tvetenia 0.04 0.18 0.10 0.06 

Wormaldia 0.15 0.49 0.40 0.11 

Yugus 0.14 0.32 0.23 0.04 
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Figure 21: Degree of pooling tends to decrease as occurrence frequency 

increases except in the case of taxa optima. 
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Appendix C. Production Estimation Details 

 Table 10 details methods used to estimate production for all aquatic insects in 

our study. 
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Table 10: Details of production estimation for all taxa found in the Mud River study reaches 

Taxon Order Method 
P/B 

est. 

P/B 

CV 

CPI 

est. 

CPI 

st. 

dev. 

Literature Taxon Source 

Ameletus Ephemeroptera PB 5 0.3 
  

Ameletus Benke et al. 1999 

Atrichopogon Diptera PB 10 0.3 
  

Ceratopogonidae Benke et al. 1999 

Chelifera Diptera PB 5 0.3 
  

Empididae Benke et al. 1999 

Diplectrona Trichoptera PB 5 0.3 
  

Hydropsychidae Benke et al. 1999 

Glossosoma Trichoptera PB 10 0.3 
  

Glossosoma sp. Benke et al. 1999 

Hydroptila Trichoptera SF 
  

365 7.6 Hydroptila sp. 
Baumgartner & Rothhaupt 

2003 

Lepidostoma Trichoptera PB 5 0.3 
  

Lepidostoma sp. Benke et al. 1999 

Oreogeton Diptera PB 5 0.3 
  

Empididae Benke et al. 1999 

Paracapnia Plecoptera PB 5 0.3 
  

Capniidae Benke et al. 1999 

Sphaeromias Diptera SF 
  

365 7.6 Ceratopogonidae Benke et al. 1999 

Curculionidae Coleoptera PB 5 0.3 
  

Coleoptera Benke et al. 1999 

Helichus Coleoptera Z 
    

Coleoptera (adults) Burgerr & Meyer 1997 

Helichus Coleoptera PB 5 0.3 
  

Coleoptera Benke et al. 1999 

Neoporus Coleoptera PB 5 0.3 
  

Coleoptera Benke et al. 1999 

Optioservus Coleoptera SF 
  

365 7.6 Optioservus Benke et al. 1999 

Optioservus Coleoptera Z 
    

Coleoptera (adults) Burgerr & Meyer 1997 

Oulimnius Coleoptera Z 
    

Coleoptera (adults) Burgerr & Meyer 1997 

Stenelmis Coleoptera SF 
  

365 7.6 Stenelmis spp. Benke et al. 1999 

Stenelmis Coleoptera Z 
    

Coleoptera (adults) Burgerr & Meyer 1997 

Microcylloepus Coleoptera PB 2.5 0.3 
  

Elmidae Benke et al. 1999 
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Taxon Order Method 
P/B 

est. 

P/B 

CV 

CPI 

est. 

CPI 

st. 

dev. 

Literature Taxon Source 

Sphaeridiinae Coleoptera PB 10 0.3 
  

Coleoptera Benke et al. 1999 

Ectopria Coleoptera PB 2.5 0.3 
  

Ectopria sp. Benke et al. 1999 

Psephenus Coleoptera SF 
  

365 7.6 Psephenus Benke et al. 1999 

Dubiraphia Coleoptera PB 2.5 0.3 
  

Elmidae Benke et al. 1999 

Ordobrevia Coleoptera PB 2.5 0.3 
  

Elmidae Benke et al. 1999 

Macronychus Coleoptera PB 2.5 0.3 
  

Macronychus 

glabratus 
Benke et al. 1999 

Tropisternus Coleoptera PB 10 0.3 
  

Coleoptera Benke et al. 1999 

Atherix Diptera PB 5 0.3 
  

Atherix sp. Benke et al. 1999 

Bezzia/Palpomyia Diptera SF 
  

190.8 7.6 Palpomyia spp. Group Benke et al. 1999 

Ceratopogon Diptera PB 10 0.3 
  

Ceratopogonidae Benke et al. 1999 

Probezzia Diptera SF 
  

182.5 7.6 Ceratopogonidae Benke et al. 1999 

Forcipomyia Diptera PB 10 0.3 
  

Ceratopogonidae Benke et al. 1999 

Non-tanypodinae Diptera STG 
    

Chironomidae Benke et al. 1999 

Tanypodinae Diptera STG 
    

Tanypodinae Benke et al. 1999 

Anopheles Diptera PB 10 0.3 
  

Diptera Benke et al. 1999 

Hemerodromia Diptera SF 
  

182.5 7.6 Empididae Benke et al. 1999 

Cryptolabis Diptera PB 5 0.3 
  

Tipulidae Benke et al. 1999 

Antocha Diptera SF 
  

365 7.6 Tipulidae Benke et al. 1999 

Ormosia Diptera PB 5 0.3 
  

Tipulidae Benke et al. 1999 

Limonia Diptera PB 5 0.3 
  

Tipulidae Benke et al. 1999 

Prosimulium Diptera SF 
  

365 7.6 
Prosimulium 

mixtum/fuscum 
Benke et al. 1999 

Simulium Diptera SF 
  

152.1 7.6 Simulium spp. Benke et al. 1999 

Chrysops Diptera PB 5 0.3 
  

Chrysops/Tabanus Benke et al. 1999 
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Taxon Order Method 
P/B 

est. 

P/B 

CV 

CPI 

est. 

CPI 

st. 

dev. 

Literature Taxon Source 

spp. 

Tipula Diptera PB 5 0.3 
  

Tipula sp. Benke et al. 1999 

Dicranota Diptera PB 5 0.3 
  

Dicranota sp. Benke et al. 1999 

Pedicia Diptera PB 5 0.3 
  

Pedicia sp. Benke et al. 1999 

Hexatoma Diptera SF 
  

152.1 7.6 Hexatoma sp. Benke et al. 1999 

Centroptilum Ephemeroptera PB 10 0.3 
  

Baetidae Benke et al. 1999 

Ephemera Ephemeroptera PB 5 0.3 
  

Ephemera sp. Benke et al. 1999 

Heptagenia Ephemeroptera PB 5 0.3 
  

Heptagenia sp. Benke et al. 1999 

Epeorus Ephemeroptera PB 5 0.3 
  

Epeorus sp. Benke et al. 1999 

Procloeon Ephemeroptera PB 10 0.3 
  

Baetidae Benke et al. 1999 

Acentrella Ephemeroptera SF 
  

121.5 7.6 Baetidae Benke et al. 1999 

Acerpenna Ephemeroptera PB 10 0.3 
  

Baetidae Benke et al. 1999 

Ephemerella Ephemeroptera SF 
  

61.13 7.6 Ephemerella sp. Benke et al. 1999 

Eurylophella Ephemeroptera SF 
  

307.4 7.6 
Eurylophella 

temporalis 
Benke et al. 1999 

Serratella Ephemeroptera SF 
  

114.5 7.6 Serratella sp. Benke et al. 1999 

Pseudocloeon Ephemeroptera PB 10 0.3 
  

Pseudocloeon spp. Benke et al. 1999 

Baetis Ephemeroptera SF 
  

89.5 7.6 Baetis spp. Benke et al. 1999 

Baetisca Ephemeroptera SF 
  

228.1 7.6 Baetisca sp. Benke et al. 1999 

Caenis Ephemeroptera SF 
  

307.4 7.6 Caenis sp. Benke et al. 1999 

Maccaffertium Ephemeroptera SF 
  

365 7.6 Stenonema spp. Benke et al. 1999 

Cinygmula Ephemeroptera SF 
  

146.4 7.6 Heptageniidae Benke et al. 1999 

Isonychia Ephemeroptera PB 5 0.3 
  

Isonychia sp. Benke et al. 1999 

Pilaria Diptera PB 5 0.3 
  

Tipulidae Benke et al. 1999 

Sialis Megaloptera PB 5 0.3 
  

Sialis sp. Benke et al. 1999 
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Taxon Order Method 
P/B 

est. 

P/B 

CV 

CPI 

est. 

CPI 

st. 

dev. 

Literature Taxon Source 

Nigronia Megaloptera PB 2.5 0.3 
  

Nigronia serricornis Benke et al. 1999 

Corydalus Megaloptera PB 10 0.3 
  

Corydalus cornutus Benke et al. 1999 

Hetaerina Odonata PB 2.5 0.3 
  

Calopterygidae Benke et al. 1999 

Argia Odonata PB 5 0.3 
  

Argia spp. Benke et al. 1999 

Cordulegaster Odonata PB 2.5 0.3 
  

Cordulegaster 

maculata 
Benke et al. 1999 

Dromogomphus Odonata PB 2.5 0.3 
  

Dromogomphus sp. Benke et al. 1999 

Gomphus Odonata SF 
  

222 7.6 Gomphus spp. Benke et al. 1999 

Boyeria Odonata PB 10 0.3 
  

Boyeria vinosa Benke et al. 1999 

Stylogomphus Odonata PB 2.5 0.3 
  

Gomphidae Benke et al. 1999 

Progomphus Odonata PB 5 0.3 
  

Progomphus obscurus Benke et al. 1999 

Rasvena Plecoptera PB 5 0.3 
  

Chloroperlidae Benke et al. 1999 

Sweltsa Plecoptera PB 2.5 0.3 
  

Sweltsa sp. Benke et al. 1999 

Leuctra Plecoptera SF 
  

222 7.6 Leuctra sp. Benke et al. 1999 

Amphinemura Plecoptera SF 
  

146.4 7.6 Amphinemura spp. Benke et al. 1999 

Nemoura Plecoptera PB 5 0.3 
  

Nemouridae Benke et al. 1999 

Ostrocerca Plecoptera SF 
  

205.6 7.6 Nemouridae Benke et al. 1999 

Remenus Plecoptera PB 5 0.3 
  

Perlodidae Benke et al. 1999 

Arcynopteyrx Plecoptera PB 5 0.3 
  

Perlodidae Benke et al. 1999 

Taenionema Plecoptera PB 5 0.3 
  

Taeniopterygidae Benke et al. 1999 

Allocapnia Plecoptera SF 
  

91.25 7.6 Allocapnia spp. Benke et al. 1999 

Haploperla Plecoptera SF 
  

365 7.6 Chloroperlidae Benke et al. 1999 

Zapada Plecoptera PB 5 0.3 
  

Nemouridae Benke et al. 1999 

Eccoptura Plecoptera PB 2.5 0.3 
  

Eccoptura xanthenes Benke et al. 1999 

Isoperla Plecoptera PB 5 0.3 
  

Isoperla sp. Benke et al. 1999 
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Taxon Order Method 
P/B 

est. 

P/B 

CV 

CPI 

est. 

CPI 

st. 

dev. 

Literature Taxon Source 

Clioperla Plecoptera PB 5 0.3 
  

Clioperla clio Benke et al. 1999 

Strophopteryx Plecoptera PB 5 0.3 
  

Strophopteryx sp. Benke et al. 1999 

Taeniopteryx Plecoptera SF 
  

119.6 7.6 Taeniopteryx spp. Benke et al. 1999 

Agnetina Plecoptera PB 2.5 0.3 
  

Agnetina capitata Benke et al. 1999 

Oemopteryx Plecoptera PB 5 0.3 
  

Taeniopterygidae Benke et al. 1999 

Goera Trichoptera PB 5 0.3 
  

Trichoptera Benke et al. 1999 

Hydropsyche Trichoptera SF 
  

365 7.6 Hydropsyche spp. Benke et al. 1999 

Cheumatopsyche Trichoptera SF 
  

136.9 7.6 Cheumatopsyche spp. Benke et al. 1999 

Stactobiella Trichoptera SF 
  

365 7.6 Hydroptila sp. 
Baumgartner & Rothhaupt 

2003 

Oecetis Trichoptera PB 5 0.3 
  

Oecetis spp. Benke et al. 1999 

Chimarra Trichoptera SF 
  

247.9 7.6 Chimarra sp. Benke et al. 1999 

Polycentropus Trichoptera PB 5 0.3 
  

Polycentropus Benke et al. 1999 

Ochrotrichia Trichoptera PB 5 0.3 
  

Hydroptila sp. 
Baumgartner & Rothhaupt 

2003 

Neophylax Trichoptera SF 
  

241.8 7.6 Trichoptera Benke et al. 1999 

Diptera Diptera PB 5 0.3 
  

Diptera Benke et al. 1999 
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Appendix D. Production Estimates for All Taxa  

Table 11 reports production estimates for all taxa observed in the Mud River 

Secondary Production study 
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Table 11: Production estimates for all taxa along the Mud River, WV study reaches. Error represented by 5th and 95th 

quantiles of bootstrap resamples. 

  MR-2 MR-3 MR-7 

Taxon Order 5th 50th 95th 5th 50th 95th 5th 50th 95th 

Curculionidae Coleoptera 0.00 0.04 0.17 0.00 0.00 0.00 0.00 0.00 0.00 

Dubiraphia Coleoptera 0.93 3.89 10.83 0.00 0.00 0.00 0.64 3.17 8.55 

Ectopria Coleoptera 0.98 4.25 13.61 4.16 17.38 53.47 0.30 2.18 8.35 

Helichus Coleoptera 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Helichus Coleoptera 0.63 2.91 9.69 0.00 0.00 0.00 0.00 0.00 0.00 

Macronychus Coleoptera 0.13 0.41 1.15 0.00 0.03 0.10 0.00 0.00 0.00 

Microcylloepus Coleoptera 0.05 0.31 0.95 0.16 0.98 3.24 0.00 0.00 0.00 

Neoporus Coleoptera 0.00 0.14 0.55 0.00 0.00 0.00 0.00 0.00 0.00 

Optioservus Coleoptera 60.10 177.66 442.53 77.90 227.66 568.90 81.89 240.06 585.36 

Optioservus Coleoptera 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Ordobrevia Coleoptera 0.00 0.02 0.09 0.00 0.00 0.00 0.00 0.00 0.00 

Oulimnius Coleoptera 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Psephenus Coleoptera 22.41 42.16 72.92 3.09 7.14 13.80 0.01 0.43 1.18 

Sphaeridiinae Coleoptera 0.00 0.67 2.65 0.00 0.00 0.00 0.00 0.00 0.00 

Stenelmis Coleoptera -14.00 33.01 116.91 -34.95 39.22 142.23 -5.65 5.84 22.60 

Stenelmis Coleoptera 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Tropisternus Coleoptera 0.00 0.00 0.00 0.00 0.00 0.00 0.01 0.10 0.34 

Anopheles Diptera 0.03 0.36 1.13 0.00 0.00 0.01 12.92 33.86 60.28 

Antocha Diptera 8.94 17.16 26.65 5.26 10.41 16.73 1.53 3.15 5.29 

Atherix Diptera -0.28 6.72 73.78 -0.19 7.40 74.70 -0.01 0.41 3.16 
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  MR-2 MR-3 MR-7 

Taxon Order 5th 50th 95th 5th 50th 95th 5th 50th 95th 

Atrichopogon Diptera 0.03 0.27 0.74 0.07 0.55 1.39 0.00 0.00 0.00 

Bezzia/Palpomyia Diptera 0.79 6.56 56.12 0.00 0.00 0.00 0.00 0.00 0.00 

Ceratopogon Diptera 0.10 1.13 4.09 0.07 0.74 2.75 0.05 0.51 1.62 

Chelifera Diptera 0.00 0.00 0.00 0.12 0.37 0.87 0.30 1.12 3.27 

Chrysops Diptera 2.37 7.66 18.71 2.52 9.30 24.83 0.00 0.00 0.00 

Cryptolabis Diptera 0.71 2.67 7.21 0.00 0.00 0.00 0.00 0.00 0.00 

Dicranota Diptera 1.97 7.13 19.97 1.27 5.64 19.20 0.03 0.55 2.43 

Diptera Diptera 6.64 17.77 37.39 0.00 0.00 0.00 0.00 0.00 0.00 

Forcipomyia Diptera 0.00 0.04 0.15 0.00 0.02 0.10 0.00 0.10 0.51 

Hemerodromia Diptera 7.12 26.62 99.12 15.78 57.40 222.21 20.73 79.31 312.10 

Hexatoma Diptera 171.73 321.42 601.76 0.08 1.13 2.96 0.01 2.57 9.08 

Limonia Diptera 0.00 0.00 0.00 0.19 1.68 5.81 0.00 0.00 0.00 

Non-tanypodinae Diptera 485.02 859.49 1291.79 408.90 724.01 1072.91 702.26 1240.78 1861.52 

Oreogeton Diptera 0.00 0.00 0.00 0.11 0.36 0.91 0.00 0.00 0.00 

Ormosia Diptera 0.10 0.62 1.94 0.13 0.56 1.65 0.00 0.01 0.05 

Pedicia Diptera 0.03 0.36 1.59 0.00 0.00 0.00 0.00 0.00 0.00 

Pilaria Diptera 0.05 0.89 3.26 0.00 0.00 0.00 0.00 0.00 0.00 

Probezzia Diptera 4.86 64.66 220.30 0.86 11.46 35.61 0.14 1.68 6.22 

Prosimulium Diptera 5.40 8.46 12.46 0.67 1.40 2.27 1.28 2.57 4.23 

Simulium Diptera 10.99 17.63 27.24 42.44 66.48 100.96 24.84 40.98 64.10 

Sphaeromias Diptera 0.15 0.96 2.13 0.08 0.48 1.06 0.05 0.35 0.78 

Tanypodinae Diptera 47.67 141.84 490.72 29.07 83.83 280.33 4.11 14.09 54.04 

Tipula Diptera -54.43 1439.75 9281.31 -5.00 135.63 998.15 -7.37 140.53 1124.30 

Acentrella Ephemeroptera 30.97 56.31 98.25 7.87 14.52 23.82 0.00 0.02 0.06 

Acerpenna Ephemeroptera 0.48 5.47 20.53 0.00 15.72 68.77 0.00 0.00 0.00 
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  MR-2 MR-3 MR-7 

Taxon Order 5th 50th 95th 5th 50th 95th 5th 50th 95th 

Ameletus Ephemeroptera 0.47 1.35 3.54 0.00 0.00 0.00 0.00 0.00 0.00 

Centroptilum Ephemeroptera 0.00 0.00 0.00 0.00 0.19 0.66 0.00 0.00 0.00 

Drunella Ephemeroptera 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Epeorus Ephemeroptera 2.49 18.75 94.83 1.01 8.98 54.78 0.00 0.00 0.00 

Ephemera Ephemeroptera 0.30 3.05 10.20 0.00 1.44 5.33 0.00 0.00 0.00 

Ephemerella Ephemeroptera 104.30 339.67 1208.24 9.77 29.51 84.59 0.00 0.00 0.00 

Eurylophella Ephemeroptera 4.30 8.53 15.57 3.11 8.22 20.96 0.00 0.02 0.05 

Heptagenia Ephemeroptera 0.37 0.93 1.74 0.36 0.92 1.77 0.43 1.10 1.99 

Procloeon Ephemeroptera 0.00 0.00 0.00 0.00 0.44 1.74 0.00 0.00 0.00 

Serratella Ephemeroptera 56.90 80.63 110.77 6.49 16.68 27.83 0.00 0.00 0.00 

Baetis Ephemeroptera 113.96 245.92 541.20 2.80 7.09 15.72 0.03 0.29 1.11 

Baetisca Ephemeroptera 5.30 16.64 35.16 16.83 40.40 91.79 3.40 21.45 54.25 

Caenis Ephemeroptera 12.81 27.27 51.40 3.63 7.31 12.89 0.18 0.49 0.85 

Cinygmula Ephemeroptera 0.00 0.39 1.10 0.00 0.00 0.00 0.00 0.00 0.00 

Isonychia Ephemeroptera 7.60 23.37 50.61 0.02 0.07 0.20 0.00 0.00 0.00 

Maccaffertium Ephemeroptera 234.27 435.04 845.42 10.73 22.34 47.31 0.00 0.04 0.11 

Pseudocloeon Ephemeroptera 0.03 0.44 2.84 0.00 0.00 0.00 0.00 0.00 0.00 

Corydalus Megaloptera 169.92 1805.83 9413.53 4.23 38.50 157.63 29.46 5483.41 35205.84 

Nigronia Megaloptera 4.55 25.87 145.29 13.30 64.89 274.35 5.90 38.22 248.21 

Sialis Megaloptera 0.00 0.00 0.00 0.08 0.62 2.10 0.00 0.00 0.00 

Argia Odonata 0.95 2.72 5.68 0.01 0.09 0.26 0.24 1.25 3.44 

Boyeria Odonata 39.90 313.49 1077.10 0.01 38.45 186.93 0.00 0.00 0.00 

Cordulegaster Odonata 10.24 114.89 946.44 0.00 0.00 0.00 7.25 53.67 323.55 

Dromogomphus Odonata 0.19 0.54 1.11 0.00 0.00 0.00 0.00 0.00 0.00 

Gomphus Odonata 20.11 62.21 229.07 3.25 11.08 36.15 1.79 7.61 40.77 
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  MR-2 MR-3 MR-7 

Taxon Order 5th 50th 95th 5th 50th 95th 5th 50th 95th 

Hetaerina Odonata 0.27 0.80 1.92 0.01 0.07 0.20 0.00 0.15 0.68 

Progomphus Odonata 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.03 0.12 

Stylogomphus Odonata 0.00 0.00 0.00 0.00 3.97 19.71 0.95 9.91 40.56 

Agnetina Plecoptera 1.05 5.03 23.58 0.00 0.00 0.00 0.00 0.04 0.14 

Allocapnia Plecoptera 0.31 1.99 6.42 5.28 10.64 21.24 4.45 7.82 14.01 

Amphinemura Plecoptera 1.04 3.37 6.59 0.03 0.13 0.35 15.38 28.26 52.15 

Arcynopteyrx Plecoptera -3.40 17.24 58.12 -0.21 0.79 3.17 -0.68 3.13 14.15 

Clioperla Plecoptera 0.00 8.16 58.58 0.00 0.00 0.00 0.00 0.00 0.00 

Eccoptura Plecoptera 1.11 8.89 41.21 0.00 0.00 0.00 0.00 0.00 0.00 

Haploperla Plecoptera 5.73 15.71 33.57 0.01 0.04 0.15 0.17 0.59 1.59 

Isoperla Plecoptera 11.80 35.38 92.30 0.69 2.58 7.53 0.00 0.00 0.00 

Leuctra Plecoptera 11.41 18.16 28.16 0.06 0.28 0.69 2.51 3.89 5.86 

Nemoura Plecoptera 0.00 0.38 1.44 0.01 0.07 0.20 0.00 0.00 0.00 

Oemopteryx Plecoptera 1.35 3.91 8.49 7.13 18.24 37.31 4.47 11.77 24.37 

Ostrocerca Plecoptera 16.47 29.63 48.86 18.09 32.04 52.53 142.51 246.84 410.03 

Paracapnia Plecoptera 0.10 0.30 0.61 0.00 0.00 0.00 0.00 0.00 0.00 

Rasvena Plecoptera 0.07 0.44 1.67 0.00 0.00 0.00 0.16 0.51 1.16 

Remenus Plecoptera -2.57 16.63 61.24 0.00 0.00 0.00 0.00 0.00 0.00 

Strophopteryx Plecoptera 1.19 6.12 27.59 1.36 6.81 27.01 0.00 0.16 0.73 

Sweltsa Plecoptera 0.38 2.10 8.11 0.00 0.05 0.20 0.00 0.00 0.00 

Taenionema Plecoptera 0.09 0.48 1.22 0.01 0.07 0.20 0.15 0.57 1.59 

Taeniopteryx Plecoptera 7.13 23.08 97.02 11.81 35.57 137.06 20.44 61.83 235.05 

Zapada Plecoptera 0.03 0.11 0.27 0.00 0.01 0.03 0.00 0.00 0.00 

Cheumatopsyche Trichoptera 269.52 822.58 2681.27 132.94 461.24 1634.46 317.78 1088.49 3788.41 

Chimarra Trichoptera 5.28 52.32 527.73 0.70 6.55 61.10 3.53 34.71 396.28 
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  MR-2 MR-3 MR-7 

Taxon Order 5th 50th 95th 5th 50th 95th 5th 50th 95th 

Diplectrona Trichoptera 0.90 2.71 6.28 0.00 0.00 0.00 0.00 0.00 0.00 

Glossosoma Trichoptera 0.07 0.20 0.41 0.00 0.00 0.00 0.00 0.00 0.00 

Goera Trichoptera 0.28 1.24 3.06 0.00 0.00 0.00 0.00 0.00 0.00 

Hydropsyche Trichoptera 44.93 170.69 731.99 8.99 32.82 159.44 12.60 58.12 323.27 

Hydroptila Trichoptera 0.00 0.00 0.00 -0.63 0.29 2.52 -9.01 3.35 49.67 

Lepidostoma Trichoptera 0.18 0.50 1.01 0.00 0.00 0.00 0.00 0.00 0.00 

Neophylax Trichoptera 23.11 34.73 52.17 7.70 12.58 19.43 0.00 0.07 0.22 

Ochrotrichia Trichoptera 0.00 0.00 0.00 0.00 0.00 0.00 -0.65 0.27 2.22 

Oecetis Trichoptera 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.03 0.09 

Polycentropus Trichoptera 0.08 1.16 21.93 0.00 0.00 0.00 0.00 0.00 0.00 

Stactobiella Trichoptera 0.00 0.00 0.00 -0.09 0.02 0.31 -4.27 1.75 76.30 
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Appendix E. HUC-8 Fragment Analysis 

Table 12 reports a summary of headwater remnants upstream of AlkMD-affected 

waters by HUC-8.  

Table 12: Chemical fragmentation statistics by HUC-8 

 1976 2005 % Change 

1976-2005 

Study Area    

     % Area Mined 2.80 11.5 311% 

     # Fragments 3787 2884 -23.8% 

     Fragment Length (km), 5th-95th percentile 0.2 – 10.3 0.1 – 9.0 -12.6% 

     Mining Barrier (%), 5th-95th percentile 0.03 – 8.58 0.09 – 23.52 174% 

05050009    

     % Area Mined 2.51 10.7 326% 

     # Fragments 274 237 -13.5% 

     Fragment Length (km), 5th-95th percentile 0.2 – 13.5 0.2 – 12.2 -9.63% 

     Mining Barrier (%), 5th-95th percentile 0.05 – 8.89 0.06 – 23.07 160.% 

05070101    

     % Area Mined 1.47 7.27 395% 

     # Fragments 273 226 -17.2% 

     Fragment Length (km), 5th-95th percentile 0.2 – 16.8 0.2 – 14.0 -16.7% 

     Mining Barrier (%), 5th-95th percentile 0.01 – 5.51 0.11 – 20.17 266% 

05070201    

     % Area Mined 2.66 13.0 389% 

     # Fragments 471 372 -21.0% 

     Fragment Length (km), 5th-95th percentile 0.2 – 13.6 0.2 – 10.2 -25.0% 

     Mining Barrier (%), 5th-95th percentile 0.05 – 8.37 0.09 – 26.52 217% 

05070202    

     % Area Mined 3.60 16.6 361% 

     # Fragments 426 274 -35.7% 

     Fragment Length (km), 5th-95th percentile 0.2 – 6.0 0.1 – 5.5 -8.33% 

     Mining Barrier (%), 5th-95th percentile 0.06 – 10.02 0.09 – 31.52 215% 

05070203    

     % Area Mined 1.74 11.1 538% 

     # Fragments 401 273 -31.9% 

     Fragment Length (km), 5th-95th percentile 0.2 – 8.4 0.1 – 6.6 -21.4% 

     Mining Barrier (%), 5th-95th percentile 0.03 – 5.96 0.09 – 19.93 234% 
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 1976 2005 % Change 

1976-2005 

05070204    

     % Area Mined 1.54 4.67 203% 

     # Fragments 122 124 1.6% 

     Fragment Length (km), 5th-95th percentile 0.2 – 18.9 0.1 – 17.2 -8.99% 

     Mining Barrier (%), 5th-95th percentile 0.16 – 7.54 0.11 – 13.57 80.0% 

05090104    

     % Area Mined 1.08 5.08 370% 

     # Fragments 210 183 -12.9% 

     Fragment Length (km), 5th-95th percentile 0.2 – 14.3 0.2 – 14.4 0.70% 

     Mining Barrier (%), 5th-95th percentile 0.03 – 4.44 0.14 – 15.03 239% 

05100201    

     % Area Mined 3.81 19.3 407% 

     # Fragments 407 229 -43.7% 

     Fragment Length (km), 5th-95th percentile 0.1 – 6.8 0.1 – 5.5 -19.2% 

     Mining Barrier (%), 5th-95th percentile 0.02 – 9.35 0.09 – 30.47 226% 

05100202    

     % Area Mined 2.55 10.5 312% 

     # Fragments 187 135 -27.8% 

     Fragment Length (km), 5th-95th percentile 0.1 – 8.7 0.2 – 7.9 -9.20% 

     Mining Barrier (%), 5th-95th percentile 0.02 – 10.36 0.05 – 18.70 80.5% 

05100203    

     % Area Mined 2.20 5.87 167% 

     # Fragments 236 231 -2.1% 

     Fragment Length (km), 5th-95th percentile 0.2 – 12.4 0.2 – 10.9 -12.1% 

     Mining Barrier (%), 5th-95th percentile 0.04 – 5.67 0.08 – 10.66 88.0% 

05130101    

     % Area Mined 4.07 10.7 163% 

     # Fragments 780 600 -23.1% 

     Fragment Length (km), 5th-95th percentile 0.1 – 7.0 0.1 – 6.7 -4.28% 

     Mining Barrier (%), 5th-95th percentile 0.04 – 9.91 0.08 – 19.57 97.5% 
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