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ABSTRACT
Numerous studies have ascertained detailed descriptions of hydrological processes for unique
hillslopes and catchments. These efforts have contributed tremendously to our understanding of
hydrologic processes and have facilitated hydrological modelling. These individual studies have
also revealed considerable spatial and process heterogeneity. Recently, thresholds in runoff
response have been identified as a potential foundation for a new unified hydrological theory, as
thresholds are emergent properties that integrate both spatial and process heterogeneity.
However, our current understanding of threshold behaviour has limitations. Most threshold
research in hydrology has been conducted for humid temperate environments with a focus on
storage thresholds. The ubiquity of threshold behaviour across a wider range of environments is
unknown, and the degree to which thresholds of rainfall intensity or hydrologic abstraction
caused by evapotranspiration affect different aspects of hydrologic response has not been
thoroughly assessed. Additionally, the potential benefits of incorporating threshold information
in rainfall-runoff model evaluation have not been determined. Our understanding of threshold
behaviour has also been guided by conceptualizations featuring response as a function of a single
meteorological factor, which is at odds with the growing body of work that has demonstrated a
range of controls on hydrologic response. The overarching goal of this thesis was, therefore, to
address these knowledge gaps and to contribute to a unified threshold-based hydrological theory.
First, analyses were completed to assess the spatial and temporal variability in rainfall-runoff
event dynamics and the influence of fixed and dynamic controls on hydrologic response for
twenty-one sites across seven diverse study areas. As part of this effort, 1,641 rainfall-runoff
events were delineated and characterized using an unprecedented suite of response metrics and

meteorological factors. This analysis showed considerable temporal variability in rainfall-runoff



event response and illustrated the influence of intensity-driven processes on hydrologic response.
Second, the suite of response metrics and meteorological factors was used to evaluate thresholds
in runoff response. Threshold behaviour was observed at twenty out of twenty-one sites
considered and in addition to rainfall depth, rainfall intensity and hydrologic abstractions caused
by evapotranspiration proved to be important controls. Third, the potential benefits related to
constraining rainfall-runoff model outputs through model evaluation using multiple hydrologic
descriptors, including thresholds, was appraised. This work showed that threshold information
can be powerful for identifying model simulations that adequately predict real-world processes.
Lastly, the simultaneous influence of multiple, potentially interacting, meteorological factors on
response thresholds was assessed using techniques borrowed from other disciplines. The results
of this analysis showed that meteorological factor interactions can lead to complex and highly
nonlinear hydrological responses that cannot otherwise be observed. These findings challenge
hydrologists to consider a wider range of threshold behaviours and to evaluate response
nonlinearities as a function of multiple, potentially interacting meteorological factors. This thesis
led to many interesting results that are encouraging for the development of a unified threshold-
based hydrologic theory. Through the synthesis of this work, remaining knowledge gaps were

identified that require insight from the hydrology community to advance this theory.
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CHAPTER 1. INTRODUCTION



1.1 Threshold behaviour in runoff response

A fundamental objective in hydrology is to reach a better understanding of catchment
response to meteorological inputs (Davie, 2008; Dingman, 2015; Gregory & Walling, 1973).
This objective is motivated by the possibility of better process conceptualizations and by social
implications related to water supply, flood forecasting, and water quality. Hillslopes and
catchments exhibit tremendous heterogeneity in physical properties and hydrologic response
(McDonnell et al., 2007; Sivapalan, 2006). Hydrologic research focused on catchment response
to meteorological inputs has advanced our understanding of catchment function and has led to
the development of numerous hydrologic models (Beven, 2011). However, these efforts have
focused primarily on fine-scale process descriptions for individual hillslopes and catchments.
The uniqueness of place (Beven, 2011) inherent to isolated studies and the absence of a unifying
theory to connect or compare disparate process descriptions have led to the development of
increasingly parameterized models intended to represent vastly heterogeneous landscapes
(Kirchner, 2006; McDonnell et al., 2007; Sivapalan et al., 2002). The limited transferability of
some findings from individual studies has motivated a shift in focus towards emergent
properties, i.e., properties that cannot be predicted from individual landscape components but are
representative of landscape heterogeneity and process complexity (Ali et al., 2013; Sivapalan,
2006; Sivapalan et al., 2002; Spence, 2010). Notably, thresholds in runoff processes have been
identified as an emergent property that could support a paradigm shift in how catchment

responses are characterized and compared (Ali et al., 2013; Spence, 2010).



1.1.1 Variability and threshold behaviour in hillslope and catchment response

Abundant heterogeneities in hydrologic systems result in hydrologic response
characterized by significant spatial and temporal variability (Beven et al., 1988; McDonnell,
2013; McDonnell et al., 2007; Sivapalan, 2006; Sivapalan et al., 2002). Catchment morphology
and hydrological processes are coupled with geomorphic processes (Beven et al., 1988) and
geomorphic systems are typically nonlinear and threshold-mediated (Phillips, 2006). In
hydrology, thresholds in runoff processes are defined as a critical moment in time or point in
space at which runoff behaviour rapidly changes (Ali et al., 2013; Phillips, 2006). In the
available literature, highly variable and threshold-mediated hydrologic responses have been
shown for a variety of processes, scales, and environments. More specifically, these studies have
shown that hydrologic response at the hillslope and catchment scales are sensitive to critical
values of total precipitation, soil moisture storage, and water table elevations (Ali et al., 2015;
Detty & McGuire, 2010; Lehmann et al., 2007; Mosley, 1979).

Rainfall-induced subsurface stormflow is a dominant runoff generation mechanism in
many steep, forested headwater catchments and it has been the focus of most threshold-related
research (Graham et al., 2010; Graham & McDonnell, 2010; Lehmann et al., 2007; Weiler,
2005). In these studies, critical volumes or depths of precipitation above which runoff generation
was initiated were reported: Mosley (1979) and Tani (1997) reported 20 mm rainfall depth
thresholds near Reefton, New Zealand and Okayama, Japan, respectively; Tromp-van Meerveld
& McDonnell (2006) reported a 55 mm rainfall depth threshold in Georgia, United States, and
Whipkey (1965) reported a 50 mm precipitation depth threshold in Ohio, United States.

Similarly, Redding & Devito (2008) observed precipitation depth thresholds between 20 and



78 mm in Alberta, Canada and Sidle et al. (2000) observed precipitation depth thresholds ranging
between 40 and 150 mm in Chiba, Japan. Also, hillslope response controlled by thresholds of
antecedent soil moisture and depth to water table has been observed in steep, forested headwater
catchments. For example, in New Hampshire, United States, Detty & McGuire (2010) observed
a nonlinear quickflow response when a 316 mm combined antecedent soil moisture index (ASI)
and gross precipitation threshold was exceeded. They also observed a significant increase in
streamflow once a 200 to 500 mm depth to water table threshold was satisfied (Detty &
McGuire, 2010). In Quebec, Canada, James & Roulet (2007) reported threshold behaviour in
storm response when a mean antecedent soil moisture value of 0.24 vol/vol was reached, and Ali
et al. (2011) reported threshold behaviour between catchment response and perched groundwater
levels.

While most research on hydrologic thresholds has been conducted at temperate or humid
forested hillslopes and catchments (e.g., Ali et al., 2011; Detty & McGuire, 2010; Graham &
McDonnell, 2010, 2010; James & Roulet, 2007; Lehmann et al., 2007; McGlynn & McDonnell,
2003; Mosley, 1979; Sidle et al., 2000; Tani, 1997; Tromp-van Meerveld & McDonnell, 2006;
Whipkey, 1965), threshold behaviour has also been observed for a variety of other environments,
including arid and semi-arid environments (e.g., Cammeraat, 2002; Reaney et al., 2007).
Threshold behaviour in rainfall-runoff relationships has been reported for semi-arid
environments in Spain: Cammeraat (2002) found that catchment response required the
exceedance of both a rainfall intensity threshold (4.2 mm/10 min) and a total rainfall depth
threshold (30 mm). Similarly, Reaney et al. (2007) reported that the exceedance of an
infiltration-excess threshold (84 mm/hr) was required to form a connection between surface

runoff generating points and the catchment outlet. In prairie pothole landscapes that are



characterized by topographic depressions from historical glaciation, runoff events occur in
response to the exceedance of storage thresholds (Shaw et al., 2012; Stichling & Blackwell,
1957). These thresholds are associated with fill-and-spill dynamics resulting from the
exceedance of depression storage that leads to runoff generation and the connectivity of adjacent
depressions. Measurement of specific storage thresholds at the catchment scale is complicated in
these circumstances, as the area contributing to runoff is dynamic and depressions are not always
simultaneously connected during runoff events (Shaw et al., 2012, 2013). Nevertheless, runoff
processes in these environments are threshold mediated and are heavily influenced by antecedent
conditions, hydrologic abstraction, and input event frequency and duration (Shaw et al., 2012). In
high relief landscapes, nonlinear relationships have been observed between subsurface flow and
water table elevation. When examining the relationship between throughflow response and
catchment streamflow response in a temperate, forested mountain catchment, Kim et al. (2004)
found that the exceedance of a 620 mm water table elevation threshold was required for
throughflow and streamflow response to occur. Threshold behaviour has also been observed in
snow and permafrost dominated catchments. In the sub-arctic Canadian shield, the exceedance of
lake storage thresholds is often required for outflow to occur (Mielko & Woo, 2006; Spence et
al., 2010). Mielko & Woo (2006) showed that lake storage needed to be satisfied before outflow
occurred, and that hydrologic abstraction caused by evaporation prolonged the time before the
storage threshold was met, indicating a system controlled by dynamic storage and multiple
processes.

There is tremendous variability among documented hydrologic thresholds, which has
been associated with unique local characteristics such as slope and topography, hydraulic

conductivity of the vadose zone, bedrock permeability, soil depth, and soil macropores



(Lehmann et al., 2007). These examples of thresholds for hillslope and catchment response
illustrate that threshold behaviour is present not only across a range of environments but also
across multiple runoff processes. Thresholds have been observed for surface and subsurface
saturation excess flow (Ali et al., 2011; Detty & McGuire, 2010; Graham et al., 2010; Graham &
McDonnell, 2010; James & Roulet, 2007; Lehmann et al., 2007; McGlynn & McDonnell, 2003;
Mosley, 1979; Sidle et al., 2000; Tani, 1997; Tromp-van Meerveld & McDonnell, 2006a;
Whipkey, 1965) and infiltration excess flow (Cammeraat, 2002; Reaney et al., 2007; Shaw et al.,
2012). While there are similarities in the conceptualization of these processes (McDonnell,
2013), thresholds related to storage (e.g., rainfall volume or depth, soil moisture, water table
depth) and rainfall intensity are typically associated with saturation excess flow and infiltration
excess flow processes, respectively (Ali et al., 2015). It is clear that most research on thresholds
has focused on storage thresholds, while fewer studies have focused on rainfall intensity
thresholds, the influence of hydrologic abstraction on threshold behaviour, or how interactions
between different processes may affect or lead to emergent threshold behaviour (Ali et al., 2015).
The consideration of thresholds other than storage threshold and potential controls on threshold
behaviour may be required to adequately characterize hydrologic response, especially in
environments where infiltration is limited (Ali et al., 2015). These considerations are likely
context-dependent: some studies conducted in humid, temperate forested catchments with high
soil infiltration capacity have suggested that rainfall intensity exerts little influence on runoff
generation (Graham & McDonnell, 2010; Tromp-van Meerveld & McDonnell, 2006a). In
contrast, rainfall and snowmelt intensity thresholds have a more significant effect on runoff
processes in environments with limited infiltration capacity. Findings from the Sleepers River

Research Watershed in Vermont, United States (Shanley & Chalmers, 1999) and the boreal



Kryckland catchment in northern Sweden (Laudon et al., 2007) suggest that snowmelt intensity
significantly influences runoff processes in soils with reduced infiltration capacity from frost
development. Likewise, runoff generation mechanisms like pipeflow appear to be governed by
macropore storage thresholds, which are influenced by water table levels and the exceedance of
soil matric infiltration capacity (Spence, 2010). To properly characterize threshold behaviour in
these instances, when the rate of water delivery to macropores is higher than the surrounding soil
matriX, it has been suggested that thresholds in the rate of water delivery become acutely
important (McDonnell, 1990). These observations are evidence of dynamic systems of multiple
highly variable and threshold-mediated processes. However, it is unclear when variables that
qguantify different processes should be considered in the evaluation of response variability

and threshold behaviour.

1.2 Identifying threshold behaviour

A variety of different hydrometric and meteorological data types have been used towards
the identification of threshold behaviour in runoff response. Threshold mediated relationships
previously reported in the literature have mostly involved variables that quantify rainfall and
discharge data, primarily because of their availability in most hydrological studies and since
threshold behaviour is often observed incidentally rather than sought after (Ali et al., 2013).
Following a targeted literature review (n = 29 papers), roughly 63% of related studies considered
precipitation thresholds for catchment discharge. Conversely, water table, soil moisture, and
water chemistry data appeared less frequently in these studies: ~30%, 48%, and <5%,

respectively, and were typically considered in addition to precipitation-discharge data. Regularly,



scatter plots are constructed from observation data to examine the relationship between
hydrologic response and measures of precipitation (e.g., Biron et al., 1999; Cammeraat, 2002;
Carey et al., 2010; Detty & McGuire, 2010; Freer et al., 2002; Graham et al., 2010; Graham &
McDonnell, 2010; James & Roulet, 2007; Kim et al., 2004; Laudon et al., 2007; Lehmann et al.,
2007; Mielko & Woo, 2006; Mosley, 1979; Oswald et al., 2011; Redding & Devito, 2008; Scaife
& Band, 2017; Shaw et al., 2012; Sidle et al., 2000; Sivakumar, 2005; Spence, 2007; Tani, 1997,
Tromp-van Meerveld & McDonnell, 2006a, 2006b; Wei et al., 2020; Weiler, 2005; Whipkey,
1965), soil moisture (e.g.,Cammeraat, 2002; Detty & McGuire, 2010; Freer et al., 2002; Graham
etal., 2010; Graham & McDonnell, 2010; James & Roulet, 2007; Laudon et al., 2007; Lehmann
et al., 2007; Mosley, 1979; Redding & Devito, 2008; Scaife & Band, 2017; Tromp-van Meerveld
& McDonnell, 2006a, 2006b; Wei et al., 2020; Weiler, 2005; Whipkey, 1965), and water table
data (e.g., Cammeraat, 2002; Detty & McGuire, 2010; Freer et al., 2002; James & Roulet, 2007;
Kim et al., 2004; Lehmann et al., 2007; Mielko & Woo, 2006; Oswald et al., 2011). Observation
data can be used directly to examine these relationships or it can be analyzed or aggregated over
a specific period (e.g., rainfall-runoff event) to derive input meteorological factors (e.g., total
event rainfall, rainfall intensity, potential evapotranspiration) and output hydrologic response
metrics (e.g., peak discharge, runoff ratio) to assess relationships between meteorological inputs
and response. Assessing data aggregated to the rainfall-runoff event scale is particularly useful,
as event-based response dynamics are of interest for understanding hydrologic behaviour and
since such aggregation mitigates challenges associated with interpreting continuous high-
frequency data that may be characterized by diurnal patterns and autocorrelation. There is

significant variability in the type and form of observation data used to evaluate the



presence of hydrologic thresholds and little is known about how interpretations of
threshold behaviour might be influenced by the specific type or form of data used.
Observation data are typically assessed for threshold behaviour visually through the
evaluation of scatter plots showing independent input (e.g., total precipitation) and dependent
output (e.g., discharge) variables (e.g., Ali et al., 2011; Detty & McGuire, 2010; Graham et al.,
2010; James & Roulet, 2007; Lehmann et al., 2007; McGlynn & McDonnell, 2003; Mosley,
1979; Sidle et al., 2000; Tani, 1997; Tromp-van Meerveld & McDonnell, 2006a; Whipkey,
1965). Visual threshold identification is associated with methodological difficulties: while
studies with few data points or dominant hillslope scale dynamics may show clear threshold
behaviour in input-output relationships, the identification process can be complicated by
clustering around the point of inflection, which suggests a range of possible threshold values
(Oswald et al., 2011; Scaife & Band, 2017). The identification process is further complicated by
the fact that nonlinear hydrologic behaviour manifests in a variety of shapes that can be
represented by different mathematical functions, including the hockey-stick shape (Detty &
McGuire, 2010; Tromp-van Meerveld & McDonnell, 2006a; Weiler, 2005), the Heaviside or step
function (James & Roulet, 2007), the Dirac function, and the sigmoid function (Zehe & Bldschl,
2004) (Figure 1-1). While these distinct threshold shapes have been reported in a variety of
studies, process-based rationales for different shapes have yet to be offered (Ali et al., 2015). To
overcome limitations of visual identification methods (i.e., user bias and clustering) and to
account for different threshold shapes, alternative techniques for threshold identification and
characterization have been proposed. Identification of hockey-stick thresholds has been
automated and made more objective through piecewise linear regression analysis (Oswald et al.,

2011; Scaife & Band, 2017) and the approximation of threshold changes using exponential



functions (Oswald et al., 2011). Others have suggested the use of statistical indices that quantify
the abruptness of nonlinear response changes for threshold detection and comparison (Lintz et
al., 2011). For relationships characterized by multiple nonlinear response changes, domain-

dependent mathematical functions have been recommended over different ranges of input values

(Alietal., 2011).
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Figure 1-1. Models of nonlinear relationship shapes reported in threshold-related hydrologic
literature. Red and blue segments of the curve signify runoff behaviour before and after the
threshold respectively. Used with permission of John Wiley & Sons, from Ali et al. (2013);

permission conveyed through Copyright Clearance Center, Inc.

Besides the type and form of observation data and the method used to assess possible
threshold behaviour, other factors like record frequency and duration may influence how
nonlinearities in input-output relationships are interpreted. More information can be extracted
from high-frequency observation data relative to data averaged over weeks, months, or seasons
(Ross et al., 2015). While the existing literature showing threshold behaviour has used data

varying in frequency and duration, a benchmark of record length and resolution has yet to be
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established for threshold detection. Other studies focused on temporally dynamic hydrologic
processes have leaned towards the use of high-frequency (i.e., sub-daily) data, which is
characteristic of datasets from iconic research basins like the Panola Mountain Research
Watershed (Tromp-van Meerveld et al., 2008), H.J. Andrews Experimental Forest (McKee &

Druliner, 1998), and the Tarrawarra catchment (Western & Grayson, 1998).

1.3 Cross-site and cross-scale synthesis

Hillslopes and small catchments are a common unit of hydrologic inquiry (Beven et al.,
1988; Dingman, 2015; Kirchner, 2009) and threshold behaviour has mostly been examined at
these scales (Tani, 1997). This is primarily because hillslopes are fundamental landscape units
for understanding runoff generation processes (Tromp-van Meerveld & McDonnell, 2006b), and
because most high-frequency precipitation and hydrometric data are available at these scales (Ali
et al., 2015). While most threshold-based research has been conducted at the hillslope and small
catchment scales, threshold behaviour has also been identified at larger scales and as a part of
hierarchical processes, where the output from one process becomes the input for another (Ali et
al., 2013; Lehmann et al., 2007). Little is known about how threshold behaviour in runoff
response might be influenced by scale.

There have only been a small number of studies that have focused on the identification
and comparison of threshold information between different study areas. Research that has
evaluated threshold behaviour in multiple environments has focused on the identification of
common physical characteristics among study areas that exhibit threshold runoff response (e.g.,

Carey et al., 2010; Uchida et al., 2005). For example, Ali et al. (2015) compared threshold
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behaviour among catchments and identified correlations between precipitation threshold values
and catchment physiographic characteristics. These findings reveal an opportunity to develop
regression equations with the intent of predicting precipitation threshold values for other
catchments. There remain opportunities for robust comparisons of threshold information

between study areas.

1.4 Physically realistic hydrologic models and threshold behaviour

Hydrologists continue to advance the quest for physically realistic hydrologic models
(Clark et al., 2017). Model realism can be assessed in terms of how well model outputs agree
with observed behaviour and the processes that are explicitly represented within a model (Beven,
2002, 2011; Clark et al., 2017). The physical realism of unique parameter sets with a comparable
performance from a statistical standpoint can be evaluated and constrained based on how well
different aspects of hydrologic behaviour are reproduced. Physical realism constraints have been
imposed on a variety of rainfall-runoff models using data like soil moisture, water chemistry,
isotope compositions, and groundwater levels (Ala-aho et al., 2017; Kelleher et al., 2017; Seibert
& McDonnell, 2002; Son & Sivapalan, 2007; Stadnyk et al., 2013). These modelling exercises
have allowed for the development of models with increased fidelity (i.e., the degree to which a
model simulation reproduces hydrologic processes observed in nature) and have helped constrain
equifinality - i.e., multiple unique parameter sets may lead to simulations with a comparable
model fit (Beven, 2006, 2011). Threshold information has not been used in this way towards
model evaluation, and potential benefits for parameter selection and model performance

are unknown.
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An enduring challenge faced in environmental modelling is accurately predicting
response nonlinearities (Beven, 2002). Threshold behaviour has been observed for a variety of
processes (e.g., infiltration) and has been associated with a range of physical hillslope and
catchment characteristics (e.g., soil hydraulic conductivity and soil depth) (Ali et al., 2013, 2015;
Lehmann et al., 2007; Spence, 2007; Spence et al., 2010; Spence, 2010). These processes and
characteristics are represented in the equations and parameters of many of the hydrological
models that are currently available. However, emergent properties, like threshold behaviour in
runoff response, cannot be predicted from individual landscape components (Lehmann et al.,
2007; McDonnell et al., 2007). It has been suggested that controls of hydrologic response might
interact or be hierarchical in terms of their relative importance for determining response
behaviour (Buttle, 2006; Devito et al., 2005; Merz & Bldschl, 2009; Yadav et al., 2007).
Relationships and/or interactions between different processes and control factors that may lead to
the emergence of thresholds in runoff response are not fully understood and have not been
incorporated into hydrological models. Only threshold mediated hydrologic responses involving
a single control factor have been considered, except for select studies that qualitatively assess the
dual influence of rainfall amount and rainfall intensity on the response (Cammeraat, 2002; Scaife
et al., 2020; Scaife & Band, 2017). This differs from some other disciplines, like ecology, where
threshold mediated system response has been modelled as a function of multiple, potentially
interacting control factors (Andersen et al., 2009; Kinzig et al., 2006; Limburg et al., 2002; Lintz
etal., 2011). A better understanding of the simultaneous effects of multiple control factors
on hydrologic thresholds is needed to inform the development of models that more

explicitly consider threshold information.
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1.5 Thesis research objectives

A new paradigm in hydrology has been proposed that includes a shift in focus to
emergent properties (Ali et al., 2013; Bonell, 1993; Lehmann et al., 2007; Spence, 2010; Weiler,
2005; Zehe et al., 2005). Increasingly, hydrologic thresholds are described as catchment
hydrological signatures (Spence, 2007) that are of significant utility for catchment comparison
and grouping of similar hydrological responses (Ali et al., 2013). Limitations remain in our
theoretical and operational understanding of threshold information. In addition to challenges
related to the type and form of data used for threshold identification and the comparison of
threshold information across study areas and scales, challenges for incorporating threshold
information in hydrologic models are unknown. It is unclear whether the identification of high-
fidelity model simulations can be improved through the inclusion of threshold information.
Therefore, this thesis intends to address these knowledge gaps and contribute to a unified
threshold-based hydrological theory aimed at enhancing understanding of relationships between
meteorological inputs and hydrologic response across a range of scales and environments. This
research is guided by four research objectives, specifically:

(1) Assess the spatial and temporal variability in rainfall-runoff event dynamics and the
influence of fixed (e.g., topography) and dynamic (e.g., climate) controls on hydrologic
response across a range of scales and environments.

(2) Evaluate the ubiquity of threshold behaviour in rainfall-runoff event response, with a
special focus on rainfall depth thresholds, rainfall intensity thresholds, and thresholds in

hydrologic abstraction from evapotranspiration.
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(3) Appraise the potential benefits of constraining rainfall-runoff model outputs using
multiple hydrologic descriptors, including thresholds.
(4) Characterize the simultaneous influence of multiple, potentially interacting,

meteorological factors on threshold mediated hydrologic response.

1.6 Study areas

This study was carried out using existing data for one experimental hillslope and twenty
catchments from seven distinct study areas. These study sites vary significantly in scale and are
characterized by distinct climate, topography, geology, soil properties, and land cover. Each
study site has been the focus of previous hydrologic research and has field data available with
several documented variables (e.g., discharge, precipitation, soil moisture, water table position,
geochemistry, and elevation) across various observation frequencies and durations. This study
focuses on topographic, hydrometric (i.e., discharge), and meteorological (e.g., rainfall,
temperature, and evapotranspiration) data. For each site, discharge data are assumed to represent
total site discharge and meteorological data are assumed to be representative of conditions across
the site. The study areas considered include the Panola Mountain Research Watershed
experimental hillslope (Georgia, USA), the Hermine catchment (Quebec, Canada), the 11SD-
ELA Lake 658 UP1 catchment (Ontario, Canada), the Tarrawarra catchment (Victoria,
Australia), the Catfish Creek watershed (Manitoba, Canada), eight sub-catchments of the
Mahurangi River catchment (New Zealand) and eight nested catchments of the H.J. Andrews

Experimental Forest (Oregon, United States).
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1.6.1 The Panola Mountain Research Watershed experimental hillslope

The Panola Mountain Research Watershed experimental hillslope (PMRW) is in the
southern Piedmont approximately 25 km southeast of Atlanta, Georgia, United States (Figure
1-2). The PMRW features a 20 m trench at the base of a relatively planar (~14 m relief) 50 m
hillslope (Tromp-van Meerveld et al., 2008). The hillslope is covered by predominantly
deciduous forest, hillslope soils are sand-loam ranging in depth from 0 to 1.86 m and are
underlain by Panola granite with irregular subsurface topography (Freer et al., 2002; Higgins et
al., 1988; Tromp-van Meerveld et al., 2008). The climate is humid continental to sub-tropical
with a mean annual temperature of 15.2 °C and a mean annual precipitation of 1220 mm
(Tromp-van Meerveld et al., 2008). The data used in this study include a 1x1 m digital elevation
model (DEM) derived from a total station survey, high-frequency (15-minute) stormflow
measured at the hillslope trench, air temperature, and rainfall records combined from tipping-

bucket, weighing-bucket, and standard rain gauges (Tromp-van Meerveld et al., 2008).
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Figure 1-2. Digital elevation model of the Panola Mountain Research Watershed experimental
trenched hillslope (PMRW) and the hillslope’s location within the United States. The elevation is

shown in meters above an arbitrary datum (m.a.d) located at the trench base

1.6.2 The Hermine catchment

The Hermine catchment (HRM) is a 0.05 km? headwater forested catchment in the
Laurentians, located approximately 80 km north of Montreal, Quebec, Canada (Figure 1-3). The
area is characterized by a cool temperate climate with a mean annual temperature of 6.9 °C and a
mean annual precipitation of ~1150 mm, 30 % of which falls as snow (Biron et al., 1999). The
catchment has 31 m of relief and is drained by an ephemeral stream. Soils of the HRM are
typically 1 to 2 m deep bouldery Podzols developed over a bouldery glacial till with a confining

layer at a depth of 50 to 75 cm. The forest canopy is dominated by sugar maple and other

17



deciduous tree species (Ali & Roy, 2010a). Data of the HRM used in the current study include a
2x2 m DEM derived from a manual topographic survey, and high-frequency (15-minute)

catchment discharge, precipitation, and other meteorological measurements collected between

2006 and 2008 (Ali & Roy, 2010a, 2010b).
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Figure 1-3. Digital elevation model of the Hermine catchment (HRM) and its location within

Canada. The elevation is shown in meters above sea level (m.a.s.l).
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1.6.3 The IISD-ELA Lake 658 UP1 catchment

The Lake 658 UP1 catchment (UP1) is a 0.08 km? sub-catchment of the Lake 658
experimental watershed at the International Institute of Sustainable Development Experimental
Lakes Area (IISD-ELA) in north-western Ontario, Canada (Figure 1-4). The climate is boreal
cold temperate with a mean annual air temperature of 2.8 °C and a mean annual precipitation of
708 mm, 75% of which falls as rain (Oswald et al., 2011). The UP1 has a highly variable local
topography, with a sequence of alternating soil-filled bedrock depressions and near-vertical
bedrock ridges. Overall, the catchment has an average slope of 12° with 63 m of relief.
Catchment bedrock is granite, which is exposed or covered by a shallow soil layer (~ 23 cm) for
nearly 40% of the catchment, while the rest of the catchment has a mean soil depth of 54 cm
(Oswald et al., 2011). Soils of the UP1 are mostly acidic Brunisols that are texturally classified
as silt loams. Approximately 14% of the UP1 supports a deciduous forest of red maple and paper
birch, while the remainder is dominated by mature black spruce (Oswald et al., 2011). Data from
the UP1 used in the current study include a detailed DEM produced from manual surveys as well
as high-frequency (15-minute) catchment discharge, precipitation, and other meteorological

measurements spanning 2008 and 2009.
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Figure 1-4. Digital elevation model of the IISD-ELA Lake 658 UP1 catchment (UP1) and its

location within Canada. The elevation is shown in meters above sea level (m.a.s.l).

1.6.4 The Tarrawarra catchment

The Tarrawarra catchment (TRC) drains 0.108 km? and is located near Melbourne,
Victoria, Australia (Figure 1-5). The TRC has a temperate climate with a summer rainfall deficit
and winter rainfall excess: the mean annual rainfall and potential evapotranspiration are ~820

and ~830 mm, respectively (Western & Grayson, 1998). Soils of the TRC comprise three units:
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upper slopes have texture contrast soil with a loam-clay A horizon (15-25 cm) and a heavy
yellow-grey B horizon; midslope soils have a loam-clay A horizon (15-30 cm) with a silty B1
horizon and a silty-clay B2 horizon; and depressions have a deeper (25-40 cm) silty A horizon
and a silty B horizon. Soils are underlain by the Humevale Formation, comprising siltstone with
interbedded thin sandstone and local bedded limestone lenses (Western & Grayson, 1998). The
TRC has a smoothly undulating terrain that is primarily used for dryland grazing. There are
windbreaks along two-thirds of the northern catchment boundary (10 m Cypress trees), a small
part of the southern boundary has 5 m mixed Australian native trees, and there are Eucalyptus
trees in the southeastern corner of the catchment. Data from the TRC used in this study include a
DEM derived from a 10x10 m topographic survey, local weather station data including
precipitation and other meteorological parameters recorded every 6 minutes, and high-frequency

(1-minute) catchment discharge measured using a flume (Western & Grayson, 1998).
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Figure 1-5. Digital elevation model of the Tarrawarra catchment (TRC) and its location within

Australia. The elevation is shown in meters above sea level (m.a.s.l).

1.6.5 The Catfish Creek watershed

The Catfish Creek watershed drains 642 km? and is located ~100 km north-east of
Winnipeg, Manitoba, Canada. The watershed has a dry continental boreal climate that is
characterized by short warm summers and long cold winters with a mean annual precipitation of
approximately 530 mm, 20% of which falls as snow (Ross et al., 2017). The topographic profile
of the catchment is nearly level and the soils are moderate to poorly drained and are developed
on crystalline Archean bedrock covered by a discontinuous mantle of sandy glacial till veneer

(Smith et al., 1998). Land use across the catchment is equally split between agriculture and
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forested lands (Ross et al., 2017). The current study focuses on a 145.36 km? sub-catchment
(CCW) located in the south-eastern portion of the watershed (Figure 1-6). Data for the CCW
used in the current study include a 1x1 m DEM and high-frequency discharge and
meteorological data collected from 2013 to 2015. Discharge data is derived from high-frequency
(15-minute) stage data using a site-specific rating curve, while high-frequency (1-minute) rainfall

and meteorological data are from a HOBO station deployed over the data collection period.
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Figure 1-6. Digital elevation model of a sub-catchment of the Catfish Creek watershed (CCW)
and its location within Canada. The elevation is shown in meters above sea level (m.a.s.l).
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1.6.6 The Mahurangi River catchment

The Mahurangi River catchment drains 50 km? of steep to gently rolling lowlands and is
located approximately 70 km north of Auckland, New Zealand (Woods et al., 2013). The
catchment has ~250 m of relief and its soils are clay loam with a maximum depth of 1 m and are
developed on Waitemata sandstones. The regional climate is warm humid maritime with a mean
annual temperature of 15.6 °C and a mean annual rainfall of ~1600 mm. Land use and land cover
in the MRC include pasture for grazing, plantation forest (primarily Pinus radiate), native
forests, and pasture (Woods et al., 2013). The current study focuses on eight sub-catchments
(MRC1-MRCS8) of the Mahurangi River catchment (Figure 1-7) that range in drainage area from
0.51 km? to 24.80 km? and were previously part of the Mahurangi River Variability Experiment
(MARVEX) (Woods et al., 2013). Data for these catchments used in this study include a 1x1 m
DEM, discharge, rainfall, and meteorological data collected from 1997-2002. Discharge and
rainfall data were collected at a 2-minute interval using tipping bucket rain gauges and v-notch

weirs, outfitted with floats and counterweights, respectively.
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Figure 1-7. Digital elevation model of the eight sub-catchments (MRC1-MRCS8) of the
Mahurangi River catchment and their location within New Zealand. The elevation is shown in

meters above sea level (m.a.s.l).

1.6.7 The H.J. Andrews Experimental Forest

The H.J. Andrews Experimental Forest is located approximately 80 km east of Eugene,
Oregon, United States on the western slope of the Cascade Range (McKee & Druliner, 1998).

The area is characterized by a maritime climate with wet, mild winters and dry, cool summers.
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The mean annual precipitation is approximately 2300 mm at lower elevations and over 3550 mm
at the upper elevations of the forest (McKee & Druliner, 1998). Precipitation at low elevations is
predominantly rain, while snow is common at higher elevations. The forest is steep, with
elevation ranging from 410 to 1630 m; lower elevations comprise Oligocene-lower Miocene
volcanic rocks, while higher-area bedrock comprises andesite lava flow of Miocene age and
younger High Cascade Rocks. Soils are primarily Inceptisols, with areas of Alfisols and
Spodosols. Historical forest composition has been altered by timber cutting and forest fires;
lower elevation forests are dominated by Douglas-fir, western hemlock, and western red cedar,
while upper elevation forests contain noble fir, Pacific silver fir, Douglas-fir, and western
hemlock (McKee & Druliner, 1998). The current project will include data from eight nested
catchments (HJA1-HJAS8) of the H.J. Andrews Experimental Forest (Figure 1-8). A substantive
long-term data record is available for catchments of the forest starting in the 1950s (McKee &
Druliner, 1998); however, this project will focus on a five-year subset (2010-2015) of rainfall,
discharge, and meteorological data, in addition to terrain data. The terrain data includes a 10x10
m DEM and LiDAR data. High-frequency (15-minute) rainfall and discharge data are available

for each of the eight nested catchments.
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Figure 1-8. Digital elevation model of the eight nested catchments (HJA1-HJAS8) of the H.J.

Andrews Experimental Forest and their location within the United States. The elevation is shown

in meters above sea level (m.a.s.l).

1.7 Study significance

Hydrological thresholds are important catchment functional traits that facilitate the
grouping of similar hydrologic responses (Ali et al., 2013; Lehmann et al., 2007; McDonnell et

al., 2007). A threshold-based hydrological theory has been identified as a potential way to
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enhance our understanding of hillslope and catchment scale hydrological processes (Ali et al.,
2013; McDonnell et al., 2007; Spence, 2010). Individual studies in catchment hydrology have
led to the characterization of heterogeneous and complex rainfall-runoff processes in an
increasing number of environments (Kirchner, 2009; McDonnell, 2013; McDonnell et al., 2007).
This is also true for research focused on threshold behaviour in hydrological processes: studies
have predominantly been conducted at the hillslope and small catchment scales in humid
temperate environments (Ali et al., 2015), and few studies have assessed or compared threshold
information obtained from different environments or at different scales (Ali et al., 2013).
Additionally, there is no consensus on the type and form of observation data that should be used
to characterize hydrologic response, making the relative ubiquity of threshold behaviour in
hydrologic response unknown. This research begins to address these knowledge gaps through the
consideration of relationships between different aspects of hydrologic response and
meteorological inputs that quantify rainfall amount, rainfall intensity, and hydrologic abstraction
from evaporation. Evaluating nonlinear hydrologic response as a function of multiple
meteorological factors that are associated with different processes (e.g., catchment storage) may
reveal new information about controls on emergent threshold behaviour. Furthermore, threshold
behaviour observed at the catchment scale has yet to be thoroughly incorporated into modelling
activities, including model evaluation. This study aims to evaluate hydrologic thresholds and
other hydrologic descriptors as potentially valuable assets for constraining parameter sets with a
similar statistical performance for rainfall-runoff models. The inclusion of data from studies
previously conducted at one hillslope and twenty catchments, which have distinct climates and
physiographic features, will enhance the reach of findings and help address analytic and

modelling challenges associated with knowledge transferability across scales and environments.

28



This study will therefore move toward the development of a unified threshold-based hydrological
theory. Additionally, enhancing knowledge of hydrologic thresholds that are representative of
storage release processes, flow pathway activation and the establishment of hydrologic
connectivity presents an opportunity to better understand water-quality dynamics and to inform

flood forecasting and water policy in general.

1.8 Thesis structure

This thesis is structured in the grouped manuscript style and consists of a collection of
manuscripts, which are published or are soon to be submitted to peer-reviewed journals. The first
chapter introduces the overall theme of the thesis. In Section 1.5 of the introductory chapter, four
research objectives are introduced that are the basis for four manuscripts that correspond to
Chapters 2, 3, 4, and 5. Chapter 6 provides a synthesis of the major findings from Chapters 2, 3,

4, and 5 and discusses study limitations and recommendations for future work.

Chapter 2 is published in the journal Hydrological Processes:

Ross, C. A., Ali, G., Spence, C., Oswald, C., & Casson, N. (2019). Comparison of event-specific

rainfall-runoff responses and their controls in contrasting geographic areas. Hydrological

Processes, 33(14), 1961-1979. https://doi.org/10.1002/hyp.13460

Chapter 3 is published in the journal Water Resources Research:
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https://doi.org/10.1002/hyp.13460

Ross, C., Ali, G., Spence, C., & Courchesne, F. (2021). Evaluating the Ubiquity of Thresholds in
Rainfall-Runoff Response Across Contrasting Environments. Water Resources Research, 57(1).

https://doi.org/10.1029/2020WR027498

Chapters 4 and 5 will be submitted to peer-reviewed journals at a later date. All four manuscripts
are multi-author works. The nature and extent of my contribution to each manuscript are as
follows: Chapter 2 was written by me including the completion of all data analyses that support
the manuscript. Editorial revisions and conceptual suggestions were provided by co-authors Dr.
Genevieve Ali, Dr. Chris Spence, Dr. Claire Oswald, and Dr. Nora Casson. For Chapter 3,
writing and analyses were completed by me with suggestions from Dr. Genevieve Ali, Dr. Chris
Spence, and Dr. Francois Courchesne. The writing and analyses for Chapters 4 and 5 were
completed by me with suggestions from Dr. Genevieve Ali and Dr. Chris Spence. The exact
formatting of each manuscript has been altered from the published version for consistency within

this thesis.
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2.1 Introduction

Rainfall-runoff analyses for individual hillslopes and small catchments have been
routinely performed for decades (Bates & Pilgrim, 1983; Betson, 1964; Jones & Swanson, 2001;
Laudon et al., 2007), exposing tremendous variability in hydrologic response (McDonnell, 2013;
McDonnell et al., 2007) that has been broadly related to a range of event factors (e.g., rainfall
duration, total rainfall) and antecedent moisture conditions (Ambroise, 2004; Dingman, 2015).
Rainfall-runoff response variability among sites has also been attributed to site-specific
characteristics like drainage area, climatic regime, topography, land cover, and subsurface
properties (Beven, 2001; McDonnell et al., 2007). Collectively, research efforts dedicated to
rainfall-runoff analyses have provided great insights into runoff generation processes, catchment
function, model development, and calibration (Beven, 2011; Jones & Swanson, 2001). However,
opportunities for broad-scale comparisons of event-specific hydrologic response remain (Jones,
2006), especially when it comes to the better characterization of response magnitude and timing,
the relative influence of storage- and intensity-driven meteorological factors on rainfall-runoff
relationships, and the predictability of hydrologic response from site characteristics.

During rainfall-runoff analyses, response metrics are commonly derived from event
hydrographs since they provide first-order information on hydrologic function (Carey & Woo,
2001; Tang & Carey, 2017) and are thought to be the expression of controls exerted by
physiography and climate on hydrological processes (Te Chow, 1959; Te Chow et al., 1988).
Those metrics aim to characterize either response magnitude (e.g., peak event discharge or total
event runoff) or response timing (e.g., lag to initial hydrograph rise or lag to peak) (Beven, 2011,

Hannah et al., 2000). Response magnitude metrics have been particularly useful in flood
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mitigation, resource management, and engineering projects (Beven, 2011; Dingman, 2015;
Fedora & Beschta, 1989) and their estimation was the goal of early hydrologic models (e.qg.,
Mulvaney, 1851). Response magnitude metrics have also been used to quantify the efficiency of
drainage areas in converting rainfall to runoff, and the storage deficit that must be exceeded
before the initiation of hydrograph rise (Dingman, 2015). As for response timing metrics, they
have been linked to rainfall duration and intensity (Carey & Woo, 2001; Dingman, 2015) and
antecedent moisture conditions (Carey & Woo, 2001; Fedora & Beschta, 1989), and they have
been used to discriminate base flow and storm flow (Tallaksen, 1995). One source of confusion,
however, is the fact that the available literature reports on many single-site studies relying on a
broad range of metrics of response magnitude and timing, thus making it difficult to identify
which of those metrics might best describe the temporal and spatial variability in hydrologic
response.

Beyond uncertainties surrounding which metrics to use to best characterize the variability
in hydrologic response, there are knowledge gaps regarding the relative role — and possible joint
influence — of storage-driven and intensity-driven meteorological factors. Storage-driven
meteorological factors are mostly related to rainfall amount and can take the form of total event
rainfall or antecedent rainfall. Conversely, intensity-driven meteorological factors are related to
the rate of water delivery or removal, notably through measures of rainfall intensity or potential
evapotranspiration. Previous studies have shown that meteorological factors determine dominant
runoff generation mechanisms (Dunne & Black, 1970, 1970; Hewlett & Hibbert, 1967; Horton,
1933), with storage-driven factors being typically associated with saturation-excess flow
processes and intensity-driven factors being associated with infiltration-excess flow processes

(Ali et al., 2015; McDonnell, 2013). For instance, in the case of surface and subsurface flow
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generation through saturation excess, hydrologic response typically occurs only after critical
values of soil water storage (Ali et al., 2011; Detty & McGuire, 2010; Graham et al., 2010;
James & Roulet, 2007; Lehmann et al., 2007; McGlynn & McDonnell, 2003; Mosley, 1979;
Oswald et al., 2011; Sidle et al., 2000; Tani, 1997; Tromp-van Meerveld & McDonnell, 2006a;
Whipkey, 1965) or total event rainfall (e.g., Mosley, 1979; Oswald et al., 2011; Redding &
Devito, 2008; Sidle et al., 2000; Tani, 1997; Tromp-van Meerveld & McDonnell, 20064a;
Whipkey, 1965) are exceeded. In the case of infiltration-excess flow generation, nonlinear
hydrologic response has been shown, whereby critical values of rainfall intensity and
evapotranspiration rate control runoff magnitude and timing (e.g., Cammeraat, 2002; Reaney et
al., 2007). It should be noted that while both storage- and intensity-driven meteorological factors
are known to individually influence hydrologic response (Betson, 1964; Dingman, 2015; Holtan
& Overton, 1963, 1965), they are not mutually exclusive and have the potential to exert a dual
influence on rainfall-runoff dynamics (Betson, 1964).

One way to further understand hydrologic behaviour is through site inter-comparisons that
leverage existing physiographic, hydrometric, and climate data along with robust statistical
approaches. Such comparison exercises maximize the value of existing datasets and answer calls
to better define first-order controls on catchment response (Ali et al., 2010; Blume et al., 2007;
Jones & Swanson, 2001; Uchida et al., 2006). Paired catchment studies have been performed
extensively in forest hydrology (Bosch & Hewlett, 1982; Uchida et al., 2006) but they mostly
focused on a limited number of response metrics (e.g., peak event discharge) for neighbouring
catchments (Dunne, 1978; Jones, 2000). Few studies have, simultaneously, evaluated storage-
and intensity-driven meteorological factors (e.g., Ali et al., 2015), and comparisons rarely

include sites from multiple continents and that have a broad range of scales and climate regimes
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(Uchida et al., 2006). Further, past comparison exercises have not evaluated differences in the
relative importance of site characteristics (often static) and event-specific meteorological
controls (dynamic) in driving variability in hydrologic response. The lack of comparative studies
is, in part, attributable to the burden associated with synthesizing and standardizing data from
various sources, and the limited number of computer tools available for delineating rainfall-
runoff events. While rainfall-runoff event analysis has typically been performed manually,
recently introduced toolboxes (Tang & Carey, 2017) have automated the separation of base flow
and storm flow and the matching of rainfall and runoff events, thus facilitating event-based
rainfall-runoff analysis across sites. Therefore, the current paper applies such a toolbox to large,
existing datasets, to identify rainfall-runoff events across seven geographic areas with contrasting
climate, topography, geology, soil properties and land cover, and analyze these events using a
selection of univariate and multivariate statistical techniques. Specifically, four research
questions were addressed:

(1) How do event response magnitude and timing metrics vary between geographic areas?

(2) What is the relative influence of storage-driven and intensity-driven meteorological
factors on event response metrics?

(3) Can drainage area, long-term climate variables, and site-specific physiographic variables
be used to predict typical (i.e., average, median) values of event response metrics and
their degree of temporal variability?

(4) Which event metrics are the most important for capturing the variability in site-specific

hydrologic response?
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2.2 Methods

2.2.1 Study sites

Twenty-one sites spanning four countries and seven geographic areas were selected for
this study (Figure 2-1). Three of those sites are in Canada, including the Hermine catchment in
the Lower Laurentians (HRM) in Quebec, the Lake 658 UP1 catchment at the 1ISD Experimental
Lakes Area in the Canadian Boreal Shield (UP1) in Ontario, and the Catfish Creek Watershed in
the eastern Prairies (CCW) in Manitoba. Nine sites are in the United States, namely the Panola
Mountain Research Watershed experimental hillslope (PMRW) in the Piedmont of Georgia and
eight nested catchments of the HJ Andrews Experimental Forest on the western slope of the
Cascade Range (HJA1-HJAS8) in Oregon. The Tarrawarra catchment (TRC) is in south-eastern
Australia, while eight nested catchments of the Mahurangi River Catchment (MRC1-MRCS8) are
located in New Zealand near Auckland. The selected sites vary in drainage area, climate regime,
topography, land cover, and subsurface properties. Each site has been the subject of substantial
hydrologic research and has been described in detail by others (Ali & Roy, 2010b; McKee &
Druliner, 1998; Oswald et al., 2011; Ross et al., 2017; Tromp-van Meerveld et al., 2008; Western
& Grayson, 1998). Site characteristics, including drainage area, physiographic variables (i.e.,
relief, mean slope, and standard deviation of the slope), and long-term climate variables (i.e.,
mean annual values of temperature, potential evapotranspiration, and total precipitation) were
derived from available meteorological and elevation data. The annual PET for each site was

determined by summing monthly PET estimated using the Thornthwaite equation (Thornthwaite,
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1948). Major regional and site-specific characteristics are summarized in Figure 2-1 and Table

2-1.

Canada
ﬁ:{; UP1

Climate

Boreal cold temperate

Maritime
Humid continental

Warm humid maritime

United States

Land cover
Forested (black spruce)

Forested (douglas fir)
Forested (deciduous)

Rangeland to forested

Australia

Soils
Acidic Brunisols

Inceptisols
Utisols and Inceptisols

Yellow Ultic

New Zealand

MRC

Parent material
Granite

Volcanic rocks
Panola granite

Sandstone

Figure 2-1. Location of the seven geographic areas in four countries. For both the MRC and

HJA study areas, eight nested catchments were selected. Abbreviated site names and site-specific
dominant climate type, land cover, soils, and parent material are colour-coded by study area.
Refer to the text for full, non-abbreviated study area names. For the TRC site, Duplex refers to

soils with contrasting textures across soil horizons.
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Table 2-1. Site-specific drainage area (DA), topographic characteristics and mean annual values
of temperature (T), potential evapotranspiration (PET), precipitation (P), and proportion of P that
is rainfall (Prain). MRC1 through MRC8, and HJAL through HJAS, refer to nested catchments in

the MRC and HJA study areas. SD: standard deviation.

DA (km?) R(er::;*f Sl“é's:r(‘o) SIO?:)E 0| TCO (Fr’nEnr) P (M) / Pram

PMRW | 1.0x10° | 125 13.0 35 174 835 1240/1.0
HRM 0.05 27.0 0.2 0.2 6.9 508 1150/0.7
UP1 0.08 63.1 11.2 10.3 32 451 708/0.75
TRC 0.11 34.3 31 22 15.6 724 820/ 1.0

ccw | 14532 | 770 0.4 0.7 22 444 530/ 0.8

MRC1 | 051 104.8 14.2 6.6 15.6 716 1600/ 1.0
MRC2 | 071 1164 | 17.0 756 15.6 716 1600/ 1.0
MRC3 | 230 | 1136 134 71 15.6 716 1600/ 1.0
MRC4 | 263 | 2108 15.2 8.1 15.6 716 1600 /1.0
MRC5 | 265 155.1 145 6.4 15.6 716 1600 /1.0
MRC6 | 2.96 73.1 5.7 49 15.6 716 1600 /1.0
MRC7 | 461 30.1 8.2 77 15.6 716 1600/ 1.0
MRC8 | 2480 | 286.6 11.9 7.4 15.6 716 1600/ 1.0
HIAL 0.13 1203 | 231 6.8 75 489 2300/ 0.80
HIA2 0.15 1551 | 212 72 71 475 2300/ 0.80
HIA3 0.21 126.6 195 10.1 738 492 2200/ 0.80
HIA4 060 | 4320 | 242 8.8 8.7 525 2500/0.75
HIAS 096 | 4083 | 231 93 8.9 528 2600/0.75
HIAG 101 | 2766 | 524 23.9 8.7 523 2400/0.75
HIAT 1436 | 8607 | 212 9.9 8.8 527 2600/ 0.60
HIAS 6242 | 12060 | 207 10.2 7.4 485 2400/0.75

2.2.2 Data processing

Rainfall and discharge records were analyzed to identify rainfall-runoff events for each
site. Records varied in length (from 6 months to 5 years) and observation frequency (from 1
minute to 1 hour). High-frequency observations were aggregated to 1 hour to ensure consistency

49



across sites. The MATLAB toolbox HydRun (Tang & Carey, 2017) was used to identify runoff
events and match them with associated rainfall events. Runoff events were identified based on
hydrograph shape and may include single or multiple runoff peaks (Tang & Carey, 2017).
Rainfall events were defined as adjacent rainfall observations separated by a rainless period that
exceeded a user-defined duration (Tang & Carey, 2017). For each site, a unique rainless period
duration was selected (between 4 and 48 hours) and visually confirmed following event
delineation. It should be noted that while snowmelt is hydrologically significant for some of the
examined sites, only rainfall-triggered events were considered to maintain consistency among
sites and to limit the scope of the current study. Rainfall-runoff events with a runoff ratio value
above 1 or with a hydrograph response that preceded rainfall were assumed to be a result of
delineation errors or an indication of rain-on-snow events and were, therefore, discarded. Multi-
peak runoff events were also checked, manually, to ensure that they were matched with the
appropriate rainfall events. In total, 1,641 rainfall-runoff events were retained for further
analyses, with the number of events per site ranging from 13 to 134. Examples of rainfall-runoff
events for each site are featured in Figure 2-2 to illustrate typical response dynamics, i.e.,
dynamics prevailing when the total rainfall amount is close to the average total event rainfall.
This average total event rainfall (i.e., arithmetic mean) was computed across all of the events
delineated for each site. Figure 2-2 shows that typical response dynamics vary widely across
sites, not only in terms of absolute peak discharge values but also with respect to the

presence/absence of multiple peaks and the flashiness of the hydrograph.
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Figure 2-2. Site-specific examples of rainfall-runoff events delineated using HydRun. Event hyetograph and hydrographs are
represented using bar and line charts, respectively, and are shown to illustrate typical hydrological dynamics in response to “average”

event rainfall amounts (see text). R: rainfall; Q: discharge.
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For each of the identified rainfall-runoff events, response magnitude, and response timing
metrics were derived (Figure 2-3 — arrow 1). Response magnitude metrics include the runoff
ratio (RR), peak discharge (Qmax), total runoff (Qror), and initial abstraction (lass), while
response timing metrics include the response lag (Tcr), time of rise (Ty), lag-to-peak (Tve),
centroid lag (T.c), and time of concentration (T¢) (Table 2-2). Event-specific storage- and
intensity-driven meteorological factors were also derived using site-specific rainfall and
temperature records (Figure 2-3 — arrow 2). Storage-driven meteorological factors include the
total event rainfall (Rtot) and cumulative rainfall over a range of antecedent temporal windows
(AR values computed over x days before the event, with x varying between 1 and 30).
Compound storage-driven meteorological factors (e.g., Rror+tAR7) were also estimated to
account for both event rainfall and antecedent moisture conditions. For intensity-driven
meteorological factors, Rror was divided by the rainfall event duration to determine the average
event rainfall intensity (Rlave). Hourly rainfall intensities were examined to identify the
maximum event rainfall intensity (Rlmax). Temperature data were used to derive potential
evapotranspiration over a range of antecedent temporal windows (APETx — see above for details
on antecedent window) using the Hargreaves equation (Hargreaves & Samani, 1982). Notably,
while daily temperature data facilitated the estimation of APETx via the Hargreaves equation for
the observation periods, longer-term daily temperature data records were not available for all
sites, which is why mean annual PET (Table 2-1) was estimated using the Thornthwaite

equation.
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Figure 2-3. The methodological approach that was taken in this study. Numbered arrows represent key steps for cross-referencing
with text. Elements connected to Steps 5a and 5b indicate input data for partial correlation analysis. See text and Table 2-2 for full
names of response metrics and meteorological factors. CV: coefficient of variation; max.: maximum; med.: median; min.: minimum.
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Table 2-2. Metrics used to describe event response.

Response metric ‘ Definition
Response magnitude metrics
Runoff ratio (RR) The fraction of event rainfall that becomes runoff
Peak discharge (Qmax) Area-normalized maximum event discharge
Total runoff (Qror) Area-normalized total event discharge

Storage deficit satisfied before hydrograph response, estimated as the

Initial abstraction (laxs) amount of event rainfall occurring before the initial hydrograph rise

Response timing metrics

Response lag (Tir) Time elapsed between the beginning of rainfall and the initial hydrograph

rise

Time of rise (T,) T_|me elapsed between the beginning of hydrograph rise and peak
discharge

Lag-to-peak (Tvp) Time elapsed between the beginning of rainfall and peak discharge

Centroid lag (T.c) Time elapsed between the centroid of the hyetograph and the centroid of
the hydrograph

Time of concentration (T) :;:Isrroi r?Slgpsed between the end of rainfall and the end of hydrograph

2.2.3 Statistical analyses

In relation to the first research question, the variability in site-specific response metrics
was assessed using boxplots and summary statistics including the mean, median, minimum,
maximum, standard deviation, and coefficient of variation across all events (Figure 2-3 — arrow
3). Scatter plots were also built to compare site-specific coefficients of variation for response
metrics and coefficients of variation for meteorological factors. This was done to examine
whether individual sites tend to have greater variability in response metrics than in
meteorological factors, or vice versa.

In relation to the second research question, for each site, the relative influence of storage-
and intensity-driven meteorological factors on response metrics was evaluated via variation
partitioning. Variation partitioning is typically used to separate the variation of response

variables according to the influence of sets of explanatory variables using a series of regressions
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or canonical analyses (Ali et al., 2010; Borcard et al., 2011). Here, variation partitioning was
used to determine the proportion of variation in response metrics that is: (1) explained uniquely
by storage-driven meteorological factors (pure storage effects); (2) explained uniquely by
intensity-driven meteorological factors (pure intensity effects); (3) jointly explained by storage-
and intensity-driven meteorological factors (combined storage-intensity effects); (4) unexplained
by either storage- or intensity-driven meteorological factors (Figure 2-3— arrow 4). Variation
partitioning was performed three times to evaluate differences in variability based on the type of
response metric considered: first considering all response metrics, then response magnitude
metrics only, and then response timing metrics only. Analyses were carried using functions from
the Vegan package (Dixon & Palmer, 2003; Oksanen et al., 2007) in the R environment (R Core
Team, 2017).

In relation to the third research question, partial Spearman correlation coefficients were
computed. Partial correlation analyses quantify the strength of a relationship between two
variables while removing the influence of a set of other variables (Sokal & Rohlf, 1995). Here,
partial correlation analyses were performed between summary statistics of response metrics (i.e.,
minimum, maximum, mean, median, and coefficient of variation computed across all events at
each site) and site characteristics (Figure 2-3— arrow 5a). Each site characteristic (from Table
2-1) was considered while removing the influence of the remaining site characteristics (e.g., a
partial correlation coefficient was computed between mean RR and drainage area while
controlling for all the other physiographic variables and long-term climate characteristics listed
in Table 2-1). Similarly, partial correlation coefficients were computed between variation
partitioning proportions and site characteristics (Figure 2-3 — arrow 5b) to evaluate if the

influence exerted by storage- and intensity-driven meteorological factors on response metrics is,
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itself, dictated by site characteristics. All partial Spearman correlation coefficients (hereafter
referred to as rho values) were derived using functions from the MATLAB® statistics toolbox.
Lastly, to address the fourth research question, principal component analysis (PCA) was
used to identify the response metrics that best capture response variability (Figure 2-3 — arrow 6).
PCA synthesizes data into a set of compound ordination axes, the principal components (PCs),
which are uncorrelated and are ordered based on the proportion of variance captured from the
original data (Legendre & Legendre, 2012). Here, site-specific analyses were performed,
whereby the data fed into each PCA comprised all event response metrics for a given site. The
first three PCs were retained so that a high percentage of response variability could be captured
(>70%). One of the advantages of PCA is that it produces a PC loading matrix that quantifies the
contribution of each original variable to the variance explained by each PC (Legendre &
Legendre, 2012). Response metrics with loading values of |0.45| or more on at least one of the
first three PCs were selected as the metrics that best capture response variability. Site-specific
PCA was done using functions from the Vegan package in R (Dixon & Palmer, 2003; Oksanen et

al., 2007).

2.3 Results

2.3.1 Variability in event meteorological factors and response metrics

Summary statistics of event-specific storage- and intensity-driven meteorological factors

varied significantly across sites (Table 2-3 and Table 2-4). For storage-driven factors, the median

Rrot was highest for the HJA sites (> 53.4 mm) and lowest for the CCW (5.6 mm). Rtot was
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most variable at the CCW and MRC sites, and least variable at the PMRW, as indicated by the
coefficient of variation values (Table 2-3). Medians of AR7 were greatest for the HJA sites (>
28.0 mm) and lowest for the CCW (5.7 mm). AR7 was most variable at the MRC sites and least
variable at the TRC, as indicated by coefficients of variation (Table 2-3). For intensity-driven
meteorological factors, APET7 had relatively low temporal variability for most sites, with the
highest median values at the PMRW and CCW. Median values of Rlave and Rlmax were
greatest at the PMRW site (Rlave: 1.3 mm/hr, Rlmax: 10.2 mm/hr) and lowest at the UP1 site
(Rlave: 0.2 mm/hr, RImax: 1.9 mm/hr). Variability in Rlave and Rlmax, portrayed by
coefficients of variation, was greatest at the HRM and MRC4 sites, respectively, and lowest at

the HJA sites.
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Table 2-3. Site-specific event summary statistics for select storage-driven meteorological factors. med: median, min: minimum, max:

maximum, CV: coefficient of variation. Refer to the text for the meaning of other abbreviations.

Rtot (mm) AR, (mm) Rtor + AR7 (mm)
Mean Med. Min. Max. cVv Mean Med. Min. Max. cVv Mean Med. Min. Max. CcVv

PMRW | 36.3 39.9 16 66.5 0.5 30.2 18.8 53 67.6 0.8 66.5 68.8 264 103.1 0.4
HRM 29.7 27 7 95 0.7 22.1 19 0 91 0.9 51.8 43.5 12 142 0.5
UP1 294 22.1 1 92.2 0.8 16.8 9.9 0.1 511 0.9 46.1 46.6 4.7 143.3 0.7
TRC 30.9 25.2 5.2 85.4 0.8 19.5 15.8 3 62.4 0.7 50.5 334 16.4 1478 0.7
CCwW 12.6 5.6 0.6 82.4 1.2 114 5.7 0 54.6 1.2 24 141 1.2 120.4 11

MRC1 33.4 28.2 6 105.4 0.6 39.8 30.7 1.2 161.4 0.9 73.2 61.1 18 266.8 0.6

MRC2 32.2 21.2 4.8 146 32.7 20.8 0 156 11 65 50.4 11 246.4 0.8

MRC3 38.6 24.7 1.8 230.8 34.6 22.4 0 211 1.2 73.2 53.4 13.6  345.6 0.8

MRC4 38.4 25.2 2.2 171.6 47.3 24.2 282.8 11 85.8 63.1 9.2 286.2 0.8

MRC5 30.4 21.3 4.4 141 33.9 20.7 152 1 64.3 52.1 6.2 280.8 0.8

MRC6 31 19.8 1.8 278.8 13 43.5 22.9 279 13 74.6 53.3 10 555.6 1

MRC7 36.9 244 4.6 249.4 11 37.8 21.6 208.8 11 4.7 57.9 12.4 326 0.9

MRC8 36.3 23 1.2 276.8 11 37.2 23.4 211.4 1.2 73.6 54.4 7.2 285.4 0.8
HJA1 | 1184 949 11.1 4498 0.8 40.8 30.3 306.5 1 159.2 1316 214 756.3 0.8
HJA2 115 87.2 3 458.6 0.9 43.9 29.8 306.2 1 159  136.6 6.9 756 0.8
HJA3 | 119.7 93.2 12.8  458.6 0.8 46.2 28 306.2 11 1659 1355 16.3 756 0.8
HJA4 | 101.3 875 18.7 3344 0.6 57 34.5 312.3 1 158.3 1427 351 4491 05
HJAS5 86.1 79.5 18.7  250.1 0.6 66.9 49.5 312.1 0.9 153 136.2 328 443 05
HJAG 76.3 53.4 4.5 334.4 0.9 52.8 32.1 312.3 1 129.1 1143 119 4491 0.7
HJA7 95.6 61.1 1.9 449.8 0.9 55.9 34.6 306.5 11 1515 1155 192 756.3 0.9
HJA8 93 75.4 7.5 438.7 0.8 47.2 29.9 312.3 11 140.2 1204 158 4744 0.6

R

o O
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Table 2-4. Site-specific event summary statistics for select intensity-driven meteorological factors. med: median, min: minimum,

max: maximum, CV: coefficient of variation. Refer to the text for the meaning of other abbreviations.

APET7 (mm) Rlave (mm/hr) Rlmax (mm/hr)

Mean Med. Min. Max. Ccv Mean Med. Min. Max. cv Mean Med. Min. Max. Ccv

PMRW | 16.3 14.4 4.2 31.3 0.4 1.5 1.3 0.3 3.6 0.6 11.1 10.2 3.3 35.1 0.8
HRM 5.2 5.2 0.5 10.6 0.6 2.1 1.2 0.1 12 1.3 8.3 6 1 38 0.9
UP1 3.7 3.7 0.6 7.6 0.6 0.3 0.2 0 1.6 1.1 2.9 1.9 20.8 1.4

TRC 3.3 2.6 1.6 6.9 0.5 0.3 0.2 0.1 0.8 0.6 4 3.4 1.2 13.4 0.6

CCcw 10 10.6 2.9 16.6 0.4 0.6 0.4 0 3.3 1 3.9 2.2 0.4 15.4 1
MRC1 4.9 3.8 1.9 14 0.6 1 0.8 0.3 4 0.7 7.9 6 2.6 47.8 0.9
MRC2 4.8 4.2 1.8 12.9 0.5 1.2 0.9 0.2 10 1.1 6.9 5.4 1.8 23 0.7
MRC3 5.8 4.7 2 15.8 0.5 1.1 0.7 0.2 6.6 0.9 8.2 5.6 1.6 32.8 0.8
MRC4 55 4.5 1.9 13.4 0.5 1.3 0.9 0.1 10.4 1.1 7.7 6.3 0.6 48 2.9
MRC5 5.2 4 1.8 14 0.6 0.6 0.2 5.3 1 6.3 5.3 1.2 20 0.6
MRC6 5.1 4.1 1.8 13.5 0.5 0.7 0.1 5.5 0.9 7.1 55 0.6 31.8 0.8
MRC7 5.4 4.5 2.1 11.8 0.5 1.3 1 0.2 5.3 0.7 7.4 6 1.8 23.2 0.7
MRC8 5.1 4.4 1.8 13.5 0.5 1.1 0.9 0 5.5 0.8 7.7 5.6 0.4 45.2 0.9
HJAL 7.6 5.8 0.3 22.7 0.7 0.6 0.6 0.1 1.6 0.5 5.4 4.9 1.1 10.8 0.4
HJA2 8.8 6.3 0.9 28.4 0.8 0.6 0.6 0.1 2.3 0.6 5.2 4.8 0.8 10.8 0.4
HJA3 8 5.6 0.8 25.6 0.8 0.7 0.6 0.1 1.6 0.5 5.2 4.8 1.1 10.8 0.4
HJA4 7.8 55 1.3 25.4 0.7 0.9 0.8 0.3 3.3 0.5 5.8 5.1 2.3 13.7 0.4
HJA5 8.4 5.6 1.5 29.7 0.8 0.9 0.7 0.2 3.3 0.6 5.4 4.8 2 13.7 0.4
HJAG 9.9 6.4 1.4 33.3 0.8 0.8 0.6 0.2 3.3 0.7 5 4.6 1.3 13.7 0.5
HJA7 10.2 6.9 0.9 37.1 0.9 0.7 0.6 0 1.9 0.6 4.9 4.2 1 10.8 0.5
HJA8 10.8 7.5 1.5 38.6 0.8 0.8 0.7 0.1 3.3 0.6 5.4 4.8 1.8 13.7 0.4
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Mean RR (computed across all observed events) was 0.02 at the PMRW site, 0.31 at the
HRM site, 0.21 at the UP1 site, 0.30 at the CCW site, 0.23-0.39 at the MRC sites, and 0.14-0.34
at the HJA sites. Other summary statistics of event response metrics are presented through
boxplots in Figure 2-4. The RR metric was the least variable across sites, with medians between
0.09 and 0.38 — except for the PMRW which had a smaller median RR. T¢ medians ranged
between 41 and 69 hours at most sites but were generally lower at the PMRW, HRM, and CCW
sites. Values of T¢ were quasi-constant at the HRM, TRC, and CCW, while T varied more at
other sites. Pronounced inter-site differences were observed with other metrics. For QTor,
medians and interquartile range were largest for the HJA sites (median > 5.6 mm) and smallest
for the PMRW (median = 0.04 mm). Similarly, medians of lass were the greatest for the HIA
sites (> 7.6 mm) and the smallest at the CCW (1.0 mm). The interquartile range for lans was
largest for the HJA sites and smallest for the MRC sites. The medians and inter-quartile range for
Qmax were the largest for the MRC sites and noticeably smaller for the PMRW, UP1, and CCW
sites. When comparing response timing metrics (other than T¢) across sites, the greatest median
values were observed for the HJA sites, notably for Tr (> 23.0 hours), Tr (> 19.0 hours), Tre (>
57.5 hours), and Trc (> 31.8 hours). The inter-quartile range for those response timing metrics
was largest at the HJA, UP1, and TRC, while medians and inter-quartile ranges were typically

smallest at the MRC, CCW, HRM, and PMRW sites.
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Figure 2-4. Boxplots showing temporal variability in response metrics at each site. The number
of events for each site is shown by n. Horizontal red lines in boxplots are the median values
computed across all events at each site and each box spans from the 25" to 75 percentiles.



Scatter plots comparing coefficients of variation of response metrics and meteorological
factors are displayed in Figure 2-5. Event RR typically varied more than meteorological factors
for the PMRW and TRC sites and was equally variable as meteorological factors for the HRM,
UP1, MRC, and HJA sites. The Qrtor and Qmax metrics were generally more variable than
meteorological factors, except for the UP1 site. The T.r metric varied more than meteorological
factors at the PMRW, HRM, UP1, TRC, and CCW sites, and was as variable as most
meteorological factors for the MRC and HJA sites. Similarly, T was more variable than
meteorological factors at the PMRW, HRM, TRC, and HJA sites, equally variable at the CCW
and MRC sites, and less variable at the UP1 site. The T_p metric was more variable than storage-
driven meteorological factors for the PMRW, HRM, and UP1 sites, equally variable as storage-
driven meteorological factors at the TRC and HJA sites, and less variable than storage-driven
meteorological factors at the CCW and MRC. Lastly, T was more variable than most
meteorological factors for the PMRW, UP1, and MRC4, while for remaining sites, T¢ was as

variable as most storage-driven meteorological factors.
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Points/circles are for individual sites and are color-coded by study area.

Figure 2-5. Scatter plots showing the relationship between the variability of response magnitude
and timing metrics (y-axis, shown via the coefficient of variation) and the variability of storage-

and intensity-driven meteorological factors (x-axis, shown as the coefficient of variation).




2.3.2 Influence of meteorological factors on event response variability

Variation partitioning showed that across sites, 50% or less of temporal variability in all
response metrics was explained by the storage- and intensity-driven meteorological factors
considered in the present study (Figure 2-6A). This means that a large proportion of the
variability in all response metrics was attributable to factors other than those considered in the
present study. The variability that could be explained was not controlled by the same factors at
all sites. For instance, at the CCW and MRCS8 sites, the temporal variability in all response
metrics was primarily attributable to pure storage effects, followed by combined storage-
intensity effects (Figure 2-6A). At other sites such as UP1, MRC1, HJIA4, HJA5, and HIJAS,
however, combined storage-intensity effects only explained a small proportion (< 3%) of the
variability in all response metrics.

When only response magnitude metrics were considered, the total proportion of
variability explained was higher than when all response metrics were considered, generally 50%
or more (Figure 2-6B). At the UP1, MRC2, MRC4, MRC6, MRC7, and all HJA sites, variability
in response magnitude was primarily attributable to pure storage effects, followed by combined
storage-intensity effects and then pure intensity effects. At the MRC1, MRC3, MRC5, MRCS8,
and CCW sites, however, combined storage-intensity effects explained most of the variability in
response magnitude metrics (Figure 2-6C). The temporal variability in response timing metrics
was the most difficult to explain, i.e., the analyses led to the lowest proportions of explained
variation (Figure 2-6C). Response timing variability at 17 of 21 sites was primarily attributable
to pure storage effects, followed by pure intensity effects and combined storage-intensity effects.

The only exceptions were the MRC1, MRC3, and MRCS5 sites where response timing variability
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was mostly due to pure intensity effects, and the CCW where combined storage-intensity effects

were the main source of response timing variability.
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Figure 2-6. Stacked bars indicating proportions of temporal variability in all response metrics
(A), response magnitude metrics only (B), and response timing metrics only (C) that are
explained (and unexplained) by pure storage effects, pure intensity effects, and combined
storage-intensity effects. When no bars are shown, collinearity between meteorological factors

was detected and variation partitioning was not performed.
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2.3.3 Influence of site characteristics on event response

Partial correlation coefficients (rho) between summary statistics of response metrics and
site characteristics are presented in Table 2-5. All correlations that were statistically significant at
the 95% level are reported, but only the strongest (here, [rho| > 0.65 are considered representative
of moderate to strong correlations) are discussed and interpreted below. Negative correlations
between summary statistics of response timing metrics and site characteristics were most
common: mean annual temperature and mean annual PET were strongly correlated with mean Ty,
Tep, and Tirc (rho <=-0.69); median TR, Tr, Tic, and Trp (rho <=-0.65); and maximum TR, TLc
and Trp (rho <=-0.68). Summary statistics of response magnitude metrics were generally
positively correlated with mean annual precipitation: those correlations were strongest for

maximum Qror (rho = 0.69).
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Table 2-5. Partial correlation coefficients (rho) between summary statistics of response metrics
and select site characteristics. Only statistically significant rho values at the 95% level (p < 0.05)
are displayed. Med.: median, Min.: minimum, Max.: maximum, CV: coefficient of variation,
DA: site drainage area, T: mean annual temperature, P: mean annual precipitation, PET: mean

annual potential evapotranspiration.

DA T P PET DA T P PET
RR Tie | -053 -0.64 -0.60
_ Qror 065 -0.48 T, -0.69 -0.76
§ Qwiax 056 0.50 Tee | -056 -0.79 0.76
Labs -0.53 -0.54 Tee -0.71 -0.72
T 0.59
] RR T | 057 -0.65 -0.62
_ Qror 0.56 T, -0.68 -0.75
g Qwax Tic 0.71 -0.74
]t -0.58 -0.54 Tee -0.67 -0.69
2 % T 0.57
] % RR 0.49 é Tir 054
3 | Qror 0.54 > | T -0.48 -0.70
; .5 Qmax g Tic
; labs 8 | Tw -0.48 -0.48
S 2 | T
1 2| rr € [ T. |-058 -073 -0.68
o
_ Qror 0.69 T, | 046 -0.63
g Quiax 0.57 Te | -063 -0.75 0.68
Labs 0.61 Tee | -0.55 -0.80 -0.81
T
] RR -0.50 Tir
Qror 0.50 0.55 T,
3 Quiax 0.58 0.60 Tec -0.56 -0.59
Labs Tip -0.63 -0.57
Te
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There were also statistically significant correlations between proportions of explained
variability in response metrics — obtained from variation partitioning — and all site characteristics
except relief and mean slope (Table 2-6). The strongest relationships were between the
importance of combined storage-intensity effects on response magnitude and mean annual values
of temperature (rho = 0.81) and PET (rho = 0.79). There were also strong, negative correlations
between the importance of pure storage effects on response timing and drainage area and mean
annual values of temperature and PET (rho <= -0.75). The proportion of variability in all
response metrics explained uniquely by storage-driven meteorological factors was strongly
correlated with drainage area (rho = -0.68), mean annual values of temperature (rho = -0.77), and
PET (rho = -0.78). There was also a strong correlation between the importance of combined

storage-intensity effects on response timing metrics and drainage area (rho = 0.77).

69



Table 2-6. Partial correlation coefficients (rho) between variation partitioning fractions and
select site characteristics. Only statistically significant rho values at the 95% level (p < 0.05) are
displayed. DA: site drainage area, SD Slope: standard deviation of site slope, T: mean annual

temperature, P: mean annual precipitation, PET: mean annual potential evapotranspiration.

Meteorological effects (or lack thereof) on event @
response variability (as estimated through L 128 o E
variation partitioning) @
9 Pure storage effects -0.68 -0.77 -0.78
g g Pure intensity effects
E’ S Combined storage-intensity effects 0.63 0.53 0.52
< Unexplained
9 Pure storage effects -0.55 -0.57
s=2¢8 Pure intensity effects -0.53
g’ g E Combined storage-intensity effects 0.59 0.81 0.79
Unexplained
2 o Pure storage effects -0.75 -0.78 -0.78
s 2= Pure intensity effects -0.51
g E E Combined storage-intensity effects 0.77
Unexplained

2.3.4 Metrics capturing the maximum variability in site-specific hydrologic response

The site-specific PCA of all response metrics revealed that between 73% and 96% of the
variance was captured by the first three PCs (Figure 2-7). Depending on the site considered, the
number of metrics with loadings of |0.45| or more on the first three PCs ranged between two
(PMRW) and seven (MRC1 and HJADS). For 14 out of 21 sites, response timing metrics were the
most important contributors to the first three PCs. However, for the MRC7, HIA7, and HIAS8
sites, the same numbers of response magnitude metrics and response timing metrics had high

loadings on the first three PCs. For the TRC, MRC4, and HJAS sites, it was mostly response
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magnitude metrics that had high loadings on the first three PCs. As a result, there was a large
range in the number of sites for which individual metrics were identified as the biggest
contributors to the first three PCs and hence deemed most important for capturing intra-site
(temporal) response variability. For response timing metrics, Tir, Trp, and T¢ were deemed most
important for 16, 16, and 15 sites out of 21, respectively. As for response magnitude metrics, laps
and Qrot were deemed important for capturing the temporal variability in hydrologic response
for 15 and 10 sites out of 21, respectively. Metrics RR and Qmax were deemed most important

for capturing response variability for less than 10 sites out of 21.
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Figure 2-7. Summary of principal component analysis results. Red and grey dots show response
magnitude and timing characteristics that have significant loadings (>|0.45|) on the first three
principal components (PCs). Red and grey bars show the relative importance of response versus

timing metrics as major contributors to the first three PCs. The total percentage of intrasite
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(temporal) variability in hydrograph response captured by the first three PCs is reported in the
“% EXP” column. The number of sites for which each metric was deemed most important for
explaining intrasite (temporal) response variability is reported in the “Total” (bottom) row. Refer

to the text for the meaning of abbreviations.

To take the results of PCA further, magnitude and timing metrics that were deemed most
important for capturing temporal variability in response across most sites were used to classify
rainfall-runoff events. Site-specific scatter plots were built, where response magnitude and
timing metrics were plotted on the x- and y-axis, respectively. Plot axes ranged from 0 to the 75%
percentile plus 1.5 times the inter-quartile range of each site-specific metric to capture most
events while excluding outliers. Each axis was then split by the median of the corresponding
metric, resulting in a four-quadrant empirical classification space indicating whether an event
response could be labelled as a) low magnitude and fast timing; b) low magnitude and slow
timing; ¢) high magnitude and fast timing, or d) high magnitude and slow timing. The
classification space was used to identify the dominant event type at each site and not to assess
any causal relationship between response magnitude and timing. Event classification using lans
and Trr (Figure 2-8) showed that across most sites, low magnitude and fast timing events (i.e.,
events plotting in the lower left quadrant) were dominant. This was particularly visible at the
HRM, TRC, CCW, and MRCS8 sites where median values of las and T r were small — compared
to the range of observed values. The second most common event type was high magnitude and
slow timing (i.e., events plotting in the upper right quadrant), and for many sites, multiple events
plotted directly on quadrant boundaries. When event classification was done using Qror and Trp

(Figure 2-9), low magnitude and fast timing events were dominant at all sites except the PMRW
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where low magnitude and slow timing events were the most numerous. Generally, high
magnitude and slow timing events were also common — except for at the PMRW, TRC, CCW,
MRC1, MRC3, and MRC4 sites where low magnitude and slow timing events were more
numerous. This qualitative analysis, therefore, revealed some commonalities between sites — in
terms of dominant event types —, although results for the PMRW, UP1, and TRC sites need to be
interpreted with caution due to their relatively smaller number of events considered in the current

paper, compared to other sites.
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Figure 2-8. Site-specific scatter plots showing laps (X-axis) and Tr (y-axis) response metrics. Black dots are for individual rainfall-
runoff events, while red lines are the median values of magnitude and timing metrics across all events. Axes maxima are limited to the
75" percentile + 1.5 interquartile range. Low- and high-magnitude events are located to the left and right of the vertical red lines,
respectively. Fast- and slow-timing events are located below and above the horizontal red lines, respectively. Green and yellow boxes
indicate quadrants containing the largest and second-largest number of events, respectively. Refer to Table 2-2 for metric definitions.
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Figure 2-9. Site-specific scatter plots showing Qrot (x-axis) and Trp (y-axis) response metrics. Black dots are for individual rainfall-

runoff events, while red lines are the median values of magnitude and timing metrics across all events. Axes maxima are limited to the

75" percentile + 1.5 interquartile range. Low- and high-magnitude events are located to the left and right of the vertical red lines,

respectively. Fast- and slow-timing events are located below and above the horizontal red lines, respectively. Green and yellow boxes

indicate quadrants containing the largest and second-largest number of events, respectively. Refer to Table 2-2 for metric definitions.
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2.4 Discussion

2.4.1 Controls of spatial variability in event response

Evaluating the predictability of event response metrics from site characteristics led to
interesting findings about controls of spatial variability in event response, especially given the
comprehensive character of the datasets relied upon in the current study. Indeed, despite
differences in record length for the data examined here, the events captured for each site were
very diverse and a reflection of wide-ranging conditions. Event-specific response metrics and
meteorological factors varied significantly for most sites, as shown by site-specific boxplots
(Figure 2-4) and coefficients of variation (Table 2-3 and Table 2-4). Research previously carried
out at the 21 sites included in the current study reported comparable results for one key response
metric, namely the runoff ratio or RR. The literature reports that mean event RR ranged from
0.0004 to 0.098 for the PMRW site (Tromp-van Meerveld & McDonnell, 2006b). Mean event
RR was 0.30 at the HRM site (Ali et al., 2010) and 0.22 at the UP1 site (Oswald et al., 2011),
and it was typically below 0.3 at the TRC site (Woods et al., 2013) and below 0.46 at the MRC
sites (McMillan et al., 2014). Event RR ranged from 0 to 0.57 for HJA sites (Graham &
McDonnell, 2010). Research works published for those study sites, however, typically did not
report other response magnitude or timing metrics, preventing further comparisons between our
findings and previously published work.

In relation to controls of spatial variability on event response, it was mostly response
timing metrics that were strongly correlated with site characteristics. The strongest of those

correlations were negative and involved mean annual temperature and mean annual PET. Other
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studies have reported negative correlations between mean RR and mean annual PET (e.g., Merz
& Bloschl, 2009). Negative correlations between mean annual temperature or PET and summary
statistics of timing metrics suggest that sites with typically slower timing events have relatively
high mean annual temperature and PET estimates, and vice versa. This result highlights
differences in storage deficits needing to be met before flow is generated.

The results from the nested sites (i.e., HJA and MRC sites sorted in order of increasing
drainage area) did not suggest any strong control exerted by watershed size on event response
(Figure 2-4). While other studies reported positive correlations between drainage area and RR,
Qmax, Tic, and Tip values (Acreman & Sinclair, 1986; Dingman, 2015; Holtan & Overton,
1963), such correlations were either not statistically significant or not strong in the present study
(Table 2-5). The lack of statistically significant correlations between drainage area and metrics
such as RR and Qmax might simply be because those metrics were area-normalized. As for
positive correlations between drainage area and response metrics such as Tic, Trp, and TR,
while they make sense because the time taken for rainfall to be routed to a channel and
subsequently a watershed outlet is often greater for sites with larger drainage areas (Dingman,
2015), they were not found in the present study. It has long been acknowledged that the
relationship between drainage area and rainfall-runoff processes is difficult to interpret due to a
lack of uniformity within the landscape and because drainage area is related to other
physiographic characteristics (Gregory & Walling, 1973). Thus, some have suggested that
relationships between drainage area and response metrics are influenced by other factors like
catchment morphology and network complexity (Beven et al., 1988). The methodological
approach adopted in the current study did not allow us to confirm this, despite the reliance on

partial correlation analysis and the consideration of physiographic variables such as elevation
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range and standard deviation of the slope as indicators of topographic heterogeneity. It is also
worth mentioning that partial correlation analysis was done both using area-normalized metrics
(data shown in this paper), and metrics that were not area-normalized (data not shown in this
paper). The results of those two sets of analyses were not significantly different and hence led to
similar interpretations. The lack of correlations with drainage area or physiographic variables in
the present study suggests that landscape characteristics alone cannot be used to predict either
typical event response characteristics (i.e., mean and median metric values), or extreme event
characteristics (i.e., minimum and maximum metric values), or the degree of event response
temporal variability (i.e., coefficient of variation of metrics across all events).

There are several possible explanations for the lack of interpretable correlations between
response metrics and physiographic variables. First, some have argued that controls on
hydrological responses are interacting (Merz & Bléschl, 2009; Yadav et al., 2007) or hierarchal,
with climatic controls taking precedence over geology, soil characteristics, and topography
(Devito et al., 2005). Given the wide range of climatic conditions present across study sites, it is
perhaps not surprising that physiographic controls were not dominant predictors of typical event
response. Second, it has been proposed that there are three first-order controls on streamflow
characteristics within a given climatic regime: the T3 template of typology, topography, and
topology (Buttle, 2006). However, the methodology adopted in the present study did not allow a
full application of the T template: the physiographic variables considered here (i.e., drainage
area, relief, slope) encompass topography, but they do not explicitly account for differences in
drainage network connectivity (topology) or partitioning between vertical and lateral flowpaths
(typology), which are known to influence event response characteristics. Besides, the

consideration of the spatial arrangement (i.e., areal extent and adjacency) of different types of
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parent material, vegetation, soil texture, or percentages of soil organic matter content may have
led to different correlation results. Such physiographic variables were not considered in the
present study due to the difficulty in quantifying them with consistent data and methods across

all sites.

2.4.2 Controls of temporal variability in event response

One of the research questions listed at the beginning of the current paper targeted the
evaluation of the relative influence of storage- and intensity-driven meteorological factors on
event response metrics, which had not been pursued before via variation partitioning. While
variation partitioning has a relatively long history (Borcard et al., 1992), having been applied in
thousands of ecological studies to model species-environment relationships (Peres-Neto et al.,
2006), hydrological applications remain rare (e.g., Ali et al., 2010). Similarities can be drawn
across applications — for example, variation partitioning exercises in natural systems often
highlight a large portion (~50 %) of unexplained variability, regardless of the explanatory
variables considered (Ali et al., 2010; Borcard et al., 1992; Borcard & Legendre, 1994). Hence,
the results from the variation partition analyses performed in the present study are not unusual,
with proportions of unexplained variability near or sometimes above 50% (Figure 2-6).
Regardless of whether variation partitioning was performed considering all response metrics,
magnitude metrics only, or timing metrics only, response variability was largely explained by
pure storage effects for most sites. This finding is certainly aligned with countless other studies
which have identified the importance of storage effects in explaining response variability in a

wide range of environments (e.g., Bishop et al., 2011; McNamara et al., 2011; Oswald et al.,
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2011; Seibert et al., 2011; Shaw et al., 2012; Spence, 2007; Tromp-van Meerveld & McDonnell,
2006b, 2006a). However, in the present study, pure-storage effects were not always the most
important for explaining response variability: combined storage-intensity effects or pure intensity
effects were deemed important at some sites to explain variability in response magnitude and
timing metrics. It is also clear that combined storage-intensity effects often explained more
variability in response magnitude metrics than pure intensity effects, and the reverse was true for
response timing metrics. This suggests that intensity-driven meteorological factors, individually
and in combination, are important for explaining variability in response metrics for many
environments, including some with highly contrasted climatic and physiographic characteristics.
At the event scale, intensity-driven meteorological factors are most commonly explored in
circumstances where infiltration-excess overland flow is known or thought to dominate (Horton,
1933), which is usually the case in semi-arid to arid (e.g., Cammeraat, 2002) or in infiltration-
limited (e.g., Granger et al., 1984, 1984) environments. The current study, however, shows that
even at sites where saturation-excess flow processes have been observed, (e.g., sites such as the
HRM, MRC, and UP1; Ali et al., 2011, McMillan et al., 2014, Oswald et al., 2011), pure
intensity effects or combined storage-intensity effects were quantifiable (Figure 2-6).

The notion of combined storage-intensity effects is interesting, from a process standpoint,
as it may either reflect additive (cumulative) influences of different types of meteorological
factors or effects that are synergistic or interactive. However, from a statistical standpoint,
interpreting combined storage-intensity effects is not straightforward as variation partitioning
does not permit combined effects to be tested for statistical significance (Borcard et al., 1992).
The statistical literature also insists that combined effects in variation partitioning analyses do

not necessarily imply the interaction of terms, as is the case in ANOVA-like analyses, for
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instance (Peres-Neto et al., 2006). Drawing from the ecological literature, it may also be the case
that combined-effects reflect indirect links, i.e., cases where factors X and Y might be
uncorrelated to one another but may both be influenced by the same third factor Z, thus creating
apparent joint or combined effects (Borcard & Legendre, 1994). For the present study, based on
previous statistical literature (Borcard et al., 1992; Borcard & Legendre, 1994; Gilbert &
Bennett, 2010), it is hypothesized that combined storage-intensity effects represent redundancy
in response variation that is explained by both pure storage effects and pure intensity effects. The
present study results not only seem to indicate that intensity-driven meteorological factors are
important for explaining response variability, but also that the relative importance of storage-
driven and intensity-driven meteorological effects on response variability can be predicted from
select site characteristics. For example, drainage area and mean annual values of temperature and
PET were strong predictors of the effects of meteorological factors on response variability. More
specifically, drainage area was positively correlated with combined storage-intensity effects on
response timing metrics (Table 2-6), hinting that the larger the watershed, the greater the
combined influence of storage-driven and intensity-driven meteorological factors on the timing
of hydrologic response. Mean annual values of temperature and PET were positively correlated
with combined storage-intensity effects on response magnitude metrics (Table 2-6), suggesting
that the drier the climate, the more likely it is for joint storage and intensity effects to determine

the magnitude of hydrologic response.
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2.4.3 Effectively capturing the spatio-temporal variability in event response

Through PCA it was possible to assess which event metrics are most important for
capturing variability in hydrologic response. The present study underlined that for every single
site considered, multiple metrics were needed to capture dominant patterns of variability in event
response. While site-specific temporal response variability was overwhelmingly captured by the
first three PCs (Figure 2-7), the number of response metrics needed to do so changed drastically
across sites. For the PMRW site, for instance, temporal variability in event response was best
captured by timing metrics only, suggesting similar response magnitude metrics across events.
For all other sites, however, both magnitude and timing metrics were identified as necessary to
capture the maximum amount of variability in event response: those metrics illustrate not only
runoff generation but also the distribution of runoff over time, which are key elements of the
rainfall-runoff transformation process (Beven, 2011). In the literature, response timing has been
described as a reflection of catchment or hillslope wetness conditions (Ali et al., 2010; Carey &
Woo, 2001; Dingman, 2015), and a large body of work has demonstrated the significant
influence that those conditions exert on event response (Ali & Roy, 2010a; Anderson & Burt,
1978; Biron et al., 1999; Bonell, 1993; Grayson et al., 1997; James & Roulet, 2009). PCA results
from the current study are consistent with the published literature, in that they show response
timing metrics to be critical in the characterization of response variability. For all sites, multiple
response timing metrics were needed to capture most of response variability, thus hinting at
different aspects of the rainfall-runoff transformation process being worth consideration. Across
sites, TLr and Trp were often highlighted as important for capturing response variability, which

is evidence of the role of antecedent moisture conditions and hydrologic abstractions that may
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affect the initiation of runoff (TLr) and peak runoff. At some sites, T was important for
capturing variability in hydrological responses, suggesting that drainage and recession dynamics
are also important to consider when evaluating rainfall-runoff dynamics. Very few response
magnitude metrics had loadings greater than |0.45]| for the first three PCs, but one notable
exception was lans, Which implies that the storage deficit that needed to be satisfied before runoff
initiation was important for explaining response variability at many sites. Key response
magnitude and timing metrics also proved useful for event classification, as they helped identify
that event response is predominantly low magnitude and fast timing, or high magnitude and slow
timing (Figure 2-8 and Figure 2-9). Worth mentioning is the fact that many of the key response
timing and magnitude metrics (i.e., TLr, Trp, labs and Qrot) identified in the present study via
PCA are not the same metrics that are most commonly used in the literature. Indeed, only select
studies have used multiple response metrics to characterize event response (e.g., Ali et al., 2010;
Carey & Woo, 2001; Post & Jakeman, 1996) and the vast majority have used individual response
magnitude metrics, particularly RR and Qmax. In the present study, RR and Qmax were only
important for capturing response variability at five and nine sites out of 21, respectively. While
RR and Qmax have proven useful in other efforts, they appear to be less effective than other
response magnitude metrics — particularly las and Qrot — for representing response variability

from one event to another.

2.5 Conclusion

This study used a data-driven approach to understand spatial and temporal variability in

hydrologic response across 21 sites with contrasting drainage area, topography, climate, and
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geology to investigate how controls on these responses vary across sites. Key findings from this
study include:

(1) Differences in the variability of event response metrics across sites were more
pronounced for response timing metrics, compared to response magnitude metrics.

(2) For most sites, combined storage-intensity effects explained a large portion of the
variability in both response magnitude and response timing metrics, highlighting the
importance of explicitly considering intensity effects in hydrologic studies.

(3) Climatic variables (mean annual temperature and potential evapotranspiration) were
strong controls in predicting typical values of events response metrics and their degree of
temporal variability. Physiographic characteristics were less frequently correlated to
summary statistics of response metrics, suggesting that physiographic characteristics
alone do not effectively account for the variability in hydrologic response.

(4) Response timing metrics, especially those related to runoff or hydrograph response
initiation, were critical for capturing variability in site-specific hydrologic response. This
hints at the importance of data-driven approaches for selecting appropriate response
metrics for hydrological process conceptualization and inter-site comparisons, as opposed
to relying on the most commonly used metrics in the literature.

(5) The predominant event response type across sites could be qualitatively described as low
magnitude and fast timing, or as high magnitude and slow timing, despite significant
differences in climate and physiography across sites.

Overall, the present study contributes to the growing knowledge of event-specific hydrologic
responses and their controls. It is recommended that similar studies be done across a greater

number of geographic areas using even larger datasets comprising sub-daily records over
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multiple years: such studies could further the evaluation of magnitude versus timing metrics,
confirm the dual importance of storage-driven and intensity-driven meteorological factors, and

better quantify landscape-hydrology interactions.
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CHAPTER 3. EVALUATING THE UBIQUITY OF
THRESHOLDS IN RAINFALL-RUNOFF RESPONSE

ACROSS CONTRASTING ENVIRONMENTS
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3.1 Introduction

Studies examining hydrologic response to climatic inputs at hillslope and small
catchment scales have shown highly nonlinear runoff behaviour (Beven et al., 1988; McDonnell
et al., 2007; Sivapalan et al., 2002; Sivapalan, 2006). While these studies have greatly advanced
our understanding of runoff generation processes, the “uniqueness of place” (Beven, 2000)
inherent to isolated studies has resulted in limited transferability of some findings, making
generalization across sites difficult (McDonnell et al., 2007; Scaife & Band, 2017; Sivapalan,
2006). The difficulty in generalizing some process conceptualizations has motivated a shift in
focus towards emergent properties, i.e., properties that cannot be predicted from individual
landscape components but reflect landscape heterogeneity and process complexity (Lehmann et
al., 2007; McDonnell et al., 2007). Thresholds in runoff response are one of these properties and
are generally defined as critical moments in time or points in space at which runoff behaviour
rapidly changes (Ali et al., 2013; Phillips, 2006). For critical moments in time, thresholds are
typically defined as values of one or multiple meteorological factors that trigger a nonlinear
change in hydrologic response characteristics. Thresholds are assessed through the evaluation of
scatter plots that compare hydrologic response metrics (y-axis) to meteorological factors (x-axis).
To date, threshold-related research has mostly taken place on hillslopes and catchments in
temperate or humid environments (e.g., Ali et al., 2011; Detty & McGuire, 2010; Graham et al.,
2010; James & Roulet, 2007; Lehmann et al., 2007; Mosley, 1979; Sidle et al., 2000; Tani, 1997;
Tromp-van Meerveld & McDonnell, 2006; Whipkey, 1965). Fewer studies focused on semi-arid,
snow- and permafrost-dominated, or prairie pothole landscapes (e.g., Cammeraat, 2002; Kim et

al., 2004; Mielko & Woo0, 2006; Reaney et al., 2007; Shaw et al., 2012; Stichling & Blackwell,
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1957). Very few inter-site comparisons have been done (e.g., Ali et al., 2015), making the
ubiquity (or lack thereof) of thresholds difficult to evaluate (Weiler et al., 2006). Relying on
existing literature alone is insufficient, given that studies that have observed threshold behaviour
have used different pairs of meteorological factors and response metrics, with different degrees
of consideration of antecedent moisture conditions.

One major source of variability among threshold studies is the use of different hydrologic
response metrics. Indeed, the response metrics which are typically represented on scatter plots
are total discharge, peak discharge, and the runoff ratio, which all refer to the magnitude of the
hydrological response. Hyetograph-hydrograph analysis performed for individual hydrologic
events, however, yields a much broader list of response metrics that could be considered when
evaluating the presence of threshold behaviour. With respect to response magnitude, for instance,
the initial abstraction — defined as the storage deficit that needs to be satisfied before the initial
event hydrograph rise — could also be used. Furthermore, response timing metrics — such as event
duration, response lag, time of rise, centroid lag, lag-to-peak, centroid lag-to-peak, and time of
concentration (Dingman, 2015) — might also be subject to threshold effects, as they reflect
different measures of water travel time throughout an event. Response timing metrics have not
previously been evaluated in the context of hydrologic thresholds.

Another major source of variability among threshold studies is the use of different
meteorological factors. Numerous studies have shown that a storage threshold must be exceeded
to trigger hillslope contributions to runoff (Detty & McGuire, 2010; Kim et al., 2004; Oswald et
al., 2011; Spence & Woo, 2003; Tromp-van Meerveld & McDonnell, 2006a, 2006b). The
initiation of runoff generation contingent on rainfall depth thresholds has been of particular

interest and reported values of such thresholds range between 20 and 150 mm (Mosley, 1979;
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Redding & Devito, 2008; Sidle et al., 2000; Tani, 1997; Tromp-van Meerveld & McDonnell,
2006a; Weiler et al., 2006; Whipkey, 1965). Storage thresholds based on variables other than
rainfall depth have also been documented. For example, thresholds of soil moisture and the
combination of soil moisture and total event rainfall have been linked to runoff response (Detty
& McGuire, 2010; James & Roulet, 2007). Similarly, threshold behaviour has been reported
between runoff response and water table levels (Ali et al., 2011; Detty & McGuire, 2010; Kim et
al., 2004). Others have identified storage thresholds related to water accumulation in surface
depressions or subsurface depressions located at interfaces between subsurface materials with
distinct texture, density, or degree of cementation: once filled, these depressions can transmit
water downslope, allowing for connectivity of adjacent depressions and/or coupling between
hillslopes and stream networks (Mielko & Woo, 2006; Oswald et al., 2011; Spence & Woo,
2003; Tromp-van Meerveld & McDonnell, 2006a, 2006b). Changes in dynamic storage caused
by evaporation have also been shown to affect threshold behaviour — in one case, the time before
a storage threshold was met was prolonged by evaporation (Mielko & Woo, 2006). Thresholds
related to rainfall intensity, however, have received much less attention in the literature than
storage thresholds (Ali et al., 2015): these thresholds are rates of water addition to a site (i.e.,
rainfall intensity) that, once exceeded, result in a notable change in response. This is distinct
from the storage thresholds that involve specific volumes or depths of water (e.g., total event
rainfall) to be exceeded. Rainfall intensity thresholds have been used to characterize rainfall-
runoff responses (Ali et al., 2015) and to discriminate between runoff generation processes
(Scaife & Band, 2017), particularly for environments where infiltration-excess overland flow is a
dominant runoff generation mechanism (Cammeraat, 2002; Reaney et al., 2007). However,

studies in humid, temperate forested catchments with high soil infiltration capacity and forest
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interception capacity have shown that rainfall intensity exerts little influence on runoff processes
(Graham et al., 2010; Tromp-van Meerveld & McDonnell, 2006a). While the importance of
rainfall intensity thresholds where infiltration is limited has been clearly demonstrated (e.g.,
Cammeraat, 2002; Laudon et al., 2007; Mielko & Woo0, 2006; Reaney et al., 2007; Shanley &
Chalmers, 1999), the extent to which rainfall intensity thresholds govern or influence nonlinear
runoff dynamics in other environments remains unclear.

Given all the possible response metrics and meteorological factors that can be estimated
for individual hydrological events, numerous pairs can theoretically be used to evaluate whether
thresholds are present. Different pairs of meteorological factors and response metrics may lead to
very different conclusions or hypotheses about the presence or absence of threshold behaviour.
The choice could be made between meteorological factors that reflect precipitation only (e.g.,
total rainfall, average and maximum rainfall intensity, and antecedent rainfall) or factors that
consider hydrologic abstractions (e.g., antecedent potential evapotranspiration and effective
rainfall, estimated as the difference between gross rainfall and evapotranspiration). Little to no
guidance exists regarding which meteorological factors and response metrics to use in what
situation. Another factor that may have a large influence on the evaluation of threshold
behaviour is antecedent conditions. While antecedent moisture conditions have long been
confirmed as a first-order control on storage thresholds (e.g., Ali et al., 2011; Detty & McGuire,
2010; James & Roulet, 2007; Kim et al., 2004), it has also been demonstrated that the
effectiveness of proxies of antecedent moisture conditions depends on the duration over which
they are computed (Ali & Roy, 2010; Ross et al., 2017). Whether or not thresholds are sensitive
to antecedent conditions over specific durations of time preceding a rainfall-runoff event has not

yet been examined.
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In light of the aforementioned research gaps, the goal of the current study was to examine
the prevalence of threshold behaviour for a large number of sites. The focus of this study was
less on estimating specific threshold values (i.e., the values of meteorological factors leading to
changes in hydrologic response) and their controls, but rather on widely testing for the presence
of threshold behaviour. This focus on the presence or absence of thresholds across a wide range
of relationships provides an opportunity to determine the ubiquity (or lack thereof) of hydrologic
thresholds, regardless of the processes that led to their emergence or the precise values of the
meteorological factors that control them. To ensure that a wide variety of landscape types and
hydrologic events were included in this evaluation, we tested for the presence of thresholds using
existing datasets from one experimental hillslope and twenty catchments located in seven
geographic areas with contrasting climate, topography, geology, soil properties, and land cover.
While focusing on these sites, three specific research questions were addressed:

(1) To what extent are total event rainfall thresholds associated with nonlinear changes in the
response magnitude metrics that are most commonly used in the literature (e.g., runoff
ratio and peak discharge)?

(2) Are thresholds also associated with relationships that involve other meteorological factors
related to rainfall and evapotranspiration, and/or response timing metrics?

(3) Is threshold behaviour dependent on antecedent conditions over short-, medium- and

longer-term durations?
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3.2 Methods

3.2.1 Study sites

Existing data for twenty-one sites distributed across seven study areas were used in this
study (Figure 3-1). Three of the sites are located in Canada: the Catfish Creek Watershed
(CCW), the 1ISD Experimental Lakes Area Lake 658 UP1 catchment (UP1), and the Hermine
catchment (HRM). Nine sites are in the United States: the Panola Mountain Research Watershed
experimental hillslope (PMRW) and eight catchments of the HJ Andrews Experimental Forest
(HJA1 — HJAB8). One site is in Australia — the Tarrawarra catchment (TRC) — and eight sites are
nested catchments of the larger Mahurangi River catchment (MRC1 — MRC8) in New Zealand.
Physiographic features of individual sites and long-term regional climate variables are
summarized in Table 3-1. Each study area has been described in detail as part of previous
hydrologic research (Ali et al., 2011; McKee & Druliner, 1998; Oswald et al., 2011; Ross et al.,
2017; Ross et al., 2019; Tromp-van Meerveld et al., 2008; Western & Grayson, 1998; Woods et

al., 2013).
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Canada United States Australia New Zealand .
b La¥y

Figure 3-1. Location of the twenty-one sites spanning seven study areas selected for this study.
Eight nested catchments were selected for the HJA and MRC. For full, non-abbreviated names,

refer to Section 3.2.1.
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Table 3-1. Site-specific drainage area (DA), relief and regional mean annual values of
temperature (T), potential evapotranspiration (PET), precipitation (P), and proportion of P that

falls as rain (PR).

DA (km?) Relief (m) T (°C) PET (mm) P (mm)/Pr
PMRW 1.0x10% 12.5 17.4 835 1240/1.0
HRM 0.05 27.0 6.9 508 1150/0.7
UP1 0.08 63.1 3.2 451 708/0.75
TRC 0.11 34.3 15.6 724 820/1.0
CCwW 145.32 77.0 2.2 444 530/0.8
MRC1 0.51 104.8 15.6 716 1600/1.0
MRC2 0.71 116.4 15.6 716 1600/1.0
MRC3 2.30 113.6 15.6 716 1600/1.0
MRC4 2.63 210.8 15.6 716 1600/1.0
MRC5 2.65 155.1 15.6 716 1600/1.0
MRC6 2.96 73.1 15.6 716 1600/1.0
MRC7 4.61 30.1 15.6 716 1600/1.0
MRC8 24.80 286.6 15.6 716 1600/1.0
HJAL 0.13 129.3 7.5 489 2300/0.80
HJA2 0.15 155.1 7.1 475 2300/0.80
HJA3 0.21 126.6 7.8 492 2200/0.80
HJA4 0.60 432.0 8.7 525 2500/0.75
HJA5 0.96 408.3 8.9 528 2600/0.75
HJAG 1.01 276.6 8.7 523 2400/0.75
HJA7 14.36 860.7 8.8 527 2600/ 0.60
HJA8 62.42 1206.0 7.4 485 2400/0.75

3.2.2 Rainfall-runoff event delineation, meteorological factors, and response metrics

The datasets associated with the study sites had observation frequencies and record

lengths ranging from 1 minute to 1 hour, and from 6 months to 5 years, respectively. Each site,

including nested catchments of the HJA and MRC, had its own, independent hydrological

(discharge) and climatic (rainfall, air temperature) datasets, with the slight exception that the
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MRC shared temperature data across catchments. To maintain consistency across sites, all data
were aggregated to a 1-hour frequency: rainfall data were aggregated using the sum of
observations over hourly periods, while temperature and discharge data were aggregated using
the mean of observations. Rainfall-runoff events were identified from site-specific rainfall and
discharge data using the MATLAB toolbox HydRun (Tang & Carey, 2017). The HydRun
toolbox matches rainfall events to runoff events. First, the toolbox separates base flow from
streamflow using a recursive digital filter, then extracts runoff events based on the shape of the
hydrograph. Runoff event start and endpoints are determined using a local-minimum approach.
Rainfall events are defined as adjacent rainfall observations separated by a rainless period. A
total of 1,641 rainfall-runoff events were delineated and retained for further analysis, with the
number of events per site ranging from 13 to 134. A comprehensive set of event-based
meteorological factors and response metrics were derived. Meteorological factors that quantify
rainfall depths include the total event rainfall (Rtot), as well as amounts of rainfall over a given
temporal window preceding a rainfall event (antecedent rainfall). A range of antecedent window
durations, x, were considered, where X is equal to 1, 3, 5, 7, 10, 14 or 30 day(s). Cumulative
antecedent rainfall (ARx) and the sum of event and antecedent rainfall (Rtot + ARx) were
computed over each antecedent window. Average and maximum event rainfall intensity values
(Rlave and Rlmax) were calculated to quantify the rate of water addition to a site during an
event. To account for some hydrologic abstractions and their effect on hydrologic response,
antecedent evapotranspiration (APETx) and effective rainfall (estimated by subtracting
antecedent potential evapotranspiration from antecedent rainfall: ARx-APETx) were also
estimated for each antecedent window. To characterize event hydrologic responses, response

magnitude and response timing metrics were computed. Response magnitude metrics (magnitude
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metrics) included the initial abstraction (lass), peak event discharge (Qmax), total event runoff
(QToT), and the runoff ratio (RR). Response timing metrics (timing metrics) included the
response lag (Tcr), the lag-to-peak (Tvrp), and the time of concentration (T¢) (Dingman, 2015).
Table 3-2 shows response metrics that were used in this study, along with their abbreviations and
definitions. Additional methodological details pertaining to rainfall-runoff event delineation,
including examples of typical event rainfall-runoff responses for each site, have been previously
reported, along with a detailed account of response metric and meteorological factor

computations (refer to Ross et al., 2019).

Table 3-2. Names, abbreviations, and definitions of response metrics used in this study.

Response metric ‘ Definition

Response magnitude metrics
Runoff ratio (RR) The fraction of event rainfall that becomes runoff
Peak discharge (Qmax) Area-normalized maximum event discharge
Total runoff (Qror) Area-normalized total event runoff

Storage deficit satisfied before hydrograph response, estimated as the

Initial abstraction (luss) amount of event rainfall occurring before the initial hydrograph rise

Response timing metrics

Time elapsed between the beginning of rainfall and the initial

Response lag (Tvr) hydrograph rise

Lag-to-peak (Tvp) Time elapsed between the beginning of rainfall and peak discharge
Time of concentration (T) ;I;;ES r;esl‘:;lpsed between the end of rainfall and the end of hydrograph

3.2.3 Testing for the presence of hydrologic thresholds

To date, studies have assessed scatter plots for the presence of thresholds either visually
(e.g., Alietal., 2011; Detty & McGuire, 2010; Graham et al., 2010; James & Roulet, 2007;

Lehmann et al., 2007; McGlynn & McDonnell, 2003; Mosley, 1979; Sidle et al., 2000; Tani,
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1997; Tromp-van Meerveld & McDonnell, 2006a; Whipkey, 1965), or by using piecewise linear
regression analysis (PRA) (e.g., Oswald et al., 2011; Scaife & Band, 2017). In the current study,
we tested for the presence of thresholds using PRA via the segmented package in R (Muggeo,
2008). This approach was selected as it can be automated, and it is less subject to user bias than
visual methods. When possible, PRA identifies a breakpoint in a relationship. Scatter plots for
which no breakpoint could be identified were not analyzed further, as a threshold was deemed
not to be present. When a breakpoint was identified, however, the goodness-of-fit of the
piecewise linear model (R?) was estimated, along with the Akaike Information Criterion (AIC) of
the piecewise linear model (Sakamoto et al., 1986; Yafune et al., 2005), the breakpoint value, the
standard error of the estimated breakpoint, and the slope for each linear segment (my and my
below and above the breakpoint, respectively). Four criteria needed to be met before an
identified breakpoint was considered a threshold, namely:
e The goodness-of-fit of the piecewise linear regression model must be moderate to
strong (R? > 0.45).
e The AIC of the piecewise linear regression model must be more than two units
below the AIC of the simple linear regression model.
e The percent difference between the slope of the first segment (m1) and the slope
of the second segment (m2) must be greater than 10%.

e The slope of the second segment (m2) must be greater than 0.

The AIC criterion was used to compare competing models (i.e., the linear model versus
the piecewise linear model) and to identify the most parsimonious model with respect to model
fit and model complexity (Sakamoto et al., 1986). A piecewise linear model with an AIC two or

more units below the AIC of the linear model indicates the data provide more support for the
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piecewise linear model than the simpler linear model (Sakamoto et al., 1986; Yafune et al.,
2005). These criteria are consistent with the literature, which defines a threshold as a critical
moment in time at which runoff behaviour rapidly changes (Ali et al., 2013; Detty & McGuire,
2010; Phillips, 2006). It should be noted that while multiple diagnostic shapes of nonlinear
rainfall-runoff relationships have been described in the literature (Ali et al., 2013), most studies
identify thresholds for “hockey-stick” relationships (Ali et al., 2015; Detty & McGuire, 2010;
Graham & McDonnell, 2010; Tani, 1997; Weiler, 2005). Previous studies that have identified
thresholds from “hockey stick” relationships have typically forced m1 to equal zero (Scaife &
Band, 2017). In the current study, however, a mz value of zero was not assumed since doing so
may exclude possible slower stormflow generation (Scaife & Band, 2017).

To address research question 1, 84 site-specific scatter plots showing magnitude metrics
(labs, Qmax, QTot, and RR) against Rrot were constructed and evaluated, using the
aforementioned procedure, to determine if thresholds were present. Similarly, to evaluate the
presence of thresholds in relationships based on a wider set of response metrics and
meteorological factors (research question 2), the same procedure was applied to an additional
4,473 scatter plots (i.e., 213 plots per site) showing magnitude metrics (lass, Quax, Qtot, and RR)
and timing metrics (TLr, TLc, and T¢) against meteorological factors representing different
rainfall depths (Rtot, ARx, and ARx+Rrot), rainfall intensity (Rlave and Rlmax) and hydrologic
abstractions related to evapotranspiration (ARx-APETx and 1/APETx (hereafter referred to as
APETX)). For each relationship evaluated for a given site, the absence of a threshold could mean
one of two things: either that a threshold does not exist and therefore does not affect hydrological

behaviour, or that a threshold exists but does not affect all aspects of hydrological behaviour and
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therefore only arises when specific meteorological factors and/or response metrics are
considered.

Across research questions 1 and 2, 217 different pairs of meteorological factors and
response metrics were analyzed for each site. These pairs can be divided into six distinct groups,
according to the specific pair examined, namely: (i) response magnitude as a function of rainfall
depth (60 pairs) ; (ii) response magnitude as a function of rainfall intensity (8 pairs); (iii)
response magnitude as a function of hydrologic abstractions related to evapotranspiration (56
pairs); (iv) response timing as a function of rainfall depth (45 pairs); (v) response timing as a
function of rainfall intensity (6 pairs); and (vi) response timing as a function of hydrologic
abstractions related to evapotranspiration (42 pairs). The extent to which thresholds were

observed for these six groups was quantified using the threshold detection frequency (F):

# of pairs for which a threshold was observed .
F= — . Equation 3-1
total # of pairs in the group

To examine whether the presence of threshold behaviour varied depending on antecedent
moisture conditions (research question 3), the number of ARx, ARx+Rrot, APETx, and ARx-
APETx thresholds that were observed for magnitude and timing metrics were compared across
antecedent window durations of 1, 3, 5, 7, 10, 14 and 30 day(s). The number of thresholds
observed for each antecedent window duration was also evaluated for individual sites, to

examine inter-site variability in the role of antecedent window duration on threshold dynamics.
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3.3 Results

3.3.1 Total event rainfall thresholds for response magnitude

Scatter plots showing magnitude metrics against Rtot suggested the presence of Rtor
thresholds at 14 (out of 21) sites (Table 3-3). Three out of four potential thresholds were
observed at the PMRW site, while two out of four potential thresholds were observed at three
sites, and a single threshold was observed at ten sites. The prevalence of Rtor thresholds varied
among magnitude metrics: lans, Quax, Qrot, and RR were controlled by a Rrot threshold at six,
five, seven, and one site(s), respectively. These Rror thresholds were variable, ranging from 37
mm (MRC3) to 335 mm (HJA7). In contrast, Rrot threshold values at the PMRW site were
similar regardless of the magnitude metric considered (49 — 51 mm). The goodness-of-fit (R?) of
the piecewise linear model varied across sites and magnitude metrics (Table 3-3). For instance,
three sites (PMRW, MRCS5, and MRC6) had R? values larger than 0.90. For magnitude metrics
other than RR, piecewise linear models involving Qror had the highest median R? value
(R?=0.83), followed by las (R? = 0.72) and Qmax (R? = 0.67). Across sites with Rror thresholds
for response magnitude metrics, the AIC of piecewise linear model ranged from 3.75 (Rtot
threshold for lass at TRC) to 210.19 (Rtot threshold for las at MRC5) units below the AIC of the
comparable simple linear model. The standard errors (SE) associated with the estimated Rror
threshold values ranged from 0 to 20 mm depending on the site and response metric considered.
For example, the 277 mm Rror threshold for las observed at the MRCG6 site had an SE of 0 mm,

while the 161 mm Rrot threshold for Qmax observed at the HJA4 site had an SE of 20 mm.
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Table 3-3. Site-specific results from PRA for relationships involving response magnitude

metrics and RtoT. For sites where a threshold was observed, the R? column indicates the

goodness-of-fit measure for the piecewise linear model, the threshold column shows the Rtor

threshold value, and the SE column indicates the standard error associated with the threshold

value.
labs Qmax Qrot RR

=] — =] — =] — =) —
w 2T E | . 2T E |+ 2T E | . 2% E
x Qg <= x Qg <= x gg = x Qg S
_ £ o £ o £ o SR

Site
PMRW | . - - 1095 51 2 | 085 49 3 | 080 49 3
HRM ] ] . . . . . _ _ ) ) )
UP1 062 65 5 - - - - - - - - -
TRC 0.75 66 4 - - - - - - - - -
CCwW - - - - - - |08 37 2 - - -
MRC1 - - - |08 73 3 - - - - - -
MRC2 ] ] . . . . . _ _ ) ) )
MRC3 ] ] . . . . . ) ) ) ) )
MRC4 ] ] - - . . . ) ) ) ) )
MRC5 | 093 141 0 - - - - - - - - -
MRC6 | 091 277 0 - - - - - - - - -
MRC7 - - - - - - |08 161 11 - - -
MRC8 ] ] . . . . . ) ) ) ) )
HIAL 068 331 13 - - - - - - - - -
HIA2 ] ] - - . . . ) ) ) ) )
HJA3 ] ] - - . . . ) ) ) ) )
HIA4 - - - | 066 161 20 | 079 173 19 - - -
HIAS - - - | 059 169 16 | 069 170 17 - - -
HIAG - - - | 067 149 20 | 084 157 11 - - -
HIAT7 058 335 14 - - - - - - - - -
HIAS - - - - - - | 079 119 17 - - -
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Examples of Qrot versus Rror scatter plots for all sites, regardless of whether a threshold
was present or not, are shown in Figure 3-2. When a Rrot threshold was present and led to a
change in response magnitude, the slope of the relationship after the threshold was greater than
that before the threshold (i.e., m2 > mz). Generally, m; was greater than 0; a nonlinear

relationship with a typical hockey-stick shape (i.e., mi = 0) was only observed at the PMRW.
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Figure 3-2. Site-specific scatter plots of Qror against Rror. For sites with thresholds, the best fit lines for the piecewise linear model
and the threshold value are shown. Note that each site has unique x-axis and y-axis ranges, for better readability.
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3.3.2 Thresholds involving a wider set of meteorological factors and response metrics

Scatter plots showing a wider set of magnitude and timing metrics against meteorological
factors related to rainfall, that consider evapotranspiration or rainfall intensity, suggested
threshold behaviour at numerous sites (Figure 3-3). At 20 sites, thresholds of ARx+Rtot for
response magnitude were observed. Thresholds of Rror, ARx, APETx, and ARx-APETx for
response magnitude were observed at fourteen, fifteen, one, and sixteen sites, respectively.
Rainfall intensity thresholds (Rlave and/or Rlmax) for response magnitude were observed at the
PMRW, MRCS5, and MRCY7 sites, but were absent at other sites. Thresholds for response timing
were less common than thresholds for response magnitude, except for the MRC4 site. When
present, thresholds for response timing were mostly attributable to ARx+Rtot and ARx-APETx.

The extent to which thresholds were observed for different relationships is summarized in
Table 3-4 using threshold detection frequencies (i.e., F values, refer to section 2.3). In terms of
thresholds for response magnitude, rainfall depth thresholds had the largest detection frequencies
(F mean: 14%, F range: 0-22%) at all 20 sites. In contrast, thresholds in rainfall intensity for
response magnitude had comparatively small detection frequencies (F mean: 2%, range: 0-12%),
as did thresholds in evapotranspiration-related factors (F mean: 4%, F range: 0-7%). In general,
thresholds for response timing metrics were less common and were observed at only eight sites.
Thresholds for response timing, however, had relatively large detection frequencies at the

PMRW (F: 0-24%) and UP1 (F: 0-14%) sites.
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Response magnitude metrics Response timing metrics

PMRW

UP1

MRC1
MRC2
MRC3
MRC4
MRC5
MRC6
MRC7
MRC8
HJA1
HJA2
HJA3
HJA4
HJAS
HJAG
HJA7
HJA8

Figure 3-3. Summary of PRA results (i.e., presence/absence of thresholds for at least one metric)
across sites, for different pairs of response metrics and meteorological factors. Results are
separated by response metric type (magnitude — left, and timing — right). Each column is

associated with a different type of meteorological factor. Rl includes both Rlave and Rlmax.
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Table 3-4. Threshold detection frequencies (F values) for a wide set of response metrics and
meteorological factors. Frequencies are categorized by response metric and meteorological factor

type. The total number of possible thresholds is shown in the ‘Total’ row. The average threshold

frequency for each category is shown in the ‘Average’ row.

Magnitude

Magnitude

Timing

Timing

Vs VS Mag\rllsitude Vs Vs Tir\?sing

et | ey | vsctons | ol | S | avsvscios
Total 60 8 56 45 6 42
Site Frequency | Frequency Frequency Frequency | Frequency Frequency

(%) (%) (%) (%) (%) (%)
PMRW 22 12 2 24 0 0
HRM 18 0 7 9 0 5
UP1 22 0 7 11 0 14
TRC 12 0 7 4 0 7
ccw 13 0 2 0 0 0
MRC1 29 0 9 0 0 2
MRC2 0 0 0 0 0
MRC3 0 0 0 0 0
MRC4 0 2 4 0 5
MRC5 13 12 2 0 0 0
MRC6 20 0 7 0 0 0
MRC7 18 12 4 0 0 0
MRCS8 12 0 0 0 0 0
HIAL 17 0 5 9 0 0
HIA2 12 0 5 0 0 0
HJA3 10 0 4 2 0 0
HJA4 12 0 2 0 0 0
HJA5 15 0 0 0 0 0
HJAG 15 0 2 0 0 0
HJA7 15 0 4 0 0 0
HJA8 12 0 2 0 0 0
Average 14 2 3 3 0 1
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Figure 3-4 includes scatter plots showing Tir against AR1 — a relationship devoid of
threshold behaviour for all twenty-one sites. While thresholds, as defined in this study, were not
observed for these scatter plots, some notable features suggest behavioural changes in response
timing at specific antecedent rainfall amounts. For example, many scatter plots for the MRC and
HJA sites show variance collapse, where Trr converges for events with AR larger than a
specific value. At MRC1 and MRC2, this value is approximately 10 mm, while for most
catchments of the HJA, this value ranges between 15 and 20 mm. Figure 3-5 shows scatter plots
of Qror against AR1+RroT, a relationship for which threshold behaviour was observed at eight
sites. These thresholds are visually similar to thresholds that were observed in relation to
research question 1 (i.e., in Figure 3-2): most thresholds had a non-zero m; slope and a larger m;

slope.
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Figure 3-4. Site-specific scatter plots of Tir against AR1. Note that each site has unique x-axis and y-axis ranges.
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Figure 3-5. Site-specific scatter plots of Qror against Rtor+AR1. For sites with thresholds, the best fit line for the piecewise linear

model and the threshold value are shown. Note that each site has unique x-axis and y-axis ranges.
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One auxiliary question investigated in this study was whether the same threshold value of
a given meteorological factor could trigger a change in different response metrics. This could
only be done for sites with sufficiently large numbers of thresholds (Figure 3-6). For the PMRW,
and select sites of the HJA, Rror+AR: thresholds for Qror were mostly similar to Rror
thresholds for Qmax (i.e., points plotting near the 1:1 line in Figure 3-6A). Similarly, for the
PMRW and HJAL1 sites, Rrot+AR1o thresholds for lans were similar to Rtor+AR10 thresholds for

Tvr (Figure 3-6B).
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Figure 3-6. Scatter plots comparing threshold values of a given meteorological factor triggering
a change in response metrics. Plot (A) includes Rror+AR: thresholds for Quax and Qrot, while
plot (B) includes Rtot+AR10 thresholds for las and Tir. Sites plotting on or near the 1:1 line
indicates similar threshold values for the x-axis and y-axis relationships. Note that each panel has

unique x-axis and y-axis ranges.
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3.3.3 Thresholds of factors calculated over different antecedent window durations

The number of precipitation and potential evaporation thresholds that was observed at
short- (5 days or less), medium- (between 5 and 14 days) and longer-term (14 days or more)
antecedent durations is shown in Figure 3-7. This figure shows that ARx (Figure 3-7A),
ARx+Rrot (Figure 3-7B), APETx (Figure 3-7C), and ARx-APETx (Figure 3-7D) thresholds for
response timing were uncommon, regardless of antecedent duration. Except for APETx,
threshold behaviour involving these factors was, however, more frequently observed for
response magnitude. ARx (Figure 3-7A) and ARx-APETx (Figure 3-7D) thresholds for response
magnitude were most commonly observed for 3-day to 10-day antecedent durations (Figure
3-7A). Interestingly, the number of ARx+Rrort thresholds observed for response magnitude
decreased, albeit not monotonically, with increasing antecedent duration. APETx thresholds for
response magnitude were uncommon and were only observed for the 30-day antecedent duration
(Figure 3-7C).

When thresholds for each antecedent window duration were separated by site, a few
patterns emerged. Figure 3-8 reiterates that across all sites, APETx thresholds were uncommon,
regardless of antecedent duration. For the HRM site, ARx and ARx-APETx thresholds were
observed for most antecedent durations, except for the 1-day antecedent duration, while
ARx+Rrot thresholds were more frequently observed at medium antecedent durations. At the
UP1 and TRC sites, threshold behaviour was more commonly observed for factors calculated
over medium antecedent durations. Relationships at the CCW rarely showed threshold
behaviour; however, a small number of ARx+Rror thresholds were observed at each antecedent

duration. For the MRC and HJA sites, threshold behaviour was mostly observed for short and
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medium antecedent window durations. In contrast, at the PMRW site, ARx+Rrot thresholds
were common regardless of antecedent duration, and ARx-APETx thresholds were only
observed at shorter antecedent durations.

Lastly, the nested configuration of the MRC and HJA catchments was used to evaluate
whether threshold behaviour was influenced by drainage area. Since these study areas include
only eight nested catchments each, bar charts rather than statistical techniques were used to
qualitatively assess possible correlations between drainage area and the number of relationships
for which threshold behaviour was observed. Slightly more ARx, ARx+RtoT, and ARx-APETx
thresholds were observed at the smallest HJA sites than larger HJA sites. However, bar charts in
Figure 3-9A and Figure 3-9B do not suggest other relationships between drainage area and the

number of thresholds observed.
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Figure 3-7. Bar charts indicating the number of thresholds observed for all sites at 1, 3, 5, 7, 10,
14, and 30-day antecedent window durations. Individual plots (A), (B), (C) and (D) consider the

number of ARx, ARx+Rrot, APETx, and ARx-APETx thresholds, respectively.

124



PMRW
HRM

Antecedent Duration

—_—
1
a
®

<

3-day

5-day

7-day

10-day

14-day

30-day

AR,
ARX + IQTOT
APET,

AR, - APET,
AR,

AR, + Rygr
APET,

AR, - APET,

AR,

ARx + RTOT
APET,

AR, - APET,

AR,

ARy + Rior
APET,

AR, - APET,

AR,

AR, + Ryg
APET,

AR, - APET,

AR,

ARy + Rior
APET,

AR, - APET,

AR,

AR, - APET,

AR, + Reor
APET,

-

-

UP1

ccw
MRC1
MRC2
MRC3
MRC4
MRC5
MRC6
MRC7
MRC8 ||

HJA1

HJA2
HJA3 B
HJA4
HJAS5
HJAG ]
HJA7
HJAS

0 1 2 3 4 5 6 7
# of thresholds

Figure 3-8. Heatmap summarizing the number of thresholds observed at each antecedent
window duration. Each cell indicates the number of thresholds that were observed at each site for

a specific type of meteorological factor and a specific antecedent window duration.
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Figure 3-9. Bar charts showing the number of thresholds observed for seven different

meteorological factor types across nested catchments of the MRC (A) and HJA (B).

3.4 Discussion

3.4.1 Threshold behaviour for different response metrics and meteorological factors

Total event rainfall (i.e., Rtor) thresholds for response magnitude were observed for most

(14 out of 21) study sites, but not for every magnitude metric at every site. Rtot thresholds for

labs, Quax, and Qror were more common than Rror thresholds for RR. This suggests variability
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in the presence of nonlinear response at critical Rtor values for different aspects of response
magnitude. Previous work using the same input data also showed that laps, Quax, and Qtor are
more effective at capturing the variability of hydrologic response among events, compared to RR
(Ross et al., 2019). Past research at the PMRW site observed a rainfall threshold for trench flow
(Tromp-van Meerveld & McDonnell, 2006a), which is analogous to the Rrot threshold for Qror
observed in the current study. Other studies have observed storage thresholds for sites of this
study, albeit using different meteorological factors and response metrics. For the UP1 catchment,
thresholds were observed for relationships between event runoff and StoraL (Oswald et al.,
2011), where StotaL is an estimate of storage derived from soil depth, soil properties,
topography, water table data, and precipitation data. Similarly, at HJA sites, thresholds were
observed for scatter plots involving streamflow and the sum of gross precipitation and the
antecedent soil moisture index (ASI), where the ASI was estimated from soil moisture data
collected at four soil profiles (Detty & McGuire, 2010). Since these studies used response
metrics and meteorological factors derived from data other than precipitation, temperature, and
streamflow data, their results are not directly comparable to the results of the current study. That
said, although not directly comparable, some threshold values reported here (e.g., Rtot threshold
of 335 mm at HJA7) are larger than those reported in previous studies (e.g., Detty & McGuire,
2010). This may be explained by the fact that these previous studies reported critical
meteorological factor values required to initiate response (i.e., runoff-initiation thresholds), while
the thresholds observed in the current study were not necessarily runoff-initiation thresholds.
Most runoff initiation thresholds have been attributed to response from matrix flow, macropore
flow, or pipe flow (McGuire & McDonnell, 2010; Tromp-van Meerveld & McDonnell, 2006b;

Uchida et al., 2005; Wei et al., 2020). However, others have identified relationships with
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multiple thresholds: in these multi-threshold cases, the runoff initiation threshold is followed by
a secondary threshold (referred to as a “rise threshold”) when additional rainfall triggers a
transition to different runoff generation processes (Wei et al., 2020). The thresholds are therefore
sequential and manifest as multiple, distinct breakpoints at two or more different moments in
time (Wei et al., 2020). In the case of the HJA7 site, the larger threshold value that was observed
in the present study could be associated with a “rise threshold”: it may be caused by the addition
of rainfall onto wetted soils that results in the activation of matrix or preferential flow in hillslope
soils, thereby increasing the hillslope-riparian-stream connectivity (McGuire & McDonnell,
2010), and leading to a nonlinear response change (Sidle et al., 2000; Wei et al., 2020). If such a
hypothesis were true, however, it would raise the question of why the PRA did not identify the
runoff initiation threshold but rather identified a subsequent “rise threshold”. Multi-breakpoint
PRA approaches or alternate threshold identification methods are warranted to better evaluate the
presence of sequential initiation and rise thresholds.

In the recent literature, threshold-mediated runoff response has typically been
documented using response magnitude metrics like Qtot, Qmax, and RR. In the present study,
the consideration of relationships involving lass, which is a less commonly used response
magnitude metric, showed thresholds at all sites, except for three of the MRC sites. Since by
definition, lass is the storage deficit that must be exceeded before the initial hydrograph rise
(Dingman, 2015), an observed threshold for las may also be interpreted as the presence of more
than one threshold in a single relationship. Thresholds for timing metrics were uncommon,
compared to thresholds for response magnitude. It should be noted that this study only

considered TR, Tvrp, and Tc: while many timing metrics can be calculated, previous work at the
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sites examined in the present study identified Trr, Tcp, and Tc as the most important timing
metrics for capturing temporal variability in hydrologic response (Ross et al., 2019).

In terms of meteorological factors, previous studies mostly considered water volumes or
depths, but less emphasis was put on hydrologic abstractions (e.g., evapotranspiration and
effective rainfall) and rainfall intensity. In the present study, rainfall intensity, APETx, and ARx-
APETx thresholds were observed at three, three, and seventeen sites, respectively. This suggests
that rainfall intensity, potential evapotranspiration, and effective rainfall can be important
controls of nonlinear hydrologic response. Even for some humid areas with high infiltration
capacity like the MRC, where rainfall intensity is not expected to strongly influence runoff
processes, rainfall intensity thresholds for response magnitude were observed. One reason for the
presence of rainfall intensity thresholds at sites where infiltration capacity is not a limiting factor
could be a strong correlation between rainfall depth and rainfall intensity. For the sites included
in the present study, however, the Spearman’s rank correlation (rho) coefficient between those
two variables varied significantly (0 < |rho| < 0.75). For study areas where rainfall intensity
thresholds were observed, correlations between Rror and Rlmax were strong (rho > 0.6), but this
was also true for study areas where rainfall intensity thresholds were not observed (e.g., HIA
sites: 0.48 < |rho| < 0.75). Interestingly, in dryer Prairie environments like the CCW, where
infiltration-excess overland flow is assumed to be a dominant runoff generation mechanism
(Fang et al., 2007), rainfall intensity thresholds were not observed. This suggests that thresholds
of different meteorological factor types (i.e., rainfall depth, hydrologic abstractions related to
evapotranspiration, or rainfall intensity) may not always be predicted based on a priori

hypotheses about dominant runoff generation mechanisms.
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3.4.2 Controls on threshold behaviour

We explored the potential influence of antecedent conditions and drainage area on
threshold behaviour. ARx+Rtot thresholds for response magnitude were observed at 20 out of 21
sites. For most sites, ARx+Rtot and ARx-APETx thresholds were more common than individual
ARx thresholds, Rror thresholds, and APETx thresholds. These findings indicate that response
magnitude is often contingent on both event and antecedent conditions, which confirms
conclusions from other studies. Notably, previous research at the HJA observed a combined ASI
+ gross precipitation threshold, while thresholds controlled exclusively by ASI or gross
precipitation were absent (Detty & McGuire, 2010). In the current study, the presence of
threshold behaviour was variable among meteorological factors calculated over different
antecedent durations. For example, threshold behaviour was more commonly observed for
ARx+Rrot and ARx factors calculated over 3-, 5-, 7-, and 10-day antecedent durations and for
ARx-APETX factors calculated over 7- and 10-day antecedent durations. This result indicates
that overall, catchment memory over three to ten days preceding an event is an important control
on nonlinear response for sites considered in this study. This result also suggests that nonlinear
response behaviour is dependent on antecedent moisture conditions over specific periods
preceding a rainfall-runoff event.

The nested configuration of the MRC and HJA sites allowed for the qualitative
assessment of correlations between the number of thresholds observed and drainage area. Since
larger catchments often require more spatially extensive rainfall to initiate runoff response
compared to smaller catchments, and large rainfall events are less common than smaller,

spatially isolated rainfall events, a negative correlation between drainage area and the number of
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thresholds observed was anticipated. Only the number of ARx, ARx+Rtot, and ARx-APETx
thresholds that were observed at HJA sites appeared qualitatively related to catchment drainage
area. Also, this was not the case for other meteorological factor types or the MRC sites. The lack
of consistent correlations for different factor types may indicate an intricate relationship between
drainage area and threshold behaviour. Others have suggested that different controls on
hydrologic response may interact (Merz & Bldschl, 2009; Yadav et al., 2007), which is one
potential reason for these inconsistencies. Alternatively, the influence of drainage area on
hydrologic response may be spatially and/or temporally variable due to the relative influence of
other controls. For example, Devito et al. (2005) suggested that the importance of different
controls on response is hierarchical with climatic controls being the most important. One last
possibility is that drainage area inadequately represents a scale-based control on threshold
behaviour. Indeed, there is a clear distinction between catchment drainage area, which is
topographically defined, and the spatial extent of temporally variable contributing areas that
directly affect hydrologic response (Ambroise, 2004; Betson, 1964; Hewlett & Hibbert, 1967).
There remain opportunities to assess how the scale of drainage network connectivity or the
partitioning between vertical and lateral flowpaths might influence threshold behaviour. This
could be explored in future research by assessing threshold behaviour within existing
frameworks like the T2 template of typology, topography and topology (Buttle, 2006). It should
be noted that while others have done correlation analysis relating physiographic variables to
actual threshold values (Ali et al., 2015), here the focus was rather on evaluating potential
controls on the presence or absence of threshold behaviour. Only the potential effect of drainage
area on the presence of thresholds was considered since drainage area is the only physiographic

variable that could be isolated effectively.

131



3.4.3 Study limitations related to rainfall-runoff events

In the present study, we evaluated threshold behaviour using a large variety of response
metric and meteorological factor pairs for twenty-one sites from seven study areas using a
standardized approach. One limitation of our study, however, is the exclusion of snowmelt and
rain-on-snow events. While snow is an important component of the hydrologic cycle for some of
the selected sites, only rainfall-triggered events were considered. This methodological choice
was driven by the fact that high-frequency snowfall and snowmelt data were not available, and
HydRun is only designed to delineate rainfall-runoff events (Tang & Carey, 2017). Furthermore,
while some past studies did identify seasonal differences in threshold behaviour (Scaife & Band,
2017; Wei et al., 2020), such differences were not explored here. Although many rainfall-runoff
events were considered in the present study, the number of events per site varied significantly
due to shorter measurement periods for some sites and the fact that drier sites tend to have fewer
rainfall-runoff events. These rainfall-runoff events were therefore not separated based on season
or year, even though some sites are subject to seasonal changes (e.g., leaf-on versus leaf-off
periods) or annual differences in climatic conditions (e.g., wet versus dry versus average years)

that may change how meteorological factors influence hydrologic response.

3.4.4 Confronting conceptual and operational threshold definitions

In hydrology, while conceptual definitions of thresholds are well documented in the
literature, varying approaches are being used to “operationalize” those definitions, i.e., to

identify criteria and statistical models thanks to which thresholds can be identified from data.
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Thresholds in runoff response are generally conceptually defined as critical moments in time or
points in space at which runoff behaviour rapidly changes (Ali et al., 2013; Phillips, 2006).
Multiple operational threshold definitions adhere to this conceptual definition, including
definitions associated with nonlinear input-output relationships that are typically represented by
diagnostic shapes (e.g., hockey-stick, sigmoidal, Dirac, step-wise) (Ali et al., 2013; Lehmann et
al., 2007; Saffarpour et al., 2016). Hockey-stick shaped thresholds have received the most
attention in the literature (e.g., Ali et al., 2015; Detty & McGuire, 2010; Graham & McDonnell,
2010; Tani, 1997; Weiler, 2005) and this type of threshold focuses on a change in slope in an
input-output relationship. As mentioned in Section 3.2.3, most threshold studies have assessed
potential threshold behaviour associated with changes in slope visually (e.g., Ali et al., 2011;
Detty & McGuire, 2010; Graham et al., 2010; James & Roulet, 2007; Lehmann et al., 2007;
McGlynn & McDonnell, 2003; Mosley, 1979; Sidle et al., 2000; Tani, 1997; Tromp-van
Meerveld & McDonnell, 2006a; Whipkey, 1965), and few of these studies describe explicit
criteria for visual threshold identification. The PRA that was used in the current study and other
studies (e.g., Oswald et al., 2011; Scaife & Band, 2017) also focuses on thresholds associated
with a change in slope. In this context, threshold identification using PRA typically involves a
statistical assessment of whether the data offers more support for the piecewise linear model than
a competing model (usually the simple linear model). In the current study, criterion 1 (related to
the R? of the piecewise linear model) and criterion 2 (related to the AIC of the piecewise linear
model and simple linear model) were used to verify the appropriateness of the piecewise linear
model for representing the observed response behaviour. Criterion 2 is a statistically robust
approach for comparing the piecewise linear model and simple linear model (Sakamoto et al.,

1986) and also accounts for the influence of sample size (i.e., number of rainfall-runoff events).
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For all relationships that were deemed threshold mediated in this paper, the AIC of the piecewise
linear model was between 2.01 and 221.31 units below the AIC of the simple linear model. In the
current study, additional criteria related to relationship slope were also imposed on the PRA to
ensure that relationships deemed threshold mediated were associated with a noticeable change in
response. Specifically, criterion 3 stipulated that the percent difference between the below-
threshold slope (m1) and the above-threshold slope (m2) must be greater than 10%. It should be
noted that the existing literature offers no guidance about the minimum slope difference required
to assess the “rapidly changing runoff behaviour” associated with the conceptual definition of
hydrological thresholds. Besides, it is likely that the required minimum slope difference is site-
specific and depends on climate, drainage area, soil characteristics, and/or other factors. To
assess the potential effects of the minimum slope difference criterion on threshold detection
results, a sensitivity analysis was conducted: PRA were performed with the minimum percent
difference between the below-threshold and above-threshold slopes set at 10, 20, 30, 40, and
50%. This sensitivity analysis showed that threshold detection for the sites considered in this
study did not change considerably across the 10-50% minimum slope difference range that was
tested (Appendix A-1). It is also notable that in the present study and other recent ones (e.g.,
Scaife & Band, 2017; Wei et al., 2020), the exclusion of possible slower stormflow generation
was avoided by not assuming a below-threshold slope (i.e., m1) of 0. This is fundamentally
different from operational definitions of threshold behaviour found in other studies that only
assess a below-threshold regime that is characterized by negligible runoff response (i.e., m1 = 0).
In general, the use of PRA to assess the presence or absence of threshold behaviour — in
the present study and others — can be considered a narrow interpretation of conceptual threshold

definitions, since it allows only threshold behaviour associated with a change in slope to be
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considered. Other possible operational threshold definitions are associated with a change in
response variance. The present study showed that some notable changes in hydrological response
that adhere to conceptual threshold definitions were not identified as breakpoints by PRA. One
example of this is presented in Figure 3-4, where some scatter plots suggest variance collapse in
Tvr at critical ARz values. One possible explanation for this response change is that multiple
runoff processes with unique flow pathways initially contribute to hydrological response but
once a critical AR value is exceeded, one of those pathways becomes dominant or the signals of
multiple processes with unique pathways become integrated. One hypothetical example of this
might be for sites that exhibit hydrologic response as a result of saturation-excess flow after
critical volumes of rainfall are exceeded. In such a case, multiple subsurface runoff generation
mechanisms with distinct flow pathways (e.g., matrix flow, macropore flow) may be active, but
once response from saturation-excess flow is triggered, the signal of these other mechanisms
may be overshadowed. As variance collapse and other patterns indicative of response change are
not typically labeled as thresholds (despite fitting the textual definition), hydrologists may want
to consider tools other than PRA to identify any notable changes in hydrological behaviour,

including those that cannot be represented by monotonic mathematical functions.

3.4.5 Typology of threshold behaviour

In hydrology, classification schemes and typologies have facilitated the conceptualization
of complex systems. There are useful classifications of catchments (e.g., McDonnell & Woods,
2004; Wagener et al., 2007), runoff generation mechanisms (e.g., McDonnell, 2013), hysteretic

processes (e.g., Evans & Davies, 1998) and even hydrologic models (e.g., Beven, 2011).
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Numerous studies have observed nonlinearities in rainfall-runoff responses and have
demonstrated diverse and complex threshold behaviours. However, a typology of threshold
dynamics does not yet exist. The large number of threshold behaviours observed in the current
study provides an opportunity to group thresholds in at least three different ways.

First, thresholds can be grouped based on the number of response metrics that
simultaneously change behaviour at a single critical meteorological factor value. In most cases in
the present study, an individual threshold influenced a single response metric. However, in some
instances, a threshold influenced multiple response metrics (Figure 3-6). Therefore, two types of
threshold dynamics could be distinguished based on the number of response metrics influenced
by a single critical value of a meteorological factor. Restricted threshold dynamics could refer
to a critical value of a meteorological factor that triggers a change in a single response metric,
while pervasive threshold dynamics could refer to a critical value of a meteorological factor
that triggers a change in two or more response metrics. Both restricted and pervasive threshold
dynamics were observed in this study: Rrot thresholds for response magnitude metrics at the
MRC6 and PMRW site hinted at restricted and pervasive threshold dynamics, respectively.

Second, the present study considered the effects of antecedent conditions, computed over
several durations, on threshold behaviour. Some sites were shown to be more or less sensitive to
short-, medium- and longer-term antecedent conditions, which is indicative of different, and
highly site-specific memory effects. Figure 3-8 notably shows that some thresholds may be
present over a specific antecedent duration, while others are present across very different
antecedent durations and therefore seem unaffected by antecedent conditions. Three types of
threshold dynamics associated with different memory effects could, therefore, be distinguished.

Threshold behaviour that is present solely when considering a short antecedent duration (i.e., 5
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days or less) would indicate short-memory threshold dynamics, while threshold behaviour that
is present solely when considering a long antecedent duration (i.e., 14 days or more) would
indicate long-memory threshold dynamics. As for threshold behaviour that is present
regardless of antecedent duration, it could be put in a category akin to memory-independent
threshold dynamics. In the current study, ARx thresholds observed at the HIJAG site suggest
short-memory threshold dynamics, while ARx thresholds observed at the TRC site were more
aligned with long-memory threshold dynamics. The ARx+Rrot thresholds observed at the
PMRW site appear to be memory-independent.

Third, the present study evaluated scatter plots involving meteorological factors
representing rainfall depths, rainfall intensity and hydrologic abstractions related to
evapotranspiration. Considering such a large number of factors was important, since their
different effects on watershed dynamic storage and runoff generation mechanisms (e.g.,
infiltration-excess versus saturation-excess) are well documented (e.g., Kirchner, 2009;
McDonnell, 2013). Threshold dynamics could therefore by categorized based on the dominant
hydrological processes they are assumed to represent or depend on. A single-process threshold
dynamics category could be used to label a response metric that changes because of a rainfall
depth threshold, or a rainfall intensity threshold, or a threshold associated with a hydrologic
abstraction. A multi-process threshold dynamics category could rather be used to indicate that
a response metric is governed by multiple thresholds across more than one meteorological factor
type. Examples of such process-threshold dynamics could be observed in the present study:
nonlinearities in response at the HRM site seemed to fit the single-process threshold dynamics
conceptualization, while changes in response at five out of eight MRC sites seemed to be

controlled by multi-process threshold dynamics.
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Overall, the proposed typology distinguishes seven different types of threshold dynamics
based on three criteria: (1) the number of response metrics that simultaneously change behaviour
at a single critical meteorological factor value; (2) the memory effects on thresholds; and (3) the
underlying hydrological processes leading to threshold behaviour (Figure 3-10). The types of
threshold dynamics derived under the three criteria are not mutually exclusive, as highlighted
above using site-specific examples from the present study. Distinguishing threshold dynamics
based on criteria 1 may prove particularly useful for modelling exercises since pervasive
threshold dynamics would be a strong rationalization for prescribing unique model structure or
parameterization for meteorological factor values smaller or larger than a threshold value.
Similarly, discriminating threshold dynamics based on criteria 2 might help characterize the
resilience of catchments to antecedent conditions that may trigger drastic increases in response.
Lastly, distinguishing threshold dynamics based on criteria 3 may facilitate the understanding of
how different processes uniquely (or non-uniquely) control nonlinear rainfall-runoff behaviour
for individual sites. More broadly, a typology of threshold dynamics could promote standardized
descriptions of nonlinear rainfall-runoff behaviour and enable easier inter-site comparisons,
provided that the typology can be confirmed across a larger range of sites and conditions where
thresholds are present. Beyond validation efforts for multiple sites, further analysis is needed to
assess the appropriateness of the proposed typology, especially in scenarios where threshold
dynamics may change over seasonal and multi-year timescales, or before and after

ecohydrological disturbances.
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Figure 3-10. Visual representation of the proposed typology distinguishing seven different types
of threshold dynamics based on three criteria. Since the three criteria are not mutually exclusive,

threshold dynamics can belong to three different types.

3.5 Conclusion

This study contributes to the growing knowledge surrounding hydrologic thresholds in
three novel ways. First, an unprecedented suite of meteorological factor and response metric
pairs was used to evaluate the presence or absence of threshold behaviour for 21 study sites in
seven different geographic areas. Secondly, this study shifted focus from specific threshold
values, that are difficult to compare between sites, to the presence or absence of threshold
behaviour. This distinction was important, as it allowed the ubiquitous nature of thresholds to be

highlighted using commonly available data. Lastly, the present study comprehensively assessed
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antecedent conditions as a control of threshold behaviour. Key findings from this study include
the following:

(1) Total event rainfall thresholds are one form of rainfall depth threshold affecting response
magnitude metrics at 14 out of 21 sites.

(2) Some meteorological factors other than total event rainfall, and which reflect other
measures of rainfall depth, rainfall intensity, or hydrologic abstractions related to
evapotranspiration, also appear as strong determinants of nonlinear response.

(3) Threshold behaviour is sensitive to both event conditions and antecedent conditions.

(4) Threshold behaviour is sensitive to antecedent conditions over specific durations
preceding a rainfall-runoff event.

(5) A typology of threshold dynamics emerges from the data synthesis.

A direct extension of this work would be to further assess the effectiveness of the
proposed typology of threshold dynamics. Additional studies evaluating the influence of
physiographic, soil, and climatic controls on threshold behaviour, and studies examining changes
in threshold behaviour over time, would also be valuable. Lastly, robust characterization of other
possible nonlinear relationship shapes (e.g., sigmoidal, dirac, variance collapse) would be
beneficial and may lead to automated change identification techniques that capture nuanced,

threshold-mediated hydrologic responses.
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4.1 Introduction

Both detailed field measurements and rainfall-runoff models contribute greatly to better
understanding and predicting hydrologic response at the catchment scale (Beven & Kirkby,
1979). Rainfall-runoff models are routinely calibrated to identify parameter sets that offer the
best fit between simulated and observed hydrologic response according to one or more
performance measures (e.g., Nash-Sutcliffe efficiency, Kling-Gupta efficiency) (Beven, 2011,
Clark et al., 2011; Son & Sivapalan, 2007). The typical calibration approach uses performance
measures to label model simulations as behavioural or nonbehavioural: behavioural simulations
meet a specific performance measure criterion, while nonbehavioural simulations do not (Beven,
2011; Beven & Binley, 1992, 2014; Spear & Hornberger, 1980). Labelling simulations in this
way is aligned with the concept of equifinality: multiple unique parameter sets may lead to
simulations with a comparable model fit (Beven, 2006, 2011). However, the exact performance
measure criterion used to distinguish between behavioural and nonbehavioural simulations is
arbitrary (Clark et al., 2011; Vrugt et al., 2009), and behavioural simulations do not always have
high fidelity (with fidelity defined as the degree to which a model simulation reproduces
hydrologic processes observed in nature). It is common for simulations with good performance
measure scores to poorly reproduce low flows (Staudinger et al., 2011), mischaracterize high
flows, or lead to inaccurate flood frequency estimates (Mizukami et al., 2019).

While calibration may allow hydrologists to maximize model fit and identify behavioural
simulations, distinguishing between behavioural simulations based on their fidelity necessitates
post-calibration model evaluation (Beven, 2011; Kelleher et al., 2017). Model evaluation
assesses model outputs relative to observations of the runoff response (Beven, 2011), and can

include either the consideration of auxiliary data other than streamflow (e.g., Ala-aho et al.,
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2017; Son & Sivapalan, 2007; Stadnyk et al., 2013), or the consideration of enhanced
information extracted from streamflow data (e.g., Boyle et al., 2000; Yilmaz et al., 2008). On
one hand, auxiliary data, including soil moisture, water chemistry, stable isotope composition,
and groundwater levels, have been used to evaluate and distinguish behavioural simulations
(Ala-aho et al., 2017; Franks et al., 1998; Grayson et al., 2002; Kelleher et al., 2017; Koch et al.,
2016; Kura$ et al., 2011; Lamb et al., 1998; Seibert & McDonnell, 2002; Son & Sivapalan, 2007,
Stadnyk et al., 2013; Wealands et al., 2005). Model evaluations involving auxiliary data are
typically more computationally demanding, but they can help assess model fidelity by
facilitating the falsification of behavioural simulations (Clark et al., 2015; Hill et al., 2016). On
the other hand, modelling exercises that rely solely on streamflow data have been criticized as
oversimplistic (Kirchner, 2006). However, it is important to distinguish models that use raw
streamflow data from models that rely on information extracted from processed streamflow data.
Indeed, continuous streamflow data may be subjected to transformation, trend analysis, event-
based rainfall-runoff analysis, or frequency filtering, and the outcomes of these analyses can be
used to develop hypotheses about different aspects of catchment response (Clark et al., 2011).
Past studies have, notably, performed model evaluation on streamflow data that had been
transformed through baseflow separation (e.g., Dunn, 1999; Gallart et al., 2007; Kroll et al.,
2004), or separated into periods of recession or periods driven by precipitation (e.g., Boyle et al.,
2000). Enhancing the use of streamflow data in model evaluation is, therefore, appealing since it
leverages data that is readily available while going beyond a simple statistical assessment of fit
between continuous observed and simulated data. The use of streamflow records can be
enhanced by calculating a range of measures related to the flow duration curve, rainfall-runoff

event response metrics, and hydrologic thresholds.
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Firstly, the flow duration curve (FDC) describes the probability of flow exceeding a
specific value and is an indicator of catchment function (Bléschl et al., 2013; Dingman, 2015;
Vogel & Fennessey, 1994, 1995; Yilmaz et al., 2008). As such, the FDC has previously been
used in a variety of ways for model evaluation (Blazkova & Beven, 2009; Herbst et al., 2009;
Ley et al., 2016; Westerberg et al., 2011; Yilmaz et al., 2008; Yu & Yang, 2000). Like
continuous flow timeseries, complete FDCs derived from observed and simulated data can be
compared using a performance measure. Alternatively, model fidelity can be assessed by
comparing specific points of interest on the observed and simulated FDCs, such as points
associated with high flows from storm events (e.g., Westerberg et al., 2011). With that approach,
measures of bias are used to compare segments of the observed and simulated FDC that are
related to different, presumed dominant flow processes (Gronz, 2013; Yilmaz et al., 2008). For
example, the FDC middle-segment can be related to the vertical redistribution of water within
the soil profile: a low middle-segment slope indicates a response from slower and more sustained
groundwater flow, while a steeper middle-segment slope indicates a flashy response delivered
via overland flow due to a small soil storage capacity (Clark et al., 2011; Ley et al., 2016;
Yilmaz et al., 2008). In addition to continuous streamflow records, the FDC presents process
specific information that can be used to distinguish simulations based on how well they
reproduce water volumes that are associated with different flow frequency classes and dominant
flow generation mechanisms (Yilmaz et al., 2008).

Secondly, rainfall-runoff event response metrics relate event rainfall to the timing and
magnitude of hydrologic response (Dingman, 2015; Tang & Carey, 2017). While these metrics
are commonly used in process hydrology studies, as they provide first-order information on

catchment function (Carey & Woo, 2001; Post & Jakeman, 1996; Yair & Raz-Yassif, 2004),
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their use in modelling studies have been variable. For instance, some event-based rainfall-runoff
models (i.e., models that simulate individual rainfall-runoff events) (Hossain et al., 2019; Singh,
1995) have been calibrated and evaluated by comparing observed and simulated event response
metrics (e.g., peak discharge, total flow, and lag-to-peak) (Loague & Freeze, 1985), sometimes
by relying on multi-objective functions based on these event response metrics (e.g., Yang et al.,
2004). When it comes to the evaluation of continuous simulation rainfall-runoff models (i.e.,
models that simulate longer periods that include multiple events and inter-event periods)
(Hossain et al., 2019; Singh, 1995), some have used small sets of representative rainfall-runoff
events for model calibration (Brath et al., 2004; Tan et al., 2008). Individual storm events have
also been used in Bayesian analysis of input uncertainty for continuous simulation rainfall-runoff
models (Kavetski et al., 2006a, 2006b; Vrugt et al., 2009). There are multiple advantages to
using event response metrics to assess the fidelity of model simulations, as these metrics can
capture different aspects of hydrologic response. In particular, response metrics related to the
travel time of precipitation inputs to the catchment outlet (e.g., lag-to-peak and centroid lag-to-
peak) depend on rainfall timing as well as fixed (e.g., drainage area and slope) and dynamic (e.g.,
vegetation and catchment wetness) catchment characteristics (Dingman, 2015). The simulation
of these timing metrics is often affected by model temporal resolution and assumptions about
precipitation rate (e.g., constant or variable rainfall intensity), which has implications for
catchment responses with variable time-to-peak or rainfall intensity that is not linearly associated
with peak discharge (Wooding, 1965; Woods & Sivapalan, 1999). Using response timing metrics
towards evaluating continuous rainfall-runoff models may, therefore, help identify simulations
that adequately capture dominant runoff generation mechanisms and flow pathways at short

timescales.
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Thirdly, most hydrologic responses have a nonlinear dependence on rainfall inputs
(Sivapalan et al., 2002) and numerous studies have shown threshold behaviour in rainfall-runoff
relationships (Detty & McGuire, 2010; Mosley, 1979; Redding & Devito, 2008; Sidle et al.,
2000; Tani, 1997; Tromp-van Meerveld & McDonnell, 2006b, 2006a; Weiler et al., 2006;
Whipkey, 1965). Thresholds in rainfall-runoff relationships are defined as critical moments in
time when runoff behaviour rapidly changes (Ali et al., 2013; Phillips, 2006) and as such, they
are thought to be emergent catchment properties that reflect landscape heterogeneity and process
complexity (Lehmann et al., 2007; McDonnell et al., 2007; Spence, 2010). It is also worth noting
that in the literature, thresholds have been related to a variety of processes. In most cases,
threshold behaviour in runoff response has been associated with the exceedance of a catchment
storage deficit (Ali et al., 2015; Detty & McGuire, 2010; Lehmann et al., 2007; Oswald et al.,
2011; Tromp-van Meerveld & McDonnell, 2006a, 2006b). However, threshold behaviour has
also been associated with precipitation rate overwhelming the maximum rate of infiltration, the
spatial connectedness of runoff generating areas, and the activation of different runoff generation
mechanisms (Cammeraat, 2002; James & Roulet, 2009; Reaney et al., 2007; Scaife et al., 2020;
Scaife & Band, 2017; Wei et al., 2020). Increasingly, thresholds in rainfall-runoff relationships
are being used to characterize and compare catchment responses (Ali et al., 2015), but
reproducing threshold-driven response dynamics using rainfall-runoff models is challenging
(Thyer et al., 2009). While thresholds in hydrologic response related to storage capacity are often
represented in rainfall-runoff models using storage buckets (Staudinger et al., 2011), other
threshold types are not commonly considered, and models that can be used to examine thresholds
in rainfall-runoff relationships for a range of environmental conditions are scarce (Mirus &

Loague, 2013). Therefore, model evaluations that incorporate hydrologic thresholds may
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facilitate the falsification of behavioural simulations based on their ability to effectively predict a
variety of important catchment functions.

In light of the above-cited literature, there remain opportunities to enhance the use of
streamflow data in hydrologic modelling to better characterize both model fidelity and model
uncertainty. Indeed, parameter uncertainty is a primary source of uncertainty in hydrologic
models that complicates hydrologic process descriptions and the assessment of relationships
between parameters, processes, and catchment characteristics (Li et al., 2010; Zhang et al.,
2016). While the shape of parameter distributions can affect model uncertainty (Benke et al.,
2008) and lead to model fidelity tradeoffs (Hallouin et al., 2020), some studies have shown that
model evaluation using auxiliary data or enhanced streamflow data can reduce the uncertainty in
poorly defined parameters (Kelleher et al., 2017; Kuczera & Mroczkowski, 1998). Flow duration
curves have been widely used to evaluate model simulations of continuous streamflow, while
event response timing metrics have mostly been used to evaluate event-based models, and
thresholds of rainfall-runoff relationships have not yet been used in model evaluation. This
chapter, therefore, aims to assess how model evaluation — using measures of bias related to the
flow duration curve, event response timing, and hydrologic thresholds — may help identify high-
fidelity model simulations by distinguishing between behavioural parameter sets based on their
ability to reproduce specific aspects of catchment response. This goal is pursued through two
research questions:

(1) To what extent can behavioural simulations be labelled as “high-fidelity” based on their
ability to reproduce (i) the flow duration curve, (ii) rainfall-runoff event response timing

metrics, and (iii) hydrologic thresholds?
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(2) Do the parameter distributions of behavioural simulations that can adequately reproduce
specific aspects of catchment response differ from those of behavioural simulations that

cannot?

4.2 Methods

4.2.1 Study site and data

The ~50 km? Mahurangi River catchment is located approximately 70 km north of
Auckland, New Zealand, and comprises steep to gently rolling lowlands with land use/land cover
of pasture, plantation forest (primarily Pinus radiate), and native forests (Woods et al., 2013). A
24.8 km? sub-catchment of the Mahurangi River catchment was the focus of this study (Figure
4-1. The sub-catchment of the Mahurangi River Catchment that was used in this study, including
its location within New Zealand, digital elevation model, and channel network. m.a.s.l: meters
above sea level.). This sub-catchment has ~290 m of relief and soils are clay loam with a

maximum depth of 1 m developed on Waitemata sandstones (Woods et al., 2013).
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Figure 4-1. The sub-catchment of the Mahurangi River Catchment that was used in this study,
including its location within New Zealand, digital elevation model, and channel network. m.a.s.l:

meters above sea level.

For this study, we used high-frequency rainfall (2-minute frequency), flow (2-minute
frequency), and temperature (1-hour frequency) data that were collected from July 1997 to
September 2001 for the Mahurangi River Variability Experiment (Woods et al., 2013). Rainfall
depths were measured using standard 200 mm collectors and 0.2 mm tipping buckets;
streamflow was estimated using a site-specific weir equation from water levels that were
measured using a float and counterweight with compound v-notch weir; and weather data was
from a nearby (~ 10 km) meteorological station (Woods et al., 2013). Rainfall and flow data

158




were aggregated to a 1-hour frequency (Appendix B-1): rainfall data were aggregated using the
sum, while flow data were aggregated using the arithmetic mean. In terms of regional long-term
climate, the mean annual temperature is ~15.6 °C and the mean annual precipitation and potential
evapotranspiration are ~1,600 mm and ~716 mm, respectively (Ross et al., 2019; Woods et al.,
2013). The mean annual potential evapotranspiration (PET) was determined by summing

monthly PET estimates obtained using the Thornthwaite equation (Thornthwaite, 1948).

4.2.2 Hydrologic descriptors

This study considered different aspects of catchment response captured by three
hydrologic descriptors: (1) the flow duration curve of the study period, (2) rainfall-runoff event
response timing metrics, and (3) hydrologic thresholds. The FDC showing the probability,
expressed as % of the time, of flow equalling or exceeding a specific value (Dingman, 2015;
Vogel & Fennessey, 1994) was computed for the observed continuous flow timeseries using the
hydroTSM package in R (Zambrano-Bigiarini, 2012). The FDC was separated into four distinct
segments (Appendix B-2) that represent critical catchment functions (Ley et al., 2011; Ley et al.,
2016; Yilmaz et al., 2008). These segments include low flows (exceedance probability > 70 %),
the middle-segment (exceedance probability between 20 and 70 %), high and medium flows
(exceedance probability between 2 and 20 %), and very high flows (exceedance probability <
2 %) (Gronz, 2013; Yilmaz et al., 2008).

Observed rainfall-runoff events were characterized using input meteorological factors
and output hydrologic response metrics. Rainfall-runoff analysis, including the delineation of

rainfall-runoff events using the MATLAB toolbox HydRun (Tang & Carey, 2017), was
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previously performed on the catchment featured in this study (Ross et al., 2019). Meteorological
factors and response metrics from Chapter 2 were used in the current study. Event-specific
meteorological factors include the total rainfall (Rror), the average rainfall intensity (Rlava), the
maximum rainfall intensity (Rlvax), and the sum of event rainfall (i.e., Rtor) and antecedent
rainfall that occurred over a duration (X) preceding the rainfall-runoff event (Rtot + ARx).
Rrotr+ARx was computed for antecedent durations (X) of 3, 7, and 14 days. Event response
metrics include the total flow (Qror), the peak flow (Qmax), the lag-to-peak (T.p — the time
between the beginning of rainfall and the peak event flow), and the centroid lag-to-peak (Trpc —
the time between the rainfall centroid and peak event flow) (Dingman, 2015). More details
regarding meteorological factor and response metric calculations, statistical summaries, and
examples of typical rainfall-runoff events are featured in Ross et al. (2019), where the catchment
featured in the current study is referred to as MRCS8.

Event response timing metrics, specifically Tip and Tipc, were used in the current study
to represent hydrologic response at the event scale. These metrics characterize the timing of peak
event flow relative to key parts of the event hyetograph (i.e., the beginning of rainfall and the
hyetograph centroid). Summary statistics of Trp and Tvpc for the seventy-four rainfall-runoff
events are shown in Appendix B-3. Select event meteorological factors (Rtot, Rlave, RImax,
AR3z+ Rto1, AR7+ RtoT, and AR14+ RtoT) and response metrics (Qrot and Qmax) were used to
assess rainfall-runoff relationships for threshold behaviour. Twelve scatterplots showing
response magnitude metrics against meteorological factors were constructed and evaluated for
thresholds using piecewise linear regression analysis (PRA) (Oswald et al., 2011; Scaife & Band,
2017) via the segmented package in R (Muggeo, 2008). These twelve input-output scatter plots

were intended to represent three types of potential threshold behaviour: thresholds related to
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rainfall intensity, thresholds related to event rainfall depth, and thresholds related to event plus
antecedent rainfall depth. When possible, PRA identifies a breakpoint in an input-output pair and
fits two linear segments to the event data: these two segments correspond to data on each side of
the breakpoint. Pairs for which no breakpoint was identified were assumed to not have a
threshold. However, if a breakpoint was identified, the goodness-of-fit (R?) of the piecewise
linear model was estimated, along with the Akaike Information Criterion (AIC) of the piecewise
linear model (Sakamoto et al., 1986; Yafune et al., 2005) and the breakpoint value. The slopes of
the linear segments preceding (m1) and following (m.) the breakpoint were also calculated.
Breakpoints identified during PRA were only considered thresholds if (1) the R? of the piecewise
linear model was moderate to strong (R? > 0.45), (2) the AIC of the piecewise linear regression
model was more than two units below the AIC of the simple linear regression model, (3) the
percent difference between m1 and m; exceeded 10%, and (4) m. was greater than zero. These
criteria were imposed to ensure that only input-output pairs characterized by rapid changes in
runoff behaviour at critical input values were considered threshold mediated (Ali et al., 2013;
Detty & McGuire, 2010; Phillips, 2006). Five of the twelve input-output pairs that were tested
met these criteria, indicating threshold behaviour. Thresholds identified for observed input-

output pairs are shown in Appendix B-4.

4.2.3 Model selection and calibration

The GR5H model, which is a lumped, hourly, bucket-type, continuous rainfall-runoff
model (Ficchi, 2017; Ficchi et al., 2019; Perrin et al., 2003) was selected for this study. There are

two major components of the GR5H model: (1) a production module that models the water
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balance, comprising an interception function, a soil moisture accounting store, and a
groundwater exchange function; and (2) a flow routing module comprising unit hydrographs and
a nonlinear store (Ficchi, 2017; Ficchi et al., 2019; Le Moine, 2008; Perrin et al., 2003). GR5H is
a parsimonious model with only five parameters: the maximum capacity of the production store
(X1 —mm), the groundwater exchange coefficient (X2 — mm/hr), the reference capacity of the
routing store one time-step ahead (X3 — mm), the time base of the unit hydrograph (X4 — hours),
and the level of the routing store at which the flux exchange changes sign (Xs — [-]). The GR5H
model was developed from the GR4J model, using an empirical comparative approach carried
out on over a thousand catchments in France and Australia (Ficchi et al., 2019; Le Moine, 2008;
Perrin et al., 2003). The main differences between GR5H and its predecessor, the four-parameter
GR4J model, are that GR5H operates at the hourly time-step rather than the daily time-step, and
GR5H includes a more complex groundwater exchange function associated with the additional
fifth free parameter (Ficchi et al., 2019; Le Moine, 2008). The groundwater exchange function is
an explicit, albeit conceptual, representation of groundwater/surface water interactions and
contributes to improved low flow simulations (Ficchi et al., 2019; Le Moine, 2008). GR5H does
not assume that deeply infiltrating water that bypasses the topographic catchment is negligible,
which is an assumption of many rainfall-runoff models (Le Moine, 2008). Perrin et al. (2003)
and Ficchi et al. (2019) offer detailed descriptions of the GR model structure and the associated
model equations. While the GR models were initially developed based on catchments in France,
they have been applied in a wide variety of climate and flow conditions, and changes in the
GR5H version are associated with improved flux coherence and simulation realism for most

catchments (Coron et al., 2017; Ficchi, 2017; Ficchi et al., 2019; Le Moine, 2008).
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In the current study, the GR5H model was implemented in R using the airGR package
(Coron et al., 2017; Coron et al., 2020) and the aforementioned temperature, rainfall, and flow
data. Data were separated into two subsets: six months, starting in July 1997, were used for
model warm-up while the remaining data were used for model calibration. In total, 500,000
simulations were performed using parameter values that were randomly sampled from the
feasible parameter space using Monte Carlo methods. The feasible parameter space was derived
from established GR5H calibration routines in the airGR package and previous GR model
implementations (Coron et al., 2020; Ficchi, 2017; Ficchi et al., 2019; Le Moine, 2008; Perrin et
al., 2003). For model calibration, to evaluate the agreement between the observed and predicted
continuous streamflow timeseries of each Monte Carlo simulation (n = 500,000), the Kling-

Gupta Efficiency (KGE) was calculated:

KGE =1— /(r— 12+ (a— 12+ (B — 1)2 Equation 4-1
where a is the relative variability (Gsim/cobs), B is the bias (usim/Lobs), I IS the linear correlation
coefficient (Cov/asimoobs), With Cov being the covariance between simulated and observed
values. The KGE values were used to label model simulations as behavioural or nonbehavioural
(Beven, 2011; Beven & Binley, 2014; Freer et al., 1996; Spear & Hornberger, 1980). In this
study, simulations with KGE > 0.3 were labelled behavioural and simulations with KGE < 0.3
were labelled nonbehavioural. After calibration, behavioural model simulations were evaluated
to assess how different hydrologic response descriptors (listed in Section 4.2.2) may help

distinguish behavioural, low-fidelity simulations from behavioural, high-fidelity simulations.
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4.2 .4 Post-calibration model evaluation

Behavioural simulations were considered to exhibit different degrees of fidelity based on
their ability to reproduce different aspects of the observed hydrologic response captured by three
descriptors: the FDC, rainfall-runoff event response timing metrics, and thresholds in rainfall-
runoff relationships. The FDC of the simulated streamflow timeseries associated with each
behavioural simulation was computed in the same way as the observed FDC. To evaluate model
fidelity for the FDC, the percent bias (Pbias) between four segments of the observed and
simulated FDCs were calculated (Gronz, 2013; Ley et al., 2011; Ley et al., 2016; Yilmaz et al.,
2008). The FLV is the Pbias between observed and simulated flow volumes of the low flow

exceedance probability segment:

Jo,(log(Qs§™)~10g(Qs*™) )dp-
f01_7(log(QSSbS)—log(QSmi“))dp
f01_7(log(QSSbS)—log(QSSim))dp

FLV = * 100 Equation 4-2

where QSf,im (mm/hr) is the predicted flow at exceedance probability P, ngbs (mm/hr) is the

observed flow at exceedance probability P and QS™" is the minimum of QS$I™ and QS°Ps

(Gronz, 2013; Ley et al., 2016; Yilmaz et al., 2008). The FMS is calculated as follows:
(log(Qsgi™)-log(Qsss™) )-

(10g(Qs85%)-1og(QSHY"
(log(Qsg5%)-log(assim

FMS = g * 100 Equation 4-3

and is the Pbias between the slopes of the observed and simulated FDC middle segment. The
FMV and FHV are the Pbias between observed and simulated flow volumes of the medium and
high flow exceedance probability segment, and the very high flow exceedance probability

segment of the FDC:
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0.2 i 0.2
fo.oz Qsls)lmdp_fo.oz ngbsdp

FMV =
Joa, QSEP%dp

* 100 Equation 4-4

and

0.02 i 0.02
Jy__Qsp™dp—f, " Qsg*dp

FHV =
v Jy % Qsgbsdp

100. Equation 4-5

These measures of bias have been described and used elsewhere (Casper et al., 2012; Gronz,
2013; Herbst et al., 2009; Ley et al., 2011; Ley et al., 2016; Yilmaz et al., 2008).

To evaluate model fidelity for event response timing, the Tip and Tipc of each simulated
rainfall-runoff event were estimated for each behavioural simulation. The start of rainfall and end
of event hydrologic response for rainfall-runoff events delineated from observed data were used
to isolate event periods (n = 74) in the simulated streamflow timeseries. The Pbias between event
Trp and Trpc of the observed and simulated data were calculated to evaluate how well
simulations reproduced rainfall-runoff event response timing.

To evaluate model fidelity with respect to thresholds in rainfall-runoff relationships, the
Qrot and Qmax of each rainfall-runoff event were computed for each behavioural simulation.
The simulated event Qtot and Qmax and meteorological factors from rainfall-runoff events were
used to construct twelve input-output scatterplots for each behavioural simulation. For each
behavioural simulation, input-output pairs were evaluated for threshold behaviour using the
procedure described in Section 4.2.2. If a threshold was confirmed in a simulated input-output
pair, a compound Pbias value was computed between the observed and simulated threshold
value, observed and simulated segment slopes (m1 and my), and observed and simulated R? and

AIC (associated with the piecewise linear regression model) according to Equation 4-6:
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(simgp —0bsgy) +(simpy,; —obsy, )+
(simp, —obsm2)+(simR2 —obsR2)+
(simajc—obsaic)

Compound threshold bias = * 100 Equation 4-6

(obs¢y+0bsm, +0bsy, +0bsg2+0bsaic)

where simg;, and obsyare the simulated and observed threshold values, simy, and obsy,, are the
simulated and observed slopes preceding the threshold, sim,, and obs,, are the simulated and

observed slopes following the threshold, simgz and obsgz are the simulated and observed
segmented linear model fit, and sim;c and obsy;c are the simulated and observed segmented
linear model AIC. Some of the observed input-output pairs (five of twelve) selected for this
study had threshold behaviour, while others did not (seven of twelve) (Appendix B-4). This
allowed behavioural simulations to be evaluated based on their association with true-positive,
false-positive, true-negative, or false-negative threshold identification.

Overall, model fidelity was assessed using eleven measures of bias, including FDC biases
(4 measures), rainfall-runoff event response timing biases (2 measures), and threshold biases (5
measures). The optimal bias values are 0, and values closest to 0 imply a better reproduction of
the related process. Positive and negative values for biases indicate model overestimation and
model underestimation, respectively. Throughout the rest of this paper, biases are expressed as
absolute values, and negative and positive biases are described as underestimation and
overestimation, respectively. Assessments of fidelity for behavioural simulations were made for
single descriptors and multiple descriptors. Single-descriptor approaches were used to
independently assess the ability of a simulation to minimize FDC biases, timing biases, or
threshold biases. Multi-descriptor approaches rather assessed the ability of a simulation to
minimize biases across all descriptors. In the multi-descriptor assessment, a simulation could

potentially minimize no biases, biases of a single descriptor, biases of two descriptors, or biases

166



of all three descriptors. Behavioural simulations with Pbias < 15% for the aforementioned biases
were deemed to have low descriptor-specific or low multi-descriptor bias, and therefore to

exhibit descriptor-specific or multi-descriptor fidelity.

4.2.5 Assessing parameter distributions

For each model parameter, a two-sample Kolmogorov-Smirnov test was performed to
compare the parameter distributions of behavioural simulations that met the 15% Pbias criterion
for different measures of bias against the parameter distributions of the remaining behavioural
simulations. Using the FLV measure of bias and the X1 parameter as an example: in this test, one
sample includes the X1 parameter values of all behavioural simulations that met the 15%
criterion for the FLV, while the second sample includes the X1 parameter values of all
behavioural simulations that did not meet the 15% criterion for the FLV. The null hypothesis was
that the X1 parameter values of these two samples were from the same distribution, while the
alternative hypothesis was that the X1 parameter values of these two samples were not from the
same distribution (Conover, 1998). In this study, the 5% significance level was used to reject the
null hypothesis. Similar two-sample Kolmogorov-Smirnov tests were performed to compare the
parameter distributions of behavioural simulations that met the 15% Pbias criterion for different
groups of bias measures related to a single descriptor (e.g., all bias measures related to the FDC)

and the remaining behavioural simulations.
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4.3 Results

4.3.1 Behavioural simulations

Of the 500,000 simulations that were performed in this study, 8339 simulations were
labelled behavioural (i.e., KGE > 0.3). The KGE scores of behavioural simulations ranged from
0.30 to 0.92: over 6000 simulations had KGE scores between 0.30 and 0.50, while only five
simulations had a KGE score greater than 0.90 (Figure 4-2). It should be noted that simulations
shown in Figure 4-2 include flow predictions for isolated periods of missing flow observations,
as these gaps were not necessarily mirrored in the input rainfall data. However, predictions for
missing flow observations were not included in KGE score calculations. The visual agreement
between observed and simulated streamflow for behavioural simulations improved with
increasing KGE scores (Figure 4-2). However, regardless of KGE scores, several simulations
significantly overestimated low flows (Figure 4-2). Also, some behavioural simulations

erroneously predicted the location and/or magnitude of flow peaks.
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Figure 4-2. Observed flow timeseries and flow ranges of simulated flow timeseries associated

with behavioural parameter sets. Simulation flow ranges are colour-coded by KGE score range.
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4.3.2 Single-descriptor model evaluation

First, model evaluation was performed based on FDC biases only. Among the four FDC
biases, the 15% Pbias criterion was met for the FLV by the fewest behavioural simulations,
followed by the FMS, FMV, and FHV (Table 4-1 and Figure 4-3). More than three times as
many behavioural simulations adequately reproduced FDC segments represented by the FHV
and FMV than the FMS and FLV. In detail, 3054, 2137, 978, and 678 behavioural simulations
had FHV, FMV, FMS, and FLV < 15%, respectively. Only 94 behavioural simulations had all
four FDC biases < 15%. More than half (51.5%) of the behavioural simulations that met the 15%
criterion for the FLV mostly underestimated the flow volume. Similarly, most of the behavioural
simulations that met the 15% criterion for the FMS (52.5%) and FHV (53.5%) underestimated
the middle-segment slope and the flow volume of the high flow exceedance probability segment,
respectively. In contrast, 51.6% of the behavioural simulations with FMV < 15% overestimated

the associated flow volume.
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Table 4-1. The number (percentage shown in brackets) of behavioural simulations that met the

15% Pbias criterion for different measures of bias.

Pbias < 15%

Simulations (%)

Flow duration curve

FLV 678 (8.1)

FMS 978 (11.7)
FMV 2137 (25.6)
FHV 3054 (36.6)
All FDC biases 94 (1.1)

Event-specific response timing metrics
Tie 3714 (44.5)
Tirc 968 (11.6)
All response timing biases 968 (11.6)
Event rainfall threshold relationship
Rror, Qror 5032 (60.3)
Antecedent plus event rainfall threshold relationships

ARz+Rrort, QroT 6307 (75.6)
AR7+Rrot, Qrot 7633 (91.5)
AR7+Rrot, Quax 5619 (67.4)
ARw4+RtoT, QToT 8077 (96.9)
All ARx+Ryor threshold biases 4081 (48.9)
All threshold biases 2272 (27.3)
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Figure 4-3. Observed flow duration curve and range of simulated flow duration curves
associated with behavioural simulations with FLV, FMS, FMV, or FHV < 15% (shown in

yellow).

Second, model evaluation was performed based on response timing biases only. There
were 3714 and 968 behavioural simulations that reproduced event Typ (Figure 4-4A) and Typc

(Figure 4-4B) with Pbias < 15%, respectively (Table 4-1 and Figure 4-4). All the behavioural

172



simulations that reproduced Trpc with Pbias < 15% also reproduced Tip with Pbias < 15%. The
event Trp and Trpc Were underestimated, overestimated, and predicted exactly by 48%, 44%, and

8% of behavioural simulations that reproduced both T pc and Trp with Pbias < 15%.
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Figure 4-4. Tp and Tvrpc of rainfall-runoff (RR) events (n = 74) in the observation data, and bars
showing the Trp (A) and Trrc (B) ranges across all events for behavioural simulations with

Pbias < 15%. Plot areas associated with negative response timing values are shaded grey.

Third, model evaluation was performed based on threshold biases only. There was
variability in threshold identification between behavioural simulations. Behavioural simulations
could be associated with true-positives (i.e., a threshold detected from observed and simulated
data), false-positives (i.e., a threshold not detected from observed data but detected from
simulated data), false-negatives (i.e., a threshold detected from observed data but not detected

from simulated data) and true-negatives (i.e., a threshold not detected from observed and
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simulated data) (Table 4-2). Most behavioural simulations were associated with true-positives or

true-negatives. However, there were some false-negatives: the observed thresholds of Rtor -

Qrot, AR7+R10T — QToT, and AR7+RT0T — QMmAX pairs were not detected for 240, 490, and 1228

behavioural simulations, respectively. Similarly, there were some false-positives: thresholds of

Rrot — Qmax, Rlave — Qumax, RImax — Quax, AR3+RT1oT — QMmax, and AR14+RtoT — Qmax pairs

were erroneously detected for 6631, 64, 2275, 8252, and 7817 behavioural simulations,

respectively.

Table 4-2. Number (percentages, shown in brackets) of behavioural simulations for which

thresholds were identified (or not) for the twelve input-output pairs evaluated in this study.

“NA”: Options that are inapplicable given the presence or absence of threshold behaviour in the

observed data.

True- Falsz_e— Fal_s_e— True-
positive negative positive negative
Rror, Qrot 8099 (97.1) 240 (2.9) NA NA
Rrot, Qmax NA NA 6631 (79.5) 1708 (20.5)
Rlave, Qrot NA NA 0(0.0) 8339 (100.0)
Rlave, Qmax NA NA 64 (0.8) 8275 (99.2)
Rlmax, Qrot NA NA 0(0.0) 8339 (100.0)
Rimax, Qmax NA NA 2275 (27.3) 6064 (72.7)
AR3+Rror, Qrot 8338 (100.0) 1(0.0) NA NA
AR3+R7o1, Quax NA NA 8252 (99.0) 87 (1.0)
AR7+Rot, Qror 7849 (94.1) 490 (5.9) NA NA
AR7+R7o1, Quax 7111 (85.3) | 1228 (14.7) NA NA
AR1+Rror1, Qrot 8333(99.9) 6 (0.1) NA NA
ARu+Rrot, Quax NA NA 7817 (93.7) 522 (6.3)
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The number of behavioural simulations that adequately reproduced thresholds of the
observed data (Appendix B-4) varied depending on the input-output pair considered (Table 4-1
and Figure 4-5), and 2272 behavioural simulations had all five threshold biases with
Pbias < 15%. A slightly larger number of behavioural simulations had Pbias < 15% for
thresholds that considered antecedent rainfall (i.e., pairs involving ARx+Rtot). Of the five
observed threshold relationships, the ARw+Rtot - Qrot pair was adequately reproduced by the
largest number of behavioural simulations. In total, 4081 behavioural simulations were able to
adequately reproduce the thresholds associated with all four pairs involving ARx+Rtot. The
range of variability of the segmented linear fit for most simulated input-output pairs was
narrower before the threshold had been exceeded, compared to after it had been exceeded

(Figure 4-5).
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Figure 4-5. Thresholds associated with input-output pairs. In each panel, black dots represent
individual observed rainfall-runoff (RR) events. The teal line indicates the piecewise linear
model derived from the observed data, and the dashed black line indicates the observed threshold

value. The range of piecewise linear models for behavioural simulations with compound

measures of bias were similar (Figure 4-6). Compared to the median KGE score of 0.41 for all
behavioural simulations, behavioural simulations that had low FDC biases (i.e., Pbias < 15%)

had a median KGE score of ~0.42, regardless of which FDC segment was considered. The




median KGE score of behavioural simulations that had low timing metric biases was slightly
higher: 0.44 for Tp and 0.45 for Trpc. For behavioural simulations that had low threshold biases,
the median KGE score ranged from 0.39 (AR7+Rtot - Qmax pair) to 0.42 (Rtot - Qrort pair). The
75" percentile and maximum KGE score of low-bias simulations were variable. For behavioural
simulations that had low FDC biases, the 75" percentile KGE score ranged from 0.51 (FMS) to
0.54 (FHV), and the maximum ranged from 0.81 (FLV) to 0.92 (FMV). For behavioural
simulations with low timing biases, the 75" percentile KGE score ranged from 0.54 (Tipc) to
0.55 (Tvr), and the maximum from 0.85 (Tipc) to 0.92 (Tvp). Lastly, for threshold biases, the 75"
percentile KGE score ranged from 0.47 (AR7+Rot - Qmax pair) to 0.52 (Rrort - Qrot pair), and
the maximum ranged from 0.91 (AR7+Rtot - Qmax pair) to 0.92 (other observed thresholds).
These compared to the 75" percentile and maximum KGE score of 0.51 and 0.92 for all

behavioural simulations.
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Figure 4-6. Violin plots showing the distribution of KGE scores for behavioural simulations that met the 15% Pbias criterion for

different measures of bias, with the x-axis showing each measure of bias. The number of simulations is indicated above each violin

plot.
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4.3.3 Multi-descriptor model evaluation

Subsets of behavioural simulations were formed comprising simulations with [I] low
FDC biases only, [I1] low timing biases only, [I11] low threshold biases, or low biases related to
combinations of hydrologic descriptors (i.e., I and I1, I and 11, 11 and 11, or I, 11, and 11I). These
subsets were then compared by KGE score (Figure 4-7). Of the behavioural simulations with a
KGE score between 0.3 and 0.5, 31.0% had low FDC and threshold biases, 30.2% had low
threshold biases only, 20.3% had low timing and threshold biases, and 18.6% had low FDC,
timing, and threshold biases. The proportion of simulations with KGE scores between 0.3 and
0.5 that were a part of other behavioural simulation subsets (i.e., I, Il, and I and Il) was negligible
(i.e., < 1%). Of the behavioural simulations with a KGE score between 0.5 and 0.7, a large
proportion (37.0%) had low FDC, timing, and threshold biases, while 23.1% of these behavioural
simulations had low FDC and threshold biases, 22.7% had low timing and threshold biases, and
17.3% had low threshold biases only. Again, the proportion of behavioural simulations with
KGE scores between 0.5 and 0.7 that were part of other subsets (i.e., I, I, and I and Il) was
negligible. For behavioural simulations with a KGE score between 0.7 and 0.9, none had low
FDC biases only, or low timing biases only. 47.5% of these behavioural simulations had low
FDC, timing, and threshold biases, 20.3% had low FDC and threshold biases, 16.1% had low
timing and threshold biases, and 16.1% had low threshold biases only. Finally, 60.0% of the
behavioural simulations with a KGE score of 0.9 or greater had low timing and threshold biases,

while the remaining 40.0% had low FDC, timing, and threshold biases.

179



Pbias = 15%

6127 1902 305 5

100

75

50

Proportion (%)

I

25

| JU
| Jl
Rl
| NUELCK
" [7and i
[11] and [1I1]
B (1 and [11] and [i]

Figure 4-7. Bar charts showing the proportion of simulations at different KGE score ranges with
[1] low FDC biases only, [I1] low timing biases only, [I11] low threshold biases only, or low

biases related to combinations of these descriptors. The number of behavioural simulations for

each KGE score range is shown above each bar.

The minimum, median, and maximum KGE scores of behavioural simulation subsets (see
Section 4.4.3) were also identified (Table 4-3). The behavioural simulations with the largest

minimum KGE scores had low FDC, timing, and threshold biases (minimum KGE = 0.39). The
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median KGE scores of behavioural simulation subsets ranged from 0.37 to 0.51, and simulations
with the largest median KGE scores had low FDC, timing, and threshold biases (median KGE =
0.51). The maximum KGE scores of behavioural simulation subsets ranged from 0.45 to 0.92,
and simulations with the largest maximum KGE scores had low threshold biases only (maximum
KGE = 0.87), low FDC and threshold biases (maximum KGE = 0.89), low timing and threshold
biases (maximum KGE = 0.91), or low FDC, timing, and threshold biases (maximum

KGE = 0.92).

The observed flow timeseries and the modelled flow timeseries associated with the
behavioural simulations that had the maximum KGE scores from each behavioural simulation
subset (see Table 4-3) are shown in Figure 4-8. Of these behavioural simulations, those with low
threshold biases only (Figure 4-8A — KGE = 0.87), or low FDC, timing, and threshold biases
(Figure 4-8C — KGE = 0.92) closely resembled the observed flow timeseries. In contrast, the
simulations with low biases for other descriptor combinations reproduced low-flow conditions
poorly — overestimating flow volumes and inaccurately predicting small variations in low-flow

response (Figure 4-8A, B, and C).
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Table 4-3. Minimum, median, and maximum KGE scores of behavioural simulation subsets that
had [1] low FDC biases only, [I1] low timing biases only, [111] low threshold biases only, or low
biases related to combinations of these descriptors. Columns are grouped by the number of low
biases. Simulations are separated based on behavioural simulation subsets. Simulations with the
maximum KGE score for each group are bolded and their flow timeseries are shown in Figure

4-8. “NA”: cases where the group range exceeds the possible number of bias measures.

cases where no simulation of a given subset reproduced the associated number of biases.

# of Biases 1-3 4-6 7-9 10-11
KGE

s 2 §]s 2 £/s 2 2|5 = &
[ - - - - - NA NA NA | NA NA NA
[ - - - NA NA NA | NA NA NA | NA NA NA
[ 0.30 038 087|030 037 08| NA NA NA | NA NA NA
[1]and [I1] - - - - - - [NA NA NA|NA NA NA
[1]and [111] 0.30 0.47 0.80|0.30 0.40 0.89|030 038 071 NA NA NA
[1] and [H1] 0.30 048 083|030 042 091|030 038 076 | NA NA NA
[IJand [I]and [I11] | 0.36 0.46 0.62|0.30 051 092|030 0.44 085|039 042 045

182



= 100 % ce=na (A)
< - KGE=NA
& i
£ 4ot
. AL TRLY

0.1 I | Lul ' "J ‘ L_ | “J
-~ 100 £ KGE=NA (B)
< - KGE=0.89
IS
€ 10+
Foi lm Wl Ml L
L i

0.1 =3 i .LL JMI i i “1 s LU L
< 100 7_7 KGE=0.92 (C)
£ [
£ 10t
(_% c
™ i | | ki

0.1 T - T R T - — : o

1998 1999 2000 2001
Year
—— Observed Mo Bunandnon 0 and (1] and [
B [ mandug
[i11] [11] and [II1]

Figure 4-8. Observed and modelled flow timeseries, the latter colour-coded according to [I] low

FDC biases only, [I1] low timing biases only, [I11] low threshold biases only (panel A); or low

biases related to combinations of two of these descriptors (panel B); or low biases related to all

three descriptors (panel C). Modelled flow timeseries are of behavioural simulations with the

maximum KGE scores that had low biases related to different descriptors (shown in bold in

Table 4-3). “NA”: cases where no simulation no simulations were part of a given subset.
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4.3.4 Model parameterization and parameter distributions

Variability in parameter values across behavioural simulations differed between
parameters (Table 4-4). As indicated by the coefficient of variation (CV), Xs was the least
variable (CV = 0.55), while X was the most variable (CV = -1.30), followed by X3 (CV =0.92) ,
X4 (CV =0.78), and X1 (CV = 0.71). The KGE score was relatively insensitive to X1, Xz, and Xs
(Figure 4-9): values of X1and Xz span much of their feasible ranges, regardless of simulation
KGE. In contrast, simulations with higher KGE scores were associated with X3 and X4 values

within a relatively narrow range.

Table 4-4. Summary statistics of parameter values and KGE scores for behavioural simulations.
SD: standard deviation and CV: coefficient of variation. See Section 4.2.3 for parameter
abbreviations. Table columns are presented independently and do not imply row-wise

relationships between parameters and the KGE descriptive statistics.

X1 (mm) Xz (mm/hr) Xz (mm) X4 (hours) Xs () KGE
Mean 620.034 -1.497 140.253 6.856 0.290 0.440
Median 493.303 -0.672 97.619 5.347 0.266 0.409
Minimum 100.279 -9.974 0.017 0.500 0.001 0.300
Maximum 1999.212 -3.607e-05 499.742 24.952 0.999 0.916
SD 440.210 1.952 128.871 5.348 0.160 0.117
Cv 0.710 -1.304 0.919 0.780 0.550 0.265
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Figure 4-9. Coordinate plots showing normalized parameter values for behavioural simulations.
Parameters were normalized by subtracting the minimum parameter value and dividing by the
range of parameter values across all behavioural simulations. Each line is associated with one

behavioural simulation, and simulations are colour-coded by KGE score range.
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According to two-sample Kolmogorov-Smirnov test results, behavioural simulations that
met the 15% Pbias criterion for different measures of bias mostly had parameter distributions
that were different from those of the remaining behavioural simulations in terms of median,
variability, or distribution shape (Table 4-5). The few instances where the differences between
the parameter distributions of behavioural simulations that met one or several 15% Pbias criteria
and the parameter distributions of remaining behavioural simulations were not statistically
significant involved the Xs parameter. Behavioural simulations that met the 15% Pbias criterion
for groups of biases related to a single descriptor also mostly had parameter distributions that
differed from that of the remaining behavioural simulations. For example, behavioural
simulations that met the 15% Pbias criteria for all FDC biases or all timing metrics did not have
parameter values from the same distribution as the remaining behavioural simulations. However,
behavioural simulations that met the 15% Pbias criteria for all ARx+Rot thresholds did not
have parameter distributions that were different from that of the remaining behavioural

simulations at a statistically significant level.
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Table 4-5. p-values of two-sample Kolmogorov-Smirnov tests that were performed to compare
the parameter distributions of behavioural simulations that met the 15% Pbias criterion for
different measures of bias to the parameter distributions of the remaining behavioural

9,

simulations. “-”: cases with too few simulations to perform statistical testing.

X1 X2 X3 X4 Xs

Flow duration curve

FLV 0.01 0.00 0.00 0.00 0.00
EMS 0.00 0.00 0.00 0.00 0.00
EMV 0.00 0.00 0.00 0.00 0.00
FHVY 0.00 0.00 0.00 0.00 0.00
All EDC biases 0.00 0.00 0.00 0.00 0.00

Event-specific response timing metric

Tee 0.00 0.00 0.00 0.00 0.00
Tirc 0.00 0.00 0.00 0.00 0.25
All response timing biases 0.00 0.00 0.00 0.00 0.00
Event rainfall threshold relationship
Rror, Qo 0.00 0.00 0.00 0.00 0.00
Event plus antecedent rainfall threshold relationships
AR3+Rror, Qror 0.00 0.00 0.00 0.00 0.00
AR7+Rror, Qrot 0.00 0.00 0.00 0.00 0.00
AR7+RtoT, QmAx 0.00 0.00 0.00 0.00 0.00
AR14+RroT, Qrot 0.00 0.00 0.00 0.00 0.00
All ARx+Rrot threshold biases 0.64 0.79 0.18 0.42 0.33

4.4 Discussion

The overall goal of this study was to assess if hydrologic descriptors derived from readily
available flow timeseries could be used in post-calibration model evaluation to facilitate the
identification of high-fidelity simulations. Behavioural simulations (n = 8339) were identified
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based on a performance measure criterion (KGE > 0.3) from 500,000 Monte Carlo model
simulations. Visual inspection of the observed and simulated flow timeseries showed that many
of these behavioural simulations reproduced response dynamics at higher flow conditions
reasonably well (Figure 4-2). However, the flow volumes and response dynamics for lower flows
were often poorly estimated. This was unsurprising, as behavioural model simulations identified
based on total streamflow are often biased toward the interpretation of rapid runoff (Dunn,

1999).

4.4.1 From descriptor-specific biases to process interpretations

The ability of behavioural simulations to minimize measures of bias related to the FDC,
event response timing, or hydrologic thresholds may offer some insights into process
representation within the GR5H model. Relatively few behavioural simulations had low FDC
biases related to low flow volumes and the long-term sustainability of baseflow (i.e., FLV) or the
vertical redistribution of soil moisture (i.e., FMS) (Vogel & Fennessey, 1994; Yilmaz et al.,
2008). These findings are consistent with literature that corroborates the difficulty of predicting
baseflow volumes and low flow response dynamics (Dunn, 1999; Gallart et al., 2007; Kroll et al.,
2004). A comparatively large number of behavioural simulations had low FDC biases related to
the hydrologic response to larger rainfall events (i.e., FMV and FHV). This also coincides with
findings from other studies that suggest that many rainfall-runoff models involve trade-offs in
terms of adequately reproducing base-flow dominated conditions and responses associated with

larger rainfall events (Ley et al., 2016).
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The timing of peak discharge in response to rainfall was adequately predicted by many of
the behavioural simulations identified in this study. This indicates that the model adequately
reproduced the location of flow peaks, relative to the start and centroid of event rainfall, and that
travel times of runoff generation mechanisms active over short durations are well represented
(Dingman, 2015). However, ~15% of the behavioural simulations that reproduced T pc With
Pbias < 15% erroneously predicted negative Tipc values for some events, signalling peak event
discharge preceding the event rainfall centroid. This is possible since behavioural simulations
that reproduced Tipc with Pbias < 15% need not reproduce the response timing of all events
equally well. As an example, behavioural simulations that accurately reproduced the timing of
events with average Tipc values (see Appendix B-3) may have inaccurately predicted the timing
of longer or more flashy events. It should be noted that event T.p and Trpc only partially
characterize event-scale response timing dynamics, and other timing metrics are informative for
other aspects of response (e.g., lag to rise, time of concentration). We limited the number of
response timing metrics considered in this study to avoid performing rainfall-runoff event
delineation from simulated flow timeseries for each event and behavioural simulation, which
most other response timing metrics would have required. Other studies have made similar
compromises to avoid rainfall-runoff delineation from simulated timeseries (e.g., Yilmaz et al.,
2008), and have used alternate timing-related indices, like the bias in peak flow timing (Yang et
al., 2004; Yilmaz et al., 2005).

Simulations with low threshold biases mostly involved ARx+Rtot. In the literature,
similar threshold behaviour related to rainfall and catchment antecedent conditions (quantified
by antecedent rainfall, soil moisture, or water table levels) has been associated with processes

that vary in space and time, like increased hillslope-riparian-stream connectivity (James &
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Roulet, 2009; Oswald et al., 2011; Spence & Woo, 2003; Tromp-van Meerveld & McDonnell,
20064a, 2006b) or the activation of faster flowpaths (Detty & McGuire, 2010; Scaife et al., 2020).
As such, some may find it surprising that threshold behaviour involving ARx+Rrot could be
reproduced by the lumped GR5H model that ignores spatial heterogeneity. This, however, is
likely attributable to the fact that ARx+Rrot thresholds were not derived from spatially
distributed data. ARx+Rrort thresholds are spatially aggregated proxies for spatially
heterogeneous processes that are expressed in terms of the ensuing hydrologic response observed
at the catchment outlet. Low bias for ARx+Rtot thresholds in this study may, therefore, suggest
that these processes are sufficiently represented by the model, albeit imperfectly since the
process spatial heterogeneity is not fully characterized. Slightly fewer behavioural simulations
had a low bias for the observed threshold behaviour of the Rtot — Qrot pair (Table 4-1 and
Figure 4-6), which may indicate that significant changes in catchment storage over shorter event-
scale periods are more difficult to predict. This inference is further supported by a large number
of false positives for the observed threshold behaviour of the Rtor — Quax pair (Table 4-2),
which is also related to catchment storage at the rainfall-runoff event scale. Besides the Rtot —
Qmax pair, behavioural simulations that were associated with false-positives or false-negatives
for threshold behaviour mostly involved Qmax (Table 4-2). Apart from the threshold biases
calculated in this study, assessing behavioural simulations for threshold-related false-positives
and false-negatives was an additional tool for assessing model fidelity that was made possible by
performing model evaluation using hydrologic thresholds. It is important to mention that limited
process inferences could be made from threshold biases given the way they were computed.
Indeed, threshold biases were compound and simultaneously considered the m1, my, threshold

value, R?, and AIC of the segmented linear model: it is, therefore, possible that a simulation with

190



a low threshold bias underestimated one characteristic of threshold behaviour (e.g., m1) and
overestimated another characteristic of threshold behaviour (e.g., mz), making the compound

bias value difficult to interpret.

4.4.2 No-, low-, moderate-, and high-fidelity model simulations

While most behavioural simulations had a KGE score between 0.3 and 0.5, many
behavioural simulations rather had a KGE score exceeding 0.5 and 0.7 (Figure 4-2 and Figure
4-7). These findings articulate the need for model evaluations that consider additional constraints
to identify simulations that best reproduce the observed hydrologic response. Here, we discuss
the use of different measures of bias, post-calibration, to evaluate the ability of behavioural
simulations to reproduce different aspects of hydrologic response captured by the flow duration
curve, rainfall-runoff event response timing metrics, and hydrologic thresholds. For discussion
purposes, behavioural simulations that did not achieve any low biases will be referred to as no-
fidelity; behavioural simulations that achieved low biases related to one descriptor only will be
referred to as low-fidelity; and simulations that achieved low biases related to two or three
descriptors will be referred to as moderate-fidelity and high-fidelity, respectively.

No behavioural simulations had the lowest possible fidelity in the context of this study
(i.e., no-fidelity). Approximately 26% of behavioural simulations had low biases for aspects of
response related to only one descriptor (i.e., low-fidelity - Figure 4-7). For example, a
behavioural simulation with low threshold biases only was unable to adequately predict response
timing on short timescales (i.e., Tcp and/or Trec), volumes associated with baseflow dominated

conditions (i.e., FLV), volumes associated with large rainfall events (i.e., FMV and FHV), or the
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vertical redistribution of soil moisture in the catchment (i.e., FMS). All low-fidelity behavioural
simulations had low threshold biases and relatively low KGE scores, between 0.3 and 0.5 (Figure
4-7). However, some low-fidelity simulations that had low threshold biases only did achieve
higher performance (maximum KGE = 0.87) and closely resembled the observed continuous
flow timeseries (Figure 4-8A), indicating that some low-fidelity simulations could have provided
“the right answers for the wrong reasons” (Kirchner, 2006). This conclusion is similar to that
reached by other studies, which acknowledged that simulations deemed high-performance based
on a single performance measure applied to the continuous streamflow timeseries often poorly
replicate catchment functions represented by specific hydrologic descriptors or auxiliary data
(Casper et al., 2012; Kelleher et al., 2017; Ley et al., 2011; Ley et al., 2016).

Many behavioural simulations had low biases related to two or three hydrologic
descriptors (Figure 4-8). These simulations were moderate-fidelity or high-fidelity, as they
adequately estimated a broader range of processes. However, the maximum possible fidelity
level in the context of this study, i.e., the fidelity associated with minimizing eleven bias
measures, was achieved by two behavioural simulations with relatively low KGE scores of 0.39
and 0.45. Simulations with low biases related to two descriptors had either low FDC and
threshold biases or low timing and threshold biases. Approximately 24% of behavioural
simulations had at least one low bias measure associated with each of the three descriptors
(Figure 4-7). Overall, the median KGE scores of simulations with low biases related to two or
three descriptors were slightly higher than that of simulations with low biases related to a single
descriptor, but no such pattern was observed in the maximum KGE scores (Figure 4-7 and Table
4-3). This indicates that the fidelity of behavioural simulations is not strongly related to

simulation performance according to the KGE. For example, behavioural simulations with at
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least one low bias measure associated with each of the three descriptors could be associated with
KGE scores as high as 0.92 (Table 4-3 and Figure 4-8). Conversely, behavioural simulations
with at least one low bias measure associated with each of the three descriptors could also be
associated with KGE scores as low as 0.30 (Table 4-3). Also, there was no indication that the
minimum, median, or maximum KGE score increases with the number of low biases for high-
fidelity simulations (Table 4-3): their median KGE scores ranged from 0.42 to 0.51, and by most
accounts would not be considered high-performance. Furthermore, behavioural simulations with
four to six low biases related to all three descriptors had KGE scores as high as 0.92, while
behavioural simulations with seven to nine low biases related to all three descriptors had KGE
scores as low as 0.30. This indicates that the KGE score of behavioural simulations did not
increase monotonically with the number of biases < 15% considered. These results are similar to
other studies that have also shown that model simulations ranging in fidelity can achieve similar
performance measure scores, suggesting that performance measures and model fidelity are not

strongly related (Kelleher et al., 2017; Ley et al., 2016).

4.4.3 Parameter distributions of low-, moderate-, and high-fidelity behavioural simulations

A large variety of parameter sets found throughout the feasible parameter space achieved
the behavioural criterion defined in this study (Figure 4-2, Figure 4-7, and Table 4-4). The X
and X> parameter values covered a wide range, regardless of KGE score, indicating that the KGE
score calculated for the continuous streamflow timeseries was inadequate for constraining these
parameters. Others have shown that a performance measure based on the continuous flow

timeseries is inadequate for distinguishing between the parameter sets of behavioural simulations
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(Dunn, 1999; Kelleher et al., 2017; Kroll et al., 2004; Ley et al., 2016), and more recently this
point has been used to advocate for more robust, purpose-dependent methods for identifying
parameter sets of high-fidelity model simulations (Knoben et al., 2019; Schwemmle et al., 2020).
The parameter values of behavioural simulations that met the 15% Pbias criterion for different
measures of bias were generally shown to be from different distributions than that of the
remaining behavioural simulations (Table 4-5). This was, however, not always the case. The Xs
parameter values of behavioural simulations that reproduced Tpc with Pbias < 15% were not
from a different distribution than that of the remaining behavioural simulations. This was also
true for parameter values of behavioural simulations that had all ARx+Rrot threshold biases with
Pbias < 15%. Since model evaluation was conducted post-calibration, biases had no bearing on
the model parameterization process. However, differences between the parameter distributions of
behavioural simulations with one or more biases < 15% and the remaining behavioural
simulations suggest that these biases can be used to distinguish behavioural simulations and
constrain parameter ranges. For example, behavioural simulations with FLV < 15% had
parameter values for all five parameters that were not from the same distribution as the
parameters associated with the remaining behavioural simulations. Therefore, the parameter
distributions of these behavioural simulations with FLV < 15% could be used to narrow the
range of acceptable parameter values. This information could be used to falsify other behavioural
simulations, or it could be used to confine the parameter space during automated parameter
optimization. Furthermore, since each measure of bias is related to a different aspect of
catchment response, the fact that the parameter distributions of behavioural simulations that
minimize specific biases differs from the remaining behavioural simulations may be an

indication that specific parameter value ranges could be associated with different functions of the
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sub-catchment featured in this study. As an example, parameter values associated with the level
of the routing store at which the flux exchange changes sign (i.e., Xs) differed between
behavioural simulations with FLV or FHV < 15%. The Xs values of behavioural simulations
with FLV < 15% ranged from 0.17 to 0.99 and the Xs values of behavioural simulations with
FHV < 15% ranged from 0.00 to 0.99. This demonstrates that different Xs parameter value
ranges, although overlapping, were associated with high-fidelity in terms of low-flow volumes
and the long-term sustainability of baseflow (i.e., FLV) and high-fidelity in terms of catchment

response to large rainfall events (i.e., FHV).

4.4.4 Results sensitivity to the Pbias criterion

Most studies that have assessed models using auxiliary data or enhanced streamflow data
have set a single performance measure criterion to indicate whether a simulation adequately
reproduced the data being evaluated. For example, Kelleher et al. (2017) assessed behavioural
simulations on a range of constraints using one performance measure criterion for each
constraint. Alternatively, others have compared simulations using measures of bias for segments
of the FDC to identify the best-performing simulation rather than setting a specific acceptability
criterion (e.g., Ley et al., 2016). In this paper, model simulations were assessed on their ability to
minimize FDC biases, response timing biases, and threshold biases using a 15% Pbias criterion.
We do not compare the relative merits of performance measures other than the Pbias, as this is
discussed elsewhere (Krause et al., 2005; Ley et al., 2016; Moriasi et al., 2015). However, we
were interested in how sensitive our results were to the specific criterion chosen, so the same

analyses were also performed using 5% and 25% Pbias criteria. Results for these criteria are
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shown in the Appendix B-5 — Appendix B-13. For most measures of bias, 30 to 65% fewer
behavioural simulations met the 5% Pbias criterion than the 15% Pbias criterion (Appendix B-5).
Similarly, for most measures of bias, 2 to 40% more behavioural simulations met the 25% Pbias
criterion than the 15% Pbias criterion. The number of behavioural simulations that adequately
reproduced threshold behaviour for pairs involving AR7+Rtot or AR14+Rtot and Qrot was
similar at the 15% and 25% Pbias criteria. Results and conclusions related to no-, low-,
moderate-, and high-fidelity assessments were mostly similar, regardless of the criterion used,
with some exceptions. For example, 47% of behavioural simulations with timing bias within 5%
overestimated T.p and Tipc, While the opposite was true for simulations that met the 15% or 25%
criterion. Also, the median KGE scores of behavioural simulations were similar, regardless of the
criterion satisfied, but the corresponding maximum KGE scores of these simulations decreased
with stricter Pbias criteria (Appendix B-9). The percentage of simulations with low biases varied
only slightly depending on the Pbias criterion considered. For example, fewer behavioural
simulations had low threshold bias only at 15% and 25% criteria compared to the 5% criterion.
Overall, model evaluation using three Pbias criteria showed that for the present study,

interpretations of model fidelity are not highly sensitive to the exact Pbias criterion considered.

4.5 Conclusion

Rainfall-runoff models are valuable tools that facilitate predictions of hydrologic
response and offer a means of process-based hypothesis testing. However, even for relatively
simple rainfall-runoff models like the GR5H model, multiple unique parameter sets can achieve

the same high level of performance according to common performance measures applied across
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the entire continuous streamflow timeseries. These high-performance parameter sets often
misrepresent some aspects of hydrologic response. In this study, we performed a post-calibration
model evaluation on behavioural simulations (KGE > 0.3) using eleven measures of bias related
to specific functions of a sub-catchment of the Mahurangi River catchment in New Zealand. This
was done to assess the influence of such an evaluation on parameter uncertainty and the
identification of high-fidelity model simulations that accurately represent a range of real-world
hydrologic processes. One novel contribution of this study was that, in addition to model
evaluation using common hydrologic descriptors like the flow duration curve, we also used
characteristics of individual rainfall-runoff events and thresholds of rainfall-runoff relationships.
All three descriptors that biases were calculated for were derived from the continuous
streamflow timeseries, thereby making enhanced use of readily available data. Key findings of
this study are listed below.

(1) Some low-fidelity behavioural simulations that failed to minimize many process-related
measures of bias attained high KGE scores, indicating a lack of connection between the
KGE of a behavioural simulation and how well a behavioural simulation predicts
catchment functions.

(2) The parameter distributions of behavioural simulations that adequately reproduced
different aspects of hydrologic response differed from those associated with other
behavioural simulations, indicating that process-based measures of bias can be used to
constrain parameter space.

(3) Like many other studies, behavioural simulations were found to exhibit trade-offs
between adequately predicting baseflow-dominated conditions and predicting the

response timing and volumes associated with large rainfall events.
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(4) Most behavioural simulations accurately predicted threshold behaviour involving
antecedent rainfall plus event rainfall. Emergent catchment properties, like thresholds,
therefore, appear to be effective and underutilized tools to support model evaluation by
helping to distinguish behavioural simulations with similar performance measure scores.

Overall, findings from this study indicate that readily available streamflow data can be
effectively leveraged to identify high-fidelity simulations and constrain parameter space. It
would be beneficial for future studies to assess the usefulness of such an evaluation of rainfall-
runoff models of varying complexity. We especially anticipate the further use of hydrologic
thresholds in modelling exercises as they are increasingly being used to characterize and

compare catchment responses.
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CHAPTER 5. CHARACTERIZING THRESHOLDS IN

RAINFALL-RUNOFF RESPONSE: CAN 3D

REPRESENTATIONS HELP?
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5.1 Introduction

Catchment responses to precipitation are regularly threshold mediated and can be
difficult to predict from the simple aggregation of small-scale processes (McDonnell et al., 2007;
Sivapalan et al., 2002; Sivapalan, 2006). As a result, there is growing interest in emergent
properties that reflect landscape heterogeneity and process complexity (Lehmann et al., 2007;
McDonnell et al., 2007). Thresholds in precipitation-runoff relationships are such emergent
properties: defined as critical moments in time or points in space that coincide with a significant
change in runoff behaviour (Ali et al., 2013; Phillips, 2006), they are increasingly used to
characterize nonlinear catchment dynamics (e.g., Ali et al., 2015; Detty & McGuire, 2010; Scaife
& Band, 2017; Spence, 2007). Two-dimensional (2D) scatter plots, i.e., hydrologic response
metrics plotted against meteorological factors, are routinely used to detect thresholds in
precipitation-runoff relationships (e.g., Ali et al., 2013; Scaife & Band, 2017). A wide variety of
meteorological factors can be featured on these plots that quantify the volume or depth of water
received by a catchment, the rate of water added to a catchment, or hydrologic abstraction caused
by evapotranspiration (Ali et al., 2013). Critical values of these factors triggering significant
changes in hydrologic response metrics are identified as thresholds. Researchers, to date, have
mostly investigated thresholds in the form of critical values of precipitation (Mosley, 1979;
Redding & Devito, 2008; Sidle et al., 2000; Tani, 1997; Whipkey, 1965), soil moisture (James &
Roulet, 2007), water table levels (Ali et al., 2011; Kim et al., 2004), depression storage (Mielko
& Woo, 2006; Oswald et al., 2011; Spence & Woo, 2003; Tromp-van Meerveld & McDonnell,
2006a) or some combination of those variables (Detty & McGuire, 2010; Scaife & Band, 2017,

Wei et al., 2020). Fewer studies examined rainfall intensity thresholds, primarily in infiltration-
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limited environments (Cammeraat, 2002; Reaney et al., 2007), and thresholds involving factors
related to hydrologic abstraction caused by evapotranspiration have not been assessed.

The relative lack of research on thresholds involving rainfall intensity or hydrologic
abstraction stems from the fact that most hydrological research is carried in temperate humid,
forested catchments where rainfall intensity and evapotranspiration are believed to exert little
influence on runoff processes (Graham et al., 2010; Tromp-van Meerveld & McDonnell, 2006a).
However, recent studies conducted in a range of environments have challenged that assumption:
variables reflecting rainfall depth, rainfall intensity, and hydrologic abstraction related to
antecedent evapotranspiration have been shown to strongly influence hydrologic response
variability (Cammeraat, 2002; Reaney et al., 2007; Ross et al., 2019). Moreover, the possibility
of threshold-mediated responses affected by multiple meteorological factors simultaneously, or
by factor interactions, has rarely been considered, which is at odds with a range of
ecohydrological process conceptualizations. For example, at the hillslope or catchment scale,
factors related to water storage (e.g., soil depth) and rainfall intensity have been used to establish
conditions that favour different runoff generation mechanisms (Dingman, 2015; Dunne, 1978).
At the vegetation stand scale, rainfall intensity, evaporation, and antecedent canopy storage
determine if and when canopy interception capacity is exceeded, thereby controlling the volume
and rate of net rainfall reaching the ground and triggering different runoff generation
mechanisms (Dingman, 2015). Along the same lines, at the soil matrix scale, both the volume of
water and its rate of delivery affect the development of soil saturation that can influence hillslope
and catchment hydrologic response (Fetter, 2018).

While the literature on runoff generation, canopy interception, and soil physics discusses

how catchment response may be governed by multiple meteorological factors, traditional
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methods for detecting thresholds are not well-suited to assess nonlinearities dictated by multiple
factors. Indeed, regardless of whether threshold identification is performed through visual
identification from 2D scatter plots (e.g., Ali et al., 2015; Detty & McGuire, 2010; Tromp-van
Meerveld & McDonnell, 2006a) or piecewise regression analysis (e.g., Oswald et al., 2011;
Scaife & Band, 2017), only one response metric and one meteorological factor are considered,
thereby implicitly perpetuating the notion that catchment response can be explained by a single
factor. This approach differs from ecology, where ecosystem response is often assessed in terms
of at least two explanatory factors and analyses carried in three-dimensional (3D) space have
helped unravel multi-factor relationships and detect thresholds when they exist (Andersen et al.,
2009; Kinzig et al., 2006; Limburg et al., 2002; Lintz et al., 2011). Such a multi-factor approach
generally relies on the estimation of 3D response surfaces — as opposed to 2D response curves —
and can include the computation of statistical parameters that quantify the abruptness of changes
in response across an entire response curve or surface (Lintz et al., 2011). Of course, linear
relationships that are devoid of thresholds do not have abrupt changes in response. For those
nonlinear relationships with thresholds, however, the quantification of the abruptness of response
changes across entire curves or surfaces addresses the diverse ways in which thresholds may
manifest and is not limited to quantifying a change in slope at a single inflection point.
Specifically, strong thresholds are those characterized by sharper (i.e., more abrupt) changes in
response, while weaker thresholds have smoother (i.e., less abrupt) changes in response.
Making distinctions between sharp and smooth thresholds has been previously
rationalized in ecology to better understand and predict the conditions that lead to changes in
ecosystem response, and to assess the effectiveness of different threshold identification

techniques (Ficetola & Dencél, 2009). In hydrology, distinguishing between smooth and sharp
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changes in response may similarly contribute to hydrologic response predictability, and it may
more generally improve understanding of how meteorological inputs are transformed into runoff.
The introduction of a threshold strength parameter, originally developed to quantify the
abruptness of ecological response change, allows for such distinctions to be made regardless of
the number of explanatory factors considered or whether response changes are present at one or
more inflection point(s) (e.g., Lintz et al., 2011). Multi-factor approaches have also been used to
gain insight into the factors that underlie system response. In the case of dual-factor
relationships, for instance, distinctions can be made between factors that are independent of one
another and influence response simultaneously (i.e., additive effects), as opposed to factors that
simultaneously influence response but are not independent of one another (i.e., interactive
effects) (Antony, 2014; Bailey, 2008).

The extent to which such 3D characterization approaches can be borrowed from other
disciplines and applied to hydrology to assess threshold-mediated catchment response has yet to
be explored. The goal of the present study is, therefore, to model 3D surfaces to illustrate
hydrologic responses as functions of multiple meteorological factor pairs. Specifically, while
borrowing approaches used in ecology and other disciplines, 3D response surfaces will be
analyzed to: (1) compare the strength of thresholds identified in three dimensions to the strength
of thresholds considered individually in two dimensions, and (2) describe potential interactions

between meteorological factors.
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5.2 Methods

5.2.1 Study sites and rainfall-runoff event characterization

This study focused on sixteen catchments: eight sub-catchments of the Mahurangi River
Catchment in New Zealand (MRC1-MRC8) and eight nested catchments located within the HJ
Andrews Experimental Forest in the United States (HJA1-HJAB8). Both regions have relatively
humid climates and the catchments included in this study cover a range of drainage areas (MRC:
0.51 — 24.80 km? and HJA: 0.13 — 62.42 km?). Catchments of the MRC are primarily rangeland
and forested, while catchments of the HJA are forested. These sites have been the subject of
previous hydrological research and have been described extensively by others (McKee &
Druliner, 1998; Woods et al., 2013). Rainfall-runoff event delineation was performed on five-
year records of rainfall, discharge, and temperature for each site using the HydRun toolbox in
MATLAB® (Tang & Carey, 2017). Event response was characterized by total event runoff
(QTor). Event-specific meteorological factors were also derived. Factors that quantify rainfall
depths include the total event rainfall (Rtor) and the sum of Rtor and 7-day antecedent rainfall
(Rtot + AR7). The average event rainfall intensity (Rlavc) was calculated to quantify the rate of
water added to a catchment during an event. To account for some hydrologic abstractions and
their effect on catchment response, antecedent evapotranspiration over a 7-day antecedent period
was calculated. Additional details regarding the chosen response metric and meteorological
factors, along with descriptions of response dynamics for the MRC and HJA sites, are available

in Ross et al. (2019).
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5.2.2 Threshold strength computations

To quantify and compare the abruptness of changes in hydrologic responses identified
from 2D and 3D plots, one consistent method had to be selected to model event-specific point
data as continuous curves in 2D, and as continuous surfaces in 3D. Locally weighted polynomial
regression (LWPR) was chosen, as it approximates the underlying regression function of
nonlinear relationships (Cleveland & Devlin, 1988). LWPR has previously been used in change
point analyses for water quality data (e.g., Huang et al., 2017) and for estimating lake volumes
(Lall et al., 2006). In total, 64 response curves (2D) illustrating Qo as a function of a single
meteorological factor were modelled using LWPR. Similarly, 64 response surfaces (3D) were
modelled using LWPR to illustrate Qror as a function of rainfall depth and rainfall intensity or
rainfall depth and antecedent potential evapotranspiration. Both the response curves and response
surfaces that were modelled using LWPR were controlled by parameters that establish the degree
of the polynomial, the size of the neighbourhood of data points used for each local polynomial
fit, and the weight of each data point based on their distance from the estimation point
(Cleveland & Devlin, 1988; Rajagopalan & Lall, 1998). There are numerous methods to
optimize parameter selection for LWPR, including ordinary and generalized cross-validation or
the finite prediction error (Lall et al., 2006). Rather than performing parameter optimization for
any single relationship or site, curves and surfaces were modelled for all sites via LWPR using a
consistent parameter set to facilitate the comparison of response curve and response surface
characteristics. A local linear polynomial regression model (i.e., degree of 1) was used, which is
typical of LWPR applications (Huang et al., 2017). The neighbourhood size controls the degree

of smoothing and a relatively modest neighbourhood size comprising 25% of the available data
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points was selected. This value was selected to avoid under- or over-smoothing that is associated
with smaller or larger neighbourhoods, respectively. Lastly, the default tri-cubic weighting
function was adopted to establish the relative importance of data points based on their distance
from the estimation point. Response curves and surfaces constructed using LWPR were not
extrapolated beyond the available data. The fit of modelled curves and surfaces relative to
original point data was assessed using the coefficient of determination (R?), which is the square
of the sample Pearson correlation coefficient between the observed data and the predicted values.
Only curves and surfaces with moderate to strong R? values (R? > 0.45) were deemed adequate
and retained for further analysis.

Quantitative and qualitative approaches were used to evaluate and compare response
curves and response surfaces. To address the first research objective, the abruptness of response
changes across entire response curves and response surfaces was quantified using a statistical
parameter called threshold strength, which was computed using the procedure described in Lintz
et al. (2011). The following procedure outlines the computation of threshold strength for 3D
response surfaces. Threshold strength is the product of the bimodality of the frequency
distribution of response captured by the standard deviation (6;) and monotonicity (M):

Threshold strength = 20;M. Equation 5-1

The standard deviation of the response is as follows:

07 = \/%Z{\Ll(zi - 7)?, Equation 5-2

where N is the number of points on the gridded response surface. As in Lintz et al. (2011), the
denominator in Equation 5-2 is N rather than N-1, as the standard deviation is used to describe
shape rather than a population sample. Monotonicity is computed using a moving window of

nine adjacent points on a 3D response surface discretized into an equally spaced grid (100 by 100
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increments). At each grid position, the window comprises four pairs of opposing vectors that
share a common center point: using cardinal directions, those vectors can be called NS, NESW,
EW, and NWSE (Figure 5-1). Vectors depart from monotonicity if the vector endpoints are both

above or below the center point, and departure from monotonicity for each vector is determined

as follows:
NSi; = min{|Ziy1j42 — Zivaje1 | |Zivrj — Zivnj+a]} Equation 5-3
NESW;; = min{|Z{, ;42 — Zisa e |Zij — Zivnjel}: Equation 5-4
EW;; = min{|Zijs1 — Zivsje) | Zivzjea |} Equation 5-5
and

NWSE;; = min{|Z{j,5 — Zis1j41],

Zivaj = Ziv1jea ) Equation 5-6
where Z is a point within a window, and i and j are indices of the point position on the uniform
surface grid. For each window, diagonally oriented vectors are shortened via interpolation
(represented as Z*) to create a circular window. The departure from monotonicity for each
window is determined by summing the vector departures from monotonicity. Similarly, the
departure from monotonicity of an entire response surface (S) is determined by summing all of
the window departures:
S = YRZYR2(NS;; + NESW;; + EW,; + NWSE; ;) Equation 5-7
where n is the number of points in each grid axis. The average departure from monotonicity for a
response surface (K) is calculated by dividing S by the number of paired, opposing vectors for
the surface. A negative exponential function of K is used to calculate surface monotonicity (M):
M = e 950K Equation 5-8
As in Lintz et al. (2011), an exponential coefficient of 950 was selected to ensure that the lower

range of M approaches zero.
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Figure 5-1. The departure from monotonicity is calculated from a gridded three-dimensional
surface. For each grid cell, a moving window of nine adjacent points comprises four pairs of

opposing vectors that share a common center point. Figure adapted from Lintz et al. (2011).

While the procedure described above outlines the computation of threshold strength for
3D response surfaces, a comparable procedure was used to determine the threshold strength of
2D response curves. Specific computational details for 2D threshold strength can be found in
Lintz et al. (2011). Values of threshold strength range from 0 to 1: a value of zero suggests that
no threshold is present, while non-zero values are indicative of threshold-mediated responses that
increase according to the abruptness of response change (Lintz et al., 2011). The percent
difference between the threshold strength of 2D response curves and that of 3D response surfaces
featuring a common meteorological factor was computed, to compare threshold strength in two
and three dimensions. Such comparisons are legitimized by previous work that demonstrated
equivalence between the threshold strength of 2D response curves and 3D response surfaces
generated from the same function (Lintz et al., 2011). A negative percent difference value

indicates that the threshold strength of a 2D curve is smaller than the threshold strength of the
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comparable 3D surface. Since there were a variety of catchment drainage areas, relationships
between threshold strength values and drainage arca were assessed using Spearman’s rank

correlation analysis. The Mann-Whitney test (McGrew & Monroe, 1993) was also applied to
identify statistically significant differences in threshold strength between the two geographic

regions considered in this study, i.e., MRC catchments versus HJA catchments.

5.2.3 Characterization of meteorological factor effects

While the threshold strength parameter quantifies the abruptness of changes in response
curves and response surfaces, it does not quantify the extent to which factor interactions
determine nonlinear response in three dimensions. Documenting the presence or absence of such
interactions is, however, critical in multi-factor relationships. Hence, concerning the second
research objective, multi-factor interactions were assessed using contour plots derived from 3D
response surfaces. These contour plots were used as qualitative diagnostic tools to interpret
meteorological factor effects on hydrologic response; however, they are not used to evaluate
threshold strength. It should be noted that the contour maps considered in the present study may
not be interpreted in the same manner as topographic maps. Indeed, with topographic maps, the x
and y axes both illustrate independent geographic coordinates expressed in similar units while
the contours depict changes in elevation. In the present study, however, the x-axes are associated
with rainfall depths and the y-axes are associated with rainfall intensity or antecedent potential
evapotranspiration, which do not necessarily share a common unit of measurement and are not
necessarily independent from one another, from a physical (process) standpoint. The

interpretation of contour plots was therefore done according to principles described by Antony
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(2014) for the specific purpose of evaluating potential relationships between two factors that
contribute to a modelled response surface. Contour lines that are straight and oriented
perpendicularly to any axis are illustrative of a response being mostly influenced by a single
factor (i.e., main effects), specifically the factor illustrated by the axis that contour lines are
perpendicular to. Conversely, curved contour lines are indicative of a response being strongly
determined by the interactions between the two factors underlying the 3D response surface.
Contour plots were therefore classified based on their dominant contour line shape, i.e., straight
(S), mostly straight (MS), mostly curved (MC) and curved (C), to allow for quick comparisons

across sites.

5.3 Results

5.3.1 Threshold strength in 2D response curves and 3D response surfaces

Across all sites, response curves, and surfaces modelled using LWPR had R? values
ranging from 0.09 to 0.91 (median: 0.51). Based on the chosen R? > 0.45 cut-off, 24 of 32 curves
featuring a rainfall depth, 1 of 16 curves featuring Rlave, and 60 of 64 surfaces were deemed
adequate and retained for further analysis. Threshold strength values for those retained response
curves and response surfaces are reported in Table 5-1. Across all sites, the range of threshold
strength values for 2D curves was 0.19 — 0.71 (median: 0.57), while the range of threshold
strength values for 3D surfaces was 0.35 — 0.68 (median: 0.48). Select examples of response
curves and response surfaces along with their threshold strength values are featured in Figure

5-2: they highlight differences between weaker thresholds associated with smoother changes in
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response (Figure 5-2A and Figure 5-2C) and stronger thresholds associated with sharper changes
in response (Figure 5-2B and Figure 5-2D). Correlation coefficients, or rho values, between
threshold strength and drainage area were low and not statistically significant, regardless of
whether 3D surfaces (rho = -0.25, p-value = 0.06) or 2D curves featuring a volume factor (rho =
0.36, p-value = 0.08) were considered. The Mann-Whitney test also revealed that there was no
statistically significant difference in threshold strength between the HJA catchments and the
MRC catchments, regardless of whether 3D surfaces (p-value = 0.83) or 2D curves featuring a
volume factor (p-value = 0.11) were considered. Too few 2D curves featuring Rlave or APET?
were retained after LWPR, thereby preventing the evaluation of potential correlations between
threshold strength and drainage area, or the assessment of regional differences in threshold

strength.
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Table 5-1. Threshold strength values for the 2D response curves and the 3D response surfaces

with R? > 0.45 that were modelled in this study.

2D Threshold Strength 3D Threshold Strength

© ~

& S 0 : g

0 - S A - - -

x o z & 5 5 < g

. o & 5 T

¢ | &
MRC1 0.34 - - - 0.43 0.42 - 0.46
MRC2 0.19 0.19 - - 0.48 0.52 0.42 0.41
MRC3 0.51 0.58 0.19 - 0.38 0.44 0.57 0.51
MRC4 0.57 - - - 0.51 0.55 0.55 0.42
MRC5 0.62 - - - 0.59 0.44 0.62 0.48
MRC6 0.71 - - - 0.59 0.68 0.50 0.46
MRC7 0.45 - - - 0.35 0.36 0.45 0.53
MRCS8 0.53 0.50 - - 0.46 0.47 0.56 0.49
HJA1 0.69 0.61 - - 0.66 0.43 0.59 0.44
HJA2 0.57 0.64 - - 0.50 0.44 0.57 0.42
HJA3 0.56 0.45 - - 0.47 0.47 0.48 0.45
HJA4 0.55 - - - 0.49 0.42 0.56 0.56

HJA5 0.58 - - - 0.47 0.42 0.51 -
HJA6 0.60 0.60 - - 0.48 0.44 0.48 0.48

HJIA7 0.58 - - - 0.50 0.53 - -
HJAS8 0.61 0.50 - - 0.49 0.50 0.39 0.48
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Figure 5-2. Select curves and surfaces modelled using LWPR that yielded low and high

threshold strength values. Examples of curves with low and high threshold strength are featured

in panels (A) and (B), respectively. Likewise, examples of surfaces with low and high threshold

strength are featured in panels (C) and (D), respectively.
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The percent differences in threshold strength between 2D curves and 3D surfaces sharing
a common meteorological factor are reported in Table 5-2. In most cases, the threshold strength
calculated for a 2D curve was greater than the threshold strength estimated for a 3D surface
sharing a common meteorological factor, as indicated by positive percent differences. Of the 32
surfaces featuring Rrot, 28 of those surfaces had weaker thresholds than response curves
featuring Rtot. However, this observation was not consistent across all sites and factors: in 10
cases, the percent difference in threshold strength between 2D curves and 3D surfaces that were
constructed using the same meteorological factor was negative, which indicates a stronger
threshold in a 3D surface compared to a 2D curve. The percent difference between threshold
strength values for 2D curves featuring Rtor+AR7 and 3D surfaces including Rror+AR7 and
Rlave was negative for three of eight sites. Similarly, the percent difference between the
response curve featuring Rlave and response surfaces featuring Rlave and Rtot or Rtot+AR7
was negative. Additionally, there was one case where the threshold strength was nearly equal
between a 2D curve and a 3D surface: at the HJA3 site, the threshold strength percent difference
between the 2D curve featuring Rtot+AR7 and the 3D surface featuring Rtot+AR7 and APET-

was only 1.0%.
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Table 5-2. Percent differences between the threshold strength of 2D response curves and the

threshold strength of 3D response surfaces that share a common meteorological factor.

Rror/ Rlave Rror /APET; Rror+AR7/ Rlave Rror+AR7/ APET;
= Q = = E(: 9 EE: =
o Z o L + Z + LLl
c & |« | & | 5|z | 5| &
n'd a'd
MRC1 -21.9 - -19.0 - - - - -
MRC2 -60.2 - -63.5 - -54.4 - -53.5 -
MRC3 35.2 -50.3 16.6 - 2.1 -67.0 12.4 -
MRC4 104 - 2.9 - - - - -
MRC5 5.2 - 39.0 - - - - -
MRC6 18.9 - 4.1 - - - - -
MRC7 26.2 - 22.6 - - - - -
MRC8 154 - 12.4 - -10.3 - 2.4 -
HJAL 5.1 - 61.6 - 2.9 - 38.2 -
HJA2 13.8 - 29.6 - 12.9 - 51.0 -
HJA3 17.3 - 18.7 - -5.6 - 1.0 -
HJA4 12.8 - 32.2 - - - - -
HJAS5 21.4 - 38.4 - - - - -
HJAG 25.9 - 36.7 - 23.2 - 24.1 -
HIJA7 151 - 8.2 - - - - -
HJAS8 24.7 - 23.0 - 28.2 - 3.9 -

5.3.2 Interactions (and lack thereof) between meteorological factors

Concerning 3D response surfaces, classifying contour plots as S, MS, MC or C showed
that only six surfaces could be adequately described by a single class. To perform a classification
of contour line patterns while considering the heterogeneity present in 3D space, contour plots
were divided into four quadrants representing low rainfall depth and low Rlave or APET?7 values
(quadrant 1), high rainfall depth and low Rlave or APET? values (quadrant 2), high rainfall depth
and high Rlave or APET?7 values (quadrant 3), and low rainfall depth and high Rlavc or APET>
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values (quadrant 4) (Figure 5-3A). Examples of quadrant-specific classifications of contour
patterns are shown in Figure 5-3B. A total of 240 quadrants (i.e., 16 sites x 4 response surfaces
per site x 4 quadrants per response surface, excluding 4 surfaces that were not retained for
analysis) were analyzed across all sites: 72 quadrants were classified as C, 66 were classified as
MC, 63 were classified as MS, and 3 were classified as S. Additionally, 39 quadrants had
insufficient data for classification, as the constructed surfaces did not include extrapolation
beyond the available data. The distribution of classes across quadrants was not uniform:
quadrants were rarely classified as S, quadrant 1 was frequently classified as C, and quadrants 2,
3, and 4 were most frequently classified as MS or MC (Figure 5-4). The relative importance of
straight and curved contour lines across surfaces resulted in the creation of linear, angular, or
radial gradients. Linear gradients illustrate responses that increase progressively from low to
high along a single axis or factor (Figure 5-5A); angular gradients illustrate responses that
increase with both factors (Figure 5-5B), and radial gradients show hotspots of elevated response
(Figure 5-5C). Close examination of all 60 response surfaces evaluated in this study (all plots not
shown) revealed that 15 surfaces had linear gradients, 16 surfaces had angular gradients, and 29
surfaces had radial gradients. Response surfaces also revealed that in 3D, significant changes in
runoff behaviour did not correspond to individual points where a break in slope is observed, as is
the case in 2D. Rather, significant changes in runoff behaviour corresponded to planes or lines
along discontinuities in contour plot colour, which we refer to here as threshold fronts (see
yellow lines in Figure 5-6). It should be noted that the location of threshold fronts in Figure 5-6

was identified visually and is, therefore, approximate.
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Figure 5-3. (A) Response surface separated into four quadrants. (B) Examples of contour pattern
classifications (S: straight; MS: mostly straight; MC: mostly curved; C: curved). Axis ticks and
labels are omitted for readability. Data points and axis ticks and labels are omitted for

readability. See Appendix C-1 for a figure showing data points.
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Figure 5-4. Frequency of contour pattern classes observed across all sites and summarized by
quadrant for the 3D response surfaces evaluated in this study. Results are separated by
relationship factors: (A) Qor as a function of Rtor and Rlave; (B) Qror as a function of Rror
and APET7, (C) Qror as a function of Rtor+AR7 and Rlave, and (D) Qror as a function of

Rrot+AR7 and APET?-.
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Figure 5-5. Examples of response surfaces modelled in this study: (A) linear gradient; (B)

angular gradient; and (C) radial gradient. Axis ticks and labels are omitted for readability. Data

points and axis ticks and labels are omitted for readability. See Appendix C-2 for a figure

showing data points.
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Figure 5-6. Examples of response surfaces modelled in this study with threshold fronts

highlighted in yellow: (A) linear gradient; (B) angular gradient; and (C) radial gradient. Axis

ticks and labels are omitted for readability. Data points and axis ticks and labels are omitted for

readability. See Appendix C-3 for a figure showing data points.
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5.4 Discussion

5.4.1 How does threshold strength vary among response curves and surfaces?

The non-zero values of the threshold strength parameter estimated in this study suggest
that curves depicting Qror as a function of rainfall depth, rainfall intensity, or antecedent
evapotranspiration, and surfaces depicting Qror as a function of both rainfall depth and rainfall
intensity or rainfall depth and antecedent evapotranspiration, are threshold-mediated. Non-zero
threshold strength values covered a wide range, though, from 0.19 to 0.71: as this parameter is
sensitive to small changes in monotonicity and bimodality, it can be used to distinguish
thresholds with smoother changes in response (Figure 5-2A and Figure 5-2C) from those with
sharper changes in response (Figure 5-2B and Figure 5-2D), in a manner superior to what could
be achieved visually. It is important to note that the response changes illustrated in Figure 5-2A
and Figure 5-2B are more subtle than those which have typically been labelled as “thresholds” in
previous hydrological studies. Indeed, characterizations of hydrologic thresholds are typically
guided by diagnostic shapes (e.g., hockey-stick, step or Heaviside function, Dirac function, and
sigmoid function) where pre- and post-threshold conditions are delimited by a single breakpoint,
i.e., a point at which the slope of the input-output relationship changes (Ali et al., 2013).
Conversely, the response curves illustrated in Figure 5-2A and Figure 5-2B — which are both
labelled as threshold-mediated according to threshold strength computations — do not showcase a
single, major breakpoint but rather multiple, smoother changes. This apparent discrepancy is not
surprising, given inherent differences in threshold identification approaches. The recent

hydrology literature (Oswald et al., 2011; Scaife & Band, 2017; Wei et al., 2020) almost
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exclusively relies on breaks of slope to identify thresholds, which has led to a narrow range of
possible nonlinear relationships (i.e., the aforementioned diagnostic shapes, see Ali et al., 2013)
that consider thresholds in the form of steep, step-like transitions. The threshold strength
parameter, however, does not merely evaluate break(s) in slope, but rather monotonicity and the
presence of bimodal frequency distributions across an entire response curve or surface. The
threshold strength parameter, therefore, allows for a much broader range of possible nonlinear
relationships, from small undulations (yielding non-zero but low threshold strength values) to
“staircases” and step-like features (yielding higher threshold strength values). The high
sensitivity associated with the threshold strength parameter has been deemed useful in ecology,
not only for when the goal is to explore a wide variety of nonlinear relationships, but also when
the goal is to identify systems that are approaching step-like threshold behaviours and may
exhibit them at a later time in response to new or cumulative stressors. Although similar goals
could be pursued in hydrology, to date hydrologists have used identification methods that have
been biased towards step-like thresholds. Lintz et al. (2011) tested 48 different potential shapes
of nonlinear relationships and suggested that step-like threshold shapes were not distinguishable
when threshold strength values were below 0.72. Future hydrological studies could, therefore,
rely on the threshold strength parameter to address targeted questions related to how abrupt or
“step-like” a change in response needs to be to warrant consideration, and whether nonlinear
relationships that do not showcase step-like changes can also provide insights into runoff
processes.

The results of this study also suggest that the ability to distinguish differences in
threshold-mediated responses using threshold strength may be useful for evaluating the effects of

antecedent conditions on response. In one previous study, gross precipitation-only thresholds
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were not visually detected, but a combined gross precipitation plus antecedent soil moisture
index threshold was visually detected at a humid continental site (Detty & McGuire, 2010). In
the present study, while response was characterized as threshold-mediated in curves featuring
Rrot and in curves featuring Rtot+ARy7, the changes in response for curves featuring Rrot were
comparatively smoother, based on the smaller threshold strength values. It is, therefore, likely
that response thresholds that consider rainfall depth but not antecedent conditions, and that were
associated with lower threshold strength values, would go undetected during a visual
examination. It is worth noting that numerous response curves modelled using LWPR were not
deemed adequate, based on low R? values, and were therefore not analyzed in terms of threshold
strength. While only 8 of 32 curves featuring rainfall depth were discarded because of a poor
LWPR fit (i.e., R? < 0.45), 15 out of 16 curves featuring Rlave and all 16 curves featuring
APET7 were discarded. This suggests that for the catchments featured in this study, rainfall depth
considered in insolation may influence Qor, but that is not the case for rainfall intensity or
antecedent potential evapotranspiration considered in isolation. This observation is in agreement
with other studies that indicated that rainfall intensity and potential evapotranspiration exert little
to no influence on hydrologic response in humid environments (Graham et al., 2010; Tromp-van
Meerveld & McDonnell, 2006a).

One objective of the current study was to compare the strength of dual-factor thresholds
identified in 3D to that of individual rainfall depth, rainfall intensity, and antecedent potential
evapotranspiration thresholds in 2D. The predominance of positive percent differences (Table
5-2) implies that thresholds identified in 2D response curves were stronger than thresholds in 3D
response surfaces that shared a common rainfall depth factor. One potential explanation for this

is that differences in the distribution of data points used to construct response curves and
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response surfaces led to smoother transitions between data points in 3D than in 2D. Potential bias
in the construction of response curves and response surfaces was mitigated by using the same
LWPR parameterization in two- and three-dimensions. One other possibility is that hydrologic
response may be mostly controlled by a single factor. Subsequently, the consideration of
multiple factors in those cases may result in a positive (or near 0) percent difference between 2D
and 3D threshold strength. That said, 2D threshold strength was not always greater than 3D
threshold strength: in 10 cases, the percent difference between 2D and 3D thresholds was
negative, suggesting that the threshold strength of some of the observed nonlinear hydrologic
responses was increased by considering both rainfall depth and rainfall intensity or antecedent
potential evapotranspiration. Cases with 3D thresholds that were stronger than 2D thresholds
sharing a common factor were primarily observed at MRC sites (9 of 10 cases). Furthermore,
most cases (9 of 10) exhibiting negative percent difference occurred at small headwater
catchments (i.e., drainage area < 2.5 km?). Those results could mean that the dual consideration
of multiple meteorological factors for characterizing threshold dynamics is critical in headwater
catchments but less important in larger catchments. While this hypothesis could not be tested in a
statistically robust manner in the present study, due to the relatively small number of cases with
negative percent difference, it is supported by existing literature on headwater catchment
dynamics, with multiple studies that have addressed the effects of both water volumes and
rainfall intensities on response. For example, the depth of rainfall and the rainfall intensity has
been deemed important control factors on peak discharge and total runoff for a small
Mediterranean headwater catchment in the Central Spanish Pyrenees (Seeger et al., 2004).
Similarly, one study focusing on humid headwater catchments in India showed that the depth of

rainfall and rainfall intensity can strongly influence the size of the contributing area during
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runoff events (Putty & Prasad, 2000). Others have also shown that rainfall depth and rainfall
intensity are linked to the response characteristics of flash floods and debris flow in headwater

catchments (Borga et al., 2014).

5.4.2 To what extent do meteorological factors interact?

This study also relied on the shape of contour lines associated with 3D response surfaces
to describe interactions between rainfall depths and Rlave or APET?. In general, quadrant-
specific classifications showed that Qror was affected by factor interactions, as evidenced by
curved or mostly curved patterns observed in at least one quadrant (Figure 5-4). Quadrant-
specific classifications were useful in revealing that the presence/absence of factor interactions
are dependent on the range of meteorological factor values considered. Quadrant 1 was mostly
classified as C, which may imply that factor interactions are strongly present when both factor
values are low. Conversely, quadrants 2 and 4 were commonly classified as MS: those two
quadrants have one low factor value and one high factor value, which is intuitively consistent
with a response pattern being mostly affected by a single factor. Lastly, in quadrant 3, where
both factor values are high, no dominant class (or dominant contour line shape) was identifiable,
suggesting a low degree of predictability of control factor dynamics in those conditions.

A comparison of Figure 5-3B with Figure 5-5A, Figure 5-5B, and Figure 5-5C provides
information for interpreting different 3D response surface features (i.e., contour line shape and
gradient type) in terms of factor effects. Indeed, linear gradients had mostly straight contour lines
oriented perpendicular to an axis, which is indicative of main effects being exerted by a single

factor (Antony, 2014). Notably, all the quadrants classified as S and MS had contour lines
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oriented vertically or sub-vertically, which indicates that these responses are mainly affected by
rainfall depth. Not a single quadrant classified as S or MS exhibited response mainly affected by
Rlave or APETS? (i.e., contour lines oriented horizontally or sub-horizontally). Conversely,
angular and radial gradients had mostly curved and curved contour lines, which indicates factor
interactions (Antony, 2014).

Response gradient type and contour line shape also have implications for predicting
hydrologic response as a function of two meteorological factors. Indeed, hydrologic response
predictability would undoubtedly be the highest when linear gradients and mostly straight or
straight contour lines are present. Such graphical features illustrate the fact that hydrologic
response is predominantly influenced by a single factor. In such a scenario, one may question the
need for a three-dimensional approach. One advantage of the three-dimensional approach is that
it does not require a priori information about which of the two considered factors is dominant.
For angular response gradients, the predictability of hydrologic response is complicated by the
diversity of possible surface features. In the present study, surfaces with angular response
gradients were associated with quadrants classified as MS, MC, and C. Additionally, the relative
influence of individual factor effects on response is unknown for angular gradients. In this study,
the orientation of angular response gradients relative to the x and y axes were variable,
demonstrating that the effects of individual factors on response was unequal. The difficulty in
determining the exact gradient orientation increases the difficulty of predicting hydrologic
response. Finally, hydrologic responses with radial response gradients would likely be most
difficult to predict. As observed in this study (Figure 5-5C and Figure 5-6C), surfaces with radial
response gradients have hotspots of elevated response. The difficulty in predicting the location of

hotspots in a response surface could be compared to the difficulties associated with identifying

241



global maxima in parameter distributions in the context of hydrologic modelling (Kavetski et al.,
2006). The identification of global maxima in parameter space has been pursued using a range of
optimization techniques, including particle swarm and differential evolution (Gill et al., 2006;
Zhang et al., 2009). It is unclear whether similar optimization techniques could be used to further
characterize hydrological responses showcasing radial gradients. Additional research is
warranted, as the underlying physical processes that drive factor interactions and the formation
of response hotspots are not well understood, and simple yet robust methods for predicting
hotspot geometry (e.g., circular or oblong) have not been identified.

The yellow lines — or threshold fronts — displayed in Figure 5-6 suggest that when 3D
response surfaces are examined, several combinations of critical rainfall depths and Rlavg or
APET? can lead to significant changes in runoff behaviour when exceeded. Historically, research
efforts targeting the characterization of nonlinear hydrologic response relied on 2D response
curves as well as the premise of a single critical threshold value (e.g., Ali et al., 2015; Detty &
McGuire, 2010; Tromp-van Meerveld & McDonnell, 2006a). However, recent studies have
identified multiple thresholds in a single rainfall-runoff relationship and linked them to process-
based interpretations (e.g., Scaife & Band, 2017; Wei et al., 2020). The latter studies are more
aligned with the threshold fronts showcased in the present study. Conceptual similarities can be
drawn between threshold fronts and the notion of equifinality in hydrologic modelling, i.e., the
possibility that multiple unique parameter sets may lead to equally plausible simulations of
reality (Beven, 2006, 2011). While the principle of equifinality is used to illustrate the
complexity of evaluating unique parameter sets associated with behavioural simulations, the
notion of threshold fronts could similarly be used to demonstrate the range of process dynamics

that trigger changes in hydrologic response. Consequently, two plausible hypotheses related to
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threshold fronts are suggested here and could be tested in the future within a modelling
framework, namely that: 1) the length of a threshold front is positively correlated with the
number of thresholds driving the transformation of precipitation into runoff, and 2) the
complexity of the threshold front shape is inversely related to how easily individual threshold
values can be identified or predicted.

One step towards testing those hypotheses could be the construction of 3D response
surfaces from synthetic data that is continuous across the entire surface domain. This data would
allow for 2D cross-sections to be taken from the 3D surfaces at specific factor values to evaluate
the relationship shape and the presence of multiple thresholds. This exercise was not possible in
this study, since surfaces constructed using LWPR were modelled from point data that varied in
availability and density across the surface domain. Such an exercise would also allow the
influence of LWPR parameterization and data features like quantity, distribution, accuracy, and
noise on response surface features, including contour line geometry, to be further scrutinized.
This may help resolve some of the uncertainty associated with qualitative interpretations of
surface features, including the reproducibility of features within domain subsets, and interactions
among multiple meteorological factors. While this study employed a relatively conservative
approach by assessing generalized response surface patterns, like dominant contour line shape,
stronger consideration of these methodological limitations is needed to advance future attempts

to characterize hydrologic thresholds in three dimensions.
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5.4.3 Do underlying factor interactions determine response threshold strength?

While answering whether underlying factor interactions determine response threshold
strength was not a primary goal of this study, it is a question worth examining, as it may
contribute insights towards the predictability of hydrologic response. Many of the response
surfaces analyzed in this study are characterized by curved contour lines that are a product of
factor interactions, which raises the question of whether factor interactions lead to stronger
thresholds in hydrologic response. Figure 5-7 shows that there is no clear difference in the
distribution of threshold strength between surfaces comprising quadrants mostly classified as
MC or C, and surfaces that have one or no quadrant classified as MC or C. Those results are
consistent with literature surrounding the development of the threshold strength parameter.
Potential linkages between threshold strength and factor interactions can be further evaluated by
quadrant (Figure 5-8). Surfaces with a classification of C or MC in quadrant 1 tended to result in
lower median threshold strength values, compared to surfaces with quadrant 1 classified as S or
MS (Figure 5-8C). Similarly, median threshold strength values were lower for surfaces with
quadrant 4 classified as C or MC, as opposed to S or MS (Figure 5-8A). However, in contrast, no
significant differences in threshold strength were discernable between different classifications for
quadrant 2 and quadrant 3 (Figure 5-8B and Figure 5-8D). This might suggest that the threshold
strength of an entire surface may be more sensitive to the presence (or absence) of factor
interactions at low rainfall depths, than at high rainfall depths. While the number of surfaces
included in this study is too small to conduct robust statistical analyses to determine potential
differences in threshold strength controlled by the dominant contour line shape in specific

quadrants, Figure 5-8C suggests that factor interactions at pre-threshold, low rainfall depth
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conditions may influence hydrologic thresholds. This is consistent with other studies that have
evaluated the influence of initial conditions on hydrologic response dynamics. For example, in a
study conducted in Germany, initial soil moisture microstates were deemed important for
determining hydrologic response and response predictability (Zehe & Bldschl, 2004).
Specifically, that study found that the predictability of rainfall-runoff event response increased
when elevated initial soil moisture conditions were combined with more intense event rainfall
(Zehe & Bloschl, 2004). The importance of factor interactions and response dynamics at low
factor values for determining hydrologic thresholds — as alluded to in the current study — is also
consistent with other work that identified initial conditions as influential controls on both the

timing and spatial pattern of runoff (Mirus & Loague, 2013).
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Figure 5-7. Boxplots showing the distribution of threshold strength for surfaces with two or
more quadrants classified as MC or C (curved), and surfaces with one or no quadrants classified
as MC or C (straight). The number of surfaces designated as curved or straight is denoted by n.
Horizontal black lines in boxplots are representative of median values, whereas each box spans
from the 25™ to 75" percentiles. Lower and upper whiskers extend from the median value to 1.5

times the inter-quartile range. Outliers are not shown.
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Figure 5-8. Boxplots showing the distribution of threshold strength for each quadrant and each
dominant contour line classification. Classifications of S were omitted, as there were too few
data points to build boxplots. The number of surfaces that had a specific classification for the
corresponding quadrant is denoted by n. Horizontal black lines in boxplots are representative of
median values, whereas each box spans from the 25" to 75" percentiles. Lower and upper
whiskers extend from the median value to 1.5 times the inter-quartile range. Outliers are not

shown.
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5.4.4 Do three-dimensional approaches show promise for characterizing hydrologic thresholds?

While attempting to characterize hydrologic thresholds from 2D response curves and 3D
response surfaces, the present study identified the advantages and limitations of some
quantitative and qualitative tools, but it also highlighted important, open-ended questions. For
instance, the aforementioned results suggest that the threshold strength parameter may prove
useful for robust comparisons across threshold studies. Indeed, in hydrology, thresholds have
typically been characterized by their absolute value and/or the shape of the nonlinear 2D
response curve. Concerning specific threshold values, inter-site comparisons have been quite rare
(e.g., Ali et al., 2015) and are complicated by the fact that not all studies use the same response
metrics and meteorological factors for detecting thresholds. Furthermore, visual threshold
detection methods applied to 2D plots can be complicated by scattering near the inflection point
and user bias (Oswald et al., 2011). With respect to nonlinear responses dictated by thresholds,
while several diagnostic shapes (e.g., hockey-stick, step or Heaviside function, Dirac function,
and sigmoid function) have been identified (Ali et al., 2013), those diagnostic shapes are limited
to 2D response curves. Robust comparisons based on shape are also inhibited by the fact that the
processes underlying each diagnostic shape are unknown. Since the threshold strength parameter
can be determined independently of uncertainty and user bias related to visual identification
methods, without making assumptions about relationship shape, and regardless of
dimensionality, it has the potential to help comparisons across studies. It should, however, be
noted that for other quantitative relationship descriptors, like R? for correlative relationships,
guidelines exist in the literature to translate descriptor values into relationship qualifiers, i.e.,

weak, moderate, or strong (Rousseau et al., 2018). A similar operational guideline for translating
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and communicating threshold strength within the [0-1] range does not exist. As shown in Figure
5-2, response curves and surfaces associated with low threshold strength values can showcase
very smooth changes in response that most hydrologists would not necessarily identify as
thresholds after a visual assessment. An operational guideline might help describe changes in
response that may be too subtle to detect visually, especially if they are deemed important for
process understanding.

Another element worth discussing, about 3D response surfaces, is whether linkages could
be made between surface features and the frequency with which threshold-crossing conditions
are met. For instance, when evaluating threshold fronts associated with a linear response gradient
such as those shown in Figure 5-6A, individual threshold fronts can be crossed a single time
along the x-axis, but they cannot be crossed along the y-axis. When dealing with an angular
response gradient such as those displayed in Figure 5-6B, however, the same threshold front can
be crossed twice along the y-axis in some cases. For threshold fronts associated with radial
gradients (i.e., hotspots) such as the one in Figure 5-6C, threshold fronts can be crossed multiple
times regardless of direction. Future research could investigate scenarios with multiple threshold-
crossing conditions and suggest process-based interpretations to explain them. One other context
where multiple threshold-crossing conditions have been examined is in the literature surrounding
memory persistence in soil moisture (e.g., Ghannam et al., 2016), which could be used to guide
analyses of threshold-crossing conditions in rainfall-runoff relationships.

Lastly, in the present study, most response surfaces (60 of 64) constructed using LWPR
had R? values greater than 0.45, when compared against input data. However, many curves
(particularly those featuring an intensity factor) and some surfaces had lower R? values. Curves

and surfaces with R? values below 0.45 were omitted from subsequent analyses to limit biases in
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the estimation of threshold strength and the identification of key features of response surfaces.
The R2 criterion used to omit some curves and surfaces is somewhat arbitrary, and in fact,
adjusting the smoothing parameter for LWPR has a strong influence on the resulting R? value.
Therefore, in no way is the R? criterion implemented here absolute. Further work is needed to
ascertain the relative influence of data distribution, data accuracy, and the degree of smoothing
on the quality of fit for modelled curves and surfaces. Future studies could also be launched to
evaluate the suitability of other techniques for modelling curves and surfaces (e.g., classification
and regression trees, non-parametric multiplicative regression), with the specific goal of using
those modelled curves and surfaces for characterizing and comparing threshold-mediated
hydrologic responses. Such studies would also help address important questions about the
threshold strength parameter. For instance, questions surrounding the numeric stability of the
threshold strength parameter for quantifying the abruptness of change between different constant

and/or dynamic states.

5.5 Conclusion

This study aimed to (1) compare the strength of thresholds identified in three dimensions
to that of thresholds identified in two dimensions and (2) describe potential interactions between
meteorological factors. The most novel contributions of this study include the extension of
traditional threshold analysis to include two meteorological factors, the application of tools to
quantify the strength of hydrologic thresholds, and the introduction of a qualitative classification
approach for evaluating the presence of meteorological factor interactions driving hydrologic

response. Key findings from this study include the identification of:
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(1) Smooth and sharp hydrologic thresholds. Thresholds in rainfall-runoff relationships
vary considerably in strength. However, the consideration of two factors (i.e., 3D
assessments) does not necessarily lead to stronger thresholds than the consideration of
one factor (i.e., 2D assessments).

(2) Non-negligible factor interactions. Not only do such interactions exist, but those that
occur at low factor values appear to influence the strength of hydrologic thresholds.

(3) Complex threshold fronts. Hydrologic thresholds may exist at several combinations of
critical factor values on a single three-dimensional response surface.

(4) Wide-ranging degrees of hydrologic predictability. Hydrologic responses
characterized by gradients affected by two factors and factor interactions (i.e., angular or
radial gradients) are likely more difficult to predict than response with linear gradients.

Findings from this study highlight some advantages of using three-dimensional approaches to
characterize thresholds in rainfall-runoff relationships. The computation of the threshold strength
parameter allows for an objective comparison of thresholds that differ based on the abruptness of
response change. Further, the evaluation of response gradients and dominant contour line shapes
on 3D surfaces depicting hydrologic response as a function of two meteorological factors allows
factor interactions to be identified, when present. There are also areas of opportunity that may
increase the usefulness of multi-factor approaches related to hydrologic thresholds. Importantly,
findings from this study may encourage hydrologists to re-assess how thresholds are defined and
identified for a broad range of possible nonlinear response changes. Future studies should further
investigate the usefulness of three-dimensional approaches for characterizing hydrologic
thresholds by considering a larger variety of sites and events across a range of hydroclimatic

conditions and spatial scales.
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CHAPTER 6. SYNTHESIS AND CONCLUSION
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6.1 Summary and major findings

In hydrology, a unified theory is needed to increase the inter-site and cross-scale
transferability of findings and process interpretations from individual studies conducted at
unique places (Beven, 2000; Kirchner, 2006, 2009; McDonnell et al., 2007). Hydrologic
thresholds have been identified as a potential foundation for such a theory (Ali et al., 2013;
Spence, 2010), as they are emergent properties that reflect process and landscape heterogeneity
(Lehmann et al., 2007). The primary goal of this thesis was to contribute to the development of a
unified threshold-based hydrological theory by resolving key limitations surrounding our
theoretical and operational understanding of hydrologic thresholds. Indeed, most threshold
research has been limited to hillslopes and small catchments with humid to temperate climates,
while fewer studies have focused on other environments (Ali et al., 2013, 2015). To fill this
knowledge gap, research questions were pursued using existing data of twenty-one sites from
seven study areas. These sites vary in scale, and study areas have contrasting climate,
topography, soils, geology, and land-use/land-cover. This thesis was guided by four objectives:

(1) Assess the spatial and temporal variability in rainfall-runoff event dynamics and the
influence of fixed (e.g., topography) and dynamic (e.g., climate) controls on hydrologic
response across a range of scales and environments.

(2) Evaluate the ubiquity of threshold behaviour in rainfall-runoff event response, with a
special focus on rainfall depth thresholds, rainfall intensity thresholds, and thresholds in
hydrologic abstraction from evapotranspiration.

(3) Appraise the potential benefits of constraining rainfall-runoff model outputs using

multiple hydrologic descriptors, including thresholds.
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(4) Characterize the simultaneous influence of multiple, potentially interacting,
meteorological factors on threshold mediated hydrologic response.

In Chapter 2, analyses were carried out to assess the spatial and temporal variability in
rainfall-runoff event dynamics and the influence of fixed (e.g., topography) and dynamic (e.g.,
climate) controls on hydrologic response across twenty-one sites (research objective 1). This was
key in determining the best response metrics for capturing temporal variability in response and
characterizing the relative influence of different meteorological factors on response — knowledge
that was essential to address the research questions of this thesis. Findings from Chapter 2
showed that most rainfall-runoff event responses could be qualitatively described as low
magnitude and fast timing, or as high magnitude and slow timing, even though there were
significant differences in the climates and physiographic features of the study areas considered.
These analyses also confirmed significant spatial and temporal variability in the magnitude and
timing of hydrologic response at the rainfall-runoff event scale. Some timing metrics (e.g., lag-
to-peak) were as important or more important than more commonly considered response
magnitude metrics (e.g., runoff ratio) for describing site-specific response variability overall.
Furthermore, a large suite of meteorological factors was analyzed to determine their effects on
hydrologic response variability. These different meteorological factors are presumed to be
associated with storage-driven processes, intensity-driven processes, or combinations of both
storage-driven and intensity-driven processes. The observed temporal variability in site-specific
hydrologic response was often attributed to the influence of meteorological factors associated
with intensity-driven processes, articulating the importance of considering the effects of these
processes on hydrologic response. It should be noted that in Chapter 2, the response metrics and

meteorological factors used to characterize rainfall-runoff events were grouped based on the
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processes that they were presumed to be associated with. Alternatively, meteorological factors
can be grouped by their unit of measure or based on how they most directly affect the hydrologic
response. Each of these grouping approaches has specific consequences. Grouping
meteorological factors based on the processes that they are presumed to be associated with may
help ascertain the relative importance of different processes in determining hydrologic response.
However, in some cases, deriving straightforward process-based meteorological factor groups
can be difficult. For example, antecedent potential evapotranspiration can be considered as an
intensity-driven factor or as a storage-driven factor: antecedent potential evapotranspiration is
related to the intensity of solar radiation (Dingman, 2015); however, antecedent potential
evapotranspiration influences changes in dynamic storage. Grouping meteorological factors
based on their unit of measure is intuitive and straightforward. However, this type of grouping
has no process-based rationale and most factors can be represented as rates, making unit-based
groupings relatively meaningless. Grouping meteorological factors based on how they most
directly affect hydrologic response provides a compromise since this type of grouping is
meaningful in terms of how different factors are related to hydrologic response and since it is
intuitive. As such, the latter form of grouping was adopted in Chapters 3, 4, and 5.
Meteorological factor groups include factors that quantify rainfall depth, factors that quantify
rainfall intensity, and factors that quantify hydrologic abstraction caused by evapotranspiration.
Hydrologic response metrics and meteorological factors that were derived in Chapter 2
were used in Chapter 3 to evaluate the ubiquity of threshold behaviour across the twenty-one
sites considered in this thesis (research objective 2). Importantly, the potential influence of
rainfall depth, rainfall intensity, and hydrologic abstraction caused by evapotranspiration on

nonlinearities in response magnitude and timing was assessed. In doing so, Chapter 3 filled a
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critical gap in our current knowledge of threshold behaviour, as the available literature has
mostly focused on rainfall depth thresholds for hillslope or catchment response magnitude (e.g.,
Ali et al., 2011; Detty & McGuire, 2010; James & Roulet, 2007; Kim et al., 2004; Mosley, 1979;
Oswald et al., 2011; Redding & Devito, 2008; Sidle et al., 2000; Tani, 1997; Tromp-van
Meerveld & McDonnell, 2006a; Weiler et al., 2006; Whipkey, 1965), while fewer studies have
assessed rainfall intensity thresholds (e.g., Cammeraat, 2002; Reaney et al., 2007) or hydrologic
abstraction caused by evapotranspiration. Additionally, this chapter assessed antecedent
conditions as a control on a broad range of threshold behaviours. This assessment went beyond
other threshold studies that quantified antecedent condition effects (e.g., Detty & McGuire, 2010;
James & Roulet, 2007; Tromp-van Meerveld & McDonnell, 2006a) by considering: 1) the
influence of both antecedent rainfall and hydrologic abstractions calculated over a wide range of
durations on threshold behaviour, and 2) the influence of these factors on potential nonlinearities
in response. Results from Chapter 3 demonstrated the pervasiveness of total event rainfall
thresholds that affect response magnitude, as these thresholds were observed for fourteen of
twenty-one sites. Results indicate that measures of antecedent rainfall and event rainfall depth, as
well as rainfall intensity and hydrologic abstractions from evapotranspiration, can also be
important controls on threshold behaviour. This finding was applicable even for more humid
environments with high infiltration capacity, where rainfall intensity is assumed to exert little or
no influence on the hydrologic response (Graham & McDonnell, 2010; Tromp-van Meerveld &
McDonnell, 2006a). While not all sites had thresholds for the same input-output pairs, threshold
behaviour was observed at twenty out of twenty-one of the sites evaluated in this thesis. Chapter
3 also presented evidence of threshold behaviour being sensitive to both event conditions and

antecedent conditions over a wide range of antecedent durations. Combined, results of Chapter 3
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offered an opportunity for synthesis, leading to the development of a typology that distinguishes
threshold dynamics based on the extent to which thresholds affect different aspects of event-
specific response magnitude and response timing, memory effects on thresholds, and the
processes leading to threshold behaviour. The proposed typology of threshold dynamics may
provide a useful tool for future threshold-based studies.

Chapter 4 focused on a rainfall-runoff model evaluation approach implemented using
data from the MRC8 catchment. Rainfall-runoff model simulations were assessed on their ability
to reproduce a range of catchment functions that are captured by the flow duration curve,
rainfall-runoff event response timing metrics, and hydrologic thresholds (research objective 3).
Since these hydrologic descriptors capture catchment functions, they are considered to be
process-based information. While previous model evaluations have been performed using the
flow duration curve (Blazkova & Beven, 2009; Herbst et al., 2009; Ley et al., 2016; Westerberg
etal., 2011; Yilmaz et al., 2008; Yu & Yang, 2000) and event response metrics (Loague &
Freeze, 1985; Yang et al., 2004), Chapter 4 was the first model evaluation that incorporated
emergent threshold behaviour. Findings from Chapter 4 showed that behavioural simulations
identified based on a single performance measure (i.e., KGE) calculated over the entire
continuous streamflow timeseries were inadequate for identifying simulations that can reproduce
real-world processes, necessitating post-calibration model evaluation using process-based
information. Behavioural simulations ranged broadly in their ability to minimize measures of
bias associated with specific hydrologic descriptors. Like other studies (e.g., Dunn, 1999), model
simulations reproduced flow volumes and response timing associated with large rainfall events
reasonably well, while fewer simulations adequately reproduced baseflow-dominated conditions.

In terms of threshold behaviour, many behavioural simulations adequately reproduced observed
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threshold behaviour for relationships involving antecedent plus event rainfall and response
magnitude. Key findings of Chapter 4 were that model evaluation on process-based measures of
bias could be used to identify simulations that reproduced observed hydrologic behaviour and to
constrain model parameter space. Overall, including thresholds in the model evaluation process
showed that emergent catchment properties can be valuable tools for falsifying model outputs.
In Chapter 5, a three-dimensional (3D) approach was taken to characterize the
simultaneous influence of two, potentially interacting, meteorological factors on threshold
behaviour in hydrologic response for the MRC and HJA catchments (research objective 4).
While numerous studies have demonstrated that the variability in hydrologic response is
determined by multiple processes, threshold studies have considered hydrologic response as a
function of a single meteorological factor. In this chapter, thresholds detected from 3D surfaces
showing response as a function of two meteorological factors were compared against thresholds
involving the same meteorological factors detected from two-dimensional (2D) curves, this using
a parameter of threshold strength. Results indicated that 2D thresholds are often stronger than 3D
thresholds and that there is significant variability in the abruptness of threshold behaviour.
Furthermore, 3D surfaces showed characteristics associated with interactions between
meteorological factors that can lead to complex surface geometries that may present challenges
for hydrologic response predictability. While 2D thresholds were often stronger, they are
inadequate for characterizing meteorological factor interactions that were shown to affect
threshold behaviour in some cases. Importantly, results showed that hydrologic thresholds may
exist at several combinations of critical meteorological factor values on a single 3D response

surface. Combined, findings from Chapter 5 indicate that multiple meteorological factors may
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influence the emergence of nonlinear response and that the form of hydrologic thresholds may

differ from common notions of what a threshold is.

6.2 Study limitations

This thesis was made possible using existing data from multiple study areas. There were
several limitations associated with the data and data-processing tools that were used.
Undoubtedly, data accuracy influenced the meteorological factors and response metrics
calculated during rainfall-runoff event analysis and all subsequent results and interpretations
presented throughout this thesis. While standard measurement procedures were used to obtain
input data at all twenty-one sites (Chapter 1), methodology varied by jurisdiction and the data
have indeed undergone varying degrees of quality control and processing by the original
investigators. Unfortunately, no formal uncertainty analysis could be performed for the data used
in this thesis due to a lack of site-specific information about measurement error. Relying on the
literature, error in point measurements of rainfall range from 5 to 15% for long-term data and as
high as 75% for storm data (Winter, 1981). It is also unclear how well meteorological
measurements from a single station captured hillslope- or catchment-wide conditions, which was
assumed in this thesis. Discharge estimates are also likely to be associated with significant error.
While the level of uncertainty is highly dependent on the technique used to establish site-specific
rating curves (e.g., USGS velocity-area measurements), error rates can be as high as 50%
(McMiillan et al., 2018). It is unclear how measurement error affected the findings presented in
this thesis. More specifically, it is unclear how much of the unexplained variance in response

(Chapter 2) and threshold mediated relationships (Chapter 3) was associated with limitations in
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measurement or missing explanatory variables. Furthermore, measurement errors would have
propagated throughout the modelling exercise presented in Chapter 4 and may have influenced
the features of modelled 3D response surfaces (Chapter 5). Therefore, one limitation of this
thesis is that the influence of measurement error in input data is not fully understood and the
absence of replicates or nested data for the sites considered in this thesis prevented a more
exhaustive assessment of input data measurement error (McMillan et al., 2018).

In addition to measurement error, the record length of hydrometric and meteorological
data ranged from one to five years, depending on the study site. Also, data of more northern sites
(i.e., CCW, UP1, and HRM) have seasonal gaps because below freezing conditions preclude
runoff. These two data features had ramifications throughout the thesis. First, shorter record
length for some sites prevented the characterization of longer-term temporal variability in
rainfall-runoff event response and the factors that control that response (Chapter 2). Second,
since some sites had shorter data records or were significantly drier than others (e.g., TRC), there
was considerable variability in the number of rainfall-runoff events that were delineated for each
site. In Chapter 3, this prevented questions from being answered, like how many rainfall-runoff
event data points are needed to ensure consistency in threshold detection? Also, in Chapter 3, for
some sites, there were too few rainfall-runoff events to conduct a uniform analysis of seasonal
variability in threshold behaviour across sites. In Chapter 4, record length limited the number of
sites that were suitable for the described modelling exercise. In Chapter 5, the number of rainfall-
runoff events per site affected site selection, as many events are needed to decrease uncertainty
in modelled 3D response surfaces. Along similar lines, this thesis relied heavily on
meteorological factors and response metrics of rainfall-runoff events that were delineated using

HydRun (Tang & Carey, 2017). While HydRun facilitated the quasi-automated delineation of
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hundreds of rainfall-runoff events, this tool is not designed to delineate snowmelt or rain-on-
snow events. As such, only rainfall-initiated events were considered, even though some of the
study sites are influenced by snowmelt. Other studies that have involved event delineation have
also focused on rainfall-initiated events only or assessed rainfall-initiated and snowmelt-initiated
events independently as they require different event delineation tools (Blume et al., 2007; Penna
etal., 2016).

Many process-based inferences were made throughout this thesis related to observed
(Chapters 3 and 5) and predicted (Chapter 4) threshold behaviour. In some cases, these
inferences were related to processes that vary in both space and time. One limitation of this study
is that spatial data was not used to verify these process-based hypotheses. Other studies have
used spatial data of topography, bedrock, soils, vegetation, soil moisture, and water table depth
to explain threshold behaviour (e.g., Detty & McGuire, 2010; Freer et al., 2002; Graham et al.,
2010; Graham & McDonnell, 2010; James & Roulet, 2007; Kim et al., 2004; Laudon et al.,
2007; Lehmann et al., 2007; Mielko & Woo, 2006; Oswald et al., 2011; Redding & Devito,
2008; Scaife & Band, 2017; Tromp-van Meerveld & McDonnell, 2006a, 2006b). Integrating
spatial data throughout this thesis would have been a large undertaking. While the inclusion of
spatial data would have increased the number of potential research questions, fewer sites would

have been considered as spatial data was not available for every site.
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6.3 Synthesis across thesis chapters and recommendations for future work

6.3.1 From response variability to hydrologic thresholds

Amalgamating findings from Chapters 2 and 3 may help ascertain whether the degree of
temporal variability for a given response metric coincides with that metric’s involvement in
threshold mediated relationships. Most event-specific response magnitude and response timing
metrics for sites of this thesis are characterized by considerable temporal variability (Chapter 2).
For response magnitude metrics, all sites had relatively low temporal variability in RR, except
for the PMRW (Table 6-1). In contrast, Qror and Quax were slightly more variable than RR at
most sites and the temporal variability of las varied among sites (Table 6-1). Overall, response
magnitude metrics with more temporal variability did not necessarily contribute to a larger
number of threshold mediated input-output relationships. For example, lass Was highly variable
across events at the MRC6 site (CV = 4.34), but only 52% of input-output relationships
involving labs were threshold mediated. Response timing metrics varied less across events at each
site than response magnitude metrics. Threshold mediated relationships involving response
timing metrics were also rare: there were fifty-two cases across all sites and metrics where
timing metrics do not exhibit threshold mediated relationships. Also, response metrics that were
deemed most important for explaining site-specific response variability overall according to
principal component loadings calculated in Chapter 2 did not necessarily contribute to more
threshold mediated relationships than other response metrics (Chapter 3). Combined, these
results indicate that response metric temporal variability alone is not a meaningful surrogate

measure of threshold mediated hillslope or catchment response for the sites considered in this
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thesis. Such a surrogate measure would have allowed future threshold-focused studies to
consider fewer input-output pairs because the response metrics that are most likely to be
associated with threshold behaviour could have potentially been identified based on their

temporal variability.

270



Table 6-1. Site- and metric-specific temporal variability is shown by the coefficient of variation (CV). Asterisks (*) show response
magnitude and timing metrics that were important for explaining site-specific response temporal variability (i.e., principal component

loadings >|0.45|). The percentage of input-output pairs that were threshold mediated for each site and metric is shown (%).

RR Qror Qmax labs Tir Tie Tc

cv % cv % cv % cv % cv % cv % cv %
PMRW 2.19 10 2.30 10 2.10 13 1.28 16 1.02 13 0.77* 0 0.74 10
HRM 0.95 0 1.50 13 1.34* 23 1.70 13 1.30 7 1.30* 0 0.59* 0
UP1 0.87* 13 0.90 0 1.06* 0 1.62 42 1.38* 10 1.04* 0 1.38* 7
TRC 1.00* 0 1.29* 0 1.24 0 1.44* 36 1.02 13 0.81 0 0.97* 3
CCW 0.88 0 1.81 20 0.76 7 2.51* 3 1.34* 0 0.91* 0 1.00 0
MRC1 0.89 3 1.22* 0 1.84* 52 1.52* 3 0.72* 0 0.46* 0 0.39 3
MRC2 0.57 0 1.29 0 1.15 0 2.02* 0 1.00* 0 0.68* 0 0.46* 0
MRC3 0.79 0 1.51* 13 1.59 0 2.70 0 0.84* 0 0.54 0 0.47* 0
MRC4 0.70 0 1.31* 0 1.68* 0 2.85* 7 0.99* 0 0.63* 0 0.54* 13
MRC5 0.85 0 1.73* 0 2.03* 3 4.34* 29 0.87 0 0.61 0 0.46 0
MRC6 0.72 0 1.77* 0 1.56 0 4.24 52 1.08* 0 0.64* 0 0.60* 0
MRC7 0.65 0 1.77* 23 1.40* 3 2.56* 19 1.01* 0 0.58 0 0.40* 0
MRC8 0.68 0 1.47 13 1.80 10 2.40* 0 1.13* 0 0.68* 0 0.38 0
HJAL 0.90 0 1.39 0 1.48 0 1.78* 42 0.87* 13 0.72* 0 0.58* 0
HJA2 1.05 0 151 0 1.70 0 1.88* 32 0.89* 0 0.79* 0 0.61* 0
HJA3 0.81 0 1.32 0 151 0 1.86* 26 0.93 3 0.78* 0 0.58* 0
HJA4 0.69 0 1.25* 10 1.29 10 1.28* 7 0.63* 0 0.53 0 0.41* 0
HJAS 0.57* 0 1.02* 7 1.27* 7 1.56* 16 0.75* 0 0.49 0 0.41* 0
HJAG 0.75* 0 1.58 13 1.46 13 1.87 7 0.87* 0 0.88* 0 0.55* 0
HIA7 0.96* 0 1.48 0 1.43* 0 1.75* 36 0.85* 0 0.71* 0 0.55* 0
HJA8 0.68 0 1.36* 19 1.61* 0 1.83* 7 0.96* 0 0.77* 0 0.56 0
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6.3.2 False-positive and false-negative threshold detection in GR5H behavioural simulations

Some of the threshold behaviours that were observed in Chapter 3 were erroneously
predicted in Chapter 4 (i.e., false-positive and false-negative threshold detection). Through
synthesis across Chapters 2, 3, and 4, the potential influence of response metric and
meteorological factor temporal variability on the erroneous prediction of thresholds can be
assessed. Answering this question may help determine why some threshold behaviours could not
be predicted by the GR5H model. For data of the MRC8 site that was evaluated across Chapters
2, 3, and 4, the input meteorological factor with the greatest temporal variability was Rtot (Table
6-2). Rainfall intensity factors had slightly lower temporal variability. Also, rainfall depth factors
that quantify antecedent and event rainfall decreased in temporal variability as the antecedent
duration increased. Similarly, the temporal variability of Qtot (CV = 1.47) was slightly lower
than Quax (CV = 1.80). The Rtot-Qmax input-output pair includes the meteorological factor and
response metric with the greatest temporal variability and this input-output pair was associated
with false-positive threshold identification for 79.5% of behavioural simulations in Chapter 4.
However, the temporal variability of the Rror-Qrot pair was similar and threshold behaviour for
this input-output pair was appropriately detected by 97.1% of behavioural simulations. Similarly,
AR14+Rt0oT exhibited relatively low temporal variability, yet thresholds for the AR14+Rtom-Qmax
pair were associated with false-positive threshold detection for 93.7% of behavioural
simulations. These results indicate that meteorological factor or response metric temporal
variability is not informative for determining why the GR5H model was able to predict some

thresholds better than others.
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Table 6-2. The coefficient of variation (CV) of meteorological factors (input) and response
metrics (output) for the MRC8 catchment and the percentage of behavioural simulations
associated with true-positive, false-negative, false-positive, and true-positive threshold detection
for each input-output pair. “NA”: Options that are inapplicable given the presence or absence of

threshold behaviour in the observed data.

Input Output True- False- False- True-

Ccv Ccv positive | negative | positive | negative
Rrot, QToT 1.12 1.47 97.1 29 NA NA
RroT, QmAx 1.12 1.80 NA NA 79.5 20.5
Rlave, Qror 0.85 1.47 NA NA 0.0 100.0
Rlave, Qmax 0.85 1.80 NA NA 0.8 99.2
Rlmax, Qrot 0.91 1.47 NA NA 0.0 100.0
Rlmax, Qmax 0.91 1.80 NA NA 27.3 72.7
ARz+RT0T, QTOT 1.01 1.47 100.0 0.0 NA NA
AR3+RT0T, QMAX 1.01 1.80 NA NA 99.0 1.0
AR7+RToT, QTOT 0.89 1.47 94.1 5.9 NA NA
AR7+RToT, QMmAX 0.89 1.80 85.3 14.7 NA NA
AR14+Rt0T, QTOT 0.78 1.47 99.9 0.1 NA NA
AR14+Rt0T, QMAX 0.78 1.80 NA NA 93.7 6.3

6.3.3 Observed threshold behaviour and the emergent nature of thresholds in runoff response

Rainfall thresholds observed at the hillslope or catchment scale have been referred to as
emergent properties (Ali et al., 2011, 2015; Lehmann et al., 2007; Sidle et al., 2001; Spence,
2010; Weiler, 2005) because they are associated with the integration of responses at the next
smaller spatial scale (Lehmann et al., 2007). The broad range of threshold mediated behaviours
that were observed and quantified in Chapters 3 and 4 may provide insights on the emergent
nature of thresholds in runoff response. Emergence is a hallmark of complex systems (Fromm,

2004; Ottino, 2004) and through self-organization, many complex natural systems become
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structured into a higher organized state by their internal processes (Fromm, 2004; Yates, 2012).
In the philosophical and scientific literature, conceptions of emergence are hotly contested
(Bedau, 1997; Chalmers, 2006; Gillett, 2016; O’Connor, 2020). Common to these different
conceptions of emergence are wholes that both depend on their parts and are autonomous from
their parts (Humphreys & Imbert, 2013).

Beyond the general notion of emergence that is commonly attributed to hydrologic
thresholds, multiple proposed typologies can be used to distinguish between emergent
phenomena based on specific criteria (Fromm, 2005; Wilson, 2016). Some typologies
characterize two types of emergence — weak emergence and strong emergence (e.g., Chalmers,
2006; Wilson, 2016). Others have proposed typologies that include nominal, weak, and strong
emergence (Bedau, 1997) or weak, ontological, and strong emergence (Gillett, 2016). There are
even more complex typologies of emergence that include taxa of simple, weak, multiple, and
strong emergence as well as multiple sub-taxa (Fromm, 2005). Furthermore, some taxonomies
that share the same taxa names do not share the same taxa definitions. Indeed, emergent
phenomena can be typified in a variety of ways - however, such an enterprise requires an in-
depth understanding of system dynamics, including the identification and characterization of
component interactions (Fromm, 2004).

Hydrologic thresholds observed at the hillslope or catchment scale have not been
characterized using one of these typologies and at this time, such an effort may be fruitless —
except for intensely studied hillslopes and small catchments, our knowledge of component
interactions at the next smaller spatial scale is incomplete. Most conceptualizations of hydrologic
thresholds feature response magnitude as a function of a single meteorological factor. While one

approach for considering the simultaneous effects of two, potentially interacting, factors on

274



threshold behaviour was explored in Chapter 5, the dimensionality of that approach could be
expanded in future work to consider the influence of multiple, potentially interacting, factors on
hydrologic response (Lintz et al., 2011). This would allow for a more complete understanding of
how hydrologic thresholds might fit into one of the available typologies of emergence, which

could offer a valuable framework for a unified threshold-based hydrological theory.

6.3.4 Perceptions of threshold behaviour versus the conceptual threshold definition

In hydrology, thresholds are conceptually defined as a critical moment in time or point in
space at which runoff behaviour rapidly changes (Ali et al., 2013; Phillips, 2006). In Chapter 3,
only relationships with hockey-stick shape threshold behaviour were deemed threshold mediated.
These thresholds were identified via linear piecewise regression analysis using criteria that were
stricter than any other criteria presented in the hydrologic threshold literature. These hockey-
stick thresholds are one operational threshold definition that is associated with a change in the
relationship slope. This type of threshold has been the focus of most threshold-based research in
hydrology, with specific attention being drawn to relationships that exhibit very abrupt changes
in slope (Ali et al., 2013, 2015; Detty & McGuire, 2010; Tromp-van Meerveld & McDonnell,
2006b, 2006a). While hockey-stick thresholds have certainly received the most attention in the
literature, other operational threshold definitions exist, including those that are described using
diagnostic shapes (Ali et al., 2013) and those that are associated with changes in response
variance. In Chapter 3, multiple relationships exhibited variance collapse, where variability in
response sharply declined once a critical input value was reached. This behaviour was not

considered threshold mediated, even though it satisfies the conceptual definition of a hydrologic

275



threshold. This shows that multiple operational threshold definitions exist, and they tend to be
narrower than the conceptual threshold definition, which does not include notions of abruptness,
shape, or slope. Future studies should, therefore, explore more holistic methodologies and tools
that might help identify the broad range of threshold behaviours that adhere to the conceptual
threshold definition. Furthermore, in Chapter 5, examples of threshold behaviour that varied in
abruptness across entire 2D response curves and 3D response surfaces (i.e., threshold strength)
were observed. This indicates that in pursuit of a unified threshold-based hydrologic theory,
work is needed to assess when a threshold is abrupt enough to be considered an important

determinant for understanding hillslope- and catchment-scale hydrologic response.

6.4 Novel contributions and remaining challenges

The overarching goal of this thesis was to contribute to a unified threshold-based
hydrological theory. It built upon previous studies that have demonstrated that characterizing
threshold behaviour is key to our current understanding of hydrological processes at the hillslope
and catchment scales (Ali et al., 2013; Detty & McGuire, 2010; Saffarpour et al., 2016; Spence,
2010; Weiler et al., 2006). However, as demonstrated throughout this thesis, our current
understanding of threshold behaviour has limitations. Novel contributions of this thesis that
resolve some of these knowledge gaps are highlighted below:

e In Chapter 2, univariate and multivariate statistical techniques were used to characterize
variability in hydrologic response and a range of response controls for twenty-one sites

across seven diverse study areas (research objective 1). These analyses showed
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considerable temporal variability in event response and illustrated the importance of
considering the influence of intensity-driven processes on hydrologic response.

In Chapter 3, a robust and consistent approach was taken to assess the ubiquity of
threshold behaviour across a range of study areas (research objective 2). This work was
unprecedented in virtue of the breadth of meteorological factors and response metrics
considered as well as the assessment of antecedent conditions as a control on threshold
behaviour. Threshold behaviour was observed across twenty out of the twenty-one sites
considered and in addition to rainfall depth, rainfall intensity and hydrologic abstractions
caused by evapotranspiration proved to be important controls on threshold behaviour for
some sites. The variety of sites and threshold behaviours assessed allowed for the first
typology of threshold dynamics to be proposed.

In Chapter 4, a model evaluation was performed that assessed behavioural model
simulations on their ability to predict key catchment functions. This was the first study to
explicitly incorporate emergent threshold information into the model evaluation process
(research objective 3). This work showed that emergent properties can be powerful in
identifying behavioural simulations that adequately predict real-world processes and that
the enhanced use of readily available data is an effective mode of model evaluation.

In Chapter 5, nonlinearities in hydrologic response were assessed as a function of two
meteorological factors (research objective 4). This was the first study to consider the
influence of potential meteorological factor interactions on threshold mediated
hydrologic response. Results of this analysis showed that while 2D thresholds are
typically more abrupt, they are unable to characterize factor interactions that can lead to

complex and highly nonlinear response surfaces. These findings challenge hydrologists to
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consider a wider range of threshold behaviours and to evaluate response nonlinearities as

a function of multiple, potentially interacting meteorological factors.

This thesis led to many interesting results that encouragingly bring us closer to a unified
threshold-based hydrologic theory. There are, however, some remaining knowledge gaps that
were not explored in this thesis. For one, very few studies have considered seasonal or long-term
variability in threshold behaviour (e.g., Scaife & Band, 2017) and as suggested in Chapter 3 of
this thesis, seasonally variable factors may influence nonlinear response and may affect key
features that we currently use to characterize 2D thresholds, like the relationship slope following
threshold exceedance. Additionally, there is a need to better understand how data amount and
data distribution affect the identification and interpretation of threshold behaviour. For example,
for a site with a specific event size distribution, it is unknown which portion of that distribution
needs to be known for thresholds to be effectively characterized. It is also hoped that some of the
questions that were explored in Section 6.3 — and others — can galvanize the hydrologic
community into drafting a list of the additional investigations that are needed before the goal of a

unified threshold-based hydrological theory can be achieved.
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Appendix A-1. Site-specific threshold detection frequencies for all 217 meteorological factor —
response metric pairs when using five different values for the below- and above-threshold slope
percent difference criterion. The total number of possible thresholds is shown in the ‘Total’ row.

The average threshold frequency for each category is shown in the ‘Average’ row.
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Appendix B-1. Timeseries (July 1997 — September 2001) of the hourly temperature (A), rainfall

(B), and flow (C) data that were used in this study.
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Appendix B-2. Flow duration curve of the observed hydrograph with key segments delineated

by vertical lines: very high flows (i), high and medium flows (ii), the middle-slope, and (iii) low

flows (iv).
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Appendix B-3. Summary statistics of event (n = 74) lag-to-peak (T.p) and centroid lag-to-peak

(Trpc). SD: standard deviation and CV: coefficient of variation.

Ter Tirc
Mean 29.34 9.58
Median 26.50 8.31
Minimum 5.00 0.17
Maximum 105.00 35.20
SD 20.27 6.66
CVv 0.69 0.70

Appendix B-4. Observed, rainfall-runoff relationships involving input-output pairs. Black dots

represent individual rainfall-runoff (RR) events from the observed data. For cases where

threshold behaviour was observed, teal lines indicate the piecewise linear model of the observed

data and dashed black lines indicate the threshold value.
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Appendix B-5. The number (percentage shown in brackets) of behavioural simulations that met

the 5%, 15%, and 25% Pbias criteria for different measures of bias.

Pbias < 5%

Pbias < 15%

Pbias <25%

Simulations (%)

Simulations (%)

Simulations (%)

Flow duration curves

FLV 253 (3.0) 678 (8.1) 1127 (13.5)
FMS 325 (3.9) 978 (11.7) 1625 (19.5)
FMV 704 (8.4) 2137 (25.6) 3500 (42.0)
FHV 1033 (12.4) 3054 (36.6) 4811 (57.7)
All FDC biases 3(0.0) 94 (1.1) 418 (5.0)
Event-specific response timing metrics
Tie 1159 (13.9) 3714 (44.5) 5976 (71.7)
Tirc 336 (4.0) 968 (11.6) 1640 (19.7)
All response timing biases 336 (4.0) 968 (11.6) 1640 (19.7)
Event rainfall threshold relationship
Rrot, Qrot 1602 (19.2) 5032 (60.3) 7449 (89.3)
Antecedent plus event rainfall threshold relationships

AR3+RroT, Qror 2188 (26.2) 6307 (75.6) 8101 (97.2)
AR7+Rrot, Qror 4915 (58.9) 7633 (91.5) 7844 (94.1)
AR7+R7ot, Quax 2487 (29.8) 5619 (67.4) 6878 (82.5)
ARw+RroT, Qrot 4511 (54.1) 8077 (96.9) 8329 (99.9)
All ARx+Rror threshold biases 148 (1.8) 4081 (48.9) 6482 (77.7)
All threshold biases 3(0.0) 2272 (27.3) 5674 (68.0)
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Appendix B-6. Observed flow duration curve and range of simulated flow duration curves

associated with behavioural simulations with FLV, FMS, FMV, or FHV < 5%, < 15%, and <

25% (shown in red, yellow, and blue, respectively).

FHV FMV FMS FLV
\F—— = |
H : |
1e+01 t
1e-01 +
= -
£ i
3 3
= -
1e-03 +
0 25 50 75 100
Exceedance Probability (%)
—— Observed [l Pbias<5% [ ] Pbias<15% [} Pbias < 25%

296




Appendix B-7. Tip and Typc of rainfall-runoff (RR) events (n = 74) in the observation data and colour-coded bars showing the Tip (A,
B, and C) and Trrc (D, E, and F) ranges across all events for behavioural simulations with Pbias < 5% (A and D), < 15% (B and E),

and < 25% (C and F). Plot areas associated with negative response timing metric values are shaded grey.
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Appendix B-8. Thresholds associated with input-output pairs. In each panel, black dots represent
individual rainfall-runoff (RR) events. The teal line indicates the piecewise linear model of the
observed data and the dashed black line indicates the observed threshold value. Colour-coded
envelopes show the ranges of the piecewise linear models for behavioural simulations with

compound Pbias < 5%, < 15%, and < 25%.
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Appendix B-9. Violin plots showing the distribution of KGE scores for behavioural simulations that met the 5% (A), 15% (B), and

25% (C) Pbias criterion for different measures of bias, with the x-axis showing each measure of bias. The number of simulations is

indicated above each violin plot.
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Appendix B-10. Bar charts showing the proportion of behavioural simulations at different KGE score ranges with Pbias < 5% (A), <
15% (B), and < 25% (C) for [I] FDC biases only, [I1] timing biases only, [111] threshold biases only, or biases related to combinations

of these descriptors. The number of behavioural simulations for each KGE score range is shown above each bar.
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Appendix B-11. Minimum, median, and maximum KGE scores of behavioural simulation
subsets that had Pbias < 5%, < 15%, and < 25% for [I] FDC biases only, [II] timing biases only,
[111] thresholds biases only, or biases related to combinations of these descriptors. Columns are
grouped by the number of biases. Simulations are separated based on behavioural simulation
subsets. Simulations with the maximum KGE score for each group are bolded and their flow
timeseries are shown in Appendix B-12. “NA”: cases where the group range exceeds the possible

number of bias measures. “-”’: cases Where no simulation of a given subset reproduced the

associated number of biases.

# of Biases 1-3 4-6 7-9 10-11
KGE
s 2 §]s 2 £/s 2 |5 = &
Pbias < 5%

[ 0.31 044 0.76 - - - NA NA NA | NA NA NA
[ 030 042 069 | NA NA NA | NA NA NA | NA NA NA
[ 0.30 040 092|030 038 083| NA NA NA | NA NA NA
[1]and [I1] 0.31 036 066 - - - [NA NA NA|NA NA NA
[17and [I] 0.30 043 089|030 039 082|040 040 040| NA NA NA
[1] and [H1] 0.30 045 0.85|0.30 044 0.82 - - - NA NA NA
[Iland [I]and [IN] | 0.30 0.60 0.82 |0.30 046 085|031 052 067 - - -
Pbias < 15%
[ - - - - - - NA NA NA | NA NA NA
[ - - - NA NA NA | NA NA NA | NA NA NA
[ 0.30 038 087|030 037 08| NA NA NA | NA NA NA
[1] and [1] - - - - - - |NA NA NA|[NA NA NA
[1] and [11] 0.30 047 080|030 040 089|030 038 071 | NA NA NA
[11] and [111] 0.30 0.48 0.83|0.30 042 091|030 038 076 | NA NA NA
[Iland [I]and [IN] | 0.36 0.46 0.62 |0.30 051 092|030 044 085|039 042 045
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Pbias <25%

1]

[

[
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Appendix B-12. Observed and modelled flow timeseries of behavioural simulations that met the 5% (A, D, and G), 15% (B, E, and
H), and 25% (C, F, and I) Pbias criteria for [I] FDC biases only, [I1] timing biases only, [I11] threshold biases only (A, B, and C), or
low biases related to combinations of two of these descriptors (D, E, and F), or low biases related to all three descriptors (G, H, and I).
Modelled flow timeseries are of behavioural simulations with the maximum KGE scores that had low biases related to different

descriptors (shown in bold in Appendix B-11).
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Appendix B-13. p-values of two-sample Kolmogorov-Smirnov tests that were performed to
compare the parameter value distributions of behavioural simulations that met the 5%, 15%, and

25% Pbias criteria for different measures of bias against that of the remaining behavioural

simulations. “-”: cases with too few simulations to perform statistical testing.
Pbias < 5% Pbias < 15% Pbias <25%
Parameter X1 X2 X3 Xa Xs X1 Xo X3 Xa Xs X1 X2 X3 Xa X5
Flow duration curve
FLV 0.09 | 0.00 | 0.00 | 0.00 | 0.00 | 0.01 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00
FMS 0.00 | 0.00 | 0.00 | 029 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00
FMV 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00
FHV 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00
All FDC biases 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00

Event-specific response timing metric

T 0.00 | 0.00 | 0.00 | 0.00 | 0.16 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00
Tirce 0.21 | 0.03 | 0.00 | 0.00 | 0.01 | 0.00 | 0.00 | 0.00 | 0.00 | 025 | 0.00 | 0.00 | 0.00 | 0.00 | 0.16
G!SZSF’O”SE tming | 400 | 0.00 | 0.00 | 0.00 | 0.16 | 0.00 | 0.00 | 0.00 | 0.00 | 0.25 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00
Event rainfall threshold relationship
Rror, Qror 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.12 | 0.00
Event plus antecedent rainfall threshold relationships

ARs+Rror, Qror 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00
AR+Rror, Qror 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.01 | 0.00
AR+Rror, Quax 0.17 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00
ARy+Rror, Qror 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.01 | 0.00 | 0.48 | 0.49
G!S':SRX‘”RTOT 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.64 | 0.79 | 018 | 042 033 | - | - | - | - | -
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APPENDIX C. Supplemental Materials Related to Chapter 5
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Appendix C-1. (A) Response surface separated into four quadrants. (B) Examples of contour
pattern classifications (S: straight; MS: mostly straight; MC: mostly curved; C: curved). Axis

ticks and labels are omitted for readability.
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5 9
z
Low
RTOT or RTOT+AR7
Site: HIAG Site: MRC4 (B)
QTOTzf(RTOT! RIAVG) QTOT=f(RTOT+AR71 APET7)
Quadrant: Q2 Quadrant: Q2

Class: S Class: MS

Site: MRC6 Site: HJIA2
QTOT=f(RTOT4—AR71 RIAVG) QTOT=f(RTOT! APET7)
Quadrant: Q4 Quadrant: Q1
Class: MC Class:C
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Appendix C-2. Examples of response surfaces modelled in this study: (A) linear gradient; (B)

angular gradient; and (C) radial gradient. Axis ticks and labels are omitted for readability.

Rl or APET,

(A)
Site: HJA6
TOT=f( RTOT-l-ARh AP ET?)

Site: MRC8
QTOT=f(OT1 Rlue)

(B)

Site: MRC6

QTOT =f( RTOT ) R IAVG)

Site: HIA1

QTOT =f ( RTOT ) R IAVG)

I

\\

(C)
Site: MRC1
QTOT=f( RTOT1 RIAVG)

S (28 (

Site: HIA4
Q.o =f(R;or*AR;, Rl,s)

Rioror RiortAR;
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Appendix C-3. Examples of response surfaces modelled in this study with threshold fronts
highlighted in yellow: (A) linear gradient; (B) angular gradient; and (C) radial gradient. Axis

ticks and labels are omitted for readability.

(A) (B) (C)
Site: HIAG Site: MRCS Site: HJAS
Qiror=f (TOT’ Rlae) QTOTzf(TOT: Rly) TOT=f(RTOT+AR7, APET,)
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= oY =

E ANS)

f Site: MRC8 Site: MRC6 Site: HJIA1

5 | Quo=f(Rocr, APET)) Qror=f(Rror, Rlye) Qor=(Rycr, APET,)
E‘t

Rioror RiortAR;

Threshold front:
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