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Abstract. Scenario analysis has the potential to improve management of aquatic systems throughout the
Mountaintop Removal–Valley Fill mining (MTR–VF) region of central Appalachia. However, the extent to
which surface mining interacts with other landuse stressors (i.e., cumulative effects) is unclear, and this
limits our ability to predict the effects of new mines on physical, chemical, and biological conditions
downstream. We tested for additive and interactive effects of landuse change (surface mining, deep
mining, and residential development) on water quality (specific conductance and Se), habitat quality, and
benthic macroinvertebrates via a uniquely designed watershed-scale assessment of the Coal River, West
Virginia (USA). We derived equations for predicting in-stream response to landscape changes and
predicted the outcome of a realistic future scenario involving development of 15 permitted mines. Elevated
Se concentrations were directly correlated with incremental increases in surface-mining extent. Surface
mining, deep mining, and residential development had additive effects on elevated specific conductance
and reduced biological condition. We found evidence of a positive interactive effect (stressor antagonism)
of deep mining and residential development on biological condition, presumably caused by stream-flow
augmentation from deep mines. Landscape context influenced predicted impacts from construction of 15
new mines because of additive and interactive effects of landuse change. New surface mines increased the
number of receiving streams exceeding chemical and biological criteria, but a greater proportion of
receiving streams exceeded chemical and biological criteria at equivalent levels of new mine development
when pre-existing stressors were present. When surface mining was the only stressor, §30 or 40%

increases in surface mining caused 100% of streams to exceed chemical or biological standards,
respectively, whereas in streams stressed by deep mining and residential development, §10% additional
surface mining caused 100% of streams to exceed chemical and biological standards. Continued progress
in this area will require a better understanding of how landuse change affects aquatic systems in the rest of
the MTR–VF mining region, where watershed-to-watershed variation in landuse patterns probably causes
variability in ecological response.

Key words: scenario analysis, additive vs interactive effects, coal mining, residential development,
landscape indicators.

Human alteration of natural landscapes is among
the greatest threats to aquatic ecosystems (Allan
2004). Watershed characteristics are important deter-
minants of aquatic ecosystem structure and function
(Likens and Bormann 1974, Hynes 1975), and recent
advances in geographic information systems (GIS)
and enhanced resolution of spatial data sets have
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greatly improved our ability to model changes in
stream condition in relation to catchment land use
(Johnson and Host 2010). Numerous investigators have
related landscape-based indicators of urbanization
(Utz et al. 2010, King et al. 2011), agriculture (Cuffney
et al. 2000, King et al. 2005), and mining (Petty et al.
2010, Merriam et al. 2011) to altered in-stream physical
and chemical characteristics (Utz et al. 2011), commu-
nity structure (Utz et al. 2010, King et al. 2011), and
ecosystem functions (Clapcott et al. 2010). Knowledge
of relationships between landscape indicators and
aquatic condition is extremely valuable and has been
used to manage watersheds affected by anthropogenic
stressors (Carlisle et al. 2009, Petty et al. 2010).

Scenario analysis is a powerful method for adding
objectivity to the decision-making process in water-
sheds undergoing development (Mahmoud et al.
2011, Kepner et al. 2012). Scenario analysis is a
process for evaluating and quantifying potential
changes in aquatic resources resulting from plausible
landuse development scenarios (Mahmoud et al. 2011,
Kepner et al. 2012). More importantly, scenario
analysis provides a framework for combining scien-
tific (statistical models and ecological relationships)
and regulatory (management goals) information with
stakeholder needs into a transparent decision-making
process (Kepner et al. 2012).

However, the success of scenario analysis is strongly
dependent on the quality of the underlying models.
Projection models must provide realistic and accurate
predictions of current ecological condition, and they
must incorporate and accurately reflect complex
interrelationships between landuse change and eco-
logical responses (Kepner et al. 2012). Most natural
ecosystems are affected by multiple anthropogenic
stressors that accumulate and interact over space and
time to cause unique patterns of degradation (Duinker
and Greig 2006, Seitz et al. 2010). Thus, if underlying
interactions are not incorporated into scenario-analysis
models, ecological predictions of future conditions
probably will be inaccurate (Kepner et al. 2012).
Unreliable models create uncertainty, and uncertainty
can undermine the decision-making process.

Scenario analysis has the potential to improve
management of aquatic systems within the Moun-
taintop Removal–Valley Fill (MTR–VF) mining region
of the central Appalachians, USA, where dramatic
changes in land cover associated with large-scale
surface mining can produce strong measurable
impacts to downstream ecosystems (Palmer et al.
2010). Numerous recent studies have documented a
direct effect of surface mining on downstream
conditions. The amount of upstream surface mining
disturbance has been linked to decreased biological

condition, increased specific conductance and associ-
ated ions (i.e., SO4

22, Ca2+, Mg2+, HCO3
2), and

increased trace element (e.g., Mn, Se) concentrations
that often exceed accepted toxicity standards (Lind-
berg et al. 2011, Merriam et al. 2011, Bernhardt et al.
2012). Our research indicates that surface mining
interacts with pre-existing mining and nonmining
related stressors, such as residential development, to
affect stream conditions (Merriam et al. 2011). Thus,
projection models for scenario analysis that include
only surface mining may not predict future context-
dependent effects of new mine development accu-
rately. This uncertainty could affect the success of
watershed-management decisions.

The overriding objective of our research is to
improve our ability to predict future aquatic condi-
tions reliably in watersheds affected by extensive
surface-mine development. Therefore, we conducted
a synoptic watershed-scale assessment of the Coal
River (West Virginia, USA; Fig. 1A–D). Our specific
objectives were to: 1) quantify independent, additive,
and interactive effects of surface mining, deep mining,
and residential development on downstream aquatic
conditions; 2) build spatially explicit and context-
dependent interactive stressor effects into predictive
models; and 3) use these models to predict current
conditions and potential future stream conditions
under a realistic surface-mine-development scenario.

Methods

Study area

The Coal River is a headwater 8-digit Hydrological
Unit Code (HUC) watershed in south-central West
Virginia (Fig. 1A). The watershed drains ,2307 km2

with the mainstem of the Coal River flowing
northwest until its confluence with the Kanawha
River. The watershed land cover is predominantly
forested (,80%) with developed and barren cover
classes, which consist of residential and mining land
uses, respectively. Surface-mining land use makes up
9% of the total watershed area, and .425 under-
ground mine national pollution discharge elimination
system (NPDES) permits are in effect (Fig. 1A). Coal
mining is focused along ridgelines and in headwater
catchments, whereas steep topography confines de-
velopment to narrow floodplains throughout much of
the study area (Fig. 1B). The underlying geology
consists of interbedded Pennsylvanian-age sandstone,
silt-stone, and shale, with multiple seams of high-
quality, low-S coal (Pond et al. 2008, Merriam et al.
2011). The low S content of the coal and calcareous
nature of surrounding strata result in alkaline mine
drainage that is different from the acidic drainage
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typical of mining in the northern Appalachians and
Allegheny Plateau (Gerritsen et al. 2000, Merovich
et al. 2007).

Landscape attributes

We quantified landscape characteristics for all
1:24,000 segment-level watersheds (SLWs; area drain-
ing individual 1:24,000 National Hydrography Data-
set stream segments) within the Coal River basin with
a flow-table model linking landscape attributes in a
downstream direction (Strager et al. 2009, Merriam
et al. 2011). We used spatial analysis functions in
ArcGIS ArcMap (version 10.0; Environmental Systems
Research Institute, Redlands, California) in conjunction

with flow tables to calculate cumulative measures of
several landscape attributes for each SLW (Strager et al.
2009). Cumulative attributes quantified for each SLW
were watershed area (km2), % land cover (forest,
grasslands, and barren/mined), number of residential
and commercial structures, and number of under-
ground mine (deep-mining) NPDES permits.

We used 2009/2010 National Agriculture Imagery
Program (NAIP) orthophotographs (1-m pixel resolu-
tion at a scale of 1:10,000) to map land cover and uses
for the study area. True color and infrared NAIP
orthophotographs were obtained from the Aerial
Photography Field Office of the Farm Service Agency.
We used the Feature Analyst software extension
(version 5.0; Visual Learning Systems Inc., Austin,

FIG. 1. Maps of the Coal River watershed illustrated with 1:100,000-scale stream segments and surface-mine permit boundaries
and deep-mine national pollution discharge elimination system (NPDES) permits (A), point locations of commercial and
residential structures (B), and study sites (C). Flow direction is to the northwest.
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Texas) for ArcGISH (version 10.1; Environmental
Systems Research Institute, Redlands, California) to
differentiate forest, grassland/pasture, and barren.
We then used the mining-permit boundaries layer
developed by the West Virginia Department of
Environmental Protection (WVDEP) to differentiate
mining-related barren (i.e., active mine lands) and
grasslands (i.e., reclaimed mine lands) from nonmin-
ing barren (i.e., residential impervious surfaces) and
grasslands. A measure of % surface mining for each
segment-level watershed was calculated by summing
the cumulative area of all surface-mining-related land
uses (active, reclaimed, valley fills, and slurry ponds)
and dividing by the cumulative watershed area. We
calculated the cumulative density of deep-mining
NPDES permits (number/km2) to represent deep-
mine influence. We obtained NPDES permit data
from the WVDEP Technical Applications in GIS office
(http://gis.dep.wv.gov/). We calculated cumulative
structure density (number/km2) as our final measure
of residential development within each SLW. We used
the 2003 Statewide Addressing and Mapping Board
structures layer consisting of mapped points for all
residential and commercial structures. These data
were mapped from 1:4800-scale imagery.

Study-site selection and classification

We used a unique sampling design to identify 40
SLWs as study sites within the Coal River watershed
(Fig. 1C) across a range of influence from residential
development, surface mining, and deep mining
(Fig. 2). Twelve sites made up a distinct residential
gradient (structure density: 3–94 structures/km2) and
had ,2% surface mining. Twelve sites were part of a
surface-mining gradient (surface mining: 3–67%) and
had structure density ,2 structures/km2 (Fig. 2).
Fourteen sites (combined sites) were affected by a
combination of residential development and surface
mining (Fig. 2). We selected sites along the surface-
mining and residential gradients and across com-
bined sites to include varying levels of deep-mine
influence (deep-mine NPDES permit densities: 0.00–
1.01, 0.00–0.17, and 0.00–0.54 permits/km2, respec-
tively). We included 2 sites as reference sites because
they had minimal surface mining, deep mining, and
development (,2% surface mining, 0.00 permits/
km2, and ,2 structures/km2, respectively) (Fig. 2).
These sites represented the best possible conditions
within the study area and served to anchor each
gradient and our landscape-based models. This
sampling design enabled us to quantify individual
and combined effects of all combinations of landuse
stressors. Drainage areas ranged from 1 to 36 km2,

with similar averages among the surface-mining and
residential gradients and combined sites (12.5, 12.9,
and 11.3 km2, respectively). We selected all study sites
to be independent of one another and not linked by
flow.

Physical, chemical, and biological attributes

We measured physical-habitat characteristics once
at each site during summer baseflow conditions from
15 July to 15 August 2011. We delineated reach
lengths as 403 mean stream width (minimum and
maximum reach lengths = 150 and 300 m, respec-
tively). At evenly spaced points along the thalweg, we
measured water depth, channel-unit type (riffle, run,
pool, glide), distance to retentive-feature type, and
distance to nearest fish cover. Fish cover was defined
as any structure in the active channel capable of
concealing a 20.32-cm fish (Petty et al. 2001). We rated
the ability of each site to retain inputs of coarse
particulate organic matter with an index of total
retentiveness (Merriam et al. 2011). We scored the
organic (e.g., large woody debris [LWD]) and inor-
ganic (e.g., substrate, pools) complexity of each site
individually (0–10) and added them to provide a total
retentiveness score (scale of 0–20). We categorized
LWD based on diameter and length (Petty et al. 2001)
and used modified Wolman pebble counts (Wolman
1954) to characterize substrate composition. We used
US Environmental Protection Agency (EPA) Rapid
Visual Habitat Assessment (RVHA; Barbour et al.
1999) to assess habitat quality.

We sampled during summer 2010 (August 9–27). At
each site, we obtained instantaneous measures of
temperature (uC), pH, specific conductance (mS/cm),
and dissolved O2 (mg/L) with a YSI 650 equipped
with a 600XL sonde (Yellow Springs Instruments,

FIG. 2. Magnitude of surface mining and residential
development for selected study sites (n = 40). Larger
symbols = sites with deep-mining national pollution
discharge elimination system (NPDES) permits.
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Yellow Springs, Ohio) calibrated prior to each
sampling date, and we measured average current
velocity (m/s) with a digital Marsh–McBirney flow
meter (Marsh–McBirney, Frederick, Maryland). We
collected a 250-mL filtered sample with a Nalgene
filtration unit (mixed cellulose ester membrane filter,
0.45-mm pore size) and fixed the sample with HNO3 to
a pH ,2 for analysis of Al, Ca, Fe, Mg, Mn, Na, Zn,
and K (EPA method E200.7), and Ba, Cd, Cr, Ni, and
Se (EPA method E200.8; mg/L). We obtained two 250-
mL unfiltered grab samples from each site. The 1st

was fixed with H2SO4 to a pH ,2 and analyzed for
NO3

2 and NO2
2 (EPA method SM4110B) and total P

(EPA method SM4500-P BE; mg/L). The 2nd was
analyzed for total and bicarbonate alkalinity (EPA
method SM2320 B; mg/L CaCO3 equivalents), Cl2

and SO4
22 (EPA method E300.0), and total dissolved

solids (TDS; EPA method SM2540; mg/L). Analytical
methods represent standard chemical methods for
water and wastes (USEPA 1983). We stored samples
at 4uC until all analyses were completed at Research
Environmental and Industrial Consultants, Inc. (Bea-
ver, West Virginia). We obtained duplicate YSI
readings and water samples at 10% (n = 4) of all
sites and 1 field blank on each sampling date.
Reported results for field duplicate pairs were within
620%. Results of field blanks were generally below
detection. However, 2 field blanks showed slight
contamination, particularly for Mn and Zn.

We sampled benthic macroinvertebrate communi-
ties immediately after collecting water samples (same
sampling event) with procedures established by
WVDEP Watershed Assessment Program and the
USEPA Rapid Bioassessment Protocols (RBP) for
wadeable streams (Barbour et al. 1999, WVDEP
2009). We obtained kick samples (net dimensions
335 3 508 mm with 500-mm mesh) from 4 riffles at
each site. We combined organisms and debris from
the 4 kick samples into a single composite sample for
each site and preserved samples in 95% ethanol. In
the laboratory, we subsampled macroinvertebrates
from combined kick samples with the 200-count
method described by WVDEP (2009). We counted
individuals and identified them to genus, except for
Mollusca (family), Chironomidae, Hydracarina, Oli-
gochaeta, and Nematoda, with the aid of keys in
Peckarsky et al. (1990) and Merritt and Cummins
(2008). We obtained duplicate samples from 10% (n =

4) of sites.
We compiled genus-level abundance data into a

series of family- and genus-level macroinvertebrate
community metrics. We used 2 benthic macroinver-
tebrate multimetric indices to assess ecological con-
dition at each site. The West Virginia Stream

Condition Index (WVSCI; Gerritsen et al. 2000) is a
family-level index that is applied statewide within a
single index period. The Genus-Level Index of Most
Probable Stream Status (GLIMPSS; Pond et al. 2013) is
a genus-level index that is calibrated by region and
season. All sites fell within the mountain region and
summer index period. We used a version of GLIMPSS
that does not require genus-level identification of
individuals in the taxa Chironomidae and Oligo-
chaeta (GLIMPSS [CF]). Both WVSCI and GLIMPSS
score sites on a scale of 0 to 100, with scores ,68 and
,54 being categorized as impaired, respectively.

Statistical and scenario analyses

We used general linear models and deletion tests to
derive equations for predicting physical habitat
(RVHA), water chemistry (specific conductance and
Se), and biological condition (GLIMPSS and WVSCI)
from % surface mining, deep-mine NPDES permit
density, and structure density (Crawley 2005). These
response variables represent physiochemical and
biological characteristics shown to be significantly
influenced by landuse changes throughout the MTR–
VF mining region of central Appalachia (Lindberg
et al. 2011, Merriam et al. 2011, Bernhardt et al. 2012).
Specific conductance benchmarks (300 mS/cm: Cormier
et al. 2011; 500 mS/cm: Pond et al. 2008), Se chronic
criteria (5 mg/L; USEPA 1987), and WVSCI (,68;
Gerritsen et al. 2000) and GLIMPSS (,54; Pond et al.
2013) thresholds are used as standards for regulation
and management of aquatic systems throughout the
MTR–VF region.

We fit maximal models specifying main effects of,
and all possible 2-way interactions between, %

surface mining, deep-mine NPDES permit density,
and structure density. Maximal models were devel-
oped on the entire data set (n = 40). We then applied
backward deletion (using deletion tests) to arrive at
the minimum adequate model (i.e., model in which all
coefficients are significantly different from 0 and
explanatory power does not differ significantly from
the maximal model) for each response variable
(Crawley 2005, Phillimore and Owens 2006, Hejda
et al. 2009). Deletion tests assess the significance of
increased deviance following removal of the least
significant parameter (analysis of deviance tables and
F-tests; a = 0.05) and help identify the most parsi-
monious model that balances complexity and error
(Crawley 2005). Moreover, this process avoids many
of the problems (e.g., sensitivity of order during
parameter deletion) associated with automatic step-
wise procedures (Crawley 2005). We began by
removing all interaction terms to test whether an
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additive model had as much explanatory power as
the maximal, interactive model. If the additive model
resulted in a significant increase in deviance, we
successively simplified the maximal model to identify
the minimum adequate interactive model. If the
additive model did not result in a significant increase
in deviance, we successively removed additional
parameters to identify the minimum adequate addi-
tive model.

We calculated explained variance (expressed as R2)
for each minimum adequate model to internally
assess model performance. We performed leave-one-
out cross-validations to externally assess predictive
accuracy. We calculated cross-validation coefficients
(i.e., R2 between cross-validated predictions and
observed values [CV R2]). We transformed variables
to meet assumptions of parametric analyses and
linearize the data. Models were constructed in the R
environment (version 2.15.0; R Development Core
Team, Vienna, Austria). We used functions in package
daag for cross-validation (Maindonald and Braun
2013).

We selected 15 surface-mine permits from
WVDEP’s surface-mine permit boundary layer data
set to represent a watershed-scale future mining
scenario (Fig. 1A). We updated the current landscape
by converting all land within the 15 permits to surface
mining-related disturbance and updated all other
land-cover classes. We removed all structures and
deep-mine NPDES permits falling within the permit
boundaries to simulate a complete mine out of the
permit area and underlying coal. Future surface
mining may not completely eliminate pre-existing
deep-mine NPDES discharges, but detailed informa-
tion regarding coal seams to be extracted in each
permit was not available. We then reaccumulated and
recalculated landscape metrics for all SLWs draining
the 15 mine permits. We used minimum adequate
multiple regression models to predict and compare
current and future in-stream physical, chemical, and

biological conditions. We then quantified the number
of stream segments that exceeded recognized chemical
standards for specific conductance and Se and the
biological impairment threshold for GLIMPSS. We
visually show predictions for all SLWs downstream of
the 15 mine permits but constrained analyses to SLWs
with cumulative basin areas ,40 km2 to remain
consistent with basin areas used in model construction.

To test whether pre-existing landscape context (i.e.,
deep mining and residential development) affected
the outcome of our future mining scenario, we
separated SLWs draining the 15 mine permits into
stream reaches affected by surface mining only (n =

170) and those affected by combinations of surface
mining and residential development (i.e., structure
densities .0) (n = 89), surface mining and deep mining
(n = 36), and all 3 stressors (n = 154). We then
compared the percentage of SLWs within each group
with predicted specific conductance ,500 mS/cm and
WVSCI score .68 under the 15-permit future scenario.

Results

Cumulative effects of mining and development

Minimum adequate models for RVHA and Se were
single-variable models consisting of structure density
and % surface mining, respectively, i.e., the single
variable models had as much explanatory power as
the global interactive model (Table 1). Deletion tests
supported an additive rather than interactive model
for specific conductance, suggesting significant addi-
tive effects of % surface mining, deep-mine NPDES
permit density, and structure density (Table 1). We
also found additive effects of surface mining, deep
mining, and development on WVSCI and GLIMPSS.
However, we found statistical evidence of a positive
interactive effect of structure density and deep-
mine NPDES permit density on biological condition
(Table 1). In other words, biological condition tended
to be higher than expected given structure density in

TABLE 1. Coefficients of determination (R2), cross-validation coefficients (CV R2), and parameter estimates (SE) for minimum
adequate models. RVHA = Rapid Visual Habitat Assessment, SpC = specific conductance, GLIMPSS = Genus-Level Index of
Most Probable Stream Status, WVSCI = West Virginia Stream Condition Index, SM = surface mining, DM = deep mining, SD =

structure density.

Parameter arcsin!(RVHA) ln(SpC) ln(Se) GLIMPSS WVSCI

Model R2 0.15 0.77 0.61 0.70 0.57
CV R2 0.07 0.72 0.57 0.64 0.46
Intercept 1.00 (0.03) 4.87 (0.19) 27.39 (0.21) 59.46 (3.63) 81.16 (3.75)

arcsin!(%SM) – 2.45 (0.27) 3.45 (0.45) 225.20 (4.96) 219.90 (5.12)
ln(DM) – 1.07 (0.42) – 236.94 (10.42) 229.94 (10.76)
ln(SD) –0.04 (0.01) 0.24 (0.06) – 29.93 (1.16) 27.74 (1.19)
ln(DM) 3 ln(SD) – – – 20.78 (3.62) 18.12 (5.92)
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situations where deep-mine NPDES permits were
present.

Model performance was highly variable among
response variables. The final model for specific
conductance was most certain. It explained 77% of
the total variation and offered good predictive ability
during leave-one-out cross validation (cross-valida-
tion [CV] R2

= 0.72; Table 1). The minimum adequate
model for Se was less certain. It explained 61% of the
total variation (CV R2

= 0.57; Table 1). Models
predicting WVSCI and GLIMPSS explained 57 and
70% of the total variation (CV R2

= 0.46 and 0.64,
respectively; Table 1). The model predicting RVHA
was least certain and explained 15% of the total
variation across study sites (CV R2

= 0.07; Table 1).
The combination of additive and interactive effects

was supported by regression analyses relating chem-
ical and biological endpoints to land use. Specific
conductance, Se, and GLIMPSS were strongly related
to % surface mining when no other stressors were
present (Fig. 3A, D, G). Across sites without deep
mining, deviations from the specific-conductance
surface mining regression were accounted for by
structure density (Fig. 3B). Sites with deep-mine
NPDES permits had higher specific conductance than
would be expected given current surface mining and
structure density (i.e., regardless of the intensity of
deep mining activity, 15 of 21 sites with deep mine
NPDES permits [all larger symbols] fell above the
regression in Fig. 3C). Similarly, deviations of sites
without deep mining from the GLIMPSS surface-
mining regression were accounted for by structure
density (Fig. 3H). However, sites with surface mining
and deep-mine NPDES permits consistently had
lower biological condition (i.e., regardless of the
intensity of deep-mining activity, all 8 sites along
the surface-mining gradient with deep-mine NPDES
permits [large black circles] fell below the regression;
Fig. 3I), and sites with development and deep-mining
NPDES permits had higher biological condition (i.e.,
10 of 13 combined sites [large grey circles] and sites
along the residential gradient [large hollow circles]
with deep-mine NPDES permits fell above the
regression; Fig. 3I) than would be expected given
current % surface mining and structure densities.
Deviations of sites from the Se surface-mining
regression showed no significant pattern with struc-
ture density (Fig. 3E) or deep mining (Fig. 3F).

Scenario analysis

A total of 772 SLWs drained the 15 surface-mine
permits. Of these, 449 SLWs had basin areas ,40 km2 and
were included in analyses of the future surface-mining

scenario. Prior to additional mining, landscape charac-
teristics were highly variable with respect to pre-existing
surface mining, deep mining, and residential develop-
ment (Fig. 4A). As a result of the pre-existing land use,
22% and 38% of SLWs were predicted to exceed the
proposed specific-conductance benchmarks of 300 and
500 mS/cm, respectively (Figs 4B, 5A; Fig. 5A–C are
available in color online from: http://dx.doi.org/10.
1899/13-003.1.s1). Twenty-one percent exceeded the
chronic Se criterion (Figs 4B, 5B). Fifty-five percent of
the 449 SLWs were predicted as impaired as defined by
WVSCI and 79% as defined by GLIMPSS (Figs 4B, 5C).

Under the future mining scenario, the number of
SLWs with ,25% surface mining decreased by almost
25%, whereas the number of SLWs with .75%

surface mining increased by nearly 10% (Fig. 6A).
This change in % surface mining mirrored a loss of %

forest. The number of SLWs with fewer deep-mine
NPDES permit densities increased, whereas the
number of SLWs with more deep-mine NPDES
permit densities decreased as simulated surface-mine
development cut through pre-existing deep mines
(Fig. 6A). Structure density was not altered. Under
this alternative landscape, an additional 1% of SLWs
had predicted specific conductivities ranging from
300–500 mS/cm, and an additional 22% exceeded 500
mS/cm (Figs 5A, 6B). An additional 22% of SLWs
exceeded the Se chronic criterion (Figs 5B, 6B). An
additional 17% of SLWs were predicted as being
below the threshold for WVSCI and an additional
14% for GLIMPSS (Figs 5C, 6B). We did not include
changes to physical habitat in these analyses given the
lack of change in structure density, the sole predictive
component in this model.

Incremental increases in surface mining decreased
percentage of SLWs remaining below 500 mS/cm
across SLWs affected by surface-mining only and by
surface mining and residential development (i.e.,
structure densities . 0) (Fig. 7A). When pre-existing
residential development was present, a greater pro-
portion of SLWs exceeded the specific-conductance
threshold at all levels of additional surface mining.
All SLWs exceeded 500 mS/cm once additional surface
mining surpassed 30%. However, 100% of SLWs
exceeded 500 mS/cm with §20% additional surface
mining with pre-existing deep-mine NPDES permits.
When all 3 stressors were present, 100% of SLWs
exceeded 500 mS/cm at additional surface-mining
levels §10% (Fig. 7A).

Incremental increases in surface mining resulted in
a decreased percentage of SLWs exceeding the
WVSCI threshold when surface mining was the only
stressor (Fig. 7B). A greater proportion of sites fell
below the WVSCI threshold at all levels of additional
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surface mining across SLWs with pre-existing land
use. For example, ,20% of SLWs with additional
surface mining between 30 and 40% remained
unimpaired when surface mining was the only
stressor. In contrast, 100% of SLWs with pre-existing
residential development were predicted to fall below
the WVSCI threshold with additional surface mining
§20% (Fig. 7B). One hundred percent of SLWs with
pre-existing deep mining were below the WVSCI
threshold under the 15-permit future scenario. When

all 3 stressors were present, 100% of SLWs were
below the WVSCI threshold at additional surface
mining levels §10% (Fig. 7B).

Discussion

Of the 3089 km of streams incorporated in our
analyses, 27% (826 km) drain watersheds affected by
surface mining only, whereas 59% (1834 km) are
affected by landuse stressors other than or in addition

FIG. 3. Chemical and biological response to anthropogenic stressors. Scatter plots of specific conductance (A), Se (D), and
Genus-Level Index of Most Probable Stream Status (GLIMPSS) (G) vs % surface mining across study sites without deep-mine
national pollution discharge elimination system (NPDES) permits (n = 19); linear relationships between deviation of the 19 sites
without deep-mine NPDES permits from regressions in Fig. 3A (B), Fig. 3D (E), and Fig. 3G (H) and structure density; and linear
relationships between deviation of all sites (i.e., presence/absence of deep-mine NPDES permits) from regressions in Fig. 3A (C),
Fig. 3D (F), and Fig. 3G (I) and structure density. Lines, equations, and R2 values in panels A, D, and G represent relationships
across sites along the surface-mining gradient without deep-mine NPDES permits (black circles; n = 6). In all panels, hollow
circles = development gradient, black circles = surface-mining gradient, grey circles = combined sites. In panels C, F, and I,
larger symbols represent sites in each category with deep-mining NPDES permits.
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to surface mining (i.e., deep mining or structure
density). When surface mining is the only stressor
present, increased dissolved solids, specific conduc-
tance, and Se concentration and decreased biological
conditions can be linked directly to increasing areal
extent of surface mining upstream. When residential
development is the only stressor present, increased
dissolved constituents (especially Na and Cl) and
decreased habitat quality and biological conditions
can be linked directly to increased density of built
structures upstream. Across the entire watershed,
where multiple landuse stressors are present, in-
creased specific conductance can be linked to additive
effects of surface mining, deep mining, and structure
density. Structure density and underground mining
do not contribute significantly to Se. Thus, we
conclude that elevated Se concentrations can be
attributed directly to increased surface-mine land

use. Where multiple landuse stressors are present,
decreasing biological condition can be linked to
additive effects of increasing surface mining, deep
mining, and structure density and a positive interac-
tive effect (i.e., stressor antagonism) of structure
density and deep mining.

Previous studies done in an effort to quantify
cumulative effects within the MTR–VF region of
central Appalachia have tended to be focused solely
on the accumulation of effects from multiple surface
mines (Johnson et al. 2010, Lindberg et al. 2011,
Bernhardt et al. 2012). The tendency to focus on this
single stressor is reasonable, given that surface mining
activities are responsible for converting 980 km2 of
forested land to barren or reclaimed mine land over the
past 3 decades in southern West Virginia alone
(Bernhardt et al. 2012). Our current results support
previous research and confirm that the percentage of
land area that has been surface mined is strongly
correlated with changes in water quality and biological
conditions downstream (Lindberg et al. 2011, Merriam

FIG. 4. Percentage of segment-level watersheds (SLWs)
falling within discrete landscape-attribute (A) and in-stream
response-variable (B) categories under the current land uses.
Numbers denote discrete categories. WVSCI = West
Virginia Stream Condition Index, GLIMPSS = Genus-Level
Index of Most Probable Stream Status.

FIG. 5. Predicted specific conductance (SpC) (A), Se (B),
and West Virginia Stream Condition Index (WVSCI) (C)
under current landscape conditions, the 15-mine-permit
scenario, and relative change from current for all segment-
level watersheds (SLWs) affected under the 15-mine permit
scenario. HUC = Hydrologic Unit Code.
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et al. 2011, Bernhardt et al. 2012). However, we show
that surface mining is only one of several landuse
changes that affect aquatic systems in this region.

Ours is the first study to identify relationships
between deep mining and in-stream conditions in this
region. In the northern West Virginia coal-mining
province where mining results in acidic drainage, Petty
et al. (2010) identified relationships between under-
ground and surface-mining intensity and biological
condition that were dependent on coal geology and
mine location. Further research on understanding such
complex relationships within the MTR–VF region will
be necessary for successful management of these
systems.

One of the most interesting results from our study
was the finding of antagonistic interactions between

deep mining and residential development. Along
with the positive interaction on WVSCI and
GLIMPSS, we consistently observed higher total and
Ephemeroptera Plecoptera Trichoptera (EPT) richness
values in streams draining both deep mining and
residential development (mean = 19.2 and 6.9,
respectively) compared to sites draining only resi-
dential development (15.2 and 5.5, respectively). One
possible explanation for the positive interaction is that
deep mining may augment flows with relatively
good, cool water during the summer months whereas
development results in warmer, more variable flow
conditions (Allan 2004). Further research is needed to

FIG. 6. Change in the percentage of segment-level
watersheds (SLWs) falling within discrete landscape-attri-
bute (A) and in-stream response-variable (B) categories
under the 15-mine permit scenario. Changes are shown
relative to current values. Numbers denote discrete catego-
ries. WVSCI = West Virginia Stream Condition Index,
GLIMPSS = Genus-Level Index of Most Probable
Stream Status.

FIG. 7. Percentage of segment-level watersheds (SLWs
with cumulative basin areas , 40 km2) with specific
conductance ,500 mS/cm (A) and with West Virginia
Stream Condition Index (WVSCI) . 68 (B) predicted under
various levels of % change in surface mining land use
associated with future implementation of surface mine
permits. SLWs are grouped with respect to pre-existing
landscape context. SM = surface mining, SD = structure
density, DM = deep mining.
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clarify mechanisms underlying this interaction and
determine if it is a regional phenomenon or a local
anomaly.

Additive and interactive effects of multiple anthro-
pogenic stressors (i.e., physical and chemical) are well
documented in aquatic systems. Crain et al. (2008)
reviewed studies manipulating §2 anthropogenic
stressors in marine systems and observed high
variability in strength and type (i.e., additive, syner-
gistic, or antagonistic) of stressor interactions. Additive
and interactive effects of complex metal (Clements
2004), pesticide (Junghans et al. 2006) and other
chemical mixtures (Brian et al. 2005) on freshwater
communities have been identified in ecotoxicological
studies. Moreover, interactive effects of climate change
and anthropogenic stressors, such as nutrient enrich-
ment (Greig et al. 2012, Porter et al. 2012) and toxicants
(Moe et al. 2013), on aquatic community structure and
composition have been found in recent studies. In the
northern mining region of West Virginia, Merovich
and Petty (2007) observed interactive effects of acid
mine drainage and thermal effluents from power
plants on benthic communities.

Our study is unique in that we documented
simultaneous additive and interactive effects of land-
use change on in-stream conditions. Moreover, we
know of no other field study documenting the effects
of .2 landuse stressors. We did not test explicitly for
mechanisms underlying observed additive and inter-
active effects, but we agree with Merriam et al. (2011)
that the unique nature of residential development in
this region (i.e., confined to narrow floodplains with
limited centralized sewer systems) results in severe
impacts via degraded physical habitat and water
quality. Our results generally support the contention
that mining-related water-chemistry degradation and
development-related physical-habitat degradation
combine additively to degrade biological communi-
ties (Merriam et al. 2011).

We predicted high levels of chemical (e.g., 60% of
stream segments .300 mS/cm specific conductance)
and biological (e.g., 79% of stream segments exceeded
the threshold for GLIMPSS) impairment as a result of
additive and interactive effects of current anthropo-
genic stressors. Under the future mining scenario, we
predicted a nearly 25% increase in the number of
stream reaches exceeding the recognized specific-
conductance benchmark and Se criteria and a 15%

increase in the number of reaches that were biolog-
ically impaired with respect to WVSCI and GLIMPSS.
Moreover, a greater proportion of streams with pre-
existing residential or deep-mine influence exceeded
chemical and biological thresholds at all levels of
additional surface mining relative to streams affected

by surface mining alone. Our results suggest that pre-
existing landscape condition will strongly influence
the impact of future mine development, and conse-
quently, downstream ecosystem response to new
mine development is context dependent.

A growing body of literature reports context-
dependent responses to contaminants in aquatic
systems (Clements et al. 2012). Rohr and Crumrine
(2005) found that initial community composition (i.e.,
pre-existing community context) influenced effects of
pesticides on freshwater communities. Moreover, O

of studies included in a meta-analysis of anthropo-
genic effects on marine systems found that pairwise
interactions changed significantly following the addi-
tion of a 3rd stressor (i.e., pre-existing stressor context;
Crain et al. 2008). Thus, context-dependent effects of
anthropogenic stressors appear to be relatively com-
mon in aquatic systems.

By including complex relationships and associated
context-dependencies among landuse stressors into
our models, we were able to explain .70% of the
variation in both water chemistry and macroinverte-
brate community metrics, with similar predictive
accuracies (i.e., CV R2 for chemical and biological
endpoints .0.70 and 0.60, respectively). Most studies
aimed at modeling in-stream conditions from landuse
patterns within the MTR–VF region have isolated
effects of surface mining by factoring out effects of
other landuse stressors. Consequently, making a
direct comparison between our predictive models
and those from other studies is difficult. However,
our results suggest that incorporating complex rela-
tionships among landuse stressors, particularly those
underlying scenario analyses, into predictive models
is essential in this region. Failure to incorporate
important predictor variables and underlying stressor
interactions can result in models that are structurally
incorrect and predictions that are fundamentally
biased. More specifically, exclusion of important
variables can result in biased estimation of model
parameters (i.e., specification error and associated
omitted variable bias) and confound interpretation of
model output by leading to naive attribution of
important variation to variables included in the model
(Allen 1997, King et al. 2005). This situation is
particularly problematic with ecological data sets,
which commonly are affected by multicollinearity
among landscape variables (King et al. 2005, Lucero
et al. 2011). Incorrect models and associated bias can
result in inaccurate predictions and lead to inappro-
priate and dangerous management decisions.

Our results demonstrate the utility of designing along
multiple independent and combined stressor axes
when attempting to relate landscape characteristics to
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altered in-stream conditions. Our study design resulted
in a data set that was unbiased (i.e., minimized
specification error and omitted variable biases) and
unaffected by multicollinearity, and enabled us to
quantify additive and interactive effects of landuse
change. That is, it allowed us to quantify cumulative
effects of surface mining in isolation and in the presence
of deep mining and residential development. Further-
more, by incorporating our landscape-based models
into a spatially explicit, GIS-based modeling framework
(Strager et al. 2009), we were able to predict current
conditions and the likely outcome of a realistic future
mining scenario for all SLWs in the Coal River
watershed.

We were able to sample only 40 streams, but
additional sites would be unlikely to change our final
models. We specifically designed our study to
provide measures of multiple landuse stressors that
were well suited for multiple regression analysis
(uncorrelated and representative of the full range of
conditions present in the Coal River watershed along
multiple stressor axes). Moreover, results of our
simple linear regression analyses relating chemical
and biological endpoints to land use (Fig. 3A–I)
corroborated additive and interactive effects retained
in our final multiple regression models. However, we
do recognize that a larger sample size would improve
the confidence of our parameter estimates and our
ability to detect significant higher-order interactions.
One goal of our continued research effort is to
determine whether the complex cumulative effects
observed in the Coal River watershed are consistent
throughout the entire MTR–VF mining region of
central Appalachia.

High rates of biological impairment observed
during our study may partially reflect a metacommu-
nity-scale deflation of aquatic assemblages (McClurg
et al. 2007, Merovich and Petty 2010, Brown et al.
2011). Pond et al. (2008) observed much higher
WVSCI and GLIMPSS scores in streams affected by
a broad range of mining intensities in a different
watershed, suggesting significant watershed-to-wa-
tershed variation in biological response to mining in
this region. The Coal River watershed is embedded in
an intensively mined region, with extremely high %

surface mining in all surrounding watersheds. Wide-
spread landuse change probably reduces the sur-
rounding species pool and limits dispersal. Such
metacommunity changes could prevent mass effects
(i.e., high dispersal from environmentally suitable
sites) from facilitating community recovery and taxon
persistence, even in streams with relatively good
water and habitat quality (see Heino 2013). An
important goal of our continued research in this

region is to quantify cumulative localized effects of
landuse change and cumulative regional effects of
widespread localized impacts (Freund and Petty
2007).

Research and management efforts focused solely on
surface mining are of limited value to scenario
analysis within the MTR–VF mining region where
we need to predict stream response to surface mining
under realistic conditions, which often include more
than a single stressor. The models provided herein
can be used by managers to predict the outcome of
proposed landuse change in the Coal River watershed
and to make appropriate regulatory decisions based
not only upon proposed activity, but also on the
landuse context within which it will occur. However,
continued progress in this area will require a better
understanding of how landuse change affects aquatic
systems throughout the remainder of the MTR–VF
mining region, where watershed-to-watershed varia-
tion in landuse patterns probably causes variability in
ecological response. Moreover, the process outlined in
our study is transferable to watersheds in other
regions where successful management of aquatic
systems will require a better understanding of
complex cumulative effects and associated context-
dependencies resulting from a broad range of landuse
stressors.
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