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Abstract

The overall objective of this study is to determine the influence of landscape and hydrological
characteristics on sub-catchment variability of total phosphorus (TP), soluble reactive phosphorus (SRP),
the ratio of SRP and TP (SRP/TP), and total suspended solids (TSS). Fourteen longitudinal synoptic
surveys were conducted for 13 sampling sites over a variety of flow conditions in the Innisfil Creek
watershed located in southern Ontario. The surveys were split into baseflow and stormflow and partial
least squares regression (PLSR) was used to analyze the relationship between watershed and
hydrological characteristics, median concentrations of phosphorus, and TSS. The PLSR models indicate
that buried tile drainage might be a major source of SRP in Innisfil Creek, while bank erosion is likely a
dominant source of TSS. The results of this study can serve as the basis for future adaptive management

experiments that seek to improve water quality in Innisfil Creek and beyond.
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1. Introduction and Research Objectives

Anthropogenic eutrophication is a major threat to the health of freshwater ecosystems (Conley et al.,
2009; Dupas et al., 2015a; Monteagudo et al., 2012). Excess nutrient inputs to water bodies can
accelerate eutrophication, which can have devastating impacts on aquatic and human life (Dupas et al.,
2015a; Kleinman et al., 2011). Algal blooms and increased growth of vascular plants can contribute to
hypoxic conditions, leading to fish death and a decline in aquatic biodiversity (Kleinman et al., 2011;
Monteagudo et al., 2012). Eutrophic lakes are often associated with cyanobacterial blooms, which occur
during excessive phosphorus concentrations (Conley et al., 2009). Cyanobacteria can be particularly
problematic because in addition to their contribution to hypoxic conditions in water bodies, they can be
highly toxic to humans (Conley et al., 2009). Low order streams (Strahler order <5) can contribute large
amounts of nutrient loads in aggregate to downstream systems; thus, they can have a large influence on
the water quality of downstream water bodies (Dupas et al., 2015a). Agriculture is often associated with
excessive phosphorus loads to surface waters (Kleinman et al., 2011; Verheyen et al., 2015). In
watersheds dominated by agriculture, phosphorus from fertilizer applications is often transported from

source areas into streams via surface and subsurface runoff (Fuchs et al., 2009; Stutter et al., 2008).

In addition to nutrient pollution, increased sediment concentrations through soil erosion and runoff can
also cause impairment of river systems (Alberto et al., 2016; Russell et al., 2001). Although erosion is a
natural process, conventional agricultural can increase the rate of erosion by 10 to 100 times
(Montgomery, 2007) due to the removal of native vegetation, tillage and planting practices (Cerda et al.,
2009). Elevated sediment fluxes cause declines in the richness of benthic communities in lotic
environments by reducing available habitat and food (Burdon et al., 2013; Larsen et al., 2009). Increased
turbidity caused by elevated suspended sediment concentrations reduces light availability in streams,
which can reduce the capacity for photosynthesis in submerged macrophytes (Garéfano-Gémez et al.,
2011; Pope and Odhiambo, 2014). Elevated sediment concentrations can also be deleterious to fish
species, as sediment can smother fish eggs, interfere with respiration and reduce the abundance of prey

(Tramblay et al., 2008).

Innisfil Creek, located in south-central Ontario and draining into the Nottawasaga River and eventually
southeastern Georgian Bay, is dominated by intensive agricultural land use and has long suffered from
impaired water quality. A previous study investigated the relative contribution of total suspended solids

(TSS) and total phosphorus (TP) from multiple sub-catchments of the Nottawasaga River, including
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Innisfil Creek (Chow-Fraser, 2006). They found that TSS concentrations varied throughout the
Nottawasaga River system and TSS and TP concentrations were highest at the outlet of Innisfil Creek
during both a baseflow and a stormflow event. The study also found that TSS and TP concentrations
increased substantially between the headwaters and outlet of Innisfil Creek and speculated that
intensive agricultural activity in the middle of the watershed could be the source of the sediment. The
authors concluded that further research is required to understand the landscape and hydrological

drivers of elevated TP and TSS concentrations.

The influence of agricultural land cover, soil type, topography and hydrological characteristics on
instream phosphorus concentrations across varying catchments has been studied extensively (Arheimer
and Lide, 2000; Haygarth et al., 2005; Verheyen et al., 2015). Arheimer and Lide (2000) studied 35
catchments dominated by intensive agricultural activity and a found strong positive relationship
between clay dominant soils and TP, particulate phosphorus (PP), and orthophosphate. Haygarth et al.
(2005) studied the relationship between catchment area, phosphorus, and flow in six agriculturally
intensive nested catchments of varying sizes. They found point sources (sewage) had a large influence
on baseflow phosphorus, with dramatic flushing effects of PP during storm events. Verheyen et al.
(2015) found dissolved phosphorus losses in arable catchments were significantly greater than in
forested catchments, and they found that much of the TP losses occurred during storm events via
overland flow. Very few studies have simultaneously examined the influence of agricultural land cover,
soil type, topography and hydrological characteristics on phosphorus concentrations at sub-catchment
and riparian scales for both baseflow and stormflow conditions in a nested catchment. To address this
knowledge gap, our research focuses on understanding how flow state and catchment characteristics
influence sub-catchment variability in phosphorous and sediment concentrations in a watershed
dominated by agricultural land cover. Accordingly, our specific research objectives were to: 1) conduct a
series of synoptic longitudinal surveys for stream TP, soluble reactive phosphorus (SRP) and TSS
concentrations over a range of flow conditions; 2) characterize the topography, land cover/use, soils,
stream morphology, and built environment for the sub-catchments draining each synoptic survey site;
and 3) identify variables that best explain the spatial variability of in-stream TP, SRP, SRP/TP and TSS
concentrations during baseflow and stormflow. The results of this study will assist in understanding the
relationship between a large set of catchment characteristics and nutrient concentrations. This

information will help determine best management practices needed to improve water quality in Innisfil



Creek. Furthermore, the results of this study can assist in hypothesis generation for future experiments

designed to identify specific catchment controls on nutrient concentrations.

2. Literature Review

2.1. Agriculture and nutrient pollution

The problem with elevated nutrients fluxes in freshwater environments is well documented. Elevated P
and N levels can lead to eutrophication leading to oxygen depletion and animal kills (Dupas et al., 2015a;
Kleinman et al., 2011). Catchments with high agricultural land use are of concern because phosphorus
and nitrogen concentrations tend to increase in streams draining agricultural land (Bernot et al., 2006;
Munn et al., 2010). Although highly urbanized catchments have many point sources of nutrient pollution
(e.g., wastewater and septic), agricultural catchments are usually dominated by non-point source
nutrient pollution (Monteagudo et al., 2012). Phosphorus, nitrogen and carbon all play a role in
eutrophication, yet more focus is placed on phosphorus due to the difficulty in controlling natural
exchange of nitrogen and carbon between the atmosphere and water (Sharpley and Wang, 2014). In
addition, phosphorus is generally a limiting nutrient in freshwater systems and excess phosphorus loads
are cited as one of the primary causes for freshwater eutrophication (King et al., 2015; Schindler et al.,

2008). Thus, reducing phosphorus loads is crucial for controlling freshwater eutrophication.

2.2. Phosphorus species

Because TP is a poor predictor of bioavailable phosphorus (BAP), which controls eutrophication (Dupas
et al., 2015b), it is rarely used as the sole metric for phosphorus pollution (McDowell and Wilcock, 2004).
Phosphorus can be divided into two general categories, PP and dissolved phosphorus (DP) (Ellison and
Brett, 2006; Spivakov et al., 1999). Dissolved phosphorus can be further subdivided into SRP, dissolved
organic phosphorus (DOP) and dissolved acid-hydrolysable phosphorus (Spivakov et al., 1999). Soluble
reactive phosphorus is often used in studies on nutrient pollution because it is readily bioavailable for
assimilation by organisms (Spivakov et al., 1999; Zhang et al., 2016). Particulate phosphorus can be
divided into organic and inorganic categories (Labry et al., 2013). Inorganic phosphorus is generally
found adsorbed to particles but also exists as intracellular storage (Labry et al., 2013; Wang and Li, 2010;

Yoshimura et al., 2007).



2.3. Phosphorus transport pathways in agricultural catchments

Agriculture is often associated with excessive phosphorus loads to surface waters (Kleinman et al., 2011;
Verheyen et al., 2015). In watersheds dominated by agriculture, phosphorus from fertilizer and manure
applications is often transported from source areas into streams via surface and subsurface runoff
(Fuchs et al., 2009; Stutter et al., 2008). Although significant amounts of TDP and PP can be transported
through subsurface flows (Algoazany et al., 2007; Fuchs et al., 2009; Kronvang et al., 1997; Mellander et
al., 2015), PP inputs are largely caused by surface runoff and stream bank erosion (Doody et al., 2006;
Stutter et al., 2008). According to Lu et al. (2015), phosphorus loads typically originate from soil erosion

in agricultural fields, but bank erosion is a primary source in lowland areas.

Precipitation events and changes in streamflow can create large fluctuations in phosphorus
concentrations. If rain falls shortly after fertilizer application, this sequence of events can lead to the
mobilization of large quantities of P (Kleinman et al., 2011; Preedy et al., 2001; Stutter et al., 2008).
Multiple studies demonstrate an increase in TP and PP during storm flows (Ellison and Brett, 2006;
Haygarth et al., 2005; Kronvang et al., 1997; Stutter et al., 2008). Kronvang et al. (1997) found the
majority of PP and sediment input in a Danish catchment occur through bank erosion during storm
events. Ellison and Brett (2006) saw an increase in PP, TP, and BAP concentrations by an average of
614%, 200% and 72%, respectively. Haygarth et al. (2005) found point sources to be a major source of
phosphorus during base flow, but during storm flow the authors saw a much greater concentration of
phosphorus with negligible influence from point sources. At least one study has shown TP, PP, and SRP

concentrations decrease with increasing flow due to dilution (Doody et al., 2006).

Traditionally, overland flow is typically seen as the dominant transport mechanism for P in agricultural
catchments (Gentry et al., 2007; Verheyen et al., 2015). However, artificial drainage systems (e.g., tile
drainage) can also serve as a major hydrological pathway for subsurface phosphorus transport in
catchments with high soil phosphorus and low phosphorus sorption capacity (Dupas et al., 2015b;
Gentry et al., 2007; Sims et al., 1998). Surface ditches and subsurface tile drains play a vital role in
draining excess water in farm fields, which can improve crop yield. A large proportion of streamflow in

agriculturally intensive catchments in United States (US) and Canada can be attributed to tile drains



(King et al., 2015). Macrae et al. (2007) found that 42% of annual basin discharge originates from tile
drains in a first order catchment located in Ontario, Canada. Studies by: King et al., 2014; Schilling et al.,
2019; and Xue et al., 2010 found that tile drains account for 46-86% of streamflow in US catchments. In

addition to contributing to a major source of streamflow, tile drains can be a source of phosphorus.

Sediments can also play a role in transporting pesticides, heavy metals, and nutrients such as
phosphorus (Ding et al., 2010; Janes et al., 2018; Kronvang et al., 1997; Sanchez et al., 2015; Tramblay et
al., 2008). These contaminants can bind to sediments via sorption and move downstream. Particulate
phosphorous is less bioavailable than TDP because the bioavailability of PP is controlled by a variety of
chemical processes and can be influenced by physical variables such as particle size (Ellison and Brett,
2006; Zhu et al., 2013). Studies show that the bioavailability of PP is higher in finer particles, such as clay,
than coarse particles like sand (Reynolds and Davies, 2001; Yao et al., 2016). Agricultural streams display
high variability in bioavailable PP, ranging from less than 5% to 69%, depending on the type of
agriculture (Ellison and Brett, 2006).

2.4. Sediment Fluxes

In addition to nutrient pollution, erosion and runoff can cause increased sediment concentrations
through leading to further impairment of river systems (Alberto et al., 2016; Russell et al., 2001).
Elevated sediment fluxes cause decline in richness of benthic communities in lotic environments (Burdon
et al., 2013; Larsen et al., 2009). For example, Burdon et al. (2013) conducted extensive surveys of
agricultural streams and found that an increase in sediment inputs from agricultural activity was
negatively correlated with the diversity of pollution sensitive invertebrate species. The authors used
structural equation modelling to determine that fine sediment covering the stream bed, was a major
contributor to the loss of invertebrate diversity due to habitat loss. Elevated sediment concentrations
can also be deleterious to fish species, as sediment can smother fish eggs, interfere with respiration and
reduce the abundance of prey (Tramblay et al., 2008). Increased sediment can reduce diversity of
pollution sensitive species, and correspondingly, a reduction in flow along with the addition of fine
sediment is associated with an increase in abundance of pollution tolerant species due to additional
habitat availability (Lenat et al., 1981; Matthaei et al., 2010). The increased turbidity caused by elevated
suspended solids concentrations reduces light availability in streams, which can reduce the capacity for

photosynthesis in submerged macrophytes (Garéfano-Gémez et al., 2011; Pope and Odhiambo, 2014).



2.5. Bank Erosion and BEHI

Bank erosion is often cited as a major source of sediments and nutrients in lotic systems (Allmanova and
Jakubis, 2016; Kronvang et al., 1997; Lammers et al., 2017; McMillan et al., 2018). Stream bank erosion
can be caused by two major factors: hydraulic/gravitation forces and bank erodibility potential (Janes et
al., 2018; Prosdocimi et al., 2015; Rosgen, 2001). Erosion by hydraulic forces is often a product of flow
mechanics, whereas erodibility is often determined by a variety of factors, including; bank slope,
vegetation cover, and sinuosity (Janes et al., 2018; McMillan et al., 2018; Rosgen, 2001). Sinuosity can
lead to increased bank erosion due to increased shear stress on outer banks (McMillan et al., 2018).
However, riparian vegetation can reduce bank erosion by improving bank stability (Naiman and and
Décamps, 1997) and it can reduce agricultural runoff and sediment inputs to streams (Burrell et al.,
2013; Pollen and Simon, 2005). Riparian buffers are often implemented by managers as a best

management strategy in order to reduce erosion (Rios and Bailey, 2006; Zhang et al., 2017).

The need to integrate streambank erosion processes in erosion prediction models led to the creation of
the Bank Erosion Hazard Index (BEHI) (Rosgen, 2001). According to Rosgen (2001), BEHI uses key
streambank characteristics, which indicate potential for erosion. The streambank characteristics
included in the BEHI are: the ratio of bank height/bank full height; the ratio of rooting depth/bank
height; root density; bank slope; percent surface area protected; bank materials; and soil stratification.
BEHI is effective at predicting the extent of stream bank erosion, and at identifying stream banks

vulnerable to erosion (Allmanova and Jakubis, 2016; Kwan and Swanson, 2014).

2.6. Riparian buffers for management of agricultural catchments

No universal definition of a riparian area exists but they can generally be described as transitional zones
between land and freshwater ecosystems, characterized by unique biotic, hydrologic, and soil conditions
(Sosa et al., 2018; Verry et al., 2005). Riparian areas are terrestrial areas, which are directly influenced
by aquatic ecosystems (Verry et al., 2005). They are extremely diverse and complex, and they can
perform a variety of important ecological functions, such as reducing agricultural runoff, promoting
nutrient cycling, flood control, and reducing bank erosion (Naiman and and Décamps, 1997; Naiman et
al., 1993; Rios and Bailey, 2006; Teufl et al., 2013). Riparian vegetation can influence aquatic systems by
altering light availability and temperature: for example, a lack of riparian forest cover will increase light

availability, which can lead to an increase in autotrophic production, potentially leading to



eutrophication (Burrell et al., 2013; Naiman and and Décamps, 1997). Riparian vegetation can also
provide bank stability, which reduces both sediment input to the stream and turbidity (Burrell et al.,
2013; Pollen and Simon, 2005). Non-vegetated bank slopes tend to be unstable compared to their
vegetated counterparts, with bank erosion approximately 30 times more prevalent in non-vegetated

areas relative to vegetated areas (Naiman and Décamps, 1997).

The crucial role played by riparian vegetation has led managers and planners to implement riparian
buffers as a best management strategy to reduce nutrient and sediment inputs (Rios and Bailey, 2006;
Zhang et al., 2017). A riparian buffer is typically a three-zone system; the unmanaged zone adjacent to
the stream, an upslope managed woody slope, bordered by a third zone consisting of grasses designed
to reduce runoff (Schultz et al., 2004; Zhang et al., 2017). According to Schultz et al. (2004) a riparian
forest buffer has 3 major objectives. The first is the removal of pollutants such as nutrients, organic
matter and pesticides from surface runoff through processes such as deposition, absorption, plant
uptake and denitrification. The second objective is to create shade to lower stream temperature. The
last objective is to provide detritus and other debris for aquatic organisms. Riparian buffers can play a
major role in limiting soil loss in agroecosystems (Schultz et al., 2004). Woody structures in the buffer
can reduce erosion by acting as a windshield, while plant root systems can increase infiltration and trap
sediments (Lovell and Sullivan, 2006). The continuity and width of riparian buffers can determine their
effectiveness. Continuity in buffers is key to maintaining biodiversity in riparian ecotones. A continuous
riparian buffer can serve as a transportation corridor for a variety of species (Naiman et al., 1993). Some
studies suggest that discontinuities in buffers can limit their effectiveness to retain sediment (Bhattarai
et al., 2009; Teufl et al., 2013). Riparian buffer widths can be crucial to their effectiveness in reducing
nutrient and sediment inputs to streams. No clear consensus exists on the minimum effective width of a
buffer. Zhang et al. (2016) found that a 10 to 30 m buffer on each side of the stream is critical in
reducing nutrient and sediment pollution. Lee et al. (2003) found that a 16.3 m woody/switch grass
buffer is effective at removing over 90% of sediment before it enters the stream; whereas Environment
Canada (2013) recommends a minimum forest buffer of 30 m on each side of a stream to maintain a

healthy stream.



2.7. Statistical approaches for examining relationships between catchment

characteristics and water quality

2.7.1. Traditional statistical techniques

Spatial and aspatial statistical techniques can be useful in identifying relationships between landscape
characteristics and water quality. Aspatial techniques such as Spearman’s correlation and stepwise
multiple regression were successfully used to study the relationships between P and land cover at
different scales (Arheimer and Lide, 2000; Banner et al., 2009; Tromboni and Dodds, 2017; Zampella et
al., 2007). Tromboni and Dodds (2017) used Spearman’s rank correlation, stepwise multiple linear
regression, and breakpoint regression to study the relationship between nutrients and land use across
35 watersheds in Brazil. The authors examined these relationships at both the catchment scale and a
riparian scale (30m buffer). The correlation results showed urban land cover at the watershed scale had
the strongest positive relationship with nutrient concentration. Breakpoint regression was used to study
threshold responses between flow and nutrient concentration. Banner et al. (2009) studied the
relationship between land cover (catchment and riparian scale), stream discharge, and TP (loads and
concentrations). Percent of time a flow was exceeded and TP concentrations were paired and analyzed
through breakpoint regression to identify a threshold response. All flows with values less than the
discharge breakpoint, which was determined from the breakpoint regression, were assigned the median
TP concentration during baseflow for that site. Significant discharge/concentration relationships were
used to model daily TP loads. Arheimer and Lide (2000) used Kendall’s tau and stepwise multiple linear
regression to study the relationship between nutrient concentrations and a variety of explanatory
variables, including; land use, slope, and soil type for 30 sample sites with 5 additional sites reserved for
model validation. The authors concluded organic nitrogen and PP could not be predicted by linear

regression.

Zampella et al. (2007) used multiple linear regression and ANOVA tests to study the relationship
between land use and water quality. The authors used 25 sample sites with a variety of water quality
data, including TP, collected over a three-year period at base flow conditions. Median concentration for
each water quality variable at each site was selected for analysis. The authors combined percent of
upland agriculture and percent urban land into four categories based on the percent altered land use in
each watershed (<10%, 10-19%, 40-49%, and >50%), and they conducted an ANOVA test on each water

quality variable based on the land category. The authors conducted a forward stepwise multiple



regression to determine the relationship between land use variables (basin-wide and distance weighted)
and water quality. The regression model with land use was used to predict water quality at model
validation sites. Regression results showed a strong relationship between altered land use and a variety

of water quality variables.

2.7.2. Partial least squares regression

Partial least squares regression (PLSR) combines aspects of principal component analysis (PCA) and
multiple linear regression. The goal of PLSR is to predict Y (the matrix of dependent variables and
observations) from X (the matrix of independent variables and observations) (Abdi, 2010; Carrascal et
al., 2018; Ferreira et al., 2017). In scenarios where the number of observations is less than the number
of predictor variables, and the dataset is highly correlated (often described as the ‘small n large p’
problem), PLSR is especially effective (Abdi, 2010; Carrascal et al., 2018; Mehmood et al., 2012). In these
scenarios, multiple regression is not possible due to the large number of predictors relative to the
number of observations (Abdi, 2010). Alternative approaches can address this by selecting variables
through techniques like stepwise linear regression or through a PCA of the X matrix followed by linear
regression (Abdi and Williams, 2010; Ferreira et al., 2017). The problem with conducting a PCA followed
by a regression as opposed to PLSR is that an optimal set of predictor variables are not selected in the
PCA (Ferreira et al., 2017). A PCA creates components using the X matrix that best describe variation in
X, which does not guarantee that the components will optimally predict Y (Ferreira et al., 2017). A
simultaneous decomposition of X and Y is performed by PLSR to create components that explain as
much variation between X and Y as possible (Abdi & Williams, 2010; Carrascal et al., 2018; Ferreira et al.,

2017).

Variable selection in PLSR is important because redundant variables can lead to low statistical
significance (Martinez et al., 2017; Mehmood et al., 2012; Shi et al., 2013). According to Mehmood et al.
(2012) there are 3 general approaches for variable selection in PLSR: the filter method, the wrapper
method, and the embedded method. The filter method works by first running the PLSR with all predictor
variables, where a threshold is set to determine which variables will be included in the model. The
threshold can be placed on the loading weights, regression coefficients, or the variable importance in
projection (VIP) values to identify the important variables. Variables with high VIP values are more
important/relevant in explaining the dependent variable (Shi et al., 2013). Variable selection in the filter

method highly depends on the threshold value chosen by the user. The wrapper method as described by
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Mehmood et al. (2012) uses a filter method with a supervised learning approach. Wrapper methods
extract a subset of variables and fit a model to the subset to evaluate it. The algorithms can either be
random (subset selected randomly) or deterministic (subset not selected randomly) (Mehmood et al.,
2012; Saeys et al., 2007). Genetic algorithms combined with PLS regression (GA-PLS), uninformative
variable elimination in PLS (UVE-PLS), backward variable elimination PLS (BE-PLS), and sub-window
permutation analysis coupled with PLS (SWPA-PLS) are a few of the wrapper methods described by
Mehmood et al. (2012). Embedded methods are similar to wrapper methods, but unlike wrapper
methods, they are embedded in the PLS model itself and are thus less computationally expensive than

wrapper methods (Mehmood et al., 2012; Saeys et al., 2007).

3. Influence of catchment and stream characteristics on suspended
solids and phosphorus concentrations across an agriculturally intensive

watershed in southern Ontario

3.1. Abstract

Excess phosphorus inputs into freshwater systems from agricultural activities can accelerate
eutrophication, which can have devastating impacts on aquatic and human life. A variety of landscape
and hydrological characteristics can influence nutrient concentrations in freshwater systems. The
combined influence of these characteristics on nutrient concentrations is still poorly understood. The
overall objective of this study is to determine the influence of landscape and hydrological characteristics
on sub-catchment variability of total phosphorus (TP), soluble reactive phosphorus (SRP), the ratio of
SRP and TP (SRP/TP), and total suspended solids (TSS). Fourteen longitudinal synoptic surveys were
conducted for 13 sampling sites over a variety of flow conditions in the Innisfil Creek watershed located
in southern Ontario. The surveys were split into baseflow and stormflow and partial least squares
regression (PLSR) was used to analyze the relationship between watershed and hydrological
characteristics, median concentrations of phosphorus, and TSS. All stormflow models had a better
predictive performance than the baseflow models. The stormflow SRP, SRP/TP and TSS models had
‘good’ predictive performance (goodness of prediction > 0.5). According to the variable importance in
projection (VIP) statistic, hydrologic soil groups and density of constructed drain density had the

greatest influence on stormflow SRP. Hydrologic soil groups, winter wheat, and constructed drain
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density had the largest influence in the stormflow SRP/TP model, while bank erosion hazard index,
sinuosity, and slope had the largest influence in the stormflow TSS model. The PLSR models indicate that
buried tile drainage might be a major source of SRP in Innisfil Creek, while bank erosion is likely a
dominant source of TSS. The results of this study can serve as the basis for future adaptive management

experiments that seek to improve water quality in Innisfil Creek and beyond.

3.2. Introduction

Anthropogenic eutrophication is a major threat to the health of freshwater ecosystems (Conley et al.,
2009; Dupas et al., 2015a; Monteagudo et al., 2012). Excess nutrient inputs to water bodies can
accelerate eutrophication, which can have devastating impacts on aquatic and human life (Dupas et al.,
2015a; Kleinman et al., 2011). Algal blooms and increased growth of vascular plants can contribute to
hypoxic conditions when they decay, leading to fish death and a decline in aquatic biodiversity
(Kleinman et al., 2011; Monteagudo et al., 2012). Eutrophic lakes are characterized by imbalanced
nitrogen to phosphorus ratios with higher phosphorus, which can often lead to cyanobacterial blooms
(Conley et al., 2009). Cyanobacteria can be particularly problematic because in addition to their
contribution to hypoxic conditions in water bodies, they can be highly toxic to humans (Conley et al.,

2009).

Agriculture is often associated with excessive phosphorus loads to surface waters (Kleinman et al., 2011;
Verheyen et al., 2015). In watersheds dominated by agriculture, phosphorus from fertilizer applications
is often transported from source areas into streams via surface and subsurface runoff (Arheimer and
Lide, 2000; Fuchs et al., 2009; Sharpley et al., 2008; Stutter et al., 2008). Artificial drainage systems (e.g.
tile drainage) also serve as major hydrological pathways for excess phosphorus transport in agricultural
watersheds (Dupas et al., 2015b; Gentry et al., 2007). However, overland flow is typically the dominant
transport mechanism for phosphorus in agricultural watersheds (Gentry et al., 2007; Verheyen et al.,
2015). Total phosphorus (TP) is rarely used as the only measure for phosphorus pollution because TP is a
poor predictor of bioavailable phosphorus (BAP) (McDowell and Wilcock, 2004), which controls
eutrophication (Dupas et al., 2015b). Soluble reactive phosphorus is an especially important phosphorus
species because it is readily bioavailable for assimilation by organisms (Spivakov et al., 1999; Zhang et

al., 2016).
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In addition to nutrient pollution, increased sediment concentrations through soil erosion and runoff can
cause impairment of river systems (Alberto et al., 2016; Russell et al., 2001). Although erosion is a
natural process, conventional agricultural can increase the rate of erosion by 10 to 100 times rates
found under native vegetation cover (Montgomery, 2007). This is due to tillage, planting practices, and
the removal of native vegetation (Cerda et al., 2009). Elevated sediment fluxes cause declines in richness
of benthic communities in lotic environments by reducing available habitat and food (Burdon et al.,
2013; Larsen et al., 2009). Increased turbidity caused by elevated suspended sediment concentrations
reduces light availability in streams, which can reduce the capacity for photosynthesis in submerged
macrophytes (Garéfano-Gémez et al., 2011; Pope and Odhiambo, 2014). Elevated sediment
concentrations can also be deleterious to fish species, as sediment can smother fish eggs, interfere with
respiration, and reduce the abundance of prey (Tramblay et al., 2008). A variety of studies have found a
relationship between total suspended solids (TSS) and particulate phosphorus (PP) (Ellison and Brett,
2006; Haygarth et al., 2005; Pacini and Gachter, 1999; Poirier et al., 2011; Udeigwe et al., 2007). Poirier
et al. (2011) found a strong positive relationship between TSS and PP, while Ellison and Brett (2006)
found a weak positive relationship between TSS and PP. An experimental study by Udeigwe et al. (2007)
found a strong relationship between runoff PP and TSS. Surprisingly, Fulweiler and Nixon (2005) found
no relationship between TSS and PP, the authors argued that this could be explained by the

resuspension of nutrient poor particulate matter from the streambed during stormflow conditions.

Streambank erosion is often cited as a major source of sediments and nutrients in lotic systems
(Allmanova and Jakubis, 2016; Kronvang et al., 1997; Lammers et al., 2017; McMillan et al., 2018).
Stream bank erosion can be caused by two major factors: hydraulic/gravitation forces and bank
erodibility potential (Janes et al., 2018; Prosdocimi et al., 2015; Rosgen, 2001). Erosion by hydraulic
forces is often a product of flow mechanics, whereas erodibility is often determined by a variety of
factors, including; bank slope, vegetation cover, and sinuosity (Janes et al., 2018; McMillan et al., 2018;
Rosgen, 2001). However, riparian vegetation can reduce bank erosion by improving bank stability
(Naiman and and Décamps, 1997), and vegetated riparian buffers can reduce agricultural runoff and
sediment inputs to streams (Burrell et al., 2013; Pollen and Simon, 2005). Indeed, riparian buffers are
often recommended as a best management strategy to reduce sediment loading and erosion (Rios and

Bailey, 2006; Zhang et al., 2017).

The influence of agricultural land cover, soil type, topography and hydrological characteristics on

instream phosphorus concentrations across catchments has been studied extensively (Arheimer and
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Lide, 2000; Haygarth et al., 2005; Verheyen et al., 2015). Arheimer and Lide (2000) studied 35
catchments dominated by intensive agricultural activity and a found strong positive relationship
between clay dominant soils and total phosphorus (TP), particulate phosphorus (PP), and
orthophosphate. Haygarth et al. (2005) studied the relationship between catchment area, phosphorus
and flow in six agriculturally intensive nested catchments of varying sizes. They found point sources
(sewage) had a large influence on baseflow phosphorus, with dramatic flushing effects of PP during
storm events. Verheyen et al. (2015) found dissolved phosphorus losses in arable catchments were
significantly greater than in forested catchments, and they found that much of the TP losses occurred
during storm events via overland flow. Very few studies have simultaneously examined the influence of
agricultural land cover, soil type, topography and hydrological characteristics on phosphorus
concentrations at sub-catchment and riparian scales for both baseflow and stormflow conditions in a
nested catchment. To address this knowledge gap, our research focuses on understanding how flow
state and catchment characteristics influence sub-catchment variability in phosphorous and sediment
concentrations in a watershed dominated by agricultural land cover. Accordingly, our specific research
objectives were to: 1) conduct a series of synoptic longitudinal surveys for stream TP, SRP and TSS
concentrations over a range of flow conditions; 2) characterize the topography, land cover/use, soils,
stream morphology, and built environment for the sub-catchments draining each synoptic survey site;
and 3) identify variables that best explain the spatial variability of in-stream TP, SRP, SRP/TP and TSS
concentrations during baseflow and stormflow. The results of this study will assist in understanding the
relationship between a large set of catchment characteristics and nutrient concentrations. This
information will help determine best management practices needed to improve water quality in Innisfil
Creek. Furthermore, the results of this study can assist in hypothesis generation for future experiments

designed to identify specific catchment controls on nutrient concentrations.

3.3. Methodology

3.3.1. Study Area

The 477.4 km? Innisfil Creek subwatershed is located within the Nottawasaga River watershed in
southern Ontario (inset Figure 1a). A large proportion of the land in Innisfil Creek’s watershed is
dominated by intensive agricultural crops such as sod, wheat, corn and soybeans. (Figure 1a). The

lowlands of Innisfil Creek are primarily composed of sand-silt plains, whereas the highlands consist of
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Oak Ridges Moraines, Schomberg Clay Plains, and the sand-silt plains of the Simcoe uplands
(Nottawasaga Valley Conservation Authority (NVCA), 2013). Innisfil Creek has an average temperature of
7.7 °C and receives an average of 834.4 mm of annual precipitation; approximately 18% of the annual
precipitation falls as snow during the winter months (October — April) (Environment Canada, 2018).
According to the Nottawasaga Valley Conservation Authority (NVCA) (2013), Innisfil Creek’s watershed
has lower forest cover, higher surface water pollution, and lower wetland cover than the rest of the
Nottawasaga watershed. Innisfil Creek has low benthic diversity and relatively high levels of phosphorus,

TSS, and Escherichia coli (E. coli).
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Figure 1. Maps of the Innisfil Creek watershed showing (a) land cover distribution and (b) synoptic
sampling sites and their corresponding catchments. The location of Innisfil Creek within the
Nottawasaga River watershed is shown on the inset. Panel a. Note that only stream orders 3 and higher
are shown in panel b.

3.3.2. Synoptic Water Sampling and Chemical Analyses

Thirteen water sampling sites were selected along the main stem of Innisfil Creek (usually up and
downstream of the confluence of major tributaries and municipal drainage ditches) and on major
tributaries that flow into the main stem (Figure 1b). Fourteen synoptic water quality surveys were
conducted over a range of flow conditions between November 2016 and October 2017 (Figure 2).
Previous studies showed that P loads can vary between baseflow and stormflow conditions (e.g., Banner
et al., 2009; Gentry et al., 2007; Janke et al., 2014). Accordingly, we classified our synoptic surveys into

baseflow or stormflow conditions using the beta version of the HydRun toolbox for Matlab (Tang and

14



Carey, 2017). Hydrun uses a hydrograph separation algorithm along with a smoothing filter to extract
event flows in Matlab. A more detailed discussion of the “extractrunoffevent.m” function can be found
in (Tang and Carey, 2017). After using HydRun, we were able to classify our 14 surveys into seven

baseflow and seven stormflow surveys.

All TP and SRP samples were analyzed colorimetrically with the Bran Luebbe AA3 autosampler via EPA
method 365.1 (O’Dell, 1993). Samples for TP were digested with acid persulfate in an autoclave. Samples
for SRP were filtered through a 0.45 um filter before being analyzed. Samples for TSS were determined
by filtering the sample through a 0.45 um filter and subtracting the filter weights before and after

filtering. Detection limits for TP, SRP, and TSS were 0.01 mgL?, 0.001 mgL?, and 0.1 mgL* respectively.
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Figure 2. Annual flow duration curves (2010-2017) with the 2016/17 synoptic surveys overlaid (note that
survey symbols represent flow condition classification).

3.3.3. Sub-Catchment Characterization

Watersheds were delineated for each site using the Ontario Flow Assessment Tool (OFAT Il) (Ministry of
Natural Resources and Forestry, 2017) at a 30-m resolution. The sub-catchment for each synoptic water
survey point was characterized using 30 predictor variables, and each of these variables can be further
grouped into land cover / land use, topography, soil, stream characteristics, and anthropogenic

modifications for descriptive purposes (Table 1). Land cover variables were generated from the 2017
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Annual Crop Inventory (Agriculture and Agri-Food Canada, 2017). PClI Geomatica was used to conduct a
supervised classification of Sentinel 2 imagery. The classified image was used to generate the riparian
forest and field variables at a 10 m resolution. Hydrologic soil groups, tile drainage area, and constructed
drains data were provided by Ontario Ministry of Agriculture, Food and Rural Affairs (OMAFRA, 2018,
2015a, 2015b). Hydrologic soil groups are texture-based classification of soils. Soils with fine texture (soil
group D), have high levels of clay and a high runoff potential. Soils with coarse texture (hydrologic soil

group A), have a large amount of sand and a low runoff potential.

A 2 m DEM was acquired from the South-Central Ontario Orthophotography Project (Ministry of Natural
Resources and Forestry, 2015) which covered approximately 95% of the Innisfil Creek subwatershed. A
10 m DEM was resampled to 2 m by dividing each cell into 2 m cells and this was mosaicked with the 2 m

DEM to fill in the missing areas. The mosaicked DEM was used to generate elevation and slope variables.

Rosgen’s bank erosion hazard index (BEHI) is an effective predictor of streambank erosion risk
(Allmanova and Jakubis, 2016; Rosgen, 2001) that uses key streambank characteristics. BEHI can also be
used to identify stream banks that are vulnerable to erosion (Allmanova and Jakubis, 2016; Kwan and
Swanson, 2014). In August 2018, we conducted field surveys to measure BEHI (350 m upstream of each
sample site). Streambank characteristics included in the BEHI are: ratio of bank height to bank full
height; ratio of rooting depth to bank height; root density; bank slope; percent surface area protected;

bank materials; and stratification (Rosgen, 2001).

Sinuosity can lead to increased bank erosion due to increased shear stress on outer banks (McMillan et
al., 2018). Sinuosity was calculated as the ratio of stream length to straight-line distance for each stream
segment. Stream segments were delineated by natural confluences, or sample site locations were used
as start and endpoints of stream segments. Segment sinuosity was calculated using a user created
toolkit for ArcMap (Dilts, 2015). Segment lines were converted to grid cells (30 m raster) in ArcMap, so
that each pixel had a sinuosity value. The mean sinuosity value for all pixels within a sub-catchment was
calculated. Field observations indicated that bridges may be a large source of suspended sediment in
Innisfil Creek. Bridges were generated by intersecting the street network with the stream network to
generate crossings. Estimates of mean sub-catchment sinuosity, elevation, slope variables, and number

of bridges per km of stream were generated in ArcMap 10.6.1.
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Table 1. Description and abbreviation for all land use / land cover, topography, soil, stream
characteristics, and anthropogenic modifications predictor variables examined in water quality models.

Group Variable Abbrev. Description
Percent Exposed Land Exp Percent undeveloped land that is predominantly unvegetated.
Percent Field Field_buf Percent land covered with by vegetation, excluding forests within a 30 m
stream buffer.
Percent Forest For Percent forest cover.
Percent Riparian Forest For_buf Percent forest cover within 30 m of stream.
Percent Other Agriculture Other_agri Percent land used for all other agriculture.
Percent Other Vegetables Other_veg Percent land used for vegetable cultivation, not including tomatoes,
potatoes or sugar beets.
Land Use / Percent Pasture and Forage Pas._for Percen.t periodically cultivated land (includes tame grasses and perennial
Land Cover crops like alfalfa and clover).
Percent Row Crops Row_cro Percent land used for corn and soybean cultivation.
Percent Shrubland Shrub Percent land dominated by low woody vegetation (~2 m in height).
Percent Sod Sod Percent land used for sod cultivation.
Percent Urban and .
Urb Percent built or developed land.
Developed
Percent Wetland Wet Percent wetlands.
Percent Winter Wheat Win_wheat Percent land used for winter wheat cultivation.
Mean Elevation Ele Average (mean) catchment elevation in meters.
Mean Slope Slo Average (mean) catchment slope in degrees.
Mean Slope (Buffer) Slo_buf Average (mean) catchment slope within 30m from stream in degrees.
Mean Standard Deviation of
ean Standard Deviation o Slo_std Standard deviation of catchment slope in degrees.
Topography Slope
Mean Standard Deviation of Standard deviation of catchment slope within 30 m from stream in
Slo_std_buf
slope (Buffer) - = degrees.
Percent Hydrologic Soil A Percent land consisting of soils with low runoff potential (< 10% clay and >
Group A 90% sand or gravel).
Percent Hydrologic Soil AB Percent land consisting of soils composed of 60% Group A and 40% Group
Group AB B soils.
Percent Hydrologic Soil B Percent land consisting of soils with moderately low runoff potential
Soil Group B (1020% clay and 50-90% sand).
Percent Hydrologic Soil c Percent land consisting of soils with moderately high runoff potential
Group C (2040% clay and < 50% sand).
Percent Hydrologic Soil Percent land consisting of soils with high runoff potential (> 40% clay and <
D
Group D 50% sand).
Catchment Area Area Upstream catchment area in km?.
Stream Bank Erosion Hazard Index BEHI Mean BEHI score within 350 m upstream of sampling site.
Characteristics ~ Mean Sinuosity Sinu Mean ratio of stream length to straight line distance.
Strahler Order Order Strahler order of stream associated with water quality sampling site.
Bridge per km of Stream Brid Number of bridges per km of stream.
Anthropogenic Constructed Drain Density Cons._drain ?ercer?t watercourse altered t.o |mprove drainage (i.e., constructed drains,
e including open systems or buried tile systems).
modifications Percent Tile Drainage Area
g Tile Drainage tile areas as reported by licensed drainage contractors.

(Licensed)
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3.3.4. Statistical Analyses

To detect significant differences between baseflow and stormflow concentrations of TP, SRP, SRP/TP and
TSS at each site, the Mann-Whitney-Wilcoxon test was conducted. A similar multiple comparison test to
detect significant differences of concentrations between sampling sites could not be conducted due to
the large number of sampling site combinations. The results of the Mann-Whitney-Wilcoxon test can

provide some indication on the concentration discharge relationships in Innisfil Creek.

To examine the influence of landscape characteristics and hydrological conditions on phosphorus and
suspended solids levels we used partial least squares regression (PLSR). This technique combines aspects
of principal component analysis (PCA) and multiple linear regression to predict Y (i.e., a matrix of
dependent variables) from X (i.e., the matrix of independent variables) (Abdi, 2010; Carrascal et al.,
2018; Mehmood et al., 2012). In scenarios where the number of observations is less than the number of
predictor variables, and where the dataset is highly correlated - often described as the ‘small n large p’
problem - PLSR is especially effective (Abdi, 2010; Carrascal et al., 2018; Mehmood et al., 2012). In these
scenarios, multiple regression is not possible due to the large number of predictors relative to the
number of observations, which leads to overfitting (Abdi, 2010). Alternative approaches can address this
by selecting variables through techniques like stepwise linear regression or by using PCA on the X matrix
followed by multiple linear regression (Abdi and Williams, 2010; Ferreira et al., 2017). The problem with
conducting a PCA followed by regression, as opposed to PLSR, is that an optimal set of variables in
relation to the dependent variable matrix is not selected by PCA (Ferreira et al., 2017). A PCA creates
components using the X matrix that best describe variation in X, which does not guarantee that the
components will optimally predict Y (Ferreira et al., 2017). A simultaneous decomposition of X and Y is
performed by PLSR to create components that explain as much variation between X and Y as possible

(Abdi and Williams, 2010; Carrascal et al., 2018; Ferreira et al., 2017).

Variable selection in PLSR is important because redundant variables can lead to low statistical
significance (Martinez et al., 2017; Mehmood et al., 2012; Shi et al., 2013). A filter method was used to
select the relevant variables with a threshold of 1 placed on the VIP score (Mehmood et al., 2012). A
PLSR model was created for TP, SRP, TSS and SRP/TP. Regression coefficients along with VIP scores were
used to determine the influence of the predictors on the response variables as per Zhou et al. (2017).

The number of components were selected using root mean squared error of prediction (RMSEP) with
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the leave one out cross validation (LOO) method. Coefficient of determination (R%) and goodness of

prediction (Q2) were used to assess the predictive ability of the model. A model with a Q? of greater than

0.5 is considered to have good predictive power (Shi et al., 2013).

In addition to a PLSR, we conducted a PCA on all predictors to visualize correlations between predictors.
Principal component analysis is a descriptive technique that uses orthogonal scores to convert
potentially correlated variables into uncorrelated principal components (Abdi and Williams, 2010). The
PCA loading plots can be used to identify variables that are highly collinear, which can be used to better
interpret PLSR models. All statistical analyses were done in RStudio (R version 3.5.1) (R Core Team,

2018), the PLSR which was conducted through the use of the “pls” package in R (Mevik et al., 2019).

3.4. Results

3.4.1. TP, SRP, SRP/TP and TSS Concentrations

Concentrations for TP, SRP, and TSS were significantly higher during stormflow for multiple sites (Figure
3), which seems to suggest that phosphorus and TSS increase in Innisfil Creek during storm events via
flushing of sediments and decaying organic matter from surrounding fields and ditches. The drainage
ditch (dd1) site had the highest concentrations of TP and SRP, exceeding 0.3 mgL™* and 0.25 mgL™!
respectively (Figure 3). Concentrations for SRP along Innisfil Creek (i1 - i6) during stormflow were
generally higher than other sites and decreased as one moved downstream. Median concentrations for
TP, SRP, SRP/TP and TSS were used instead of the mean concentrations, because using median
concentrations limits the influence of outliers and values close to the detection limit (Robertson et al.,

2006).

19



) 3 E3Baseflow

~ E3Stormflow

2 02

£ : ‘h i ‘ :

a, 0.1

F

» -h - ...— i ‘.i*ﬁ = B

bal* bel* beba* col wsc*

b) (0.25) ® (0.13)

2> 0:06

:4 ®

2 0.04

o

e 0.02 H h ﬁ ‘. -

wmﬂnrﬁ ﬁ. i*F#J

‘ bel beba col* ddl  il* 7% pel*

c) 08 .

& 0.6

: 0.4 ﬁ i i-* °

7 l|l

%) 0.2 * ‘ * #‘+ * * -*
bal bel* beba* col ddl il 17% pel* WsC

d) . .

22100 2 .

—

en

& ;

g ¥ . * 7B *

] * - ' v -|-F - - -I- sy
bal* bel* beba* col ddl i7  pel* wsc*

S1te

Figure 3. Boxplots summarizing: a) TP (mgL™), b) SRP (mgL?), c) SRP/TP, and d) TSS (mgL™)
concentrations under baseflow and stormflow conditions at each synoptic survey site over the study
period. Line represents the median, upper and lower hinges correspond to the first and third quartiles
and whiskers extend from hinges to 1.5 * interquartile range. Values in brackets at top of panel
represent outliers that are not displayed. Asterisks beside site labels on x-axes indicate significant
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difference between baseflow and stormflow concentrations (p < 0.05) for each site via Mann-
WhitneyWilcoxon test.
3.4.2. PLSR Models for TP, SRP and SRP/TP

3.421.TP

The baseflow TP model required five components with a cumulative Q2 of 0.3126 (Table 2). Elevation
was negatively related to TP and had the strongest influence on the model (high VIP, and negative
regression coefficient, Figure 4a). The stormflow model for TP performed much better as it required one
component and still had a higher Q? value than baseflow TP (Table 2). Area, Strahler order, and ‘other
vegetables’ had the highest VIP values in the stormflow model. All three of these variables had positive

regression coefficients.

Table 2. Performance summary of all PLSR models.

Variable Component Racum Qacum
1 0.3877 -0.6841
2 0.6002 -0.9449
Baseflow TP 3 0.8797 -0.887
4  0.9264 0.1104

5 0.9408 0.3126

Stormflow TP 1 0.5865 0.3837
Baseflow SRP 1 0.5496 0.1952

2 0.7142 0.3396

Stormflow SRP 1 0.8202 0.6916
Baseflow SRP/TP 1 0.483 0.1555
Stormflow SRP/TP 1 0.751  0.6502
Baseflow TSS 1 0.5188 0.2505

Stormflow TSS 1 0.7804 0.6513
*Q2cum: Cumulative goodness of prediction. R%um: Cumulative coefficient of determination
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Figure 4. The PLSR results (VIP values [bars] and regression coefficients [bar colour]) for component 1 of
the baseflow and stormflow: (a) TP, (b) SRP, (c) SRP/TP, and (d) TSS models.
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3.4.2.2. SRP

The baseflow model for SRP performed more poorly than the stormflow model (Table 2). It required two
components to explain the variation in SRP during baseflow, while the stormflow model had a better Q?
with only one component. The cumulative Q? for the baseflow model was 0.3396 and the two
components explained 71.42% of the variation in baseflow SRP (Table 2). Percent urban land cover and
mean sinuosity had the highest VIP scores, but hydrologic soil group A (< 10% clay and > 90% sand or
gravel) and D (> 40% clay and < 50% sand) also had VIP scores >1 (Figure 4b). Sinuosity, percent urban,
and hydrologic soil group A had negative coefficients, indicating a negative correlation with baseflow
SRP. A positive regression coefficient for constructed drain density and a negative coefficient for
sinuosity indicates that channelized watercourses are associated with elevated SRP concentrations
(Figure 4b). The stormflow model of SRP required one component with a Q2 of 0.6916 and explained
82.02% of variation in Y (Table 2). Hydrologic soil group D had the largest VIP score in the model, while
Hydrologic soil group B, constructed drain density, percent winter wheat and hydrologic soil group A all
had VIP values greater than one (Figure 4b). With the exception of hydrologic soil group A, all variables
with a VIP value greater than one were positively correlated with stormflow SRP (Figure 4b). The high
VIP value for constructed drain density indicates that tile drainage plays a major role in explaining SRP

variance during stormflow.

3.4.2.3. SRP/TP

The baseflow model for SRP/TP also performed somewhat poorly when compared to the stormflow
model (Table 2). The model required one component with a Q2 of 0.1555 and explained 48.4% of the
variation in baseflow SRP/TP. Area and stream order had the highest VIP values out of all variables
examined and both variables were negatively correlated with SRP/TP ratios during baseflow (Figure 4c).
Elevation also had a VIP value greater than one and was positively correlated with SRP/TP ratios. Lower
order streams appear to have TP concentrations that have a relatively high proportion of SRP. The
model results indicate that SRP/TP ratio is largely influenced by TP variability during baseflow because
the baseflow TP model shows that areas with low elevations (downstream area) have higher TP
concentrations. This is consistent with the baseflow SRP/TP model, which indicates that downstream
areas have SRP/TP ratios dominated by TP. The stormflow model of SRP/TP performed well, as it

required one component with a Q% of 0.6502 and explained 75.1% of the variation in stormflow SRP/TP
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(Table 2). Winter wheat, hydrologic soil group A, constructed drain density, area, slope, and standard
deviation of slope all had a VIP value greater than one (Figure 4c). All variables with a VIP value greater
than one were negatively correlated with stormflow SRP/TP, with the exception of winter wheat and
constructed drain density. The model results indicate that winter wheat had a major influence on the
proportion of SRP in TP. Winter wheat can serve as a source of SRP via fertilizer application and decaying
vegetation, but is also used as a cover crop, which prevents soil erosion, potentially reducing PP inputs.
Hydrologic soil groups play a much larger role in the stormflow SRP/TP model than in the baseflow
model, likely due to the ability of soil texture and runoff potential to influence SRP concentrations during
storm events. Like the stormflow model for SRP, constructed drain density correlates with an increase in
SRP relative to TP. The stormflow model for SRP/TP is similar to the stormflow model of TP, because
constructed drain density, winter wheat, and hydrologic soil groups had the largest influence on both
models. This indicates that changes in the SRP/TP ratio are largely controlled by changes in the SRP

concentrations during stormflow.

3.4.2.4.TSS

The baseflow model of TSS had a Q2 of 0.2505 and explained 51.88% of variation in baseflow TSS (Table
2). Area, BEHI, sinuosity, and Strahler order all had VIP values greater than one and all of them were
positively correlated with baseflow TSS (Figure 4d). These results indicate that stream characteristics
primarily determine TSS concentrations in Innisfil Creek during baseflow. The stormflow model of TSS
performed better than the baseflow model as it had a Q? of 0.6513 and explained 78.04% of variance in
stormflow TSS (Table 2). Area, BEHI, hydrologic soil group A, and Strahler order all had a VP value
greater than one, and these variables were positively correlated with stormflow TSS. The stormflow TSS
results had a better Q2 value, but had very similar VIP values in comparison with the baseflow TSS
model. However, the stormflow TSS model saw an increase in VIP values for winter wheat and

hydrologic soil group A.

3.4.3. Collinearity in Predictors

The PCA required 3 components to explain 79% of variation. The loading plot (Figure 5) indicates that all
slope variables, BEHI, percent pasture and forages, Strahler order, mean sinuosity, percent urban,
subcatchment area, and hydrologic soil Groups A and AB were positively correlated with each other but

negatively correlated with PC1. Field, row crops, and tile drainage area were positively correlated with
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each other and positively correlated with PC1. Hydrologic soil group C was positively correlated with
PC2, while other vegetables, bridges, and hydrologic soil groups B and D were positively correlated with

each other but negatively correlated with PC2.

Due to the high multi-collinearity between the predictors in the PLSR models, it can be difficult to
determine which variables are most related to the response. The principal component analysis can help
address this issue. After identifying a few key variables from the PLSR model, we can use the principal
components to identify other similarly correlated variables, which may explain variation in the response
variable. Variables describing anthropogenic influence are best described by PC1. Many of the variables
that represent anthropogenic activity, such as constructed drain density and row crops, are positively
correlated with PC1 (Figure 5). Whereas variables that represent an undisturbed landscape, such as
percent forest cover, are negatively correlated with PC1. PC2 can be interpreted as an index of
catchments with increasing cover of hydrologic soil group C and decreasing numbers of bridges, other

vegetables, and hydrologic soil groups B & D.
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Figure 5. PCA loading plot for all 30 predictors. Principal component 1 (PC1) and principal component 2
(PC2) displayed.

3.5. Discussion
3.5.1. Influence of flow state on nutrient concentrations

All stormflow models had higher Q2 and R? values compared to baseflow models. More importantly, the
influence of land cover, topography, slope and soil were more pronounced during stormflow, likely due
to increased hydrological connectivity during storm events. Previous studies (Arheimer and Lide, 2000;
Haygarth et al., 2005) attributed elevated nutrient concentrations to diffuse agricultural sources, while

the lower concentrations during baseflow were primarily attributed to point sources. The poor
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predictive performance of the baseflow PLSR models relative to the stormflow models suggest that

point sources are likely not a major influence on baseflow concentrations in Innisfil Creek.

3.5.2. Influence of land use / land cover on nutrient and TSS concentrations

Percent urban had a negative regression coefficient and had the highest VIP value in the baseflow SRP
model. A variety of studies have shown urban areas to be a potential source of nutrients (e.g., Golden et
al., 2016; Paul et al., 2001), however, we found no other study that showed a strong negative
relationship between SRP and urban areas. Another possible explanation for the baseflow SRP model is
that agricultural land is more dominant than urban land cover, and agriculture is a larger source of SRP
than urban areas. Figure 5 shows that urban land cover is correlated with a variety of variables, which
likely also exert an influence on baseflow SRP. In contrast, agricultural classes (winter wheat and other
vegetables) had greater VIP scores in the SRP stormflow model, which indicates that land cover may

have a greater influence on SRP during stormflow than baseflow.

Multiple studies have found percent agricultural land cover to be a primary cause of elevated nutrient
concentrations during both baseflow and stormflow conditions (Haygarth et al., 2005; Zhou et al., 2017).
Only the stormflow models for TP, SRP and SRP/TP had any agricultural classes with a significant VIP
value (> 1). None of the models we tested had an agricultural class as the most dominant variable
related to variability in the response variable. Winter wheat and row crops were the only agricultural
classes with a standard deviation greater than 5% (Table 3). We reason that lack of variability in
agricultural classes within Innisfil Creek sub-catchments may explain why agricultural classes were not
important variables in any of our models. In addition, we caution that the baseflow SRP model, should
not be over interpreted given the poor predictive performance of this model. In summary, winter wheat
and other vegetables were the only land cover variables that were significant in any PLSR models with

good predictive ability.

Winter wheat is a cover crop that makes up almost 10% of Innisfil Creek’s catchment area and it had
high importance in the stormflow SRP, SRP/TP and TSS models. Studies by (Cober et al., 2019; Lozier et
al., 2017) show that cover crops can be a source of SRP. The results of this study support this claim as
winter wheat had a high VIP value and had a positive regression coefficient in the SRP and SRP/TP

models. In addition, the stormflow TSS model indicates that winter wheat may assist in reducing TSS
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concentrations. Singh et al. (2018) also found cover crops to reduce TSS export and surface runoff during

storm events.

Table 3. Summary statistics of all predictor variables along with values at the outlet of Innisfil Creek
(wsc).

Values for
. the entire . . Standard
Group Variable Maximum  Minimum Mean o
catchment deviation
(wsc)

Percent Field 56.60 79.60 47.18 58.22 9.998

Percent Forest 17.22 23.74 5.46 16.18 6.300

Percent Riparian Forest 39.31 47.87 16.66 37.63 9.759

Percent Other Agriculture 2.62 6.10 0.44 2.33 1.556

Land Use / Percent Other Vegetables 1.49 6.17 0.04 1.99 2.102
Land Cover Percent Pasture and Forage 25.86 34.09 19.17 24.40 4.965
Percent Row Crops 30.27 47.57 20.67 30.42 8.230
Percent Sod 1.10 5.14 0.09 0.90 1.332
Percent Urban and Developed 6.61 12.01 4.22 6.47 2.060
Percent Winter Wheat 9.63 21.00 3.50 12.52 5.227

Mean Elevation (metres) 257.70 272.22 240.03 259.27 8.262

Mean Slope (degrees) 3.06 3.87 2.502.86 2.96 0.400

Mean Slope (Buffer) 3.35 3.97 213 3.18 0.388
Mean Standard Deviation of 3.03 3.30 285 0.355

Topography slope
M Standard Deviati f

ean Standard beviation o 3.28 3.45 2.74 3.17 0.231

slope (Buffer)

Percent Hydrologic Soil Group A 7.56 19.55 0.10 6.16 5.029
Percent Hydrologic Soil Group

o 14.76 36.32 0.10 10.03 11.867
Hydrologic Soil AB
Groups Percent Hydrologic Soil Group B 35.67 71.59 17.48 43.42 21.157
Percent Hydrologic Soil Group C 32.57 69.18 7.72 30.57 19.780
Percent Hydrologic Soil Group D 8.21 18.27 0.10 8.77 5.812
Catchment Area (km?) 477.34 477.34 21.24 131.96 125.482
Stream Bank Erosion Hazard Index 28.77 33.42 7.00 22.68 8.958
Characteristics ~ Mean Sinuosity 1.31 1.79 1.16 1.27 0.163
Strahler Order 7.00 7.00 3.00 5.00 1.080
Bridge per km of Stream 0.56 0.68 0.45 0.58 0.070
Anthropogenic  _onstructed Drains Density 20.11 40.35 6.19  24.23 11.612
e (Licensed)
Modifications i .
Percent Tile Drainage Area 16.39 30.72 869  16.72 6.916
(Licensed)
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3.5.3. Influence of topography on nutrient and TSS concentrations

Some slope variables were ‘important’ and negatively correlated with stormflow SRP and SRP/TP
concentrations (Figure 4b, c). These results contrast the findings of (Chang et al., 2008; Ekholm et al.,
2000), who found slope to be positively correlated with nutrient concentrations. Our results did
corroborate with Zhou et al. (2017), who also found slope to be negatively correlated with nutrient
concentrations. The negative relationship of slope with stormflow SRP can be explained by the high
correlation between slope and hydrologic soil group AB (Figure 5). The lack of topographic variables in
the PLSR models can be attributed to the low variation between catchments. The standard deviation of
both slope variables was less than one (Table 3). Innisfil Creek is a relatively flat catchment, thus the role
of mean catchment slope on phosphorus concentrations might be insignificant compared to other
variables. Topography was not a major control on nutrient and TSS concentrations according to the PLSR

models.

3.5.4. Influence of hydrologic soil groups on nutrient and TSS concentrations

Golden et al. (2016) found hydrologic soil groups explain a large amount of variation in TP, while
Arheimer and Lide (2000) found concentrations of all phosphorus species including TP to be positively
correlated with clay dominated soils. The PLSR results indicate that hydrologic soil groups explain
significant variation in SRP, stormflow SRP/TP and stormflow TSS. Surprisingly, hydrologic soil group A
was positively correlated with stormflow TSS. This is likely due to the high collinearity between soil
group A and other metrics associated with elevated TSS concentrations such as slope and BEHI (Figure

5).

Hydrologic soil group B was also positively correlated with stormflow SRP, possibly because soil group B
is highly correlated with soil group D, which is associated with elevated SRP concentrations. The results
of the stormflow SRP and SRP/TP PLSR models corroborate with the results of Arheimer and Lide (2000)
who found finer soil texture to be associated with elevated SRP concentrations. However, hydrologic soil
groups did not show the same relationships in the stormflow TP model, which does not support the
results of either Arheimer and Lide (2000) or Golden et al. (2016) who found finer soil texture to be
associated with elevated TP concentrations. This might be explained by the overwhelming influence of

catchment area on TP variability.
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3.5.5. Influence of stream characteristics on nutrient and TSS concentrations

Catchment area was an important variable for explaining TP variation during stormflow and explaining
variation in SRP/TP and TSS during all flows. There is an inherent (nested) spatial relationship between
sampling sites, which means that the concentrations are not spatially independent. Thus, the high VIP
value for area can be attributed to upstream concentrations influencing downstream concentrations.
Both BEHI and sinuosity can serve as predictors for bank erosion and the presence of these variables in
the TSS model along with area indicates that TSS is largely influenced by bank erosion. According to
Gianfagna et al. (2015) catchment area can serve as a proxy for flow, which means a high VIP value for
area with a positive regression coefficient can indicate that flow primarily controls the variability in the
response variables. An increase in flow can lead to increased shear stress on stream banks leading to
more bank erosion (Janes et al., 2018). Based on the TSS PLSR models, bank erosion is likely the primary
control for TSS variation due to the high VIP values of area and other variables associated with bank

erosion such BEHI and sinuosity.

3.5.6. Influence of anthropogenic modifications on nutrient and TSS concentrations

Agricultural dredging and channelization has a long history in Innisfil Creek and these practices have led
to the destabilization of the stream banks and beds (I. Ockenden, personal communication, May 15,
2019). In addition, the majority of agricultural land is artificially drained through subsurface tile drains
and/or open drainage channels running between fields. Constructed drain density was an important
predictor in the stormflow models for SRP and SRP/TP, which indicates that constructed drains
contribute to a large amount of SRP export in Innsifil Creek. Multiple studies demonstrate that tile drains
are a significant source of nutrients and sediments in agricultural landscapes (Gentry et al., 2007;
Macrae et al., 2007; McDowell and Wilcock, 2004; Van Esbroeck et al., 2016). None of the
anthropogenic modification variables had a significant VIP value in any of the baseflow models. The lack
of importance of these variables during baseflow indicates that point sources may not have large control
on TP, SRP, SRP/TP and TSS values. However, it is important to note that tile drainage area and
constructed drains would likely never be active during baseflow, which explains why they did not have
VIP values greater than one in any baseflow models. Field observations indicated that bridges were
associated with exposed banks in Innisfil Creek. In this study, the variable, bridges, included all river
crossings, many smaller crossings likely did not have exposed banks. In addition, the standard deviation

of bridges might be too small to adequately capture the variation in bridges across Innisfil Creek (Table
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3). Although constructed drain density was highly important in explaining the variation in stormflow SRP
and SRP/TP, none of the anthropogenic modification variables were important in any baseflow PLSR

models.

3.5.7. Management implications and future directions

In this study, we attempted to understand the influence of flow state and landscape characteristics on

nutrient and TSS concentrations over the span of one year with 13 sample sites in a large catchment.

Our study indicates that landscape influences on phosphorus and TSS concentrations are much more
evident during stormflow conditions. Hydrologic soil groups and upstream catchment area had the
largest influence on nutrient concentrations during stormflow conditions, while TSS concentrations are
likely primarily controlled by bank erosion during storm flows in Innisfil Creek. We found BEHI to be an
effective predictor of TSS concentrations in Innisfil Creek, which has traditionally been used to predict
stream bank erosion. To our knowledge, no other study has attempted to use BEHI to predict TSS
variability. Our results indicate that BEHI can serve as a good predictor of TSS variability and may have

the potential to identify TSS source areas along a stream network.

Constructed drain density, had a high VIP value in the stormflow SRP model, which indicates that
constructed drains may play a large role in controlling SRP concentrations in Innisfil Creek and may also
play a large role in controlling SRP concentrations in Innisfil Creek. Percent winter wheat also had a high
VIP values in the stormflow SRP model and was highly correlated with constructed drain density (Figure
5). Thus, it is unclear which variable actually controls the variation in stormflow SRP. The results of this
study highlights the need for accurate, high spatial resolution tile drainage mapping. Tile drains can be a
significant pathway of phosphorus, but are rarely mapped. This study used constructed drain density, a
generic variable that represents any channelized drains and includes both surface and subsurface drains.
In addition, constructed drain density only included drains installed by licensed contractors, and did not
include tile drains installed by individual farmers. Subsurface flows export a large proportion of TP and
SRP in other Ontario catchments (Macrae et al., 2007; Van Esbroeck et al., 2016), but constructed drains
were only an important pathway for SRP in this study. This result may be attributed to the

underrepresentation of tile drains by the constructed drains variable.

Future research could expand on this investigation further by conducting more surveys over a longer

period of time, with more survey sites to better understand the influence of landscape characteristics on
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phosphorus and TSS. Additional survey sites, the addition of PP, and the adequate mapping of the tile
drainage system in Innisfil Creek would lead to a better understanding of the role of tile drains on
nutrient and TSS concentrations at a catchment scale. The results of this study highlight the potential
effectiveness of BEHI to predict TSS concentrations. Future studies can use BEHI to predict the variability
of PP and TSS. By using BEHI along with land cover variables it may be possible to determine the
proportion of TSS mobilized from stream banks, relative to TSS from agricultural runoff, over a variety of

flow conditions.

3.5.8. Hypothesis Generation

The ability for PLSR to incorporate a large number of predictor variables is both its greatest strength and
greatest weakness. Although PLSR can address multi-collinearity it cannot disentangle highly correlated
variables. This makes PLSR ineffective at identifying primary drivers but an ideal choice for hypothesis
generation, as it can narrow down the number of possible catchment and hydrological controls on
nutrient concentrations. Tile drains can potentially lead to elevated nutrient concentrations because
they do not interact with riparian vegetation and feed directly into the stream. Yet, it is unclear whether
tile drains in Innisfil Creek actually contribute to nutrient concentrations or if they are negatively
correlated with sandy soils (group A) and positively correlated with percent winter wheat (Figure 5). We
hypothesize that tile drains will generally be correlated with clay soils and contribute to increased
nutrient concentrations in catchments with highly vegetated riparian areas. This hypothesis can be

tested at the field scale, by measuring nutrient exports for plots with and without tile drains.

Hydrologic soil groups had high VIP values in the stormflow PLSR model and likely contribute to the
elevated nutrient concentrations. However, it is unclear whether this is due to the increased ability of
phosphorus to bind with fine textured soils or the increased runoff potential associated with fine
textured soils. We hypothesize that the synergistic effect of increased sorption capacity and the increase
in runoff potential contribute to elevated nutrient concentrations in Innisfil Creek. This hypothesis can

potentially be tested by comparing soil texture and runoff potential in a paired catchment study.

According to the TSS PLSR models, variables associated with bank erosion appear to be the only
variables with a high VIP value during baseflow, and variables associated with both bank erosion and
landscape characteristics have high VIP values in the stormflow TSS model. We hypothesize that

overland flow from agricultural fields and erosion of stream banks combine to control TSS
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concentrations during stormflow, whereas TSS concentrations are primarily controlled by erosion of
streambanks only during baseflow. This hypothesis can potentially be tested by studying the influence of

catchment area and BEHI on TSS concentrations in a catchment with varying riparian vegetation cover.

4. Summary

Anthropogenic eutrophication presents a major threat to ecosystem and human health. Eutrophication

is defined by excessive enrichment of a waterbody, which leads to algal blooms and oxygen depletion.

Phosphorus is generally considered the limiting nutrient in freshwater systems, and phosphorus is often
exported from agricultural land in southern Ontario. Large amounts of phosphorus applied to
agricultural land as fertilizer and manure can be exported into nearby water bodies during and after
precipitation events. Thus, understanding controls on phosphorus transport in agriculturally intensive
catchments is key to reducing phosphorus input in freshwater bodies. Current literature suggests that
phosphorus is generally transported via overland flows, however when soils are well saturated,
subsurface transport via tile drainage systems can become a significant transport pathway. In addition to
phosphorus, sediments can also be deleterious to aquatic systems. Elevated sediment concentrations in

lotic systems can cause a decline in the richness of benthic and fish species.

Using PLSR and other statistical techniques, we studied the influence of 30 catchment characteristics on
TP, SRP, SRP/TP and TSS concentrations in Innisfil Creek during both baseflow and stormflow. Innisfil
Creek is a large (477 km?) catchment that is part of the greater Nottawasaga Valley watershed. This
catchment is dominated by agricultural activity and has the highest TP concentrations compared to all

other catchments in the Nottawasaga Valley watershed.

The PLSR models consistently performed better during stormflow than baseflow. This is likely due to the
increased terrestrial-to-aquatic hydrologic connectivity during stormflow. Winter wheat was the only
agricultural land cover class with a VIP value greater than one in any stormflow model; indeed winter
wheat had a high VIP value and a positive regression coefficient with stormflow SRP. Topographic
variables were generally not important in any stormflow PLSR models, with the exception of the
stormflow SRP/TP model. Hydrologic soil groups had the largest influence on the stormflow PLSR
models, especially on the stormflow SRP model. Hydrologic soil group D had the highest VIP value along

with a positive regression coefficient with stormflow SRP. Soils with fine texture, such as clays, have a
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high sorption capacity and a low infiltration rate, which can facilitate the overland runoff of phosphorus.
Stream characteristic (BEHI, catchment area and mean sinuosity) variables were generally important in
both baseflow and stormflow TSS models. The TSS models indicate that bank erosion is likely the
primary source of TSS in Innisfil Creek. Constructed drains had a high VIP value in the stormflow SRP

model, indicating that a significant proportion of SRP is exported via subsurface flows in Innisfil Creek.

This study showed the importance of constructed drains as a possible transport pathway for SRP, which
indicates a need for comprehensive tile drainage data and high-frequency monitoring of nutrient
concentrations in water draining from tiles. Constructed drains was an important predictor even though
this variable only represented licensed tile drainage systems, which do not represent all the tile drains
present in Innisfil Creek. It is unclear how the addition of an entirely representative tile drainage dataset
would affect the results of this study. Another important contribution we found was that BEHI was an
important predictor of TSS concentrations. Traditionally, BEHI has only been used to predict stream bank

erosion: this study indicates that BEHI may also be effective in predicting stream TSS concentrations.
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