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The  U.S.  Environmental  Protection  Agency  uses  environmental  models  to inform  rulemaking  and  policy
decisions  at  multiple  spatial  and  temporal  scales.  As decision-making  has  moved  towards  integrated
thinking  and assessment  (e.g. media,  site,  region,  services),  the  increasing  complexity  and  interdis-
ciplinary  nature  of  modern  environmental  problems  has  necessitated  a new  generation  of integrated
modeling  technologies.  Environmental  modelers  are  now  faced with  the  challenge  of determining  how
data from  manifold  sources,  types  of  process-based  and  empirical  models,  and  hardware/software  com-
puting  infrastructure  can  be  reliably  integrated  and  applied  to protect  human  health  and  the environment.

In this  study,  we  demonstrate  an  Integrated  Modeling  Framework  that  allows  us  to  predict  the  state
of  freshwater  ecosystem  services  within  and  across  the  Albemarle-Pamlico  Watershed,  North  Carolina
and Virginia  (USA).  The  Framework  consists  of  three  facilitating  technologies:  Data  for  Environmental
Modeling  automates  the collection  and  standardization  of  input  data;  the  Framework  for  Risk  Assess-
ment  of Multimedia  Environmental  Systems  manages  the  flow  of information  between  linked  models;
and  the  Supercomputer  for  Model  Uncertainty  and Sensitivity  Evaluation  is a  hardware  and  software
parallel-computing  interface  with pre/post-processing  analysis  tools,  including  parameter  estimation,
uncertainty  and  sensitivity  analysis.  In this  application,  five  environmental  models  are  linked  within
the  Framework  to  provide  multimedia  simulation  capabilities:  the  Soil  Water  Assessment  Tool  predicts
watershed  runoff;  the  Watershed  Mercury  Model  simulates  mercury  runoff  and  loading  to  streams;
the Water  quality  Analysis  and  Simulation  Program  predicts  water  quality  within  the stream  channel;
the  Habitat  Suitability  Index  model  predicts  physicochemical  habitat  quality  for  individual  fish  species;
and  the  Bioaccumulation  and Aquatic  System  Simulator  predicts  fish  growth  and  production,  as well as
exposure  and  bioaccumulation  of  toxic  substances  (e.g.,  mercury).

Using this  Framework,  we  present  a baseline  assessment  of two freshwater  ecosystem  services–water
quality  and  fisheries  resources–in  headwater  streams  throughout  the  Albemarle-Pamlico.  A stratified
random  sample  of  50 headwater  streams  is  used  to draw  inferences  about  the  target  population  of  head-
water  streams  across  the  region.  Input  data  is  developed  for  a twenty-year  baseline  simulation  in each

sampled  stream  using  current  land  use and  climate  conditions.  Monte  Carlo sampling  (n =  100  iterations
per  stream)  is  also  used  to demonstrate  some  of  the  Framework’s  experimental  design  and  data  analysis
features. To  evaluate  model  performance  and  accuracy,  we  compare  initial  (i.e.,  uncalibrated)  model  pre-
dictions  (water temperature,  dissolved  oxygen,  fish  density,  and  methylmercury  concentration  within
fish  tissue)  against  empirical  field  data.  Finally,  we  ‘roll-up’  the  results  from  individual  streams,  to  assess
freshwater  ecosystem  services  at the  regional  scale.
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1. Introduction
Environmental models are used by the U.S. Environmental Pro-
tection Agency (EPA) to study, forecast, and ultimately regulate
the risks posed to humans and ecosystems by exposure to con-
taminants and other stressors (air, water, and soil; USEPA, 2009a).

dx.doi.org/10.1016/j.ecolmodel.2011.03.036
http://www.sciencedirect.com/science/journal/03043800
http://www.elsevier.com/locate/ecolmodel
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arly exposure models were medium-specific, focusing on individ-
al exposure pathways (e.g., breathing contaminated air) and were
esigned to simulate the acute health risks posed to a hypothetical
aximally exposed individual (Johnston et al., 2000). Contamina-

ion was generally modeled as a direct release at a discrete point
n time and space (e.g., a chemical spill), and the cumulative or
ynergistic effects of multiple contaminants were rarely consid-
red. Early models were also deterministic; they tended to predict
xposure risks without accounting for uncertainty.

Modelers at EPA now face more complex challenges. These
hallenges include a new generation of environmental prob-
ems and priorities, such as global change (Sala et al., 2000),
merging pollutants (e.g., nanomaterials; Grieger et al., 2009),
nd the sustainability of ecosystem services (MEA, 2005). Multi-
edia transport processes, indirect exposure pathways, and the

ynergistic effects of co-occurring contaminants are increasingly
ecognized as potential ecosystem and human health risks (USEPA,
009a). New or updated models are needed to understand and
nticipate chronic and non-carcinogenic health effects and to
rotect previously unregulated environmental (i.e., non-human)
ndpoints. Decision makers increasingly favor probabilistic models
ver deterministic ones (Jakeman et al., 2008). And while spatially
xplicit algorithms and geographic information systems (GIS) have
nhanced the power of fate and transport models, they have also
reatly increased data and technology requirements.

To address these challenges, EPA has embraced an integrated
odeling approach. Integrated modeling is “a systems analysis-

ased approach to environmental assessment . . . [that] includes
 set of interdependent science based components (models, data,
nd assessment methods) . . . [and] is capable of simulating the
nvironmental stressor-response relationships relevant to a well
pecified problem statement” (USEPA, 2008, p. 9). Key components
f an integrated modeling framework include: tools to query, pro-
ess, and standardize data from disparate sources; infrastructure to
equentially execute linked models (that may  be written in differ-
nt programming languages) and to facilitate data sharing between
hem; uncertainty and sensitivity analysis capabilities; and tools to
nalyze, summarize, and visualize model outputs. The overarching
oal is to create and distribute a flexible yet holistic, systems-level
ramework that can simulate the effects of multiple, interdepen-
ent stressors on human and ecosystem endpoints and to use the
odeling results to inform management and policy decisions.
Here, we present an Integrated Modeling Framework (IMF) that

PA is using to perform regional assessments of lotic environments
i.e., streams and rivers). We  begin by describing the core structure
f the IMF, including each of the five environmental models and
he three facilitating technologies that link models and automate
he collection of input data, as well as data transfer, output, and
nalysis. We  then use the IMF  to perform a baseline assessment of
ater quality and fisheries resources within the Albemarle-Pamlico
atershed (APW; see Fig. 1 and ‘Section 3’ below). In doing so,
e adopt a freshwater ecosystem services, or ‘ecoservices,’ con-

ext. The ecoservices concept emphasizes the fact that healthy
cosystems provide many valuable or essential benefits to humans
e.g., clean water, food, and recreation; MEA, 2005). Ecoservices
herefore provide an intuitive setting for performing our integrated

odeling assessment (see also Ooba et al., 2010).

. Description of the integrated modeling framework (IMF)

The IMF  consists of a manual scenario characterization step and

hree facilitating technologies: Data for Environmental Modeling
D4EM); the Framework for Risk Assessment of Multimedia Envi-
onmental Systems (FRAMES); and the Supercomputer for Model
ncertainty and Sensitivity Evaluation (SuperMUSE). By imple-
elling 222 (2011) 2471– 2484

menting these steps/technologies in sequence (see Fig. 2), we can
efficiently manage the flow of data among IMF  components, as well
as the execution of all models and model subroutines.

2.1. Scenario characterization

The IMF  begins with a manual scenario characterization step.
When baseline (i.e., existing) conditions are modeled, scenario
characterization requires the identification of current environmen-
tal and biological data sources, such as recent land use maps, digital
elevation models, sources and rates of nutrient loading, meteoro-
logical records, etc. Importantly, these data sources only need to
be initially identified and located—data collection and processing
can then be automated by the IMF  (see next section). When fore-
casting alternative futures or scenarios (i.e., hypothetical changes
in the environment and alternative management practices), future
conditions must be specified in advance. Future conditions may
consist of static changes (e.g., spatially explicit changes in land
cover that result from intensification of land use) or dynamic,
model generated changes (e.g., potential effects of climate change
on a recreational fishery). The current study addresses baseline
conditions only (see ‘Section 3.2’); future scenarios are under devel-
opment.

2.2. Data for environmental modeling (D4EM)

Simulation of ecoservices with multiple linked models includes
the requirement to access, retrieve, process, and format large vol-
umes of data. To ease this data processing burden, we created
the D4EM software system (https://iemhub.org/groups/d4em). The
design objective of D4EM is to use computer software to prepare
model-ready input datasets for integrated environmental modeling
systems. To do this, D4EM: (i) accesses sources of electronic data
residing either on a personal computer or in databases maintained
on servers and available via the internet, (ii) retrieves the data
needed for the geographic area of interest for a study, (iii) processes
the data to prepare it for use in models, and (iv) creates model-
specific input files. D4EM includes three libraries of methods and
tools: an Environmental Data Download (EDD) library, a Data Man-
ager (DM) library, and a Use Case (UC) library. The EDD provides
the methods and tools for accessing, querying, and retrieving data
from the specific data sources. Because each data source returns its
data in a unique format the EDD contains software adapters that
facilitate communication with each data source. As access to new
data sources is needed, an adapter is written and added to the EDD
library for subsequent routine use.

Once retrieved, the data must be processed. The DM library
contains utilities for performing a wide range of data pro-
cessing functions, including statistical analyses, mathematical
computations, and most significantly, geo-spatial manipulations.
Underpinning the DM is the MapWindow open source GIS software
(http://www.mapwindow.org/). The UC library contains higher
level algorithms that are designed to leverage the EDD and DM for
the purpose of organizing specific groupings of data that may  be
needed by multiple models. For example, many watershed mod-
els require data describing the connectivity of sub-basins and the
stream segments to which they drain. The UC library contains
methods that manage the watershed delineation process, invoking
appropriate EDD tools to access and retrieve the raw data and call-
ing DM tools to perform the delineations and connectivity tasks.
The UC stores results in the D4EM Datastore. The Datastore may
include data stored in a wide range of file formats (e.g., spread-

sheets, shapefiles, text files) chosen for efficiency and convenience.
The Datastore is a general holding area for data that is accessed by
the final set of UC methods that place the data into the files and
formats required for specific models. Just as an adapter is required

https://iemhub.org/groups/d4em
http://www.mapwindow.org/
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Fig. 1. Land use within the Albemarle-Pamlico Watershed (APW). Inset map shows the location of the APW, between the states of Virginia (VA) and North Carolina (NC). Land use data are from the 2001 National Land Cover
Database  (http://www.mrlc.gov/).

http://www.mrlc.gov/
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Fig. 2. Conceptual diagram of the Integrated Modeling Framework. Simulations begin with scenario characterization, where source data sets are identified and future
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cenarios are defined. Data retrieval and standardization are automated by D4EM
odels.  Finally, model outputs are exported to SuperMUSE for post-processing. Eco

nd  model outputs can be assessed with statistical tests and visualization tools.

n the EDD to access each data source, the UC contains adapters
hat read from the Datastore and create the model specific input
les.

D4EM greatly facilitates efficiency, quality assurance, trans-
arency, and reproducibility. A data caching capability is included
o allow storage of retrieved data on the local machine. This elim-
nates the need to return to the original data source when data
rom the same geographic area is required in subsequent execu-
ions of D4EM. A data processing log is created with each execution
f D4EM. Every step of the data access, retrieval, and processing
rocedure is logged, thus documenting the complete history of the
ata from original source to model input file.

.3. Framework for risk assessment of multimedia environmental
ystems (FRAMES)

The IMF  uses five environmental models to predict these vari-
bles of interest among the many variables that are tracked: water
uantity, water quality, habitat suitability and fisheries resource
ynamics (see Fig. 2; all models are briefly described below). Each
odel simulates a discrete part of the ecosystem (e.g., watershed

ydrology, mercury biogeochemistry, aquatic community dynam-
cs, etc.). However, the models used in this study were developed

ndependent of each other and not designed to communicate
irectly. The assimilation solution for integrating this study’s mod-
ls uses input/output (I/O) wrappers for interfacing legacy models
o FRAMES. Specialized infrastructure, constituting the core of
t data are then transferred to FRAMES and consumed by the linked multi-media
m services are summarized, uncertainty and sensitivity analysis can be performed,

FRAMES, is used to link models, manage model execution, and to
quality assure the overall integrity of the system of data.

FRAMES (http://iemhub.org/resources/frames)  is therefore the
unifying infrastructure for our integrated modeling assessment.
FRAMES is a standards-based facilitating technology that uses
metadata on individual models (e.g., developer information and
programming languages, data dictionaries, executable and data file
locations, etc.) to construct user-defined simulations (Babendreier
and Castleton, 2005). FRAMES has a graphical user interface to facil-
itate data input and to manage model execution (Fig. 3). This allows
users to select and connect individual models for specific applica-
tions. All inter-model data transfers are passed through a FRAMES
filter that also performs quality assurance checks (e.g., ensuring
that data values lie within acceptable ranges) and unit conversions.

2.3.1. Soil water assessment tool (SWAT)
SWAT was created by the U.S. Department of Agriculture,

Agricultural Research Service to predict watershed drainage and
chemical and sediment loads and yields (Arnold and Fohrer, 2005;
Gassman et al., 2007; http://swatmodel.tamu.edu/software/swat-
model). In SWAT, watersheds are composed of sub-basins and
associated stream reaches where water is routed from the sub-
basin to the stream channel and finally to the stream terminus

(i.e., the watershed outlet, or pour point). In the current study,
land use, soils, and elevation within the sub-basins are obtained
from D4EM. Data sources include the National Land Cover Database
(http://www.mrlc.gov/), the National Hydrography Dataset Plus

http://iemhub.org/resources/frames
http://swatmodel.tamu.edu/software/swat-model
http://www.mrlc.gov/
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Fig. 3. Screen capture of the FRAMES graphical user interface. Drag-and-drop functionality is used to add and link individual component models (lower right panel) and to
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reate  custom simulations and data analysis scenarios (upper right panel). Compo
epicted  by arrows. The toolbox on the left side of the screen allows the user to acce
r  visualization of model outputs). (For interpretation of the references to colour in

http://www.horizon-systems.com/nhdplus/)  and the U.S. General
oil Map  (http://soildatamart.nrcs.usda.gov/USDGSM.aspx). These
ata are combined into unique spatial domains called Hydrologic
esponse Units (HRUs). SWAT continuously calculates a daily water
udget in each HRU as:

SW = P − Q − ET − DP − QR,

here �SW is daily change in soil water content, P is precipitation,
 is surface runoff, ET is evapotranspiration, DP is vertical percola-

ion, and QR is return flow to the stream channel. Input data can be
btained directly from monitoring sources (e.g., meteorological sta-
ions), or internally generated as a model pre-processing step. For
nstance, in this study, P estimates were obtained for each sampling
nit (i.e., subwatershed) from ‘nearest-neighbor’ National Climatic
ata Center gauges (http://www.ncdc.noaa.gov/oa/ncdc.html), via
4EM. ET estimates are based on P, temperature, solar radiation, rel-
tive humidity, and wind speed (Neitsch et al., 2005). Q is estimated
ith the modified ‘curve number’ approach (Kim and Lee, 2008). DP

s estimated with a storage routing method. Ground water recharge
nd discharge are estimated with exponential attenuation weight-
ng functions. Recharge is partitioned between shallow aquifers, for
eturn flow/baseflow supply, and deep aquifers, for long term stor-
ge/loss. Stream routing is achieved with Muskingum or variable
torage methods. SWAT also features a plant growth sub-model

hat accounts for soil water transpiration losses within the root
one in specific land cover types. In this study, the primary SWAT
utputs of concern are average daily stream flow into and out of
iscrete stream channel segments.
nteroperability is indicated by green lights, and data flow between components is
ctions from D4EM and SuperMUSE (e.g., Monte Carlo iterations, sensitivity analysis,
gure legend, the reader is referred to the web version of the article.)

2.3.2. Watershed mercury model (WMM)
The WMM  simulates multiple mercury (Hg) cycling pathways

to predict elemental mercury (Hg(0)), inorganic divalent mercury
(Hg(II)), and methylmercury (MeHg) concentrations in watershed
soils (Knightes, 2009). Hg loading sources include wet and dry
Hg(II) deposition. Mechanisms by which Hg is lost include eva-
sion of Hg(0), leaching of dissolved Hg to the subsurface, erosion of
sorbed Hg, and surface runoff of dissolved Hg. Hg transformation
processes include reduction (Hg(II) to Hg(0)), oxidation (Hg(0) to
Hg(II)), methylation (Hg(II) to MeHg), and demethylation (MeHg
to Hg(II)). Partitioning coefficients for Hg(II) and MeHg are used to
separate Hg into soil and aqueous phases. Elemental Hg is assumed
to be maintained exclusively in the aqueous phase. The system
domain is modeled as a uniformly-mixed soil layer for a given HRU
in SWAT, and model parameterization is specific to the character-
istics of the HRU. The WMM  does not simulate leaching, erosion,
or runoff directly; rather, it imports estimates for these processes
from SWAT (Fig. 2). Essential WMM  outputs are Hg(0), Hg(II), and
MeHg loadings to discrete stream channel segments, via surface
runoff and soil erosion.

2.3.3. Water quality analysis and simulation program (WASP)
WASP is a dynamic mass balance model for predicting contam-

inant fate and transport in surface waters (Di Toro et al., 1983;
Ambrose et al., 1987). It utilizes a flexible compartment modeling
approach and can be applied in one, two, or three dimensions with
advective and dispersive transport between discrete stream seg-

ments. WASP also includes a number of sub-modules that allow
the user to simulate conventional water quality variables (e.g.,
suspended sediment and temperature), as well as toxicants (e.g.,
nutrients and pesticides).

http://www.horizon-systems.com/nhdplus/
http://soildatamart.nrcs.usda.gov/USDGSM.aspx
http://www.ncdc.noaa.gov/oa/ncdc.html
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Advective flows can be specified externally and submitted to
ASP as input files, or they can be simulated by WASP’s inter-

al kinematic wave and weir overflow equations. Advective flows
an also be simulated with an external hydrodynamic model (e.g.,
YNHYD or EFDC; Ambrose and Wool, 2009). Descriptive and
rocess-based sediment transport algorithms for silts, sands, and
rganic solids are available for all kinetic modules. Settling and
cour rates can be specified externally or calculated internally as

 function of shear stress, particle size and density, and sediment
hear strength for cohesive beds. The composition of benthic sedi-
ents can vary throughout a simulation, but overall bulk density is

reserved at specified values. Burial rates are calculated internally
hrough mass balance. Water temperature is simulated in WASP
ith one of two  methods. By default, WASP combines transport

tructure and salinity (or total dissolved solids), bacteria, and sed-
ment balance algorithms with water temperature routines from
ole and Buchak (1994) (CE-QUAL-W2). This routine implements a
et of heat exchange processes across the water (or ice) surface,
ncluding solar radiation, atmospheric radiation, back radiation,
onduction, and evaporation. Alternatively, WASP can use the equi-
ibrium temperature method of Edinger et al. (1974).

Eutrophication can be simulated in WASP by combining the
inetic structure of Thomann and Fitzpatrick (1982; Potomac
utrophication Model) with the WASP transport structure. This
llows the user to simulate nutrient, organic matter, and dissolved
xygen dynamics. WASP can also simulate the growth of benthic
lgae and phytoplankton (Ambrose et al., 2006), as well as pH and
lkalinity. Similarly, toxicants are modeled in WASP by combining
he kinetic structure of Burns et al. (1982; EXAMS; see also Burns
nd Cline, 1985) with the WASP transport structure. Users can pre-
ict concentrations of dissolved and sorbed chemicals in the water
olumn and underlying bed sediments (Ambrose et al., 1983), as
ell as the fate and transport of Hg(0), Hg(II), and MeHg.

.3.4. Habitat suitability index (HSI)
The HSI model uses physical and chemical habitat variables to

redict habitat quality for individual species or guilds of stream
shes (i.e., they are species-specific). This approach integrates
ultiple habitat variables into an overall suitability score that

anges from 0 (unsuitable) to 1 (fully supporting of the species).
he HSI assumes that a positive relationship exists between the
ntegrated suitability score and the carrying capacity of a given
abitat (relative to a particular species). The HSI model used in
he present study is based on multiple logistic regression (see
ashleigh et al., 2005). A large database of paired fish and habitat
ata (EPA’s Environmental Monitoring and Assessment Program,
ttp://www.epa.gov/emap/index.html) was first used to identify
trong correlations between fish abundance and habitat variables
or every species of interest. The most effective predictor vari-
bles were then incorporated into the logistic regression models.
hese variables included: water depth, velocity, water temper-
ture, instream cover (e.g., coarse woody debris) and substrate
ype (e.g., cobble). Independent tests confirmed that the HSI model
as relatively accurate, correctly predicting species’ presences and

bsences in >75% of all test cases (Rashleigh et al., 2005).
When used in FRAMES, the HSI model receives time series

f water quantity and quality data directly from WASP (Fig. 2).
egional habitat variables (e.g., land use and elevation) are obtained

rom D4EM. HSI model outputs are transferred directly to the Bioac-
umulation and Aquatic System Simulator (see next section), where
hey influence fish survival, growth, and reproduction.
.3.5. Bioaccumulation and aquatic system simulator (BASS)
BASS is a Fortran 95 simulation model that simulates the

opulation and bioaccumulation dynamics of age-structured fish
ommunities (Barber, 2001). Although BASS was specifically devel-
elling 222 (2011) 2471– 2484

oped to simulate the bioaccumulation of chemical pollutants within
a community or ecosystem context, it can also simulate population
and community dynamics of fish assemblages that are exposed to
a variety of nonchemical stressors. These stressors include altered
thermal regimes associated with hydrological alterations or indus-
trial activities, removal and addition of stocks from commercial or
sports fishing activities, and introduction of exotic or non-native
fish species. BASS’s model structure is generalized and flexible
(Barber, 2008). Users can simulate both small, short-lived species
(e.g., daces, minnows, etc.) and large, long-lived species (e.g., bass,
perch, pike, trout, etc.). A community food web  is defined by iden-
tifying one or more foraging classes for each fish species based
on either age or body size. The dietary composition of each for-
aging class can be specified as a combination of benthos, incidental
terrestrial insects, periphyton/attached algae, phytoplankton, zoo-
plankton, and/or other fish species including its own. There are no
restrictions on the number of chemicals, species, or age classes per
species that can be simulated.

2.3.6. Ecosystem services processor (ESP)
The ESP is a specialized post-processor for the IMF  that cal-

culates annual summaries for selected daily output variables
generated by WASP, HSI, and BASS. These annual summaries
include total annual fluxes (e.g., total annual discharges of water,
nitrogen, phosphorus, and suspended solids, at the subwatershed
pour point), annual means (e.g., annual mean water quality concen-
trations, HSI scores, fish biomass, fish production, fish whole-body
methyl mercury concentrations, etc.), and the total number of
annual exceedances of selected drinking water and wildlife criteria
(e.g., total number of days that exceed the drinking water criteria
for nitrate, or the total number of times that the 30-day moving
average ammonia concentrations exceed the chronic ammonia cri-
teria for non-mussel aquatic biota). Total annual fluxes and annual
means are both calculated from daily values using the trapezoidal
integration rule. In total, the ESP generates 47 annual metrics that
measure environmental and biological characteristics at the water-
shed pour point. These metrics reflect a watershed’s ability to
provide ecosystem provisioning services related to water quantity
and quality, habitats for aquatic biota, and natural and recreational
fisheries that are both sustainable and contaminant-free. Unlike
HSI and BASS that report fishery variables indexed by species, the
ESP reports fishery metrics in terms of aggregated groups of species.
‘Game’ species include all fishes that are actively managed for recre-
ational harvest by state regulatory agencies; ‘indicator’ species are
particularly sensitive to physicochemical habitat degradation; and
‘dominant’ refers to the most abundant species within a modeled
fish assemblage.

2.4. FRAMES core tools, SuperMUSE, and model evaluation
strategies

2.4.1. Supercomputer for model uncertainty and sensitivity
evaluation (SuperMUSE)

SuperMUSE is the third facilitating technology within the IMF
(Fig. 2). As hardware, it is a parallel computing cluster at EPA
consisting of several servers, a primary bank of 384 client PCs, a
test bank of 8 PCs (MiniMUSE), and a supporting software sys-
tem (http://www.epa.gov/athens/research/modeling/supermuse/
supermuse.html). SuperMUSE enhances the power of the IMF
by allowing us to conduct large numbers of model simulations
within relatively short timeframes (e.g., 100’s to 10,000’s of iter-
ations), while providing overall simulation tracking and I/O error

control. To exploit capabilities of PC-based parallel computing
environments for model evaluation, several software tools were
developed. Key functionalities of SuperMUSE software include: (1)
managing PCs and file systems across PCs, (2) facilitating the dis-

http://www.epa.gov/emap/index.html
http://www.epa.gov/athens/research/modeling/supermuse/supermuse.html
http://www.epa.gov/athens/research/modeling/supermuse/supermuse.html
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Table 1
Partial listing of variables that are calculated by the Integrated Modeling Framework
(IMF). Variables are categorized by media type (e.g., surface runoff, water column,
biological) and the IMF  components that generate them. All IMF  components are
described in the text (see ‘Section 2’).

Variable Units

Water shed/subwater shed
D4EM

Total precipitation mm/d
SWAT

Evapotranspiration mm
Soil water content mm

WMM
Surface soil mercury (elemental, methyl) ug/kg
Sediment mercury (total, elemental, divalent, methyl) ug/kg
Mercury (elemental, divalent, methyl) kg/d

Surface runoff
SWAT

Surface runoff m3/s
Sediment yield kg/d
Bulk sediment density (dry wt.) g/cm3

Dissolved oxygen mg/L
Carbonaceous biochemical oxygen demand mg/L
Chlorophyll a ug/L
Nitrate kg/d
Organic nitrogen kg/d
Phosphorous (soluble, mineral, organic) kg/d
Mercury (elemental, divalent, methyl) kg/d

Groundwater/subsurface hydrology
SWAT

Flow m3/s
Nitrate kg/d
Mercury (elemental, divalent, methyl) kg/d

Water column/stream channel
D4EM

Mean cross-sectional channel width m
Mean cross-sectional depth m
Mean cross-sectional flow velocity m/s
Stream gradient m/m

WASP
Total annual discharge m3/yr
Mean diurnal water temperature ◦C
Mean diurnal dissolved oxygen mg/L
Minimum diurnal dissolved oxygen mg/L
Carbonaceous biochemical oxygen demand mg/L
Mean diurnal light intensity at stream bottom Ly/d
Particulate organic matter (dry wt.) mg/L
Total suspended solids mg/L
Ratio of silt:total suspended solids g/g
Ratio organic particles:total suspended particles g/g
Dissolved organic carbon mg/L

Water column/stream channel
WASP

Total nitrogen mg/L
Ammonium mg/L
Nitrate mg/L
Total phosphorous mg/L
Dissolved inorganic phosphorous mg/L
Total mercury ng/L
Ratio of methylmercury:total mercury g/g

Biological – general variables
WASP

Total benthic algal biomass (dry wt.) g/m2

Total benthic algal chlorophyll a mg/m2

Total phytoplankton biomass (dry wt.) mg/L
Total phytoplankton chlorophyll a ug/L
Production of biotic solids g/m3/d

BASS
Total fish density-all species (sp.) combined no./ha
Total fish biomass-all sp. (wet wt.) kg/ha kg/ha/yr
Total fish production-all sp.
Total fish density-dominant sp.a no./ha
Total fish biomass-dominant sp. (wet wt.)a kg/ha
Total fish production-dominant sp.a kg/ha/yr

a

J.M. Johnston et al. / Ecologica

ribution of workloads among PCs, and (3) facilitating data analysis
asks. Java software application programs developed include: PC
luster tools (Client Update, Command Tasker, Client Monitor), a
istributed management program toolset (CPU Allocator, Model
asker, Tasker Client), and tools for data analysis (Site Visualization
ool, Exit Level Visualization). For FRAMES and this IMF, a Model-
asker-type interface, the FUITasker, was developed to manage
asking with SuperMUSE’s server-client applications (Babendreier
nd Castleton, 2005). The scheme employs a basic FTP file transfer
rocess to transfer simulations to and from clients.

.4.2. FRAMES core tools for model evaluation
Leveraging the parallel mode of a companion iterator available

n the core tool set of FRAMES, depending on average model run-
ime, 10’s to 1000’s to 1,000,000’s of model runs can be launched
nd managed by the modeler with access to a cluster of PCs. This
xecution proceeds as if running a single instance of FRAMES from a
ingle desktop. The tools can be nested in a wide variety of designs
o achieve flexible needs. The IMF  itself can be installed easily to
ingle PCs or PC clusters. SuperMUSE software, when joined to core
RAMES tools dedicated to model evaluation, provide a robust set of
ost-processing tools for investigating integrated system behavior.
he primary model evaluation components of interest are iterators,
amplers, summarizers, and visualization tools. We  refer to the first
hree as a model evaluation ‘triplet’ due to their kernel nature as
uilding blocks for more complex schemes. The first three are used

n pairs and trios to control simulation design. Core tools can be
sed to create n-dimensional experimental designs around inte-
rated, deterministic model sets (i.e., the ‘unit’ of design). They can
lso simulate collections or subsets of models and subsequently
anage, analyze, and summarize input and output data. Infor-
ation flows comprising the region of watersheds in this study

equired extraction and reduction of data to be practical (although
ll data can be saved and explored as needed). A sample listing of
utput variables of interest to ecologists, hydrologists, and engi-
eers is provided in Table 1.

.4.3. Unit sample processor (USP)
One of many tools available in the IMF, the USP, is highlighted

or its relevance as one of the last tools delivering output of the IMF.
o facilitate data analysis and summarization tasks, a stand-alone
SP module was created that can be run without having FRAMES,
4EM, or SuperMUSE installed. Once linked to a database of model
utputs created by a FRAMES Unit Summary Tool (UST) summa-
izer instance during simulation, the USP can query any of the
ariable(s) of interest collected by the companion UST summarizer
ach time the modeling system is run. USP options allow further
ggregation of remaining dimensions of data for a given variable, if
reserved by the UST extraction. For example, in each deterministic
un, the UST summarizes data by subwatershed, averaging the time
imension. With all simulations completed, the USP can summarize
ata across subwatersheds, watersheds, or Monte Carlo iterations,
roviding added post-processing analysis options. External deci-
ion variables can also be set and tracked as additional choices
i.e., indexes). These are created by adding combinations of itera-
or and sampler tools to the FRAMES simulation design (i.e., adding
oops). An example would be accounting for climate change scenar-
os defined by a range of long-term average annual temperatures
s potential futures to consider. Parametric and non-parametric
tatistical routines are available in most summarizers, as well as
he USP tool, where many of the data analysis routines are han-
led through interface calls to the R statistical computing library

http://www.r-project.org/).

Conditional statements can also be enforced for any indexed
ariable, at both summarizer and USP levels. For example, one can
equest the number of instances in which a regulatory threshold,

Mean methylmercury concentration-dominant sp. mg/kg
Total fish density-game sp.b no./ha
Total fish biomass-game sp. (wet wt.)b kg/ha
Total fish production-game sp. kg/ha/yr

http://www.r-project.org/
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Table 1 (Continued)

Variable Units

Mean methylmercury concentration-game sp. mg/kg
Total fish density-indicator sp.c no./ha
Total fish biomass-indicator sp. (wet wt.)c kg/ha
Total fish production-indicator sp.c kg/ha/yr
Mean methylmercury concentration-indicator sp.c mg/kg

Biological – species-specific variables
BASS

Mean individual length cm
Mean individual wet  weight g
Population density no./ha
Population biomass (dry wt.) kg/ha
Population biomass (wet wt.) kg/ha
Total production kg/ha/d
Methylmercury concentration mg/kg
Methylmercury bioaccumulation factor L/kg
Methylmercury biomagnification factor g/g

HSI
Habitat suitability indexd

a ‘Dominant’ refers to fish species that are found at many locations and comprise
the  majority (>50%) of the total abundance or biomass.

b ‘Game’ refers to fish species that are commonly sought in recreational fisheries
(e.g., sunfishes and trout).

c ‘Indicator’ refers to fish species that are particularly sensitive to pollution or
habitat degradation.

d The habitat suitability index is an integrated measure of physiochemical habitat
q
c

s
w
D
r

as delimited text files using standard SQL (third party) software.

F
a
w
‘

uality, which ranges 0 (no habitat available) to 1 (ideal habitat conditions), and is
alculated for individual species.

uch as MeHg concentration in fish tissue (≥0.3 ppm; USEPA, 2001),

as exceeded, across time, for each fish species simulated by BASS.
escriptive statistics (e.g., means, standard deviations, and quartile

anges) can be calculated for any model inputs and outputs exposed

ig. 4. Screen capture of the USP tool for data analysis and visualization. The user can se
nd  ‘Summarized Table Variables’ lists for analysis. In the current demonstration, a histog
ithin  the 50 HU’s that were modeled. Additional functionality can be accessed by selec

Uncertainty Analysis’).
elling 222 (2011) 2471– 2484

to FRAMES. Frequency distributions can be captured and displayed
as histograms and/or cumulative distribution functions (Fig. 4).
Correlation coefficients can also be calculated for data arrays of any
dimension, and various regression models can be fit and tested.

2.4.4. Variable indexing in FRAMES
The USP, which is applicable to any set of models placed in

FRAMES, duplicates the ESP functionality (Section 2.4.3). However,
the USP cannot easily aggregate modeling results by annual time
steps, or by fish species groups (e.g., game species). The USP – and
FRAMES components in general – operate within an underpinning
indexing scheme that tracks up to six dimensions per variable.
Indexes are either self-indexed or represent other variables within
the model set. The USP can only read variable indexing that was
explicitly coded by developers during model assimilation. As a
simplifying strategy, we  used a single dimension for time step com-
munication between models (i.e., ‘ReportTimes,’ a vector of integer
days). Because the USP tool does not convert implicit data types,
the ESP was added as an IMF-centric solution, where the ESP is
treated as an added environmental model. Summarizers consume
ESP outputs, and the USP completes the effort, consuming variable
metadata and results produced by the UST(s).

2.4.5. Data export
UST generated model inputs and results can be stored via the

IMF  as Structured Query Language (SQL) databases or FRAMES
flat files. Results can be quickly browsed, queried, and exported
Results can also be transferred to external databases with the Omni-
Mark database (OMDB) protocol. Data can be exported from the IMF
in a variety of ways, where the USP offers additional export utili-

lect any combination of model scenarios and variables within the ‘Scenario Table’
ram and normal probability plot are shown for predicted median discharge (m3/s)
ting the appropriate menu tab (e.g., ‘Parametric Analysis’, ‘Sensitivity Analysis’, or
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Fig. 5. Map  of all 318 headwater HU’s within the Albemarle-Pamlico Watershed
(APW). The 50 HU’s that were simulated in this study are shown in black. These
50  HU’s were randomly selected from the list of 318 HU’s and could therefore be
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sed to draw regional inferences about the complete population (i.e., the regional
oll-up). The Highlands, Piedmont, and Coastal Plain physiographic provinces are
lso shown.

ies for capturing processed data and graphics it generates during
ser sessions. USP sessions can be saved and retrieved, and tem-
lates can be created to structure new database captures. From
hese access points, data can also be imported into commercial
oftware packages for additional statistical analyses and graphical
pplications.

. Case study: The Albemarle/Pamlico watershed (APW)

.1. Study area

We  applied and tested our methodology in the APW, which
ncludes the Chowan, Roanoke, Tar-Pamlico, and Neuse Rivers. The
PW encompasses 52,000 km2 within North Carolina and Virginia
nd is home to >3 million people. It features a diverse mixture
f land uses (Fig. 1). It is primarily forested (∼45%), with lesser
mounts of cultivate cropland and pasture (∼26%), wetland habi-
at (∼14%), and urban development (∼7%; USEPA, 2010). The APW
pans three physiographic provinces: Blue Ridge, Piedmont, and
oastal Plain (Fig. 5).

The APW was selected for the case study for two reasons.
irst, it is the focus of innovative environmental research pro-
rams. The APW is a test bed for the U.S. National Science
oundation’s Consortium of Universities for the Advancement
f Hydrologic Science, Inc. (http://www.cuahsi.org/index.html),
lso the Water and Environmental Research Systems Network
http://www.watersnet.org/wtbs/index.html). Second, the APW is

 nexus for science and environmental decision-making. It is home
o a National Estuary Program (http://www.apnep.org/intro.html)
nd the focus of the Sustainable Environment for Quality of Life ini-
iative (http://www.seql.org/). We  were therefore confident that
ur efforts within the APW would be of interest to a broad audi-
nce, and that a robust collection of environmental and biological
ata would be available to support integrated research (Cyterski
nd Prieto, 2010; USEPA, 2010).

With respect to pressing environmental problems, the APW is
 dynamic system facing many challenges. Anthropogenic distur-
ance within the APW is particularly extensive and multifaceted.
or example, widespread water quality degradation is caused by

itrogen and phosphorus loading, as well as microbial pollution
Mallin and Cahoon, 2003; McMahon and Woodside, 2007). This
n turn can lead to toxic algal blooms and fish kills (Paerl et al.,
995). Pesticides are also important and abundant stressors in APW
elling 222 (2011) 2471– 2484 2479

waters (Spruill et al., 1998). Atmospheric mercury wet deposi-
tion occurs throughout much of the APW (Hammerschmidt and
Fitzgerald, 2006). Global climate change is expected to increase
hurricane activity and drive sea level rise, thereby disrupting the
region’s natural hydrology (Riggs and Ames, 2003). And rapid pop-
ulation growth is creating additional stress, particularly in coastal
areas (Crossett et al., 2004).

3.2. Problem statement and approach

Our objective was to conduct a regional, model-based assess-
ment of currently available (i.e., baseline), freshwater ecoservices
within the APW. In doing so, we focused on wadeable (generally
≤1.25 m depth) headwater streams in the APW with perennial
flows. These streams provide many ecoservices, including drink-
ing water and recreational fisheries (e.g., Lowe and Likens, 2005;
USEPA, 2009b).  Headwater streams are also closely linked to water
quality further downstream. For example, headwater streams often
regulate nitrogen dynamics within large watersheds (Peterson
et al., 2001; Bernhardt et al., 2005). Ultimately, we plan to adapt
the IMF  for use in large, mainstem rivers and estuarine environ-
ments within the APW (see USEPA, 2010). For the current study,
we concentrated exclusively on headwater streams.

To model headwater streams within the APW, we  used 12-
digit Hydrologic Units (HU’s) from the U.S. Geological Survey’s
National Hydrologic Unit Map  (i.e., subwatersheds; Seaber et al.,
1987). These HU’s are relatively small (the largest stream segments
within them are 3rd–4th order at 1:24,000 scale) and are effective
surrogates for wadeable, headwater streams (Cyterski and Prieto,
2010). Our population of interest included all 12-digit HU’s in the
APW with perennial, headwater streams (i.e., did not receive sur-
face flow from another HU). After removing all 12-digit HU’s that
did not meet the perennial flow and headwater criteria, including
artificial channels such as ditches or canals, 318 HU’s remained in
our sample population (Fig. 5).

Field-collected fish community data were not available in most
of the HU’s. A statistical procedure designed to yield reasonable
approximations of the fish communities one would expect to find
at a series of HU pour points was therefore used to determine which
species occurred in which HU. The initial step in this process was
a cluster analysis of actual fish communities (characterized by rel-
ative species abundance) found in streams sampled by the North
Carolina Department of the Environment and Natural Resources,
the U.S. Geological Survey (USGS), the USEPA, and the Virginia
Department of Game and Inland Fisheries. The resulting fish clus-
ters were then linked to landscape and in-stream environmental
variables using a discriminant analysis. The discriminant functions
were used to predict the most likely fish cluster for each of our HU
pour points. Each HU pour point was then randomly assigned a fish
community from an actual stream within its predicted fish clus-
ter. For example, if the pour point of a HU was predicted to have a
fish community from Cluster X, and Cluster X was  represented by
18 different streams in the original cluster analysis, then we  ran-
domly selected one of the 18 streams in Cluster X and assigned that
actual fish community to the pour point of that HU. We  assumed an
initial fish community density of 3000 fish/ha at each pour point.
BASS project files were subsequently constructed for these assigned
fish communities using an auxiliary BASS software component. This
tool can be used to generate the required initial conditions and asso-
ciated model parameters for most eastern US  fish species, using
default values derived from an extensive analysis of published fish
data (Barber, 2001).
The IMF  was configured to generate annual outputs over a
20-year simulation period (1981–2000). Summary statistics (e.g.,
mean, S.D., and quartile ranges) were calculated and reported for
each 20-year simulation, with each year treated as a single obser-

http://www.cuahsi.org/index.html
http://www.watersnet.org/wtbs/index.html
http://www.apnep.org/intro.html
http://www.seql.org/
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ation (n = 20). One-hundred Monte Carlo simulations were then
erformed for each HU, to facilitate uncertainty and sensitivity
nalysis. As opposed to storing all modeled time-series, we  used
n-the-fly Bernoulli trials to enumerate the number of instances in
hich a given variable exceeded a threshold of interest. For exam-
le, we were able to estimate the annual probability that MeHg
oncentration within fish tissue will exceed the regulatory thresh-
ld of 0.3 ppm (see below) without writing all output to file. When
ecessary, complete or partial time-series can be saved in the IMF

or further analyses. Simulations with sub- or supra-annual time
teps can also be implemented and summarized.

The primary purpose of this study was to demonstrate a
egional-scale application of the IMF. Therefore the experimen-
al design was limited in scope to a reduced sensitivity analysis
f 76 SWAT, WMM,  and WASP model variables. Fig. 3 shows the
imulation design in FRAMES used to generate the set of study
nput variables used here. The IMF  demonstration included cap-
ure of ∼7000 UST intermediate calculations for each model run,
ith some representing simple input data captures and many rep-

esenting ‘by subwatershed’ and ‘by fish species’ data. Output data
as calculated, reported, and stored after each APW model set run,

epresenting a single ‘model input/output sample’ of the system
nder study.

.2.1. Specific research objectives
To demonstrate the utility of the IMF, we performed base-

ine assessments of two freshwater ecoservices: water quality and
sheries resources. Water quality was assessed by examining base-

ine water temperatures and dissolved oxygen (DO) concentrations
n APW streams. Mean daily stream temperatures (i.e., diurnal
verages) were predicted separately for Highlands, Piedmont, and
oastal Plain streams. To ensure that seasonal fluctuations in
tream temperature were represented, we calculated the 1st, 25th,
0th, 75th, and 99th percentiles for all temperature predictions. We
hen compared the model predictions with a set of empirical mea-
urements (mean daily temperatures sampled throughout the year)
ollected at similar locations in each of the three physiographic
rovinces (NCDENR, 2010; USGS, 2011). Temperature was selected
or review because it affects multiple in-stream processes, includ-
ng ecosystem metabolism and secondary production (Allan, 1995).
ur specific research questions were: (1) What are the expected

anges of mean daily water temperatures in Highlands, Piedmont,
nd Coastal Plain streams?; and (2) Are the predicted temperatures
omparable to empirically observed values?

DO concentrations were also predicted separately for Highlands,
iedmont, and Coastal Plain streams. All DO predictions were mean
aily values and were summarized as 1st, 25th, 50th, 75th, and 99th
ercentiles. To assess the accuracy and precision of the predicted
O concentrations, we compared them with empirical measure-
ents obtained for wadeable streams in each of the respective

hysiographic provinces (NCDENR, 2010; NCDENR, 2008; NCDENR,
006). We  also determined whether the predicted DO concentra-
ions were likely to violate the regulatory threshold of ≥5 mg/L
diel average) in North Carolina (NCDENR, 2010). We  focused on
O because it affects the fitness (via respiration) of all fish and
quatic invertebrates. DO is also sensitive to many types of pollu-
ion. For example, nutrient runoff from agricultural fields can drive
lgal blooms that ultimately depress DO (via senescence of organic
issue) to critically low concentrations (Karr and Dudley, 1981).
O is therefore an important water quality parameter. Our specific

esearch questions were: (1) What are the expected ranges of mean

aily DO concentration in Highlands, Piedmont, and Coastal Plain
treams?; (2) Are the predicted DO concentrations comparable to
mpirically observed values?; and (3) How often do the predicted
O concentrations exceed the ≥5 mg/L threshold?
elling 222 (2011) 2471– 2484

To  assess freshwater fisheries resources, we  examined fish
densities and MeHg accumulation in game fish tissue. First, we
compared model-predicted fish densities in Highlands streams
with empirical, field measured densities from Highlands streams
(Vadas, 1994). Highlands streams were chosen because empirical
population estimates were available for complete fish communi-
ties. Comparable estimates were not readily available in Piedmont
or Coastal Plain streams, as studies typically focus on a single
species, while multi-species population estimates are rare. Total
fish densities (all species combined) were examined, as well as the
densities of indicator species. Total density is important because it
reflects the carrying capacity of a given system. Indicator density
is important because it reflects the overall quality of the environ-
ment. These sensitive species are rare or absent in highly degraded
systems (e.g., Karr, 1981). Our specific research questions were: (1)
What are the expected densities of complete fish communities and
indicator species in Highlands streams?; and (2) Are the predicted
densities comparable to empirically observed densities?

Next, we  predicted MeHg concentrations within game fish tis-
sues (primarily Lepomis sunfishes), in streams throughout the APW.
MeHg is the most abundant form of organic mercury found within
the environment, and it has a strong tendency to accumulate within
the tissues of relatively large, predatory fishes (Chasar et al., 2009).
For example, Scudder et al. (2009) showed that mercury concen-
trations in U.S. game fishes typically range from 0.52 ppm in perch
to 0.11 ppm in trout. MeHg is also a potent neurotoxin that may
lead to impaired vision, loss of coordination, seizures, or death
(USEPA, 2001). This can present a significant risk to human health
because large predatory (i.e., game) fishes are most likely to be
consumed by humans. To assess the risk posed by MeHg accumu-
lation, we  predicted mean and maximum MeHg concentrations in
APW game fishes. We  then compared the model-predicted concen-
trations with empirically measured values (Scudder et al., 2009;
NCDWQ, 2011) and estimated the risk of exceeding the regulatory
MeHg threshold of <0.3 ppm (USEPA, 2001). Our specific research
questions were: (1) What are the expected mean and maximum
MeHg concentrations in APW game fishes?; (2) Are the predicted
MeHg concentrations comparable to empirically observed concen-
trations?; and (3) How often do the predicted MeHg concentrations
exceed the <0.3 ppm threshold?

3.3. Regional roll-up

The IMF  infrastructure facilitated the modeling simulations
across the APW sample of HU’s, with an average runtime of 5300 s.
Logistical constraints (i.e., time, data, and computing infrastruc-
ture) did, however, preclude us from simulating the full set of 318
headwater HU’s. We therefore used a stratified random sample of
50 HU’s to draw statistical inferences about the entire population
of headwater HU’s (see Cyterski and Prieto, 2010). First, we strati-
fied the headwater HU’s by physiographic province (Fig. 5). Second,
we randomly selected headwater HU’s from within each physio-
graphic province. The number of HU’s selected in each province
was proportional to the surface area of the province within the
APW (i.e., two HU’s in the Highlands, 25 in the Piedmont and
23 in the Coastal Plain; see Fig. 5). Next, we  used the IMF  (i.e.,
D4EM → FRAMES → SuperMUSE) to simulate baseline conditions
within each of the 50 selected HU’s. Finally, we used the modeling
results from the successfully run HU’s to summarize, or ‘roll-up,’
freshwater ecoservices at the regional scale (i.e., across all head-
water HU’s within the APW).
4. Results

Simulation results were completed for 48 of the 50 sampled
HU’s, with trends on a handful of model execution runtime fail-
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Fig. 6. Average daily stream temperatures within the APW. Model predictions are
shown as white boxplots and empirically observed temperatures are shown as gray
boxplots. Results are summarized by physiographic province (Highlands, Piedmont,
and Coastal Plain). All temperature data are daily averages (i.e., one mean value per
day),  collected on a daily basis throughout the year, over a period of 5–20 years.
Boxplots show the 25th, 50th, and 75th quartiles; and whiskers show the mini-
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Fig. 7. Dissolved oxygen within the APW. White boxplots show model-predicted
values and gray boxplots show empirically observed field measurements. Model
predictions are diurnal averages collected daily over a 20-year simulation period.
Each white boxplot indicates a discrete HU. Empirical data are also diurnal averages,
collected over a period of 1–5 years. In all cases, boxplots show the 25th, 50th, and
75th quartiles; and whiskers show the minimum and maximum values. Data are
separated by physiographic province. The North Carolina water quality standard of
≥5.0 mg/L dissolved oxygen (diurnal average) is shown as a dashed vertical line.
In  most cases the predicted and empirical dissolved oxygen values are in compli-
ance with the water quality standard. Sources of the empirical data are shown in
um  and maximum values. Sources of the empirical data are shown in parentheses:
i)  NCDENR, 2010 (station #N0150000); (ii) USGS, 2011 (station #02077200); (iii)
SGS, 2011 (station #02087580).

re patterns seen for some runs. Some errors represent boundary
ondition issues encountered in the example sampling scheme,
here added calibration is expected to inform and help resolve
odel errors. One site failed entirely, due to a structural disconnect

hat can occasionally occur when running D4EM against web-based
atasets to build a given HU. Notably, the error patterns were read-

ly identified via the IMF  scheme. Enhanced by a capacity to quickly
et, launch, and complete the experiment, we were able to demon-
trate the APW assessment strategy across a large spatial area and

 wide range of input conditions. We  were also able to track and re-
est errors, discern patterns of error, identify failing components at
pecific runs/sites, capture relative performance, and easily create
nd transfer test beds to developers.

.1. Water quality

Model-predicted, average daily stream temperatures varied
lightly between physiographic provinces (Fig. 6). The median val-
es were 11.92 ◦C (coefficient of variation [CV] = 0.05) in Highlands
treams, 12.76 ◦C (CV = 0.03) in Piedmont streams, and 13.54 ◦C
CV = 0.04) in Coastal Plains streams. In each of the three provinces
he complete, intra-annual range of variation in daily average tem-
erature encompassed ∼20 ◦C. These predicted temperatures were
arginally lower than the empirically observed temperatures. For

xample, the median observed daily temperatures in Highlands,
iedmont, and Coastal Plain streams were 14.50 ◦C, 14.85 ◦C, and
7.10 ◦C, respectively. Thus, the IMF  tended to underestimate aver-
ge daily stream temperatures by ∼2–3 ◦C. The variability within
he predicted temperature ranges was also less than the variability
bserved within the empirical data, as indicated by the narrower
nterquartile ranges for model predictions (Fig. 6).

The tendency to underestimate stream temperatures may  in
art be an artifact of the methods used to calculate average daily
emperature. The empirical values were calculated by averaging
eplicated daily measurements, where each day was represented

y a single instantaneous temperature reading. For example, a sin-
le temperature measurement was collected on January 1, another
n January 2, etc. The following year, a second measurement was
aken on January 1, on January 2, etc. Over the course of several
parentheses: (i) NCDENR, 2010; (ii) NCDENR, 2008; (iii) NCDENR, 2006.

years, the daily average temperatures were calculated as the means
of the repeated measurements, collected on a particular day of the
year. In contrast, the model predictions were generated by averag-
ing stream temperatures collected at multiple, discrete intervals
(e.g., every 10 min) throughout the course of a single day. This
procedure muted the effects of the warmest (and coldest) instan-
taneous temperatures on the daily values. Thus, if the empirical
measurements were collected mid-day, when stream temperatures

are highest, they would tend to exceed the model-predicted tem-
peratures. Regardless, the results shown in Fig. 6 do indicate that
the IMF  is capable of generating realistic stream temperatures.
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Fig. 8. Model-predicted (white boxes) and empirically observed (gray boxes) fish
densities within Highlands streams in the APW. Results are shown for ‘All species’
datasets (i.e., all species combined) and ‘Indicator species’ datasets (i.e., species that
are highly sensitive to water quality and/or physical habitat degradation). One-
hundred Monte Carlo iterations were performed in each of the Highlands HU’s and
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Fig. 9. Methylmercury (MeHg) concentrations within APW game fishes. Model-
predicted values are shown as histograms (white bars). Model predictions reflect
the mean (a) and maximum (b) annual MeHg concentrations from 20-year time
series (i.e., the mean and maximum of 20 values). One-hundred Monte Carlo itera-
tions (i.e., 20-year simulations) were performed in each HU and all HU’s and Monte
Carlo results were pooled to generate plots (a) and (b). Empirically observed MeHg
concentrations (field measurements) are indicated by gray boxplots. These boxplots
show the interquartile ranges for their respective datasets: (i) a national survey of
freshwater fishes (Scudder et al., 2009); and (ii) game fishes collected within the
state of North Carolina (NCDWQ, 2011) that occur within wadeable, headwater
streams in the APW. The national toxicity standard of <3.0 ppm MeHg is shown
ll results (i.e., iterations and HU’s) were pooled. Boxplots show the 25th, 50th, and
5th  quartiles; and whiskers show the minimum and maximum values. Empirical
sh densities were obtained from Vadas (1994).

Model-predicted, mean daily DO concentrations were gen-
rally constant among physiographic provinces. In each of the
hree provinces, the predicted DO concentrations were centered
t ∼10 mg/L (Fig. 7). Model accuracy was highest in Highlands
treams, where the median predicted DO concentrations were
ithin ∼1 mg/L of the empirically measured, median concentra-

ion. Model accuracy was slightly lower in Piedmont streams,
here the median predicted concentrations were within ∼2 mg/L

f the empirical medians, also Coastal Plain streams, where the
edian predicted concentrations were within ∼2–6 mg/L of the

mpirical medians. Model precision also appeared to be artificially
igh. In most HU’s the interquartile range of the predicted values
ncompassed ∼2–3 mg/L, while the interquartile ranges of four of
he five empirical datasets encompassed ∼4–5 mg/L.

Overlap between the model-predicted and empirically mea-
ured DO concentrations was, however, consistently high in the
ighlands and Piedmont streams (Fig. 7). This was  noteworthy
ecause none of the Highlands or Piedmont DO concentrations
neither model-predicted nor empirically measured) fell below the
verage diel threshold of 5.0 mg/L. One might therefore conclude
hat the risk of violating the 5.0 mg/L DO criterion in Highlands and
iedmont streams is minimal when environmental conditions are
imilar to those implemented in this study. Using the IMF  one could
uickly make such an assessment for individual HU’s (shown in
ig. 7), as well as aggregated regions (e.g., physiographic provinces).
his flexibility is a key strength of the IMF.

.2. Fisheries resources

Fish density simulations generally performed well. The medi-
ns of the model-predicted fish densities in Highlands streams
ere 5713 fish/ha (CV = 0.99) when all species were accounted

or, and 1949 fish/ha (CV = 0.81) when only indicator species were
ccounted for. Notably, these predicted densities were very similar
o the empirical densities that Vadas (1994) observed in Highlands
treams in the APW. Vadas (1994) reported median densities of

000 fish/ha (CV = 0.74) and 2550 fish/ha (CV = 1.18) for all species
nd indicator species, respectively. Moreover, the interquartile
anges of the predicted and empirical densities exhibited signif-
cant overlap (Fig. 8). These results demonstrate that the IMF  can
as a dashed vertical line. Predicted mean MeHg concentrations never exceeded
the  0.3 ppm threshold. However, the predicted maximum MeHg concentration
exceeded the threshold in approximately 3% of all simulations.

predict densities of complete fish communities, as well as indicator
species, with moderate to high levels of accuracy.

Finally, MeHg simulations also proved to be reasonably accu-
rate. The median of the mean predicted MeHg concentrations in
APW game fishes was 0.06 ppm (CV = 0.64; Fig. 9a). The median
of the maximum predicted MeHg concentrations was 0.10 ppm
(CV = 0.63; Fig. 9b). Both the mean and the maximum predicted
concentrations exhibited right-skewed distributions. Overall, the
model-predicted MeHg concentrations were similar to the empir-
ically measured concentrations. The mean and the maximum
predicted values did have slightly lower central tendencies than the
empirical data. For instance, Scudder et al. (2009) reported a median
MeHg concentration of 0.17 ppm in a national survey of game fishes.

The mean concentration for Lepomis sunfishes, which comprised
the majority of the APW headwater game fishes, was 0.11 ppm.
The reported mean concentration for North Carolina game fishes
was 0.14 ppm, excluding largemouth bass, Micropterus salmoides,
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hich were not present in the APW headwater streams (NCDWQ,
011). Nevertheless, the mean and the maximum predicted dis-
ributions both displayed considerable overlap with the empirical
alues (Fig. 9).

The IMF  shows considerable potential for assessing MeHg con-
umption risk at the regional scale. With no predicted mean MeHg
oncentrations exceeding the 0.3 ppm threshold (Fig. 9a), one
ight conclude that the risk posed by toxic levels of MeHg is
inimal when fishing in headwater streams in the APW. How-

ver, predicted MeHg concentrations did exceed the regulatory
hreshold in 3% of all simulations (Fig. 9b). Thus, a measurable risk
oes exist. IMF  results could also be used to target risk in specific

ocations. For example, regional results could be partitioned into
hysiographic provinces or individual HU’s.

. Conclusions

This study is the first demonstration of the Integrated Model-
ng Framework comprised of the D4EM, FRAMES, and SuperMUSE
oftware systems. Our objectives were to illustrate the overall
rchitecture and information flow of the IMF  and to apply it in a
aseline assessment of freshwater ecoservices. We  accomplished
his by outlining the structure of the IMF  (Fig. 2), briefly describ-
ng each of the facilitating technologies and environmental models
SWAT, WMM,  WASP, HSI, BASS, and ESP). In applying the IMF, we
ere able to predict a suite of water quality (stream temperature

nd dissolved oxygen concentration) and fisheries resources (fish
ensities and MeHg concentration in fish tissue) and to compare
hese variables with field-measured data.

Each of the predicted variables was reasonably close to an
mpirically measured benchmark (e.g., predicted and empirical fish
ensities; see Fig. 8), further demonstrating the utility of the IMF.
dditionally, similar analyses can be performed with any of the
ther 7000 intermediate input and output variables (e.g., Table 1)
racked by the IMF. Model variables can readily be summarized
t multiple scales, ranging from individual subwatersheds of HU’s
Fig. 7) to HU’s themselves, to physiographic provinces (Fig. 6)
nd ultimately to entire river basins (Fig. 9). Importantly, the IMF
llowed us to create, manage, explore, and analyze large datasets.
sing SuperMUSE, we  were able to complete 4900 simulations

including re-tests of failed runs and quality assurance) in ∼24 h.
e  can now simulate a 52,000 km2 watershed across a 20-year

ime frame within a single day.
It is important to mention that integrated modeling poses new

esearch challenges regarding system level verification and model
alidation. The IMF  is a novel experimental system in its own
ight that supports ecological hypothesis testing and facilitates
esearch on the scientific knowledgebase encoded in models of
arious forms. The IMF  also integrates legacy models (i.e., SWAT,
ASP and BASS) with new software and functionality (e.g., D4EM,

SP) to automate the modeling processes, in effect leveraging
ecades of environmental modeling science. Legacy models may
equire modification to execute at larger spatial scales and within
n integrated system. For example, structural stream flow issues
ere observed when running simulations across large numbers

f HU’s (e.g., 30–50). One of the additional benefits of migrating
egacy models to the IMF  is the degree of quality assurance that
an be conducted by a technology that automates the execution
f thousands of model runs and associated error handling. In pro-
iding an overview and demonstration of the IMF, it should also
e noted that calibration and validation of individual models as
pplied in this regional assessment was beyond the scope of this

tudy. Although IMF  performance for uncalibrated baseline simu-
ations performed reasonably well for water quality and fisheries
esources evaluated here, we also acknowledge that consistent per-
ormance will require calibration efforts that go beyond the default
elling 222 (2011) 2471– 2484 2483

parameterizations provided by D4EM. The results presented here
are therefore an important first step. Further testing and validation
will be performed to ensure the IMF  is suitable for decision making
(Babendreier and Castleton, 2005).
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