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The hydrobiogeochemical processes governing water quantity and quality are highly
spatiotemporally variable. Five river locations in the Thames River Watershed were used to
assess flow regime characteristics (Study 1), nutrient hotspots (Study 2) and their inter-relation
(Synthesis). Study 1 suggested that some sites have low groundwater storage and high runoff
generation, leading to river flow memory timescales that are longest in fall and shortest in
summer seasons. In Study 2, the majority of criteria evaluated led to the positive identification of
some sites as phosphate or nitrate hotspots, especially in wetter-than-normal years. Although
water quantity and quality are known to be inter-related, the Study 1 results could not be used
quantitatively to predict Study 2 results. However, qualitative relationships were established: this
thesis therefore provides insight into dominant water and nutrient flowpaths, which could guide
the elaboration in the studied subwatersheds and other similar ones in the Lake Erie Basin.
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Chapter 1 Introduction
1.1 Rationale for Assessing Water Quantity and Water Quality Dynamics in
Agricultural Watersheds
Eutrophication is a condition in which harmful algal blooms, notably blue-green
cyanobacteria, are present in freshwater bodies and create anoxic conditions (Schindler et al.,
2008). Anoxia can have deadly consequences for organisms within aquatic ecosystems, such as
disruptions to food webs (Schindler et al., 2008). For example, western Lake Erie is currently
experiencing high phytoplankton biomass, increasing anoxic conditions, and a standstill growth
rate potential for fish (Scavia et al., 2014). Eutrophication occurs in response to nutrient
enrichment (phosphorous and nitrogen), and those nutrients are mainly produced from human
activities and transported from terrestrial sources to rivers and lakes (Scavia et al., 2014).
Phosphorous is focused on as it is typically the limiting nutrient in freshwater systems, especially
in Lake Erie (Schindler et al., 2016). Conversely, nitrogen is not usually the limiting reagent in
freshwater lake system eutrophication, but has other concerns tied to excessive loading of the
nutrient such as contamination of drinking water leading to nitrate toxicity in humans and
livestock. While nutrient transport can occur anywhere, eutrophication is mainly observed in the
downstream portion of agricultural watersheds, where nutrients (derived predominantly from
animal manure and fertilizer) are applied to crop fields and mobilized via runoff (Schindler,
2012). One complexifying factor to understand eutrophication, however, is the fact that both
water quantity and water quality – and the hydrological and hydrobiogeochemical processes that
control them – are highly variable in space and time (Nilsson & Renöfält, 2008; Chen et al.,
2013). As agricultural nutrient pollution mitigation research has evolved o ver recent decades,
studies have shown that implementing best management practices can improve water quality of
rivers drastically (Barry & Foy, 2016). However, Barry & Foy (2016) also state that the
remaining questions surrounding lowering nutrient pollution and achieving nutrient standards for
the environment are quite complex. Knowledge gaps remain regarding the best data, conceptual
frameworks and quantitative metrics to use to characterize water quantity and quality
individually and their interactions, especially in agricultural watersheds, as detailed in the
following sections.
1

1.2 Drivers of Nutrient Dynamics and River Water Quality
1.2.1 State of Knowledge on Phosphorous Movement from Land to Rivers
Phosphorous exists in different forms, as soluble phosphorous or particulate phosphorous,
both available in either reactive or non-reactive forms. Soluble reactive phosphorous, often
referred to as orthophosphate (i.e., phosphate), is the form of phosphorous that is bioavailable for
organisms to use. While the term “phosphate” is typically used to refer to a dissolved form of
phosphorus, phosphorous also adsorbs to soil particles (Andersson et al., 2013). This adsorption
process can hinder the mobilization of phosphate by water (Deakin et al., 2016). Phosphorus in
dissolved form can be mobilized by surface water and subsurface water (i.e., soil water and
groundwater), while particulate phosphorus or total phosphorus (i.e., particulate + dissolved
forms) can be transported by erosional runoff and other types of surface runoff such as,
Hortonian overland flow and saturation excess overland flow (Table 1-1) (Yao, Dai, & Gao,
2021). One major area of study over the past few years has been the hydrologic controls that
govern phosphorous transport from land to stream (Daniel, Sharpley, & Lemunyon, 1998).
Hydrologic fluxes occur thanks to various runoff generation mechanisms or water flow pathways
(e.g., surface runoff, shallow subsurface flow, tile drainage, and deep groundwater flow) (Table
1-1). For example, surface runoff can mobilize phosphorous present above ground by directly
transporting it across the land to a stream. Shallow subsurface flow can transport phosphorous
laterally in the soil matrix, through soil pores. Tile drainage also acts as a direct flow pathway for
the lateral transport of phosphorous, as large-diameter conduits directly drain water and its
associated contaminants from shallow soil layers (1 meter depth or less) to streams. Lastly, if
some phosphorus particles have travelled deep into the soil without being adsorbed, groundwater
(i.e., deeper subsurface flow) can allow its transport over long distances: this happens through a
delay in movement of groundwater below the water table, followed by groundwater release and
lateral movement to streams. Due to the adsorption of phosphate to soil particles, surface runoff
generation mechanisms (see Table 1-1) play a much more important role in the transport of
phosphate from land to stream than shallow subsurface water or groundwater flow pathways.
The loss and transport of phosphorus and other nutrients to stream channels can be highly
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variable and complex depending on the characteristics of the soil and associated flow pathways
(Daniel, Sharpley, & Lemunyon, 1998; Guan, Thompson, Harman et al., 2011).
Table 1-1. Main runoff generation mechanisms typically observed in agricultural watersheds.
Type of Runoff Generation Mechanism
Hortonian overland flow (HOF)/Infiltration
excess overland flow
Saturation excess overland flow

Description of Mechanism
Occurs when [rate of precipitation] > [soil
infiltration rate] (Horton, 1933)
Occurs when soil pores are fully saturated
and there is no more room for infiltration;
water pools and then runs off on the surface
(Hewlett & Hibbert, 1967)
Lateral movement of water in shallow soil
layers (i.e., through soil micropores) where
the horizontal hydraulic conductivity >
vertical hydraulic conductivity (Weiler et
al., 2005)
Uneven and rapid movement of water
through particular subsurface flowpaths, like
macropores (i.e., desiccation cracks, root
channels, etc.), which allow faster
movement compared to small soil pores
(Janssen & Lennartz, 2008)
Deep subsurface flow occurring below the
water table; maintains streamflow between
runoff events as a baseflow contribution
(Tarboton, 2003)

Shallow subsurface (matrix) flow

Shallow subsurface (preferential) flow,
abbreviated as preferential flow

Groundwater flow

The occurrence and magnitude of phosphorous transport are therefore a function of
phosphorus availability in the landscape and active runoff generation mechanisms (Banner,
Stahl, & Dodds, 2009). Previous studies have shown that while phosphorous can travel through
multiple pathways, including shallow subsurface matrix and preferential flow, surface runoff is
the most common and quickest flowpath allowing the mobilization of phosphorous from land to
stream (Hart et al., 2004). Elevated phosphorous concentrations, described by El-Sadek et al.
(2005) as the amount of the pollutant in a defined volume of water, can lead to excessive algae
and macrophyte growth, ultimately creating a detrimental eutrophic environment (Thomas et al.,
3

2018). Thomas et al. (2018) also discussed the well-known influence that different land use types
have on nutrient transport between land and stream channels. Physical landscape characteristics
highly influence the permeability of the landscape (Soulsby et al., 2006). For example, the
infiltration capacity of soils, which is influenced by both physical soil properties and the
presence of vegetation, acts as a strong control in the distribution of water through different
pathways (Sun et al., 2018). Decreases in infiltration rates associated with a high presence of
clay-rich soils as well as a decrease in the presence of natural vegetation (Mwendera & Saleem,
1997) can result in increased infiltration-excess overland flow (i.e., HOF) in intensive
agricultural and urbanized landscapes (Dunne & Leopold, 1978). In contrast, physical landscape
characteristics that create greater infiltration of water, such as soil ty pes with high porosity (e.g.,
loamy soils with high organic matter) and higher natural vegetation, create macropores and
preferential flowpaths and generate greater amounts of shallow subsurface runoff and baseflow
contributions to streams. As an example, Chase et al. (2016) showed that vegetated buffer strips
act as a robust sink for nutrients, especially during HOF and other surface runoff processes.
Climate has been established as one of the main drivers of elevated nutrient
concentrations and loads in watersheds (Williams et al., 2016). Notably, the occurrence of
nutrient runoff from agricultural fields varies across different types of climatic periods (i.e.,
drier-than-normal years or wetter-than-normal years) (Pionke et al., 1996). Increased
precipitation can lead to an increased amount of surface runoff generation, which can act as a
driver for the mobilization of phosphorous from land to stream (McDowell et al., 2001). It is
common for phosphorous to accumulate in agricultural soils through oversaturation of fertilizers,
and some of that phosphorus can be lost from the soil through leaching, shallow subsurface flow,
and surface runoff generation mechanisms (Hart et al., 2004). Furthermore, different types of
precipitation events can influence the transport of phosphorous. For example, rainfall events that
are low intensity and high frequency generate more subsurface flow-driven phosphorous
transport, whereas high intensity and low frequency rainfall events that generate HOF can
mobilize phosphorous from the soil surface and from phosphorus-saturated topsoil (McDowell et
al., 2004). Surface and subsurface runoff generation mechanisms are highly variable due to
precipitation and can also vary as a function of landscape characteristics (i.e., soil type,
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agricultural land cover, natural vegetation, etc.) (Ekholm et al., 2000). In terms of nutrient loads,
increased precipitation can increase the amount of discharge that transports phosphorous
downstream (McDowell et al., 2004).
1.2.2 State of Knowledge on Nitrogen Movement from Land to Rivers
Similar to phosphorous, total nitrogen is comprised of many forms including ammonium
(NH4+), nitrite (NO2-), nitrate (NO3-), and nitrogen gas (N2). The nitrogen in fertilizers can be
taken up by natural vegetation and crops, but excess nitrogen can be left to be transformed into
other forms that are more soluble (i.e., nitrate) and leach into shallow soil water and deeper
groundwater. The behaviour of dissolved nitrogen differs from that of dissolved phosphorous
along hydrologic flowpaths. Nitrogen has a much greater mobility than phosphorous, which
allows it to move relatively easily in surface water, shallow soil water and deep groundwater
because it is not strongly adsorbed to soil particles like phosphorus (Lawniczak et al., 2016).
Given that nitrate uses both shallow subsurface and deeper groundwater flowpaths to move from
land to streams, land use characteristics, soil type, and surficial and b edrock geology are key
drivers of nitrogen/nitrate transport (Schilling & Zhang, 2004). Studies have shown that the
proportion of agricultural land cover is indicative of stream nitrate levels (McDonnell & Poor,
2007). Mitigation strategies are required to combat potentially harmful elevated levels of nitrate
from subsurface and groundwater discharge to stream channels. It has been determined that
riparian zones are a vital regulator of nitrate influx to streams, as the soil predominantly, as well
as vegetation, can act as a filter for nitrate through uptake and denitrification (Vidon & Hill,
2004). In general, aquifers and lithology (i.e., surficial geology, confined soil layers, etc.) have a
strong control on the subsurface movement of nitrate within the landscape, especially in riparian
zones. For example, saturated sediments present above a confining clay till layer in the vadose
zone have been shown to increase soil water residence time and contact time with vegetation root
systems, enhancing nitrate removal before it reaches the water table or the stream, whereas
without that confining layer, subsurface flow transporting nitrate moves quickly to the stream
(Vidon & Hill, 2004).
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Although nitrate differs from phosphate in its behaviour and how it is transp orted from
land to stream, nitrate transport is also influenced by climate. Randall & Mulla (2001) reported a
strong positive relationship between precipitation in wetter-than-normal years and subsurface
drainage volume, which ultimately influences the flow pathway taken by nitrate. It was also
reported that in drier-than-normal years, residual soil nitrate increased in the soil profile due to
lower subsurface drainage as a result of less precipitation. Interestingly, it was also found that
nitrate transport was higher in wetter-than-normal years directly after drier-than-normal years
(Randall & Mulla, 2001): this was due to residual soil nitrate being built up in dry years, and
when precipitation levels eventually changed back to wet year levels, the built-up soil nitrate was
mobilized (i.e., released), resulting in a high level of nitrate transport (Randall & Mulla, 2001).

1.3 Characterizing Water Quality Dynamics Through the Lens of Hotspots
When it comes to characterizing watershed biogeochemistry, river contaminant
concentrations are used as indirect measures, as it is difficult to directly document
hydrobiogeochemical processes – such as adsorption, leaching, etc. – across watersheds (Singh
& Stenger, 2018). Describing the spatiotemporal variability of river water quality can then be
done under the conceptual framework of “hotspots and hot moments” (HSHM). Hotspots are
described as “patches” in an ecosystem that have distinctly higher biogeochemical processing
rates than their surroundings (Bernhardt et al., 2017; McClain et al., 2003). The specific and
often brief periods of time during which hotspots are active are referred to as hot moments
(Bernhardt et al., 2017). When defining hotspots, “patches” are used as spatial units of ecological
significance when dealing with ecosystems, while studies done at the watershed scale consider
any location of hydrological significance as potential hotspots. Hotspots therefore offer an
opportunity to identify critical areas with “higher-than-normal” hydrobiogeochemical activity in
watersheds. Researchers have defined hotspots according to either (1) local biogeochemical
conditions (e.g., concentration of contaminants measured at a given location), or (2) the
disproportionate effects that local biogeochemical conditions are expected to have on largerscale ecosystem or watershed dynamics. In that latter case, a hotspot is defined based on the
impact it may have on non-local ecosystems (i.e., larger-scale ecosystems or watershed
dynamics). Notably, Vidon et al. (2010) introduced the term “transport hotspots” (as opposed to
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just “hotspots”) to describe disproportionate nutrient fluxes (i.e., loads, calculated as
concentrations multiplied by river flow) originating from specific locations. That said, a lack of
consensus exists for both conceptual hotspot definitions and data-driven hotspot identification
methods. Bernhardt et al. (2017) showed that three main types of hotspot identification criteria
(also called “hotness indices”) are used: (1) criteria that compare a contaminant concentration
measured at a given location to the average registered across a whole watershed, (2) criteria that
determine if a “substantial” percentage of the total watershed biogeochemical flux is being
contributed by a single location, and (3) criteria that determine if specific locations that act as
outliers in the data distribution create disproportionately high biogeochemical reaction rates
(Table 1-2).
Table 1-2. Main types of hotspot identification criteria, or hotness indices, used in the literature
characterize hotspots and hot moments (adopted from Bernhardt et al., 2017).
Type of index

Single comparison to average, antecedent, or matrix
Substantial percentage of total flux
Statistically significant difference between or among
landscape elements or time periods categorized a priori
Outlier in distribution of data
Contribution to flux/contribution to total area or time

Number of studies
published before 2017
that used such an index
5
7
10
9
3

The convergence or divergence of the different criteria when identifying river water
quality hotspots, especially when it comes to criteria based on nutrient concentrations versus
nutrient loads, has yet to be evaluated and constitutes a significant research gap. Another
research gap has to do with the seasonality and inter-annual variability of hotspots: because
hydrologic flowpaths govern water quality, their seasonal and inter-annual (e.g., dry versus wet
year) variability can heavily influence the identification of HSHM (McClain et al., 2003), an
element that is rarely considered in published studies (Boyer et al., 2006). Bernhardt et al. (2017)
also reported that the majority of published studies on HSHM in watersheds have only focused
on a single chemical constituent, often nitrogen, which is problematic since different chemical
species are subject to different biogeochemical processes and therefore likely to result in
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different HSHM (Ollinger et al., 2003; Vidon et al., 2010). New research is needed to assess the
dependence of water quality hotspot identification on different quantitative criteria, different
time periods and different chemical species, especially in the context of agricultural watersheds
where they may help pinpoint areas with disproportionately high concentrations or loads that can
be targeted to apply management solutions.

1.4 Characterizing Water Quantity Dynamics through River Flow Analyses
Characterizing water quantity dynamics is critical in any water quality study since water
movements determine contaminant transport rates. Similar to hydrobiogeochemical processes, it
is not feasible to directly measure runoff generation processes (Table 1 -1) across a large number
of locations within a given watershed; river flow rates are therefore used as an indirect measure
of these processes.
Since river flows are spatially and temporally variable as a result of climatic,
physiographic and land use and land cover characteristics (Snelder et al., 2009; Berhanu et al.,
2015), quantifying this variability is necessary to contextualize water quality interpretations. One
traditional method for doing so is assessing river flow regime characteristics (Poff & Ward,
1989) that capture the complexity of low/high flow periods over a given year (Berhandu et al.,
2015). Poff et al. (1997) described the five main characteristics of a river flow regime as follows:
(1) Magnitude is the amount of water being discharged at a fixed river location per unit of
time.
(2) Frequency describes how often a flow value above a given magnitude recurs over
time.
(3) Duration is a period of time during which particular flow conditions are sustained.
(4) Timing refers to the exact point in time when a given flow value is observed.
(5) Rate of change describes how quickly flow changes from low to high values or vice
versa.
8

These five “pillars” of river flow regime have been stated to be of the utmost importance in
maintaining and supporting ecohydrological systems as the five characteristics influence all
aspects of ecological integrity (Figure 1-1) (Poff et al., 1997).

Figure 1-1. Adopted from Poff et al., (1997); the five key elements of flow regime – magnitude,
frequency, duration, timing, rate of change – are all shown to influence the regulators (i.e., water
quality, energy sources, physical habitat, and biotic interactions) of stream ecological integrity.
These different river flow regime characteristics have been used, historically, to predict
water quality (Chen et al., 2013). For example, the magnitude of flow can influence water
temperature and stream oxygen levels, as well as determine volume of nutrient ex changes
between rivers and floodplains. The day of year (DOY) or timing of occurrence of different flow
regime metrics and EFCs can have strong influence on different spawning and life cycles of
aquatic organisms. The frequency and duration of stream flow can influence soil moisture levels,
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soil mineral availability, and nutrient and organic matter exchanges between river and floodplain.
Finally, the rate of change of flow can influence drought stress on plants (The Nature
Conservancy, 2009). However, comparing published studies to identify predictive patterns is
difficult: similarly, to hotspot identification criteria, there is a large number of flow regime
metrics available which are not used consistently in the literature (see comprehensive review by
Poff et al., 1997). Because some metrics have been used more than others, there is a lack of
understanding of how different aspects of river flow regimes may influence (or not) water quality
(Rostami et al., 2019). For example, high-magnitude river flows have been correlated with high
river phosphorous concentrations due to active runoff generation and nutrient mobilization from
terrestrial watershed sources (Bowes & House, 2001). Other studies have shown that water
stagnation over long durations (i.e., zero rate of change) leads to increasing phosphorous
concentrations due to internal loading processes in flooded areas or river channels (House, 2003;
Amarawansha et al., 2015). It should also be noted that while the majority of integrated water
quantity and quality studies focus on traditional flow regime metrics to characterize water
quantity dynamics, they often do not explicitly quantify temporal delays between rainfall inputs
and river flow responses. River flow is driven by precipitation, therefore quantifying temporal
delays between rainfall and river flows provides information about the travel time of runoff, in
particular surface runoff (Allen & Whitfield, 2010). Understanding these temporal delays (or
hydrological lags) is not only critical to predict how quickly water and mobilized contaminants
may be transported to rivers, but also to adopt effective watershed management strategies
(Orchard et al., 2013). Another type of flow characterization that is rarely discussed in water
quality studies (but see Williams et al., 2016) is the quantification of memory timescales. In
hydrology, specifically, the term “memory” is used to refer to the period during which the effects
of weather anomalies (e.g., rainfall/drought events) persist (Ghannam et al., 201 6; McColl et al.,
2019). In general, studies which have examined hydrologic memory timescales have focused on
memory to rainfall, quantifying the timescales over which flow can remain moderately high to
very high after precipitation events. A river location with a long hydrologic memory is typically
associated with a greater capacity to store water – either in the river channel itself or in the
upstream watershed – over the long-term, maintaining persistently wet conditions and therefore
allowing for extreme rainfall or snowmelt to cause large flooding events (Mudelsee, 2007).
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Conversely, a river location with a short hydrologic memory is likely to be less sensitive to
floods but more sensitive to droughts, as there is little water storage to rely on during dry periods
(Ghannam et al., 2016). Water quality studies, especially in agricultural watersheds, would
benefit from relying on both traditional flow analysis methods (e.g., flow regime metrics) but
also less common (newer) assessment methods for water quantity dynamics (e.g., hydrologic
lags and memory timescales). However, the potential for traditional and newer assessment
methods to be combined to provide more insights into runoff generation and water transport to
streams has not yet been evaluated, especially not in agricultural watersheds with pronounced
water quality issues.

1.5 Thesis Research Objectives
This thesis addresses some of the research gaps identified in the previous sections. The
overarching goal is to examine the interconnectedness of spatially and temporally variable water
quality hotspots and river flow dynamics across nested agricultural watersheds located in
southwestern Ontario. This is achieved through two complementary studies. In the first study
(S1), the spatial and temporal variability of river flow across nested agricultural watersheds is
examined by addressing three specific objectives:
S1.1) characterize river flow regimes using established metrics;
S1.2) compare river flow regimes prevailing in normal years to those prevailing in drierthan-normal and wetter-than-normal years; and
S1.3) quantify differences in memory timescales among river locations.
In the second study (S2), the spatial and temporal variability of water quality is examined across
the same agricultural watersheds by addressing three other specific objectives:
S2.1) compare identification methods (or criteria) for phosphate hotspots;
S2.2) examine how hotspot identifications change when nitrate is considered, rather than
phosphate; and
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S2.3) assess the influence of different climatic study periods on phosphate and nitrate
hotspot identification.
In the end, the results from the two studies will be synthesized to assess the ability of different
metrics or measures from S1 to explain the water quality nutrient hotspots identified in S2. It
should be noted that both studies (S1 and S2) were designed as exploratory studies: while no
formal hypotheses were made at the beginning of this thesis, some general associations and
comparisons are made throughout the thesis between hydrologic concepts described in the
literature and the results of analyses carried in this thesis work.

1.6 Anticipated Significance and Thesis Structure
The nested subwatersheds examined in this thesis contribute to the Upper and Lower
Thames River systems in southwestern Ontario (see details in Chapter 2). Because of the
location of the chosen study sites, the outcomes of this thesis are directly relevant to Lake Saint
Clair, which ultimately affects Lake Erie. As there is a great number of agricultural activities
present in the Upper/Lower Thames River Watersheds which are known to play a role in driving
eutrophication in Lake Erie, the United States and Canada have identified those particular
watersheds as priority areas for enhanced research and mitigation efforts (Government of
Canada, 2018), together with the Maumee River and other hydrological systems located in the
American portion of the Lake Erie Basin.
This research will contribute to the growing literature surrounding water quality and
quantity interactions, with the novelty of interpreting data through the unique lens of water
quality hotspots as well as both traditional and modern assessment methods for river flow
dynamics. While these topics have been addressed individually on multiple occasions, they have
rarely been addressed in combination (and/or modern assessment methods have not been used
before), especially not in Southern Ontario. The water quality and quantity dynamics explored in
this thesis will help identify areas that may be problematic (i.e., hotspots) in this portion of the
Lake Erie Basin and could help provide a link to management actions for farmers owning land in
this region. The knowledge gained from the synthesis of the water quality and water quantity
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studies can inform best management practices surrounding the identification and mitigation of
nutrient hotspots.
This thesis is organized into six chapters. The present chapter (Chapter 1) provides context
and rationale as to why the assessment of water quantity and quality dynamics is essential for
tailoring water management practices for eutrophication. The present chapter also identifies the
questions that will be answered throughout the thesis. Chapter 2 provides a detailed description
of the study area, including specific physical landscape characteristics for each subwatershed.
Chapter 3 describes the research methodology, including data collection, data processing, and
analyses used for both study 1 (i.e., water quantity study) and study 2 (i.e., water quality study).
Chapter 4 describes the results of study 1 and discusses those results. Chapter 5 includes the
results of study 2 as well as the discussion of those results. Lastly, a summary of the main results
from both studies, a synthesis of the thesis, and thesis work limitations as well as future
recommendations are included in Chapter 6.
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Chapter 2 Study Area Description
2.1 Watershed Location and Drainage Characteristics
This study focused on the Thames River Watershed (TRW) located in southwestern
Ontario, Canada. The TRW is typically described as two main subwatersheds, the Upper Thames
River Watershed (UTRW) and the Lower Thames River Watershed (LTRW). The main stream,
the Thames River, that drains the entire TRW is a 6 th order stream: it spans 187 kilometers,
starting around 60 kilometers north of the city of London, Ontario, and outflowing into Lake
Saint Clair at Lighthouse Cove (Figure 2-1).

Figure 2-1. Location of the Upper Thames River Watershed and the Lower Thames River
Watershed in southwestern Ontario, Canada. Map created using ArcMap (version 10.7.1) and
datasets: Esri, DigitalGlobe, GeoEye, Earthstar Geographics, CNES/Airbus DS, USDA, USGS,
AeroGRID, IGN, and the GIS User Community.
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The total drainage area of the TRW is 5825 km 2, with the main river flowing from the
north to the southwest. Elevation varies between 380 meters above sea level at the headwaters
and 170 meters above sea level at the mouth of the river (LTVCA & UTRCA, 2008).

2.2 Geologic and Soil Characteristics
The TRW is underlain by four main types of bedrock geology: the Detroit River Group and
the Dundee Formation are found in the UTRW, while the Hamilton Group and Kettle Point
Formation are found in the LTRW (LTVCA & UTRCA, 2008). The lithology of the Detroit
River Group is composed of brown limestone and dolomite, the Dundee Formation is composed
of limestone and chert, the Hamilton Group is composed of grey shale and argillaceous
limestone, and the Kettle Point Formation is composed of organic-rich shale with silty shale
(Hewitt, 1984). Limestone and dolomite are fractured and therefore act as highly transmissive
types of bedrock for water to move through, whereas shale can slow the rate of water movement
(LTVCA & UTRCA, 2008).
Surficial deposits in the TRW are a result of the retreat of the Laurentide Ice Sheet during
the Late Wisconsinan substage around 16,500 years ago (LTVCA & UTRCA, 2008). Two ice
lobes deposited glacial material in the TRW, during the Erie Interstade, the first ice lobe
deposited till moraines, till plains, and drumlins composed of silt (overlain by sand) and gravel in
the UTRW (Armstrong & Dodge, 2007; LTVCA & UTRCA, 2008). The second ice lobe, during
the Port Bruce Stade, deposited mainly fine-grained materials forming silt and clay plains in the
deeper part of the ancient glacial lake, located in the LTRW (Frizzel, Cotesta, & Usher, 2011).
A range of soil types are found in the TRW, including podzolic, luvisolic, brunisolic,
gleysolic, regosolic, and organic soils. While the most common soils are grey -brown podzols
with a granitic rock parent material (Wilcox et al., 1998), differences exist: for instance, the
UTRW is mainly composed of silt and clay loams, while the majority of the LTRW is composed
of silt-rich and clay-rich soils as a result of glacial deposition of finer particles in this region
(LTVCA & UTRCA, 2008). In general, water tends to infiltrate less into silty and clay soils due
to the physical makeup of the finer grained particles, generating greater surface runoff (Pitt &
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Lantrip, 2000). With sandy and loam soils, there is more infiltration of water and more
groundwater recharge (Pitt & Lantrip, 2000).
Many different types of bedrock and overburden aquifers and aquitards are present within
the TRW. The bedrock aquifers consist of limestone and dolostone formations, where any shale
present acts as an aquitard. Due to its composition of irregular limestone, the Dundee Formation
acts as an effective bedrock aquifer for groundwater (LTVCA & UTRCA, 2008).
As for overburden aquifers in the TRW, they can be broken into three types: shallow,
intermediate, and deep. Shallow overburden aquifers are classified as unconfined and are mainly
coarse-grained sand (Kell, 2004; LTVCA & UTRCA, 2008). Intermediate and deep aquifers are
made up of saturated sand and gravel deposits and are classified as confined aquifers as they are
surrounded with materials that act as aquitard layers and protect the aquifers from contamination
(Kell, 2004; LTVCA & UTRCA, 2008). Although these confined overburden aquifers are
discontinuous throughout the watershed, they can act as highly effective sources of groundwater.
Additionally, the degree of aquifer connectivity will determine the volume of groundwater
contribution to the stream and where that contribution occurs.

2.3 Land Use and Land Cover
The TRW is made up of mostly agricultural land, with two main urban centers (cities of
London and Woodstock) as well as small towns, townships and villages present throughout the
region. Over 80% of the TRW area is being utilized for the production of winter wheat, corn for
grain, and soybeans (LTVCA & UTRCA, 2008). Along with the majority of the watershed being
subject to agricultural practices, about 47% of the UTRW area and 43% of the LTRW area is
tile-drained (LTVCA & UTRCA, 2008).
The TRW is located in the Carolinian vegetation zone, home to mixed deciduous and
coniferous forests. As the majority of the woodland cover has been cleared for agriculture or
urban centers (LTVCA & UTRCA, 2008), the remaining forest cover is sparsely scattered
throughout the UTRW (12% of the area) and the LTRW (13% of the area). Similar to forest
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cover, wetland coverage is sparse in the TRW, with less than 2% and less than 1.5% of the
UTRW and the LTRW being covered in wetlands, respectively (LTVCA & UTRCA, 2008).

2.4 Climate Characteristics
The TRW is located in the temperate St Lawrence Climatic Region (Wilcox et al., 1998).
The total annual precipitation (rainfall + snow) for the TRW was measured in London from 1950
to 2005, where it ranged from 569 mm (1963) to 1315 mm (1990) with an average of 978 mm
(LTVCA & UTRCA, 2008). The monthly minimum and maximum “normal” air temperatures in
degrees (°C) for the TRW were calculated based on data measured in London from 1971 to
2000. An average monthly minimum temperature of -10.1°C was observed in January, while an
average monthly maximum temperature of +26.3°C was observed in July (LTVCA & UTRCA,
2008). High evaporation and evapotranspiration rates in the mid to late summer are caused by
high air temperatures, resulting in less surface runoff (Wilcox et al., 1998). In the winter, water
temperatures range from below freezing to slightly above freezing, but never drop low enough
for the Thames River to freeze over completely. This annual temperature pattern allows for an
ice-free period from April to November (8 months). If any ice appears, it typically starts in
December and lasts until the end of March (Wilcox et al., 1998). The ground is still frozen due to
the temperatures in March and April, resulting in high surface runoff rates from rainfall and
snowmelt which are unable to infiltrate into the ground (Wilcox et al., 1998).

2.5 Selected River Locations and Drainage Areas for the Present Study
Within the TRW, five river locations, with co-located river flow gauging stations and
water quality stations, were selected for detailed study. Four of the selected river locations are in
the UTRW (i.e., Trout Creek, Fish Creek, Cedar Creek, and Stoney Creek), and one is in the
LTRW (i.e., Dutton) (Figure 2-2). These five nested river locations – and their associated
drainage areas or subwatersheds – are the focus of this thesis and are further described below.
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Figure 2-2. Subwatersheds of interest within the larger Thames River Watershed. Map created
using ArcMap (version 10.7.1) and datasets: Esri, DigitalGlobe, GeoEye, Earthstar Geographics,
CNES/Airbus DS, USDA, USGS, AeroGRID, IGN, and the GIS User Community.
2.5.1 Trout Creek
Trout Creek is a stream that flows northeast to west in Perth County, draining a total area
of 162 km 2, which represents 5% of the total UTRW area. The subwatershed lies on the Detroit
River Group underlain by brown limestone and dolomite, with surficial deposits made of till,
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gravel, and silt. The catchment area is mainly located on a till plain (Chapman & Putnam, 1984).
The general soil makeup of this area includes mainly silt and clay loams, with some loams and
sandy loams present. Multiple groundwater discharge areas are present towards the outlet of the
Trout Creek subwatershed. Four significant dams or barriers are also present on Trout Creek:
The Wildwood Dam, Harrington CA Dam, the Wildwood Ducks Unlimited Berm, and the St.
Marys Dam on the North Thames River. Those dams back up water into Trout Creek.
2.5.2 Fish Creek
Fish Creek is a stream that flows northwest to south in Perth South and South Huron
Counties, draining a total area of 149 km 2, 4% of the total UTRW. The subwatershed lies on the
Dundee Formation underlain by limestone and chert, with surficial deposits made of silt and low
amounts of gravel. The catchment area is mainly located on a till plain with some small parts of
it being on a till moraine (Chapman & Putnam, 1984). The general soil makeup of this area
includes mainly silt and clay loams, silt and clay, and some loam soils. No groundwater
discharge areas are present within the subwatershed. While no significant dams are present on
Fish Creek, there are 12 barriers to fish passage, making the stream somewhat influenced by
artificial barriers.
2.5.3 Cedar Creek
Cedar Creek is a small stream that flows south to north in Norwich Township, South West Oxford and Woodstock, draining a total area of 95 km 2, 3% of the total UTRW. The
subwatershed lies on the Detroit River Group underlain by brown limestone and dolomite, with
surficial deposits made of till, gravel, and silt. The catchment area is located on a till plain and a
till moraine, with a drumlin presence (Chapman & Putnam, 1984). The general soil makeup of
this area includes mainly loam, some silt and loams, some sandy loams, and some organic soils.
Large groundwater discharge areas are present towards the south of the subwatershed as well as
near the outlet. Wellhead protection areas are also significantly present within the subwatershed,
in the southwest and north regions. A single significant dam, the Southside Dam, is located on
Cedar Creek.
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2.5.4 Stoney Creek
Stoney Creek is a small stream that flows north to south in Middlesex Centre and the City
of London, draining a total area of 38 km 2, 1% of the total UTRW. The subwatershed lies on the
Dundee Formation underlain by limestone and chert, with surficial deposits of till, gravel, and
sand. The catchment area is mainly located on a till plain with some small parts of it being on a
sand plain (Chapman & Putnam, 1984). The general soil makeup of this area includes silt and
clay loams, sandy loams, and some loams. The lower half of the subwatershed has areas where
highly vulnerable aquifers and therefore significant groundwater discharge areas are present. No
significant dams or barriers to fish passage are present within the subwatershed, although notable
beaver activity has been observed.
2.5.5 Dutton Outlet
This study site is located on the Thames River about 10 kilometers northwest of the
township of Dutton/Dunwich in Elgin County, draining a total area of 3845 km 2, 65% of the total
TRW. The region surrounding the subwatershed lies on the Hamilton Group, which is composed
of grey shale and argillaceous limestone, with surficial deposits made of mainly silt, with small
deposits of till and sand. The catchment area is mainly located on a sand plain surrounded by a
clay plain (Chapman & Putnam, 1984). The general soil makeup of this area includes mainly silt
and clay and some sandy loams. Intermediate and deep overburden aquifers, as well as bedrock
aquifers are present in the surrounding region, therefore significant groundwater discharge areas
are also present (Kell, 2004). No significant dams are present in the immediate vicinity of the
flow gauging station, although many small dams and barriers to fish passage and significant
dams are present upstream in the UTRW.

2.6 Site-to-site Comparisons
Tables 2-1 and 2-2 and Figures 2-3 and 2-4 allow comparisons to be made across the five
subwatersheds of interest, mainly to identify contrasting characteristics that may later prove
useful to interpret differences in water quantity and water quality dynamics. For instance, Trout
Creek is shown to have the highest proportion of natural vegetation (Table 2 -1, Figure 2-3), as
well as the highest riparian zone forest cover (Table 2-2, Figure 2-3). It should, however, be
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noted that no quantitative information was found about the exact percentage of riparian zone
forest cover within 30 meters of watercourses for the subwatershed associated with the Dutton
outlet. According to an aerial forest cover map (LTVCA & UTRCA, 2008), however, it can be
seen that there is no immediate riparian zone forest cover around the Dutton outlet, probably as a
result of the high proportion of agricultural land cover present in the LTRW. The Fish Creek
subwatershed has the highest agriculture cover, and as a result also has the lowest natural
vegetation cover, lowest urban cover (Table 2-1, Figure 2-3), lowest wetland cover, but the
highest tile drainage cover (Table 2-2, figure 2-3). The Cedar Creek subwatershed has the second
highest urban cover, due to the city of Woodstock being present within its drainage area, and the
highest wetland cover of all subwatersheds. The Cedar Creek subwatershed also possesses the
second lowest percentage of agriculture cover and the lowest tile drainage cover. The Stoney
Creek subwatershed has the highest proportion of urban cover and the lowest proportion of
agriculture cover, as it includes a part of the city of London (Table 2-1). As for the Dutton outlet,
since it drains the whole eastern side of the LTRW and the entirety of the UTRW, it has the
largest amount of significant dams present, and the largest number of barriers to fish
passage/small dams present (Table 2-2, Figure 2-3).
Table 2-1. Main land use and land cover types present in the five subwatersheds of interest,
expressed as percent of subwatershed area. Agriculture represents land used as cropland. Natural
vegetation represents land covered by deciduous forest, mixed forest, plantation/coniferous
forest, meadows, and thickets. Urban represents land covered by cities, towns, villages,
townships. The numbers synthesized in this table were extracted from Nürnberg & LaZerte
(2015), Upper Thames River Conservation Authority (2017a), Upper Thames River
Conservation Authority (2017b), Upper Thames River Conservation Authority (2017c), and
Upper Thames River Conservation Authority (2017d).

Agriculture
Natural
Vegetation
Urban

Trout
Creek
74%

89%

68%

Stoney
Creek
59%

21%

10%

15%

14%

11.2%

2%

<1%

16%

20%

9.1%

Fish Creek Cedar Creek

21

Dutton
77%

Table 2-2. Select additional physiographic characteristics for the five subwatersheds of interest.
Area represents the square kilometers drained through a river site outlet. Wetland cover
represents the percent of subwatershed area covered by wetland. Riparian zone forest cover
represents the percentage of riparian zones (i.e., 30-meter-wide zones adjacent to watercourses)
that are treed. Agricultural tile drainage represents the percent of subwatershed area with mapped
agricultural tiles. Elevation is expressed in meters above sea level. Dams are defined as
significant barriers that act as reservoirs for water and that are utilized for flood control or flow
augmentation. Barriers and small dam structures are rather defined as impediments to streamflow
and fish passage which are usually small, privately owned structures with little detailed
information for them. The information reported in this table was extracted and synthesized from
LTVCA & UTRCA (2008), Upper Thames River Conservation Authority (2017a), Upper
Thames River Conservation Authority (2017b), Upper Thames River Conservation Authority
(2017c), and Upper Thames River Conservation Authority (2017d). “N/A” stands for
information not available.

Area
Wetland
Cover
Riparian
Zone Forest
Cover
Agricultural
Tile Drainage
Elevation
Range
Significant
Dams
Barriers to
Fish
Passage/Small
Dams

Trout
Creek
162 km2

95 km2

Stoney
Creek
38 km2

3845 km2

1.9%

6.9%

5.3%

5.1%

43.8%

23.5%

37.8%

31.4%

N/A

48%

68%

29%

37%

44%

300 m –
380 m

300 m – 360
m

280 m – 300
m

240 m – 260
m

200 m – 380
m

4

0

1

0

20

22

12

2

14

94

Fish Creek

Cedar Creek

149 km2

6.7%

22

Dutton

Figure 2-3. Quantitative ranking of the five subwatersheds of interest, based on land use and
land cover proportions, the presence of tile drainage, and the presence of stream channel
obstructions. This quantitative ranking was established for site-to-site comparisons based on
information synthesized across Nürnberg & LaZerte (2015), LTVCA & UTRCA (2008), Upper
Thames River Conservation Authority (2017a), Upper Thames River Conservation Authority
(2017b), Upper Thames River Conservation Authority (2017c), and Upper Thames River
Conservation Authority (2017d).
The relative proportion of each soil type present in each subwatershed is shown in Figure
2-4. Fish Creek stands out as having the highest composition of clay loam, even though that is
not one of the predominant soil types in the UTRW. The Dutton subwatershed has a high
proportion of silty clay soil, which is expected as this is the predominant soil type found in the
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LTRW. Some soil types observed across the larger TRW are only present in one subwatershed
and not in the others. For instance, silty clay only occurs within the Dutton subwatershed. The
same is true for the coarse sand soil type, which is only present in the Stoney Creek
subwatershed. The same can be said for silty clay loams and loam soils, that are, each, absent
from two of the five subwatersheds of interest.

Figure 2-4. Quantitative ranking of the five subwatersheds of interest, based on soil type
proportions. This quantitative ranking was established for site-to-site comparisons based on
information synthesized across LTVCA & UTRCA (2008), Upper Thames River Conservation
Authority (2017a), Upper Thames River Conservation Authority (2017b), Upper Thames River
Conservation Authority (2017c), and Upper Thames River Conservation Authority (2017d).
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Chapter 3 Methodology
3.1 Methods related to Study 1: Water Quantity
3.1.1 Stream Discharge and Precipitation Data
Daily stream discharge data were obtained from the Water Survey of Canada for the
outlet of each of the five subwatersheds of interest. Daily precipitation data were obtained from
the Government of Canada’s Environment and Natural Resources Historical Climate Data
resource. Specifically, total precipitation (rainfall + snow) measurements were obtained for the
“London CS” climate monitoring station from 1989-2002, and the “London Intl” climate
monitoring station from 2002-2019. While the period of interest for the present thesis was 20062018, older precipitation data was also relied upon to establish 30 -year precipitation averages
and position each year of the 2006-2018 study period relative to those averages (further details
are provided below). Hourly stream discharge data were also obtained for the 2006 -2018 study
period from the Western Ontario Environmental Data Portal
(woed.thamesriver.on.ca/#/dashboard) for the outlet of each of the five subwatersheds of interest.
3.1.2 Flow Regime Metrics Considered in this Thesis
River flow regimes are highly spatially and temporally variable and using multiple
metrics in conjunction with one another can lead to a greater understanding of these regimes and
their capacity to influence – and be influenced by – the surrounding environment (Poff et al.,
1997). Metrics are distinguished based on which of the five key characteristics of river flow
regime – magnitude, timing, frequency, duration, and rate of change – they target. Details about
the different types of metrics are provided below.
3.1.2.1 Magnitude Metrics
Flow magnitude focuses on the amount of water at a given location (Poff et al., 1997). To
capture the statistical distribution of the flow values recorded over a year, descriptive statistics of
flow are typically considered as flow magnitude metrics, namely the minimum flow, 10 th flow
percentile, mean daily flow, median daily flow, 90 th flow percentile, and maximum flow (Olden
& Poff, 2003). The minimum and 10 th percentile (i.e., magnitude of flow that is exceeded by
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90% of the flow data) statistics are good indicators of flow magnitude during low flow
conditions. The mean and median flow statistics are meant to help assess flow magnitude in
ordinary conditions: while both the mean and median flow are central tendency measures, the
median is a non-parametric descriptive statistic, thereby reducing bias from outliers (Ontario
Ministry of the Environment Environmental Monitoring and Reporting Branch, 2012 ). The 90 th
percentile (i.e., magnitude of flow that is exceed by only 10% of the flow data) and maximum
flow statistics are used to assess flow magnitude in high flow conditions.
Beyond the previously mentioned statistics, other flow magnitude metrics are also
traditionally reported in the literature. For each year, the total annual flow metric is computed as
the sum of all daily flow values recorded during that year (Olden & Poff, 2003). The interquartile
range (IQR) of flow is one of the most common measures of streamflow variability, as it
measures the range of the central 50% of the flow dataset, i.e., the flow values between the 1 st
and 3 rd quartile of the dataset (Helsel & Hirsch, 1992). The larger the IQR, the larger the
temporal variability of flow during the year of interest (Helsel & Hirsch, 1992). As f or the
baseflow index (BFI), this metric ranges between 0 and 1 and expresses the proportion of total
streamflow that is baseflow, i.e., the portion of streamflow that exists even in -between rainfall
and snowmelt events and that is fed by groundwater flow (Zomlot et al., 2015). The BFI
therefore allows for the assessment of a strong presence or absence of groundwater storage and
discharge from aquifers located in the area surrounding the stream location (and in the associated
watershed) of interest (Eckhardt, 2008).
Lastly, streamflow timeseries can be classified into different types of flow “events”,
called environmental flow components, to facilitate the computation of several flow regime
metrics, including magnitude metrics. For instance, standalone software packages and
applications like the Indicators of Hydrologic Alteration (IHA) software can classify and then
label different periods of a streamflow timeseries as either extreme low flows, low flows, high
flow pulses, small floods, and large floods. Such a classification of a streamflow period as one of
five environmental flow components has been deemed critical to assess river flow regime
(Mathews & Richter, 2007). While different software packages may define those five
environmental flow components slightly differently, the procedure used by the IHA software is
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summarized in Table 3-1. It is important to note that throughout this thesis, only four of the five
environmental flow components will be used to assess river flow regimes, namely extreme low
flows, high flow pulses, small floods, and large floods. The IHA software only classifies extreme
low flows but not low flows, and therefore only four environmental flow components were
considered in this thesis.
Table 3-1. Definitions of environmental flow components used in the IHA software (The Nature
Conservancy, 2009).
Environmental Flow Component
Extreme low flows

Definition
Flow values equal to or lower than the 10 th
percentile of daily flows
Flow values that exceed 75% of all daily
flow values within each water year, usually
induced by short rainstorms or snowmelt,
causing water levels to rise but not exceed
the riverbanks
Flow values first defined as high flow pulses
and that do not recur for 2 or more years (2year recurrence interval)
Flow values first defined as high flow pulses
and that do not recur for 10 or more years
(10-year recurrence interval)

High flow pulses

Small floods

Large floods

In relation to environmental flow components, three additional metrics can be used to
assess flow magnitude: the peak flow value associated with high flow pulses, the peak flow value
associated with small floods, and the peak flow value associated with large floods. Here the peak
flow corresponds to the highest flow value associated with a particular environmental flow
component in a given year (The Nature Conservancy, 2009). High flow pulses are important to
consider because they create longitudinal connectivity from upstream to downstream sites by
increasing the streamflow magnitude (Mathews & Richter, 2007). Small floods are also
important as they can create lateral connectivity between the main river channel and floodplains
(i.e., secondary channels, backwaters, wetlands) and they help recharge both shallow aquifers
and the hyporheic zone (Mathews & Richter, 2007). As for large floods, they have the ability to
greatly influence river channel morphology and the morphology of the surrounding environment
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by scouring channel sediments and creating extensive lateral hydrologic connectivity (Mathews
& Richter, 2007). Although large floods rarely occur, knowing which subwatersheds experience
the greatest and lowest flood peak flows provides insight into which subwatersheds will b e most
impacted by this type of extreme event (Mathews & Richter, 2007).
3.1.2.2 Frequency Metrics

Frequency metrics aim to show how often a river flow above a certain magnitude recurs
over a defined time period (Poff et al., 1997). The frequency of occurrence of major
environmental flow components – such as extreme low flows, high flow pulses, small floods,
and large floods – can be calculated to assess how often they usually occur. Extreme low flows
occur under conditions that cause the river to derive water from groundwater storage (Smakhtin,
2001); therefore, understanding how many times a river may be put under these conditions
would grant insight into how often the river draws on groundwater stores (Zomlot et al., 2015).
As previously discussed, high flow pulses, small floods, and large floods play crucial
ecohydrological roles: knowing, on an annual basis, how frequently they occur is critical to
understanding the different aspects of river flow regime.
3.1.2.3 Duration Metrics

Duration is defined as the period of time (e.g., number of days in a given year) over
which a specific environmental flow component is observed (Poff et al., 1997). The same four
major environmental flow components highlighted above (i.e., extreme low flows, high flow
pulses, small floods, and large floods) were considered: when they occurred in any given year at
a river location draining a subwatershed of interest, their duration was determined.
3.1.2.4 Timing Metrics
Flow timing metrics focus on the regularity with which a defined magnitude of river peak
flow occurs and, therefore, on flow predictability as a function of time (Poff et al., 1997). As
such, the Day of Year (DOY) when the annual minimum peak flow is recorded, and the DOY
when the annual maximum peak flow is recorded, are traditional flow timing metrics (The
Nature Conservancy, 2009). Similarly, the DOY corresponding to the peak flow of major
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environmental flow components (e.g., extreme low flows, high flow pulses, small floods, large
floods) can serve as additional timing metrics. Assessing the timing of the annual minimum and
maximum peak flows allows for understanding when the most extreme low or high flow for
individual subwatersheds will occur. Given the focus of this thesis on the interactions between
water quantity and water quality, assessing the timing of small and large floods in particular, i.e.,
knowing during what season they tend to occur, is critically important.
3.1.2.5 Rate-of-Change Metrics
The rate of change of flow can be defined as how quickly the river changes from one
flow magnitude to another. To that end, rivers where flow rapidly switches between rising
periods and falling periods can be described as “flashy”, while rivers that do not experience such
rapid changes are more “stable” (Poff et al., 1997). Rising or falling streamflow is typically
defined as a period in which changes in flow are either positive or negative, respectively (Gao, Li
& Wang, 2018). The number of flow reversals, i.e., the number of times flow switches from a
rising period to a falling period in a year, is therefore a key rate-of-change metric. A river
location with a high number of flow reversals can be described as having a “flashier” flow
regime, whereas a lower number of flow reversals would indicate a more “stable” flow regime
(Olden & Poff, 2003). Additionally, the degree of disturbance (both short and long-term) of
subwatersheds can increase the flashiness of streams, which is highlighted by Shuster et al.
(2008). Such a distinction is important for inferring ecohydrological processes and their drivers:
a “flashy” river flow regime may be caused by watershed characteristics indicative of a disturbed
system that expedite the travel of runoff water, such low-permeability soils, and can lead to an
increase in scouring of the river channel and increased mobilization of nutrients and other
compounds (Shuster et al., 2008). Conversely, a less disturbed subwatershed can lead to a more
“stable” river flow regime which can be regulated by soil and geologic factors within the
watershed, as well as the hyporheic zone, river channel, and streambed (Shuster et al., 2008).
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3.1.3 Analyses Pertaining to Specific Research Objectives
3.1.3.1 Objective S1.1
To address objective S1.1 (i.e., characterize river flow regimes using established hotspot
identification metrics), daily discharge data for the whole study period (2006-2018) were used.
The water year, a 12-month time-period in which stream discharge and precipitation data are
measured, was defined from January 1 st to December 31 st. Building upon the flow regime
literature (see section 3.1.2), a range of flow regime metrics were calculated for the five
subwatersheds of interest within the larger Upper and Lower Thames River Watersheds (Table
3-2).
Each river flow regime metric listed in Table 3-2 was computed for the individual years
included in the study period (2006-2018). All flow regime metrics pertaining to flow timing,
frequency, duration, and rate-of-change, as well as the majority of flow magnitude metrics (e.g.,
minimum, mean and maximum daily flow, baseflow index, various peak flows) were calculated
using the IHA software, version 7.1 (The Nature Conservancy, 2009). Other flow magnitude
metrics, such as the 10 th and 90 th percentile of daily flow, the median daily flow, the annual total
flow, and the interquartile range (IQR), were computed in Microsoft Excel.
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Table 3-2. River flow regime metrics calculated in this thesis. DOY: day of the year.
Magnitude

Frequency

Duration

Timing

Rate of Change

•
•
•
•
•
•

•

•

•

•

•
•

•
•
•
•

Minimum daily flow
10 th flow percentile
Mean daily flow
Median daily flow
90 th flow percentile
Maximum daily
flow
Annual total flow
Study period median
flow interquartile
range (IQR)
Baseflow index
High flow pulse
peak flow
Small flood peak
flow
Large flood peak
flow

•
•
•

Number of extreme
low flow events
Number of high
flow pulse events
Number of small
flood events
Number of large
flood events

•

•
•

Average duration of
extreme low flow
events
Average duration of
high flow pulse
events
Average duration of
small flood events
Average duration of
large flood events

•
•
•
•
•
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DOY of annual
minimum flow
DOY of annual
maximum flow
DOY of extreme low
flow peak flow
DOY of high flow
pulse peak flow
DOY of small flood
peak flow
DOY of large flood
peak flow

Number of flow
reversals

3.1.3.2 Objective S1.2

To address objective S1.2 (i.e., compare river flow regimes prevailing in normal years to
those prevailing in drier-than-normal and wetter-than-normal years), the daily discharge data
spanning the 2006-2018 period had to be differentiated based on whether they reflected normal
years, drier-than-normal years, or wetter-than-normal years. Data were then analyzed using the
Range of Variability Approach (RVA) methods, as explained below.
First, for any given region, a year is deemed “normal” if the total annual precipitation for
that year falls within +/- 10% of the 30-year precipitation average, i.e., within +/- 10% of the
average total annual precipitation computed over a 30-year period (World Meteorological
Organization (WMO), 2017). A year is deemed “drier than normal” if the total annual
precipitation that falls during that year is more than 10% smaller than the 3 0-year precipitation
average. Conversely, a year is deemed “wetter than normal” if the total annual precipitation that
falls for that year is more than 10% larger than the 30-year precipitation average. For the present
thesis, the 30-year precipitation average was computed using precipitation data from the 19892019 period. During the 2006-2018 study period, six years were deemed “normal”, namely 2008,
2009, 2010, 2016, 2017 and 2018. Four years were deemed “drier than normal” (i.e., 2007, 2012,
2014, and 2015), while three years were deemed “wetter than normal” (i.e., 2006, 2011, and
2013). Discharge data associated with normal years, drier-than-normal years, and wetter-thannormal years, were imported as distinct groups of data into the IHA software.
Second, the Range of Variability Approach (RVA) (Richter et al., 1997) was used. The
RVA was originally developed to assess river flow regime variability in both a pre -disturbance
period and a post-disturbance period. Examples of disturbance in the flow regime literature
include channelization and dams. Examining the differences between natural flow regime
variability and flow regime variability after a disturbance allowed for the establishment of more
comprehensive river management targets (Richter et al., 1997; Shiau & Wu, 2004). In the present
thesis, the RVA was used in a slightly different way: to compare flow regimes in normal and
drier-than-normal years, for instance, daily discharge data in normal years were considered as a
“pre-disturbance” dataset (or group of data), while daily discharge data in drier-than-normal
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years or wetter-than-normal years were considered as “post-disturbance” datasets (or group of
data). In this thesis, the goal was therefore to determine the extent to which river flow regimes
differ between normal years and drier-than normal years (Figure 3-1), or between normal years
and wetter-than normal years. Contrary to what was done for objective S1.1, for the RVA the
focus was on only two flow magnitude metrics: the annual maximum flow and the baseflow
index. Figure 3-1 shows that one of the many benefits of using the RVA method is the sorting of
the metric values into low, medium, and high ranges. This categorization allows for the
frequency of occurrence of low, medium, and high metric values to be assessed in normal years,
and then to see whether these frequencies are increasing, decreasing, or staying the same
between different study periods (e.g., comparison between normal and drier-than-normal years,
see example in Figure 3-1.) In the context of this thesis, such a distinction between metric value
ranges is important because it allows for the assessment of whether drier-than-normal (or wetterthan-normal) years lead to changes in the frequency of occurrence of lower metric values,
intermediate metric values, or high metric values.
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Figure 3-1. Summary of steps associated with the RVA method. This diagram provides an
illustration of the methodological steps only for comparing flow regime metrics in normal versus
drier-than-normal years. The same approach is used for comparing flow regime metrics in
normal versus wetter-than-normal years.
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It should be noted that for both objectives S1.1 and S1.2, flow magnitude metrics that are
expressed in volume of water per unit of time (e.g., m 3/s) were standardized (see Appendix A):
this was done by dividing each of the flow values, expressed in m 3/s, by their specific catchment
area (km2), furthermore converted into m/s, in order to express them in mm/day. This was done
because the five subwatersheds of interest vary greatly in size, some draining hundreds of square
kilometers where others drain thousands of square kilometers. Standardized flow magnitude
metric values represent equivalent heights (of depths) of water distributed across space and
therefore allow for a straightforward comparison of streamflow generation in the different
subwatersheds irrespective of their sizes.
The outcomes of the analyses performed for objectives S1.1 and S1.2 were summarized
using graphs and maps created in MATLAB (version R2019a) and ArcMap (version 10.7.1) (see
Chapter 4).
3.1.3.3 Objective S1.3

To address objective S1.3 (i.e., quantify differences in memory timescales among river
locations), hourly discharge data were used. While the use of daily discharge data for objectives
S1.1 and S1.2 was dictated by the requirements of the IHA software and the need to perform
multi-year analysis, hourly discharge data were more appropriate for objective S1.3 to allow for
the identification of both very short (sub-daily) and longer memory timescales. For each river
site, autocorrelation analysis was used to identify memory timescales.
Autocorrelation analysis computes the correlation of a variable with itself at different
points in time, to determine how strongly correlated consecutive observations are with one
another (Bârbulescu, Serban, & Maftei, 2010; Euser et al., 2013; Helsel & Hirsch, 1992). For this
analysis, time series data (i.e., hourly discharge data) were used in order to carry out the
autocorrelation analysis. Here, autocorrelation analysis was used to assess how correlated river
discharge was with itself over different time lags. A lag refers to the time elapsed between the
present value and a value that is shifted by x units of time (Salkind, 2006). If x = 1 (lag 1), then
autocorrelation consists in computing the correlation coefficient between values at time t and
values at time t-1. Using a lag of 5 would rather mean that a correlation coefficient is computed
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between values at time t and values at time t-5. Autocorrelation functions can then be built as
curves that show computed autocorrelation coefficients (y-axis) as a function of different lags (xaxis). For most physical processes, autocorrelation functions show that autocorrelation strength
decreases as the lag value increases. The autocorrelation coefficient at lag 0 (i.e., the correlation
between time t and time t, when no shifts have been introduced) is always the highest (Broersen,
2006). As for the autocorrelation coefficient at lag 1 (i.e., between the variable at time t and time
t-1), it is typically higher than the autocorrelation at lag 30, for example, (i.e., between the
variable at time t and time t-30) (Broerson, 2006).
Recent ecohydrological studies state that autocorrelation coefficients of 0.5 or above for a
particular lag value are indicative of the memory present in river flow (Ghannam et al., 2016).
This is because the correlation coefficient value of 0.5, defined by Maftei et al. (2016), is a
threshold value that is indicative of a “persistent series”. Here the phrase “persistent series”
essentially means each value of a variable will more than likely be similar to (if not the same as)
the value immediately before it. Typically, the greater the lag, the lower the autocorrelation
coefficient between current and past flow values, as the river “forgets” some of the past
precipitation events and other weather anomalies it was subjected to. The memory timescale for
river flow therefore corresponds to the greatest lag (or time delay) at which the autocorrelation
coefficient is at least 0.5, and beyond which the autocorrelation coefficient is less than 0.5 and
the data is no longer deemed indicative of a “persistent series” (Maftei et al. 2016).
In this thesis, for each river site and each year, autocorrelation analyses were performed
on hourly discharge data and memory timescales were identified for different subsets of data: the
whole year (January 1 st to December 31 st), the late spring season (May 1 st to May 31 st), the
summer season (June 1 st to August 31 st), and the early fall season (September 1 st to October 31 st).
For each site, a distinction was also made between normal years, drier-than-normal years, and
wetter-than-normal years (same data groupings as those established to address objective S1.2), so
that whole year (January 1 st to December 31st) memory timescales could be calculated and
compared for different types of years. All autocorrelation analyses were performed in MATLAB
(version R2019a). Memory timescales (i.e., longest time lags corresponding to autocorrelation
coefficients of at least 0.5) were calculated in days.
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3.2 Methods related to Study 2: Water Quality
3.2.1 Data Acquisition and Pre-Processing
Chemical constituent concentration data were obtained from the (Ontario) Provincial
(Stream) Water Quality Monitoring Network (PWQMN) for the outlet of each of the five
subwatersheds of interest in this thesis. Typically, the PWQMN dataset includes water samples
that are collected monthly at water quality stations throughout the TRW, for the period spanning
March to November, although some sites are only monitored three to four times a year (Quinlan
& Maaskant, 2017). River water samples are collected using the in-stream “grab” technique laid
out by the Canadian Council of Ministers of the Environment (CCME, 2011; CCME, 2012) and
analyzed using laboratory methods specific to the PWQMN (Amaral, 2010). As discussed
previously in section 1.2, different chemical constituents (i.e., total phosphorous and total
nitrogen) can exist in different forms, for example, either soluble or insoluble. In this thesis,
more specifically, the focus was on two main soluble forms of chemical constituents: (i) total
nitrates, unfiltered reactive (parameter code – NNOTUR), and (ii) phosphates, filtered reactive
(parameter code – PPO4FR). The concentrations of both chemical constituents in water were
calculated using the same analysis method, referred to as method E3364A, based on
colourimetry (Ministry of Environment, Conservation and Parks, 2020). It should be noted that
while many other chemical constituents (e.g., alkalinity, chloride, total nitrogen, total
phosphorous) would have been pertinent to include in the present thesis to examine water quality
within an agricultural watershed, data with adequate sampling frequency (i.e., at least three
samples collected throughout the year to represent different season s) were not available
throughout the whole study period. Conversely, data pertaining to the total nitrates, unfiltered
reactive parameter (hereafter referred to as simply nitrate) and the phosphates, filtered reactive
parameter (hereafter referred to as simply phosphate) were available for the whole study period.
Those two parameters were especially relevant to this thesis as these nutrients are largely present
in both organic and inorganic fertilizers applied to crops in the subwatersheds of interest (Cey et
al., 1999; Smith, 2003).
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Water quality studies can rely on either concentration data or load data or both. As
previously stated, concentration data were directly available from the PWQMN database. As for
loads, they needed to be computed using Equation 1:
𝑁𝑢𝑡𝑟𝑖𝑒𝑛𝑡 𝑙𝑜𝑎𝑑 = 𝑆𝑡𝑟𝑒𝑎𝑚 𝑑𝑖𝑠𝑐ℎ𝑎𝑟𝑔𝑒 × 𝑁𝑢𝑡𝑟𝑖𝑒𝑛𝑡 𝑐𝑜𝑛𝑐𝑒𝑛𝑡𝑟𝑎𝑡𝑖𝑜𝑛

[Equation 1]

On the days for which nutrient concentration data were available, daily nutrient load
values could be determined. The same daily stream discharge data used to address objectives
S1.1 and S1.2 were used for load computations. For each river location corresponding to the
outlet of a subwatershed of interest, daily stream discharge data values and the chemical
constituent concentration data values were matched based on date using MATLAB (version
R2019a), so that pairs of water quantity (discharge) and water quality (nutrient concentrations)
data would be available. Matched stream discharge and nutrient concentration data were then
plugged into Equation 1 to compute nutrient loads, expressed in kg/day.
Lastly, nutrient concentration data and nutrient load data needed to be aggregated at the
yearly timescale. Since water samples were not collected on exactly the same days from all river
locations, site-to-site comparisons could not be made on a daily basis. However, aggregating data
to the yearly timescale ensures that each site could be associated with a single annual phosphate
concentration value, a single annual phosphate load value, a single annual nitrate concentration
value, and a single annual nitrate load value, thereby allowing site-to-site comparisons on a
yearly basis. While there are no defined rules for temporal data aggregation, several descriptive
statistics can be used so that for each site, all data collected in a given year could be summarized
as an annual average (i.e., arithmetic mean computed across all data collected that year), an
annual median (i.e., median or 50 th percentile computed across all data collected that year), an
annual maximum (i.e., maximum value identified among all data collected that year), etc. For the
present thesis, multiple descriptive statistics (including the mean, median, 75 th percentile, 90 th
percentile, 95 th percentile, and maximum) were considered to represent the yearly nutrient
concentration or load at each river site; ultimately, the 75 th percentile was chosen. Since this
thesis focuses on hotspots, a descriptive statistic that targets high nutrient concentration or load
values in any given year was desirable. The mean only gives a glimpse of what the “middle of
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the data” is and may not be helpful to identify water quality hotspots. The maximum nutrient
concentration or load was not chosen either, as this value may have been a rare/ex ceptional case
scenario and therefore if used, may not be an accurate representation of the nutrient
concentrations or loads occurring in the watershed. The 75 th percentile of nutrient concentrations
and loads was chosen as it represents a high value that depicts above-average water quality
conditions (in any given year, 75% of the data lie below it, while 25% of the data lie above it)
but without being the absolute maximum. Therefore, for each river location (and associated
subwatershed of interest), the annual 75 th percentile of nutrient concentrations and loads was
calculated for each year in the study period. Those annual 75 th percentile values (hereafter
referred to as “site-specific annual 75th percentile concentrations” and “site-specific annual 75th
loads”) were used for identifying hotspots (see details below).
3.2.2 Decision Criteria for Hotspot Identification
Biogeochemical hotspots can be identified using either concentration-based or load-based
decision criteria (Bernhardt et al., 2017; van Vliet et al., 2019). Decision criteria can also be
differentiated in two different types: (i) criteria that assess whether concentrations or loads are
significantly greater than the spatial average or another characteristic of the surrounding spatial
matrix (Vidon et al., 2010), and (ii) criteria that identify the presence of outliers within the data
(Harms & Grimm, 2008). In this thesis, a broad range of decision criteria, either inspired from
the literature or newly created, were used to identify nutrient hotspots (see Table 3-3 and details
below).
Since some decision criteria involve comparisons to spatial averages or other
characteristics of the spatial matrix (see single comparison to average or matrix criteria in Table
3-3), these spatial statistics needed to be defined first. In this thesis, the spatial matrix
corresponds to the region covered by all five subwatersheds of interest, and it is hereafter
referred to as the “whole watershed”. Whole watershed descriptive statistics were therefore
computed for each year using the site-specific annual 75 th percentile concentrations or sitespecific annual 75 th percentile loads. For example, for the year 2007, the whole-watershed
median phosphate concentration was obtained by computing the median value across all 5 site39

specific annual 75 th phosphate concentration values for that year. Other whole-watershed
statistics for concentrations and loads were calculated in a similar way (spatial maximum, spatial
average, 75 th percentile spatial watershed concentration or load, 90 th percentile spatial watershed
concentration or load, 95 th percentile spatial watershed concentration or load, 3 rd quartile + 1.5
times IQR of spatial watershed concentration or load). All spatial statistics were computed using
Microsoft Excel.
Twelve decision criteria were used in this thesis to identify hotspots through the
comparison of (single) site-specific 75 th annual nutrient concentration or load values to spatial
statistics (Table 3-3). As previously discussed in section 1.3, a great number of decision criteria
were used to compare the main different types used across studies. Specifically, in any given
year, a river site was deemed a hotspot if its nutrient concentration or load was equal to the
whole-watershed maximum concentration or load (i.e., maximum estimated across the whole
watershed), or if its nutrient concentration or load was greater than the whole-watershed median
or average, or if its nutrient concentration or load was greater than the whole-watershed 75th,
90 th, or 95 th percentile. The decision criteria articulated around the whole-watershed maximum
concentration or load allows for the identification of hotspots in “extreme worst case” scenarios.
Decision criteria articulated around the whole-watershed 95 th and 90 th percentile of concentration
or load allowed for the identification of hotspots that fall into the top 5% and 10% of wholewatershed values, which are still “extreme” but realistic real-world scenarios (Curtis et al.,
2019). Decision criteria centered around the whole-watershed 75 th percentile, median and
average allows for a broader identification of hotspots, as site-specific 75th annual concentrations
or loads are “above average”.
Five decision criteria were also used in this thesis to identify hotspots via outliers (Table
3-3). For concentration data, specifically, outliers defined relative to water quality guidelines and
outliers defined in a statistical manner were both applied. Conversely, for load data, only
statistical outliers were considered. Regarding concentration data, Ontario water quality
guidelines were used to benchmark nutrient concentrations that are required for healthy surface
waters (Government of Ontario, 2002; Ministry of Environment and Energy, 1994). A river site
was therefore deemed a hotspot if its nutrient concentration exceeded the water quality guideline.
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As water quality guidelines are not available specifically for phosphate in Ontario, the guideline
for total phosphorous (which phosphate is a part of) was used: total phosphorous concentrations
in surface water should not exceed 0.03 mg/L, as anything above this threshold would lead to
excessive and detrimental plant growth (Ministry of Environment and Energy, 1994). Similarly,
since provincial water quality guidelines do not exist specifically for nitrate, the Ontario
guideline for total nitrogen (which nitrate is a part of) was used, whereby nitrogen should not
exceed 10 mg/L (Government of Ontario, 2002). Lastly, for both concentration data and load
data, statistical outliers were defined as site-specific 75 th values that are greater than the 3 rd
quartile plus 1.5 times the IQR (Harms & Grimm, 2008), with both the 3 rd quartile and the IQR
being spatial statistics computed across the whole watershed. In any given year, river sites
identified as concentration outliers or load outliers were deemed hotspots.
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Table 3-3. Criteria used in the literature or introduced in this thesis to identify water quality hotspots. [conc]: concentration. Each
bullet point is a decision criterion according to which the site represented by the variable on the left of the mathematical operator (“=”
or “>”) is deemed a hotspot.
Concentration-based Decision
Load-based Decision Criteria
Criteria
Single Comparison to Spatial Average or Matrix
• site [conc] = maximum [conc]
• site load = maximum load
estimated across whole watershed
estimated across whole
(this thesis)
watershed (this thesis)
• site [conc] > median [conc]
• site load > median load
computed across whole watershed
computed across whole
(this thesis)
watershed (this thesis)
• site [conc] > average [conc]
• site load > average load
computed across whole watershed
computed across whole
(this thesis)
watershed (this thesis)
th
• site [conc] > 75 percentile [conc] • site load > 75th percentile load
computed across whole watershed
computed across whole
(Curtis et al., 2019)
watershed (Curtis et al., 2019)
th
• site [conc] > 90 percentile [conc] • site load > 90th percentile load
computed across whole watershed
computed across whole
(Curtis et al., 2019)
watershed (Curtis et al., 2019)
th
• site [conc] > 95 percentile [conc] • site load > 95th percentile load
computed across whole watershed
computed across whole
(Curtis et al., 2019)
watershed (Curtis et al., 2019)
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Concentration-based Decision
Criteria
Outliers
• site [conc] > water quality
guideline [conc] (this thesis)
• site [conc] > 2 times water
quality guideline [conc]
(this thesis)
• site [conc] > 5 times water
quality guideline [conc]
(this thesis)
• site [conc] > 3rd quartile
[conc] + 1.5 times IQR
across whole watershed
(Harms & Grimm, 2008)

Load-based Decision
Criteria
•

site load > 3rd quartile
load + 1.5 times IQR
across whole
watershed (Harms &
Grimm, 2008)

3.2.3 Rationale for Analyses Pertaining to Specific Research Objectives
To address objective S2.1, (i.e., compare identification methods for phosphate hotspots),
all 17 decision criteria described above and summarized in Table 3-3 were applied using
phosphate concentration data and phosphate load data for each year included in the study period
(2006-2018). There are few comparisons and limited discussion, in the literature, about the
extent to which different decision criteria lead to different conclusions about the presence and
absence of hotspots. Therefore, in this thesis, emphasis was put on estimating the total number of
decision criteria that provide convergent information about each site, i.e., the total number of
decision criteria that all identify a given site as a hotspot.
To address objective S2.2, (i.e., examine how hotspot identifications change when nitrate
is considered, rather than phosphate), the exact same procedure as the one outlined for objective
S2.1 was used, except that it was applied to nitrate concentrations and nitrate load data.
Comparisons were then made, for each year, to assess the prevalence of one of the following
scenarios: 1) sites identified as hotspots for only one of two nutrients, versus 2) sites identified as
hotspots for both nutrients.
To address objective S2.3 (i.e., assess the influence of different climatic study periods on
phosphate and nitrate hotspot identification), the same hotspot identification procedures outlined
above were applied to phosphate and nitrate concentrations and loads, except that different data
subsets were used. Instead of focusing on individual years, concentration data and load data were
grouped based on whether they reflected normal years, drier-than-normal years, or wetter-thannormal years (similar to what had been done to address objectives S1.2 and S1.3). This was done
to determine if differing climatic conditions would have any effect on the iden tification of
nutrient hotspots.
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Chapter 4 Study 1: Water Quantity Results and Discussion
4.1 Characterization of Flow Regimes Using Established Metrics (Objective
S1.1 Results)
To address objective S1.1, all flow regime metrics were computed for individual years
included in the 2006-2018 period (see Appendix A for year-specific results). Due to the sheer
size of data that was transformed, the main body of this thesis will focus on study period median
values, i.e., for each metric, the median value was taken across all 12 years and used to produce
figures and tables. These median values calculated across all 12 years will be hereafter referred
to as study period medians.
4.1.1 Flow Magnitude and Rate-of-change Metrics
For the flow magnitude during low flow conditions metrics, i.e., the minimum daily flow
and 10 th percentile, Trout Creek experienced the highest study period median values, followed by
Cedar Creek and Dutton, while Fish Creek and Stoney Creek experienced the lowest values
(Figure 4-1 (A)). Regarding ordinary flow conditions, all river sites experienced similar mean
daily flows. However, some differences can be seen among sites in terms of median daily flows:
the highest values were observed for Trout Creek, followed by Cedar Creek and Dutton, while
Fish Creek and Stoney Creek had the lowest (Figure 4-1 (B)). During high flow conditions
(Figure 4-1 (C)), all river sites were associated with similar 90 th flow percentile values, while
significant differences were observed among sites in the maximum daily flow. Fish Creek and
Stoney Creek experienced the highest maximum daily flow, whereas Dutton experienced the
lowest maximum daily flow. For most flow magnitude metrics corresponding to descriptive
statistics (i.e., minimum, 10 th percentile, median, and maximum), Fish Creek and Stoney Creek
were associated with very similar values. Similarly, Cedar Creek and Dutton experienced similar
values of these flow metrics, except for the maximum daily flow.
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Figure 4-1. Study period median values of flow magnitude metrics targeting: (A) low flow
conditions (minimum daily flow and 10 th percentile); (B) ordinary conditions (mean daily flow
and median daily flow), and (C) high flow conditions (90 th percentile and maximum daily flow).
Results are colour-coded by subwatershed of interest.
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Table 4-1 includes two flow magnitude metrics – the IQR and total flow – as well as one
rate-of-change metric – the number of flow reversals. The greatest study period median of annual
total flow was observed at Trout Creek, while the smallest was observed at Stoney Creek. The
greatest study period median IQR was observed at Fish Creek and Dutton, while the smallest was
observed at Cedar Creek. The greatest study period median number of flow reversals was
observed at Stoney Creek, closely followed by Cedar Creek, while Fish Creek and Dutton had
the lowest number of flow reversals.
Table 4-1. Study period median values of two flow magnitude metrics and one rate of change
metric for all subwatersheds of interest.
Trout
Creek

Fish Creek

Cedar
Creek

Stoney
Creek

Dutton

Study Period
Median Annual
Total Flow
(mm/day)

486.00

410.40

404.06

347.50

466.32

Study Period
Median Flow
Interquartile
Range (mm/day)

0.90

0.95

0.60

0.67

0.95

Study Period
Median Number
of Flow
Reversals

102.00

95.00

118.00

120.00

96.00

With regards to specific environmental flow components (EFCs), all subwatersheds
experienced similar study period median peak flows for high flow pulses (Figure 4-2 (A)). When
it came to small floods, however, the highest peak flows were observed in Fish Creek and Stoney
Creek, and the smallest observed in Trout Creek and Dutton (Figure 4-2 (B)). When large floods
occurred, the highest peak flows were observed in Fish Creek and Stoney Creek, and the lowest
in Trout Creek (Figure 4-2 (C)). As for BFI values, they only ranged from 0.02 at Fish Creek to
0.30 at Trout Creek (Figure 4-3).
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Figure 4-2. Study period median peak flow values for three key EFCs: (A) high flow pulses, (B) small floods, and (C) large floods.
Each subwatershed of interest is outlined in a different colour, and peak flow rates measured at the outlet of each subwatershed are
illustrated using circles and a colour ramp gradient.
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Figure 4-3. Study period median baseflow index values at the outlet of each subwatershed of
interest. Each subwatershed is outlined in a different colour, and baseflow index values are
illustrated using circles and a colour ramp gradient.
4.1.2 Duration and Frequency of EFCs
Figure 4-4 shows the duration and frequency of the four EFCs that are the focus o f this
thesis, from extreme low flows to large floods. The duration of extreme low flows was the
longest at the most upstream site (i.e., Trout Creek), and then decreased from upstream to
downstream, before slightly increasing at the most downstream site (i.e., Dutton). The lowest
frequency of extreme low flows was observed upstream at Fish Creek, while the highest
frequency was observed downstream at Stoney Creek. Across all sites, the duration of extreme
low flows varied between 3 and 11 days, while the f requency of extreme low flows varied
between 3 and 8.5 occurrences per year. The lowest frequency and longest duration of high flow
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pulses were observed at the most upstream site, Trout Creek. Conversely, the greatest frequency
and shortest duration of high flow pulses were observed downstream at Cedar Creek and Stoney
Creek. The duration for high flow pulses varied between 3 and 8.25 days across all sites, and the
frequency varied between 7 and 16 occurrences per year.
Small floods at all sites had a low frequency and a long duration, with the longest small
floods occurring at Cedar Creek and the shortest small floods occurring at Stoney Creek. The
duration of small floods ranged from 9.5 to 15.8 days, and the frequency of occurrence ranged
from 0.5 to 1 occurrence per year for all sites. Like small floods, large floods had a low
frequency of occurrence but when they occurred, they tended to have a similarly long duration at
all sites, between 13 and 16 days.
It should be noted that large flood events did not occur every year: in Figure 4-4, the star
marker denotes large floods that had a singular occurrence over the course of the whole 2006 2018 study period. This led to an issue in the IHA software, since the software computed the
study period median frequency by considering the number of EFC events per year. Notably, in
the case of large floods all years except one had zero occurrence of the EFC, so the study period
median value was computed as 0 (Figure 4-4). The star marker was therefore added to illustrate
the existence of single-occurrence large flood events when the study period median frequency is
zero.
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Figure 4-4. Study period median duration and median frequency associated with four EFCs – extreme low flows (Extr. Low Flow),
high flow pulses, small floods (Sm. Flood), and large floods (Lg. Flood) – for each subwatershed of interest. The star marker denotes
an EFC that was observed only once during the study period, making the computation of frequency (i.e., number of occurrences in a
year) for this EFC zero in most years. When an EFC was observed only once over the study period, its duration was calculated and is
reported on this figure (i.e., star symbol above certain bars).
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4.1.3 Timing of Flow Regime Metrics and EFCs
The DOY that the annual minimum flow occurred for all river sites was during the
summer season; more specifically at the beginning of the summer (June) for the most upstream
river site (i.e., Trout Creek) and at the end of the summer (August) for the downstream sites
(Figure 4-5). All DOY of occurrence for extreme low flow peak flows happened across the late
spring, summer, and early fall seasons. The DOY of occurrence for both extreme low flow peak
flows and the annual minimum flow were similar in the summer at Fish Creek, Cedar Creek, and
Stoney Creek, and similar in the early fall for Dutton. There was more variability across sites
regarding the DOY of occurrence for high flow pulse peak flows: they did not happen in the
same season for all sites. Rather, they occurred in late fall for Trout Creek, Fish Creek and
Stoney Creek, in summer for Cedar Creek, and in late spring for the most downstream site,
Dutton. Notably, the DOY of occurrence of high flow pulse peak flows was similar for Fish
Creek and Stoney Creek. There was also some variability in the DOY of occurrence for small
flood peak flows, which occurred in different seasons for most sites. More specifically, small
flood peak flows occurred in winter for Fish Creek, Cedar Creek and Dutton (in January and
February), with Fish Creek and Cedar Creek having a similar DOY of occurrence. Small flood
peak flows rather occurred in early spring (April) for Trout Creek, and in the beginning of winter
(December) for Stoney Creek. As for large floods, when they occurred (which was not every
year), their peak flow occurred at the end of the winter season (February and March) for all sites
except for Fish Creek where large flood peak flows were recorded in early winter (December).
Finally, the DOY of occurrence for the annual maximum flow happened in one of two seasons
depending on the site: Fish Creek, Cedar Creek and Dutton experienced their maximum annual
flow in late winter (February and March), while Trout Creek and Stoney Creek had a similar
DOY of occurrence for their maximum annual flow in the early spring season.
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Figure 4-5. The DOY of occurrence for select flow magnitude metrics – annual minimum peak flow (Ann. Min.) and annual
maximum peak flow (Ann. Max.) – as well as the DOY of occurrence for EFC peak flows – extreme low flows (Extr. Low Flow),
high flow pulses (High Flow Pulse), small floods (Sm. Flood), and large floods (Lg. Flood) – for each subwatershed of interest. For
better readability, the year is segmented into different seasons: winter, early spring, late spring, summer, early fall, and late fall. As
previously mentioned, the star marker denotes a singular occurrence of an EFC across the whole study period.
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4.2 Comparing Flow Regimes in Climatically Different Years (Objective S1.2
Results)
Table 4-2 summarizes the greatest change in the frequency of occurrence for LR, MR,
and HR metric values in either drier-than-normal years or wetter-than-normal years, compared to
normal years, for two flow magnitude metrics (i.e., annual maximum flow and baseflow index).
For reference purposes, metric values associated with each range (LR, MR and HR) are reported
in Table 4-3. According to Table 4-2, there appears to be no consistent pattern in the type of
metric range associated with the greatest hydrologic alteration factor (HAF) (i.e., the greatest
change in frequency of occurrence) in drier-than-normal versus normal years, or in wetter-thannormal versus normal years. Furthermore, when assessing whether the change deviated in a
similar direction, there were no prominent trends across all metrics in both drier years and wetter
years, compared to normal years. Due to this dissimilarity in results, the rest of this thesis will
only focus on RVA results for the “extreme” range values (i.e., HR values) for th e two chosen
metrics (rationale provided below in section 4.4.4).
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Table 4-2. Summary of RVA results for the normal versus drier-than-normal years comparison, and for the normal versus wetter-thannormal years comparison. The metric range associated with the greatest hydrologic alteration factor (HAF) (i.e., the greatest change in
frequency of occurrence) is reported. The change in frequency of occurrence associated with the greatest HAF is also reported as
either positive or negative. LR: low-range; MR: medium-range; HR: high-range.
Trout Creek
Years compared
Annual Maximum Flow
Baseflow Index
Fish Creek
Years compared
Annual Maximum Flow
Baseflow Index
Cedar Creek
Years compared
Annual Maximum Flow
Baseflow Index
Stoney Creek
Years compared
Annual Maximum Flow
Baseflow Index
Dutton
Years compared
Annual Maximum Flow
Baseflow Index

Metric range associated with greatest HAF
Normal versus Drier-than- Normal versus Wetter-thannormal
normal
LR
HR
HR
HR
Metric range associated with greatest HAF
Normal versus Drier-than- Normal versus Wetter-thannormal
normal
HR
MR
MR
HR
Metric range associated with greatest HAF
Normal versus Drier-than- Normal versus Wetter-thannormal
normal
HR
MR & HR
LR
MR
Metric range associated with greatest HAF
Normal versus Drier-than- Normal versus Wetter-thannormal
normal
MR
MR
LR
MR & HR
Metric range associated with greatest HAF
Normal versus Drier-than- Normal versus Wetter-thannormal
normal
LR
MR
LR
HR
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Direction of Change
Normal versus Drier-thannormal
+
+
Direction of Change
Normal versus Drier-thannormal
+
Direction of Change
Normal versus Drier-thannormal
+
+
Direction of Change
Normal versus Drier-thannormal
+
+
Direction of Change
Normal versus Drier-thannormal
+

Normal versus Wetterthan-normal
Normal versus Wetterthan-normal
+
Normal versus Wetterthan-normal
++
Normal versus Wetterthan-normal
+
-+
Normal versus Wetterthan-normal
+
+

Table 4-3. LR (low-range), MR (medium-range), and HR (high-range) flow regime magnitude metric values in drier years and wetter
years (compared to normal years) for the annual maximum flow (mm/day) and baseflow index (-) at each site: Trout Creek (blue),
Fish Creek (orange), Cedar Creek (yellow), Stoney Creek (purple), and Dutton (green).
Trout Creek
Annual Maximum Flow
(mm/day)
Baseflow
Index (-)
Fish Creek
Annual Maximum Flow
(mm/day)
Baseflow
Index (-)
Cedar Creek
Annual Maximum Flow
(mm/day)
Baseflow
Index (-)
Stoney Creek
Annual Maximum Flow
(mm/day)
Baseflow
Index (-)
Dutton
Annual Maximum Flow
(mm/day)
Baseflow
Index (-)

Metric Range
LR
MR
HR
LR
MR
HR

Normal versus Drier-than-normal Years Value Range
0.00 - 6.23
6.23 - 10.40
10.40 - 11.37
0.00 - 0.25
0.25 - 0.34
0.34 - 0.35

Normal versus Wetter-than-normal Years Value Range
0.00 - 9.77
9.77 - 10.40
10.40 - 11.37
0.00 - 0.23
0.23 - 0.28
0.28 - 0.35

LR
MR
HR
LR
MR
HR

0.00 - 17.97
17.97 - 27.29
27.29 - 50.88
0.00 - 0.01
0.01 - 0.03
0.03 - 0.05

0.00 - 19.67
19.67 - 40.51
40.51 - 50.88
0.00 - 0.02
0.02 - 0.03
0.03 - 0.05

LR
MR
HR
LR
MR
HR

0.00 - 7.60
7.60 - 12.84
12.84 - 24.01
0.00 - 0.12
0.12 - 0.23
0.23 - 0.25

0.00 - 10.47
10.47 - 20.68
20.68 - 26.18
0.00 - 0.12
0.12 - 0.17
0.17 - 0.25

LR
MR
HR
LR
MR
HR

0.00 - 13.61
13.61 - 18.89
18.89 - 61.62
0.00 - 0.06
0.06 - 0.09
0.09 - 0.14

0.00 - 14.55
14.55 - 27.22
27.22 - 61.62
0.00 - 0.06
0.06 - 0.08
0.08 - 0.14

LR
MR
HR
LR
MR
HR

0.00 - 7.77
7.77 - 11.94
11.94 - 18.14
0.00 - 0.15
0.15 - 0.20
0.20 - 0.27

0.00 - 9.27
9.27 - 15.39
15.39 - 18.14
0.00 - 0.14
0.14 - 0.16
0.16 - 0.27
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Figure 4-6 (panels A through J) shows that the change in frequency of annual maximum
flow HR values in both drier years and wetter years was negative for Trout Creek (the most
upstream site) and Stoney Creek. Furthermore, Fish Creek, Cedar Creek, and Dutton experienced
a positive change in the frequency of their HR values in drier years and a negative change in
wetter years. It can be noted that for all sites, when comparing the frequency of annual maximum
flow HR values in wetter versus normal years, the change was always negative. Figure 4 -6
(panels K through T) focuses on the BFI and shows that for the two most upstream sites, Trout
Creek and Fish Creek, the change in frequency of HR BFI values was positive in drier years, and
negative in wetter years, whereas, for the two most downstream sites, Stoney Creek and Dutton,
the opposite trend occurred: the change was negative in drier years, and positive in wetter years.
For Cedar Creek, the change was negative in both drier years and wetter years. Additionally, for
each metric, Table 4-3 reported the specific LR, MR, and HR metric value range within both the
drier-than-normal years and wetter-than-normal years comparisons for all sites.
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Figure 4-6. RVA results showing the change in frequency of occurrence of low-range (LR), medium-range (MR), high-range (HR)
values for two flow magnitude metric values at all sites. A positive HAF value represents the metric range of values occurring more
frequently in either the drier or wetter years, compared to normal years. A negative HAF value represents the metric range of values
occurring less frequently in either the drier or wetter years, compared to normal years. The top two rows (i.e., panels A through J)
show results of the comparison between normal years and drier-than-normal years and normal years and wetter-than-normal years for
the annual maximum flow. The bottom two row diagrams (i.e., panels K through T) show results of the comparison between normal
years and drier-than normal years and normal years and wetter-than-normal years for the baseflow index.
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4.3 Comparing Memory Timescale Length (Objective S1.3 Results)
When using whole-year data (Figure 4-7 (A)), Trout Creek, the most upstream site, had
the longest study period median memory timescale of approximately 57 days, whereas Fish
Creek and Stoney Creek had the shortest study period median memory timescales of
approximately 2 and 8 days, respectively. When focusing on the late spring season data only
(Figure 4-7 (B)), Trout Creek, Cedar Creek, and Dutton (the most downstream site) had the
longest study period median memory timescales, lasting about 12 days, 11 days, and 12.5 days,
respectively, whereas Stoney Creek had the shortest, at only 2 days. For the summer season only,
Trout Creek had a significantly longer study period median memory timescale than other sites,
lasting about 33 days (Figure 4-7 (C)). In comparison, the study period median summer memory
timescale was around 15 days for Cedar Creek and Dutton, and less than 1 day for Stoney Cre ek.
When looking at the early fall season data only (Figure 4-7 (D)), the longest study period median
memory timescale was observed at Trout Creek, with 26.5 days, while the shortest was observed
at Stoney Creek, at about 1.5 days. In general, for the whole-year, late spring, summer, and early
fall data subset memory timescales, Trout Creek always had the longest study period median
memory timescale. Cedar Creek and Dutton always had similar median memory timescales
between the two of them, as did Fish Creek and Stoney Creek.
Beyond the study period median value, another characteristic examined was the
variability of memory timescales between years. When looking at the whole-year data, Trout
Creek had the highest interannual variability in memory timescale (as represented by a tall box
on Figure 4-7 (A)), whereas Fish Creek and Stoney Creek had the lowest variability in memory
timescale among years (as represented by very short boxes). In late spring, the interannual
variability of memory timescale was large for all sites (Figure 4-7 (B)). In summer, Dutton had
the highest interannual variability in memory timescale while Stoney Creek had the lowest
interannual variability (Figure 4-7 (C)). Lastly, in early fall, Cedar Creek had the largest memory
timescale interannual variability, compared to the other sites that were similar and had slightly
lower variability (Figure 4-7 (D)). For all data subsets except for late spring, the interannual
variability of memory timescales was the lowest at Stoney Creek: this means that throughout all
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years in the study period and for all subsets of data except for late spring, memory timescales
calculated for that site were very similar.
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Figure 4-7. Memory timescales calculated for all subwatersheds of interest across: (A) the whole-year (January 1 st to December 31 st), (B) the
late spring season only (May 1 st to May 31 st), (C) the summer season only (June 1 st to August 31 st), (D) the early fall season only (September
1 st to October 31 st). The range of values represented in each box represent memory timescales calculated for each year of the 2006-2018 study
period. The red horizontal line represents the study period median memory timescale for each respective site. The box for each site spans
from the 25 th percentile (bottom of the blue box) to the 75 th percentile (top of the blue box). The bottom and top whiskers represent the 25 th
percentile-1.5*IQR and the 75th percentile+1.5*IQR of the memory timescale at each site, respectively. Additionally, the red plus signs
represent outliers values (i.e., individual years plotting beyond the whiskers). Y-axis limits differ between panels to increase the readability of
the graphs.
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When distinctions were made based on the type of year (Figure 4-8), for Trout Creek, the
median memory timescale was longest for the drier-than-normal years, compared to normal
years. For Fish Creek, drier-than-normal years had the longest median memory timescale,
followed by normal years and wetter-than-normal years. At Cedar Creek, the median memory
timescale was longest in drier-than-normal years, followed by normal years and wetter-thannormal years. At Stoney Creek, the median memory timescale was the same across drier-thannormal, normal, and wetter-than-normal years. Finally, for Dutton, the drier-than-normal years
had a longer median memory timescale than normal years, followed by wetter-than-normal
years. Across all sites, memory timescales were always longer and/or had a higher variability in
drier-than-normal years compared to normal years.

Figure 4-8. Memory timescales calculated for all subwatersheds for the whole-year period
(January 1 st to December 31 st), but differentiated by types of year, i.e., drier-than-normal,
normal, and wetter-than-normal. The horizontal line in each box represents the median memory
timescale for the drier-than-normal, normal, and wetter-than-normal years period for each site.
The box spans from the 25th percentile (bottom of each box) to the 75 th percentile (top of each
box). The bottom and top whiskers represent the 25 th percentile-1.5*IQR and the 75th
percentile+1.5*IQR of the memory timescale for the different types of study periods at each site,
respectively. Additionally, the red plus signs represent outliers (i.e., individual years plotting
beyond the whiskers).
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4.4 Study 1 Discussion
4.4.1 Influence of Land Cover Type, Soil and Geology on Select Flow Regime
Characteristics
4.4.1.1 Flashiness

Runoff generation processes that contribute water to stream channels are highly
influenced by physical landscape characteristics (Soulsby et al., 2006). The heterogeneity of
these characteristics can dictate how water is distributed through different flowpaths, as well as
the capacity of the landscape to store water (Soulsby et al., 2006), thereby affecting flashiness.
Flashiness in a stream, as defined by Poff et al. (1997), is a property that describes how rapid or
slow the rate of change of streamflow is over a short-term period. Given how land cover type and
soil characteristics interact with surface runoff, it would be expected for streams to experience
higher amounts of “flashy” runoff input as the landscape making up their drainage area becomes
less permeable. Studies have noted that soil characteristics play an important role as a first order
control in the distribution of water through various pathways, due to how they interconnect
climate, land use and land cover, and surficial and bedrock geology in the landscape
(Uhlenbrook, Roser, & Tilch, 2004). Notably, the infiltration capacity of soils (and their
permeability) is controlled not only by physical soil properties but also the amount and location
of vegetation present on the landscape (Sun et al., 2018). As a result, it has been shown that land
use changes from a natural forested catchment to a catchment with a stronger agricultural
presence often leads to a decrease in infiltration rate (Mwendera & Saleem, 1997). Furthermore,
low natural vegetation has been shown to cause a lower infiltration capacity of the soil due to the
reduced presence of root-induced macropores and preferential flow pathways, resulting in lower
soil permeability (Le Maitre, Scott, & Colvin, 1999). In both predominantly agricultural and
urbanized catchments, increased streamflow flashiness is caused by increased infiltration -excess
overland flow (i.e., Hortonian overland flow (HOF)). Dunne & Leopold (1978) reported that
urbanized landscapes, which are characterized by impervious surfaces, are subject to a decrease
in infiltration and an increase in surface runoff, as well as an increase in how quickly the
discharge reaches its peak and then falls after rainfall events (Leopold, 1968), also known as a
“flashy” streamflow (Baker et al., 2004). Dunne & Leopold (1978) also reported that “flashy”
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tendencies were due to shortened runoff travel times to streams as well as an increase in peak
discharge due to constructed drainage networks and underground sewers, leaving urbanized areas
with higher peak discharges. In terms of subwatershed size, Wood et al. (1988) reported that
streamflow variability increased with decreasing drainage area. Additionally, a stream is
expected to be less flashy if there is a constant contribution of groundwater discharge to it. Baker
et al. (2004) discuss two examples of similar sized rivers, and the one dominated by surface
runoff and not groundwater discharge was flashier due to the intermittent inputs of water, rather
than the perpetual source that groundwater discharge provides.
In the present study, due to the Fish Creek and Stoney Creek subwatershed size, as well
as their proportions of agricultural land and urban areas being the highest, respectively, (see
Table 2-1), they were expected to have the flashiest flow regimes. Additionally, Dutton was
expected to have the lowest streamflow variability, due to the sheer size of its drainage area,
whereas Stoney Creek was expected to have a flashy streamflow due to the small size of its
subwatershed. Table 4-1 shows that Fish Creek and Dutton were the sites with the greatest
variability in streamflow. For Fish Creek, this was the expected result and was due mainly to the
low natural vegetation, high agricultural land cover and a high proportion of low-permeability
soils, resulting in higher discharge peaks than in other subwatersheds. Dutton, however, did not
behave as anticipated, mainly because this catchment was dominated by soil that had low
infiltration capacity (i.e., silty clay loams and silty loams), which resulted in highly variable
streamflow, driven by intermittent Hortonian overland flow. The study period median flow
interquartile range value at Stoney Creek was much smaller than the rest of the sites. The
presence of groundwater discharge areas in the Stoney Creek catchment area perhaps played a
role in regulating the variability of streamflow and making it less flashy, as suggested by Shuster
et al. (2008).
Similar to the study period median flow interquartile range, the number of flow reversals
is another metric that reflects the general concept of stream flashiness. In Table 4 -1, Fish Creek
and Stoney Creek were expected to have the highest number of flow reversals, whereas Dutton
was expected to have the lowest number. Results observed at Stoney Creek align with this
expectation: the smaller size of the catchment likely resulted in it having the highest number of
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flow reversals. The flow reversals observed at Dutton also aligned with the expectations of this
subwatershed having the lowest number of flow reversals due to the size of the catchment.
Conversely, Fish Creek did not have a high number of flow reversals, which is contrary to what
was expected. What’s interesting with Fish Creek is that the IQR metric suggests that it has a
highly variable streamflow, but the actual number of times that discharge changes from a rising
period to a fall period is low. This may be due to the absence of groundwater discharge in this
region, leading the stream to rely on surface runoff inputs only, which have been k nown to be
more inconsistent than baseflow inputs, as discussed by Baker et al. (2004), leading to a low
number of flow reversals observed, but an IQR metric value that presents the stream flow as
highly variable.
4.4.1.2 Baseflow Contribution to Streams

Another vital component of streamflow is the baseflow contribution, where baseflow is
mostly attributed to aquifers discharging groundwater to streams. Understanding baseflow is
important when assessing flow regime, as it can give insight into how streamflow behave s during
drought conditions (Santhi et al., 2008). The level of infiltration present in the landscape
influences groundwater recharge and the amount of baseflow discharge into the stream (Rumsey
et al., 2015). Indeed, it is usually observed that subwatersheds with characteristics that favour
water infiltration in soils also typically have higher amounts of baseflow, whereas catchments
with characteristics that favour surface runoff generation and allow less water infiltration
typically have reduced baseflow (Rumsey et al., 2015). As for groundwater discharge, which
directly influences streamflow regimes in times of dry meterological conditions, it is determined
by the size and permeability of the groundwater basin that the stream pulls from (Winter, 2007).
Winter (2007) has shown that a strong perpetual discharge of groundwater comes from extensive
aquifers present in the subwatershed area, whereas in contrast, groundwater discharge from low permeablility deposits is more infrequent and a less reliable source of baseflow.
Fish Creek and Stoney Creek are dominated by relatively impermeable soil (see Figure
2-4), which could potentially lead to lower baseflow contributions to streams in those
subwatersheds, depending on the type of groundwater flow system the stream is connected to.
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However, the general lithology across the UTRW is supposedly highly transmissive for
groundwater through the landscape, which would suggest the possibility of high(er) baseflow
contributions in the UTRW. Conversely, the bedrock geology of the LTRW, dominated by shale,
is less permeable and therefore not as transmissive for groundwater, which could suggest lower
baseflow contributions to streams. Further, the Stoney Creek subwatershed has significant
groundwater discharge areas present, and Dutton has a presence of intermediate and deep
overburden aquifers, as well as bedrock rock aquifers, acting as a source of groundwater
discharge. Therefore, it would be expected that due to the bedrock geology and the presence of
intermediate, overburden, and bedrock aquifers, all sites would experience some form of
baseflow contribution to their streamflow: Stoney Creek and Dutton were expected to have the
highest BFI values due to the presence of groundwater discharge areas and intermediate, d eep
overburden, and bedrock aquifers, respectively, while Fish Creek was expected to receive lower
baseflow contributions due to its lower permeability landscape. For Fish Creek, the expectations
were met, with this subwatershed having the lowest BFI value. At Stoney Creek and Dutton,
however, the expectation was not met, with these two sites having lower BFI values.
Additionally, a significantly higher BFI value than the rest of the river sites is present at Trout
Creek, due to the site having high areas of groundwater discharge as well as high natural
vegetation cover (Table 2-1). Interestingly though, the highest BFI value of all river sites was
only 0.3, which is much lower than the maximum value of 1 that the BFI can take. Although
Trout Creek possesses a high BFI value compared to the rest of the river sites, when comparing it
to the overall BFI value scale, this means that no site in the TRW has more than 30% of its
streamflow that is considered baseflow. This means that in general, all studied streams in the
TRW rely on only small contributions from groundwater discharge sources, and they are all
dominated by stormflow (i.e., surface runoff/overland flow and shallow subsurface flow
mechanisms (see Table 1-1)).
4.4.2 Longitudinal Connectivity: An Explanatory Factor for the Spatial Variability of
Flow Magnitude?
The flow of water from an upstream source to a downstream destination is a defining
feature of river systems (Webster & Patten, 2017), as this allows a river to act as a “highway” for
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water, energy, nutrients, and organisms to longitudinally move through the watershed (Covino,
2017). Longitudinal connectivity is a linkage created between the upstream and the downstream
reaches of the watershed, via the river network (Covino, 2017). Due to the principles of
longitudinal connectivity, it would be expected that in watersheds, the value of all magnitude
flow metrics increases as we move further downstream. This is due to the greater sum of flow
being contributed from an increasing number of tributaries, and from this greater sum of flow
comes a greater magnitude of flow as discussed by Poff et al. (1997). This is also related to
watershed size, which plays an important role in the amount of total flow, as the presence of
more land for runoff generation and groundwater-driven baseflow generation flow can lead to
higher total streamflow as we move from small watersheds upstream to larger watersheds
downstream (Bao & Laituri, 2013; Pilgram, Cordrey, & Baron, 1982). Across all sites in the
Thames River Watershed, the magnitude of flow observed in varying conditions (Figure 4-1) did
not always behave as expected according to longitudinal connectivity principles, depending on
the flow magnitude metric considered. In Figure 4-1 (A), for low flow conditions, the minimum
daily flow and 10 th flow percentile did not increase from upstream to downstream: this may be
because in low flow conditions, the majority of the streamflow is made up of groundwater
contributions, therefore the presence or absence of groundwater discharge sources determine
how much discharge occurs during low flow conditions. Both the Trout Creek and Stoney Creek
subwatersheds have a strong presence of groundwater discharge areas, whereas Fish Creek has
very minimal groundwater discharge present in the subwatershed.
For ordinary flow conditions, shown in Figure 4-1 (B), once again, the examined flow
magnitude metrics did not meet expectations of longitudinal connectivity principles, as all sites
experienced a similar mean daily flow – rather than an increase from upstream to downstream.
Median daily flow at Trout Creek was the greatest probably due to the augmentation of flow in
the summer from the major dam (i.e., Wildwood Dam) present in the catchment (Wilcox et al.,
1998).
River sites did not experience an increase in maximum daily flow in a longitudinal se nse,
as shown in Figure 4-1 (C). Instead, Fish Creek and Stoney Creek had significantly higher
maximum daily flow values than the rest of the sites. High values of peak daily flow are typically
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associated with surface runoff generation (Singh, 1998). As discussed in section 4.1.1, Fish
Creek and Stoney Creek were shown to have portions of their catchments with lowerpermeability land, resulting from Fish Creek having high agricultural land cover, lower natural
vegetation, and a high proportion of clay loam soil, and Stoney Creek having some of its
subwatershed urbanized. Due to subwatershed characteristics creating higher impermeability in
Fish Creek and Stoney Creek than in other subwatersheds, more surface runoff is likely
generated after snowmelt and rainfall events, resulting in significantly higher peaks of daily flow
in Fish Creek and Stoney Creek.
The median annual total flow, shown in Table 4-1, is an important flow regime
assessment metric used to determine the volume of water that was drained through the watershed
over a whole year (Olden & Poff, 2003; Peel, McMahon, Finlayson, 2004). The most
downstream site should have the highest median annual total flow according to longitudinal
connectivity principles, due to the water from all subwatersheds upstream draining through the
downstream outlet. This was not found to be the case in the TRW, with Trout Creek having the
highest median annual total flow value, probably, once again, due to the augmentation of flow
from the Wildwood Dam (Wilcox et al., 1998). The rest of the sites seem to be governed by
subwatershed size, with Dutton having the second greatest median annual total flow, and then
Fish Creek, Cedar Creek, and Stoney Creek all having both progressively smaller subwatershed
sizes and decreasing flow magnitude.
The magnitude of flow for EFCs should follow the conceptual pattern of longitudinal
connectivity, with increases from upstream to downstream. As shown in Figure 4 -2 (A), the peak
flow of high flow pulses is similar across all subwatersheds, and thus did not align with the
principles of longitudinal connectivity. Similar to what was discussed before with mean daily
flow, this can be attributed to the standardization of flow values across subwatersheds. This
similarity is also an indication that despite the variability in landscape characteristics of the
subwatersheds, all subwatersheds process water at this magnitude of flow similarly. However,
when the watershed wetness conditions increase such as with a small or large flood, each
subwatershed then begins to operate differently in how it processes the larger amount of water. It
can be seen in Figure 4-2 (B) and (C) that both Fish Creek and Stoney Creek had a significantly
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higher study period median peak flow of small floods than the rest of sites, despite not being the
most downstream sites. As previously discussed in section 4.1.1, both of these sites have
landscape characteristics that likely leads them to generate large amounts of HOF and contribute
surface runoff to streams. Also, it is possible that within the stream network itself, some reaches
act as sinks and/or lose water to the hyporheic zone and the underlying groundwater aquifer
(Wondzell & Swanson, 1999), thereby preventing that water to travel further downstream and
support longitudinal connectivity. This water loss may not necessarily be a significant one,
however, and no data was available to verify it.
According to longitudinal connectivity principles, as the magnitude of flow increases
from upstream to downstream a larger number of occurrences of extreme low flows should be
seen upstream and decrease as we move downstream, which is what was found in the TRW
(Figure 4-4). However, it was also expected that a higher frequency of small floods would be
observed downstream, which was not the case. A similar low frequency of small floods occurred
across all subwatersheds, which was probably attributed to the 2-year return interval based upon
which this EFC was defined: we only looked at 13 years of data, which probably did not provide
enough time or variability to see a significant difference in small flood dynamics between sites.
To address this uncertainty when assessing the frequency of occurrence of small floods, a longer
dataset would have been required.
4.4.3 Influence of Seasonality on Flow Regime Characteristics
One of the greatest determinants of flow regime behaviour is the regional climate
(Patterson, Lutz, Doyle, 2013). Seasonal variations in streamflow are a result of variations in
precipitation and temperature throughout the year (Coulibaly & Burn, 2005). Over small and
meso-scale regions like the TRW, seasonal changes in precipitation and temperature occur
relatively similarly over the whole area. Differences between the time when individual
subwatersheds of the TRW experience certain streamflow metrics and EFCs can, therefore, be
mainly attributable to differences in local hydrological processes. When analyzing the DOY of
occurrence of different streamflow magnitude metrics and EFCs, shown in Figure 4 -5, all sites
were assumed to be subjected to the same seasonal changes in precipitation type and air
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temperature. More specifically, Wilcox et al. (1998) reported two distinct seasonal patterns that
influence streamflow magnitude in the TRW. The first pattern is driven by air and water
temperatures in March and April: the ground is still frozen, resulting in high surface runoff rates
from rainfall and snowmelt and low infiltration capacity in the landscape, leading to high
streamflow magnitude. Small floods, large floods, and maximum daily flows are expected to
occur around the time of this higher streamflow magnitude. The second pattern consists in high
evaporation and evapotranspiration rates in the mid to late summer due to high air temperatures,
resulting in less surface runoff, and consequently lower streamflow magnitude. Minimum daily
flow and extreme low flows are expected to occur around the time of this lower streamflow
magnitude. In the present study, the majority of streamflow metrics and EFCs followed the
principles of seasonal climatic variation and occurred at similar times of the year across all sites,
except for two metrics in Trout Creek. The DOY of occurrence of the annual minimum flow and
extreme low flow at Trout Creek occurred much earlier in the year than expected, during the
beginning of summer and the late spring period, respectively. This earlier occurrence of the
annual minimum flow and extreme low flows could be a result of the major dam located above
Trout Creek, i.e., the Wildwood Dam. Wilcox et al. (1998) reports that this dam augments flow
in the summer season, therefore the lowest magnitude of streamflow wouldn’t occur during the
summer season but perhaps earlier in the year.
As discussed previously in Section 3.1.3.3, the strength of the “memory” of a river is
calculated based on how similar river flow values are to one another (i.e., the greater the
similarity between values, the longer the memory timescale). Quantifying a river memory
timescale is not as common a method as other traditional river flow regime assessments,
therefore literature surrounding the use of this newer method is scarce, and inferences can only
be made concerning influences on river memory timescale. As mentioned above, not only can
seasonal climatic patterns influence streamflow magnitude, but they can also influence the
consistency of inputs of water into a stream, ultimately affecting the length of a memory
timescale. Late spring seasons are dominated by the melting of snowpacks, which depending on
the year can either be rapid or slow, resulting in a high variability of river flow of memory
timescales between years. Despite this high variability, the seasonal climate generates consistent
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inputs of water into the stream through surface runoff, shallow subsurface runoff, and
groundwater inputs as a result of snowmelt, creating a longer memory timescale in late spring.
Summer seasons are dominated by baseflow contributions due to low rainfall inputs, resulting in
a low-varying, and small consistent contribution of water to the stream, creating shorter memory
timescales. Finally, early fall seasons are dominated by heavy rains which, despite generating
high surface runoff, do not generate as much shallow subsurface flow and baseflow as the late
spring season: this should lead to highly variable and shorter memory timescales than the late
spring season, but longer memory timescales than the summer season. Due to a similar seasonal
climate across the TRW, all sites are expected to experience similar memory timescale lengths as
outlined above.
Based on these principles, in the current study the early spring season should have been
associated with the longest and most variable memory timescale, while the summer season
should have been associated with the shortest memory timescales that do no vary too much from
year to year. Figure 4-7 shows the expectation was met for the year-to-year variability of
memory timescales; however, the median memory timescale did not behave as expected across
all seasons. The early spring season had the shortest median memory timescale but a high
variability from year to year, whereas the summer season had the longest memory timescale and
a lower year-to-year variability. These results may have been due to two issues with the data
analysis process. First, it may have been helpful to standardize the computed memory timescales
before making comparisons across seasons. This issue arises with comparing the length of
memory timescales between seasons, as the length of each season is not the same (i.e., late spring
spans 31 days, summer spans 92 days, and early fall only spans 30 days). Dividing each memory
timescale by the number of days within the season may create more comparable memory
timescale lengths between seasons. After this was done (see results in Appendix B), the
standardized memory timescales showed that the early fall season then had the longest memory
timescales, followed by the late spring season, and finally the summer season. This result aligns
more with the expectations, as the early fall and late spring seasons have precipitation and
temperature patterns that provide more consistent contributions of runoff to the stream, creating
greater flow persistence and a longer memory. The second potential issue related to the data
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analysis process is the impossibility of capturing only high flow persistence, rather than
capturing both low flow and high flow persistence. Essentially, the non-standardized memory
timescales showed that the summer season had the longest memory timescale, but in this season
in particular the only flow input to stream is groundwater (i.e., baseflow). Thus, the
autocorrelation analyses performed in this thesis did not focus solely on high flow memory as
they do not recognize the lack of surface or subsurface runoff. Instead, the autocorrelation
analyses recognize the groundwater contributions as persistent, low flow values, and therefore
the longer memory timescales identified for the summer season are low flow memo ry timescales.
In order to gain a comprehensive understanding of moderate to high flow memory timescales
that are driven by runoff processes rather than groundwater flow, the data would have needed to
be differentiated between low flow and high flow values (or baseflow-dominated and nonbaseflow dominated periods) before conducting the autocorrelation analyses. Such a
methodology was not developed for the present study and could be evaluated in a future study.
4.4.4 Comparison of Flow Regime Characteristics in Dry VS Wet Years
The RVA method was used to measure the change in frequency of occurrence of low,
medium, and high metric values between normal climatic years and drier-than-normal or wetterthan-normal years. Unlike previous sections of the thesis, the RVA method was applied to only
two flow regime metrics (i.e., the BFI and the annual maximum flow), as they are effective
representations of hydrologic processes in both drier-than-normal years and wetter-than-normal
years, respectively. The BFI is a common metric to measure how much of streamflow is
comprised of baseflow, rather than stormflow (Kelly et al., 2019). The dominant input of water
to the stream during wetter-than-normal years is typically fast surface runoff (i.e., stormflow). In
contrast, in drier-than-normal years, due to the lack of rainfall, the dominant input of water to the
stream is groundwater discharge providing the baseflow contribution (van Dijk, 2010): it is
therefore a useful metric to assess the influence of dry years on streamflow dy namics. In the
same way that the BFI can be used as an indicator of change for drier-than-normal years, the
annual maximum flow metric can be used to assess the influence of wetter-than-normal years on
streamflow dynamics. Studies have shown that years with greater rainfall/snowmelt events lead
to greater annual extreme flows, simply due to the increase in the volume of water introduced
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into a watershed system (Dickinson, Whiteley, & Kelly, 1992; Młyński, Cebulska, & Wałęga,
2018).
The hydrologic alteration factor (i.e., HAF, the change in frequency of occurrence) values
of sites for both the annual maximum flow and BFI metrics, shown in Figure 4 -6, were expected
to highlight clear differences in water quantity dynamics between normal and drier, or normal
and wetter years. For example, an increase in the frequency of high BFI values was expected to
occur in drier-than-normal years, compared to normal years, at all sites. Conversely, a decrease
in the frequency of high BFI values was expected in wetter-than-normal years.
The expectations were met for the BFI values in both drier-than-normal years (i.e.,
increase in frequency of HR values) and wetter-than-normal years (i.e., decrease in the frequency
of HR values) for Trout Creek and Fish Creek, but Stoney Creek and Dutton did not meet
expectations. This may be due to the low BFI values shown in Figure 4 -3, which indicate the low
percentage of baseflow contribution to Stoney Creek and Dutton. At these two sites, it is likely
that there is very low groundwater storage in drier years, or that there is little to no vertical
connectivity between groundwater stores and river channels, hence the absence of baseflow.
Price (2011) reported that warmer temperatures during the summer season (i.e., dry conditions)
can lead to reductions in late summer baseflows. Furthermore, Ficklin, Robeson, & Knouft
(2016) reported that baseflow and potential evapotranspiration have a negative relationship,
where increases in potential evapotranspiration are potentially leading to decrease s in baseflow
volumes: this may be occurring within the Stoney Creek and Dutton subwatersheds. Ficklin,
Robeson, & Knouft (2016) also reported that the assessment of the relationship between trends in
baseflow and increased precipitation is not a “cut-and-dry” procedure and inferring baseflow
trends from climate patterns is an extremely complex challenge.
For the annual maximum flow, an increase in high values was expected to occur at all
sites in wetter-than-normal years, and a decrease was expected in drier-than-normal years.
Expectations were met at some sites, but not all. In drier-than-normal years expectations were
met at Trout Creek and Stoney Creek but not at the rest of the sites. Expectations were not met at
Fish Creek, Cedar Creek, and Dutton where high-range values were more frequent in drier years
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compared to normal years. This may have been due to the soils of these subwatersheds having
hydrophobic tendencies in drier years, resulting in higher rates of Hortonian overland flow and
therefore higher values of annual maximum flow. This may seem counterintuitive as dry soils
usually have high water infiltration capacities; however, in dry conditions, soil crusting and
hydrophobicity may occur, lowering the soil water infiltration capacity and amplifying Hortonian
overland flow (Shakesby et al., 2000). Greater soil hydrophobicity has been shown to occur with
soils with lower amounts of soil organic matter (Vogelmann et al., 2013). Both the Fish Creek
and Dutton subwatersheds have a non-negligible proportion of soils with low soil organic matter
(Figure 2-4), therefore showing the potential for high – and relatively widespread –
hydrophobicity to occur. Simply put, in wet years, very large volumes of runoff are observed. In
drier years, the total volume of runoff is typically lower, but we can still have very fast
Hortonian overland flow-driven events that lead to very fast travel times, and therefore, very
high event peak flows, which is what the annual maximum flow metric is capturing. In this
study, the definitions of drier-than-normal years and wetter-than-normal years were based solely
on hydrological data and no further data (i.e., soil moisture measurements, soil water infiltration
experiments, etc.) were available to evaluate the presence or absence of soil crusting or
hydrophobicity. It is thereforepossible that hydrophobic soils and soil crusting were the reason
why a higher frequency of high-range maximum daily flow values occurred in drier years
(compared to normal years) for Fish Creek, Cedar Creek, and Dutton. Another potential
explanation for the seemingly counterintuitive results is that drier-than-normal years have been
shown to be associated with high-intensity and low-frequency rainfall events, and such events
can generate large volumes of HOF (McDowell et al., 2004). In wetter-than-normal years for the
annual maximum flow, none of the sites met expectations, as high-range metric values were less
frequent across all sites. This may have had to do with Hortonian overland flow not being the
dominant runoff generation mechanism in wetter years, but rather saturation excess overland
flow and shallow subsurface flow being dominant. These last two runoff generation mechanisms
have been shown to be prevalent in wetter years due to higher precipitation creating saturated
conditions (Zimmermann et al., 2014). It should also be noted that saturation excess overland
flow and shallow subsurface flow create less intense peak flows than HOF (Hugenschmidt et al.,
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2014), which would explain the lower annual maximum flow values despite there still being a
greater amount of precipitation in wetter years.
As discussed previously, streamflow median memory timescales are heavily influenced
by different climatic patterns, as different levels of flow persistence are created by changes in the
frequency and amount of precipitation inputs. Similar to seasonal climatic patterns, different
climatic study periods (i.e., drier-than-normal, and wetter-than-normal years) can also influence
the length of a memory timescale. Greater precipitation in wetter-than-normal years can consist
of both snowmelt and rainfall. In wetter-than-normal years compared to drier-than-normal years,
watersheds may experience higher saturation excess overland flow and shallow subsurface flow.
Various sources of precipitation that generate saturation excess overland flow and shallow
subsurface flow (i.e., heavy rainfall and snowmelt) allow for a steady source of inflow to
streams, creating more persistence in wetter periods compared to drier periods (Mohammed, &
Scholz, 2016). Furthermore, Price (2011) has shown that in years with less precipitation,
baseflow can decrease and HOF occurs only occasionally, creating less continuous contributions
of water from land to stream, effectively creating weak persistence and shorter memory
timescales.
Figure 4-8 shows the median memory timescale as well as the variability of the timescale for
each site in all types of study periods (i.e., drier-than-normal years, normal years, and wetterthan-normal years). All subwatersheds were expected to behave similarly given their geographic
proximity and the fact that they are subjected to a similar climate, with shorter median memory
timescales in years with less precipitation and longer memory timescales in years with more
precipitation. Results across all subwatersheds followed a similar pattern where the memory
timescales in drier-than-normal years were always longer than in wetter-than-normal years. As
discussed previously, the autocorrelation analyses performed in this thesis may be capturing both
low flow memory and high flow memory with no distinction, rather than focusing solely on the
high flow memory timescales that we were interested in.
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Chapter 5 Study 2: Water Quality Results and Discussion
5.1 Comparing Phosphate Hotspot Identification Criteria (Objective S2.1
Results)
Figure 5-1 outlines how different types of decision criteria (i.e., matrix criteria and outlier
criteria) identified river sites as hotspots based on phosphate concentration data. Of all criteria,
the spatial average identified the greatest number of sites as phosphate hotspots across all years
in the study period (2006-2018). Next, the spatial median and the water quality guideline criteria
both identified between 1 and 3 sites as phosphate hotspots. The spatial median, spatial average
and water quality guideline were the only criteria to identify Trout Creek as a phosphate hotspot
in 2013, 2014 and 2017, and Stoney Creek as a phosphate hotspot in 2007 and 2010. In 2008 and
2013, all criteria, except for two based on outliers, identified Fish Creek as a phosphate hotspot.
All criteria also identified Dutton (the most downstream site) as a phosphate hotspot across the
majority of years. However, the criterion of 5 times greater than the water quality guideline
identified no sites as phosphate hotspots. Trout Creek, Fish Creek and Dutton were the only sites
identified as phosphate hotspots when using criteria based on both statistical outliers and water
quality guideline outliers.
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Figure 5-1. Summary of sites identified as phosphate hotspots in each year of the study period (20062018) based on concentration data. Types of decision criteria are differentiated on the diagram: matrix
criteria are listed in black font, while outlier criteria are listed in gray font.
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Figure 5-2 summarizes the total number of criteria that identified a site as a phosphate
hotspot based on concentration data in any individual year. It notably shows that Dutton was
identified as a phosphate hotspot by the greatest number of concentration-based decision criteria
(i.e., between 7 and 9 criteria) in all years, except for 2008 and 2013, when 3 criteria identified
Dutton as a phosphate hotspot. In 2008 and 2013, it was rather Fish Creek that was identified as
a phosphate hotspot by the greatest number of decision criteria (i.e., between 7 and 8 criteria).
Conversely, for most years, Trout Creek, Cedar Creek, and Stoney Creek were identified as
phosphate hotspots by four concentration-based criteria or less. Furthermore, Trout Creek was
identified as a phosphate hotspot by two criteria or less for only three years (i.e., 2013, 2014, and
2017), and it was not identified as a phosphate hotspot by any criteria in all other years.
Similarly, Stoney Creek was identified as a phosphate hotspot by two criteria or less for only two
years (i.e., 2007 and 2010), while it was not identified as a phosphate hotspot by any criteria in
all other years.
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Figure 5-2. Total number of decision criteria that identified each site as a phosphate hotspot based on concentration data, in each year
of the study period (2006-2018).
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Results were slightly different when the assessment of phosphate hotspots was based not
on concentration data but rather on load data. The total number of load-based decision criteria
that identified sites as phosphate hotspots is reported in Figure 5-3. The Dutton site was
identified as a phosphate hotspot by the greatest total number of load -based decision criteria (i.e.,
between 2 and 7 criteria) in all individual years, which was a similar observation to the one made
with concentration-based decision criteria. Fish Creek was also identified as a phosphate hotspot
by a large number of load-based decision criteria (i.e., between 1 and 7 criteria) in all years.
Similar to what was observed with concentration-based criteria, Trout Creek, Cedar Creek, and
Stoney Creek were identified as phosphate hotspots by only a small number of load-based
decision criteria (i.e., 2 criteria or less) in 8 out of 13 years. There were some exceptions to that
trend, though: in 2012, Trout Creek was identified as a phosphate hotspot by 6 load-based
criteria. Similarly, in 2010, Stoney Creek was identified as a phosphate hotspot by 6 load-based
decision criteria. Fish Creek and Dutton were the only sites to be identified as phosphate hotspots
by load-based outlier decision criteria (Figure 5-3).
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Figure 5-3. Total number of decision criteria that identified each site as a phosphate hotspot
based on load data, in each year of the study period (2006-2018). Decision criteria are colourcoded by type, i.e., single comparison to average or matrix criteria versus o utlier criteria.
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5.2 Exploring Nitrate VS Phosphate Hotspot Identification Criteria
(Objective S2.2 Results)
Figure 5-4 summarizes the decision criteria that identified river sites as nitrate hotspots,
based on concentration data. The spatial average criterion identified the greatest number of sites
as nitrate hotspots across all years within the study period (2006-2018). Furthermore, the spatial
median criterion was the only one to identify Stoney Creek as a nitrate hotspot in 2011, and both
the spatial median and spatial average were the only criteria that identified Fish Creek as a nitrate
hotspot in 2009 and 2017. Matrix criteria identified Trout Creek (the most upstream site) as well
as Dutton (the most downstream site) as nitrate hotspots for the majority of years. It should be
noted that criteria based on a single comparison to the average or matrix identified at least one
site as a nitrate hotspot in each year. Conversely, criteria that were based on either statistical
outliers or water quality guideline outliers did not identify any sites as nitrate hotspots in any of
the study years.
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Figure 5-4. Summary of sites identified as nitrate hotspots in each year of the study period (2006 -2018)
based on concentration data. Types of decision criteria are differentiated on the diagram: single
comparison to average or matrix criteria are listed in black font, while outlier criteria are listed in grey
font.
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In Figure 5-5 the total number of criteria that identified a site as a nitrate hotspot based on
concentration data in any individual year is summarized. Overall, Trout Creek and/or Dutton
were typically identified as nitrate hotspots by the greatest number of concentration-based
decision criteria (i.e., between 2 and 6 criteria) in all years within the study period. Conversely,
in all years, Fish Creek, Cedar Creek and Stoney Creek were identified as nitrate hotspots by no
more than two or less concentration-based criteria. In fact, in most years, Fish Creek and Stoney
Creek were not identified as nitrate hotspots by concentration-based criteria: the only exceptions
were Fish Creek being identified as a nitrate hotspot by no more than two criteria in 2009 and
2017, and Stoney Creek being identified as a nitrate hotspot by one criterion in 2011.
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Figure 5-5. Total number of decision criteria that identified each site as a nitrate hotspot based on concentration data, in each year of
the study period (2006-2018).
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Similarly, to what was observed with phosphate (section 5.1), results differed when the
assessment of nitrate hotspots was based on load data, rather than concentration data. The total
number of load-based criteria that identified sites as nitrate hotspots is reported in Figure 5 -6.
Fish Creek was identified as a nitrate hotspot by the greatest number of load-based decision
criteria (i.e., between 1 and 7 criteria) in all individual years. Conversely, Stoney Creek was
identified as a nitrate hotspot by the least number of criteria (i.e., between 1 and 2 criteria) in 4
out of 13 years. In only 3 out of 13 years was Dutton, which is the most downstream site,
identified as a nitrate hotspot by a large total number of decision criteria (i.e., 6 criteria or more).
Fish Creek and Dutton were the only sites to be identified as nitrate hotspots by load -based
outlier criteria (Figure 5-6).
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Figure 5-6. Total number of decision criteria that identified each site as a nitrate hotspot based
on load data, in each year of the study period (2006-2018). Decision criteria are colour-coded by
type, i.e., matrix criteria versus outlier criteria.
Figure 5-7 compares the total number of decision criteria leading a site to be identified as
a phosphate hotspot versus a nitrate hotspot in any given year during the study period, based on
concentration data. It should be noted that for this comparison, only criteria from the single
comparison to average or matrix category were used. Outlier criteria were not included in this
comparison: this is because earlier results (Figures 5-1 and 5-4) showed that outlier criteria led to
the identification of some sites as phosphate hotspots, but they never led to the identification of
any site as a nitrate hotspot. The gray dashed 1:1 line in each panel of Figure 5-7 was used to
guide the comparison: circles that plot onto this line flag years when an equal number of decis ion
86

criteria led the site to be identified as a phosphate hotspot and a nitrate hotspot. Conversely,
circles that plot above (or below) this line flag years when a greater number of decision criteria
led the site to be identified as a nitrate hotspot, compared to the number of decision criteria
leading the site to be identified as a phosphate hotspot (or vice versa). Figure 5 -7 shows that for
the majority of years, several decision criteria identified Trout Creek as a nitrate hotspot while
the site was identified as a phosphate hotspot in only one year. For Fish Creek, the situation was
often the reverse: Figure 5-7 shows that in 6 out of 13 years, several decision criteria identified
Fish Creek as a phosphate hotspot while no criteria identified it as a nitrate hotspot. One notable
exception was the year 2009, when an equal number of criteria identified Fish Creek as a
phosphate hotspot and a nitrate hotspot. There were also five years during which Fish Creek was
neither identified as a phosphate hotspot nor as a nitrate hotspot (Figure 5-7). Figure 5-7 shows
that for Cedar Creek, although the number of criteria leading to a positive hotspot identification
was typically small, there were more criteria leading Cedar Creek to be identified as a nitrate
hotspot than a phosphate hotspot. Figure 5-7 shows that for 10 out of 13 years, Stoney Creek was
not identified as either a phosphate or a nitrate hotspot; otherwise, it was identified as a
phosphate hotspot for the years 2007 and 2010, and as a nitrate hotspot for the year 2011. Lastly,
Figure 5-7 shows that for the Dutton site, there were several years (7 out of 13) for which an
equal number of criteria identified the site as both a phosphate and a nitrate hotspot. For another
large number of years (i.e., 5 out of 13), there were more criteria that identified Dutton as a
phosphate hotspot than a nitrate hotspot. Comparisons of hotspot assessment through load -based
criteria were not made, due to the nutrient samples being collected on different days throughout
the year. The non-coincident sampling times resulted in the nutrient load values being computed
with different hydrologic discharge values, therefore making for a less than ideal comparison
when assessing phosphate and nitrate load dynamics.
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Figure 5-7. Year-specific comparison between the number of concentration-based decision criteria leading a site to be identified as a
phosphate hotspot, and the number of concentration-based decision criteria leading a site to be identified as a nitrate hotspot. Please
note that all decision criteria excluding outlier criteria are considered. In each panel, the gray dashed line is the 1:1 line.
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5.3 Comparing Hotspot Identification Criteria in Climatically Different
Years (Objective S2.3 Results)
Table 5-1 outlines how the identification of phosphate hotspots changed depending on the
type of year that was considered (i.e., normal, drier-than-normal, wetter-than-normal), and
depending on whether concentration or load data was used. When using concentration data, the
total number of decision criteria that identified a site as a phosphate hotspot increased by 1 at
Trout Creek, Cedar Creek, and Dutton in drier years (compared to normal years). Additio nally,
the total number of decision criteria that identified a site as a phosphate hotspot also increased by
1 at Trout Creek, Fish Creek, and Cedar Creek in wetter years (compared to normal years).
When using load data, the total number of decision criteria that identified Fish Creek as a
phosphate hotspot increased in both drier and wetter years (compared to normal years).
Conversely, the total number of load-based criteria that identified Dutton as a phosphate hotspot
decreased in both drier and wetter years (compared to normal years). When using load data, no
decision criteria identified Trout Creek, Cedar Creek or Stoney Creek as a phosphate hotspot.
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Table 5-1. Number of decision criteria leading to the positive identification of phosphate hotspots based on concentration data and
load data in different types of years: drier-than-normal years only, normal years only, and wetter-than-normal years only. Numbers are
provided for decision criteria belonging to the single comparison to average or matrix category, the outlier category, and th e
combination of both (i.e., total).

Drier-than-normal Years

Normal Years

Wetter-than-normal Years

Drier-than-normal Years

Normal Years

Wetter-than-normal Years

Number of Concentration-based Decision Criteria
Leading to the Positive Identification of a Phosphate Hotspot
Type of Decision Criteria
Trout
Single Comparison to Average or Matrix
1
Outliers
0
Total
1
Single Comparison to Average or Matrix
0
Outliers
0
Total
0
Single Comparison to Average or Matrix
1
Outliers
0
Total
1
Number of Load-based Decision Criteria
Leading to the Positive Identification of a Phosphate Hotspot
Single Comparison to Average or Matrix
0
Outliers
0
Total
0
Single Comparison to Average or Matrix
0
Outliers
0
Total
0
Single Comparison to Average or Matrix
0
Outliers
0
Total
0
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Fish
3
0
3
3
0
3
3
1
4

Cedar
1
0
1
0
0
0
1
0
1

Stoney
0
0
0
0
0
0
0
0
0

Dutton
7
2
9
7
1
8
7
1
8

6
0
6
1
0
1
6
1
7

0
0
0
0
0
0
0
0
0

0
0
0
0
0
0
0
0
0

2
0
2
6
1
7
1
0
1

Table 5-2 summarizes how the identification of nitrate hotspots changed depending on
both the type of year that was considered (i.e., normal, drier-than-normal, wetter-than-normal),
and whether concentration or load data was used. Firstly, when concentration data was used, the
total number of criteria that identified Trout Creek (the most upstream site) as a nitrate hotspot
increased in both drier and wetter years (compared to normal years). Conversely, the number of
criteria that identified Dutton (the most downstream site) as a nitrate hotspot decreased in both
drier and wetter years (compared to normal years). Using concentration data, no change in nitrate
hotspot identification was observed between the different types of years for Fish Creek and
Stoney Creek. When using load data, the number of criteria that identified Trout Creek as a
nitrate hotspot increased in drier years (compared to normal years) but only increased by 1.
Additionally, a greater number of criteria identified Fish Creek as a nitrate hotspot in both drier
and wetter years, when compared to normal years. A decrease was observed in the number of
criteria that identified Cedar Creek and Dutton as a nitrate hotspot in both drier-than-normal and
wetter-than-normal years, with the decrease in Cedar Creek being only 1.
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Table 5-2. Number of decision criteria leading to the positive identification of nitrate hotspots based on concentration data and load
data in different types of years: drier-than-normal years only, normal years only, and wetter-than-normal years only. Numbers are
provided for a decision criterion belonging to the matrix criteria category, the outlier category, and the combination of both (i.e., total).

Drier-than-normal Years

Normal Years

Wetter-than-normal Years

Drier-than-normal Years

Normal Years

Wetter-than-normal Years

Number of Concentration-based Decision Criteria
Leading to the Positive Identification of a Nitrate Hotspot
Type of Hotspot Identification Metric
Trout
Single Comparison to Average or Matrix
6
Outliers
0
Total
6
Single Comparison to Average or Matrix
3
Outliers
0
Total
3
Single Comparison to Average or Matrix
6
Outliers
1
Total
7
Number of Load-based Decision Criteria
Leading to the Positive Identification of a Nitrate Hotspot
Single Comparison to Average or Matrix
1
Outliers
0
Total
1
Single Comparison to Average or Matrix
0
Outliers
0
Total
0
Single Comparison to Average or Matrix
0
Outliers
0
Total
0

92

Fish
0
0
0
0
0
0
0
0
0

Cedar
2
0
2
2
0
2
0
0
0

Stoney
0
0
0
0
0
0
0
0
0

Dutton
3
0
3
6
0
6
3
0
3

6
1
7
0
0
0
6
1
7

0
0
0
1
0
1
0
0
0

0
0
0
0
0
0
0
0
0

0
0
0
6
1
7
0
0
0

5.4 Study 2 Discussion
5.4.1 Convergence (or lack thereof) of Hotspot Identification Criteria
Bernhardt et al. (2017) reported that the “hotspots and hot moments” concept has not
been used effectively in the majority of previous literature, because there is no consensus on how
to formally identify biogeochemical hotspots. Conceptually, these hotspots have been defined by
McClain et al. (2003) as specific points of disproportionately higher biogeochemical processing
rates than their surroundings. From a technological or instrumentation standpoint, it is unfeasible
to measure biogeochemical processing rates in multiple locations and subsequently compare
those rates to assess whether some are disproportionately higher and therefore meet the
conceptual definition of a hotspot. In the absence of a direct approach for determining “true
hotpots” in a landscape, indirect approaches based on comparison to spatial matrix criteria or
outlier criteria have proliferated in the literature to identify potential hotspots, with no real
discussion of whether all of them lead to similar conclusions. Therefore, the goal of this section
of the thesis was not to quantifiably measure nutrient hotspots, but rather to assess the presence
(or lack thereof) of a consensus among various hotspot identification criteria and approaches. As
stated earlier in Table 3-3, hotspot identification criteria can rely on either river contaminant
concentrations or loads as indirect measures of biogeochemical processes (Singh & Stenger,
2018). If the majority of hotspot decision criteria converge, i.e., most of them identify a site as a
nutrient hotspot, it gives assurance that the hotspot is insensitive to the approach used to identify
it: in such a case, going with one approach rather than another has no consequence on the study
conclusions. Conversely, very few criteria lead to a positive hotspot identification, the choice of
using one identification approach over another is critical. In the latter case, the fact that many
criteria lead to a negative hotspot identification or appear insensitive may be an indication that
other criteria are needed.
The decision criteria evaluated in this thesis were either based on concentration or loads
that were greater than the average or another matrix property (Vidon et al., 2010), or based on
outlier criteria (Harms & Grimm, 2008). In Figure 5-2, it is shown that the greatest total number
of decision criteria that led to a positive concentration-based phosphate hotspot identification
was observed at Fish Creek and Dutton. Conversely, in Figure 5-5, the greatest total number of
93

decision criteria that led to the identification of positive concentration -based nitrate hotspots was
observed at Trout Creek and Dutton. Even though high convergence is not evidence of “true
hotspots” being present (in terms of disproportionately higher biogeochemical processing rates),
it is interesting to examine whether subwatersheds with different landscape characteristics may
be predictably associated with varying degrees of decision criteria convergence. For example, as
discussed previously in section 2.5.2, Fish Creek has the highest percentage of agricultural land
use compared to other subwatersheds, which probably resulted in higher concentrations of
phosphate in stream channels: this may explain the high number of decision criteria that led to a
positive identification of Fish Creek as a phosphate hotspot using concentration data. Dutton
does not have a significantly higher proportion of agricultural land cover compared to other sites,
but it does drain the entire UTRW and part of the LTRW: the sheer size of the area that Dutton
drains likely leads to high phosphate and nitrate concentrations at that site: those concentrations
are likely high enough to satisfy most of the hotspot identification criteria evaluated in this
thesis, hence the high degree of convergence among those criteria. As for Trout Creek, as
discussed in section 4.4.1.2, it has the highest baseflow contribution to the stream: due to the
likely flowpaths of nitrate mobilization being shallow subsurface flow or groundwater, streams
with high baseflow contributions (such as Trout Creek) can be associated with higher nitrate
concentrations, which may explain why a large number of decision criteria identified Trout
Creek as a nitrate hotspot when using concentration data. For load-based criteria, the greatest
criteria were observed at Fish Creek and Dutton for phosphate hotspots (Figure 5-3), and at Fish
Creek for nitrate hotspots (Figure 5-6). As discussed above, Fish Creek and Dutton have certain
physical landscape characteristics (i.e., agricultural land cover percentage and drainage area size)
that likely explained the convergence of concentration-based decision criteria, and those same
characteristics likely explain the convergence of load-based decision criteria as well. That said,
differences in the degree of convergence were sometimes observed between concentration-based
criteria and load-based criteria for different nutrients. For Fish Creek and Dutton, a high degree
of convergence in the identification of phosphate hotspots was observed with both concentrationbased and load-based decision criteria, meaning that either type of data could lead to the positive
identification of a phosphate hotspot using a multiplicity of criteria. The same did not always
occur for the identification of nitrate hotspots, however. For instance, at Trout Creek and Dutton,
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a high degree of convergence was observed with concentration-based criteria but not with loadbased criteria. Also, at Fish Creek, when identifying nitrate hotspots, a high degree of
convergence was observed with load-based criteria but not with concentration-based criteria.
Unlike phosphate hotspots, when deciding what approach to take for the identification of nitrate
hotspots, caution should be taken as concentration-based and load-based decision criteria may
lead to different degrees of convergence and different conclusions.
5.4.2 On the Relevance of Broadly-inclusive VS Selective Hotspot Identification Criteria
Previous literature has distinguished hotspot identification criteria in two main categories,
i.e., a comparison to the average or matrix and an outlier in distribution of data (Bernhardt et al.,
2017). However, that is not the only way to distinguish (or oppose) hotspot identification criteria
– both the ones that were previously described in the literature and the ones that were newly
introduced in the present thesis (Table 3-3). When comparing all decision criteria used in this
thesis, it should be kept in mind that some will naturally lead more or less sites to be identified as
nutrient hotspots, due to the manner in which these criteria are defined. One way to highlight that
is to describe (and distinguish) decision criteria as either broadly-inclusive or more selective in
their hotspot identification approach. Broadly inclusive decision criteria (e.g., all sites that are
above the spatial median or above the spatial average) lead to a large number of potential
nutrient hotspots: this is especially the case with the spatial median criterion that causes 50% of
sites to be classified as potential hotspots while the remaining sites are not classified as potential
hotspots. Broadly inclusive criteria therefore flag: (i) concentrations and loads that are barely
above the spatial average or the spatial median, as well as (ii) concentrations and loads that are
significantly higher than the spatial average or the spatial median. Sites that meet conditions (i)
and (ii) are all potential hotspots, but sites that only meet condition (i) are less likely to be “true”
hotspots, i.e., they are less likely to be sites where disproportionately higher biogeochemical
processing rates exist. Conversely, selective decision criteria (i.e., sites that are above high percentile statistics, fit the definition of an outlier or are equal to the maximum) cause a lower
number of sites to be identified as potential hotspots. Those potential hotspots are, however,
associated with “extreme” nutrient concentrations and loads – with “extremes” being defined
here as the top 25% highest values in the case of the 75 th spatial percentile, the highest values in
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the case statistical outliers or the maximum, and abnormal values in the case of sites exceeding
the water quality guidelines. Those potential hotspots associated with “extreme” concentrations
and loads are more likely to exhibit high biogeochemical processing rates and are therefore more
likely to be “true nutrient hotspots”. As mentioned earlier, all the broadly inclusive and selective
criteria examined in this thesis are indirect hotspot identification approaches, but they could be
used differently to achieve different management goals. The broadly inclusive approach to
hotspot identification could be useful for putting sites on a “watch-list”, i.e., for identifying areas
that either are “true hotpots” or have the potential of developing into hotspots due to their higher
concentrations or loads. In contrast, the selective approach to hotspot identification could be
more useful than the broadly inclusive approach for implementing targeted management
practices, i.e., for testing or establishing nutrient application restrictions or other mitigation
measures solely in stream locations and broader, non-local ecosystems that are the most likely to
experience high biogeochemical processing rates.
5.4.3 On the Relevance of Relative VS Absolute Hotspot Identification Criteria
Distinguishing hotspot identification criteria as either broadly inclusive or more selective
is not the only way to show how some criteria naturally lead to more or less sites to be identified
as nutrient hotspots. Another way to distinguish criteria is to label them as either relative or
absolute. For instance, criteria that rely on comparisons to the spatial matrix (e.g., spatial
average, spatial median, spatial 75 th percentile) are relative, in that the comparison relies on
spatial statistics that change from one measuring date to another. Conversely, criteria that rely on
water quality guidelines are absolute, in that water quality guidelines are “benchmark” values
that are not as variable in time and represent a universal threshold above which adverse effects
are expected. Using these two types of criteria can lead to different outcomes in identifying
hotspots, due to relative criteria changing depending on the distribution of nutrient concentration
at each site on each date, while absolute criteria rely on “benchmark” values that are constant in
space and time. One way to illustrate the difference between relative an d absolute criteria is to
use a hypothetical example with two scenarios, A and B. Scenario A takes place in region A,
with five sites. Phosphate concentrations at the five sites are 0.01, 0.02, 0.04, 0.08, and 0.09
mg/L. Using a relative criterion (i.e., greater than the spatial average), there are two out of five
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sites that are identified as potential hotspots, as the spatial average is 0.048 mg/L, and only two
sites have concentrations that are greater than that spatial average. Rather, if an absolute criterion
is used (i.e., greater than the water quality guideline), then there are three out of five sites that are
identified as potential hotspots, as the total phosphorous water quality guideline is 0.03 mg/L,
and three sites have concentrations that are greater than that water quality guideline. Consider
scenario B, which takes place in region B, with seven sites. Phosphate concentrations at the
seven sites are 0.01, 0.01, 0.04, 0.08, 0.03, 0.01 and 0.5 mg/L. Using a relative criterion (i.e.,
greater than the spatial average), there is one out of seven sites that are identified as a potential
hotspot, as the spatial average is 0.097 mg/L. Rather, if an absolute criterion is used (i.e., greater
than the water quality guideline), there are four out of seven sites that are identified as potential
hotspots, as the total phosphorous water quality guideline is 0.03 mg/L. This hypothetical
example highlights that although both regions had one site with a phosphate concentration of
0.08 mg/L, only the site located within region A was identified as a potential hotspot based on
the spatial average criterion: this is because the spatial average is a relative criterion, and the
spatial average in region B was twice as high as the spatial average associated with region A.
When using the water quality guideline criterion, however, both sites with the 0.08 mg/L
phosphate concentration in regions A and B were identified as potential hotspots: this was
because this criterion is an absolute one. Therefore, when comparing two different regions, or
when comparing the state of water quality in the same region but on different dates, the use of
absolute versus relative hotspot identification criteria can lead to very different conclusions: a
site may have a high concentration (in absolute terms, i.e., when comparing it to a “benchmark”
value), but that concentration may not be as high (in relative terms) compared to other sites.
Identifying the best hotspot identification criteria to use in any given circumstance was
not an objective to be pursued in this thesis work. However, given the hypothetical examples
(i.e., scenarios A and B) described above, it is clear that when the aim is to compare hotspot
identifications across different regions (i.e., different spatial matrices), or wh en the aim is to
compare hotspot identifications across different dates (i.e., each date gives rise to a new,
different spatial matrix), absolute criteria may be more informative than relative criteria. One of
the objectives of this thesis was to assess the influence of different study periods on phosphate
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and nitrate hotspot identification (Objective S2.3), and the results of this assessment are reported
in Tables 5-1 and 5-2. While Tables 5-1 and 5-2 show changes in the number of decision criteria
leading to positive hotspot identifications between normal years, drier-than-normal and wetterthan-normal years, some of those changes may be uninformative or insignificant, because they
represent changes in the identifications made based on relative criteria on ly. Therefore, for the
purpose of the discussion of S2.3 results, we label changes in Tables 5 -1 and 5-2 significant only
if they involve at least an absolute outlier criterion. Conversely, changes are labelled as
insignificant if they only involve relative decision criteria.
Drier and wetter years (compared to normal years) experience different forms of
dominant runoff processes, as runoff generation is controlled by varying amounts of precipitation
in different years. The increase in precipitation associated with wetter years can lead to an
increase in dominant flowpaths being used by both phosphate and nitrate when mobilized (i.e.,
surface flowpaths for phosphate, and subsurface/baseflow flowpaths for nitrate). Therefore,
higher concentrations and loads of chemical constituents, and ultimately more nutrient hotspots,
could be observed in wetter-than-normal years. Based on concentration data, notably, in wetter
years, it is likely that more sites could be identified as potential hotspots based on the water
quality guideline criterion (i.e., an absolute outlier criterion), as increased runoff and increased
nutrient mobilization in wetter years can lead to nutrient water quality guidelines being exceeded
more frequently.
Table 5-1 shows that at Fish Creek, when using concentration data, there was an increase
in the number of absolute outlier criteria leading to positive phosphate hotspot identifications in
wet years, compared to normal years, which aligns with expectations. Due to the outlier criterion
that was used (i.e., water quality guideline criterion) being absolute, this change is deemed
significant. When using load data, for Fish Creek, there was an increase in both matrix and
outlier criteria leading to positive phosphate hotspot identifications in wetter-than-normal years,
compared with normal years, which again aligns with expectations. However, all of the changes
concerned relative criteria, and therefore those changes can be labelled as insignificant.
Regarding nitrate hotspots, at Trout Creek, there was an increase in both matrix criteria and
outlier concentration-based criteria leading to positive hotspot identification for wetter-than98

normal years, compared to normal years (Table 5-2), which aligns with expectations. Due to the
outlier criteria being relative, this change is labelled as insignificant. Lastly, for Fish Creek, there
was an increase in load-based matrix and outlier criteria used to identify potential nitrate hotspots
in wetter-than-normal years (Table 5-2,) which again meets expectations. No absolute outlier
criteria exist when using load-based data, therefore the outlier criteria was relative, resulting in
an insignificant change.
5.4.4 Differences in Positive Hotspot Identifications for Phosphate and Nitrate
Although studies have shown that elevated concentrations of both phosphate and nitrate
cause detrimental effects to stream water quality (Smith et al., 2003; Scavia et al., 2014), the two
nutrients follow different pathways from land to streams (Deakin et al. 2016). Phosphate can be
relatively immobile in clay-rich soils, as well as when iron and aluminum ions are present
(Deakin et al. 2016; Tesoriero et al., 2009). One exception is that in dry conditions, large
desiccation cracks can appear in clay-rich soils and act as vertical and lateral macropores: such
macropores promote the transport of phosphate-rich overland water vertically from the ground
surface to tile drains, and then laterally through tile drains or shallow groundwater flowpaths.
This exception aside, shallow subsurface transport of phosphorus is not dominant. Phosphorous
in its most mobile form (i.e., phosphate) is predominantly mobilized from near-surface soil
layers via surface runoff-induced erosion (Deakin et al. 2016). Nitrate, however, is transported
predominantly through shallow subsurface and deep groundwater flowpaths to the stream
(Schilling, Zhang, 2004). Despite these different pathways, it is widely documented that climate,
especially precipitation, is a first-order control of phosphate and nitrate transport (Lawniczak et
al., 2016). Therefore, when focusing on a region with uniform climate, physical landscape
characteristics play a significant role in the biogeochemical processing and transport of these
nutrients. If the physical landscape characteristics favour the activation of one runoff generation
mechanism (or flow pathway) over another, the nutrient that is primarily transported through that
activated pathway will be preferentially transported. As a result, the expectation was that stream
locations that are phosphate hotspots may not be nitrate hotspots as well, unless a wide range of
runoff generation mechanisms are active at the same time at the surface and in the subsurface.
Subwatersheds with low infiltration characteristics are typically subject to more overland flow
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than those with high infiltration characteristics, making it possible for high rates of phosphorous
biogeochemical processing to occur, and phosphate hotspots to emerge. Conversely, greater
amounts of shallow subsurface flow and groundwater discharge are typically observed in
subwatersheds with high infiltration capacities, which can result in high rates of nitrogen
biogeochemical processing and transport and the emergence of nitrate hotspots. According to
those principles, the expectation was that Fish Creek, Stoney Creek, and Dutton would be
identified as phosphate hotspots more frequently than nitrate hotspots, due to their subwatershed
characteristics promoting the activation of surface runoff flowpaths. In contrast, for Trout Creek
and Cedar Creek, the expectation was for them to be identified more frequently as nitrate
hotspots rather than phosphate hotspots, due to greater infiltration capacities in their
subwatersheds. Figure 5-7 shows that Trout Creek was identified as a nitrate hotspot more than a
phosphate hotspot, Fish Creek was identified more as a phosphate hotspot, Cedar Cre ek was
identified more as a nitrate hotspot, Stoney Creek was identified more as a phosphate hotspot,
and finally, Dutton was identified more as a phosphate hotspot. All of these results align with
expectations.
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Chapter 6 Synthesis of Results and Conclusion
6.1 Summary of Main Findings
Five river locations and their associated subwatersheds were examined in this thesis. In
order to assess the spatial and temporal variability of water quantity dynamics in the TRW, a
river flow regime assessment was conducted in the first study (S1). Three main research
objectives were pursued: S1.1) characterize river flow regimes using established metrics; S1.2)
compare river flow regimes prevailing in normal years to those prevailing in drier-than-normal
and wetter-than-normal years; and S1.3) quantify the differences in memory timescales between
river locations. Objective S1.1 was completed by computing 27 metrics that illustrate the five
main characteristics of river flow regime (i.e., magnitude, frequency, duration, timing, and rate
of change of flow) for each of the five river locations. To address Objective S1.2, river discharge
data were differentiated based on whether they reflected either climatically normal years, drierthan-normal years, or wetter-than-normal years. The data were then analyzed using the range of
variability analysis method, and any change in frequency of occurrence of low, medium, or high
values of annual maximum flow and baseflow index in different types of climatic periods was
assessed. Objective S1.3 was addressed by conducting an autocorrelation analysis of flow data to
calculate the length of flow memory timescales at each studied river site. The results and main
takeaways for S1.1 and part of S1.3 are summarized in Table 6-1.
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Table 6-1. Key takeaways associated with Objectives S1.1 (i.e., characterization of river flow regimes) and S1.3 (quantification of
memory timescales among river locations).
Figure
Daily Flow Magnitude
Statistics

Total Annual Flow
and Flow Variability

Trout Creek
• Greatest low flow
condition metrics
and median daily
flow
• Greatest median

total flow
• Lowest small flood

Flood Flow and
Baseflow Index
Magnitude

Duration and
Frequency of
Environmental Flow
Components
Timing of
Environmental Flow
Components
Flow Memory
Timescale

peak flow
• Lowest large flood
peak flow
• Highest BFI value

Fish Creek
• Lowest low flow
condition metrics
• Highest maximum
daily flow

Cedar Creek
• No stark differences

• Highest IQR

• Lowest IQR

• Lowest number of

• High number of

in results

reversals

reversals

• Highest small flood
• No stark differences

peak flow
• High large flood
peak flow

in results

• Significantly earlier

occurrence of annual
minimum flow and
extreme low flow
• Longest memory

across all seasons

• Highest maximum

daily flow

Dutton
• Lowest maximum

daily flow

• Lowest median total

• Highest IQR

flow
• Highest number of
reversals

• Highest total flow

• Highest small flood

• Lowest small flood

peak flow
• Highest large flood
peak flow

peak flow
• Low large flood
peak flow

• Low number of

reversals

• Greatest frequency

• Longest duration of

extreme low flows
• Lowest frequency
and longest duration
of high flow pulses

Stoney Creek

• Lowest frequency of

• Greatest frequency

and shortest duration
of high flow pulses

extreme low flows

• Similar DOY of

occurrence of annual
maximum flow to
Stoney Creek
• Second shortest
memory across all
seasons

• No stark differences

in results
• No stark differences
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in results

of extreme low
flows
• No stark differences
• Greatest frequency
in results
and shortest duration
of high flow pulses
• Similar DOY of
occurrence of annual • No stark differences
maximum flow to
in results
Fish Creek
• Shortest memory

across all seasons

• No stark differences

in results

With respect to objective S1.1, overall, some results met expectations related to
longitudinal connectivity and the influence of physical landscape characteristics on runoff
generation and river flow dynamics, while others did not. One key result related to Objective
S1.2 was that in drier-than-normal years, a lower-than-expected baseflow contribution to
streamflow was observed for Stoney Creek and Dutton. It is possible that the subwatersheds
associated with these two sites have low groundwater storage, which resulted in low baseflow
contributions. Another potential result interpretation was that soils in the Fish Creek, Cedar
Creek and Dutton subwatersheds may exhibit hydrophobic tendencies, leading to high rates of
infiltration-excess overland flow in drier-than-normal years. In addressing Objective S1.3, the
year-to-year variability of memory timescales met expectations across all sites, but the median
memory timescales did not (Table 6-1). That said, the standardized median memory timescales
(Appendix B) across seasons aligned more with expectations, where the early fall season
experienced the longest memory timescales, followed by the late spring season, and lastly th e
summer season which experienced the shortest memory timescales. Also, as expected, years with
less precipitation led to shorter median flow memory timescales at all sites.
Similar to water quantity, water quality is highly variable in space and time. Nu trient
hotspots, which are defined as sites where disproportionately high biogeochemical processing
rates are present, are difficult to document due to their variable nature and the technological
challenges associated with measuring biogeochemical reactions and their rates in the field.
Therefore, in the second study (S2), nutrient concentrations and loads were used to identify
potential nutrient hotspots. Three main research objectives were pursued: S2.1) compare
identification methods for phosphate hotspots; S2.2) examine how hotspot identifications change
when nitrate is considered, rather than phosphate; and S2.3) assess the influence of different
climatic study periods on phosphate and nitrate hotspot identification. In S2.1 and S2.2,
concentration-based and load-based criteria – some established in the literature and some newly
introduced in this thesis – were used, leading to positive identifications of potential nutrient
hotspots at some sites, but not at others. For S2.3, a similar methodology was fo llowed, except
that this time concentration and load data were separated according to whether they were
collected in normal, drier-than-normal, or wetter-than-normal years. One key takeaway for
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Objective S2.1 is that a high agricultural land cover percentage and large drainage area at Fish
Creek and Dutton, respectively, likely led to a high degree of convergence among concentrationbased and load-based decision criteria at these sites, meaning that the positive identification of a
phosphate hotspot could be met by using either type of data. A key interpretation associated with
Objective S2.2 was that high mobilization of nitrate from land to stream via shallow subsurface
and deeper groundwater flowpaths was likely at Trout Creek, which resulted in high nitrate
concentrations in the stream and the frequent identification of that site as a nitrate hotspot.
However, the same sites were not always identified as potential hotspots for both phosphate and
nitrate: while both concentration and load data and several criteria could be used to identify
potential phosphate hotspots, nitrate hotspot identifications appeared to be more sensitive to data
type. Lastly, one of the key takeaways for S2.3 was that it was possible to describe decision
criteria as either relative or absolute when discussing nutrient hotspot identification, and that if
an increase occurred using relative outlier criteria, the change was insignificant, and if an
increase occurred using an absolute outlier criterion, the change was significant. Furth ermore,
when a change was observed in wetter years when using concentration data, it was expected that
due to increased runoff and nutrient mobilization, it was more likely to lead to a positive hotspot
identification. It was shown that expectations were mostly met, with more criteria in wetter years
than drier years leading to positive phosphate hotspot identifications, with the change being
significant for Fish Creek when using concentration data and insignificant when using load data.
Expectations were also met with more criteria in wetter years than in drier years leading to
positive nitrate hotspot identifications, with the change being insignificant in both Trout Creek
and Fish Creek, when using concentration and load data, respectively.

6.2 Synthesis Across Chapters
The third overall objective of this thesis was to assess the ability of different flow regime
characteristics evaluated in Study 1 (S1) to explain the water quality nutrient hotspots identified
in Study 2 (S2). It is well established that hydrologic flows are a major control of nutrient
movement from land to rivers, which directly impact surface water quality (McDowell, Sharpley,
& Condron et al., 2001; Schilling & Zhang, 2004) and eutrophication (Scavia et al., 2014). To
that end, Table 6-2 shows that from a qualitative standpoint, linkages can be made between the
104

dominant runoff generation processes inferred in S1 and the tendency of a given site to be a
phosphate or a nitrate hotspot, as identified in S2. However, Table 6 -2 does not establish any
quantitative link between flow regime metrics and hotspot conditions.
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Table 6-2. Comprehensive table outlining study site prominent landscape features, dominant flowpaths, and dominant nutr ient
hotspots.
Site

Trout
Creek

Fish
Creek

Cedar
Creek

Stoney
Creek
Dutton

Prominent Landscape
Feature
• High natural vegetation
• Highly permeable soil
• Strong presence of
groundwater discharge
areas
• Highly impermeable
soil
• High agricultural land
cover
• Low natural vegetation
• Strong presence of
groundwater discharge
areas
• High presence of
urbanization
• Watershed size
• Highly impermeable
soil

Dominant Flowpath

# of Years Identified
More as a Phosphate
Hotspot
1

# of Years Identified
More as a Nitrate
Hotspot
9

# of Years Both Types
of Hotspots

• Hortonian
overland flow

6

1

1

• Shallow
subsurface
flow/groundwater
flow
• Hortonian
overland flow

3

9

0

2

1

0

• Hortonian
overland flow

5

1

7

• Shallow
subsurface
flow/groundwater
flow
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0

Therefore, there is a need for: 1) assessing hydrologic flow regimes of agricultural
watersheds vulnerable to excessive nutrient loading; and 2) comparing concentration and load based decision criteria to identify nutrient hotspots; and 3) Evaluating whether the hydrologic
conditions prevailing at a site in a given year can be used as an indicator of whether that site will
behave as a hotspot during that year. From this list, item 3) was addressed in the present thesis
synthesis section, using Kruskal-Wallis tests. Briefly, a Kruskal-Wallis test (or non-parametric
one-way ANOVA test) is typically used to compare two groups and determine if the values of a
continuous variable are significantly different between the two groups (Helsel & Hirsch, 1992).
In the present synthesis, flow regime characteristics from S1 were the chosen continuous
variables. Since the goal was to compare years, two groups of years were used: for each site, one
group (group 0) was defined as the years which, during the 2006-2018 study period, were
associated with negative hotspot identifications (i.e., no hotspots were identified) according to a
specific criterion. The other group (group 1) was defined as the years which, during the 2006 2018 study period, were associated with positive hotspot identifications according to the same
criterion. The null hypothesis for this statistical test is that there is no significant difference
between the two groups (i.e., p-value > 0.05), whereas the alternate hypothesis is that there is a
significant difference between the two groups (i.e., p-value < 0.05). As a hypothetical example, if
we were to reject the null hypothesis at Trout Creek, it would mean that at this site, the years
with positive hotspot identifications (group 1) are associated with significantly different river
flow regime characteristics than years with negative hotspot identifications.
For the purposes of this synthesis, four flow regime metrics were used, in turn, to run
subwatershed-specific Kruskal-Wallis tests: the maximum daily flow, the number of flow
reversals, the baseflow index (BFI), and the whole-year memory timescale. Three concentrationbased nutrient hotspot identification criteria were also chosen to vary the manner in which
groups of years (i.e., group 0 and group 1) are defined for running the Kruskal-Wallis tests,
namely the: spatial median criterion, the spatial 90 th flow percentile criterion, and the water
quality guideline criterion. Only these select (four) flow regime characteristics and select (three)
hotspot identification criteria were used here. The maximum daily flow was chosen as it can
characterize high flow conditions, the number of flow reversals was chosen as this metric
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represents the rate of change aspect of hydrologic flow regimes. The whole-year memory
timescale was also chosen here as a non-traditional flow regime characteristic for inclusion in the
synthesis. As for the three chosen concentration-based hotspot identification criteria, they were
picked because they are examples of a broadly inclusive and relative criterion (i.e., the spatial
median), a selective and relative criterion (i.e., the spatial 90 th flow percentile), and a selective
and absolute criterion (i.e., the water quality guideline). Detailed results of all Kruskal-Wallis
tests are reported in Appendix C, while only key results are highlighted below.
The tables included in Appendix C show that the p-value associated with the KruskalWallis test was greater 0.05 in all cases but one, meaning that we fail to reject the null
hypothesis. Therefore, there was no statistically significant difference in flow regime
characteristics between the years associated with positive hotspot identifications and the years
associated with negative hotspot identifications. The findings from Study 1 are therefore not
useful to explain the water quality hotspots identified in Study 2. It is suspected that the KruskalWallis results obtained here are less about the presence or absence of linkages between flow
regime characteristics and water quality dynamics, and more about the data that were used. Since
hotspots may only behave as such for short periods of time (i.e., hot moments), it may not be
appropriate to link annual flow regime characteristics to hotspot identification , and this
significant finding is discussed more below. There was one exception, though: the KruskalWallis test results (Appendix C, Figure 6-1) show that for Fish Creek, the null hypothesis was
rejected. Years that were associated with positive concentration-based phosphate hotspot
identifications (according to the spatial median criterion) also tended to be associated with a
higher number of flow reversals. This result was not expected and is even slightly
counterintuitive, as high flashiness does not necessarily increase the amount of nutrient
mobilization; it may simply reflect the fact that nutrients are delivered at a much quicker rate
from land to stream. One explanation for this result could be the high degree of agricultural tile
drainage tile present in the Fish Creek subwatershed: tile drainage could have facilitated a more
direct and flashier mobilization of water and phosphate from land to stream, leading to the Fish
Creek subwatershed outlet being identified as a potential phosphate hotspot. The overall
conclusion of that synthesis exercise is therefore two-fold: 1) linkages between river flow
108

dynamics and hotspots are difficult to establish, most likely because hotspots may only operate
as such for short-term hot moments, and 2) metrics that represent the rate of change river flow,
as well as “flashy” streamflow tendencies are complex and without a more in depth examination,
the mechanisms that would lead higher flashiness to the positive identification of a phosphate
hotspot are unclear. This synthesis shows that the ability of hydrologic flow regime metrics to
identify nutrient hotspot identification needs to be improved upon, wh ich is discussed below in
section 6.3.

Figure 6-1. Boxplot and Kruskal-Wallis test p-value showing the statistically significant
difference between the number of flow reversals at Fish Creek between years associated with
negative/positive phosphate hotspot identifications. Hotspots are identified according to
concentration data and the spatial median criterion. The red horizontal line in the left box
represents the median number of flow reversals across all years associated with a negative
phosphate hotspot identification. In the right box, the same line represents the median number of
flow reversals across all years associated with a positive phosphate hotspot identification. Each
box spans from the 25 th percentile (bottom) to the 75 th percentile (top). The bottom and top
whiskers represent the 25 th percentile-1.5*IQR and the 75 th percentile+1.5*IQR of the number of
flow reversals for each group, respectively. IQR: interquartile range. Red plus signs plotting
beyond the whiskers represents statistical outliers.
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6.3 Study Limitations and Recommendations for Future Research
Although the research objectives of this thesis were addressed, some limitations
prevented some additional analyses from being carried out or more robust interpretations from
being proposed. One limitation of the study was the lack of complete river flow data for some
potential study sites sourced from the Water Survey of Canada. For example, multiple potential
study sites were missing hours, days, months, and sometimes even years of flow data, making
those sites unusable in the present study. Another limitation involving data was the lack of
frequently sampled chemical constituent data from the PWQMN. An adequate sampling
frequency (i.e., at least three samples collected throughout the year in different seasons) was not
available for other potential chemical constituents, forcing us to carry this study by focusing on
only chemical constituents that had adequate sampling data (i.e., phosphate and nitrate). Other
chemical constituents (e.g., alkalinity, chloride, total nitrogen, total phosphorous) would have
been useful to include in the thesis but sufficient sampling data (i.e., at least three times a year,
spread out across seasons) was not available. In future investigations, the study period of study 1
(water quantity) and study 2 (water quality) could potentially be lengthened as new chemical
constituent measurements are available for 2019 from the Water Survey of Canada and the
PWQMN. A further limitation was that we were not able to include the results of the
quantification of temporal delays (i.e., temporal lags). As discussed in section 1.4, temporal lags
are the time delays between rainfall and when that rainfall starts to affect streamflow.
Quantifying these temporal delays can provide critical information about the travel time of both
surface runoff and mobilized nutrients from land to stream. A cross-correlation analysis was
carried out and results were computed, but almost all results had weak correlation coefficients
(i.e., < 0.45), that were not always statistically significant, suggesting that rainfall and stream
discharge data were not related. The reason behind these results may be the fact that rainfall
timeseries contain a lot of zeros, which are not handled well by cross-correlation algorithms. In
future studies, the possibility of using antecedent precipitation variables rather than instantaneous
rainfall could be evaluated, as timeseries for those variables contain less zeros. The
autocorrelation analyses performed in this thesis were interesting, but their results do need to be
interpreted with caution, as previously discussed in section 4.4.3.
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Bernhardt et al. (2017) outlined three main categories of hotspot identification metrics,
one of which was criteria that determined if a “substantial” percentage of the total watershed
biogeochemical flux was being contributed by a single location. While this would have been
another effective type of criteria to rely on for the identification of nutrient hotspots, there were
not enough study sites available in the present study to allow for an accurate representation of
which loads from which subwatersheds contributed the most to the total watershed load
measured at the outlet. In future studies, if a greater number of subwatersheds within the Thames
River Watershed can be selected with appropriate levels of data being available, such a hotspot
identification criterion could be used as a benchmark against which other criteria could be
compared. The quantitative synthesis exercise carried out at the end of this thesis (section 6.2)
revealed that the flow regime metrics examined showed no statistically significant ability to
predict when some study sites may or may not be identified as concentration-based phosphate or
nitrate hotspots. Future research should be carried to assess whether that lack of statistically
significant results may be due to datasets that did not have a high-enough level of detail (e.g.,
water quality data not acquired at the time of major rainfall-runoff or snowmelt-runoff events).
Future studies could also include a more in-depth assessment of land use cover, watershed
physiography, and geologic characteristics as potential variables that influence the identification
of nutrient hotspots.
Overall, the approach of completing a flow regime assessment and using both broadranging and selective criteria to identify phosphate and nitrate hotspots, as adopted in this thesis,
could benefit conservation authorities and policy makers when implementing more targeted
nutrient management practices. Assessing, even indirectly, the dominant flowpaths that are used
by water and nutrients to travel from land to stream can ultimately allow for the implementation
of targeted management practices to control certain specific nutrient hotspots. For instance,
existing best management practices – such as the establishment of vegetated buffer strips and the
creation of wetlands – are known to have different levels of efficiency in controlling the export
of phosphate and nitrate to streams, and could be implemented in some subwatersheds but not
others depending on site-specific (or subwatershed-specific) dominant nutrients as well as
dominant hydrologic flowpaths. The results this thesis has yielded may therefore help mitigate,
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protect, and prevent harmful eutrophication in Lake Erie Basin subwatersheds, as well as in Lake
Erie itself.
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APPENDIX A: YEAR SPECIFIC FLOW REGIME METRICS AND STANDARDIZATION
OF METRICS

Minimum Daily
Mean Daily
Median Daily
Maximum Daily
10th Flow Percentile
90th Flow Percentile
Flow
Flow
Flow
Flow
(m3/s)
(m3/s)
(m3/s)
(m3/s)
(m3/s)
(m3/s)
2006
N/A
N/A
N/A
N/A
N/A
N/A
2007
0.64
0.75
1.40
1.10
2.10
6.46
2008
0.68
0.76
2.70
1.80
6.40
18.90
2009
0.62
0.98
2.30
1.60
4.50
17.90
2010
0.29
0.40
1.40
1.10
2.30
4.71
2011
0.65
0.90
2.60
1.90
4.90
12.20
2012
0.15
0.36
1.50
0.80
4.10
6.74
2013
0.66
0.80
2.90
2.40
5.10
17.90
2014
0.66
0.87
2.40
2.10
4.20
13.10
2015
0.66
0.75
1.60
1.40
2.40
18.00
2016
0.60
0.78
1.80
1.20
2.80
17.30
2017
0.72
0.98
2.30
1.70
4.30
17.00
2018
0.47
0.84
2.30
1.90
3.50
19.60
Table A-1. Year-specific river flow regime metric results (part 1) for Trout Creek. “N/A” stands for information not available, due to
the data for the year being missing from the data source.
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Table A-2. Year-specific river flow regime metric results (part 2) for Trout Creek. “N/A” stands for information not available, due to
the data for the year being missing from the data source.

2006
2007
2008
2009
2010
2011
2012
2013
2014
2015
2016
2017
2018

Median Annual
Total Flow (m3/s)

Flow Interquartile
Range (m3/s)

Number of Flow
Reversals

Baseflow
Index

N/A
507.20
978.40
849.00
501.90
954.60
560.30
1064.80
868.20
583.10
658.80
831.70
844.60

N/A
0.70
2.10
1.10
1.10
2.80
1.60
2.40
1.50
0.90
0.90
1.60
1.50

N/A
112
107
98
115
101
101
109
94
122
100
103
96

N/A
0.50
0.30
0.30
0.20
0.30
0.10
0.20
0.30
0.40
0.40
0.30
0.20
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High Flow
Pulses
(Peak)
(m3/s)
N/A
6.50
4.10
6.20
4.20
5.20
6.60
4.40
3.40
4.50
2.80
4.70
2.90

Small
Floods
(Peak)
(m3/s)
N/A
N/A
18.90
N/A
N/A
N/A
N/A
17.90
N/A
18.00
17.30
17.00
17.60

Large
Floods
(Peak)
(m3/s)
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
19.60

Table A-3. Year-specific river flow regime metric results (part 1) for Fish Creek. “N/A” stands for information not available, due to
the data for the year being missing from the data source.

2006
2007
2008
2009
2010
2011
2012
2013
2014
2015
2016
2017
2018

Minimum Daily
Flow
(m3/s)
N/A
0.002
0.026
0.034
0.045
0.093
0.001
0.051
0.082
0.029
0.000
0.037
0.075

10th Flow Percentile
(m3/s)
N/A
0.009
0.084
0.060
0.076
0.209
0.013
0.147
0.209
0.075
0.010
0.067
0.163

Mean Daily
Flow
(m3/s)
N/A
1.375
2.988
1.810
1.017
2.952
0.926
2.807
1.999
1.337
1.697
1.933
2.753
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Median Daily
Flow
(m3/s)
N/A
0.319
0.933
0.694
0.448
1.400
0.277
1.360
0.869
0.521
0.417
0.806
1.230

90th Flow Percentile
(m3/s)
N/A
3.162
6.178
3.532
2.026
6.392
2.596
5.546
4.350
3.248
4.356
4.906
5.612

Maximum Daily
Flow
(m3/s)
N/A
30.500
84.800
81.100
17.800
36.600
9.950
41.700
29.000
31.900
32.800
32.000
67.100

Table A-4. Year-specific river flow regime metric results (part 2) for Fish Creek. “N/A” stands for information not available, due to
the data for the year being missing from the data source.

2006
2007
2008
2009
2010
2011
2012
2013
2014
2015
2016
2017
2018

Median Annual
Total Flow (m3/s)

Flow Interquartile
Range (m3/s)

Number of Flow
Reversals

Baseflow
Index

N/A
501.992
1093.473
660.546
371.215
1077.608
338.907
1024.653
729.672
487.856
620.998
707.478
1004.766

N/A
1.136
2.827
1.442
0.812
2.358
1.182
2.368
1.451
0.863
1.708
2.126
2.046

N/A
94.000
100.000
96.000
79.000
97.000
126.000
84.000
96.000
94.000
108.000
92.000
88.000

N/A
0.002
0.010
0.021
0.048
0.040
0.004
0.019
0.046
0.029
0.002
0.023
0.030
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High Flow
Pulses
(Peak)
(m3/s)
N/A
4.560
5.750
2.610
5.520
4.550
4.270
7.510
6.020
6.475
5.610
9.445
5.725

Small
Floods
(Peak)
(m3/s)
N/A
N/A
41.800
81.100
N/A
35.050
N/A
41.700
N/A
N/A
32.800
N/A
55.350

Large
Floods
(Peak)
(m3/s)
N/A
N/A
84.800
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A

Table A-5. Year-specific river flow regime metric results (part 1) for Cedar Creek. “N/A” stands for information not available, due to
the data for the year being missing from the data source.

2006
2007
2008
2009
2010
2011
2012
2013
2014
2015
2016
2017
2018

Minimum Daily
Flow
(m3/s)
0.120
0.059
0.150
0.231
0.166
0.157
0.149
0.178
0.228
0.146
N/A
N/A
0.186

10th Flow Percentile
(m3/s)
0.183
0.102
0.34
0.310
0.221
0.214
0.183
0.253
0.335
0.207
N/A
N/A
0.295

Mean Daily
Flow
(m3/s)
1.153
0.632
1.538
1.124
0.740
1.452
0.709
1.313
1.077
0.680
N/A
N/A
1.237
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Median Daily
Flow
(m3/s)
0.739
0.287
0.755
0.603
0.433
0.772
0.465
0.703
0.557
0.438
N/A
N/A
0.708

90th Flow Percentile
(m3/s)
2.654
1.326
3.426
2.086
1.456
3.682
1.430
2.550
2.474
1.4
N/A
N/A
2.482

Maximum Daily
Flow
(m3/s)
10.100
11.800
24.400
23.600
6.640
14.600
4.630
26.600
9.080
6.180
N/A
N/A
11.900

Table A-6. Year-specific river flow regime metric results (part 2) for Cedar Creek. “N/A” stands for information not available, due to
the data for the year being missing from the data source.

2006
2007
2008
2009
2010
2011
2012
2013
2014
2015
2016
2017
2018

Median Annual
Total Flow (m3/s)

Flow Interquartile
Range (m3/s)

Number of Flow
Reversals

Baseflow
Index

422.142
230.825
562.089
410.606
270.341
530.156
263.561
479.517
394.372
248.903
N/A
N/A
452.787

0.926
0.482
1.0382
0.569
0.401
1.094
0.613
0.769
0.602
0.402
N/A
N/A
1.048

113
128
112
106
99
122
126
118
120
124
N/A
N/A
111

0.116
0.115
0.112
0.211
0.249
0.118
0.224
0.147
0.235
0.229
N/A
N/A
0.172
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High Flow
Pulses
(Peak)
(m3/s)
2.760
1.900
2.420
1.850
2.985
2.520
2.025
2.010
2.620
1.850
N/A
N/A
2.310

Small
Floods
(Peak)
(m3/s)
N/A
11.800
20
18.550
N/A
14.450
N/A
16.100
N/A
N/A
N/A
N/A
11.900

Large
Floods
(Peak)
(m3/s)
N/A
N/A
N/A
N/A
N/A
N/A
N/A
26.600
N/A
N/A
N/A
N/A
N/A

Table A-7. Year-specific river flow regime metric results (part 1) for Stoney Creek. “N/A” stands for information not available, due to
the data for the year being missing from the data source.

2006
2007
2008
2009
2010
2011
2012
2013
2014
2015
2016
2017
2018

Minimum Daily
Flow
(m3/s)
0.033
0.008
0.01
N/A
0.024
0.059
0.017
0.021
0.037
0.013
0.016
0.022
0.041

10th Flow Percentile
(m3/s)
0.055
0.025
0.053
N/A
0.058
0.084
0.027
0.052
0.073
0.037
0.033
0.032
0.074

Mean Daily
Flow
(m3/s)
0.700
0.340
0.960
N/A
0.320
0.770
0.200
0.600
0.420
0.230
0.360
0.400
0.600
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Median Daily
Flow
(m3/s)
0.316
0.126
0.302
N/A
0.156
0.329
0.106
0.253
0.195
0.081
0.14
0.180
0.263

90th Flow Percentile
(m3/s)
1.460
0.691
1.846
N/A
0.646
1.63
0.495
1.024
0.943
0.541
0.819
0.876
0.908

Maximum Daily
Flow
(m3/s)
8.530
9.460
21
N/A
3.760
10.000
2.52
12.500
7.390
6.790
5.490
6.100
26.600

Table A-8. Year-specific river flow regime metric results (part 2) for Stoney Creek. “N/A” stands for information not available, due to
the data for the year being missing from the data source.

2006
2007
2008
2009
2010
2011
2012
2013
2014
2015
2016
2017
2018

Median Annual
Total Flow (m3/s)

Flow Interquartile
Range (m3/s)

Number of Flow
Reversals

Baseflow
Index

254.96
126.01
352.45
N/A
116.32
281.45
75.08
219.13
154.26
83.18
130.04
145.78
218.04

0.55
0.26
0.68
N/A
0.22
0.53
0.18
0.32
0.26
0.12
0.24
0.37
0.327
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120
126
N/A
101
120
140
96
116
124
120
122
113

0.06
0.03
0.01
N/A
0.08
0.09
0.09
0.04
0.11
0.08
0.06
0.06
0.08
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High Flow
Pulses
(Peak)
(m3/s)
1.48
0.94
1.66
N/A
1.06
1.42
0.86
1.74
1.54
1.04
0.86
1.08
0.91

Small
Floods
(Peak)
(m3/s)
8.53
9.46
20.40
N/A
N/A
9.66
N/A
10.46
N/A
N/A
N/A
N/A
9.92

Large
Floods
(Peak)
(m3/s)
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
26.60

Table A-9. Year-specific river flow regime metric results (part 1) for Dutton. “N/A” stands for information not available, due to the
data for the year being missing from the data source.

2006
2007
2008
2009
2010
2011
2012
2013
2014
2015
2016
2017
2018

Minimum Daily
Flow
(m3/s)
6.47
6.68
8.85
9.67
8.68
9.81
5.9
9.61
10.6
8.4
6.18
7.89
8.39

10th Flow Percentile
(m3/s)
10.80
7.93
16.04
14.04
11.18
12.44
7.51
12.98
18.24
10.20
7.95
10.50
12.88

Mean Daily
Flow
(m3/s)
71.66
38.44
74.34
54.39
32.85
77.77
31.06
71.94
59.42
37.55
46.12
56.33
63.70
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Median Daily
Flow
(m3/s)
50.90
17.50
35.80
27.65
20.35
40.30
16.00
44.95
31.45
19.80
18.65
31.70
34.35

90th Flow Percentile
(m3/s)
157.20
85.58
174.00
111.80
63.38
197.20
75.18
169.00
136.00
90.60
127.60
138.00
141.60

Maximum Daily
Flow
(m3/s)
493.00
388.00
766.00
761.00
288.00
459.00
198.00
493.00
391.00
282.00
376.00
389.00
802.00

Table A-10. Year-specific river flow regime metric results (part 2) for Dutton. “N/A” stands for information not available, due to the
data for the year being missing from the data source.

2006
2007
2008
2009
2010
2011
2012
2013
2014
2015
2016
2017
2018

Median Annual
Total Flow (m3/s)

Flow Interquartile
Range (m3/s)

Number of Flow
Reversals

Baseflow
Index

26230.64
14069.55
27210.05
19907.97
12026.33
28465.71
11367.76
26330.92
21748.80
13745.78
16882.03
20617.56
23317.00

64.35
31.73
68.20
34.35
15.05
77.00
27.70
56.95
41.95
26.80
36.40
58.85
46.85

100
99
108
82
85
96
103
80
82
101
106
96
86

0.12
0.18
0.12
0.19
0.27
0.14
0.20
0.13
0.20
0.23
0.14
0.16
0.15
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High Flow
Pulses
(Peak)
(m3/s)
148.00
87.10
213.00
180.00
142.50
206.00
102.00
143.00
130.50
106.50
186.50
189.00
120.00

Small
Floods
(Peak)
(m3/s)
493.00
N/A
587.00
576.00
N/A
441.00
N/A
486.50
391.00
N/A
N/A
N/A
391.00

Large
Floods
(Peak)
(m3/s)
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
802.00

Table A-11. Flow magnitude metrics across all sites standardized from median value (m3/s → m/s → mm/day). Additional flow
magnitude metrics were not standardized as units were comparable between sites already (i.e., number of flow reversals, base flow).

Study Period Median Minimum Daily Flow
(mm/day)
Study Period Median 10th Flow Percentile (mm/day)
Study Period Mean Daily Flow
(mm/day)
Study Period Median Daily Flow
(mm/day)
Study Period Median 90th Flow Percentile (mm/day)
Study Period Maximum Daily Flow
(mm/day)
Study Period Median Annual Total Flow (mm/day)
Study Period Median Flow Interquartile Range
(mm/day)
Study Period Median Number of Flow Reversals
Study Period Median Baseflow Index
Study Period Median High Flow Pulses
(Peak) (mm/day)
Study Period Median Small Floods
(Peak) (mm/day)
Study Period Median Large Floods
(Peak) (mm/day)

Trout
Creek

Fish Creek

Cedar
Creek

Stoney
Creek

Dutton

0.38

0.024

0.15

0.05

0.19

0.5

0.046

0.22

0.12

0.25

1.22

1.1796

1.04

1.1

1.27

0.92

0.45

0.59

0.4

0.71

2.40

2.61

2.43

2.06

3.08

9.9

19.44

11.61

18.4

8.84

486.0

410.4072

404.06

347.5

466.31

0.890

0.948

0.60

0.7

0.95

102
0.27

95
0.02

118
0.17

120
0.07

96
0.16

2.58

3.42

2.27

2.5

3.23

10.29

25.05

15.03

22.7

11.00

11.37

50.88

26.18

61.6

18.14
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APPENDIX B: STANDARDIZED STREAMFLOW MEDIAN MEMORY TIMESCALE
RESULTS
Table B-1. Standardization of late spring season streamflow memory timescales for all sites. As the late spring season is 31 days-long,
a memory timescale of 31 days would yield a standardized streamflow memory timescale of 1 (which is the maximum). Standardize d
memory timescales are unitless. Year-specific and study period median values of standardized streamflow memory timescales are
provided. “N/A” stands for information not available, due to the data for the year being missing from the data source.
2006
2007
2008
2009
2010
2011
2012
2013
2014
2015
2016
2017
2018
Study Period Median
Memory Timescale

Trout Creek
N/A
0.49
0.49
0.11
0.32
0.46
0.21
0.39
0.44
0.44
0.36
0.13
0.34

Fish Creek
N/A
0.41
0.46
0.10
0.22
0.09
0.38
0.06
0.26
0.02
0.44
0.06
0.19

Cedar Creek
0.42
0.40
0.39
0.07
0.33
0.15
0.41
0.05
0.25
0.37
0.42
0.14
0.40

Stoney Creek
0.35
0.03
0.37
0.03
0.07
0.03
0.29
0.02
0.07
0.02
0.40
0.05
0.40

Dutton
0.40
0.09
0.48
0.10
0.31
0.40
0.42
0.06
0.30
0.45
0.43
0.16
0.44

0.38

0.21

0.37

0.07

0.40
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Table B-2. Standardization of summer streamflow memory timescales for all sites. As the summer season is 92 days-long, a memory
timescale of 92 days would yield a standardized streamflow memory timescale of 1 (which is the maximum). Standardized memory
timescales are unitless. Year-specific and study period median values of standardized streamflow memory timescales are provided.
“N/A” stands for information not available, due to the data for the year being missing from the data source.
2006
2007
2008
2009
2010
2011
2012
2013
2014
2015
2016
2017
2018
Study Period Median
Memory Timescale

Trout Creek
N/A
0.47
0.36
0.39
0.37
0.23
0.21
0.36
0.47
0.04
0.34
0.43
0.30

Fish Creek
N/A
0.12
0.07
0.22
0.04
0.04
0.03
0.02
0.01
0.01
0.08
0.21
0.01

Cedar Creek
0.02
0.20
0.20
0.16
0.01
0.01
0.06
0.30
0.16
0.22
0.01
0.27
0.35

Stoney Creek
0.00
0.00
0.02
0.09
0.01
0.00
0.00
0.13
0.02
0.01
0.00
0.02
0.01

Dutton
0.11
0.01
0.36
0.02
0.08
0.03
0.16
0.32
0.38
0.21
0.02
0.36
0.19

0.36

0.04

0.16

0.01

0.16
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Table B-3. Standardization of early fall season streamflow memory timescales for all sites. As the early fall season is 30 days-long, a
memory timescale of 30 days would yield a standardized streamflow memory timescale of 1 (which is the maximum). Standardized
memory timescales are unitless. Year-specific and study period median values of standardized streamflow memory timescales are
provided. “N/A” stands for information not available, due to the data for the year being missing from the data source. .
2006
2007
2008
2009
2010
2011
2012
2013
2014
2015
2016
2017
2018
Study Period Median
Memory Timescale

Trout Creek
N/A
1.01
0.82
0.95
0.89
0.46
0.39
0.88
0.48
0.95
0.91
0.88
0.85

Fish Creek
N/A
0.64
0.07
0.17
0.43
0.23
0.03
0.07
0.18
0.05
0.76
0.13
0.08

Cedar Creek
0.43
0.76
0.16
0.68
0.56
0.3
0.16
0.56
0.54
0.08
0.56
0.89
0.88

Stoney Creek
0.03
0.01
0.05
0.48
0.06
0.24
0
0.02
0.03
0.01
0.58
0.04
0.24

Dutton
0.5
0.68
0.68
0.71
0.79
0.29
0.12
0.62
0.25
0.53
0.95
0.94
0.82

0.88

0.15

0.56

0.04

0.68
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APPENDIX C: KRUSKAL-WALLIS TEST RESULTS
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Table C-1. Kruskal-Wallis test results evaluating differences in flow regime metrics (number of flow reversals, maximum daily flow,
baseflow index, and whole-year memory timescale) among groups of years leading to either negative or positive phosphate hotspot
identifications. For each site, phosphate hotspot identifications are based on one of three decision criteria (i.e., phosphat e concentration >
spatial median (i.e., Spatial Med.); spatial 90th flow percentile (i.e., (90th Perc.); and phosphate concentration > water quality guideline
criterion (i.e., WQG)). “N/A” stands for information not available, due to a site not having at least one year with a positive and one year
with a negative hotspot identification. Statistically significant results (p-values < 0.05) are bolded and flagged with asterisks.
Trout P Conc
Spatial Med. Reversals
Spatial Med. Max
Spatial Med. BFI
Spatial Med. Memory
90th Perc. Reversals
90th Perc. Max
90th Perc. - BFI
90th Perc. Memory
WQG Reversals

p-value
0.8846
0.8846
0.4689
0.1924
N/A
N/A
N/A
N/A
0.5185

Fish P Conc
Spatial Med. Reversals
Spatial Med. Max
Spatial Med. BFI
Spatial Med. Memory
90th Perc. Reversals
90th Perc. Max
90th Perc. - BFI
90th Perc. Memory
WQG Reversals

p-value
**0.0278
0.3718
0.3718
0.5152
0.8293
0.0857
0.3902
0.3328
0.335

Cedar P Conc
Spatial Med. Reversals
Spatial Med. Max
Spatial Med. BFI
Spatial Med. Memory
90th Perc. Reversals
90th Perc. Max

p-value
0.4795
0.8137
0.6374
0.5537
N/A
N/A

90th Perc. - BFI
90th Perc. Memory
WQG Reversals

N/A
N/A
0.7055

Stoney P Conc
Spatial Med. Reversals
Spatial Med. Max
Spatial Med. BFI
Spatial Med. Memory
90th Perc. Reversals
90th Perc. Max
90th Perc. - BFI
90th Perc. Memory
WQG Reversals

p-value
0.2794
0.5192
0.6674
0.1123
N/A
N/A
N/A
N/A
N/A

Dutton P Conc
Spatial Med. Reversals
Spatial Med. Max
Spatial Med. BFI
Spatial Med. Memory
90th Perc. Reversals
90th Perc. Max
90th Perc. - BFI
90th Perc. Memory
WQG Reversals

p-value
0.1078
0.5034
0.285
0.593
1
0.1382
0.0757
0.2363
N/A

WQG - Max

0.9143

WQG - Max

0.4233

WQG - Max

0.5708

WQG - Max

N/A

WQG - Max

N/A

WQG - BFI

0.8299

WQG - BFI

1

WQG - BFI

0.8501

WQG - BFI

N/A

WQG - BFI

N/A

WQG - Memory

0.6674

WQG - Memory

0.5745

WQG - Memory

0.3545

WQG - Memory

N/A

WQG - Memory

N/A
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Table C-2. Kruskal-Wallis test results evaluating differences in flow regime metrics (number of flow reversals, maximum daily flow,
baseflow index, and whole-year memory timescale) among groups of years leading to either negative or positive nitrate hotspot
identifications. For each site, nitrate hotspot identifications are based on one of three decision criteria (i.e., nitrate co ncentration > spatial
median (i.e., Spatial Med.); spatial 90th flow percentile (i.e., (90th Perc.); and nitrate concentration > water quality guideline criterion (i.e.,
WQG)). “N/A” stands for information not available, due to a site not having at least one year with a positive and one year with a negative
hotspot identification. Statistically significant results (p-values < 0.05) are bolded and flagged with asterisks.
Trout N Conc
Spatial Med. Reversals
Spatial Med. Max
Spatial Med. BFI
Spatial Med. Memory
90th Perc. Reversals
90th Perc. Max
90th Perc. - BFI
90th Perc. Memory
WQG Reversals

p-value
0.9262
0.8846
0.4689
0.1924
0.9352

Fish N Conc
Spatial Med. Reversals
Spatial Med. Max
Spatial Med. BFI
Spatial Med. Memory
90th Perc. Reversals

p-value
0.4674
0.8848
0.8848
1
N/A

0.6255

90th Perc. - Max

N/A

0.9353

90th Perc. - BFI

N/A

0.5698
N/A

90th Perc. Memory
WQG Reversals

N/A
N/A

Cedar N Conc

p-value

Spatial Med. Reversals
Spatial Med. Max
Spatial Med. BFI
Spatial Med. Memory
90th Perc. Reversals
90th Perc. Max

0.1859
0.2568
0.7055
0.1877
N/A
N/A

90th Perc. - BFI

N/A

90th Perc. Memory
WQG Reversals

N/A
N/A

Stoney N Conc
Spatial Med. Reversals
Spatial Med. Max
Spatial Med. BFI
Spatial Med. Memory
90th Perc. Reversals
90th Perc. Max
90th Perc. - BFI
90th Perc. Memory
WQG Reversals

p-value
0.884
0.4689
0.3106
0.4201
N/A

Dutton N Conc
Spatial Med. Reversals
Spatial Med. Max
Spatial Med. BFI
Spatial Med. Memory
90th Perc. Reversals

p-value
0.8654
0.3974
0.499
1
0.316

N/A

90th Perc. - Max

0.4314

N/A

90th Perc. - BFI

0.7751

N/A
N/A

90th Perc. Memory
WQG Reversals

0.8864
N/A

WQG - Max

N/A

WQG - Max

N/A

WQG - Max

N/A

WQG - Max

N/A

WQG - Max

N/A

WQG - BFI

N/A

WQG - BFI

N/A

WQG - BFI

N/A

WQG - BFI

N/A

WQG - BFI

N/A

WQG - Memory

N/A

WQG - Memory

N/A

WQG - Memory

N/A

WQG - Memory

N/A

WQG - Memory

N/A
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