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A B S T R A C T   

Reducing harmful algal blooms in Lake Erie, situated between the United States and Canada, requires imple-
menting best management practices to decrease nutrient loading from upstream sources. Bi-national water 
quality targets have been set for total and dissolved phosphorus loads, with the ultimate goal of reaching these 
targets in 9-out-of-10 years. Row crop agriculture dominates the land use in the Western Lake Erie Basin thus 
requiring efforts to mitigate nutrient loads from agricultural systems. To determine the types and extent of 
agricultural management practices needed to reach the water quality goals, we used five independently devel-
oped Soil and Water Assessment Tool models to evaluate the effects of 18 management scenarios over a 10-year 
period on nutrient export. Guidance from a stakeholder group was provided throughout the project, and resulted 
in improved data, development of realistic scenarios, and expanded outreach. Subsurface placement of phos-
phorus fertilizers, cover crops, riparian buffers, and wetlands were among the most effective management op-
tions. But, only in one realistic scenario did a majority (3/5) of the models predict that the total phosphorus 
loading target would be met in 9-out-of-10 years. Further, the dissolved phosphorus loading target was predicted 
to meet the 9-out-of-10-year goal by only one model and only in three scenarios. In all scenarios evaluated, the 9- 
out-of-10-year goal was not met based on the average of model predictions. Ensemble modeling revealed general 
agreement about the effects of several practices although some scenarios resulted in a wide range of uncertainty. 
Overall, our results demonstrate that there are multiple pathways to approach the established water quality 
goals, but greater adoption rates of practices than those tested here will likely be needed to attain the man-
agement targets.   

1. Introduction 

Setting water quality goals is a necessary step to combat the global 
issue of coastal eutrophication (Paerl and Otten, 2013; Schindler et al., 

2016), but the necessary strategies for achieving these goals are often 
difficult to define. The symptoms of eutrophication include degraded 
water quality (Watson et al., 2016); reduced and contaminated fisheries 
(Bukaveckas et al., 2017; Wituszynski et al., 2017); threats to irrigation 
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and potable water supplies (Lee, J. et al., 2017); and decreased tourism, 
cultural activities, and coastal economies (Watson et al., 2016; Wolf 
et al., 2017). These effects have been observed in and around Lake Erie 
since the mid-1990s due to a resurgence in the excessive growth of algae 
and cyanobacteria, some of which produce toxins. Harmful algal blooms 
(HABs) in the lake are thought to be primarily growth-limited by 
phosphorus; however, the species of algae and their toxicity may be 
affected by the amount of nitrogen (Davis et al., 2015; Horst et al., 2014; 
Michalak et al., 2013; Newell et al., 2019; Scavia et al., 2014; Stow et al., 
2015). Reducing the effects of eutrophication in Lake Erie, as well as 
other systems globally, requires improved land management to reduce 
anthropogenic nutrient loading from its watershed (Conley et al., 2009). 

Prior to the 1990s, Lake Erie experienced eutrophication symptoms 
that were addressed largely through banning phosphorus (P) in de-
tergents and regulating point sources contributing to total phosphorus 
(TP) loads (Watson et al., 2016). Despite these efforts, TP loading has 
remained high while there has been an upward trend in dissolved 
reactive phosphorus (DRP) that has led to the current manifestation of 
HABs (Baker et al., 2014). The negative effects of both TP and DRP 
loading have been recognized in a binational agreement between the 
United States (U.S.) and Canada. Pursuant to the Great Lakes Water 
Quality Agreement (GLWQA) of 2012 and subsequent U.S. and State of 
Ohio Action Plans of 2018, new targets for TP and DRP loading have 
been set for Lake Erie. 

Algal blooms in the Western Lake Erie Basin (WLEB) are strongly 
correlated to P loads discharged from the beginning of March through 
the end of July (Stumpf et al., 2016). Across WLEB tributaries, the 
greatest load of P is delivered by the Maumee River because of its large 
size and agricultural land use (Maccoux et al., 2016). The targets for the 
March–July loads from the Maumee River watershed have been set to 
860 metric tons of TP and 186 metric tons of DRP (as quantified at the 
Waterville, Ohio gage station) (IJC 2012; US EPA 2018; OLEC 2018). 
Because nonpoint source pollution may exceed the targets in years with 
unusually high rainfall (Michalak et al., 2013; Stow et al., 2015), the 
GLWQA specified that these reduction targets should be met in 
9-out-of-10 years. Evaluating the effectiveness of management in wetter 
than normal years can also be done by comparing to flow-weighted 
mean concentrations (FWMCs), with targets set at 0.23 mg L− 1 for TP 
and 0.05 mg L− 1 for DRP (US EPA 2018). About 88% of annual TP loads 
from this basin are derived from nonpoint sources, with agriculture 
being the dominant (79%) land use (Ohio EPA 2016). Because of this 
land use composition, reaching the March–July loading targets will 
require a strategy focused on implementing in-field and edge-of-field 
agricultural management practices. 

Watershed simulation models offer the opportunity to evaluate 
watershed-scale effects of agricultural management practices under 
varying levels of adoption (Wilson et al., 2018). While considerable 
knowledge has been gained about nutrient flux and management from 
edge-of-field studies in the Maumee River watershed (Hanrahan et al., 
2020; Pease et al., 2018a, 2018b; Williams et al., 2018), watershed 
models are needed to extrapolate these field-level results across the 
basin (Watson et al., 2016). In the WLEB, models had shown it was likely 
that multiple conservation practices would be needed in combination to 
reach the proposed water quality targets (Bosch et al., 2013; Muenich 
et al., 2016). Specifically, reduced fertilizer application or converting 
from conventional crops to biofuel grasses approached TP and DRP 
loading targets on their own, both cover crops and riparian buffers were 
moderately effective at reducing TP but not DRP loads (Muenich et al., 
2016). An ensemble modeling approach was previously used in this 
watershed to evaluate combinations of practices, revealing multiple 
management strategies that could reach the P loading targets over an 
average of several years (Scavia et al., 2017). However, this previous 
study did not include some contemporary management practices in 
baseline models and full agricultural inputs (for example, most models 
did not include manure inputs); nor did it determine whether the 
loading targets were likely to be met in 9-out-of-10 years, or focus on 

effects of total nitrogen (TN) loading (Scavia et al., 2017). Watershed 
models have helped to spatially optimize the placement of conservation 
practices in order to ensure cost-effective management (Gaddis et al., 
2014; Kalcic et al., 2015). Physical variations across the watershed (e.g. 
topography, land use, and soil type) have been shown to affect the ef-
ficiency of different practices while also influencing the location of 
critical source areas in models (Dai et al., 2018; Gaddis et al., 2014; Geng 
et al., 2015; Kalcic et al., 2015). Past modeling analyses in the WLEB 
have shown that the efficiency of practices can be improved by targeting 
them to the critical source areas rather than using a randomized 
placement approach (Muenich et al., 2016; Scavia et al., 2017). 

Similar to the past study, we used ensemble modeling to better 
identify areas of consistency and variability in the model results. 
Ensemble modeling has been used for establishing target loads for the 
Great Lakes (Scavia et al., 2016a) and other water bodies (Bierman, 
1979), but it has rarely been applied to assess land management sce-
narios. Viewing water quality issues from the different perspectives of 
multiple models reduces the decision risk by providing multiple lines of 
evidence (Scavia et al., 2017). To further enhance this study, we 
engaged a broad stakeholder group to increase the accuracy of the inputs 
used in the watershed models and guide the development and inter-
pretation of realistic management scenarios. The goal of this study was 
to use this expertise to refine the types and extent of agricultural man-
agement practices (individual and bundles) needed to reach P load and 
FWMC targets using an ensemble modeling approach. 

2. Methods 

2.1. Study area and model development 

The 17,000 km2 Maumee River watershed area spans the States of 
Indiana, Michigan, and Ohio, with its outlet in the WLEB (Fig. 1). 
Nutrient loads have been monitored and estimated at the U.S. Geological 
Survey (USGS) gage #04193500 (USGS, 2020) since the 1970s (Baker 
et al., 2014). We collaborated with a stakeholder group (SI Table 1) to 
guide model development, and selection and interpretation of man-
agement scenarios. Similar to other projects (Kalcic et al., 2016; Scavia 
et al., 2017), a broad stakeholder group from a variety of organizations 
was developed for this project to ensure the results were relevant and 
informative for policy (Garb et al., 2008). The resulting stakeholder 
group included representation from agricultural groups, regulatory and 
non-regulatory government agencies, non-governmental organizations, 
and environmental groups. Identifying limitations of previous modeling 
work in the Maumee River watershed with these stakeholders led to a 
better representation of (1) stormwater discharges, (2) manure and 
synthetic fertilizer applications, (3) inclusion of existing best manage-
ment practices (BMPs) in the models (SI Table 2), and (4) a more ac-
curate comparison to the GLWQA goals. 

Five Soil and Water Assessment Tool (SWAT; USDA, 2020) models 
were independently developed for the basin by Ohio State University 
(OSU), LimnoTech, Inc. (LT), University of Michigan (UM), Heidelberg 
University (HU), and University of Toledo (UT). All of the models in the 
current study are also described in a public report (Martin et al., 2019). 
SWAT has been widely used in agricultural watersheds because of its 
detailed representation of many agricultural management practices and 
simulation of nutrient runoff and riverine loading (Gebremariam et al., 
2014; Gildow et al., 2016). The five models were selected based on their 
availability and their inclusion in previous modeling efforts of the 
Maumee River watershed. For example, previous versions of four of the 
models (OSU, LT, UM, and HU) had been used and described in a pre-
vious ensemble modeling study (Scavia et al., 2016b, 2017). Here, the 
UT model was added to the ensemble to replace fifth model from the 
Texas A&M University. Details about the UT model have also been 
described (Cousino et al., 2015). The SWAT models allowed predictions 
of all variables of interest (streamflow (Q), TP, DRP, and TN) as well as 
the implementation of practices of interest. A sixth model – the USGS 
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SPARROW model – was considered in the modeling work (Evenson 
et al., 2020; Scavia et al., 2016b), but this model was not able to estimate 
DRP loads or simulate the BMP processes. 

While all five models use the same SWAT framework, they were 
distinct because of the independent decisions made by each modeling 
group regarding spatial resolution, data sources, model subroutines, 
land management operations, and model parameterization and cali-
bration (SI Tables 2–4). A range of model structures resulted from 
choosing different algorithms related to tile drainage routines, water 
table routines, soil P models, and evapotranspiration methods (SI 
Table 2). SWAT model versions ranged from 627 to 664 (https://swat. 
tamu.edu/). Only the UT model used the old tile drain routine; the 
UT, HU, and LT models used the old water table and soil P modeling 
routines; and the LT model used the Hargreaves evapotranspiration 
method (Hargreaves and Samani, 1985), while all others used the 
Penman-Monteith equation (Monteith 1965). The models also used 
different sources of input for land use, elevation, and soils data. For 
example, the OSU and HU models used the Cropland Data Layer (CDL) 
2007–2012 database for land use (https://nassgeodata.gmu.edu/ 
CropScape), while the UT and LT models used the 2001 National Land 
Cover database (NLCD; https://www.mrlc.gov/), and the UM model 
used a combination of the CDL 2007–2012 and NLCD 2006 databases. 
The UM model used the National Aerodynamics and Space Admin-
istration/Infrared Processing and Analysis Center Extragalactic database 
(NED) 10m elevation model whereas all other models used NED 30m 
(https://ned.ipac.caltech.edu/). The LT model used State Soil 
Geographic dataset (STATSGO; https://data.nal.usda.gov/) for soils 
data, while all other models used the Soil Survey Geographic database 
(SSURGO; https://data.nal.usda.gov/). More structural uncertainty was 
added by the spatial discretization methods, which led to average hy-
drologic response unit (HRU) areas of 1.1–127 km2 across the five 
models. The LT and UM models had the finest resolution within HRU 
areas (1.1–1.7 km2); the OSU model was in between the others (11.3 
km2); and the UT and HU models were coarsest resolution (77–127 
km2). During calibration, as many as 75 parameters were altered leading 
to many differences between the five models (SI Table 3). The effects this 
variability had on modeling outputs have been discussed in further 
detail (Evenson et al., 2020). Together these differences create an 
ensemble of models that are representative of the variation in processes 
occurring in the watersheds. 

General guidelines were provided to each modeling team on the 

simulation of practices, the inclusion of manure and point sources, and 
meteorological inputs. However, how much area existing management 
practices covered varied across the baseline models. For example, cover 
crops were implemented in 6.0% of cropland area in the HU model; 
7.5% of area in the LT model; 8.4% for the OSU and UM models; and 
10% for the UT model. Similarly, the distribution and extent of sub-
surface P application, vegetated riparian buffers, manure application, 
subsurface drainage also varied across the five models. To control for 
some input uncertainty, all models used the same temperature and 
precipitation data retrieved from the NOAA National Climatic Data 
Center and processed as previously described (Scavia et al., 2016b). 

Compared to the guidance for baseline models, even stricter guide-
lines were given for the simulation of the wetland and controlled 
drainage practices in the modeling scenarios. All wetlands were sized at 
250 acres with a depth of 3 feet using the default nutrient treatment 
parameters. Controlled drainage modified the tile drain depth to 0.91m 
below the ground surface, 0.49m over the summer, and 0.3m over the 
winter. Thus, differences in the effectiveness of these practices across 
models arose due to other factors, such as where they were implemented 
in the watershed. 

As in previous work (Scavia et al., 2017), we accounted for point 
sources using the U.S. Environmental Protection Agency (US EPA) 
Discharge Monitoring Report Water Pollution Search (Scavia et al., 
2017; US EPA 2016). To improve upon this in the current study, we also 
included the discharge data for combined sewer overflows (CSOs) to 
improve representation of point sources (US EPA 2016). Linear regres-
sion models were developed between nearby precipitation amounts with 
the CSO discharge and used to estimate missing data. Where the 
regression models were considered poor (R2 < 0.5), we instead used the 
gap filling method described for point sources (Scavia et al., 2017). 

To address further limitations of the past study where only two of the 
five models included manure applications (Scavia et al., 2017), present 
simulations included manure applications to row crops in all five 
models. Data sources included the 2012 Agricultural Census30 (http 
s://www.nass.usda.gov/Publications/AgCensus/2012/) in conjunction 
with methods described by Ruddy et al. (2006); and the Nutrient Use 
Geographic Information System (NuGIS; Fixen et al., 2012). However, 
the five models varied in: the amount of cropland which received 
manure (9–14%), the spatial distribution (i.e. amount per county), and 
the timing of application. More accurate spatial application of manure 
was guided by new data contributed by stakeholders. There were also 

Fig. 1. This study was located in the Western Lake Erie Basin situated between the U.S. and Canada. A USGS gage (#04193500; yellow star) has measured discharge 
and Heidelberg University has measured TP, DRP, and TN concentrations at Waterville, Ohio for over 40 years. All models were calibrated and validated using the TP, 
DRP, and TN loads calculated at this gage. The OSU model was also calibrated to these nutrient loads measured in the Tiffin and Blanchard Rivers (USGS gages 
#04185000 and #04189000, respectively; purple stars). USGS discharge data are available at https://doi.org/10.5066/F7P55KJN. (For interpretation of the ref-
erences to colour in this figure legend, the reader is referred to the Web version of this article.) 
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differences across the five models in the type of livestock manure 
applied. All models continued to apply other inorganic fertilizers based 
on the county-level sales data (Ruddy et al., 2006) as previously 
described (Scavia et al., 2016b). 

2.2. Baseline models and validation 

All models were calibrated and validated using observed flows, 
suspended solids, TP, DRP, and TN loading data (NCWQR 2016; USGS 
2020) collected at the USGS gage #04193500 near Waterville, Ohio. The 
OSU model also used this same data from two other USGS gages along 
the Tiffin and Blanchard Rivers (#04185000 and #04189000; e.g., 
Fig. 1). All models used the same weather data and were run over the 
2005–2014 period. On average, the five baseline model simulations 
were initialized with the following cropland coverages: cover crop 
implementation on 8% of the agricultural land (range: 6–10%); vege-
tated, riparian buffer strips on 31% (29–34%); subsurface drainage on 
75% (72–77%); continuous no-tillage on 32% (22–37%); and seasonal 
no-tillage (no-till on at least one crop, and no crop is conventionally 
tilled [Soil Tillage Intensity Rating >80]) on 42% (22–63%) (SI Table 4). 
As in a previous study (Scavia et al., 2017), the model results were 
standardized by multiplying the percent change from each model’s 
baseline by the average observed load at the Waterville gage station 
during 2005–2014 to better compare our predicted changes in loading to 
the watershed targets. Model validation was evaluated using common 
goodness-of-fit metrics (Moriasi et al., 2007), including Nash-Sutcliffe 
efficiency (NSE) and percent bias (PBIAS), for monthly discharge (of 
water) and loads of TP and DRP. 

The locations of critical source areas (CSAs) varied significantly 
across the models (Evenson et al., 2020). For TP, DRP, and TN, the 
models had an average percent agreement of 22%, 21%, and 27%, 
respectively. Some of the uncertainty in the location of CSAs was related 
to input parameters including where greater rates of fertilizers were 
applied. However, there was some variation that was undescribed and 
likely introduced due to structural and parameterization uncertainty 
(Evenson et al., 2020). The fact that these locations differed between 
models meant that the spatial distributions of practices in this modeling 
study varied, especially when practices were targeted to the CSAs. While 
these models and scenarios were evaluated at the watershed scale, 
related work has also investigated the impact of management scenarios 
at the field scale (Apostel et al. In Press). 

2.3. Sensitivity scenarios 

Initially, 13 conservation practices were simulated to guide the se-
lection of practices that were subsequently used in bundled management 
scenarios (Table 1). The sensitivity scenarios used unrealistic adoption 
rates (i.e. 100%) to identify the most effective practices across the five 
models, including source contributions (1–3) and management effects 
(4–13). Most management actions that were tested altered the timing 
and delivery method of fertilizers. We also tested the independent effects 
of cover crops, controlled drainage, and wetlands using standardized 
operations across the five models (SI Table 4). For example, controlled 
drainage was programmed to permit free drainage during planting and 
harvesting; while holding subsurface water levels at 0.5 m during 
summer; and 0.3 m below the surface during winter (Pease et al., 
2018a). The effects of each practice were evaluated in terms of percent 
reduction in the March–July TP and DRP loads and FWMC concentra-
tions compared to the baseline model results. 

2.4. Bundled management scenarios 

Following the preliminary analysis of the sensitivity scenarios, dis-
cussions with the stakeholder group were used to develop reasonable 
bundled management scenarios. Based on results from the sensitivity 
scenarios and previous modeling work (Scavia et al., 2016b, 2017), it 
was determined that subsurface P application, cover crops, and head-
water wetlands should be considered in the final set of scenarios because 
of their potential to reduce P loads. Vegetated riparian buffers were also 
included based upon results of past modeling and experimental evidence 
of their benefits (Hoffmann et al., 2009; Scavia et al., 2017). Another 
practice, continuous no-tillage, was chosen in one suite of practices 
because of known benefits to soil health (Congreves et al., 2015; 
Mitchell et al., 2017). Although reduced fertilizer application resulted in 
decreased P loads, this option was not considered actionable by our 
stakeholders. In addition to these practices, stakeholders had strong 
interest in further examining the effects of controlled drainage, despite 
resulting in increased P loads in the sensitivity scenarios. Many of the 
selected practices are also gaining acceptance by farmers across the 
watershed (Wilson et al., 2018, 2019). 

These selected practices were combined into five bundled manage-
ment scenarios (Scenarios 14–18) that were evaluated across the Mau-
mee River watershed (Table 1). Scenario 14 tested the random 
implementation of the bundled practices. Because previous studies have 

Table 1 
Sensitivity scenarios and bundled scenarios included in the multi-model simulations.   

Identification Description Purpose 

Sensitivity Scenarios 1 No point source discharge 100% point source removal source contribution 
2 No manure application 100% removal of P from manure (baseline N application maintained) source contribution 
3 25% P rate reduction 25% less P fertilizer applied source contribution 
4 Broadcast P All fertilizer is broadcast without incorporation management effect 
5 Broadcast and incorporated P All fertilizer is broadcast with incorporation management effect 
6 Subsurface applied P All P fertilizer is subsurface applied (99% below top 1 cm of soil) management effect 
7 Fall manure All manure applied in fall management effect 
8 Spring manure All manure applied in spring management effect 
9 Fall and spring manure Manure applied half in spring and half in fall management effect 
10 Rate, placement, and timing Fertilizer and manure P applications decreased by 50% and subsurface 

applied P in the fall 
management effect 

11 Cereal rye cover crop Cover crops on 100% of cropland management effect 
12 Controlled drainage Controlled drainage (or drainage water management) in 100% of tile- 

drained areas by 
management effect 

13 Headwater wetlands Wetlands in all subbasins receive 50% of flow management effect 
Bundled Management 

Scenarios 
14 In-field + Buffers (Random) 58% cover crops + 50% subsurface placement of P + 78% buffer strips scenario, random implementation 
15 In-field + Buffers 58% cover crops + 50% subsurface placement of P + 78% buffer strips scenario, targeted implementation 
16 Likely Adoption of In-field +

Buffers 
60% cover crops + 68% subsurface placement of P + 50% buffer strips scenario, survey data, targeted 

implementation 
17 In-field + Wetlands 58% cover crops + 50% subsurface placement of P + 78% wetlands scenario, targeted implementation 
18 In-field + Controlled 

drainage 
50% cover crops + 60% subsurface placement of P + 50% no-tillage +
15% controlled drainage 

scenario, targeted implementation  

J.F. Martin et al.                                                                                                                                                                                                                                



Journal of Environmental Management xxx (xxxx) xxx

5

documented better performance with the targeted implementation of 
management practices in areas with the greatest potential for P export 
(Muenich et al., 2016), modelers and stakeholders agreed that only 
targeted options would be evaluated for the remaining bundled Sce-
narios (15–18). A likely-adoption scenario (Scenario 16) was guided by 
survey data for cover crops and subsurface placement (Wilson et al., 
2018) with riparian buffer adoption set to 50%. Despite the survey 
showing 78% of farmers were willing to adopt a riparian buffer (Wilson 
et al., 2018), our stakeholder group perceived this level of adoption was 
unlikely because there would be resistance to converting so much arable 
land to buffers. The final two scenarios replaced buffer strips from 
Scenario 15 with wetlands (Scenario 17) or controlled drainage (Sce-
nario 18). The stakeholder group agreed that while achieving this level 
of adoption would be cumbersome, these scenarios represented action-
able paths forward. 

3. Results and discussion 

3.1. Model calibration and validation 

The calibrated multi-model averages were similar to the measured 
March–July loads of TP and DRP. The only bias identified was an over 
prediction of DRP (+42%) at extremely low loads (<85 metric tons) by 
some models (Fig. 2). Baseline model evaluation indices at the 

monitored outlet location were generally within recommended levels for 
SWAT model validation (Table 2) (Arnold et al., 2015; Moriasi et al., 
2007). In most cases, the model exceeded the satisfactory range and 
could be considered good to very-good according to the standards of 
Moriasi et al. (2007). These criteria indicated that the UT model had the 
lowest efficiency in predicting DRP and TN loads. While this model was 
within the satisfactory range for DRP loads, it performed unsatisfactorily 
in predicting TN loads. Because TN changes were only considered in 
relation to TP within this study, this model was still included in the full 
analysis. To further evaluate the models’ performance, we completed 
“soft validation” (Arnold et al., 2015) and found general agreement 
when comparing modeled results to water budget and crop yield data 
from field monitoring (SI Table 5). Similar to past ensemble modeling 
(Scavia et al., 2017), selecting one model from this group based on better 
performance may be appealing but all models reasonably represented 
the baseline conditions. 

3.2. Sensitivity scenarios 

The advantage of using an ensemble modeling approach was that it 
showed which practices had the greatest and most consistent effect in 
multiple models, and it also described the agreement and variability in 
our predictions. For sensitivity scenarios, we focused on the response of 
P concentrations to changes in each management practice because we 

Fig. 2. Models were calibrated against the March–July flow rate and nutrient loads. The predicted values are plotted against the observed values for the five models 
for (A) average daily flow rate; (B) TP load; (C) DRP load; and (D) TN load. The 1:1 line is shown as the dashed line. 
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found that the relative change was similar to those observed for loads 
(Martin et al., 2019; SI Table 7). All five models showed that fertilizer 
rate reductions, subsurface placement, cover crops, and headwater 
wetlands (Scenarios 3, 6, 10, 11, and 13) had the largest reductions in TP 
concentrations and loads (Fig. 3; SI Table 6). There was also agreement 
across the models that DRP concentrations and loads decrease as a result 
of these practices, with the exception of the use of headwater wetlands. 
However, altering the timing of fertilizer application (Scenarios 7–9) or 
changing all application to broadcast and incorporation had inconsistent 
effects and either increased or decreased P concentrations. Two sce-
narios increased TP and DRP concentrations and loads across all models: 
broadcasting of all fertilizers (Scenario 4) and controlled drainage 
(Scenario 12; SI Table 7). Several other studies have shown that 
controlled drainage has minimal effects on TP and DRP concentrations, 
while load reductions have been realized because of decreases in 
discharge volume (Pease et al., 2017; Sunohara et al., 2015; Williams 
et al., 2015). 

To further evaluate the effect of each management practice, as well 
as the variability among the five models, we computed the change in TP 
and DRP concentrations for each practice. Across the five models, the 
range of effectiveness for each of these management practices was 16% 
for TP and 24% for DRP on average. For example, the reduction of DRP 
concentrations when cover crops were implemented ranged between 
− 1.3% and − 11.4%, or a range of 10.1%. The management practices 
that had the greatest variability among models included headwater 
wetlands and subsurface application (Scenarios 6, 10, and 13). In the 
case of subsurface placement, one model predicted TP and DRP con-
centrations decreased by 44% and 67%, respectively, which deviated 
greatly from the average reductions of 18% and 22.8%. While there was 
much variability in the extent of reductions, there was consistency in the 
absolute and relative effect, as all models agreed that subsurface 
placement had the greatest potential to reduce TP and DRP concentra-
tions and loads. Rainfall simulation studies have shown that subsurface 
application of fertilizer can reduce P loss by as much as 66–98% (Smith 
et al., 2016; Williams et al., 2018), suggesting that the large reduction 
predicted by the one model may be realistic. Notably, the variability in 
predictions may partially originate from differences in the initialization 
of the baseline conditions, such as the assumed initial extent of sub-
surface placement across the watershed, in addition to differences in 
processes and other parameters of the models (SI Tables 2–4; Evenson 
et al., 2020). 

Removing P from manure and point sources yielded similar effects on 
March–July loads to Lake Erie. On average, TP decreased by 5.7% by 
removing point sources and 7.2% by removing manure. The changes to 
DRP were a 10.4% decrease by removing point sources and an 7.7% 
decrease by removing manure. Despite modeling improvements to ac-
count for CSOs, similar point source contributions of TP and DRP were 
found in previous work (Scavia et al., 2017). Our results provided esti-
mates of the contribution of manure P fluxes in the Maumee River, 
which were not estimated in the previous work (Scavia et al., 2017). This 
is an important advancement because studies in the Maumee River 
watershed have indicated manure application to be an substantial 

source of P loading in this watershed (Kast et al., 2019; Robertson and 
Saad, 2011). Here, we showed that eliminating point sources, manure, 
or the combination of the two entirely from the watershed would be 
insufficient to reach the established P reduction goals. 

3.3. Bundled-management scenarios 

Evaluating the number of years that the TP loading target was met by 
the average of the five models revealed that the 9-out-of-10-year goal 
was not met by any scenario. In fact, the average number of years that 
the TP load target was met never exceeded 8-out-of-10 years. However, 
the average number of years the TP loading target was met was at least 
6.8 years for three scenarios (Scenarios 15–17) and was never less than 
5.8 years (Scenario 14; Fig. 4A). The average result for TP in the targeted 
placement of cover crops, riparian buffers, and subsurface placement 
(Scenario 15) was 8-out-of-10 years. This was an improvement of 2.2 
years from when these same BMPs were placed randomly across the 
watershed (Scenario 15 vs. 14). Similar to a previous study (Scavia et al., 
2017), these results highlight that even with widespread adoption rates, 
water quality benefits can be accelerated and resources used more 
efficiently when practices are placed in areas contributing the greatest 
amount of P. 

The agreement among model results provide confidence in the 
finding that the bundled-management scenarios are more likely to reach 
the TP target than the DRP target. For every bundled scenario, the 
average prediction never exceeded 5.4 years in meeting the DRP load 
target, meaning that the targets would only be met in about 2.2 addi-
tional years compared to the baseline. Results from the five models 
varied by 3–6 years in terms of how frequently the TP and DRP targets 
were met under any scenario. The greatest variation in meeting the 
targets occurred in the scenario with wetlands (Scenario 17) where the 
range was 7.2 years for both TP and DRP. Alternatively, there was a 
smaller range for the “likely-adoption” scenario (Scenario 16) with 
variance of 2.3 and 1.7 years for TP and DRP, respectively. 

Using the FWMC benchmarks provide greater clarity in the effec-
tiveness of the various management strategies, compared to 9-out-of-10- 
year targets because FWMC removed the effects of the highly variable 
flows. For FWMC, two scenarios (Scenarios 15 and 16) on average met 
the TP concentration target, while DRP FWMC concentrations still 
exceeded the target by 20–30% in those scenarios (Fig. 4B, SI Table 6). 
Although no scenarios were sufficient to meet the FWMC goal of 0.05 
mg L− 1 for DRP (based on the average of model outputs), four of the 
bundled-management scenarios made progress toward this goal by 
reducing DRP concentrations from 0.08 mg L− 1 (observed) to ≤0.065 
mg L− 1. The largest and most consistent reductions were found in sce-
narios 15 and 16, both of which targeted the implementation of sub-
surface placement, cover crops, and riparian buffers. The range for these 
two scenarios were all <1% of the model averages for FWMC for both TP 
and DRP. Predicted percent reductions in FWMC ranged from 24% to 
53% for TP (average 36%) and 22%–48% for DRP (average 35%) across 
the bundled scenarios among the five models. The greatest variability 
for decreases in TP FWMC was in Scenario 17, while the greatest 

Table 2 
The performance of the five SWAT models were evaluated over the entire 2005–2014 period and were compared to standards for satisfactory performance established 
by Moriasi et al. (2007)1 for percent bias (PBIAS) and Nash-Sutcliffe Efficiency (NSE).     

Satisfactory Performance 
Range1 

Multi-Model 
Average 

Ohio State 
University 

LimnoTech University of 
Michigan 

Heidelberg 
University 

University of 
Toledo 

PBIAS 
(%) 

Discharge +/- 25 2.2 − 3 11 1 2 0.1 
TP +/- 70 − 2.7 19 − 13 1 − 7 − 13 
DRP +/- 70 5 − 4 − 15 7 7 32 
TN +/- 70 − 11 − 11 − 24 − 4 − 3 − 12 

NSE Discharge >0.50 0.89 0.99 0.91 0.94 0.88 0.83 
TP 0.70 0.71 0.77 0.61 0.73 0.66 
DRP 0.67 0.73 0.67 0.69 0.77 0.50 
TN 0.58 0.64 0.59 0.77 0.74 0.17  
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variability in DRP FWMC occurred in Scenario 18. Our results highlight 
the need to generate more edge-of-field data for the simulated practices 
– particularly, subsurface drainage and wetlands – against which models 
can be compared. 

While P reduction goals have been set to reduce the size of algal 
blooms, nitrogen loading also plays an important role in determining the 
toxicity of these blooms (Gobler et al., 2016; Newell et al., 2019). Thus, 
we considered the effects that the management scenarios had on TN:TP 
loading ratios (Fig. 4C, SI Table 6). In all cases, implementation of the 
scenarios increased the TN:TP ratios from the baseline scenario because 
the BMPs were more effective at reducing P rather than nitrogen. The 
uncertainty in TN:TP loading ratios generally followed the pattern 

observed in TP loading, with the greatest variability in Scenario 17. The 
magnitude of this change was smallest for the controlled drainage sce-
nario (Scenario 18) because this practice increased anaerobic soil zones 
with the potential to reduce nitrogen loads through denitrification 
(Sunohara et al., 2015). The relation between TN:TP loading ratios and 
algal growth or toxin-production is complex and dynamic (Davis et al., 
2015; Downing et al., 2005; Lee, S. J. et al., 2000). Therefore, it is 
difficult to explicitly state how the simulated management efforts would 
affect the toxicity of the blooms, but these results predict that focusing 
management action on P reduction could shift the Lake Erie stoichio-
metric balance towards more available nitrogen relative to P. 

For the first two bundled management scenarios (Scenarios 14 and 
15), the LT model showed the greatest response in TP reduction with 8 
and 10 years meeting the water quality targets (SI Table 7). The greatest 
magnitude of change by altering to a targeted approach occurred for the 
UT model which went from predicting 3 years–7 years in which the 
target was met. Only the OSU model showed no change when the 
practices were targeted in terms of years that the targets were met. In 
fact, the OSU model predicted that the TP target would be met in 7-out- 
of-10 years for all of these scenarios except when wetlands (Scenario 17) 
were introduced leading to meeting the target in 9-out-of-10 years. For 
TP, the HU model never predicted that the loading target would be met 
in more than 5-out-of-10 years except in the case of the likely-adoption 
scenario (Scenario 16) 

The UM model consistently yielded the greatest reduction of DRP 
loads, reaching the DRP reduction goals for Scenarios 15, 17, and 18, 
while this reduction was often less pronounced in the HU outputs. This 
can largely be explained by the fact that subsurface placement had 
greatest effects in the UM model, while there was less of an effect of 
subsurface placement and riparian buffers in the HU model (SI Table 6). 
The patterns that emerged from individual models regarding TP loads 
were also found with DRP loads. The UT model showed a 3-year increase 
in the number of years that the target would be met by altering the in- 
field & buffers practices to a targeted approach (Scenarios 14 and 15). 
Once again, the OSU model demonstrated no additional benefit from 
targeting in terms of the years that the target was met. 

Generally, the UT and HU models predicted that meeting the TP and 
DRP loading targets was less likely than other models. Alternatively, the 
greatest effect was often observed with the UM and LT. It is worth 
recalling that the UM and LT models had greater resolution in terms of 
HRU size compared to the UT and HU models that might be associated 
with this greater performance. However, the UM model showed greater 
P load reduction with subsurface placement while the LT model had 
greater results with cover crops (SI Tables 5 and 6). Across the water-
shed, there is a lack of data to show how effective the simulated BMPs 
can be. This raises a further point as to why selecting the best- 
performing model based on validation metrics (i.e. PBIAS and NSE) 
alone is not advisable. Much of the uncertainty in the effectiveness of 
practices in these five models arose from how effective these practices 
are, and multiple models can be used to identify the range of possibilities 
in meeting water quality goals. 

Previous modeling of the Maumee River watershed showed that 
management scenarios were capable of reaching the TP and DRP water 
quality targets based on the average load over several years (Scavia 
et al., 2017). Based on results from this study, we found that no scenario 
average was capable of reaching the targets in 9-out-of-10 years. Results 
of individual models, however, did predict concentrations and load re-
ductions that did meet these goals. This results in the conclusion that to 
reach the established P reduction targets will require rates of adoption 
greater or equal to those included in these scenarios. A concerning 
finding was that implementation of most scenarios would make less 
progress in meeting the DRP loading targets compared to TP. It will be 
crucial to find new technologies that are more effective at reducing DRP 
because most of the practices examined here had a greater effect on 
reducing particulate P than dissolved P. Whereas only a portion of 
particulate P is bioavailable (~26%), DRP is entirely bioavailable to the 

Fig. 3. Changes in March–July flow-weighted mean concentrations (FWMC) 
for both TP and DRP for each sensitivity scenario. Results from the five models 
were averaged across the 2005–2014 period (n = 5 for each box). The blue 
asterisks (*) represent the average, vertical line inside the box represents the 
median, edges of the box denote the 25th and 75th percentiles and the whiskers 
identify the minimum and maximum values of model results. (For interpreta-
tion of the references to colour in this figure legend, the reader is referred to the 
Web version of this article.) 
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algal bloom (Stumpf et al., 2016). Ideally, such practices would be 
capable of simultaneously reducing both forms of P and nitrogen loads. 

4. Conclusions 

Our results demonstrate the importance of integrated studies 
involving ensemble models, behavioral science and stakeholders in 
adaptive management approaches to address coastal eutrophication 
(Zedler, 2017). Advances in technology, modeling routines, and data 
collection have led to improved models, and these improved models 
could be used to simulate scenarios derived through stakeholder 
engagement. Ensemble modeling, possibly also including other types of 
watershed models, is a useful approach to gaining assurance in the types 

and extent of practices required to reach water quality targets. Such 
assurance can help alleviate some of the risks in policy-making decisions 
that use modeling results to guide implementation of BMPs. 

There was agreement across all models that practices, such as fer-
tilizer rate reductions, subsurface placement of P, cover crops, and 
headwater wetlands, would reduce P loads and concentrations. How-
ever, due to variation in P reductions found among models, there was 
uncertainty about the degree of reductions for some of these practices. 
For example, there was general agreement that subsurface placement of 
fertilizers and manure resulted in larger reductions in FWMC of DRP 
providing assurance that it would yield the greatest declines in DRP 
loads. While the performance of bundled management scenarios varied 
across models, the average output across these models were consistently 

Fig. 4. Results of bundled-management scenarios simulated from 2005 to 2014. (A) Loads predicted within each scenario compared to the March–July loading 
targets for TP (860 metric tons) and DRP (186 metric tons). The blue asterisks (*) represent the average, the black line represents the median, the box is the 
interquartile range, and the whiskers show the range of model results. The green dashed line and shaded area represent when the 9-out-of-10 year target would have 
been reached. The black dashed-line represents the number of years that the TP and DRP loading targets had been met during the simulated period based upon 
observed data. (B) Effects of the management practices on March–July FWMC for TP and DRP. Bar height represents the average and whiskers show the range 
calculated across the five models. The green-dashed line and shaded area represent the targets set for TP and DRP concentrations are 0.23 and 0.05 mg L− 1, 
respectively. (C) March–July total nitrogen to total phosphorus ratio (TN:TP) calculated on a molar basis. The blue asterisks (*) represent the average, the dark black 
line represents the median, the box is the interquartile range, and the whiskers show the range of model results. (For interpretation of the references to colour in this 
figure legend, the reader is referred to the Web version of this article.) 
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less than the 9-out-of-10-year goal indicating that rates of adoption 
beyond these scenarios are needed. It was also clear the targeted 
application was preferable to random application of management 
practices, that the tested practices produced greater reductions in TP 
than DRP, and that these practices would reduce P at greater rates than 
nitrogen. Variability in these modeling results is a key benefit of using an 
ensemble modeling approach to evaluate the potential of management 
practices. While this effort substantially improved upon and addressed 
limitations compared to previous work (Scavia et al., 2017), there was 
consistency in regard to the limited contributions from point sources and 
manure. As with the previous model, the TP FWMC target was met over 
the 10-year period by some scenarios, but this did not equate to the 
loading target being met in at least 9-out-of-10 years. This means there is 
no feasible path that can be followed to achieve the goals of the GLWQA. 

Including a diverse set of stakeholders led to improved representa-
tion of P sources and existing management practices in our models. 
Further, we developed more feasible management scenarios with these 
partners and by using recent survey data suggesting maximum voluntary 
adoption rates of practices. With these improvements, model results 
demonstrated the challenge of meeting the 9-out-of-10-year P reduction 
goal. Further, stakeholders also aided in the production of a variety of 
outreach materials (http://kx.osu.edu/project/environment/habri-mu 
lti-model) that are available to the general public, thus developing 
and disseminating our findings for a wider audience. 
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