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Abstract

Continued alteration of the nitrogen cycle exposes receiving waters to elevated nitrogen
concentrations and forces drinking water treatment services to plan for such increases in the
future. We developed four 2011-2050 land cover change scenarios and modeled the impact of
projected land cover change on influent water quality to support long-term planning for the
Minneapolis Water Treatment Distribution Service (MWTDS) using Soil Water and Assessment
Tool. Projected land cover changes based on relatively unconstrained economic growth led to
substantial increases in total nitrogen (TN) loads and modest increases in total phosphorus (TP)
loads in spring. Changes in sediment, TN, and TP under two “constrained” growth scenarios were
near zero or declined modestly. Longitudinal analysis suggested that the extant vegetation along
the Mississippi River corridor upstream of the MWTDS may be a sediment (and phosphorus)
trap. Autoregressive analysis of current (2008-2017) chemical treatment application rates (mass
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per water volume processed) and extant (2001-2011) land cover change revealed that statistically
significant increases in chemical treatment rates were temporally congruent with urbanization and
conversion of pasture to cropland. Using the current trend in chemical treatment application rates
and their inferred relationship to extant land cover change as a bellwether, the unconstrained
growth scenarios suggest that future land cover may present challenges to the production of
potable water for MWTDS.
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11 INTRODUCTION

The benefits of source water protection were recognized in the United States (U.S.) Safe
Drinking Water Act Amendments of 1996 (P.L. 104-182) (Tiemann, 2017; Wickham et

al., 2011). Natural landscapes (e.g., forests) protect drinking water sources by minimizing
sediment erosion and other nonpoint source pollution, thereby maintaining the quality of
raw water that will eventually be treated and distributed for consumption (McDonald et al.,
2016). Postel and Thompson (2005) highlighted seven cities in the U.S. that have avoided
expenditure of millions of dollars in capital and operational costs through protection of their
source water. Warziniack et al. (2017) found that source water turbidity increases as forest
cover declined and that treatment costs increased as turbidity increased. Fiquepron et al.
(2013), Elias et al. (2014), and Heberling et al. (2015) have further advanced the research by
developing quantitative relationships between drinking water treatment costs and watershed
condition.

The benefits of source water protection are clear, but watershed condition continues to
decline globally due to population growth, urbanization, and agricultural expansion. Since
1900, 90% of the largest cities (>750,000 population) in the world experienced degradation
of their source watersheds, and 29% of these cities had a significant increase in their water
treatment costs due to that degradation (McDonald et al., 2016). Threats to source water
are apparent in the U.S., including urbanization, agricultural expansion, and the loss of
natural lands. Population in the U.S. is projected to increase by 98.1 million between 2014
and 2060 (Colby & Ortman, 2017). Urban expansion is a threat to protected areas in the
U.S., potentially displacing natural vegetation (Martinuzzi et al., 2015), and cropland area
increased by 3 million acres between 2008 and 2012 in the U.S. (Lark et al., 2015).

Minnesota has experienced loss of natural lands to both agriculture and urbanization.
Multiple studies have documented conversion of natural grassland to agriculture in
Minnesota during 2008-2013 (Lark et al., 2019; Mladenoff et al., 2016). Minnesota's
population grew by 6.1% from 2010 to 2018 (MN State Demographic Center, 2019a), with
the largest growth occurring in the Minneapolis metropolitan region. By 2050, Minnesota's
population is projected to increase from 5.62 million people to 6.37 million people (MN
State Demographic Center, 2019b). These stressors are expected to impact surface water
quality and drinking water in Minneapolis, which withdraws water from the Mississippi
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River. The forests in the city's source water watershed are important for protecting drinking
water (Weidner & Todd, 2011).

Considering these ongoing and future threats to drinking water quality, the objective of this
study was to develop projections of land cover change and associated impacts of change

on water quality constituents relevant to Minneapolis' drinking water treatment process. We
use Soil Water and Assessment Tool (SWAT) to model the effects of projected land cover
change for the year 2050. Modeling the effect of future land cover on source water quality is
also supported by autoregressive (AR) models of recent trends in the application of drinking
water treatment chemicals and the effect of recent land cover change (2001-2011) on water
quality.

21 METHODS

2.11 Study area

The study watershed is the Mississippi Headwaters (MHW), 4-digit hydrologic unit code
(HUC-4) 0701, in Minnesota with the outlet defined just south of the Minneapolis, MN
drinking water intake. The land cover composition (Figure 1) of the 50,335 km? MHW
watershed is primarily agriculture (33%), forest (27%), and wetlands (24%). Surface water
(lakes and rivers) and urban land cover about 8% and 6% of the MHW, respectively.
Dominant crops are corn and soybeans. Pastureland is about 29% of the land devoted to
agriculture (10% of the watershed). There is a strong north—south gradient in the distribution
of land cover, with the north dominated by forest, wetland, and surface water, and the
south dominated by agriculture. The Minneapolis-St. Paul metropolitan area and other
urban centers are in the southeastern section of the watershed. The southeastern parts of
the watershed receive more precipitation than the northwest. Annual average precipitation
from 1981 to 2010 for Minneapolis-St. Paul is 777 mm, whereas northwestern parts of the
watershed average 676 mm annually.

The Minneapolis Water Treatment Distribution Service (MWTDS) withdraws water from
the Mississippi River as its sole source, pumping about 21 billion gallons per year (79.5
million m3/year) and providing drinking water for over 500,000 people. Multiple treatment
processes are used, including softening, sedimentation, filtration (both granular activated
carbon and membrane ultrafiltration), and disinfection. About 100 km upstream from
Minneapolis, St. Cloud, MN produces potable water for over 68,000 people. Raw water
from the Mississippi River is treated using a three-stage system, where it is treated with
powder activated carbon (PAC) and alum (stage 1), followed by treatment with lime and
CO», (stage 2), and then sent to a detention basin where it is filtered and disinfected (stage 3).
A substantial upgrade of the St. Cloud water treatment facility is ongoing.

2.21 Watershed model

Soil Water and Assessment Tool (Arnold et al., 1998) is a semi-distributed, process-based
watershed model that examines the impacts of land management practices on watershed
hydrology and water quality at various spatial scales. Major routines within SWAT include
landscape runoff and water balance, erosion, river routing, nutrient cycling, crop growth, and
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land management operations. In SWAT, the watershed is delineated into subbasins, which
are further partitioned into hydrologic response units (HRUs). HRUs are nonspatial units of
uniform land cover, soil type, slope class, and agricultural practices within each subbasin.
The Modified Universal Soil Loss Equation is used to estimate sediment yield from the
HRU. Transport and transformation of multiple forms of nitrogen and phosphorus are
simulated in their respective cycles, with in-stream transport occurring via forms adsorbed to
sediment or dissolved in water (Neitsch et al., 2011).

SWAT2012 (revision 670; Arnold et al., 2012) was used for simulation. The primary
spatial and temporal inputs for parameterization were as follows: the one arc-second
digital elevation model from the U.S. Geological Survey (USGS) 3D Elevation Program,
the 30 m National Land Cover Database (NLCD) (Homer et al., 2015), which includes
land cover for 2001, 2006, and 2011, the State Soil Geographic Database (STATSGO2)

at 1:250,000 resolution, and gridded daily precipitation, minimum temperature, and
maximum temperature from PRISM at 4 km resolution (PRISM Climate Group, Oregon
State University, http://prism.oregonstate.edu). Secondary datasets and sources used to
parameterize the SWAT model are listed in Table Al (Supporting Information). The MHW
was delineated into 815 subbasins and 14,160 HRUSs.

The NLCD 2006 was used for calibration and uncertainty analysis because it was temporally
central to available water quality data for SWAT calibration. Corn—soybean crop rotations
were implemented on NLCD cropland. The most common crop rotations in the watershed
were corn following corn and corn following soybeans (Bierman et al., 2012). Planting and
harvest dates were defined using the U.S. Department of Agriculture (USDA) Field Crops
Usual Planting and Harvesting Dates guide (USDA, 2010).

Calibration, validation, and uncertainty analysis were performed using the Sequential
Uncertainty Fitting (SUFI-2) algorithm within SWAT-CUP v5.1.6.2 (SWAT Calibration
and Uncertainty Programs) (Abbaspour, 2007). SUFI-2 expresses parameter uncertainty as
uniform distributions, where the uncertainty is propagated to the model outputs, expressed
as 95% probability distributions or 95% prediction uncertainty (95PPU). Nash Sutcliffe
Efficiency greater than 0.5 (Moriasi et al., 2007) was used as the objective function for
95PPU behavioral simulations. To quantify the model fit between observations and the
95PPU, P-factor (percentage of observations enveloped by 95PPU) and R-factor (mean
95PPU thickness divided by standard deviation of observations) were used. P-factor >0.7
and R-factor <1.5 were desirable (Abbaspour et al., 2015).

Six USGS stream gages were used for discharge calibration/uncertainty analysis and six
co-located Minnesota Pollution Control Agency (MPCA) water quality sampling locations
(Figure 1) were used for calibration/uncertainty analysis of sediment load, total nitrogen
(TN) load, and total phosphorus (TP) load.

The USGS Load Estimator (LOADEST) (Runkel et al., 2004) was used to estimate monthly
constituent loads for the water quality sampling locations based on regression equations of
grab sample concentrations as a function of daily discharge and date. LOADEST outputs
(Tables A2-A4 in the Supporting Information) had low positive bias in the load estimation
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of sediment (<10% percent bias) and negligible bias in TN and TP estimation (<2%) for any
given water quality sampling and discharge location pair.

The simulation time period was 2001-2012, which included all available water quality data.
Measurement uncertainty was included in SWAT-CUP for discharge, sediment, TN, and

TP based on average values from Harmel et al. (2006). Results of combined calibration,
validation, and uncertainty analysis are presented in Table A5 (Supporting Information) for
all locations.

2.31 Land cover change model

The FOREcasting Scenarios of Land-use Change (FORE-SCE) modeling framework
developed by the USGS (Sohl et al., 2007) was used to create land cover scenario
projections for 2050. FORE-SCE consists of annual land cover projections to 2100

for the continental U.S. at a 250-m resolution, based on scenarios developed for the
Intergovernmental Panel on Climate Change (IPCC) Special Report on Emission Scenarios
(SRES) (Nakicenovic et al., 2000).

We downscaled four SRES scenarios rendered at 250-m pixel resolution (Sohl et al., 2014)
to a 30-m pixel resolution: A1B, A2, B1, and B2 (Supporting Information). The first letters
(A, B) in the scenarios denote a dichotomy between material wealth (A) and sustainability
and equity (B) and the numerals (1, 2) denote a dichotomy between globalization (1)

and regionalization (2) of economic drivers and social policy (Strengers et al., 2004).
Summaries of the four scenarios are as follows: a consumption-oriented population operates
in a world where socioeconomic forces operate globally (Al); local constraints focused

on sustainability constrain global socioeconomic forces (B1); a consumption-oriented
population operates in a world where socioeconomic forces vary regionally (A2); and a
population focused on sustainable use operates in a world where socioeconomic forces
vary regionally (B2). The Al group has three outcomes (scenarios), whereas the other

three groups have only one outcome. A1B is a “balanced” scenario intermediate between

a fossil fuel intensive (A1FI1) scenario and a non-fossil fuel dominated (A1T) scenario
(Nakicenovic et al., 2000). Agricultural trade is a useful example to distinguish between
globally and regionally predominant socioeconomic forces. The amount of agricultural land
in the U.S. might increase under the scenarios where socioeconomic forces are globally
predominant to satisfy demand elsewhere, whereas an increase in the amount of area devoted
to agriculture might be less when socioeconomic forces vary regionally. Sustainability
denotes world views that emphasize efficient use of fertilizers or public transportation,
whereas a consumption-oriented world view would not. Each scenario exhibits different
land cover characteristics when the narratives are translated. These global characteristics
(Strengers et al., 2004) were modified by Sohl et al. (2014) to better fit the conditions and
characteristics of the conterminous U.S.

The downscaling techniques used were consistent with recommendations for localizing the
global IPCC scenarios (Sleeter et al., 2012; van Vuuren et al., 2007, 2010). We created
2010-2050 land cover change matrices for the four scenarios (hereafter, scenario database).
The land cover change matrices were used to derive a target estimate of the area of change
for each land cover transition (e.g., deciduous forest to urban). Land cover changes were
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restricted to the classes in scenario database that also occurred in NLCD 2011. We did not
include changes in the scenario database classes “Disturbed National Forest,” “Disturbed,
other,” “Disturbed, private,” and “Mining” because these classes were not mapped in NLCD
2011. We also did not include changes in “Barren,” “Grassland,” and “Shrubland.” These
classes occurred in NLCD 2011 and the scenario database, but they were essentially
nonexistent in the scenario database for the MHW. After determining the area of each
change class, we overlaid the changes on a map of NLCD 2011 land cover patches, where
a patch was defined as contiguous (8-neighbor) pixels of the same land cover class. NLCD
2011 patches that included a change pixel with the same land cover labels for NLCD 2011
and the 2010 scenario database served as the set of NLCD land cover patches that could
transition from a 2010 land cover class to a 2050 land cover class. Random selection of
NLCD 2011 patches was used when the total area of land cover patches that could change
exceeded the target estimate for that change class. In some cases, the total area of NLCD
2011 patches was less than the estimated area of change in the scenario database. This
issue tended to arise when the NLCD 2011 land cover classes evergreen forest, mixed
forest, woody wetland, or emergent wetland changed to urban, cropland, or pasture in 2050.
We increased the total amount of deciduous forest loss between 2010 and 2050 when this
occurred. There was only a single class for urban in the FORE-SCE scenarios and therefore
our downscaled scenarios did not identify change to the four, more detailed urban classes
in NLCD. Because of the lack of urban specificity in the FORE-SCE models, our 2010
scenarios included the four NLCD urban classes and our 2050 scenarios included the same
four NLCD urban classes plus a generalized urban land cover representing urbanization
between 2010 and 2050.

Because of the random selection of patches for 2010-2050 land cover change, the resulting
per-scenario spatial pattern was just one rendition of perhaps an infinite number of spatial
patterns of change that could be realized from repeated implementation of the change model.
The resulting spatial pattern likely influences SWAT results and is a source of uncertainty

in the model. For example, if forest loss was heavily concentrated north of St. Cloud (gage
05270700 in Figure 1), the effects of forest loss on water quality at the MWTDS may

be different than if forest loss was concentrated in and around the Minneapolis-St. Cloud
corridor.

We implemented two versions of each scenario. One implementation allowed cropland and
pasture to revert to forest, labeled with an f (e.g., A1Bf). The other version did not allow
agriculture to revert to forest (e.g., A1B). We implemented the version that excluded 2010—
2050 conversions of agriculture to forest to highlight the benefits of natural succession,
conservation, and restoration in the context of the four scenarios. The amount of forest
succession (e.g., A2f) was based on the amount cropland and pasture (2010) to forest (2050)
in the FORE-SCE change matrices. This transition was simply ignored in the versions of the
scenarios that did not allow cropland and pasture to revert to forest.

Each future scenario was implemented separately within SWAT, in addition to NLCD 2001,
2006, and 2011 scenarios. Consistent crop rotations were used in 2001, 2006, 2011, and
2050 scenarios, that is, the same type of corn—soybean rotation variants were implemented
on cropland, wherever it occurred, regardless of scenario. Table 1 lists the scenarios that
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were run within SWAT. Note that all SWAT behavioral simulations in the 95PPU were run
for each land cover scenario, allowing for propagation of parameter uncertainty.

Drinking water treatment analysis

Water quality degradation is a concern for most drinking water quality managers because

it tends to increase treatment costs (Dearmont et al., 1998; Postel & Thompson, 2005)

and may increase risks to human health (Ward et al., 2018). Water quality degradation
often arises from loss of natural lands to agricultural and urban uses, which has motivated
many jurisdictions to protect the natural lands in their source water watersheds (Postel

& Thompson, 2005, p. 100). Where land cover change is still a concern, such as in

MHW, examination of temporal trends in drinking water treatment costs can provide useful
background information. For example, absence of a temporal trend may indicate that loss of
natural land has not occurred or has been inconsequential relative to its effect on drinking
water treatment costs. Trends in drinking water treatment costs were examined without
matching water quality data because such data were unavailable: water quality calibration
data for SWAT were available from 2001 to 2012, while the MWTDS data were available
from 2008 to 2017.

We used AR modeling to examine the time series of treatment chemical application rates.
MWTDS provided monthly treatment chemical application rates for 20082017, including
raw water volume processed, aluminum sulfate (alum), PAC, lime, and CO,. Alum is used
as a coagulant to remove unwanted color and turbidity. PAC is used for taste and odor
control. Lime is used to soften (and decarbonate) hard water by removing excess calcium
and magnesium. The use of lime also brings many other benefits, including removal of
natural organic material, bacteria, viruses, and suspended matter. CO5 is used to adjust

pH after softening. Monthly data for alum were completed only for 2011-2017. There
were 84 monthly observations for alum and 120 monthly observations for volume of raw
water processed, PAC, lime, and CO». Volume of raw water processed was measured in
mega-gallons (Mgal; 1000,000 gallons) and treatment chemicals were measured as Ibs/Mgal.

AR (regression against itself) models account for the serial autocorrelation that is common
in temporal data. Such correlation leads to biased standard errors when ordinary least
squares (OLS) regression is applied to model trends; AR models correct for serial
correlation to produce unbiased estimates (SAS Institute Inc, 2018). The basic AR model
(see Nash et al., 2014, p. 155) is:

¥ = Ao+ A X time + ;.

(1a)

k
He = z it 1+ &,
t=1

(1b)
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& ~ IN(0, 62).

(10

The fitted AR Equation (1a), like OLS, includes an intercept (A4,), slope (4,), and error term
u. The model for the error term (1b) estimates the error term's serial correlation (p,) over

k lags, with the remaining error (1c) having a mean of 0 and a variance 2. AR models
were implemented with backward selection of between 12 and 18 lags. A minimum of

12 lags was used because we assumed the treatment application rate for a given month

was correlated with the application rate for the same month of the previous year. In some
cases, 18 lags were needed to include all possible lags with significant correlation and to
obtain the correct statistical test of the significance of model parameters. The backward
selection procedure removed lags that were not significant. The AR models were inspected
for non-constant error variance (heteroscedasticity) and trend unit roots (SAS Institute Inc,
2018). Neither was found.

Risk management is an inherent aspect of the production of potable water (Crawford-Brown
& Crawford-Brown, 2011; Hrudey et al., 2006). To improve potable water quality and
minimize risk of contamination, MWTDS shifted the objective of its chemical treatment
processes from cost efficiency to water quality (Kraynick, 2020 personal communication).
Average before (2008-2014) and after (2015-2017) values (Ibs/Mgal) were 206.7 and 290.5
for alum, 71.7 and 91.5 for lime, 1301.5 and 1401.7 for carbon, and 228.7 and 299.6 for
CO,. We included a dummy variable (before = 0; after = 1) in the AR models (Jebb et ah,
2015) to help to disentangle influences of management from trends in chemical application
rates.

31 RESULTS

3.11 Land cover change

3.1.11 2001-2011—A total of 3.5% of the MHW experienced land cover change from
2001 to 2011 (Table A6). This excludes transitions between similar classes (e.g., deciduous
forest to evergreen forest or developed low density to developed high density). Most

land cover classes experienced both growth and decline. The greatest net gains were by
developed land (200 km?) and grassland (183 km?2), while the greatest net losses were
pasture (295 km?) and forest (266 km?).

Developed land was unique in experiencing no losses. Urbanization primarily displaced
cropland and pasture (and to a lesser extent, forest and wetlands) due to growth in the
Minneapolis/St. Paul and St. Cloud metropolitan areas. Cropland expansion occurred,
although most is attributable to transition from pasture (234 km? of 290 km? gross
expansion). This transition mostly occurred in the North and South Fork Crow River
watersheds (southwest MHW). Cropland also displaced 44 km? of wetlands. Most forest
loss was converted to shrubland and grassland.
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3.1.21 2011-2050—Land cover change was projected to be greatest in the A scenarios
(Figure 2). Projected land cover changes for A2 and A2f scenarios were 4.5%-4.7% of the
total watershed area and 5.3%-5.5% for the A1B and A1Bf scenarios. The A scenarios
projected a net loss of over 1000 km? of forest to cropland, pasture, and urban (developed).
Wetland loss to cropland and pasture also occurred. The greatest gain was attributed to urban
development (replacing cropland and pasture), further expanding the footprint of major
metropolitan areas. This amounts to a loss of about 9% of the total forest in the A scenarios,
covering 2.7% of the MHW. With the addition of forest regrowth in the f scenarios, forest
loss was mitigated to about 8% of the total forested area (2.4% of the MHW). Urban growth
is greater in the A1B scenarios (1.7% of total watershed area) versus A2 (1.1%). Finally,
cropland and pasture growth were about 0.5%-1.5% of the total watershed area in the A
scenarios. The greatest loss of forests and wetlands was projected in the A1B scenario, about
1860 km? (3.7%) of the MHW.

On average, B scenario net forest loss and a net urban gain changes were less than half

of their A scenario counterparts. The magnitude of gross land cover changes for the B
scenarios was smaller than the NLCD-based 3.5% gross land cover change between 2001
and 2011. Relative to the A scenarios, cropland and pasture loss were a relatively significant
component of overall B scenario change, especially in the B1f and B2f (forest regrowth)
scenarios that offset much of the forest loss. All four B scenarios projected a loss of
cropland, varying from 20 km? (B2) to almost 220 km? (B2f). About 3% of the existing
forest was lost (less than 1% of the total watershed area). Overall, 397 km? of forests and
wetlands were lost in B1, the smallest area loss of any non-regrowth (f) scenario.

Change patterns were consistent across scenarios. Projected transitions from cropland and
pasture to developed land occurred primarily in the southern half of the MHW, which

is the location of major metropolitan areas and agricultural regions. This change pattern
represents an outward growth of developed lands at the expense of rural agricultural land
cover. Conversely, projected forest and wetland loss occurred primarily in the northern half
of the watershed. Figures A2 through A4 in the Supporting Information demonstrate the
differing change patterns in headwaters versus downstream subbasins.

3.21 Modeled water quality change

3.2.11 Water quality change 2001-2011—Land cover change between 2001 and
2011 resulted in increases in sediment and TP loads, with little change in TN load at the
MWTDS intake (Figure 3). Changes are presented as seasonal averages, starting with the
beginning of the water year (October 1): October—-November-December (OND), January—
February—March (JFM), April-May—June (AMJ), and July—August—-September (JAS). The
greatest changes are in AMJ, associated with early growing season agricultural operations.
Across all simulations, the change was relatively small: the median (of the 95PPU) seasonal
change in sediment was between +1.2% and +2.4%, between —0.4% and +0.4% in TN, and
+1% to +2% in TP. Changes were greater in the headwaters, where the transition from forest
to agriculture was dominant. For example, at USGS 05227500 (Figure 1), median seasonal
changes were +2.3% to +6.7% (sediment), +3.5% to +4.5% (TN), and +4.8% to +6.3% (TP).
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3.2.21 Water quality change 2011-2050—Pollutant loads at the MWTDS intake
reflect the watershed-scale changes in land cover and highlight uncertainty across scenarios.
The magnitude of sediment, TN, and TP load changes from 2011 to 2050 is seasonal, with
the greatest projected changes in AMJ and similar, smaller changes in other seasons (Figure
3). The differences in AMJ versus other seasons coincide with the early growing season and
highlight the influence of agriculture on water quality at the MWTDS. AMJ experiences
declines in sediment load, where the decline is greatest among the forest regrowth scenarios.
TN load increases are projected at the intake, except in the B1f and B2f scenarios, where
cropland is replaced by forest regrowth and urbanization. TP load in AMJ varies by scenario
(increase in A, decrease in B).

There is uncertainty in the direction of change (increase/decrease) across the suite of land
cover change scenarios. The A scenarios project increases in TN and TP loads, while the

B scenarios project decreases (Figure 3). With the inclusion of forest regrowth, A scenario
changes in nutrient loads are moderated, while declines in sediment load are amplified. The
B1f and B2f scenarios are the only scenarios that result in decreases in sediment, TN, and
TP at the intake.

3.2.31 Upstream to downstream change (St. Cloud vs. Minneapolis intakes)
—Land cover change produced similar changes in sediment, TN, and TP loads at the

St. Cloud drinking water intake (near USGS gage 05270700, Figure 1) and the MWTDS
(Figure 4). From 2001 to 2011, median changes in seasonal sediment, TN, and TP loads
were small: +1.1% to +2.7%, +0.3% to +1.2%, and +1.8% to +2.4%, respectively. From
2011 to 2050, projected change was greatest in AMJ, like MWTDS. Differences between
scenarios are also similar at the two intakes: the greatest increases in TN and TP loads were
projected to occur in response to land cover change magnitudes and patterns in A1B and A2,
with smaller increases (B1 and B2) or declines in loads (B1f, B2f) in B scenarios.

Despite the overall similarity in St. Cloud and Minneapolis sediment, TN, TP 2011-2050
changes, there were notable differences. The magnitudes of change were more extreme at
Minneapolis, either much higher or much lower depending on constituent (sediment, TN,
TP) and scenario (note difference in y-axis scale ranges between Figures 3 and 4). More
specifically, the magnitudes and pattern of sediment and TP change tended to be quite
different between the two sites, whereas the magnitudes and pattern of TN change tended
to be similar. For the A1B scenario, for example, the 2011-2050 projected land cover
changes produced a median increase in sediment of 1250 Mg at St. Cloud and a median
decline of a 2500 Mg at Minneapolis. These results reflect the influence of the overall
pattern of forest-to-cropland change occurring predominantly upstream of St. Cloud, and
the results also suggest the Mississippi River corridor between St. Cloud and Minneapolis
may be acting as a sediment “trap.” The pattern also suggests the extant natural vegetation
in the St. Cloud—Minneapolis corridor is an important component of the “trap,” especially
during high-flow events. Changes in sediment, TN, and TP across change scenarios at

all other calibration locations are presented in Figures A9 through A16 of the Supporting
Information.
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3.3 1 Drinking water treatment trends

The temporal trend was significant for alum, lime, and carbon (Table 2; Figure 5).
Management was not significant. Increases in alum, lime, and carbon attributable to
management had no effect on the trend. These results suggest that declining source water
quality required higher application rates to produce potable water and that the increased
application rates would have been needed regardless of the shift in management philosophy.
The converse was true for CO»; the temporal trend was not significant, but the management
variable was strongly significant. Model results suggest that the trend was solely attributable
to the change in management philosophy for CO, (Figure A5). The trend in the volume

of water processed appeared to decline slightly over time, but the temporal trend was not
statistically significant (Figure AG).

41 DISCUSSION

4.11 Land cover change

The land cover change scenarios present eight possible snapshots of spatially explicit future
land cover change. Spatial arrangement and magnitude of land cover change differed across
scenarios. The primary spatial trends were as follows: (1) replacement of cropland by
developed lands in the southern half of the watershed and (2) replacement of forest by
cropland and pasture in the headwaters. The locations of the change, and the magnitude

of the change projected to occur in those locations, were driving factors in both scenario
differences in sediment, TN, and TP loads, and how those differences manifested spatially in
the headwater rivers versus the MWTDS intake.

Land change models are inherently uncertain. Inter-model comparisons demonstrate large
uncertainty in change projections to 2050 for the U.S., both in magnitude and pattern

of change (Sohl et al., 2016). Scenario uncertainty within an individual model is smaller
than variability across models (Sohl et al., 2016). Therefore, the introduction of more land
change models into the watershed modeling process would introduce further uncertainty into
projections of water quality change, beyond the scenario uncertainty.

Finally, these projections are steady-state when implemented within SWAT. That is, they are
constant across a time slice, rather than dynamic, annually changing land cover. This allows
for isolating land cover change without introducing the confounding effects of variable
weather.

4.2'1 Water quality change

The signal of sediment, TN, and TP load changes at the MWTDS intake varies by scenario.
This variability is representative of the differences in the underlying scenarios' spatially
explicit differences in land cover change. There are three important factors: the magnitude
of change, the class-by-class change, and how magnitude and class-by-class change are
realized in a spatially explicit Land Use Land Cover (LULC) map. These factors, and how
they influence water quality, are apparent in differences among future scenarios and in
comparing NLCD 2001, 2006, and 2011 land cover maps.
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The location and type of change is particularly important when examining projections in
constituent loads in the MHW headwaters versus the MWTDS intake. There are two primary
types of change projected by the SRES scenarios: (1) agricultural land loss to developed

land that occurs in the southern half of the watershed and (2) forest loss to cropland or
pasture in the headwaters. Loss of agricultural land to urban development in the subbasins
closest to the MWTDS intake results in projections of decreased sediment loads (and
associated phosphorus). Cropland losses result in associated declines in erosion and land
application of fertilizers. In the headwaters, forest loss to cropland and pasture (Figures A2
and A3) results in an increase in sediment and nutrient loads (Figure A9). This varies with
scenario; the B scenarios and all scenarios that allow for reforestation result in negligible
sediment increases or sediment declines in headwater locations, related to the low magnitude
of change and potential for cropland and pasture transition back to forest. The contrasting
modes of land cover change, summarized by cropland losses to urbanization in the lower
half of the watershed and cropland gains at the expense of forests compete for influence on
sediment, TN, and TP loads at the MWTDS intake. The prevalence of lakes and wetlands in
the northern half of MHW act as a buffer via retention of sediment and associated nutrients,
likely protecting the MWTDS intake from some negative impacts of forest lost to cropland.

Seasonality was found to be important. Changes in water quality loads at the MWTDS
were greatest in AMJ, coinciding with agricultural operations such as tilling, planting,

and fertilizer application. One-third of the watershed's annual precipitation falls during
AMJ, coupled with agricultural operations and saturated soils from winter precipitation
and snowmelt, results in more runoff-associated sediment and nutrient transport than other
seasons.

We can conclude (qualitatively) that the combined uncertainty of the watershed model and
the LULC model is greater than the individual uncertainty of either model. As reflected

in constituent loads at the MWTDS, the variability in A and B scenarios (and their forest
regrowth counterparts) has the most influence. This is because the difference in these
projections as reflected in water quality changes results in a change of direction of trend. For
example, TN and TP are projected to increase in 2050 in all A scenarios but decline in the
B1f and B2f scenarios.

These projections are not a complete picture of water quality in 2050. Rather, they only
represent the potential influence of land cover change on water quality. Climate change
will likely play a role in future water quality of the MHW. The Upper Midwest U.S. is
projected to experience winter and spring precipitation increases, a decrease in proportion of
winter precipitation falling as snow, and an increase in the frequency and intensity of heavy
precipitation events (Hayhoe et al., 2018). These changes to the seasonality of precipitation
and overall changes to the water balance have the potential to increase the magnitude of
sediment erosion and nutrient transport, as well as their timing. As is apparent based on the
land cover change and how it is reflected in water quality at the MWTDS intake, climate
changes in the winter and spring, coinciding with the beginning of the growing season, will
influence water quality.
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Drinking water treatment impacts

The temporal trends we report in per-unit use of treatment chemicals are consistent with
previous empirical studies in other locations (Dearmont et al., 1998; Moore & McCarl,
1987). We found a statistically significant increase in usage of three (alum, lime, and carbon)
of the four treatment chemicals between 2008 and 2017 and an urbanizing watershed

over a partly overlapping time period (2001-2011). In addition, the MHW has continued

to urbanize through 2016 (Homer et al., 2020). Most studies that relate drinking water
treatment costs to influent water quality and land cover are implicitly based on a space-for-
time assumption (Abildtrup et al., 2013; Fiquepron et al., 2013; Warziniack et al., 2017).
Land cover, water quality, and treatment costs are measured across several different source
supply watersheds and the covariance between either land cover and treatment costs or water
quality and treatment costs is used as an inferential indicator of how treatment costs may
trend for a single source supply watershed due to temporal changes in land cover or water
quality. It was not feasible to relate land cover change to change in alum usage because

it was not possible, and perhaps conceptually inappropriate, to compile land cover change
information over very short temporal periods (e.g., monthly). Congruent temporal trends in
treatment chemical usage and urbanization are suggestive of an association between land
cover change and treatment costs.

Because of the scenario-based nature of our main objective and the data necessary to answer
that question, it was also not feasible to examine elasticities—estimation of the magnitude
of change of a dependent variable (e.qg., cost) arising from a unit change in an independent
variable (e.g., turbidity; % forest). Reported elasticities tend to be small (<<1) but also
depend on how cost is defined (Price & Heberling, 2018). Cost could be treatment chemical
expenses only, all operation and maintenance (O&M) expenses, O&M plus capital expenses,
or the price of potable water paid by a household (Abildtrup et al., 2013; Fiquepron et

al., 2013). We anticipate that elasticities for this study would have been <<1 if based

on all O&M costs simply due to the scale of MWTDS, which operates conventional and
ultrafiltration facilities, and somewhat larger if applied to the cost of treatment chemicals
only.

Implicit but perhaps less considered in the calculation of elasticities specifically and the
relationship between land cover and drinking water treatment more broadly is the value of
the land cover—cost relationship to planning. For example, Elias et al. (2014) modeled the
effect of forest loss on organic carbon to understand potential difficulties that plausible land
cover change could impose on meeting U.S. Environmental Protection Agency (USEPA)
phase |1 disinfection byproduct rule regulations. The long-term land-cover change scenarios
were undertaken to aid the planning process. Plausible visions of future (2050) land

cover composition and its effect on influent TN, TP, and sediment provide MWTDS with
information that can be used to determine whether treatment processes may need to be
adjusted in the future.

Elevated nitrogen concentrations in surface waters, a concern in Minnesota (MPCA, 2013),
elsewhere in the Midwest (Hanson et al., 2016), and throughout the U.S. (Davidson

etal., 2012), is one planning-related issue that MWTDS may face in the future. The
SDWA Maximum Contaminant Level (MCL) for nitrate-N (NO3-N) is 10 mg/L (USEPA).
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Emerging literature on a host of potential adverse health effects suggests a lower MCL
may promote disease avoidance (Temkin et al., 2019). The MHW is free of nitrate-N
concentrations above the established MCL, but long-term trends (since ~1975) have
increased 100% or more (MPCA, 2013). Our results for the A1B and A2 scenarios suggest
that land cover composition changes would contribute further to increases in nitrate and
other forms of N to the water influent at the MWTDS intake. Current methods for removal
of nitrate from drinking water are expensive, variable in efficiency, can produce byproducts
that require removal, and do not include the conventional and ultrafiltration processes used
by MWTDS (Xu et al., 2017). The combination of a reduction in the MCL for nitrate-N
and a further increase in N loads over time has the potential to present challenges to the
production of potable water in the future for MWTDS. Removal of N from source water is a
widespread challenge across U.S. (Dubrovsky & Hamilton, 2010 ; Nolan & Hitt, 2006).

Harmful algal blooms represent a potential future event facing MWTDS and other water
treatment distribution systems (Heisler et al., 2008). In lotic systems, they tend to occur in
nutrient-rich waters in late summer when temperatures are warm and river volumes are low
(Paerl et al., 2018). Agriculture and urban land cover are commonly cited as the sources

of nutrient over-enrichment (Heisler et al., 2008; Paerl et al., 2018). Harmful algae blooms
occurred at the mouth of the Maumee River in August 2015 (He et al., 2016) and along the
Ohio River in 2015 and 2019. Removal of cyanobacteria cells and cyanotoxins, an important
distinction, requires adjustments to conventional treatment process (He et al., 2016). A
plausible interpretation of results for the A scenarios is that late summer harmful algal
blooms are possible in the MWTDS watershed in the future, given the simulated increase in
nutrients.

Although not directly addressed in our modeling, projected population growth in the
watershed (MN State Demographic Center, 2019b) associated with urbanization brings
other threats to the MWTDS that were not explicitly included in this study. As the MHW
population grows, contaminants of emerging concern (CECs), such as pharmaceuticals

and personal-care products, are more likely to enter the MWTDS source water in greater
amounts. Some CECs survive wastewater treatment and are released as effluent discharge
into surface and groundwater (Glassmeyer et al., 2017). Growth of population centers and
subsequent increases of CECs in MWTDS source water may be a future reality (Fairbairn et
al., 2016; James et al., 2016).

4.41 Applicability of modeling approach to other locations

Soil Water and Assessment Tool is a widely used water quality model Douglas-Mankin et

al. (2010). The modeling undertaken here could be applied to a wide variety of locations
across the U.S. and elsewhere, although model selection is dependent on the drinking water
source. There is an ever-increasing breadth of forecasted land cover data (e.g., Hurt et al.,
2020) that can be downscaled, as demonstrated here, to existing land cover data (e.g., https://
worldcover2020.esa.int/). The work by Elias et al. (2014) is the only other effort known to
the authors that models the effects of forecasted land cover change on source water quality.
Water quality degradation due to increased sediment, phosphorus, and nitrogen is a global
threat to source water watersheds (McDonald et al., 2016). It is likely that the forecasted
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effects of land cover change reported here would inform planning in other source water
watersheds.

51 CONCLUSIONS

Empirical relationships between land cover and influent water quality and their effect on
drinking water treatment costs have been prevalent in the recent academic literature. The
value of these relationships to planning has received less attention. The results reported
herein indicate that the land use changes that take place over the next 30 years will
influence the future plans of the MWTDS. Somewhat conversely, the scenario projections
also suggest that the MWTDS has a vested stake in the land use decisions made throughout
the watershed over the next 30 years to preserve pre-treatment source water quality. Land
use change scenario outcomes reflecting sustainability and equity are likely to present
fewer management challenges than scenario outcomes reflecting prioritization of economic
growth.
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Future urbanization and cropland expansion in the Mississippi headwaters watershed may
present planning challenges for potable water production in Minneapolis due to projected

N and P increases.
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FIGURE 1.
Mississippi Headwaters Watershed (MHW) study watershed (hydrologic unit code 0701),

National Land Cover Database (NLCD) 2011 (Homer et al., 2015), United States Geological
Survey (USGS) gaging stations used in Soil Water and Assessment Tool (SWAT) calibration,
and the Minneapolis Water Treatment Distribution Service (MWTDS) drinking water intake
(approximately co-located with USGS gage 05288500).
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FIGURE 2.

(@) Inter-class land cover changes from 2011 to 2050 by scenario, where colors represent

the new land cover class in 2050. (b) Net land cover changes by scenario. CROP, cropland;
DEV, developed; FRST, forest; PAST, pasture; WETL, wetland. Labels above bars in panel b
represent percentage of total watershed area that changed.
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FIGURE 3.
Average seasonal loading differences between NLCD 2011 (modeled) and 2050 scenarios

(plus NLCD 2001) at the MWTDS intake for sediment (a), total nitrogen (TN) (b), and

total phosphorus (TP) (c). AMJ, April-May-June; JAS, July—August—September; JFM,
January—February—March; OND, October—November—December. Boxplots represent model
uncertainty constructed from /7= 74 behavioral simulations that represent the 95PPU
parameter uncertainty from SWAT. Boxplots represent median, first and third quartiles
(lower and upper hinge, respectively), and values within 1.5 x interquartile range are
represented by whiskers. Dots represent outlying values beyond the 1.5 x interquartile range.
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FIGURE 4.

Average seasonal loading differences between NLCD 2011 (modeled) and 2050 scenarios
(plus NLCD 2001) near the St.Cloud drinking water intake, USGS 05270700, for sediment
(@), TN (b), and TP (c). AMJ, April-May-June; JAS, July—August-September; JFM,
January—February—March; OND, October—November—December. Boxplots represent model
uncertainty, constructed from 7= 74 behavioral simulations that represent the 95PPU
parameter uncertainty from SWAT. Boxplots represent median, first and third quartiles
(lower and upper hinge, respectively), and values within 1.5 x interquartile range are
represented by whiskers. Dots represent outlying values beyond the 1.5 x interquartile range.
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FIGURE 5.
Monthly trends for alum, carbon, and lime (observed (¢); modeled (blue line); trend (red

line). Slope estimate based on Julian dates (1 = 2008-01-01). Trend slope was significant (p
< 0.05) for all. Monthly data for alum were incomplete before 2011.

J Am Water Resour Assoc. Author manuscript; available in PMC 2025 January 02.



1duosnuep Joyiny vd3 1duosnuey Joyiny vd3

1duosnuey Joyiny vd3

Woznicki et al.

Page 26

TABLE 1

Land cover scenarios implemented in SWAT, and descriptions of their change characteristics in the MHW.

Year
2001
2006
2011
2050

2050
2050
2050
2050
2050
2050
2050

Land cover
NLCD
NLCD
NLCD
FORE-SCE

FORE-SCE
FORE-SCE
FORE-SCE
FORE-SCE
FORE-SCE
FORE-SCE
FORE-SCE

Scenario  Description
Baseline  Land cover circa 2001
Baseline  Land cover circa 2006

Baseline  Land cover circa 2011; used to compare with 2050 scenarios

AlB Forest and wetland losses; developed gain equal to combined cropland and pasture gains. No forest
regrowth

AIBf Forest and wetland losses; developed gain equal to combined cropland and pasture gains. Forest regrowth

A2 Forest and wetland losses; cropland and pasture gain exceed developed gain. No forest regrowth

A2f Forest and wetland losses; cropland and pasture gain exceed developed gain. Forest regrowth

Bl Relatively minor forest and cropland losses; developed gain. No forest regrowth

Bit Relatively minor forest and cropland losses; developed gain. Forest regrowth

B2 Relatively minor forest loss; minor developed and pasture gains. No forest regrowth

B2f Cropland and pasture losses. Forest loss and regrowth balanced-little change in total amount of forest

Abbreviation: FORE-SCE, FOREcasting Scenarios of Land-use Change.
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Autoregressive model (A) results and (B) parameters. Significant (o< 0.05) parameters are printed in bold
typeface. The column tR2 (total R-square) is the goodness-of-fit for the full model (B), that is, how well the
blue line “fits” the black dots in Figure 5.

Treatment Obs Intercept Time Management  tR?

GV

Alumé@ 84  -9555  0.0602 0.73

Limed 120 2703 0.0548 0.48

Carbon? 120 -934  0.0088 051

CO, 120 288.1 -0.0031 72.04 0.50

Waterd 120 23020 -0.0300 0.79

Alum Lime Carbon CO,

(B)

Intercept = —955.0  Intercept = 270.3  Intercept = -93.4  Intercept = 288.1
Time = 0.0602 Time = 0.0548 Time = 0.0088 Management = 72.0
Lagl = -0.6204 Lagl = -0.4645 Lagl = -0.5558 Lagl = —0.0418
Lag2 =0.2068 Lagl2 =-0.2925 Lag2=0.2463

Lag6 = 0.2578 Lagl4 = 0.2067 Lag6 = 0.1998

Lag10 = 0.2704
Lagll = -0.4106

a . . .
Results for single variable models (/= time).
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