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Abstract: The Intergovernmental Panel on Climate Change (IPCC) has predicted that 
changes in climate patterns (higher temperatures, changes in extreme precipitation events, 
and higher level of humidity) will adversely impact water quality. Given the implications of 
climate change on water and soil quality, it is important for watershed managers, stakeholders, 
and policymakers to understand not only the effectiveness of different conservation practices 
in improving water quality, but also the cost-effectiveness of a watershed-level policy program 
designed for implementing conservation practices. A system of points measuring the effi-
ciency of five conservation practices in reducing nutrient (nitrogen [N] and phosphorus [P]) 
runoff are estimated using the Soil and Water Assessment Tool (SWAT) model in this study 
for the Boone River watershed (BRW) in north central Iowa. The points can be interpreted 
as indices of the environmental benefits associated with each conservation practice. Among 
the various market instruments proposed as resource and cost-revelation mechanisms, com-
petitive biddings, also referred to as “reverse auctions” or procurement auctions, have come 
to the attention of researchers and policymakers. Competitive bidding mechanisms induce 
landowners to submit bids close to their opportunity costs, thus increasing the budgetary 
cost-effectiveness and revealing the true costs of adopting different conservation practices. 
This study considers the cost efficiency of reverse auction programs designed for improving 
water quality in the BRW, where the bids are constructed using the system of points.

Key words: agriculture—climate change—conservation practices—nitrogen reductions—
reverse auction—Soil and Water Assessment Tool (SWAT)

During the past few decades, Iowa’s cli-
mate experienced significant variability 
in the precipitation patterns with wetter 
springs and dryer falls, increase in dew 
point humidity levels, higher nighttime 
minimum temperatures, and a higher 
number of frost free days (Berendzen 
et al. 2010). These changes have had both 
positive and negative impacts on Iowa agri-
cultural production and negative impacts on 
soil or water quality. One of the most nota-
ble climate changes over the central United 
States has been an increase in the frequency 
of intense rainfall (Groisman et al. 2012). In 
Iowa, the observed frequency of daily precip-
itation exceeding 101.6 mm (4 in) increased 
by 23% for the 30-year climate normal 
period of 1981 to 2010 compared to 1951 

to 1980. The increase was especially great 
during the spring, which saw an 81% increase 
between the same two 30-year periods (fig-
ure 1). The increase in extreme rainfall events 
has resulted in higher erosion of topsoil. For 
example, in 2008 the soil erosion rates for 
some Iowa areas were as high as 112 t ha–1 
(50 tn ac–1) compared to the average rate of 
11.2 t ha–1 (5 tn ha–1) as reported (Berendzen 
et al. 2010). Moreover, more intense rainfall 
results in increased surface water runoff and 
subsurface drainage, thus resulting in more 
sediment and water pollution. It has been 
further shown that there is a correlation 
between nitrate (NO3) loss and the amount 
of precipitation (Berendzen et al. 2010).

At the national level, reducing the nitro-
gen (N) and phosphorus (P) loadings from 

the agricultural Midwest region is an 
important objective for reducing the size of 
the hypoxic zone in the Gulf of Mexico. At 
the state level, in 2010, Iowa Department of 
Agriculture and Land Stewardship and the 
College of Agriculture and Life Sciences at 
Iowa State University signed a partnership 
for developing a statewide nutrient reduc-
tion strategy for Iowa. The overall goal is a 
45% reduction in the N and P loads that 
reach the Mississippi River (IDALS 2016).

Given the implications of climate change 
and variability on water and soil quality, it 
is important for watershed managers, stake-
holders, and policymakers to understand not 
only the effectiveness of individual conser-
vation practices in improving water quality, 
but also the cost-effectiveness of water-
shed level policy programs designed for the 
implementation of conservation practices.

Since the current regulatory framework 
supports only voluntary approaches, design-
ing incentives programs that are both cost 
efficient and budgetary cost-effective is 
critical. Cost-efficiency implies getting the 
right mix of program participants and their 
activities in order to ensure that society’s 
resources are not being wasted in achieving 
a particular environmental goal, while the 
budgetary cost-effectiveness implies using 
the conservation budgets as far as possi-
ble, minimizing the unnecessary transfer of 
funds to private landowners.

Among the various market instruments 
proposed as resource and cost revelation 
mechanisms, competitive biddings, also 
referred to as “reverse auctions” or procure-
ment auctions, have come to researchers’ and 
policymakers’ attention. Competitive bidding 
mechanisms induce the landowners to sub-
mit the bids close to their opportunity costs, 
thus increasing the budgetary cost-effective-
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ness and revealing the true costs of adopting 
different conservation practices. In this study, 
we determine how the effectiveness of dif-
ferent conservation practices will be affected 
by climate variability and consider and simu-
late the cost efficiency of a reverse auction as 
an incentive mechanism designed to improve 
water quality at the watershed level in the 
presence of climate change. Our empirical 
analysis is focused on a typical agricultural 
watershed in Iowa, the Boone River water-
shed (BRW).

Specifically, we identify a set of manage-
ment practices and/or cropping systems, 
which are evaluated in the Soil and Water 
Assessment Tool (SWAT) ecohydrological 
model (Arnold et al. 1998, 2012b; Gassman 
et al. 2007; Williams et al. 2008; Beiger et 
al. 2016), to determine their effectiveness at 
reducing N emissions. Next, we couple four 
coupled atmosphere-ocean general circula-
tion models (GCMs) projections with SWAT 
to identify the impacts of climate change in 
combination with the selected management 
practices and cropping systems. Furthermore, 
we simulate thousands of possible watershed 
configurations under the historical weather 
and under each of the future climate scenar-
ios. Using these simulations, we are able to 
estimate a system of points, where a point 
approximates how efficient a management 

practice is in reducing nutrient runoff at 
the field level. The points system can be 
interpreted as a numerical scoring system 
where the effectiveness of each conservation 
practice is determined using SWAT-based 
simulations. Next, we used this point-based 
numerical scoring system with cost data on 
the management practice to construct a sim-
ple ranking method for selecting bids and 
simulate the cost-effectiveness of a reverse 
auction as a policy instrument for improving 
water quality in the watershed. This system 
of points essentially replaces the need to 
execute SWAT by approximating the effec-
tiveness of different conservation practices 
in reducing nutrient loads at the watershed 
level. It should also be noted that the point 
coefficients have no specific geophysical 
meaning, even though the point coefficients 
differ for specific conservation practices 
across the watershed as discussed below.

We begin by briefly describing the basic 
mechanisms behind reverse auctions and 
how a system of points associated with the 
conservation practices can be used in imple-
menting such an auction either to achieve 
nutrient reductions goals or cost-effective-
ness of a given budget. We then describe the 
set of conservation or management practices 
for the watershed and provide the technical 
details regarding the SWAT baseline hydro-

logic and pollutant testing. Next, we provide 
a succinct description of the set of future cli-
mate scenarios. Finally, using cost data on the 
implementation of management practices as 
proxies for the compensation that farmers 
would be willing to accept for participating 
in these reverse auctions, we evaluate the 
outcomes of a reverse auction mechanism 
under different assumptions.

Materials and Methods
Reverse Auction and Point Estimates. A 
reverse auction is an incentive selection 
process that includes a monetary bid (the 
willingness to pay for adopting a con-
servation practice) and a ranking of the 
environmental benefits associated with that 
conservation practice. Some relevant exam-
ples involving the competitive mechanisms 
(reverse auctions) include the Conservation 
Reserve Program (CRP) in the United 
States (USDA FSA 2011), the Bush Tender 
program in Victoria, Australia (DSE 2008), 
and the Challenge Funds program in the 
United Kingdom (CJC Consulting 2004). To 
our knowledge, little empirical research has 
been done toward understanding the effects 
of weather variability on the cost-efficiency 
of reverse auctions designed for improving 
water quality. There are only a few studies 
that either simulated the use of a system of 
points or the outcomes of a reverse auction; 
however, those simulations considered only 
the current climate patterns.

Rabotyagov et al. (2013) presented a theo-
retical model of water quality, which captures 
the main characteristics of pollution within 
an agricultural watershed. They empirically 
estimated a simplified proxy model for the 
complex process that characterizes the fate 
and transport of agricultural pollutants and 
applied this model to a variety of empirical 
studies to evaluate alternative policy programs 
(command-and-control, a performance stan-
dard, and trading) designed to improve water 
quality. This is one of the first studies when 
a simplified trading program based on points 
that measure the impact of abatement actions 
had been carefully examined in a simulation 
environment, where the simulations are cali-
brated to real world watersheds.

Rabotyagov et al. (2014) used the 
advanced modeling tools to support the 
design and implementation of an “improved” 
reverse auction designed for addressing 
nutrient reductions. The authors demon-
strated the gains from an “improved” reverse 

Figure 1
The ratio of annual and spring frequencies of occurrence for daily precipitation amounts of 12.7, 
25.4, 50.8, 76.2, and 101.4 mm for the period 1981 to 2010 vs. 1951 to 1980.
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auction relative to a simpler ranking of bids 
for the Raccoon River watershed in Iowa. 
It was shown that a more efficient allocation 
of a reverse auction had the potential to lead 
to substantial improvements in water quality.

Previously, these benefits have been 
approximated using models of erosion con-
trol, such as the universal soil loss equation 
(Rabotyagov et al. 2014). While offering a 
relatively good approximation of the effects 
at the edge-of-field, one downside of these 
models is the poor approximation of the 
effects of conservation actions on down-
stream water quality.

To overcome these issues, we estimate a 
system of points that measure the effective-
ness of each conservation practice in reducing 
nutrient runoff (nonpoint source pollution). 
The point values assigned to each abatement 
practice approximate (1) how effective an 
abatement practice is in reducing the edge-
of-field emissions, and (2) the impact of the 
edge-of-field reduced emissions on the ambi-
ent (downstream) water quality (Rabotyagov 
et al. 2013; Valcu 2013). To estimate the system 
of points, we use the methodology described 
and used by Rabotyagov et al. (2014). The sys-
tem of point values is estimated assuming both 
current weather patterns and simulated future 
climate scenarios. The points can be inter-
preted as indices of the environmental benefits 
associated with each conservation practice.

Using the point-based system and the 
costs associated with the implementation of 
each conservation practice, we determine 
a simple ranking mechanism for a reverse 
auction. We measure the reverse auction’s 
outcomes in terms of total costs and total 
nutrient reductions and use a ranking based 
on points (benefit) to cost ratio.

In a typical reverse auction, sellers submit 
monetary bids in exchange for an action or 
the provision of a good or a service. The buyer 
ranks the bids in terms of benefits and cost and 
selects the bids that offer the highest bene-
fit-to-cost ratio. The number of bids accepted 
depends on the buyer’s goals as well as on the 
available budget. The total cost of the reverse 
outcome is given by the sum of the monetary 
bids enrolled in the reverse auction.

In the case of a reverse auction for nutrient 
reductions, farmers are the sellers who sub-
mit monetary bids in exchange for adopting 
different conservation practices. The buyer 
can be represented by a local or federal 
agency whose goal is to achieve a goal of 
nutrient reductions given a limited budget. 

The costs of implementing the conservation 
practices represent the monetary bids, while 
the system of points represents the benefits 
associated with these conservation practices. 
Thus, we construct a simple ranking system 
based on the point value-to-cost ratio. 

We assume that each field in the water-
shed represents a participant in the reverse 
auction. In order to simulate the outcomes, 
we need to determine first, what bid is sub-
mitted by each field and second, what bids 
(fields) are accepted to participate.

For each field in the watershed, given its 
location in the watershed, we assign point 
values for each conservation practice. Next, 
we select the conservation practice that is 
the most cost-effective (i.e., has the highest 
benefit-to-cost ratio) using the ratio of point 
value to costs. In this way, we are able to 
identify the conservation practice that results 
in the most nutrient reduction relative to its 
associated costs (the monetary bid). Given 
that for each field, we identify the monetary 
bid and the associated benefit (point value) 
to cost ratio, based on this ratio, then rank all 
the fields in the watershed from highest to 
lowest. The simple ranking rule allows us to 
identify the most cost-effective conservation 
practice at the field level. The total cost is 
given by the sum of costs associated with the 
conservation practices accepted in the auc-
tion. The number of fields and the associated 
conservation practices enrolled in the auc-
tion depend on either the nutrient reduction 
goals or the budget available to the agency. 
Using the SWAT model, we can determine 
how much reduction would be achieved if all 
fields (bids) would be accepted to participate 
in a reverse auction (full participation), how 
much reductions would be achieved if only a 
limited budget is available, and whether this 
simple ranking mechanism is sufficient for 
achieving a given nutrient reduction goal.

Watershed Description. The BRW drain-
age area of 2,370 km2 (915.1 mi2) consists of 
portions of six north central Iowa counties 
(Hamilton, Hancock, Humboldt, Kossuth, 
Webster and Wright) and is classified as one 
of the 131 US Geological Survey (USGS) 
eight-digit hydrologic units that comprise 
the Upper Mississippi River Basin (figure 
2), as defined in the National Watershed 
Boundary Dataset (WBD; USGS 2013). 
The subwatersheds delineated for the BRW 
SWAT simulations (figure 2) are generally 
coincident with the 12-digit hydrologic unit 
boundaries (USGS 2013) defined for the 

BRW, which are always wholly contained 
within a larger 8-digit hydrologic unit as 
defined within the overall WBD classification 
scheme (USGS 2013). Figure 2 also shows 
the locations of the climate data stations and 
the sites where measured streamflow and 
pollutant data have been collected. 

Flat landscapes with slopes <2% are the 
predominant topographic characteristic of 
the BRW, which also featured extensive 
depressional or palustrine wetlands prior 
to European settlement (Miller et al. 2009). 
These level landform areas are further charac-
terized by poorly drained soils (almost 60% of 
the BRW soils) and “all hydric” or “partially 
hydric” soils (over 75% of the BRW soils), 
where a hydric soil is defined as a soil profile 
that consists of saturated, flooded or ponded 
conditions that persist for sustained periods 
during a growing season, producing anaero-
bic conditions that can result in detrimental 
effects on crop growth (USDA NRCS 2008; 
Vepraskas 2016). Most of the original BRW 
wetlands and hydric soils have been drained 
via subsurface tile drains and surface ditches, 
resulting in intensively cropped landscapes 
across the majority of the watershed.

Land use in the watershed is dominated by 
row crop production, based on a field-level 
survey of the entire BRW that resulted in 
the following distribution (Gassman 2008): 
corn (Zea mays) (48.5%), soybean (Glycine 
max L.) (41.4%), CRP and other grassland 
(5.4%), woodland (2.6%), urban areas (2%), 
and water or wetlands (<0.1%). This land 
use distribution is very consistent with the 
BRW land use distribution reported in 
USDA NRCS (2008). Further, the 2005 
field survey results indicated that 94% of the 
cropland was planted in two-year rotations of 
corn and soybean, 4.3% in continuous corn, 
1.5% in corn–corn–soybean, and very small 
percentages in other rotations. This distribu-
tion of rotations again agrees closely with 
the rotation percentages reported in USDA 
NCRS (2008).

Gassman (2008) tabulated 109 swine, 13 
cattle, and 6 chicken (layers) confined ani-
mal feeding operations (CAFOs) within the 
BRW at the time the field survey was con-
ducted, based on data provided by IDNR 
(2005). Over 480,000 pigs were produced 
across the 109 swine operations, which was 
by far the dominant livestock type in terms 
of total animal units or AU (>192,000 AUs). 
Nearly 7 million chickens were housed in 
the laying operations, which was equivalent 
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to almost 70,000 AU. Relatively few cattle 
are produced in the BRW (4,265 AU in 
2005). An examination of more recent BRW 
livestock production data (IDNR 2016) indi-
cates that some increase in swine and chicken 
operations has occurred in the past few years. 
However, this increase would not have a major 
impact regarding the land-applied nutrients 
that were simulated during the 1995 to 2013 
simulation period.

Description of Soil and Water Assessment 
Tool Model. Current SWAT model codes 
represent an interwoven evolution of phys-
ical and empirical techniques that has been 
ongoing for several decades (Williams et al. 
2008; Gassman and Wang 2015; Arnold et al. 
2012b; Beiger et al. 2016). The model struc-
ture consists of several main components 
including climatic inputs, hydrologic balance 
and streamflow, plant growth and crop yields, 
soil erosion and sediment transport, nutrient 

cycling, transport and transformation, pes-
ticide fate and transport, and management 
practices. SWAT applications can be exe-
cuted on a daily or subdaily time step for 
long-term continuous simulations that span 
watershed scales ranging from <1 km2 (<0.38 
mi2) to major river basins or entire conti-
nents (Gassman et al. 2007, 2014). A typical 
application of SWAT involves delineating 
a watershed into multiple subwatersheds, 
which are then further subdivided into mul-
tiple Hydrologic Response Units (HRUs) 
that are characterized by homogeneous 
land use, management, topography, and soil 
characteristics. HRUs in the current model 
structure represent a percentage area of the 
respective subwatershed and are not recog-
nized spatially within a SWAT application. 
Hydrologic and pollutant outputs generated 
at the HRU level are first summed across all 
HRUs in a subwatershed, and the resultant 

discharge from the combined flow pathways 
and pollutant loads are then routed through 
channels and impoundments (if present) to 
the watershed outlet.

Several enhancements were built into 
SWAT2005 (used by Gassman 2008) at the 
time of formal public release (Gassman et al. 
2007; Neitsch et al. 2005a, 2005b), includ-
ing (1) an alternative runoff curve number 
(RCN) approach (USDA NRCS 2004) 
computed as a function of evapotranspira-
tion (ET), which requires the use of a RCN 
coefficient or depletion coefficient denoted 
as CNCOEF (Kannan et al. 2008; Neitsch 
et al. 2005a, 2005b), and (2) an improved 
empirical approach for simulating subsuace 
tile drain functions that was developed by 
Du et al. (2005, 2006) and further modified 
by Green et al. (2006). Both of these algo-
rithms are key components of the SWAT 
version 2012 (SWAT2012), Revision 615 
application reported in this study. Detailed 
theoretical and input data descriptions can be 
accessed in the latest SWAT documentation 
(Neitsch et al. 2011; Arnold et al. 2012a).

Boone River Watershed Soil and Water 
Assessment Tool Input Data, Model 
Structure, and Testing Results. Gassman 
(2008) provides a very detailed description of 
the input data required for the BRW SWAT 
simulations. Thus, just a brief overview of the 
input data is presented here. The data sources 
for the different primary input data are listed 
in table 1. Soil, topographic, climate, and 
point source data were obtained from vari-
ous Iowa data sources. The point source data 
were not part of the original SWAT setup 
(Gassman 2008), but were added later so 
that nutrients discharged to the BRW stream 
system from point sources were accurately 
accounted for.

The baseline land use, tillage practice, and 
conservation practice data were collected via 
the previously described field-by-field survey 
in 2005 (table 1). The land use data included 
estimates of crop rotation patterns as well as 
the growing season land use for that year. The 
survey showed that over 90% of the cropland 
was planted in two-year sequences of corn 
and soybean and that remaining small per-
centages of the cropland area were managed 
with continuous corn, corn–corn–soybean, 
and other very minor rotations (Gassman 
2008; Gassman et al. 2016). A second land use 
data set (IDNR 2016; table 1) was also used 
in conjunction with the field survey land 
use data to determine the locations of for-

Figure 2
Location of the Boone River watershed (BRW) within the Upper Mississippi River Basin (UMRB), 
and the subwatersheds, climate stations, and monitoring sites used for the Soil and Water  
Assessment Tool (SWAT) simulations. IDNR is the Iowa Department of Natural Resources.
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est, urban, and other noncropland areas. This 
combined land use data approach resulted 
in a 2005 land use layer that was consistent 
with overall land use and crop rotation pat-
terns that occurred during the 1995 to 2013 
simulation period. 

The tillage practices identified for each 
field as part of the 2005 field-level recon-
naissance (Gassman 2008) were classified 
according to the following three categories: 
conventional (<30% residue cover), mulch 
(30% < residue cover < 90%), or no till 
(>90% residue cover). The tillage distribu-
tion incorporated in the SWAT simulations 
reflects the dominance of mulch till revealed 
in the field-level survey (roughly 95% of the 
row crop area), which again was assumed 
representative of the entire 1995 to 2013 
simulation period. Approximately 4,000 ha 
(9,884 ac) of cropland were further identified 
as being treated with traditional soil erosion 
conservation practices including grassed 
waterways, contouring and contour buf-
fers, terraces, and/or field borders (Gassman 
2008). These practices were not accounted 
for in the SWAT simulations due to their 
limited extant across the BRW. 

Required fertilizer and manure nutrient 
application rates were developed for the 
BRW SWAT baseline simulation and are 
listed in table 2. The manure application rates 
were derived as a function of the locations of 
the previously described livestock operations, 
the total number of livestock produced by 
each operation, and crop rotation (Gassman 
2008). The fertilizer application rates were 
the overall average rates calculated from 
a sample of BRW farmers who reported 
their fertilizer application rates to the Iowa 
Soybean Association during the 2004 and 
2005 growing seasons (Todd Sutphin, 2006, 

personal communication, Iowa Soybean 
Association, Ankeny, Iowa). In addition, both 
time of year and crop rotation were also 
accounted for the cropland-applied nutrients 
(table 2). It was further assumed that fertil-
izer was applied annually to 50% of the corn 
fields that received manure, due to exces-
sive amounts of nutrients that are available 
in the BRW; this assumption is described in 
more detail in Gassman (2008). The other 
50% of the corn fields that received manure 
did not receive any additional nutrient 
inputs via fertilizer. Overall, the application 
rates were realistically reflective of the total 
nutrient inputs that were calculated for the 
BRW in a 2004 statewide nutrient balance 
study (Gassman 2008) and of the nutrients 
exported from the BRW outlet during the 
2000 to 2013 time period as shown in base-
line testing of SWAT (Gassman et al. 2016).

Soil and Water Assessment Tool 
Calibration and Validation. Testing of 
SWAT for BRW baseline conditions was 
performed for a 30-year time period (1984 
to 2013), which included both calibration 
(1999 to 2013) and validation (1984 to 
1998). Graphical and statistical evaluation 
were used to evaluate the SWAT results 
relative to corresponding measured stream-
flow and pollutant data. The coefficient of 
determination (R2) and Nash-Sutcliffe effi-
ciency (NSE) statistics (Krause et al. 2005) 
were used to assess the statistical results of 
the SWAT-predicted streamflows and pol-
lutant loads, which have been identified as 
the most common statistics used to evaluate 
SWAT simulations in previous review studies 
(Gassman et al. 2007, 2014; Bressiani et al. 
2015a). More detailed discussions of the cal-
ibration and validation results are reported in 
Valcu et al. (2016) and Gassman et al. (2016). 

A brief summary of the statistical results of 
the SWAT-predicted streamflow and pollut-
ant loss results is presented in table 3.

Statistical results for annual, monthly, and 
daily streamflow comparisons are presented 
in table 3 for the calibration (1999 to 2013), 
validation (1984 to 1998), and entire (1984 
to 2013) simulation periods. The annual and 
monthly data were aggregated from the sim-
ulated or measured daily streamflow data. 
The resulting R2 and NSE values ranged 
from 0.75 to 0.97 across the daily, monthly, 
and annual streamflow comparisons for the 
three simulation periods, and all of the statis-
tics exceeded 0.9 for the monthly and annual 
comparisons. These results strongly exceed 
the successful hydrological model testing cri-
teria suggested by Moriasi et al. (2007, 2015).

Pollutant measurements have been 
obtained at relatively sparse intervals of, at 
most, once per month near the BRW out-
let (figure 1; IDNR 2016). Thus the testing 
of the SWAT pollutant estimates was con-
strained to just a calibration process during 
2000 to 2013, due to the limited available 
measured data. A complete description of the 
pollutant calibration process including the 
load estimation methods that were used is 
provided in Valcu et al. (2016) and Gassman 
et al. (2016). 

Table 4 presents the statistical results of 
comparing the sediment, NO3

–, and total P 
loads versus the estimated measured loads 
at the BRW outlet (figure 1). The statistical 
comparisons between the simulated sedi-
ment, NO3

–, and total P loads were again 
generally quite strong. Overall, the pollutant 
calibration statistical results meet the criteria 
suggested by Moriasi et al. (2015).

The Set of Conservation Management 
Practices. Table 5 lists the different manage-

Table 1
Digital data layers available for developing the Boone River watershed (BRW) modeling system.

Data type  Data layer description (source) Source

Soil Soil Survey Geographic (SSURGO) database USDA NRCS (2006)
 Iowa Soil Properties and Interpretations Database (ISPAID) version 7.2 ISU (2004)
Topographic Resampled IDNR 30 m digital elevation model Wolter (2006)*
Climate data Iowa Environmental Mesonet ISU (2014)
 National Oceanic and Atmospheric Administration (NOAA) Satellite and Information Service NCDC (2014)
Livestock operations 2005 Confined animal feeding operations (CAFOs) IDNR (2005)
Point sources Waste Water treatment plants of Iowa (point sources of nutrients) IDNR (2008)
Land cover 2002 land cover grid of Iowa IDNR (2016)
 2005 BRW field-level survey Gassman (2008)
Tillage distribution 2005 BRW field-level survey Gassman (2008)
Conservation practices 2005 BRW field-level survey Gassman (2008)
*Wolter, C. 2006, personal communication, Iowa Department of Natural Resources, Des Moines, Iowa.
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ment practices that were incorporated in 
simulating the outcomes of reverse auction, 
including five individual practices (cover crop, 
land retirement [CRP], an extended rotation 
of corn–corn–alfalfa (Medicago sativa)–alfalfa–
alfalfa [CCAAA], no till, and a 10% reduction 
of the N fertilizer application) and four com-
binations of these practices (cover crop and 
no till, cover crop and reduced fertilizer, no 
till and reduced fertilizer, cover crop, and no 
till and reduced fertilizer). The water quality 
impacts of these management practices were 
simulated using SWAT.

Winter cover crops are depicted in SWAT 
by simulating the planting of rye (Secale 
cereale) in late September or early October, 
immediately following harvest of soybean or 
corn. Simulated rye growth then occurs for 
several weeks until the onset of colder winter 
temperatures, which results in the rye crop 
entering a dormant period. Greening up of 
the rye occurs in early spring in response to 
gradually warmer temperatures, and the rye 
crop is eventually killed in late April or early 
May shortly before planting of the following 
soybean or corn crop. CRP represents a land 
set aside practice that results in a crop field 
being converted to unfertilized bromegrass. 
The extended rotation practice is represented 
by a five-year sequence (CCAAA) that 
replaces much of the typical BRW row crop 
sequences with three years of alfalfa, which 
was commonly incorporated in BRW crop 
rotations prior to 1960 (USDA NASS 2015). 
All tillage is eliminated for the no till prac-
tice. The reduced fertilizer scenario assumes 
that corn yields will be minimally affected 
with a 10% decrease in fertilizer applications. 
All of these practices have been documented 
to mitigate nonpoint source pollutant losses 
from crop fields, either by offering more pro-
tection to the cropland landscapes, reducing 
the amount of nutrient inputs, or completely 
converting a crop field to grass. Adopting 
combinations of these practices is expected 
to result in greater environmental benefits 
than adoption of a single practice.

Global Circulation Model Projections. 
The climate projections were obtained 
from GCMs that were included as part of 
the World Climate Research Programme 
Coupled Model Intercomparison Project 
phase 3 (CMIP3; LLNL 2013). The BRW 
analysis is based on CMIP3 projections to 
maintain consistency with previous research 
we have conducted for the Upper Mississippi 
River Basin (UMRB; Panagopoulos et al. 
2014) and Ohio-Tennessee River Basin 
(OTRB; Panagopoulos et al. 2015). Newer 
GCM projections have since been generated 
in phase five of that project (CMIP5; Taylor 
et al. 2012), but Knutti and Sedlacek (2013) 
found little difference between the ensemble 
characteristics of CMIP3 and CMIP5 GCMs 
for temperature and precipitation change.

An important aspect of global climate 
models is that there is no single "best" 
model, and that accuracy varies with region, 
season, variable of interest, and the statisti-
cal metrics used for evaluation (Reichler 

and Kim 2008). It follows that studies of cli-
mate change impacts must account for the 
variability across climate models, though 
usually it is impractical to use all possible 
climate models owing to limitations such as 
computational constraints and availability of 
necessary variables. Here we have used a sub-
set of the CMIP3 models having availability 
of all variables needed to drive SWAT. This 
subset was selected based on model accu-
racy for representing current climate as well 
as model independence criteria discussed by 
Knutti et al. (2013). The goal of these selec-
tion criteria is to efficiently sample model 
variability among models having relatively 
strong accuracy.

Since not all models have results available 
for every emissions scenario, we expanded 
the pool of models to include runs from 
both the A1B and A2 emissions scenarios. 
Differences between these two scenarios are 
much smaller than model-to-model variabil-
ity through the mid-21st century. Tebaldi et 

Table 2
Nutrient application rates on corn by nutrient source.

   Application rate
Nutrient source Time of year Crop rotation (kg ha–1)

Fertilizer (nitrogen [N]) Fall Corn–soybean 183
Fertilizer (N) Spring Corn–soybean 172
Fertilizer (N) Spring Continuous corn 196
Fertilizer (phosphorus pentoxide [P2O5]) Fall or spring Corn–soybean and continuous corn 49
Manure N Spring Corn–soybean and continuous corn 190
Manure P Spring Corn–soybean and continuous corn 69.8

Table 3
Statistical results for the streamflow calibration, validation, and entire simulation period at the 
outlet of the Boone River watershed.

Model testing Time Annual  Monthly  Daily

phase period R 2 NSE R 2 NSE R 2 NSE

Calibration (15 y) 1999 to 2013 0.97 0.93 0.91 0.93 0.77 0.75

Validation (15 y) 1984 to 1998 0.98 0.95 0.94 0.96 0.82 0.81

Entire duration (30 y) 1984 to 2013 0.95 0.95 0.92 0.92 0.79 0.78
Note: NSE = Nash-Sutcliffe efficiency statistics.

Table 4
Statistical results of calibration of pollutant loads at the outlet of the Boone River watershed.

 Model testing  Annual  Monthly

Indicator phase Time period R 2 NSE R 2 NSE

Sediment Calibration 2000 to 2013 0.82 0.71 0.57 0.54

Nitrate (NO3) Calibration 2000 to 2013 0.58 0.51 0.75 0.72

Total phosphorus (P) Calibration 2000 to 2013 0.88 0.88 0.68 0.68
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al. (2006) found that even for temperature and 
precipitation extremes, the A1B and A2 sce-
narios were essentially identical until late in 
the 21st century. For our 2046 to 2065 future 
climate period the global mean warming is 
1.8 K (3.24°F) for the A1B scenario and 1.7 
K (3.06°F) for the A2 scenario when aver-
aged over all participating models (Meehl et 
al. 2007b). A summary of the GCM charac-
teristics including the projection (scenario), 
horizontal grid spacing, and transient climate 
response (TCR) is listed in table 6. The TCR 
is the surface warming (in units of K) around 
the time that carbon dioxide (CO2) has 
doubled, but before the system has attained 
equilibrium with increased radiative forcing 
(see Gregory and Forster [2008] for a more 
detailed explanation of TCR). The range of 
TCR for the CMIP3 models is 1.2 K to 2.6 
K (4.68°F) with a median of 1.8 K (3.24°F) 
(Randall et al. 2007; Gregory and Forster 
2008), indicating that the models used here 
are typical in the context of the CMIP3 suite.

Current climate is taken as the years 1981 
to 2000 from each model's results for CMIP3 
“Climate of the 20th Century” simulations 
(for models that performed more than one 
run the first ensemble member was used). 
For future climate, we use each model's 
results for the years 2046 to 2065 from either 
the A1B or A2 climate scenarios (table 6). 
Details of the CMIP3 experiment design 
and scenarios are given elsewhere (Meehl 
et al. 2007a). We used monthly projections 
of temperature and precipitation from each 
of the GCMs in table 6 downscaled by use 

of bias correction with spatial disaggregation 
(BCSD; Gutmann et al. 2014). This method 
accounts for precipitation and temperature 
biases for each model simulation through 
quantile matching of the GCM's simulation 
of current climate to the observed climate. 
The resulting quantile map is then used to 
adjust the GCM's future climate. The forecast 
anomalies from the climatological mean for a 
given monthly time step are interpolated to 
a one-eighth degree latitude-longitude grid 
and superimposed on the observed current 
climate on that grid. The changes in precipi-
tation, maximum temperature, and minimum 
temperature were determined by calculating 
the difference between the current climate 
(1981 to 2000) and future climate (2046 to 
2065) for each GCM. Those changes were 
then superimposed as average daily changes 
for each respective month on the SWAT his-
torical climate to represent the impacts of 
the projected future climate change (which 
is the widely used "delta" or "change fac-
tor" method). Future values of monthly solar 
radiation, dew point (proxy data for relative 
humidity), and wind speed that are required 
for the SWAT weather generator were cal-
culated in a similar manner. Further details 
regarding the BCSD approach and other 
aspects of inputting the climate projections 
in SWAT are described in Panagopoulos et 
al. (2014, 2015).

Hydrologic Comparison between Soil and 
Water Assessment Tool Scenario Baseline 
and General Circulation Model Projections. 
The initial SWAT 30-year baseline of 1984 

to 2013 was reduced to a 20-year (1994 to 
2013) scenario baseline to provide a con-
sistent 20-year time period for determining 
the impacts of the future projected climate 
on BRW hydrology and water quality. The 
changes in precipitation, minimum tempera-
ture, and maximum temperature outputs 
that were projected for the 20-year future 
midcentury (2046 to 2065) climate scenar-
ios were imposed on the 20-year SWAT 
scenario baseline to account for future cli-
mate change impacts. An initial comparison 
of 20-year average annual water balance 
indicators between the SWAT scenario base-
line and the future climate projections is 
presented in table 7. Predicted future precip-
itation was over 100 mm (3.94 in) greater for 
the CGCM3.1, CNRM-CM3, and MRI-
CGCM2.3.2 GCMs as compared to the 
baseline precipitation amount. However, the 
predicted precipitation for MIROC3.2 was 
over 60 mm (2.36 in) less than the baseline 
level. The additional water balance indica-
tors (table 7) reflect the general precipitation 
trends between the baseline and the GCMs. 
The impacts of the previously described 
BMPs within the context of the future cli-
mate projections were assessed by comparing 
the results of each future scenario versus 
the corresponding BMP scenarios executed 
within baseline conditions.

The Cost of Conservation Practices. In 
a typical reverse auction, farmers ask for a 
monetary compensation or bid in order to 
adopt a conservation practice. This compen-
sation should take into account several factors: 

Table 5
Management practice scenarios and descriptions of each scenario that were simulated in the Soil and Water Assessment Tool (SWAT).

Management practices Description of the Boone River watershed management practices

Cover crop Establishment of a rye winter cover crop between row crop sequences (i.e., corn and soybean or corn  
    following corn)*

Conservation Reserve Program (CRP) Conversion of cropland to CRP land; bromegrass simulated on converted cropland with no nutrient inputs

Extended rotation (CCAAA) Cropland converted to five-year rotations of CCAAA; alfalfa cuttings vary as a function of the rotation year†

No till (NT) Implementation of no till on corn or soybean fields 

Reduced fertilizer (RF10) Fertilizer application rates (table 2) reduced by 10%

Cover crop and no till (NT cover crop) Cover crop and no till simulated simultaneously; see descriptions of both practices above

Cover crop and reduced fertilizer (Cover Cover crop and reduced fertilizer simulated simultaneously; see descriptions of both practices above 

   crop RF10)

Cover crop, no till, and reduced fertilizer Cover crop, no till and reduced fertilizer simulated simultaneously; see descriptions of all three  
   (NT cover crop RF10)    practices above
No till and reduced fertilizer (NT RF10) No till and reduced fertilizer simulated simultaneously; see descriptions of both practices above
*The rye cover crop is planted the next day after soybean or corn harvest in the fall (late September or early October) and maintains growth (when not 
dormant during the coldest months) until shortly before the planting of corn or soybean the following year in April or May.
†Only one cutting of alfalfa is simulated during the first alfalfa year in the five-year rotation, which is an establishment year; three cuttings of alfalfa 
are simulated for years 2 and 3 of the alfalfa sequence. CCAAA = corn–corn–alfalfa–alfalfa–alfalfa.
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direct cost of adoption, the lost/additional 
profits resulting from the decrease/increase 
in yields, or the risk taken when these prac-
tices are implemented (Rabotyagov et al. 
2013). Furthermore, these monetary bids 
are very likely to vary across locations, due 
to both cropland physical characteristics and 
farmers’ demographics and attitude towards 
risk. However, for the purpose of this study 
and due to data limitations, we use the direct 
costs of adoptions as proxies for these mon-
etary bids. Additionally, we first consider 
the case when the per acre cost of adoption 
does not vary with location. Next, for a lim-
ited number of conservation practices (land 
retirement and reduced fertilizer), we are 
able to vary the costs by location.

Table 8 summarizes the set of costs used 
for simulating the outcomes of the reverse 
auctions. The cost of land retirement was 
obtained by multiplying the corn suit-
ability index (CSI; http://www.extension. 
iastate.edu/Publications/PM1168.pdf) asso-
ciated with each field in the watershed with 
estimates of the cash rental rate per index 
provided by Iowa State Extension (Plastina 
et al. 2016). CSI is a farmland productivity 
index that measures raw crop productiv-
ity potential for different soil types (http://
agron-www.agron.iastate.edu/Courses/ 
agron212/Readings/CSR.htm). Cash rental 
rates take into account gross income and 
production or nonland costs (http://www.
extension.iastate.edu/agdm/wholefarm/
pdf/c2-20.pdf). The cost of extended rota-
tion was obtained using crop cost budgets, 
also provided by Iowa State Extension 
(Plastina 2016). The cost of reduced fertilizer 
was obtained by using an implied yield curve 
for a corn–soybean rotation, with yield being 
a function of the amount of applied fertil-
izer. The cost of reducing fertilizer by 10% 
was determined by evaluating the reduced 

yield and then by subtracting the savings 
from applying less fertilizer (Valcu 2013). The 
costs of combined management practices is 
obtained by adding the individual cost for 
each management practice.

Results and Discussion
Estimating the Point Coefficients. We cre-
ate 9,000 watershed scenarios by randomly 
assigning a conservation practice to each 
field in the watershed. Next, we use SWAT 
to simulate the mean N total loads for 
each scenario. Additionally, each watershed 
scenario is evaluated under each climate 
scenario, including the current climate. 
Following the procedure described by Valcu 
(2013), the point coefficients are estimated 
via ordinary least square regression. In short, 
we use SWAT simulation results to estimate 
a system of point coefficients via

ΔNi ≅ ∑
1

i=1 
∑
K

k–1
 ak,j,i × Pk,j i = 1 to 9,000,  

k = 1 to 30, j = 1 to 1, (1)

where i represents the number of simula-
tions; k represents the number of subbasins; 
j represents the number of practices; ΔNi 
represents the average change in N relative 
to the baseline for each simulation over a 
period of 20 years; ak,j,i represents the total 
area allocated to practice j in subbasin k 
given simulation i; and Pk,j represents the 
point coefficient associated with practice j 
given the location in subbasin j.

We obtain a set of 270 point value coef-
ficients (30 subbasins and 9 management 
practices for each subbasin). Tables 9 and fig-
ure 2 summarize the main statistics. For each 
management practice, the estimated point 
values approximate the efficiency in N emis-
sion reduction given the subbasin location. In 
other words, a point value measures a field’s 
contribution to the total N load reductions, 

given that a management practice is adopted 
on that field. The point coefficients are 
expressed in terms of kilograms per hectare.

The set of estimated point coefficients 
using the historical weather follow general 
expectations; conservation practices known 
to be more effective in reducing N emissions 
are represented by a higher number of points 
(table 9). For example, CRP (land retirement) 
is one of the most effective conservation 
practices in reducing nutrient emissions and 
accordingly is assigned on average, across the 
30 subbasins, a value of 23.43 kg ha–1 (20.91 lb 
ac–1). This implies that if this practice is imple-
mented at field level, on average, it would 
reduce total N emissions by 23.43 kg ha–1. At 
the other end of the spectrum, no till, a con-
servation practice that in some cases increases 
the total N emission, accumulates the lowest 
number of points (0.22 kg ha–1 [0.19 lb ac–1]). 
The point coefficients for the rest of the con-
servation practices range between these two 
values, with cover crops and reduced fertilizer 
achieving the second and third highest reduc-
tions. Also, the point coefficients estimated 
for different combinations of conservation 
practices are not necessarily equal to the sum 
of individual point coefficients. For exam-
ple, the point value for the combination of 
cover crops and reduced fertilizer (17.4 kg 
ha–1 [15.52 lb ac–1]) is less than the sum of 
the point values for cover crops (16.36 kg ha–1 
[14.59 lb ac–1]) and reduced fertilizer (1.26 kg 
ha–1 [1.12 lb ac–1]).

The set of point coefficients estimated 
under each of the four climate scenarios fol-
lows the same trend: CRP and cover crop 
accumulate the highest number of points, 
while reduced fertilizer and no till accumu-
late the lowest number of points. However, 
relative to the historical baseline weather, in 
general, the average point coefficients have 

Table 6
Name, institutional information, country of origin, grid spacing, and transient climate response (TCR) data for the four global circulation models 
(GCMs) used for the Boone River watershed (BRW) climate change analyses.

Model Projection Institution Country Grid spacing* TCR†

CGCM3.1 A1B Canadian Centre for Climate Modelling and Analysis Canada T47 (2.5° × 2.5°) 1.9
CNRM-CM3 A1B Météo-France/Centre National de Recherches Météorologiques France T63 (1.9° × 1.9°) 1.6
MIROC3.2 (medres‡) A2 University of Tokyo, National Institute for Environmental Studies, Japan T42 (2.8° × 2.8°) 2.1
     and Frontier Research Center for Global Change
MRI-CGCM2.3.2 A2 Meteorological Research Institute Japan T42 (2.8° × 2.8°) 2.2
*Grid spacing is the latitude-by-longitude spacing of the computational grid, or the spectral truncation and near-equatorial latitude-by-longitude  
spacing of the corresponding Gaussian grid for spectral models.
†TCR is transient climate response in units of K (Randall et al. 2007).
‡"Medres" refers to the medium-resolution version of the MIROC3.2 model.
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higher values and higher variability across 
the subbasins (table 9 and figure 3).

Point-Based Reverse Auctions. Next, 
using the set of estimated points and the set 
of assumed costs, for each field, we compute 
the benefit (the estimate for point value) to 
cost ratio for each practice and select the 
highest ratio. At the watershed level, we rank 
these ratios in order from the highest to the 
lowest. We construct the ranking considering 
the following two cases: (1) the per acre cost 
of adoption is the same across fields, and (2) 
there is some variation across fields. In the 
first case, we use a single cost estimate for 
each conservation practice across the entire 
watershed. In the second case, for reduced 
fertilizer and land retirement (CRP), we 
use different cost estimates for each field. 
The source of cost variation in the cost for 
reduced fertilizer is explained in Valcu (2013). 
For land retirement, we multiply the CSI 
with the cash rental rate per CSI. Moreover, 
in the first case, the cost estimates for these 
two conservation practices are equal to their 
average across the watershed.

For each of these cost assumptions, we sim-
ulate the outcomes of a reverse auction by 
considering two budget scenarios: the case of 
unlimited budget that allows all the fields to 
participate in the auction (full participation) 
and the more realistic case of a limited bud-
get. The size of the limited budget is set at 
approximately US$1.9 million (http://www.
cleanwateriowa.org/demonstration-projects.
aspx). Next, we are interested under what 
conditions a reverse auction, based on this 
set of conservation practices and the assumed 
costs, has the potential to achieve a goal of 
45% reductions in N emissions. For each out-
come, we create the corresponding watershed 
configuration. We use SWAT to evaluate the 
impact of these configurations on reducing N 
emissions at the watershed level.

Simulated Reverse Auction Results. Table 
10 summarizes the results under the three 
budgets (full participation and limited bud-
get) as well as for the case when 45% N 
reduction is set as a target using the two cost 
assumptions (no cost variation and cost vari-
ation) and each climate scenario. The total 
N reductions are measured as percentage 
reductions of the mean N loadings measured 
at the watershed outlet. When the assumed 
costs do not vary by location, the N reduc-
tions range from 39.8% (historical weather) 
to 60.7% (climate scenario 3), and the total 
cost ranges from US$13.9 million (historical 
weather) to US$15.99 million (climate sce-
nario 2). However, when there is some cost 
variation across the fields, the total N reduc-
tions are considerably lower (in the range 
of 20%), but at the same time total costs are 
also about one-third of the total costs associ-
ated with full participation (US$1.9 million 
versus US$6.6 million). When the budget is 
limited at US$1.9 million, the total N reduc-
tions are less than 10% across the two costs 
assumptions and the five climate scenarios.

Next, we are interested in the outcomes 
of a reverse auction targeting 45% N reduc-

tions. As shown in table 10, under all future 
climate scenarios, when there is no cost 
variation, the total N reductions are higher 
than this target. Hence, for each field we 
compute the total number of points by mul-
tiplying the point coefficient corresponding 
to the conservation practice with the high-
est cost-benefit ratio for the total area. Next, 
we determine the cumulative sum over the 
total number of points. The cutoff threshold 
for participation is given by the point where 
the cumulative sum approximates the 45% N 
reductions. However, since the point coeffi-
cients represent an approximation, the final 
N reductions might be higher or lower than 
the target. In this situation, the total costs 
range from US$9.2 million (climate scenario 
3) to US$12.3 million (climate scenario 2). 
However, the final total N reductions are less 
than 45% (see table 10, the last two columns).

The full participation outcome in com-
bination with the historical weather and all 
of the other outcomes where there is varia-
tion in costs is not sufficient to achieve the 
proposed target. One possible explanation is 
that some conservation practices that are less 
effective in reducing N emission also have 

Table 7
Mean annual simulated water balance components in the Boone River watershed for the Soil and Water Assessment Tool baseline climate (1994 to 
2013) versus the four midcentury global circulation model climate projections (2046 to 2065).

 Water balance indicators (mm)

   Surface   Total water
Climate scenario Precipitation Snowfall runoff Tile flow Evapotranspiration yield

Baseline climate 864.3 104.4 70.0 150.8 589.8 278.6

CGCM3.1 967.2 130.7 84.4 206.3 607.3 361.9

CNRM-CM3 968.5 92.6 69.4 218.9 607.5 363.7

MIROC3.2 (medres*) 803.4 81.7 38.6 130.9 592.5 214.6

MRI-CGCM2.3.2 995.8 93.7 79.8 225.8 613.4 384.3
*"Medres" refers to the medium-resolution version of the MIROC3.2 model.

Table 8
Cost of conservation practices.

 Cost
Conservation practice (US$ ha–1) Cost source

No till 15.1 Valcu (2013)
Cover crop 86.5 Iowa Nutrient Reduction Strategy
Reduced fertilizer* 8.9 Valcu (2013)
Land retirement (CRP)† 452.2 Iowa Cash Rental Rates
Extended rotation (CCAAA) 196.4 Iowa State Extension, estimated cost of crop  
     production
Notes: CCAAA = corn–corn–alfalfa–alfalfa–alfalfa. CRP = Conservation Reserve Program.
*Range 0 to 74.87, standard deviation 13.32.
†Range 33.04 to 636.54, standard deviation 118.36.
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lower costs, but the associated cost-benefit 
ratio is high enough to make them eligible 
in the bidding process. To avoid this situa-
tion, we exclude the conservation practices 
whose estimated point coefficients are lower 
than  2.47 kg ha–1 (2.2 lb ac–1) from the 
bidding process. The exclusion of a conser-
vation practice is at field level rather than at 
the watershed level. For example, the same 
conservation practice that is available for a 
field located in a subbasin can be excluded 
for a field located in a different subbasin in 
the watershed.

Table 11 summarizes the results when 
we restrict the set of conservation practices 
allowed to participate in the reverse auctions. 
As expected, since the less expensive conser-
vation practices are excluded, the total costs 
are slightly higher relative to the outcomes 
in table 10, but the total N reductions are 
not necessarily higher. However, when the 
assumed costs vary, the full participation out-
comes result in total N reductions higher 
than 45%. Following a similar procedure, we 
determine the watershed configurations able 
to achieve the proposed target. However, the 
final simulated reductions are slightly lower 
on average by 2% to 3% across the different 
climate scenarios.

The Mix of Conservation Practices as 
Outcomes of the Reverse Auctions. The out-
comes summarized in table 10 and table 11 
are not directly comparable across the five 
different climate scenarios. However, we can 
compare the distribution of conservation 
practices in the watershed for a given bud-
get or for a given target both spatially and 
quantitatively. We restrict our analysis to the 
scenarios where per acre costs vary across 
locations and the set of conservation practices 
allowed in the reverse auction is limited to the 
conservation practices with point coefficients 
higher than 2.47 kg ha–1 (2.2 lb ac–1).

Table 12 summarizes the distribution of 
the conservation practices for the full partic-
ipation scenario. The dominant conservation 
practices are cover crop, the combination 
of cover crop and reduced fertilizer, and 
reduced fertilizer. The combination of cover 
crops and reduced fertilizer dominates the 
watershed configuration for the historical 
weather. Although the distribution of con-
servation practices is somewhat similar for 
the four future climate scenarios, the spatial 
targeting is different across the watershed. 
Figure 4 depicts the spatial distribution of 
the conservation practices, where the dom-

Table 9
Nitrogen point value estimates descriptive statistics.

Case Mean sd Min Max

Historical weather*
 CCAAA 16.46 5.09 6.42 28.42
 CoverCrop 16.36 5.24 7.31 28.99
 CoverCrop.RF10 17.40 5.21 8.18 28.59
 CRP 23.43 6.00 12.03 35.19
 NT 0.22 0.72 –1.68 2.03
 NT.CoverCrop 16.73 4.84 8.40 28.39
 NT.CoverCrop.RF10 17.82 4.92 7.98 28.86
 NT.RF10 1.56 1.36 0.00 4.47
 RF10 1.26 1.58 0.00 6.87
Climate scenario 1 (CGCM3.1)†
 CCAAA 18.61 7.09 7.02 35.98
 CoverCrop 22.29 7.66 8.11 40.45
 CoverCrop.RF10 23.01 7.96 8.99 40.33
 CRP 24.39 7.81 11.64 39.61
 NT 0.86 1.28 –0.89 4.03
 NT.CoverCrop 22.56 7.68 9.49 39.29
 NT.CoverCrop.RF10 23.62 7.93 8.72 41.59
 NT.RF10 2.72 1.48 0.00 6.33
 RF10 1.43 1.36 0.00 4.67
Climate scenario 2 (CNRM-CM3)‡
 CCAAA 21.30 8.60 4.69 42.08
 CoverCrop 22.96 8.35 7.26 42.28
 CoverCrop.RF10 24.12 8.43 5.96 44.23
 CRP 28.27 8.87 8.90 44.03
 NT 0.44 2.13 –2.94 8.01
 NT.CoverCrop 22.86 8.97 0.00 42.23
 NT.CoverCrop.RF10 24.14 9.96 0.00 46.09
 NT.RF10 1.61 2.37 0.00 7.56
 RF10 1.01 2.08 0.00 7.66
Climate scenario 3 (MIROC3.2)§
 CCAAA 12.21 4.97 3.95 24.12
 CoverCrop 17.05 5.12 7.86 29.45
 CoverCrop.RF10 17.50 5.31 8.72 29.21
 CRP 15.47 5.04 8.20 25.62
 NT –0.07 0.84 –1.98 2.64
 NT.CoverCrop 16.95 5.21 8.57 28.37
 NT.CoverCrop.RF10 17.72 5.31 8.25 29.75
 NT.RF10 1.14 1.24 0.00 4.23
 RF10 1.01 1.16 0.00 3.68
Climate scenario 4 (MRI-CGCM2.3.2)#
 CCAAA 20.76 7.71 7.66 39.29
 CoverCrop 23.20 8.18 8.13 42.55
 CoverCrop.RF10 24.07 8.53 8.35 42.60
 CRP 28.17 8.72 12.26 44.68
 NT 0.74 1.26 –1.06 4.23
 NT.CoverCrop 23.72 8.15 9.83 41.56
 NT.CoverCrop.RF10 24.96 8.50 9.07 44.23
 NT.RF10 2.69 1.61 0.00 6.99
 RF10 1.53 1.46 0.00 4.79
*Multiple R2 = 0.9881; Adjusted R2 = 0.9878; F-statistic = 2,999; p-value < 2.2 × 10–16.
†Multiple R2 = 0.9894; Adjusted R2 = 0.9891; F-statistic = 3,363; p-value < 2.2 × 10–16.
‡Multiple R2 = 0.9545; Adjusted R2 = 0.9533; F-statistic = 756.7; p-value < 2.2 × 10–16.
§Multiple R2 = 0.986; Adjusted R2 = 0.9856; F-statistic = 2,538; p-value < 2.2 × 10–16.
#Multiple R2 = 0.9901; Adjusted R2 = 0.9899; F-statistic = 3,615; p-value < 2.2 × 10–16.
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inant conservation practice is represented at 
subbasin level. The pie charts embedded in 
the maps represent the corresponding over-
all distribution of the conservation practices 
used at the subbasin level.

Similar patterns are observed when the 
budget is limited or a 45% N reduction level 
is targeted. Cover crop, reduced fertilizer, 
and their combination remain the dominant 
conservation practices. However, no action 
(baseline) is taken on a significant percentage 
area of the watershed. As in the previous case, 
the spatial distribution differs across the five 
climate scenarios (figure 5 and table 13).

Cost-Effectiveness of the Reverse Auction 
Outcomes under Different Climate Scenarios. 
As mentioned previously, the reverse auction 
outcomes obtained under different climate 
assumptions are not directly comparable 
in terms of overall reductions. An interest-
ing comparison that could be made is to 
simulate the mix of conservation practices 
obtained due to historical weather versus the 
conservation practices that result from each 
of the four future climate scenarios. Again, 
we limit our analysis to the case of cost 
variation, restricted participation, and 45% 

Figure 3
Summary of the point coefficients estimates by conservation practice and climate scenario. There are 30 point coefficient estimates for each con-
servation practice corresponding to 30 subbasins in the watershed. The ranges of these coefficients for a given conservation practice are compared 
across different climate scenarios (climate scenarios 1, 2, 3, and 4 represent the CGCM3.1, CNRM-CM3, MIROC3.2, and MRI-CGCM2.3.2 projections, 
respectively; table 6). CCAAA signifies corn–corn–alfalfa–alfalfa–alfalfa. CRP signifies Conservation Reserve Program. NT signifies no till.
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Table 10
Outcomes of a reverse auction using the full set of conservation practices, including the total 
costs and total nitrogen (N) reduction outcomes of a reverse auction under three budgets: full 
participation, limited budget (US$1.9 million), and 45% N reduction target. The outcomes are 
obtained for each climate scenario and two cost possibilities: no cost variation at field level and 
some cost variation at field level.

  Full participation Limited budget  45% target

  Cost N red. Cost N red. Cost N red.
Case (US$ million) (%) (US$ million) (%) (US$ million) (%)

Historical weather
 No cost variation 13.90 39.8 1.89 6.7 — —
 Cost variation 6.65 20.4 1.90 7.8 — —
Climate scenario 1      
 No cost variation 15.03 54.4 1.84 9.6 10.4 42.4
 Cost variation 6.20 22.2 1.90 9.6 — —
Climate scenario 2     12.3 41.4
 No cost variation 15.99 48.2 1.82 7.2  
 Cost variation 8.58 26.6 1.86 8.4 — —
Climate scenario 3      
 No cost variation 15.35 60.7 1.79 9.7 9.2 41.4
 Cost variation 6.64 27.0 1.84 11.1 — —
Climate scenario 4      
 No cost variation 14.26 49.5 1.89 9.0 11.3 42.6
 Cost variation 6.07 20.2 1.80 8.5 — —
Note: Climate scenarios 1, 2, 3, and 4 represent the CGCM3.1, CNRM-CM3, MIROC3.2, and 
MRI-CGCM2.3.2 projections, respectively (table 6). N red. = nitrogen reduction.
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Table 11
Outcomes of a reverse auction with a reduced set of conservation practices. The fields that 
submitted bids for conservation practices with point coefficients lower than 2.47 kg ha–1 are 
excluded from the bidding process.

  Full enrollment  Limited budget  45% target

  Cost N red. Cost N red. Cost N red.
Case (US$ million) (%) (US$ million) (%) (US$ million) (%)

Historical weather
 No cost variation 17.18 49.48 1.88 7.12 14.59 44.86
 Cost variation 16.67 49.63 1.84 7.68 13.79 44.07
Climate scenario 1      
 No cost variation 16.34 57.32 1.84 9.55 10.38 42.38
 Cost variation 14.79 51.42 1.89 9.12 10.63 41.63
Climate scenario 2      
 No cost variation 15.99 48.21 1.82 7.22 12.30 41.42
 Cost variation 15.34 47.85 1.90 8.08 11.62 40.82
Climate scenario 3      
 No cost variation 17.04 60.72 1.79 9.72 9.20 41.42
 Cost variation 18.75 63.98 1.88 10.78 9.29 41.70
Climate scenario 4      
 No cost variation 18.69 49.48 1.89 9.03 11.34 42.64
 Cost variation 18.78 46.16 1.88 8.05 12.64 43.14
Notes: Climate scenarios 1, 2, 3, and 4 represent the CGCM3.1, CNRM-CM3, MIROC3.2, and 
MRI-CGCM2.3.2 projections, respectively (table 6). N red. = nitrogen reduction.

Table 12
Distribution of conservation practices by cost variation, full enrollment, and restricted participa-
tion (% of total watershed area), when the costs vary across location and each bid is accepted, 
given that the point coefficients for each  conservation practices are higher than 2.47 kg ha–1.

 Historical Climate Climate Climate Climate
Full participation weather scenario 1 scenario 2 scenario 3 scenario 4

Cover crop RF10 53 33 33 44 27
Cover crop 31 41 35 42 38
NT cover crop RF10 2 5 1 0 5
NT cover crop 1 1 9 0 7
NT RF10 3 1 1 0 1
NT 0 2 4 1 2
RF10 10 16 17 12 19
Note: Climate scenarios 1, 2, 3, and 4 represent the CGCM3.1, CNRM-CM3, MIROC3.2, and 
MRI-CGCM2.3.2 projections, respectively (table 6).

N reductions. Table 14 presents the results 
of this comparison exercise. For example, if 
the mix of conservation practices obtained 
using the historical weather point estimates 
were implemented given scenario climate 1, 
it would result in about a 52% reduction of N 
at a total cost of US$13.8 million, or US$3.6 
kg–1 (US$1.63 lb–1). Alternatively, if the mix of 
conservation practices obtained under climate 
scenario 1 were implemented, the overall 
reductions would be lower, but both total 
costs and the cost per reduced kilogram of N 
also would be lower (US$3.5 kg–1 [US$1.58 
lb–1]). This analysis reinforces the fact that the 

effectiveness of conservation practices varies 
under different climate settings, which has the 
potential to impact the cost-effectiveness of a 
potential reverse auction.

Although presenting the ranges of prob-
able values associated with our results is 
beyond the scope of our paper, we should 
point out that there are multiple levels of 
uncertainty that could affect the type of 
analyses reported here related to the SWAT 
model, future climate scenarios, and repre-
sentation of the economic costs. For example, 
uncertainties in SWAT simulations can be 
related to many factors (Shirmohammadi 

et al. 2006; Guzman et al. 2015) including 
input data resolution and quality (Cho et al. 
2009; Shen et al. 2010; Bressiani et al. 2015b; 
Kalcic et al. 2015; Xu et al. 2016) and choice 
of SWAT algorithm (Yen et al. 2015; Bieger 
et al. 2016; Aouissi et al. 2016). The uncer-
tainty in the estimation of the point system 
arises from SWAT’s ability to simulate the 
effectiveness of different conservation prac-
tices in reducing nutrient runoff in response 
to different climate scenarios. Additionally, 
we use a simple ranking system that assumes 
cost certainty and little spatial variation. This 
assumption is not likely to be true in a real 
setting. Moreover, alternative ranking systems 
might result in different outcomes. Explicitly 
accounting for uncertainty for these different 
components is a complex process that points 
to the need for future research.

Summary and Conclusions
Given the implications of climate change on 
water and soil quality, it is important for water-
shed managers, stakeholders, and policymakers 
to understand not only the effectiveness of 
different conservation practices in improving 
water quality, but also the cost-effectiveness of 
a watershed-level policy program designed for 
implementing conservation practices. SWAT-
predicted pollutant outputs for the BRW are 
used to assess the cost-effectiveness of a reverse 
auction for nutrient reductions in the presence 
of climate variability.

In this study, we approximate the effec-
tiveness of different management practices 
under both historical weather and four 
different climate projections available for 
the Midwest area. A system of points mea-
suring the efficiency of nine conservation 
practices in reducing nutrient (N) emis-
sions is estimated using the SWAT model. 
The points can be interpreted as indices of 
the environmental benefits associated with 
each conservation practice. The system of 
points is estimated both under the current 
climate patterns as well under four different 
future climate scenarios. Next, using the sys-
tem of points together with a set of costs, 
we simulated outcomes of a reverse auction 
as a cost-effective mechanism designed to 
improve water quality at the watershed level 
in the presence of climate change.

The outcomes of the reverse auctions are 
obtained first by assuming the direct costs of 
adoptions for each conservation practice do 
not vary across locations, and next by assum-
ing that there was some cost variation across 
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Figure 4
Spatial distribution of conservation practices by cost variation, full participation, and limited conservation practices, when the costs vary across loca-
tion and each bid is accepted (given that the point coefficient of the conservation practice is higher than 2.47 kg ha–1). The background color depicts the 
dominant conservation practice at the subbasin level, and the embedded pie charts show the corresponding overall distribution of the conservation 
practices for each subbasin (climate scenarios 1, 2, 3, and 4 represent the CGCM3.1, CNRM-CM3, MIROC3.2, and MRI-CGCM2.3.2 projections, respec-
tively; table 6). CCAAA signifies corn–corn–alfalfa–alfalfa–alfalfa. CRP signifies Conservation Reserve Program. NT signifies no till.
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Figure 5
Spatial distribution of conservation practices by cost variation, full participation, limited conservation practices, and 45% nitrogen (N) reduction tar-
get, when the costs vary across locations, the total N reduction target is equal to 45%, and each bid is accepted (given that the point coefficient of 
the conservation practice is higher than 2.47 kg ha–1). The background color depicts the dominant conservation practice at the subbasin level, and 
the embedded pie charts show the corresponding overall distribution of the conservation practices for each subbasin (climate scenarios 1, 2, 3, and 
4 represent the CGCM3.1, CNRM-CM3, MIROC3.2, and MRI-CGCM2.3.2 projections, respectively; table 6). CCAAA signifies corn–corn–alfalfa–alfalfa–
alfalfa. CRP signifies Conservation Reserve Program. NT signifies no till.
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Table 14
Comparing the historical weather outcomes across the future climate scenarios. 

 Historical weather  Future climate scenarios

 N red. Cost Cost N red. Cost Cost
Case (%) (US$ million) (US$ reduced N kg–1) (%) (US$ million) (US$ reduced N kg–1)

Climate scenario 1 51.92 13.79 3.61 41.63 10.63 3.48
Climate scenario 2 47.98 13.79 3.48 40.82 11.62 3.44
Climate scenario 3 57.10 13.79 4.82 41.70 9.29 4.44
Climate scenario 4 48.90 13.79 3.45 43.14 12.64 3.58
Notes: Climate scenarios 1, 2, 3, and 4 represent the CGCM3.1, CNRM-CM3, MIROC3.2, and MRI-CGCM2.3.2 projections, respectively (table 6).  
N red. = nitrogen reduction.

the watershed. For each of those assump-
tions, we considered three different cases: full 
participation, limited budget, and targeting 
45% N reductions.

When there is no cost variation, our results 
show that significant N reductions can be 
achieved under the full participation cases. 
Except for the historical weather scenario, 
these reductions were higher than the 45% 
reductions goal. However, much lower reduc-
tions were achieved under a limited budget.

The magnitude of the results changed 
when we considered cost variation: the 
total N reductions under the full partici-
pation case being about half of the size of 
the previous results and lower than the 45% 
reductions goal. To address this issue, we lim-
ited the conservation practices allowed in the 
reverse auction to those practices that were 
estimated to reduce the overall emissions 
by more than 2.47 kg ha–1 (2.2 lb ac–1). This 
restriction proved to be successful in achiev-
ing more than 40% N reductions.

Our results show that a reverse auction 
where the ranking mechanism is constructed 

using a system of point coefficients estimating 
the conservation practices efficiency in reducing 
nutrient emissions at field level has the potential 
to achieve significant reductions. Furthermore, 
the cost-effectiveness of these results under 
different climate scenarios relies on using the 
appropriate set of point coefficients.
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