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ABSTRACT

Increasing forest mortality across the western U.S. raises concerns about its impact on
streamflow. The hydrologic role of whitebark pine (Pinus albicaulis Engelm.) is of particular
interest given its ongoing decline and prevalence at the upper treeline where precipitation is
highest. Understanding the link between disturbed whitebark pine forests and streamflow is
essential for better informing water resource management. In Chapter One, I investigated
streamflow changes in two Wyoming whitebark pine watersheds: Upper Wind River (53% area
affected by beetle outbreak) and Buffalo Fork (53% area affected by beetle outbreak and fire).
Streamflow significantly increased post-beetle for Upper Wind River but did not significantly
change post-disturbance for Buffalo Fork, attributed to the fire’s limited spatial extent and post-
beetle effects potentially occurring in the pre-disturbance period. In Chapter Two, I integrated
Leaf Area Index into a hydrologic model to reflect changing canopy conditions and assessed
water balance variables that drove the observed changes in streamflow in Chapter One. I found
that an increase in annual precipitation primarily led to the increase in observed streamflow more
so than forest mortality, and snowpack and snowmelt were consistent predictors of streamflow
metrics. My findings suggest monitoring snow dynamics for accurate real-time and future
streamflow forecasting. In Chapter Three, I used streamflow field data and the same hydrologic
model to assess the impact of increasing tree mortality on streamflow within a whitebark pine-
dominated watershed in Big Sky, Montana. After simulating mortality levels ranging from 0-90%
for one year, tree mortality did not substantially impact streamflow until the 90% mortality level
where annual flow and late summer flow substantially increased. Considering that mortality
levels between 25-50% are more representative of whitebark pine mortality in one year, the lack
of substantial impacts on snowpack and streamflow at the 25-50% mortality levels challenges the
traditional assumption that whitebark pine mortality would lead to reduced snowpack and
reduced late summer flow in open watersheds with 30% forest cover. Future studies should
assess the multi-decade impacts of whitebark pine mortality on hydrologic processes and
consider species differences in evapotranspiration as other subalpine species replace whitebark
pine.
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EXECUTIVE SUMMARY

Escalating disturbances like wildfires, insect outbreaks, and droughts are increasing tree
mortality rates across the western U.S., raising concerns about their impact on water resources
(van Mantgem et al. 2009; Stanke et al. 2021; McNellis et al. 2021). Trees significantly influence
hydrologic processes through evapotranspiration and shading snowpack, and as freshwater
availability declines, understanding how disturbed forests affect streamflow at the watershed
scale is crucial for water resource management (Siirila-Woodburn et al. 2021). Whitebark pine
(Pinus albicaulis Engelm.) is a prevalent tree species at high elevations in the Greater
Yellowstone Ecosystem. It is hypothesized to play a significant role in hydrology by protecting
snowpack by slowing snowmelt and prolonging streamflow (Farnes 1990). With anticipated
increases in whitebark pine mortality, it is essential to understand how forest mortality will
impact streamflow in these environments (Hansen et al. 2016).

In Chapter One, I investigated streamflow changes following forest disturbance in two
Wyoming watersheds containing whitebark pine using 20 years of daily streamflow data from
two USGS streamgages. The Upper Wind River watershed, where 53% of the watershed area
was affected by a beetle outbreak (2003-2008), showed significant increases in streamflow
metrics (annual runoff efficiency, peak flow magnitude, and late summer runoff efficiency) over
a 14-year post-disturbance period (2009-2022). However, the Buffalo Fork watershed, where
53% of the area was impacted by both a beetle outbreak (2003-2012) and fire (2012), did not
exhibit significant changes in any streamflow metrics post-disturbance (2013-2022). This was
likely due to two factors. First, the limited fire extent (16%) may not have been large enough to

significantly affect streamflow at the watershed scale. Second, beetle mortality in the pre-
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disturbance period (2003-2011) may have negated any detectable differences in streamflow when
compared to the post-disturbance period (2013-2022). These findings underscore the variability
in streamflow responses to forest disturbances, which depend on factors like the type, extent,
timing, and severity of the disturbance. Further research using a daily hydrologic model was
needed to understand the causes of observed hydrologic shifts in these two disturbed watersheds.

In Chapter Two, I used a daily hydrologic model to identify drivers of streamflow before
and after disturbance in the Upper Wind River and Buffalo Fork watersheds that were previously
assessed in Chapter One. I first made improvements to the hydrologic model to incorporate
forest cover effects by using Leaf Area Index (LAI) and refining parameters related to
evapotranspiration, canopy interception, and snowmelt (shading of snow). These enhancements
substantially improved model accuracy in modelling the magnitude and timing of streamflow,
notably increasing the Nash-Sutcliffe Efficiency by 29% in the Upper Wind River watershed.
After calibrating the hydrologic model to USGS streamflow data from 2003-2022 and running
multiple linear regression, maximum snowpack and sum of annual snowmelt emerged as the
strongest drivers of streamflow metrics for both watersheds. This indicated a lesser influence of
tree-specific processes (annual actual evapotranspiration, annual canopy interception, shading of
snow) on streamflow than hypothesized for these two watersheds during this study period (2003-
2022). I further found that the observed 12% increase in annual streamflow post-disturbance in
the Upper Wind River was more attributed to a 15% increase in precipitation rather than a 6%
decrease in evapotranspiration post-disturbance. This underscores the importance of monitoring
and modelling snow dynamics for accurate streamflow forecasting in these snow-dominated

watersheds, especially post-disturbance. While these assessments clarified which water balance
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variables were strong drivers of streamflow metrics, the takeaways were limited to two
watersheds dominated by mixed forest species, with whitebark pine only comprising 38%
(Upper Wind River) and 18% (Buffalo Fork) of each watershed. Therefore, acquiring streamflow
data in a watershed dominated by whitebark pine, coupled with the integration of a hydrologic
model, was needed to offer a better understanding of how whitebark pine forests affect
streamflow.

In Chapter Three, I examined the impact of increasing tree mortality on water balance
variables and streamflow in Beehive Basin, a whitebark pine-dominated watershed in Big Sky,
Montana. Using one year of streamflow field data from 2022 and the same hydrologic model
used in Chapter Two, I simulated five mortality levels by reducing Leaf Area Index (LAI) by 0%,
25%, 50%, 75%, and 90%. I analyzed changes in maximum snowpack, snowmelt characteristics
(sum of snowmelt and snowmelt rate), soil moisture, and streamflow metrics (annual flow, peak
magnitude and timing, and late summer flow) for each level one-year post-disturbance. Results
showed no substantial differences in maximum snowpack or snowmelt across any mortality
levels, while soil moisture, annual flow, and late summer flow notably increased only at the 90%
mortality level. Given the typical nature of whitebark pine mortality from beetle outbreaks and
white pine blister rust, whitebark pine mortality levels of 25-50% may better reflect one-year
post-disturbance hydrologic impacts than levels exceeding 50%. My lack of notable differences
in hydrologic processes at the 25-50% mortality levels suggests that whitebark pine mortality did
not substantially impact streamflow or snowpack in Beehive Basin. This contradicts the
traditional assumption that whitebark pine plays a major role in protecting snowpack and

prolonging streamflow. However, my finding applies to only open watersheds like Beehive Basin
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(30% forest cover) where trees have a limited influence on the water budget (evapotranspiring
only 20% of precipitation). Additionally, my sensitivity analysis modelled tree mortality impacts
for only one year and did not account for multi-year compounded tree mortality or regeneration,
thus limiting my findings to short-term effects. Future research could investigate longer-term
impacts (5-15 years post-disturbance) and incorporate regeneration dynamics, as well as species
differences in water usage.

The management implications described across the three chapters underscore the intricate
relationship between forest disturbances, such as beetle outbreaks and wildfires, and streamflow
dynamics. In the Upper Wind River, where a beetle outbreak affected 53% of the watershed,
notable increases in annual flow, peak flow, and late summer flow were observed post-beetle.
This temporary surge in water availability can help mitigate drought effects and support aquatic
ecosystems reliant on cold water conditions, such as western trout fisheries. However, caution is
warranted considering the heightened flood risk associated with higher peak flows. Furthermore,
initial flow increases may lead to overall declines over time due to vegetation regrowth in the
understory, suggesting that water resource managers must adopt a long-term perspective when
assessing the impacts of forest disturbance on streamflow. While fire and beetle mortality had
less discernible impacts on streamflow in the Buffalo Fork, the interplay of spatiotemporal
characteristics between various disturbances (e.g. fire extent and severity and beetle outbreak
severity and duration) emphasizes the need for research into the combined impacts of different
disturbances. Chapter Two underscores the pivotal role of precipitation and snowpack dynamics
in influencing streamflow characteristics, particularly in high-elevation, snow-dominated

watersheds. Given that snowmelt contributes up to 80% of annual streamflow in mountainous
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regions across the western U.S., precise monitoring and forecasting of snowpack dynamics are
essential for water resource management. Forest management strategies should prioritize
snowpack conservation by implementing moderate forest thinning practices that would maximize
snowpack protection, especially as climate change projections suggest an increase in rain events,
accelerated snowmelt, and earlier peak flow events. Lastly, part of Chapter Three explores the
management implications of whitebark pine mortality on water resources, particularly soil
moisture and late summer flow. Increased soil moisture from tree death offers potential benefits
for whitebark pine regeneration, especially in high-elevation forests with low water holding
capacity. This could also accelerate post-disturbance recovery like wildfire and enhance drought
resilience. However, it is important that forest managers consider the risks, such as increased
susceptibility to disease, flooding, and erosion. Effective management strategies will need to
balance these trade-offs. This may involve thinning dense stands to regulate soil moisture or
promoting fire regimes through prescribed burns to favor whitebark pine, which can outcompete
shade-tolerant species in such conditions.

While the daily hydrologic model used in Chapters Two and Three produced valuable
results, future research can provide greater insights into the long-term impacts of forest
disturbances on streamflow. Using process-based models that include snow energy balance
components can better account for differences in canopy and ground sublimation, shading of
individual trees, snowmelt driven by tree radiation, and slope and aspect effects on snowmelt.
Additionally, using Leaf Area Index (LAI) at a higher spatial resolution (beyond watershed
averages) and incorporating species-specific water use and succession patterns could improve

model accuracy. Conducting sensitivity analyses over extended timeframes (5 — 20 years) can
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also capture the evolving dynamics of streamflow regimes after disturbances. Accounting for
these factors will be crucial for obtaining a more robust understanding of the long-term impacts
of forest mortality on streamflow, especially in the face of anticipated increases in forest

disturbances.
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CHAPTER ONE

CHANGES IN STREAMFLOW METRICS AFTER FOREST

DISTURBANCE AT THE WATERSHED SCALE

Summary

Tree mortality rates across the western U.S. are increasing as disturbances, such as
wildfires, insect outbreaks, and drought, have become more frequent and greater in magnitude in
recent decades (van Mantgem et al. 2009; Stanke et al. 2021; McNellis et al. 2021). Because
trees influence hydrologic processes through shading, evapotranspiration, and snow retention,
tree mortality raises concerns about impacts on water resources, particularly considering the
concurrent decline in freshwater availability (Siirila-Woodburn et al. 2021). Studying streamflow
response after disturbance events at the watershed scale can inform water resource management
as it provide insights into how trees affect water availability and timing. Therefore,
understanding the relationship between disturbed forests and streamflow at the watershed scale is
critical for informed decision-making to ensure sustainable water resource management.

In Chapter One, I investigated how streamflow changed following forest disturbance
using 20 years of daily streamflow data from two Wyoming watersheds that contained whitebark
pine (Pinus albicaulis Engelm.): the Upper Wind River watershed, where 53% of the area was
affected by a beetle outbreak, and the Buffalo Fork watershed, where a combined 53% of the
area was affected between a beetle outbreak and fire. The Upper Wind River watershed
experienced significant increases in the following streamflow metrics across the 14-year post-

disturbance period: annual runoff-efficiency (Q/P), peak flow magnitude, and late summer Q/P
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(August—September). The timing of peak flow did not significantly change. These increases in
streamflow metrics likely resulted from reduced transpiration and reduced canopy cover, leading
to increased snow accumulation post-disturbance and more water supply for streamflow.
Therefore, when a watershed is solely afflicted by a large-scale bark beetle outbreak, water
supply may temporarily increase, which is especially advantageous during late summer droughts.
However, the increase in streamflow raises concerns about hydrologic instability, with
potentially "flashier" responses resulting in higher peak flows and increased flood risk.

Conversely, streamflow metrics did not significantly change post-disturbance for the
Buffalo Fork watershed. This lack of change can be attributed to the limited spatial extent of the
2012 fire (16% of watershed area) and the temporal extent of the pre-disturbance period (2003-
2011), which may have encompassed post-beetle effects (beetle mortality peaked in 2009). Thus,
the beetle mortality in the pre-disturbance period may have negated any detectable differences in
streamflow when compared to the post-disturbance period (2013-2022). Since this study focused
on potential post-fire effects, further research is needed on streamflow response to the

spatiotemporal interactions between a fire and beetle outbreak.

Introduction

Hydrologic Role of Forests

In high-elevation, snow-dominated forests, trees influence hydrology by affecting
evapotranspiration, snow accumulation, and snowmelt (Varhola et al. 2010). These processes, in
turn, affect the timing, quality, and quantity of available water for downstream ecosystems. In

western North America, up to 80% of annual streamflow originates from snowmelt (Stewart et al.
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2005). Therefore, the extent to which forests affect transpiration and snowpack can significantly
alter water availability and seasonal streamflow dynamics.

As climate change effects intensify, additional factors that influence hydrologic processes
and forests must be considered. Warming temperatures have led to reduced snowpack levels
(Pederson et al. 2010), earlier snowmelt (Mote et al. 2005; Knowles et al. 2006), and an
increased frequency of high-severity wildfires, extended droughts, and pathogen infestations, all
of which have contributed to a widespread increase in forest mortality (Westerling et al. 2006;
Raffa et al. 2008; van Mantgem et al. 2009; Stanke et al. 2021; McNellis et al. 2021). Mortality
events in western U.S. montane forests also affect the seasonality of streamflow. With warming
temperatures and snowpacks melting earlier in the season, several studies have observed earlier
peak flows (Stewart et al. 2005), larger peak flows (Hostetler et al. 2021), and lower summer and
fall baseflows (Rood et al. 2008). Projections for the western U.S. suggest that tree mortality will
continue to increase as snowpack declines due to a shift from snow to rain, potentially leading to
a 25% decrease in snow water equivalent (volume of water in snow) by 2050 (Musselman et al.
2020; McNellis et al. 2021; Siirila-Woodburn et al. 2021). Therefore, the timing and volume of
future water availability will not only be affected by changes in climate, but also by how forests

respond to climate change and in turn influence hydrologic processes.

Relationship Between Trees and Evapotranspiration

Evapotranspiration (ET) plays a pivotal role in dictating hydrology in western U.S.
forests (Bales et al. 2006). In the northwestern contiguous U.S., evapotranspiration returns 40-
67% of annual precipitation back to the atmosphere (Paulson et al. 1991), and in the Greater

Yellowstone Area, evapotranspiration returns 37% of annual precipitation (Hostetler et al. 2021).
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Evapotranspiration, which encompasses both transpiration and evaporation, depends on
vegetation type and plant physiology, leaf area index, climatic patterns, and diurnal and seasonal
cycles (Liu et al. 2003; LaMalfa et al. 2008; Oishi et al. 2010). In forested areas, transpiration
exceeds evaporation rates and is the primary contributor to evapotranspiration water loss
(Schlesinger and Jasechoko 2014). A key component dictating ET rates is subsurface plant-
accessible water storage, or the amount of water accessible to plant roots. Conifer trees in the
western U.S., which have deeper root systems compared to other plants, tend to sustain high
transpiration rates throughout the growing season, even during seasonal dry periods and drought
conditions (Rungee et al. 2018). Evaluating ET becomes more complex when considering
canopy characteristics. As trees transpire water back to the atmosphere, they simultaneously
decrease ground evaporation via shade and decrease ground sublimation of snow via wind

protection (Marks et al. 2002; Broxton et al. 2015).

Relationship Between Trees and Snowpack

Trees can increase snow retention by providing shade and wind protection (Montesi et al.
2004; Tomback et al. 2016), thus prolonging higher streamflow. Alternatively, trees can also
reduce snow accumulation and streamflow through canopy interception (the portion of
precipitation that is caught by needles and branches) (Gelfan et al. 2004; Broxton et al. 2020) and
canopy sublimation (evaporation of snow in the canopy) (Strasser et al. 2008; Sextone et al.
2016). The processes that contribute to snow accumulation, snowmelt, and streamflow occur
simultaneously and vary widely across stands of different densities and conditions, making the

partitioning of precipitation challenging to measure and predict (Goeking and Tarboton 2020).
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In forests with extensive mortality, ground snowpack initially increases due to less
canopy interception of snow (Moore 1997; Broxton et al. 2020; Krogh et al. 2020). However,
snowpack retention can vary depending on stand characteristics. Several studies found that lower
stand densities (less canopy cover) can reduce snowpack retention due to less shading and
increased total sublimation (sublimation on the ground and in the canopy) (Gelfan et al. 2004;
Winkler et al. 2015; Roth and Nolin 2016; Sun et al. 2018). In contrast, one study found that in a
bark beetle-infested stand with less canopy cover, snowpack retention increased due to total
sublimation decreasing (Frank et al. 2019). Results from that study suggest canopy sublimation
(loss of snow held in branches) in this high-elevation spruce-fir forest contributed more heavily
to total sublimation (canopy and ground sublimation) than ground sublimation. Despite
additional studies observing inconsistent trends in snowpack accumulation in response to
disturbances (Pugh and Small 2011; Harpold et al. 2014), prevailing research suggests that forest
canopies strongly determine how much snow accumulates on the ground (Svoma 2017,

Schneider et al. 2019).

Relationship Between Trees and Streamflow

Streamflow, or water yield, is directly linked to the concurrent processes of
evapotranspiration, snowpack accumulation, and snowmelt. Streamflow is widely assumed to
increase in response to severe forest mortality events (Adams et al. 2012; Zhang et al. 2017), as
seen in forest stands that experience harvest operations (Stednick 1996), high-severity wildfires
(Wine et al. 2018), widespread pathogen infections (Bladon et al. 2019), or significant bark
beetle infestations (Bearup et al. 2014). These increases in streamflow can be attributed to fewer

trees evapotranspiring and intercepting precipitation, thus resulting in a greater percentage of
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precipitation available for runoff. Conversely, other studies have revealed either reductions or no
significant changes in streamflow following a disturbance (Somor 2010; Bierdman and Harpold
2014; Bierdman et al. 2015; Ewers et al. 2015; Wehner and Stednick 2017; Goeking and
Tarboton 2022). Decreases in streamflow post-disturbance can be attributed to increased total
sublimation, increased transpiration from rapid understory regeneration, and increased
evaporation due to less canopy shading (Morillas et al. 2017). As these studies show, forest cover

and canopy condition can result in divergent streamflow responses.

Leaf Area Index as Proxy for Forest Disturbance Effects on
Streamflow

Leaf Area Index (LAI) can be used to quantify broad-scale forest disturbance effects on
evapotranspiration (ET), and in turn streamflow, as a proxy for photosynthetic activity and plant
water consumption (Fang et al. 2019). More specifically, LAI estimates vegetation health as it
measures the total surface area of live leaves per unit ground area. Because LAI is a metric of
live leaf cover, it can be used to represent the quantity of evapotranspiring vegetation that varies
with canopy cover and conditions. LAI can also be used to estimate water transpiration and
interception rates of both rain and snow (Bulcock and Jewitt 2010). After a disturbance, changes
in LAI suggest shifts in ET, which may vary depending on the timing, severity, and duration of
the disturbance event as well as the subsequent recovery of vegetation post-disturbance. Thus,
changes in LAI are expected to be correlated with changes in ET that can have cascading effects
on hydrologic processes like streamflow. However, the strength of the relationship between LAI
and streamflow can vary depending on the study system. For this reason, in Chapter One, |
determined if there was a relationship between LAI and streamflow metrics. In Chapter Two, I

evaluated the utility of LAI to improve estimates of evapotranspiration and canopy effects in a
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hydrologic model. Lastly, in Chapter Three, I conducted a sensitivity analysis of varying LAI as
a proxy for mortality to identify how snowpack and streamflow metrics were affected in

response to different mortality levels in a whitebark pine dominated watershed.

Streamflow Response: Runoff Efficiency Ratio (Q/P), Peak
Flow, and Late Summer Q/P

On an annual basis, the water balance equation states that P=ET + Q where P = annual
precipitation (mm), ET = annual evapotranspiration (mm), and Q = annual streamflow (mm).
This water balance equation provides a quantitative framework for understanding the partitioning
of precipitation (P) between evapotranspiration (ET) and streamflow (Q). ET is the process by
which water is transferred from soil to the atmosphere through evaporation and transpiration by
vegetation. Q is the amount of water that leaves a watershed as streamflow. This equation
assumes no net changes in soil moisture from one year to the next, which is reasonable in snow-
dominated watersheds where the maximum annual snowpack exceeds the water holding capacity
of the soil.

Runoff Efficiency Ratio. One key metric used to explore the partitioning of water is the

annual ratio of streamflow to precipitation (Q/P), also known as the runoff efficiency ratio. This
ratio is useful for examining the impacts of tree mortality on streamflow (McCabe and Wolock
2016). Typically calculated at the water year scale (October 1 — September 30), Q/P quantifies
the proportion of precipitation that is partitioned into streamflow over a complete annual
hydrological cycle. By comparing Q/P before and after a forest disturbance event, one can
quantify how vegetation influences water partitioning on an annual basis while accounting for
differences in precipitation (Goeking and Tarboton 2022). In an undisturbed watershed, healthy

trees and vegetation can significantly reduce Q/P, indicating that a greater proportion of



precipitation is being evapotranspired rather than running off into streams. This is primarily due
to vegetation transpiring and intercepting precipitation (Yue et al. 2021). Conversely, the loss of
vegetation can lead to an increase in Q/P due to reduced transpiration. Evaluating long-term
trends in Q/P can provide insights into the ongoing effects of tree mortality on streamflow and
how these effects can vary across different disturbance types (e.g. fire vs forest disease), leading
to better informed management decisions.

Peak Flow. While Q/P is valuable for assessing changes in the partitioning of water at the
annual timeframe, other streamflow metrics affected by forest mortality include peak streamflow
magnitude (volume) and timing. Peak streamflow is the maximum flow rate typically observed
in late spring or early summer and often triggered by rapid snowmelt in snow-dominated
watersheds. Therefore, understanding the drivers of peak flow is crucial for assessing flood risks
(Wang et al. 2023). Peak flow is additionally important in reservoir management in regions
dependent on water storage to meet domestic and agricultural demands. Reservoirs play a critical
role during high-flow events, temporarily storing surplus water for gradual release during drier
periods, ensuring a dependable water supply (Sordo-Ward et al. 2008).

Late Summer Q/P. Water demand is high and streamflow is at its minimum during the

late summer months of August and September (Mitchell and Stapp 1986). During this period,
human water usage increases for purposes like irrigation, drinking water, and recreation, while
streamflow reaches its annual low due to low precipitation, dry soils, and declining snowmelt
inputs. This combination of factors can result in lower flows, placing stress on aquatic
ecosystems due to higher temperatures associated with lower water levels and lower dissolved

oxygen concentrations essential for cold water fish species (Morales-Marin et al. 2019; Chapra et
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al. 2021). Thus, for some watersheds, late summer flow is a critical management concern, often
barely meeting the needs for fish survival that sustains western trout fisheries (Al-Chokhachy et

al. 2022).

Research Question & Hypotheses

To better understand how streamflow responds to forest disturbance at the watershed
scale, Chapter One evaluated how streamflow metrics (annual Q/P, peak flow magnitude and
timing, late summer Q/P) changed before and after two forest disturbances (beetle outbreak and a
beetle outbreak + fire) at two watersheds in Wyoming. Following disturbance, I first
hypothesized that in each watershed, the annual runoff efficiency (Q/P) would increase due to
reduced evapotranspiration (ET) resulting from a decrease in live trees. Second, I hypothesized
that in each watershed, the magnitude of peak flow would be higher and occur earlier due to
faster snowmelt rates associated with less snowpack protection from reduced tree cover
(decreased shading). Third, I hypothesized that in each watershed, late summer Q/P would
increase due to reduced transpiration and reduced canopy cover leading to increased snow
accumulation, providing additional water later into the growing season. Lastly, I hypothesized
that the Leaf Area Index (LAI) would decrease because of higher tree and shrub mortality rates

following fire and beetle mortality (Table 1).
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Disturbance | Annual | Peak Flow | Late Leaf Area | Rationale
Q/P (Magnitude | Summer | Index
and Q/pP (LAI)
Timing)
Upper Wind | Increase | Higher, Increase | Decrease | Q/P will increase due to
River (53% earlier in reduced evapotranspiration
area affected spring (ET) resulting from a decrease
by beetle in live trees (lower LAI). Peak
outbreak) flow will increase and occur
Buftalo Fork | Increase | Higher, Increase | Decrease | earlier due to faster snowmelt
(53% earlier in rates associated with less
area affected spring snowpack protection from
by beetle reduced tree cover (decreased
outbreak and shading). Late summer Q/P
fire) will increase due to reduced
transpiration and increased
snow accumulation, providing
additional water later into the
growing season.

Table 1. Hypotheses for how streamflow metrics and Leaf Area Index will respond to a forest

disturbance.

Methods

I selected two Wyoming watersheds in the Greater Yellowstone Ecosystem to evaluate

how streamflow metrics changed in response to a disturbance event. Forest vegetation cover

estimates were assessed using satellite-derived Leaf Area Index (LAI) from Google Earth

Engine, streamflow was derived from existing United States Geological Survey (USGS)

streamgages, and climate data were from Daymet (Thornton et al. 2022). I compared differences

in annual Q/P, peak flow rate, late summer Q/P, and LAI between the pre- and post-disturbance

periods in each watershed.




11

Study Sites

I selected watersheds using the following criteria: watersheds were in the Greater
Yellowstone Ecosystem (GYE), experienced a disturbance after 2000, had USGS streamgages
installed within the watershed with 20 or more years of daily streamflow observations, and
comprised of forest stands containing whitebark pine. Whitebark pine was chosen for its critical
role in high-elevation hydrology and its importance for analyses in Chapter Three. The two
watersheds selected were the Upper Wind River watershed and the Buffalo Fork watershed,
which consisted of 38% and 18% of whitebark pine stands, respectively (Figure 1).

During the 2003-2016 bark beetle outbreak in the Greater Yellowstone Ecosystem, 2009
was observed to have the highest tree mortality for both the Upper Wind River and Buffalo Fork
watersheds according to U.S. Forest Service National Insect and Disease Detection Surveys
(Hicke et al. 2020). Thus, for the Upper Wind River, 2009 marked the first year of the post-
disturbance period as it captured the maximum impact of the beetle infestation. In the 2003-2008
pre-disturbance period, the Upper Wind River watershed experienced beetle mortality across 123
sq. mi. (53% of watershed area) (Table 2). For the Buffalo Fork watershed, due to a 52 sq. mi.
fire (16 % of watershed area) occurring in 2012, 2013 marked the first year of the post-
disturbance period to account for both beetle and fire impacts. The year of the fire (2012) was
excluded from the analyses to focus on distinct pre- and post-disturbance effects. Therefore, in
the 2003-2011 pre-disturbance period, the Buffalo Fork watershed experienced beetle mortality
across 143 sq. mi. (44% of watershed area) (Table 2). About 23 sq. mi. were afflicted by both
beetle and fire mortality, resulting in a combined area of 172 sq. mi. (53% of the watershed area)

that was affected by beetle or fire mortality.
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Figure 1. Inset map shows boundaries of the Greater Yellowstone Ecosystem (GYE) (red) and the
two study watersheds (blue) in Wyoming. Detailed map depicts the two study watersheds on
Landsat true color image. Sites were selected for assessing streamflow response to disturbances
within the GYE. Both the Upper Wind River and Buffalo Fork watersheds experienced beetle
mortality, with the Buffalo Fork additionally experiencing a fire in 2012.

Watershed ~Drainage = Avg. Avg. | Avg. | Disturbance Area Pre- Post-
Area(sq. = Annual Min.  Max. | Type & Timing  Affected disturbance | disturbance
mi.) Precip. = Temp @ Temp (sq. mi.) Period Period
(mm/yr)  (°C)  (°C) (%)
Upper 232 622 -5.1 7.9 Bark Beetle 123 (53%) 2003-2008 | 2009-2022
Wind (2003-2016)
River
Buffalo 323 815 -5.1 8.2 Bark Beetle 172 (53%) 2003-2011 | 2013-2022
Fork (2003-2016)
and Fire (2012)

Table 2. Summary of the Upper Wind River and Buffalo Fork watersheds including drainage
area, climate, disturbance type and duration, area affected, and disturbance period delineation.
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Data Sources

USGS Streamflow Data. Widely utilized in numerous hydrological studies across the

U.S., the USGS streamgage network offers a robust dataset for conducting comprehensive
hydrological analyses with proven accuracy and reliability (Corbet 1943; Rantz 1982). By using
continuous daily streamflow measurements provided by USGS streamgages, one can analyze
hydrological patterns and assess the impacts of climate variability on streamflow dynamics in
different watersheds. The Upper Wind River and Buffalo Fork watersheds were each equipped
with a USGS streamgage providing data from 2001 to present, which coincides with the period
of satellite-derived LAI from the MODIS instrument on the Terra satellite (Myneni et al. 2015)

(Table A-1).

Daymet Climate Data. Daymet climate data are high-quality, daily gridded interpolated
datasets with a 1 km resolution derived from various sources, including weather stations,
satellites, and climate models. Daymet data have demonstrated accuracy and reliability in
numerous watershed studies (Muche et al. 2020), and the data include a wide range of
meteorological variables such as temperature, precipitation, humidity, radiation, and wind speed.
In Chapter One, I used Daymet to calculate climate averages (annual precipitation, annual
maximum and annual minimum temperatures) for both the Upper Wind River and Buffalo Fork
watersheds.

To ensure reliability of Daymet climate data for this study, I extracted daily maximum
and minimum temperatures from four weather stations within the Buffalo Fork watershed. I then
compared daily data from 1981-2022 to corresponding data from the gridded Daymet data at the

same locations. My comparison revealed a very strong relationship with high daily coefficients
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of determination (R?) with low bias (slope and offset) for daily maximum and minimum
temperatures, ranging from 0.93 to 0.99 R? respectively. These results affirm the reliability of
temperature data from Daymet (Table A-2). Daily precipitation from Daymet was not as strongly
correlated with precipitation measured at weather stations, with R? ranging from 0.54 to 0.87.
The lower correlations between precipitation data from Daymet vs. the weather stations reflect
the inherent challenges of predicting snow and rainfall amounts across microclimates, elevation
gradients, and variable topography (Mallakpour et al. 2022). However, on the monthly and
annual basis, precipitation was also very strongly related to precipitation measured at weather
stations (0.94 monthly R? and 0.98 annual R?).

In high-elevation watersheds, precipitation and temperature vary according to lapse rates
that explain cooler temperatures and higher precipitation at higher elevations (Tercek et al.
2021). To determine the number of Daymet grid cells needed to adequately characterize the
range of climate across the elevation gradients, I compared average precipitation values from
three Daymet grid cells vs. 100 Daymet grid cells for each watershed. The three Daymet grid
cells were chosen to represent a low, medium, and high-elevation while the 100 Daymet grid
cells were randomly selected. My analysis revealed a high correlation between averaged
precipitation at three cells vs. 100 cells, with a R? of 0.99 for the Upper Wind River and 0.98 for
Buftalo Fork (Figure A - 1). This finding confirms that the average precipitation values from
three grid cells closely aligned with those derived from 100 grid cells and thus offers a more
time-efficient approach, providing a sufficient representation of climate variability using just

three grid cells.
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I used the watershed average precipitation with USGS streamgage flow records to
evaluate Q/P ratio and other climate patterns, trends, and relationships between climate variables
and hydrological processes. These climate and flow records were also used for hydrologic

modeling discussed in Chapter Two.

Leaf Area Index. The Leaf Area Index (LAI) was derived from the Moderate Resolution

Imaging Spectroradiometer (MODIS) in the Google Earth Engine (GEE) platform, with
measurements taken every four days since July 4™, 2002. In broadleaf canopies, LAI is
characterized as the green leaf area per unit ground area on one side, while in coniferous
canopies, it is represented as half of the total needle surface area per unit ground area (Myneni et

al. 2015).

Key Hydrologic Response Metrics — Runoff Efficiency
Ratio (Q/P), Peak Flow, Late Summer Flow, and LAI

For each watershed, changes in annual Q/P, peak flow magnitude and timing, late
summer Q/P, and LAI were assessed during the pre- and post-disturbance periods. Standard
hydrologic modeling approaches use millimeters (mm) of daily streamflow from a watershed to
make streamflow quantity directly relatable to precipitation, which is also measured in units of
depth (mm). Thus, each metric was calculated as:

o Runoff efficiency ratio (Q/P) was computed as the annual sum of streamflow (Q) (mm)

divided by the annual sum of precipitation (P) (mm) for each water year (Oct 1 — Sept
30M).
e Peak flow magnitude and timing were determined by extracting the highest streamflow

value (mm) and its corresponding date (day of year) for each water year.



16

e Late summer (Q/P) was calculated as the sum of daily streamflow (mm) in August and

September divided by the annual sum of precipitation (mm) for each water year.
o LAI was spatially averaged across the entire watershed and interpolated to the daily scale
using linear regression on a rolling 3-step periodicity. For statistical analyses, LAI was

averaged from June to October and compared between pre- and post-disturbance periods.

Statistical Tests

Prior to analyzing changes in streamflow metrics between the pre- and post-disturbance
periods, water years with more than one month of missing daily streamflow data were excluded,
as was the case in 2010 for Buffalo Fork. Given that the Buffalo Fork fire occurred in August
2012, the 2012 water year was also removed from analyses as that year encompassed both the
pre- and post-disturbance effects. All response metrics used in statistical analyses were first
checked to ensure that the assumptions of normality, equal variance, independence, and absence
of outliers were not significantly violated. If the assumptions were not significantly violated, I
used two-sample t-tests; otherwise, in the case of severe violations, I used the non-parametric
alternative, Mann-Whitney U tests. Each test evaluated significant differences in the mean (t-
test) or medians (Mann-Whitney U test) of streamflow metrics and Leaf Area Index (LAI)
between the pre- and post-disturbance periods, with each year serving as an individual data point.
Significance was determined using a threshold of 0.05. For my correlation analysis, I calculated
the Pearson correlation coefficient between LAI and annual Q/P to assess the strength and

direction of the relationship between vegetation greenness and runoff efficiency.
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Results

Annual Q/P

For the Upper Wind River watershed, the mean Q/P significantly increased by 0.12
between the pre-disturbance (2003-2008) and post-disturbance (2009-2022) periods (p = 0.0016;
95% CI [0.05, 0.18]) (Figure 2). This suggests that an additional 12% of precipitation falling on
the watershed became measurable streamflow. However, for the Buffalo Fork watershed, a two-
sample t-test indicated no significant difference in mean Q/P between the pre-disturbance (2003-

2011) and post-disturbance (2013 -2022) periods (p = 0.98; 95% CI [ -0.10, 0.10]) (Figure 2).

Upper Wind River Watershed Buffalo Fork Watershed
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Figure 2. Boxplots show the distribution of annual runoff efficiency ratios (streamflow [Q] /
precipitation [P]) within each disturbance period for the Upper Wind River watershed (left) and
Buftfalo Fork watershed (right). The solid line within each boxplot represents the median annual
Q/P and the circular unfilled dot represents the mean annual Q/P. Mean Q/P significantly
increased post-disturbance by 0.12 for the Upper Wind River watershed (p = 0.0016; 95% CI

[0.05, 0.18]). However, annual Q/P did not significantly change post-disturbance for the Buffalo
Fork watershed.
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Peak Flow — Magnitude and Timing

In the Upper Wind River watershed, the mean peak flow pre-beetle (2003-2008) was 3.29
mm/d, which significantly increased to 5.26 mm/d post-beetle (2009-2022) (p = 0.0068; 95% CI
[0.64, 3.31]) (Figure 3). The mean timing of peak flow in the Upper Wind River watershed
occurred 6 days later post-beetle as compared to pre-beetle. However, no significant difference

was found in the mean timing of peak flow between these two periods (p = 0.38; 95% CI [-9.68,

22.39]) (Figure 3).
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Figure 3. Boxplots show the distribution of annual peak flow (mm) (left) and timing of annual
peak flow (right) within each disturbance period for the Upper Wind River watershed. The solid
line within each boxplot represents the median peak flow (left) and the median timing of peak
flow (right). The circular unfilled dot represents the mean peak flow (left) and the mean timing
of peak flow (right). The magnitude of peak flow significantly increased post-disturbance by
1.97 mm (p = .0068; 95% CI [0.64, 3.31]) though no significant differences in timing of peak
flow were found post-disturbance.

In the Buffalo Fork watershed, the mean peak flow pre-disturbance (2003-2011) was
10.97 mm, which increased to 11.10 mm post-disturbance (2013-2022). Additionally, the median
timing of peak flow occurred 1.0 day earlier post-disturbance as compared to pre-disturbance

(Figure 4). However, a two-sample t-test (for magnitude) and Mann-Whitney U test (for timing)
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indicated no significant differences in the mean magnitude or median timing of peak flow
between the pre-disturbance and post-disturbance periods (magnitude: p = 0.92; 95% CI [-2.65,

2.90]; timing: p = 0.49; 95% CI [-18.0, 7.0]) (Figure 4).
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Figure 4. Boxplots show the distribution of annual peak flow (mm) (left) and timing of annual
peak flow (right) within each disturbance period for the Buffalo Fork watershed. The solid line
within each boxplot represents the median peak flow (left) and the median timing of peak flow
(right). The circular unfilled dot represents the mean peak flow (left) and the mean timing of
peak flow (right). Magnitude and timing of peak flow did not significantly change post-
disturbance (magnitude: p = 0.78; 95% CI [-2.26, 2.98]; timing: p =0.49; 95% CI [-18.0, 7.0]).

Late Summer Q/P

In the Upper Wind River watershed, the median late summer Q/P was 0.035 pre-
disturbance and increased to 0.039 post-disturbance. Although the increase was slight, it was
statistically significant (p = 0.0087; 95% CI [0.0016, 0.015]) (Figure 5). In contrast, for the
Buffalo Fork watershed, the median late summer Q/P was 0.061 pre-disturbance and decreased
to 0.060 post-disturbance. A Mann-Whitney U test revealed no significant difference in the
median late summer Q/P between the pre- and post-disturbance periods (p = 0.27; 95% CI [-

0.019, 0.0056]) (Figure 5).
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Figure 5. Boxplots show the distribution of averaged late summer Q/P (August — September) for
each disturbance period for the and Upper Wind River watershed (left) and Buffalo Fork
watershed (right). The solid line within each boxplot represents the median late summer Q/P and
the circular unfilled dot represents the mean late summer Q/P. The median late summer Q/P
significantly increased post-disturbance for the Upper Wind River watershed (p = .0087; 95% CI
[0.0016, 0.015]). However, late summer Q/P did not significantly change post-disturbance for the
Buffalo Fork watershed.

Leaf Area Index

In the Upper Wind River watershed, median LAI decreased from 0.92 pre-disturbance to
0.82 post-disturbance. A Mann-Whitney U test showed a significant difference in median LAI
between the pre (2003-2008) and post-disturbance (2009-2022) periods (p = 0.05; 95% CI [-0.12,
-0.01]) (Figure 6). In the Buffalo Fork watershed, mean annual LAI was 1.09 pre-disturbance
and increased to 1.15 post-disturbance. A two-sample t-test did not reveal a significant difference
in mean LAI between the pre- (2003-2011) and post-disturbance (2013-2022) periods (p = 0.14;

95% CI [-0.15, 0.024]) (Figure 6).
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Figure 2. Boxplots show the distribution of averaged Leaf Area Index (LAI) from June to
October within each disturbance period for the Upper Wind River watershed (left) and the
Buffalo Fork watershed (right). The solid line within each boxplot represents the median LAI
and the circular unfilled dot represents the mean LAI. The median LAI significantly decreased
post-disturbance for the Upper Wind River watershed by 0.06 (p = .0044; 95% CI [-0.12, -0.01]).
However, LAI did not significantly change post-disturbance for the Buffalo Fork watershed.

To justify using Leaf Area Index (LAI) in Chapter Two's analyses, I assessed the
relationship between LAI and streamflow by conducting a correlation analysis between annual
average LAI and annual runoff efficiency (Q/P) for both watersheds. Higher LAI typically
indicates greater vegetation cover and increased evapotranspiration, reducing the amount of
water that becomes runoff. A negative relationship is therefore expected between LAI and annual
Q/P. I observed a negative correlation of -0.45 for the Upper Wind River watershed and -0.25 for
the Buffalo Fork watershed across the combined pre- and post-disturbance periods. These results
suggest that there is a negligible to low correlation between LAI and hydrologic processes

(Asuero et al. 20006).
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Watershed Annual Magnitude Timing of Late Summer Leaf Area
Q/P of Peak Flow Peak Q/P (Aug — Sept) Index
Flow
Upper Wind T T T l
River (Beetle) —
(0.0016) (0.0068) (0.38) (0.0087) (0.05)
Buffalo Fork — G G G —
(Beetle & Fire) (0.98) (0.92) (0.49) (0.27) (0.14)

Table 3. Arrows show the direction of each response metric observed post-disturbance based on
statistical significance (p < 0.05). For the Upper Wind River watershed, annual Q/P, peak flow
magnitude, and late summer Q/P significantly increased whereas the Leaf Area Index
significantly decreased post-disturbance. For the Buffalo Fork watershed, no significant
differences were found post-disturbance among all five response variables. P-values are listed
below each arrow to indicate statistical significance at the 0.05 level of confidence.

Discussion

In Chapter One, I compared streamflow metrics (annual Q/P, magnitude and timing of
peak flow, late summer Q/P) and Leaf Area Index (LAI) before and after two forest disturbances
(beetle outbreak and a beetle outbreak + fire) in two Wyoming watersheds to assess changes in
streamflow and vegetation at the watershed scale. Given the reduction in transpiration following
a mortality event, I hypothesized that annual Q/P, peak flow, and late summer Q/P would
increase, peak flow would occur earlier, and LAI would decrease in both watersheds. For the
Upper Wind River watershed, which experienced a beetle outbreak but no fire, I found that
annual Q/P, peak flow, and late summer Q/P significantly increased, LAI significantly decreased,
and the timing of peak flow did not change from the pre-disturbance (2003-2008) to the post-
disturbance (2009-2022) period. In the Buffalo Fork watershed, which experienced both a beetle
outbreak and fire, I found that streamflow metrics and Leaf Area Index did not significantly

change between the pre-disturbance (2003-2011) and post-disturbance (2013-2022) periods.
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Upper Wind River — Beetle Outbreak

Studies have shown that streamflow typically increases following a forest disturbance
caused by a beetle outbreak. This happens because healthy vegetation intercepts some
precipitation, but with reduced cover following mortality, more water reaches the ground and
contributes to streamflow (Pugh and Gordon 2013; Stevens 2017). The loss of vegetation also
reduces transpiration, causing more water to be available to flow into streams (Bosch and
Hewlett 1982).

Following the beetle outbreak in the Upper Wind River watershed, annual Q/P, peak flow
magnitude, and late summer Q/P significantly increased. These results support my hypothesis
that streamflow would increase following tree canopy loss due to decreased evapotranspiration,
more precipitation reaching streams, and greater runoff efficiency (Love 1955; Bethlahmy 1974;
Potts 1984; Zhang and Wei 2012). The significant increase in peak flow quantity can also be
attributed to the loss of tree canopy that previously contributed to snow loss via canopy
interception and sublimation. In subalpine forests, forest canopies can intercept 20% - 30% of
total snowfall (Montesi et al. 2004). Thus, with less canopy interception, more snow likely
accumulated on the ground (Golding and Swanson 1978; Molotoch et al. 2009). The loss of
shade associated with reduced tree cover can also lead to higher rates of snowmelt (Gary and
Troendle 1982; Varhola et al. 2010). Despite this potential impact on snowmelt rate, the timing of
maximum snowmelt rate likely did not change in this study, as inferred by the lack of significant
changes in timing of peak flow. This lack of difference in the timing of peak flow could be
attributed to increased snowpack during the post-disturbance period, resulting in a longer melting
process, or even due to cooler spring temperatures in the post-disturbance period. Thus, further

investigation is needed through hydrologic modelling, as addressed in Chapter Two.
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In the Upper Wind River watershed, late summer flow significantly increased post-
disturbance, supporting my hypothesis that forest mortality reduces transpiration and can
therefore lead to more water contributing to streamflow. Considering that 53% of the watershed
was afflicted by beetle mortality in the pre-disturbance period, my finding of increased late
summer flow post-disturbance can be attributed to the water previously used by living trees
before the disturbance occurred, which is consistent with other studies’ findings (Dunford and
Fletcher 1947; Pike and Scherer 2003; Winkler et al. 2010). Despite several studies suggesting
immediate increases in late summer flow following disturbances, the impact of bark beetle
mortality on streamflow is complex. Streamflow response can vary depending on a variety of
factors, including the severity of the mortality, the type of forest, the climate, and the timing of
mortality relative to seasonal precipitation patterns (Biederman et al. 2015; Slinski et al. 2016).

Lastly, my finding that LAI significantly decreased post-disturbance, coupled with the
correlation of -0.45 between LAI and annual Q/P, supports my hypothesis that LAI can be used
as a proxy for forest disturbance impacts on streamflow. While the relatively modest correlation
value can be explained by cumulative measurement uncertainty in the USGS streamgage data,
Daymet precipitation data, and uncertainty in LAI (Harmel et al. 2006), the negative correlation
was to be expected. As LAI decreases with less live leaf surface area, evapotranspiration
decreases. This results in a smaller proportion of annual precipitation returned to the atmosphere,
an increase in streamflow and, consequently, an increase in Q/P. Thus, these findings justify
using LAI to better explain changes in hydrologic processes as canopy conditions change over

time, which is further investigated in Chapter Two.
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Buffalo Fork — Beetle Outbreak and Fire

For the Buffalo Fork watershed, which experienced both a beetle outbreak and a fire, I
did not find significant differences in annual Q/P, peak flow magnitude and timing, late summer
Q/P, or LAI between the pre- (2003-2011) and post-disturbance (2013-2022) periods. This lack
of differences can be attributed to multiple factors.

First, to additionally account for the effects of the fire that occurred in 2012, the pre-
disturbance period was set as between 2003 and 2011, which was several years after the 2009
peak beetle mortality year. Therefore, because the pre-disturbance period included several years
of mortality beyond the peak beetle year, this likely diminished possible significant differences in
streamflow metrics and LAI between the pre- and post-disturbance period. In other words, the
averaged streamflow or LAI during the pre-disturbance period may have already encompassed
post-beetle mortality effects, making it difficult to detect differences in averaged streamflow or
LAI when compared to the post-disturbance period that continued to encompass post-beetle
mortality effects. Thus, the prolonged duration of the pre-disturbance period could explain why I
did not observe significant differences in streamflow and LAI between the pre- and post-
disturbance periods in the Buffalo Fork watershed. In a similar study by Schneider and
colleagues (2022), researchers found that previously occurring beetle mortality pre-fire was the
underlying cause for observing insignificant changes in streamflow post-fire.

Another potential reason for the lack of differences in streamflow and LAI between the
pre- and post-disturbance periods could be due to the limited spatial extent of the Buffalo Fork
fire. More specifically, the size of the 2012 Buffalo Fork fire compared to the watershed area was
relatively small (16% of the watershed burned), likely rendering the fire’s impact on streamflow

or LAI less noticeable at the watershed scale.
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A third explanation for the lack of differences in streamflow between the pre- and post-
disturbance periods is that other hydrologic processes might have countered the reduction in
transpiration and expected increase in streamflow. For instance, the reduction in canopy cover
could have resulted in increased sublimation of snow from the ground, offsetting the reduction in
transpiration and ultimately resulting in less water flowing into streams (Harpold et al. 2014;
Svoma 2017). Other studies have shown that the transpiration rate of regenerating understory
vegetation post-disturbance can exceed that of pre-disturbance vegetation, further contributing to
reduced streamflow post-disturbance for at least five years (Guardiola-Claramonte et al. 2011;
Biederman et al. 2014; Biederman et al. 2015). These findings imply that factors such as pre-
disturbance condition and recovery post-disturbance rather than only the severity and extent of

disturbance can influence streamflow response (Hallema et al. 2017).

Management Implications

For the Upper Wind River watershed, where 53% of the watershed was afflicted solely by
a beetle outbreak, annual Q/P, peak flow, and late summer Q/P significantly increased post-
disturbance. This finding suggests that water availability may temporarily increase, addressing a
critical need as freshwater resources decline (Mote et al. 2005; Siirila-Woodburn et al. 2021).
Increases in annual flow can help shorten drought periods by prolonging water availability later
into the growing season (Manning et al. 2022). This extended timeframe can provide cold water
for longer periods throughout the late summer, benefiting aquatic ecosystems that rely on low
temperatures as long as the disturbance does not cause other detrimental effects like
sedimentation (Morales-Marin et al. 2019). Streamflow in late summer also plays a pivotal role

in moderating oxygen solubility, directly impacting the welfare of fish populations (Chapra et al.
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2021). Thus, an increase in late summer Q/P may enhance biological conditions for cold-water
aquatic ecosystems but may also help sustain the fishing industry (Al-Chokhachy et al. 2022).
However, multiple studies caution that the initial increases in late summer flows can transition
into decreases over time due to the rapid vegetation growth post-disturbance (Moore and
Wondzell 2005; Perry and Jones 2017; Coble et al. 2020). Water resource managers must
therefore consider other potentially detrimental effects of disturbance as well as the long-term
effects of forest disturbance on streamflow. For example, higher peak flows can increase flood
risk, suggesting that managing for high-flow events for flood mitigation risk may be warranted
(Wang et al. 2023).

At the watershed scale, the management implications of the combined impacts of a beetle
outbreak and fire on streamflow are multifaceted. The Buffalo Fork fire burned 16% of the
watershed, and 44% of the watershed was affected by beetle mortality. However, no significant
differences were observed for annual Q/P, peak flow magnitude and timing, or late summer Q/P
between the pre- and post-disturbance periods. This was attributed to a combination of the small-
scale of the fire and the temporal selection of the disturbance periods (i.e. substantial beetle
mortality in the pre-disturbance period may have negated any detectable differences in
streamflow when compared to the post-disturbance period). These findings highlight the
complex interactions of different forest disturbances and their variable influence on streamflow,
which may depend on the spatiotemporal extent of streamflow analysis. One study suggests that
small-scale fires have minimal impacts on post-fire streamflow at the watershed scale and may
not warrant management concern (Havel et al. 2018). However, literature on the combined

effects of fire and beetle mortality on streamflow remains limited. Therefore, further research is
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needed on the compounding effects of fire and beetle mortality on streamflow, including
considerations of severity, size, and the temporal intervals between these disturbances.
Addressing this knowledge gap is crucial to make adaptive management decisions when

planning for anticipated future disturbances of different types.

Conclusion

In conclusion, streamflow response to forest disturbance is contingent on the type, extent,
and severity of disturbance. While a small-scale fire and beetle outbreak did not yield detectable
changes in streamflow metrics, suggesting a need for additional research on the compounding
effects of different disturbances, a large-scale beetle outbreak coincided with significant
increases in annual runoff efficiency (Q/P), peak flow magnitude, and late summer Q/P at the
watershed level. While these increases in streamflow may temporarily increase available water
supply, they also introduce the potential for hydrologic instability, characterized by a "flashier"
response due to higher peak flows and increased risk of flooding, erosion, and sedimentation.
Furthermore, because changes in streamflow were assessed using only precipitation and
streamflow data, additional research is needed to identify the cause of changes in streamflow,
including variation in temperature that controls evapotranspiration and snowmelt rates. Using a
water balance approach that incorporates additional hydrologic processes, as well as seasonal
dynamics of snow accumulation, melt, and evapotranspiration via Leaf Area Index, can provide a
better and more nuanced understanding of the causes of observed hydrologic shifts in disturbed

landscapes.
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CHAPTER TWO

DRIVERS OF STREAMFLOW BEFORE AND AFTER

DISTURBANCE

Summary

In Chapter Two, I used a daily hydrologic model to better understand the drivers of
streamflow before and after disturbance for the Upper Wind River (beetle outbreak) and Buffalo
Fork (beetle outbreak and fire) watersheds assessed in Chapter One. To improve model
performance, I made several adjustments to account for the effects of forest cover on streamflow.
[ used Leaf Area Index (LAI) to adjust three model parameters (potential evapotranspiration,
canopy interception, and degree day melt factor) to include effects of leaf area on
evapotranspiration, canopy sublimation and evaporation (canopy loss), and shade on snowmelt.
With these additional improvements, model accuracy of predicting streamflow improved
substantially, with the Nash-Sutcliffe Efficiency increasing by 29% in the more dramatically
disturbed Upper Wind River most notably.

After incorporating LAI adjustments to the model to account for canopy disturbance
effects on ET, canopy sublimation, and melt, I calibrated the hydrologic model to measured
USGS streamflow data from water years 2003-2022 for both watersheds. I investigated which
water balance variables were the most influential drivers of annual flow, peak flow magnitude
and timing, and late summer flow (August — September) pre- and post-disturbance using linear

models. I also assessed any significant differences in water balance variables between the pre-
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and post-disturbance periods that could explain significant changes observed in streamflow in
Chapter One.

Trees can strongly influence streamflow through shading, evapotranspiration, and snow
retention. Disturbance effects on forest condition are therefore expected to alter the hydrologic
cycle. For both the Upper Wind River and Buffalo Fork, I hypothesized that a combination of
snowmelt volume and timing, actual evapotranspiration (AET), and soil moisture would most
strongly influence streamflow and drive changes in streamflow post-disturbance. While AET
decreased following the beetle outbreak in the Upper Wind River, I found that that the increase in
streamflow post-beetle was more attributed to a 15% increase in precipitation rather than the 6%
reduction in AET. Furthermore, I found that snowpack dynamics (maximum snowpack, sum of
snowmelt) were the strongest drivers of streamflow metrics for both the Upper Wind River and
Buffalo Fork, suggesting that tree-specific processes (AET, canopy interception, shading of
snowpack) were not the primary drivers of streamflow in these snow-dominated watersheds as
was previously expected. This was especially evident for the Buffalo Fork where canopy
interception and AET accounted for 14% and 35% of runoff respectively across the entire study
period. These relatively small proportions suggest that changes in AET and canopy interception
due to forest disturbance would in turn yield small changes in streamflow. Thus, for snow-
dominated watersheds where ET does not comprise a large portion of the water budget, water
resource managers should prioritize monitoring and modeling snow dynamics to better forecast

changes in streamflow in real time and in the future under climate change scenarios.
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Introduction

Background

In Chapter One, I investigated how streamflow metrics (annual Q/P, magnitude and
timing of peak flow, late summer Q/P during August-September) changed after two disturbances
(beetle outbreak and beetle outbreak and fire) in two Wyoming watersheds. In the Upper Wind
River watershed, which experienced 53% beetle mortality, there were significant increases in
annual runoff efficiency (Q/P), magnitude of peak flow, and late summer Q/P post-disturbance.
In the Buffalo Fork watershed, where 53% of the watershed was affected by beetle mortality and
fire, streamflow metrics did not significantly change post-disturbance. Although Chapter One
highlighted changes in streamflow following disturbance, the specific processes driving
streamflow responses remained unclear.

To better understand the underlying causes of changes in streamflow, it is necessary to
account for the many processes that affect the partitioning of precipitation into
evapotranspiration (ET), sublimation, and streamflow within a watershed. Some physical
processes are fixed, such as the soil water holding capacity, which partly determines how much
water is retained for transpiration and the proportion of annual precipitation that contributes to
streamflow. Other hydrologic processes are seasonal and can vary over time due to growth and
disturbance. For example, transpiration is higher during the growing season, canopy sublimation
of snow can account for 20-30% of precipitation in a subalpine forest (Montesi et al. 2004), and
rainfall interception can vary between 10-50% of annual rainfall depending on canopy
characteristics (Carlyle-Moses and Gash 2011). Therefore, to account for fixed and seasonally

varying processes that affect streamflow, a modelling approach is needed.
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Hydrologic Model Overview

At the watershed scale, components of the hydrologic cycle impacted by disturbance are
difficult to measure, such as sublimation, snowmelt, and evapotranspiration. To address these
challenges, various tools, including satellite imagery, gridded climate datasets, hydrological
process models, and streamgage records, are used here to estimate important seasonal hydrologic
processes. These tools are necessary because watershed-scale processes are especially
challenging to measure in remote settings and at broad spatial scales like the large watersheds in
the Greater Yellowstone Ecosystem (GYE).

Hydrologic models are powerful tools that can assess changes in the partitioning of
precipitation at the daily scale. In a water balance context, the major input of water into a system
includes precipitation in the form of snow or rain. Outputs include evapotranspiration and
streamflow, which can be separated into quick flow (rapid runoff including immediate surface
runoff into streams) and slow flow (slower runoff to streams that often involves subsurface flow
through soil). Water is additionally held and moved through a watershed through soil moisture,

snowpack storage, and snowmelt runoff (Figure 7).
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Figure 7. Schematic of the hydrologic model, showing how precipitation and temperature
interact to determine the outputs of water.

Empirical, lumped models, like the one used in this study, do not explicitly represent the
spatial variation in physical processes that occur within the watershed but instead aggregate
various parameters into more simplified representations. More specifically, lumped hydrologic
models treat an entire watershed as a single entity and assume homogeneity across the landscape.
Despite these simplifications, empirical models have proven to be efficient tools for evaluating
effects of forest disturbances on streamflow. These models offer greater ease of use and provide
accurate results that are often as good as those compared to physically based, spatially explicit
models (Tegegne et al. 2017). Empirical models are especially useful when they can be
calibrated against measured streamflow at the watershed scale. The calibration on a daily time-
step helps ensure that seasonal processes like snowmelt and evapotranspiration are parameterized

correctly in the model.
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Hydrologic models can also help resolve fine-scale mechanistic processes on a seasonal

basis that cumulatively affect annual flow, magnitude and timing of peak flow, and late summer

flow. This improves understanding of the seasonal processes that are most important to the

annual water budget. An overview of the major processes and how they are handled in the

hydrologic model is presented here. The daily hydrologic model I modified in this study was

originally developed by Thornthwaite and later modified by Dingman, Lutz, and Tercek

(Thornthwaite 1948; Lutz et al. 2010; Dingman 2014; Tercek et al. 2021). Below are the inputs,

adjustable parameters, and outputs in the model:

Precipitation (P, mm/d) is partitioned into rain or snow, the latter of which accumulates
until temperatures (T, °C) are warm enough for snow to melt. Precipitation is estimated
as the depth of precipitation that falls on the watershed each day.

Temperature (T, °C) is the daily average temperature.

Degree day melt factor (mm/d) is the daily snowmelt when it is warm enough to melt
(Hock 2003).

Jennings coefficient (T50, °C) dictates the temperature threshold for precipitation type.
Any temperature above T50 +3 degrees falls as rain and any temperature below T50 -3
degrees falls as snow (Jennings et al. 2018). Between these thresholds, precipitation is
partitioned linearly between rain and snow.

Growing degree days (GDD, °C) measures heat energy available for plant growth above

a minimum threshold (McMaster and Wilhelm 1997).
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Soil moisture (SM, mm) is the quantity of water stored in the top meter of soil and
treated as a single layer that has a maximum storage defined by its water holding
capacity.
Potential evapotranspiration (PET, mm/d) is the amount of water that could be
evapotranspired with available energy if water was unlimited to a short grass (Oudin et
al. 2005).
Actual evapotranspiration (AET, mm/d) is the loss of water from soil to the
atmosphere via evapotranspiration depending on available soil moisture.
Climatic water deficit (CWD, mm/d) is defined as the amount of additional water
vegetation would use if it was available and is calculated as the difference between PET
and AET (Stephenson 1998).
Runoff (RO, mm/d) is calculated as any water input that exceeds the soil water holding
capacity.
Streamflow (Q, mm/d) is estimated by separation of runoff into quick flow (surface
runoff) and slow flow (base flow) (Figure 8) based on unit hydrograph theory (Jakeman
et al. 1990; Littlewood et al. 1997). Both flows are controlled by parameters a and b,
where b represents the proportion of runoff that becomes streamflow in the first day. In
each subsequent day, runoff contribution to streamflow decays by a fixed proportion,

causing streamflow to decrease exponentially (at a rate determined by a) (Table 4).
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RUNOFF

QUICK | SLOW
a 0.5 0.8

b 0.2 0.12
Totals 0.4 0.6

Table 4. Characterization of quick and slow flow based on the a and b terms. In this example, the
b term sets 20% of runoff as quick flow and 12% of runoff as slow flow on the first day of a
runoff generating event of one unit (mm, cm, or inch). On the next day and following days, the a
term determines how quickly each component decays. In this case, quick flow was 50% of the
first day’s quick flow (20% of runoff), whereas slow flow was 80% of the first day’s slow flow
(12% of runoff). This results in a faster exponential decline in quick flow than slow flow
contribution to total streamflow continues until another precipitation event occurs. In this
example, 40% of runoff became quick flow and 60% became slow flow, thus accounting for
100% of the runoff event.
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Figure 8. Schematic of a unit hydrograph that shows streamflow over time. Streamflow is
separated into quick flow and slow flow in terms of a and b in Table 4.

Hydrologic Model Improvements

Initial exploration with the hydrologic model indicated that it lacked functions describing
potentially important ecohydrological processes that control partitioning of precipitation into
runoff and losses to the atmosphere. For instance, the original model lacked routines for

sublimation and evapotranspiration rates that varied with vegetation condition.
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Numerous studies underscore the role of trees in the hydrologic cycle, primarily through
the processes of evapotranspiration (ET), canopy interception, and shade, as detailed in Chapter
One (Marks et al. 2002; Schlesinger and Jasechoko 2014; Broxton et al. 2015). Trees generally
reduce the amount of precipitation that becomes streamflow via three mechanisms, transpiration,
interception of snow that sublimates back into the atmosphere, or evaporation of intercepted rain.
Alternatively, trees can increase streamflow by reducing evaporation from the ground via
shading and reducing ground sublimation via wind protection. Thus, the role of forest canopy in
the hydrologic cycle is complex, but most effects are related to canopy condition which includes
species assemblage, density, and health (Gelfan et al. 2004; Broxton et al. 2020).

The hydrologic model that I used assumes PET values based on a reference
evapotranspiration derived from well-watered grass, which may not accurately represent forested
ecosystems. Therefore, I implemented an adjustment to PET to account for variation in
vegetation condition that could improve model performance in modelling streamflow. I used
Leaf Area Index (LAI) to adjust PET, which is a proxy for stomatal density in vegetation cover
that regulates transpiration (Bulcock and Jewitt 2010). Leaf area changes with vegetation
composition and with vegetation condition, which makes it sensitive to disturbance. My previous
correlation analysis in Chapter One suggested a discernible negative relationship between
hydrologic processes and LAI following disturbance, which was to be expected since mortality
reduces leaf area and ET, thereby increasing streamflow. This negative correlation further
supports the idea that integrating LAI into the hydrologic model could potentially enhance its

accuracy in modelling streamflow.
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Studies also highlight that canopy interception can alter snow dynamics during
wintertime and even cause summer rain to evaporate without reaching the soil surface (Zabret
and Sraj 2015). However, the rate of winter and summer interception can vary widely. Prior to
this study, it was unknown if this process plays a significant role in the water balance of GYE
watersheds that could affect streamflow. I investigated the role of rain interception in the summer
and snow interception in the winter by incorporating a fractional loss function related to
watershed spatially averaged but temporally varying LAI. This function was determined via
calibration to measured streamflow. To account for loss of shading effects of canopy on
snowmelt, [ increased the degree day melt factor in response to lower LAI, resulting in a higher
melt rate due to reduced shading. The melt rate parameter adjustment was also determined via
calibration to streamflow. Collectively, these modifications could help examine how seasonal
processes affect the major drivers of change in streamflow metrics explored in Chapter One in

response to forest disturbance.

Research Question and Hypotheses

After incorporating model improvements and careful calibration to measured daily
streamflow, [ investigated which water balance variables (Table 5) were the strongest drivers of
streamflow metrics (annual flow, peak flow magnitude and timing, and late summer flow during
August - September) before and after disturbance in the Upper Wind River and Buffalo Fork
watersheds.

Annual Flow (Q). Several studies have highlighted that AET can frequently account for

more than 50% of the precipitation within a watershed across the contiguous U.S., thus reducing

effectiveness of precipitation generation of streamflow by 50% on a water year basis (Reitz et al.
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2017). Therefore, I hypothesized that AET would be the strongest driver of annual flow volume
in both watersheds after accounting for other hydrologic processes, including canopy
interception and soil moisture storage effects on evapotranspiration.

Magnitude & Timing of Peak Flow. The magnitude and timing of peak flow in snow-

dominated watersheds within the GYE are strongly influenced by snowmelt dynamics. The
accumulated snowpack acts as a natural reservoir, storing winter precipitation until sufficient
warming triggers melt. Therefore, I hypothesized that the sum and rate of snowmelt would be the
strongest drivers of the magnitude and timing of peak flow in both watersheds.

Late Summer Flow (Q during August — September). During late summer, streamflow

contribution from snowmelt is controlled by the slow flow decay rate. At this time of year, soils
hold most of the summer precipitation, which is used by vegetation. This results in very little
runoff from rain events in late summer. Thus, I hypothesized that the sum of snowmelt and soil

moisture would be the strongest drivers of late summer flow for both watersheds.

Methods

Hydrologic Model Calibration

Before attempting to make improvements to the model, I first calibrated the hydrologic
model for the Upper Wind River and Buffalo Fork watersheds to characterize initial model
performance in estimating streamflow as a reference point. This reference model performance
could then be used to quantify model improvements when compared against the modified model
that applied new functions that account for vegetation condition affected by disturbance.
Performance evaluation was based on the coefficient of determination (R?) measured at daily,

monthly, and annual water year scales between modelled and measured flow. I also calculated
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the daily Nash-Sutcliffe Efficiency (NSE), which ranges from -oo to 1 with an NSE value of 0.5
or greater being satisfactory (Moriasi et al. 2007). When NSE approaches 1, it signifies that the
timing and magnitude of measured and modelled flow are matched.

Because measuring evapotranspiration (ET) at the watershed scale can be difficult, and
ET can return up to 67% of annual precipitation across the contiguous U.S. (Paulson et al. 1991),
it is necessary to validate modelled ET and ensure that it is estimated accurately. One way to
assess the accuracy of modelled ET is by comparing it to observed ET, which was calculated as
the difference between observed precipitation (P) and observed runoff (Q) at the water year
scale. I made this comparison to assess how hydrologic model adjustments affected the
partitioning of ET in comparison to ET derived directly from field data, thus serving as a means
of ground-truth validation.

My approach to evaluation of measured versus modelled streamflow differs from
conventional practices that involve separating datasets for calibration (adjusting hydrologic
model parameters) and validation (testing model performance with established parameters). Shen
et al. (2022) challenged the need for split-sample calibration and validation steps to determine
model accuracy for prediction. Two lumped conceptual hydrological models were calibrated and
tested across 463 catchments in the United States. The study concluded that calibrating the
hydrologic model to the entire available dataset while bypassing model validation proved to be
the most robust method. This methodology was used in my calibration process, emphasizing that
validation may not always yield substantial improvements in model performance and may be

eliminated to streamline the calibration procedure.
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Hydrologic Model Improvements

After implementing functions to account for disturbance-mediated effects on PET,
canopy interception, and melt rate, I evaluated improvements in model performance based on
increases in daily NSE and R? at daily, monthly, and annual time steps. With the implementation
of each new function, I manually calibrated the model to optimize the NSE and R? between
measured and modelled streamflow. If the implementation of a new function and subsequent
calibration resulted in a stronger relationship between measured and modelled flow assessed as
higher R? and NSE, then the new function was considered an improvement to the initial model.

Potential Evapotranspiration. In my hydrologic model, PET was previously based on

evapotranspiration rates of well-watered grass, also known as the reference evapotranspiration
(ETo). To enhance the applicability of my model across varying canopy conditions, I introduced
an adjustment known as the crop coefficient (Kc). The crop coefficient is a multiplicative factor
applied to the reference ET, enabling the estimation of adjusted evapotranspiration (ETc). For
example, for agricultural crops, Kc can range from 0.3 to 1.1 depending on the timing of the
growing season (Allen et al. 1998). The ETc adjustment is expressed by the formula:

ETc=Kc* ETo
where ETc is the adjusted evapotranspiration (mm/day), Kc is the crop coefficient, and ETo is the
reference evapotranspiration (or PET) based on well-watered grass (mm/day) (Allen et al. 1998).
Adjusting evapotranspiration (ETc) can better reflect dynamic water demands of vegetation in
forested watersheds.

My previous correlation analysis in Chapter One suggested a discernable relationship
between hydrologic processes and Leaf Area Index (LAI). Specifically, when LAI decreased in

the Upper Wind River watershed due to the beetle outbreak, streamflow (annual Q/P, magnitude
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of peak flow, and late summer Q/P) increased. This relationship supports using LAI to calculate
Kc and therefore adjust evapotranspiration (ETc) to enhance the hydrologic model’s accuracy for
modelling streamflow.

To adjust evapotranspiration (ETc), I first calculated Kc by spatially averaging MODIS
LALI across the entire watershed from 2003 to 2022 at the observation frequency of four-day
periodicity. Four-day spatial average LAI was then interpolated to a daily time-step through
linear regression, allowing for the interpolation of three days between each observed LAL I
manually changed LAI to 0 for the three instances of small negative daily LAI values due to
measurement error. Because LAI could not be used directly as a substitute for Kc due to differing
units, [ added a scaling factor to modify the effects of LAI on PET. Thus, Kc was calculated by
the following equation:

Kc=LAI * Sf
where LAI = leaf area index (sum of one-sided green leaf area per unit ground area) and Sf =
scaling factor (adjustable number ranging from 0 to 3 depending on calibration). Each daily Kc
was subsequently multiplied by the corresponding PET value (ETo) to then calculate the adjusted
evapotranspiration (ETc) for that day.

Canopy Interception. I integrated a canopy interception parameter into the hydrologic

model by calculating canopy interception as an adjustable proportion of incoming precipitation.
Intercepted precipitation was returned to the atmosphere via sublimation or evaporation. This
calculation accounted for precipitation in the form of rain or snow separately based on

temperature and the Jenning’s coefficient (temperature threshold that differentiates precipitation



43
between rain and snow; also known as the T50 value). I therefore included two separate
interception factors, one for rain interception and another for snow interception.

On any given day when a precipitation event occurred, the type of interception (rain or
snow) was determined based on the daily temperature and the Jenning’s coefficient (T50). If the
daily temperature was above T50 + 3 degrees, rain interception occurred. If the daily temperature
was below T50 — 3 degrees, snow interception occurred. If the daily temperature was between
the T50 + 3 degrees range, an average between the calculated rain and snow interception
occurred. The methodology for calculating each interception type is detailed further below.

For rain interception, I multiplied the corresponding daily value of LAI with the rain
scaling factor. I used the same approach for snow interception except during the months of
November to March where I used different LAI values. Because LAI values during the winter
months were artificially low, likely due to snow interference on live branches, I could not
directly use winter LAI as a representation of canopy condition. In winter, snow interception is
typically high and can account for 20-30% of precipitation (Montesi et al. 2004), and the
inaccurate low LAI values during the winter would incorrectly represent this interception
capacity. Therefore, in the months November to March, I used the peak LAI value from the
previous summer and multiplied that value by the snow scaling factor. In the summer of 2002 for
both watersheds, I used peak LAI from that same year due because LAI was unavailable prior to
July 2002. The rules I applied for the canopy interception parameter were:

Rain Intercept = Scaling factor * daily LAI

Snow Intercept = Scaling factor * peak LAI of previous year if month was during

November and March, else scaling factor * corresponding daily LAI.
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Then,
T > T50+3: Canopy Interception = Precipitation *Rain Intercept
T <=T50-3: Canopy Interception = Precipitation * Snow Intercept
T50-3 <T <T50+3: Canopy Interception = Precipitation * (Snow Intercept + Rain
Intercept) / 2

Degree Day Melt Factor. Lastly, I accounted for shading effects on snowmelt by adjusting

the degree day melt factor as a temporal function of LAI The degree day melt factor adjustment
was determined as an exponential function of LAI such that melt rate increased exponentially as
canopy cover decreased. Both linear and exponential expressions were evaluated before
concluding that the exponential relationship performed best. This is likely because in addition to
sensible heat, solar radiation increases with loss of canopy cover. Because LAI during the winter
months was artificially low due to snow cover on branches, I used a similar approach where peak
LAI values of the previous summer were used to multiply each degree day value during the
months of November to March. The equation for adjusting degree day melt is:
For the months November through March:
Degree Day Melt Factor = Degree Day Max* EXP (slope scaling factor* peak LAI of
previous year)
Otherwise:

Degree Day Melt Factor = Degree Day Max* EXP (slope scaling factor* daily LAI)

Equation components included:
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e Degree day max determined the vertical stretch of the exponential equation and thus
represented the maximum daily snowmelt (mm). This parameter was determined via
calibration of modelled to measured streamflow.
e Slope scaling factor was the slope of the exponential equation which was determined via

calibration of modelled to measured streamflow.

Influential Drivers of Streamflow

I determined which water balance variables affected measured streamflow metrics the
most (annual flow, magnitude and timing of peak flow, late summer flow during August —
September) via multiple linear regression. First, | summed daily water balance flux variables
(e.g. rain, snowmelt) to the annual scale, averaged water balance state variables (e.g.
temperature, soil moisture), and calculated seasonal states and fluxes of certain water balance
variables over specific time periods to account for seasonal processes (e.g. snowmelt rate during
March to mid-June, minimum soil moisture during late summer) (Table 5). Then, I modelled the
explanatory power of each state and flux variable on streamflow metrics using linear regression
(McCabe et al. 2017). I extended my analysis to generate a set of linear models of streamflow
metrics involving all possible combinations of up to four predictor variables (states and fluxes)
and interactions among two variables. Before model construction, I conducted correlation
analyses to ensure that predictor variables in the same model exhibited only a low correlation
(correlation coefficient < .29) (Asuero et al. 2007). To prevent overfitting, I limited my
consideration to models with a maximum of four predictor variables.

Linear model selection was based on the Akaike Information Criterion (AIC) (Akaike

1974). Models within a A AIC of 4 were considered competitive (Greenwood 2014). When there
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were multiple competitive models, I chose the model with A AIC less than 2 and the highest
adjusted R I performed diagnostics for the final model to check for any violations of model
assumptions of normality and heteroscedasticity (variances of residuals) using the Shapiro-Wilk
and Breusch-Pagan tests respectively. Outliers in flow measurements that were identified by
Cook’s Distance test were retained after consultation with USGS officials, confirming their data
quality and rendering their exclusion unnecessary. I also calculated the Variance Inflation Factor
(VIF) for each predictor variable where VIF values exceeding 10 were regarded as indicators of
potential multicollinearity (Hair et al. 1998).

After linear model selection, I assessed significant differences in hydrologic model
variables between the pre- and post-disturbance periods for each watershed. For static variables
that represent a state or condition at a specified time (e.g. temperature, maximum snowpack, and
soil moisture), I used two-sample t-tests or the non-parametric alternative, Mann-Whitney U
tests, if statistical assumptions were severely violated. For flux variables that represent the
movement of water (e.g. AET, canopy interception, snowmelt, and annual precipitation), I first
divided each variable by annual precipitation before using the same statistical tests to make
direct comparisons in the partitioning of annual precipitation across all flux variables. These
statistical tests help identify the primary drivers of significant changes in streamflow metrics

observed in Chapter One.



47

Predictor Variables

e Precipitation (Sum of Precipitation, Sum of Rain, Sum of Snow) (mm)

e Evapotranspiration (Sum of Potential Evapotranspiration, Sum of Actual
Evapotranspiration) (mm)

¢ Snowpack (Maximum) (mm)

e Snowmelt (Sum, Rate during March — mid-June) (mm)

o Temperature (Average, Minimum, Maximum) (°C)

¢ Soil Moisture (Sum, Minimum during January, Minimum during March, and Minimum
during August - September) (mm)

e Other (Sum of Canopy Interception, Sum of Deficit, Sum of Water Reaching Surface,
Sum of Water Reaching Surface - Potential Evapotranspiration) (mm)

Response Variables

e Annual Flow (mm)

e Magnitude of Peak Flow (mm)

e Timing of Peak Flow (Day of Year)

e Late Summer Flow (August -September)

Table 5. List of predictor variables used in multiple linear regression to identify which water
balance variables most influenced streamflow metrics. Predictor variable calculations at the
annual and seasonal time scales are specified in parentheses. Sums, averages, minimum, and
maximums were calculated at the water year scale unless specified otherwise in the table above.
Snowmelt rate was calculated as the slope of the exponential regression of daily snowmelt from
March to mid-June (June 15). The sum of water reaching the surface was calculated as the sum
of snowmelt plus rain reaching the surface. Both the Upper Wind River and Buffalo Fork
watersheds were analyzed with these sets of predictor and response variables.

Results

Hydrologic Model Improvements

I evaluated the model's performance metrics before and after all LAI-adjusted variables
were added to assess how modifications to the model affected its ability to predict streamflow for

the Upper Wind River watershed (Table 6) and the Buffalo Fork watershed (Table 7) from 2003
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to 2022. After including all three LAlI-adjusted variables (K¢, degree day melt, and canopy
interception), I observed a 0.29 improvement in NSE, a 1% improvement in daily R?, a 3%
improvement in monthly R?, and a 8% decrease in annual R? for the Upper Wind River
watershed. Additionally, the modelled runoff efficiency decreased by 23%. This implies that an
additional 23% of total precipitation was redirected towards evapotranspiration rather than
streamflow after adding new functions to the hydrologic model. Lastly, before the model
improvements were added, the hydrologic model underestimated annual ET by 47% on average
when compared to observed ET (P — Q) from 2003 to 2022. However, with the integration of the

model improvements, this 47% underestimation decreased to 12%.

Upper Wind River Hydrologic Model Improvements (2003-2022)

Performance Metric No + Kc + LAl-adjusted Degree Day Melt + LAI-
Adjustments | adjusted Canopy Interception

Daily Nash-Sutcliffe 0.51 .80

Efficiency

Daily R"2 0.83 .84

Monthly R*2 .89 92

Annual R"2 .92 .84

ET % Partitioning 32 55

Q % Partitioning 68 45

% Deviance from -47% -12%

Observed ET (P — Q)

Table 6. Performance metrics (NSE and R?) were listed as each LAlI-adjusted variable was
added to the hydrologic model for the Upper Wind River watershed. The hydrologic model was
calibrated before all adjustments were added and calibrated again after all adjustments were
made. Annual R? was determined on a water year basis. The % deviance was calculated as the
percent difference between the averaged annual observed ET and the averaged annual modelled
ET from water years 2003-2022.

For the Buffalo Fork watershed, after including all three LAI-adjusted variables (Kc,
degree day melt, and canopy interception), I observed a 0.05 decrease in NSE, a 4% decrease in

daily R?, a 2% decrease in monthly R?, and a 1% improvement in the annual R? (Table 7). The
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partitioning of annual precipitation to streamflow decreased by 10%, meaning an additional 10%
of water was accounted for by ET. Prior to the model improvements, the hydrologic model
underestimated annual ET by 19% on average when compared to observed ET (P — Q) from 2003

to 2022. After including model improvements, this 19% underestimation increased to a 13%

overestimation.
Buffalo Fork Hydrologic Model Adjustments
Performance Metric No Adjustments + Kc + LAlI-adjusted Degree Day Melt +
LAlI-adjusted Canopy Interception
Daily Nash-Sutcliffe .85 .80
Efficiency
Daily R"2 .85 81
Monthly R"2 92 .90
Annual R"2 95 96
ET % Partitioning 24 34
Q % Partitioning 76 66
% Deviance from -19% +13%
Calculated ET (P — Q)

Table 7. Performance metrics (NSE and R?) were listed as each LAI-adjusted variable was
added to the hydrologic model for the Buffalo Fork watershed. The hydrologic model was
calibrated before all adjustments were added and calibrated again after all adjustments were
made. Annual R? was determined on a water year basis. The % deviance was calculated as the
percent difference between the averaged annual observed ET and the averaged annual modelled
ET from 2003-2022.

Final Hydrologic Model Calibrations

Model calibration was done during the 2003-2022 water years for both the Upper Wind
River (Figure 9) and Buffalo Fork (Figure 10) and used the three LAl-adjusted variables (Kc,
degree day melt, and canopy interception). In the Upper Wind River, ET partitioning was 55%
and streamflow constituted 45% of annual precipitation, resulting in performance metrics of 0.80
NSE, 0.84 daily R?, 0.92 monthly R?, and 0.84 annual R? (Table B-1). Conversely, in the Buffalo

Fork watershed, ET accounted for 34% of annual precipitation, with streamflow accounting for
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the remaining 66%. Performance metrics yielded 0.80 NSE, 0.81 daily R2, 0.90 monthly R2, and

0.96 annual R? (Table B-2).

2002 2004 2007 2010
= Measured Flow (mm) = Modelled Flow (mm)

[=)]

=

]

2010 2013 2015 2018 2021
= Measured Flow (mm) == Modelled Flow (mm)

Figure 9. Hydrograph of the Upper Wind River from 2003-2002 that shows measured daily
streamflow from a USGS streamgage (blue) and modelled daily streamflow (red) based on
model calibration to measured streamflow.
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Figure 10. Hydrograph of the Buffalo Fork Watershed from 2003-2002 that shows measured
daily streamflow from a USGS streamgage (blue) and modelled daily streamflow (red) based on
model calibration to measured streamflow. Note that measured streamflow for the 2010 water
year was missing.

Influential Drivers of Streamflow — Upper Wind River

Using the modified hydrologic model that accounted for canopy effects, I used multiple
linear regression to identify the most influential water balance variables of streamflow metrics
for both the Upper Wind River and Buffalo Fork watersheds (Figures B-1 — B-16). I found that in
the Upper Wind River watershed, pre-beetle annual streamflow at the water year scale was
primarily driven by sum of actual evapotranspiration (AET) and maximum temperature (R?=
0.91) (Table 8). Post-beetle annual streamflow was most strongly influenced by the sum of
canopy interception and the sum of AET (R? = 0.81). For pre-beetle peak flow magnitude, the
strongest drivers were AET and minimum temperature (R?>= 0.74). Conversely, post-beetle peak
flow magnitude was predominantly driven by the sum of snowmelt and the rate of snowmelt

(March — mid-June) (R*= 0.80). Peak flow timing pre-beetle was driven by average temperature
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and canopy interception (R? = 0.93), while post-beetle peak flow timing was moderately
influenced (R? = 0.31) by AET and minimum temperature. Lastly, pre-beetle late summer flow
variability was driven by maximum snowpack and minimum temperature (R = 0.85), whereas
post-beetle late summer flow was strongly influenced by the sum of snowmelt, average

temperature, and their interaction and (R? = 0.91).

Upper Wind River Linear Model Selection

Response Variable | Top Predictor Variables Adjusted
R2

Pre-Beetle Annual (-0.80)*Sum of AET (p =.0088) + (-13.94)*Maximum 0.91
Flow Temperature (p =.031)
Post-Beetle Annual | (1.79)*Sum of Canopy Interception (p =.000040) + 0.81
Flow (-.68)*Sum of AET (p=.11)
Pre-Beetle Peak (-5.64)*Sum of AET (p =.040) + (59.46)*Minimum 0.74
Flow Magnitude Temperature (p =.19)
Post-Beetle Peak (3.61)*Sum of Snowmelt (p =.000045) + (2.71)*Snowmelt 0.77
Flow Magnitude Rate (March — mid-June) (p = .096)
Pre-Beetle Peak (-23.77)* Average Temperature (p =.0042) + (0.066)*Sum of | 0.93
Flow Timing Canopy Interception (p =.56)
Post-Beetle Peak (-0.23)*Sum of AET (p =.021) + (-0.72)*Minimum 0.31
Flow Timing Temperature (p = 0.42)
Pre-Beetle Late (0.053)*Maximum Snowpack (p =.034) + (1.25)*Minimum 0.85
Summer Flow (Aug | Temperature (p =.061)
— Sept)
Post-Beetle Late (0.26)*Sum of Snowmelt (p =.000043) + (25.92)* Average 0.91
Summer Flow (Aug | Temperature (p =.0021) + (-0.08)*Sum of
— Sept) Snowmelt* Average Temperature (p =.00077)

Table 8. Top models for streamflow metrics in the Upper Wind River with beta coefficients and
p-values listed for each variable. P-values < .05 in bold signify statistical significance. Linear
model selection was performed pre-disturbance (2003-2008) and post-disturbance (2009-2022).

After linear model selection, I conducted two-sample t-tests to assess significant
differences in the predictor variables highlighted by the top models between the pre- and post-
beetle periods (Tables 9 and 10). At the confidence level of 0.05, I found no statistically

significant differences across all variables between the two periods. However, it is notable that at
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the confidence level of 0.10, annual precipitation moderately increased post-beetle (p = 0.081;

95% CI [10.00, 188.23]).

Variable Pre-Beetle Post-Beetle Significant Change?
Annual Precipitation (mm/ | 608.28 697.39 —
year) (0.081)*
Average Temperature (°C) 2.04 2.04 —
(0.98)
Minimum Temperature (°C) | -21.25 -20.91 D o
(0.75)
Maximum Temperature (°C) | 18.02 17.09 —
(0.16)

Table 9. Comparison of mean values for each variable pre- and post-beetle, with corresponding
p-values from two-sample t-tests. Arrows indicate the direction of change for each variable post-
beetle, based on statistical significance (p < 0.05). Bi-directional arrows mean no significant
changes. P-values < 0.1 are denoted with a bold asterisk, indicating a noteworthy trend.

Water Balance Variable Pre-Beetle (% of | Post-Beetle (% Significant
Precipitation) of Precipitation) | Change?
Sum of AET (mm / year) 209 199 —
35% 30% (0.19)
Sum of Canopy Interception 153 168 —p
(mm / year) 25% 24% (0.67)
Sum of Rain (mm / year) 124 152 —
21% 22% (0.61)
Maximum Snowpack (mm) 216 275 D
35% 39% (0.31)
Sum of Snowmelt (mm / year) | 329 374 —
54% 53% (0.86)
Snowmelt Rate (March — 1.00051 1.00054 o
mid-June) (mm/day) (0.76)

Table 10. Comparison of mean water balance variables before and after beetle disturbance. The
means were also calculated as proportions of annual precipitation for direct comparisons except
for snowmelt rate. Corresponding p-values from two-sample t-tests are provided at a confidence
level of 0.05. Arrows denote the direction of change for each variable post-beetle, determined by
statistical significance (p < 0.05). Bi-directional arrows mean no significant changes.
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Influential Drivers of Streamflow — Buffalo Fork

In the Buffalo Fork watershed, pre-disturbance annual streamflow at the water year scale
was predominantly influenced by the sum of rain and maximum snowpack (R? = 0.94) (Table
11). Post-disturbance annual streamflow, on the other hand, was primarily driven by average
temperature and maximum snowpack (R? = 0.92). For pre-disturbance flow magnitude, the
strongest drivers were the sum of rain and the sum of water reaching the ground minus potential
evapotranspiration (PET) (R?= 0.84). Conversely, post-disturbance peak flow magnitude was
most influenced by maximum snowpack and the snowmelt rate from March to mid-June (R? =
0.76). Peak flow timing pre-disturbance was most strongly associated with AET and maximum
temperature (R = 0.69). In contrast, post-disturbance peak flow timing was moderately
influenced by maximum snowpack, average temperature, and their interaction (R? = 0.29).
Lastly, pre-disturbance late summer flow was primarily driven by the sum of snowmelt and late
summer minimum soil moisture (R? = 0.88) whereas post-disturbance later summer flow was

mainly influenced by maximum snowpack and late summer minimum soil moisture (R? = 0.93).

Buffalo Fork Linear Model Selection

Response Variable | Top Predictor Variables Adjusted
RZ

Pre-Beetle & Pre- (0.81)*Sum of Rain (p =.077) + (1.41)*Maximum Snowpack 0.94
Fire Annual Flow (p =.00012)
Post-Beetle & Post- | (69.94)* Average Temperature (p =.061) + (1.45)*Maximum 0.92
Fire Annual Flow Snowpack (p =.000016)
Pre-Beetle & Pre- (-13.51)*Sum of Rain (p =.022) + (6.25)*Sum of Water 0.84
Fire Peak Flow Reaching Surface — PET (p =.0023)
Magnitude
Post-Beetle & Post- | (5.69)*Maximum Snowpack (p =.0020) + (0.0001)*Snowmelt | 0.76
Fire Peak Flow Rate (March — mid-June) (p = .13)
Magnitude
Pre-Beetle & Pre- (-0.18)*Sum of AET (p =.23) + (-10.15)*Maximum 0.69
Fire Peak Flow Temperature (p =.010)
Timing
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Post-Beetle & Post- | (-0.19)*Maximum Snowpack (p =.061) + (-34.67)* Average 0.29
Fire Peak Flow Temperature (p = .089) + (0.079)* Average
Timing Temperature*Maximum Snowpack (p =.064)
Pre-Beetle & Pre- (0.20)*Sum of Snowmelt (p =.0011) + (1.11)*Late Summer 0.88
Fire Late Summer | Minimum Soil Moisture (p =.12)
Flow (Aug - Sept)
Post-Beetle & Post- | (0.13)*Maximum Snowpack (p =.000018) + (0.38)*Late 0.93
Fire Late Summer | Summer Minimum Soil Moisture (p = .087)
Flow (Aug - Sept)
Table 11. Top models for streamflow metrics in Buffalo Fork with beta coefficients and p-values
listed for each variable. P-values < .05 in bold signify statistical significance. Linear model
selection was performed pre-disturbance (2003-2011) and post-disturbance (2013-2022) as
specified by response variable.

Following linear model selection, I tested for significant differences in predictor variables
highlighted by top models between pre- and post-disturbance periods (Tables 12 and 13). While
no statistically significant differences were found at the 0.05 confidence level across all
variables, there was a modest increase in post-disturbance snowmelt rate observed at the 0.10

confidence level (p = 0.085).

Variable Pre-Beetle & Post-Beetle & Significant Change?
Pre-Fire Post-Fire

Annual Precipitation 789.70 804.15 —
(mm / year) (0.36)
Average Temperature 2.01 2.19 —

(°O) (0.47)
Maximum Temperature | 17.93 17.95 D o

(&S] (0.90)

Late Summer Minimum | 24.17 25.91 —

Soil Moisture (mm) (0.61)

Table 12. Comparison of mean values for each variable pre- and post-disturbance, with
corresponding p-values from two-sample t-tests. A Mann-Whitney U test was conducted for
annual precipitation and maximum temperature due to violations of statistical assumptions, with
medians presented for both pre- and post-disturbance periods. Arrows indicate the direction of
change for each variable post-disturbance, based on statistical significance (p < 0.05). Bi-
directional arrows mean no significant changes. P-values < 0.1 with a bolded asterisk signify a
notable trend.
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Water Balance Pre-Beetle & Pre-Fire | Post-Beetle & Post-Fire | Significant
Variable (% of Precipitation) (% of Precipitation) Change?
Sum of AET (mm / 185 196 D
year) 23% 25% (0.83)
Sum of Canopy 75 86 PR
Interception (mm / year) | 9% 10% (0.32)
Sum of Rain (mm / year) | 212 244 G
26% 28% (0.51)
Sum of Snowmelt (mm / | 526 548 —
year) 63% 60% (0.41)
Sum of Water Reaching | 345 388 —
Surface — PET (mm/ 40% 42% (0.79)
year)
Maximum Snowpack 448 482 —
(mm) 54% 54% (0.97)
Late Summer Minimum | 24 26 —
Soil Moisture (mm) 3% 3% (0.99)
Snowmelt Rate (March 1.050 1.060 >
— mid-June) (mm/day) (0.34)

Table 13. Comparison of mean water balance variables before and after disturbance. The means
were also calculated as proportions of annual precipitation for direct comparisons except for
snowmelt rate. Corresponding p-values from two-sample t-tests are provided at a confidence
level of 0.05. A Mann-Whitney U test was conducted for the sum of rain due to violations of
statistical assumptions, with median percentages presented for both pre- and post-disturbance
periods. Arrows denote the direction of change for each variable post-disturbance, as determined
by statistical significance (p < 0.05). Bi-directional arrows mean no significant changes.

Discussion

Chapter Two, which identified influential drivers of streamflow metrics, built off Chapter
One findings which documented changes in streamflow metrics between pre- and post-
disturbance. In Chapter One, I observed annual Q/P, peak flow magnitude, and late summer Q/P
significantly increasing after a beetle outbreak in the Upper Wind River watershed. In the
Buffalo Fork watershed, which experienced a beetle outbreak and fire, I observed no significant
changes in streamflow. In Chapter Two, I used a daily hydrologic model to determine the drivers
of streamflow metrics before and after disturbance to better understand why streamflow

significantly increased in the Upper Wind River and did not significantly change in the Buffalo
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Fork. For both the Upper Wind River and Buffalo Fork, I hypothesized that AET would be the
strongest driver of annual flow, the sum and rate of snowmelt would be the strongest drivers of
peak flow magnitude and timing, and the sum of snowmelt and soil moisture would be the
strongest drivers of late summer flow. After integrating Leaf Area Index in the hydrologic model
to reflect mortality effects and canopy health, I found that the increase in streamflow in the
Upper Wind River was primarily due to an increase in precipitation rather than reduced
transpiration following the disturbance event. Furthermore, I found that snowpack dynamics
(maximum snowpack, sum of snowmelt) were stronger drivers of streamflow metrics,
additionally suggesting that tree-specific processes (AET, canopy interception) were less
influential for streamflow in these snow-dominated watersheds during the 2003-2022 study

period.

Hydrologic Model Improvements

During hydrologic model improvements, I found that the additions of Kc (to adjust
potential evapotranspiration), LAl-adjusted degree day melt, and LAI-adjusted canopy
interception had mixed effects on the coefficient of determination (R?) between measured and
modelled flow for both watersheds. Depending on the time scale (i.e. daily, monthly, annual), R?
increased or decreased by 0.01 - 0.08. The existing high R? values for the hydrologic model prior
to the adjustments (ranging from 0.83 — 0.95 R? at the daily, monthly, and annual scale) suggest
that there are diminishing returns in enhancing the accuracy of this hydrologic model. The
hydrologic model also has limitations, such as assuming spatial homogeneity across the
watershed and the inability to capture energy balance physics involved in snowmelt processes,

such as sensible and latent heat fluxes, snowpack sublimation, and varying snowpack densities
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(Mizukami and Perica 2008; Stoy et al. 2018). While the LAI-adjusted improvements did not
notably enhance R? for either watershed, it had a large effect on the partitioning of precipitation
into evapotranspiration (ET), which increased from 29% to 55% for the Upper Wind River and
from 26% to 34% for the Buffalo Fork. These increased ET values align with studies suggesting
that evapotranspiration can constitute 50% of precipitation in a coniferous subalpine watershed
(Lin et al. 2011). Additionally, modelled ET more closely matched the observed ET (calculated
as P-Q) after including the model improvements, reducing % deviance of modelled ET from
observed ET by 35% and 6% for the Upper Wind River and Buffalo Fork respectively.
Therefore, despite the limited impact of the improvements on R?, the increases in
evapotranspiration partitioning and closer estimates of modelled ET compared to the observed
ET support the rationale for using LAI-adjusted parameters to better represent water use by trees.

For the Upper Wind River watershed, it is noteworthy that the Nash-Sutcliffe Efficiency
(NSE) increased from 0.51, which falls just within the “satisfactory” performance range, to 0.80,
which indicates a "very good" performance rating, upon the inclusion of all three LAI-adjusted
parameters (Moriasi et al. 2007). This substantial improvement indicates that the inclusion of
LAl-adjusted parameters enhanced the model's ability to accurately model the timing and
magnitude of flows as well as the total volume of flow measured at the streamgage. Thus, the
increase in R? indicates that the model adjustments improved the model’s accuracy in predicting
both the timing and magnitude of streamflow, while the improvement in NSE indicated the

model also more accurately accounts for flow volume.
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Final Hydrologic Model Calibrations

After calibrating the hydrologic model for each watershed from 2003-2022, I observed
notable differences in how annual precipitation (P) was partitioned to annual streamflow (Q)
between the two watersheds. In the Upper Wind River, modelled Q was 45% of precipitation as
compared to 65% of precipitation in the Buffalo Fork. This observed difference in partitioning of
precipitation into streamflow between the two watersheds was likely due to the cumulative
effects of differences in precipitation amounts and coverage of forested area.

The Upper Wind River, situated east of the Continental Divide in a rain shadow, receives
almost 25% less precipitation (622 mm/year) than Buffalo Fork (815mm /year), which is located
west of the Continental Divide. Considering that both watersheds were calibrated to the same
water holding capacity (150 mm), the proportion of annual precipitation retained in soils was
higher for the Upper Wind River (150/622 = 24%) than the Buffalo Fork (150/815 = 18%). This
means that more of the annual precipitation could be evapotranspired by vegetation in the Upper
Wind River, which likely resulted in a lower partitioning of precipitation into streamflow as
compared to the Buffalo Fork.

The observed differences in streamflow partitioning can be further attributed to
differences in land cover characteristics for the Upper Wind River and Buffalo Fork watersheds
(Figure 11). The amount of forested land within each watershed influences streamflow through
evapotranspiration. As of 2021, the Upper Wind River is 55% forested whereas the Buffalo Fork
is 45% forested. When comparing the partitioning of precipitation to AET across both
watersheds, 30-35% of precipitation was allocated via AET in the Upper Wind River whereas 23-
25% of precipitation was attributed to AET in the Buffalo Fork (Table 10 and 13) Thus, having

more forested land along with less precipitation may explain why the Upper Wind River had a
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lower partitioning of precipitation into streamflow (45%) as compared to the Buffalo Fork

(65%).

NLCD Land Cover Classification Legend
B 11 Open Water

| ]12 Perennial lce/ Snow

[ 121 Developed, Open Space

[ 122 Developed, Low Intensity
I 23 Developed, Medium Intensity
I 24 Developed, High Intensity
131 Barren Land (Rock/Sand/Clay)
[ 41 Deciduous Forest

I 42 Evergreen Forest

[ 143 Mixed Forest

1 51 Dwarf Scrub

[ 152 Shrub/Serub

| |71 Grassland/Herbaceous

[ 172 Sedge/Herbaceous

173 Lichens

[ 174 Moss

[ 181 Pasture/Hay

I 82 Cultivated Crops

[ 190 Woody Wetlands

{71 95 Emergent Herbaceous Wetlands |

Figure 11. National Land Cover Cla551ﬁcat10n (NLCD) of the Upper Wlnd R1ver and Buffalo

Fork watersheds. Approximately 55% of the Wind River watershed is forested, and 45% of the
Buffalo Fork watershed is forested.

Influential Drivers of Streamflow & Tree Mortality Effects
— Upper Wind River (Beetle Outbreak)

In Chapter One, measured streamflow metrics for the Upper Wind River significantly
increased post-beetle (12% increase in annual Q/P, 60% increase in peak flow, and 11% increase
in late summer Q/P), with 53% of the area being affected by beetle mortality from 2003-2008.
When evaluating multiple linear models for the strongest drivers of all streamflow metrics, |
found a combination of actual evapotranspiration (AET), temperature, snow dynamics (sum of
snowmelt and snowmelt rate), and canopy interception to be the most influential (Table 8). AET
and temperature likely emerged as strong drivers considering that 55% of precipitation was

partitioned as ET in the final model calibration, and temperature influences plant transpiration
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and snowmelt rates (Liu and El-Kassaby 2018). Snowmelt and canopy interception also appeared
as strong drivers of streamflow metrics likely due to the snow-dominated nature of the
watershed. In the Upper Wind River, 53-54% of precipitation fell as snow from 2003-2022.
Additionally, a quarter (24-25%) of the precipitation was intercepted by the tree canopy, with
most of the intercepted precipitation as snow (80%). Thus, as a mountainous forested watershed,
it is unsurprising that snow dynamics emerged as strong streamflow drivers for the Upper Wind
River during linear model selection.

When assessing the effects of tree mortality on streamflow, [ hypothesized that ET (AET
+ canopy interception) would significantly decrease following beetle mortality in the Upper
Wind River. More specifically, I expected that a lower percentage of incoming precipitation into
the watershed would be allocated to ET. However, I did not find a significant change in the
partitioning of precipitation into ET as it only decreased by 6% post-beetle (p = 0.19) (Table 10).
This finding suggests that the beetle disturbance did not significantly affect tree-related processes
(AET, canopy interception, shading of snow) at a magnitude great enough to elicit an effect on
streamflow at the watershed scale when comparing changes across the pre- (2003-2011) and
post-disturbance (2013-2022) periods. Instead, the 15% increase in annual precipitation during
the post-beetle period likely led to the observed significant increases in measured streamflow
metrics in Chapter One (p = 0.081) (Table 10). In other words, streamflow significantly
increased post-beetle in the Upper Wind River because there was more precipitation and hence
more water to flow into streams. This is not to say that tree mortality had no effect on streamflow
metrics — during this specific analysis period, changes in live canopy cover and thus interception,

shading, and AET had marginal effects on streamflow metrics as compared to overall changes in
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annual precipitation totals. This finding aligns with another study that found that a decrease in
precipitation primarily caused streamflow to decrease as opposed to changes in ET (Yang and
Liu 2011).

Despite concluding that an increase in precipitation ultimately led to the increase in
measured streamflow post-beetle in the Upper Wind River, it is important to not diminish the
potential impact of future tree mortality on streamflow in this watershed. Through hydrologic
model calibration, I found that 55% of precipitation was partitioned as ET and 45% as
streamflow across the 2003-2022 period, indicating that more water was returned to the
atmosphere through tree-related processes (AET and canopy interception) than runoff.
Furthermore, annual AET / runoff was 0.78 and annual canopy interception / runoff was 0.59
across the 2003 — 2022 period, meaning that AET comprised 78% of runoff and canopy
interception comprised 59% of runoff respectively. These ratios suggest that tree-related
processes compose a large proportion of runoff, and a future large change in AET or canopy
interception should ultimately lead to considerable changes in runoff, especially in years with
lower precipitation.

For the beetle disturbance that affected 53% of the watershed, ET decreased only by 6%
post-beetle. This change is likely due to the temporal selection of the pre- and post-beetle
periods. Considering that the post-beetle period spanned 13 years (2009-2022), regenerating
vegetation in the understory could have compensated for the decrease in tree water use in the
overstory. Other studies have shown that rapid post-disturbance growth can even lead to overall
increased transpiration rates at the watershed scale (Goeking and Tarboton 2020), further

suggesting why I did not observe as strong of a decrease in AET post-beetle as expected. Future
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studies should therefore incorporate vegetation metrics that account for varying ET rates across
different canopy levels and successional stages as well as assess post-disturbance effects at
varying temporal scales (e.g. one year, two-year, five-year, etc.) to better pinpoint when ET from

understory vegetation begins to compensate for reduction in ET in the overstory.

Influential Drivers of Streamflow & Tree Mortality Effects
— Buffalo Fork (Beetle Outbreak and Fire)

In Chapter One, observed streamflow metrics did not significantly change in Buffalo
Fork between the pre- and post-disturbance periods, which experienced a beetle outbreak and fire
that affected 53% of the watershed from 2003 - 2012. In Chapter Two, I conducted multiple
linear regression to identify the strongest drivers of streamflow metrics.

Given that the Buffalo Fork watershed was characterized as high-elevation (around 8,500
feet), low forest cover (only 45%), and with a water balance heavily influenced by snow (64% of
precipitation reaching the ground as snow), it was unsurprising that maximum snowpack
emerged as the strongest driver of annual streamflow in the watershed. This finding aligns with
existing research on the crucial role of snow in similar ecosystems with relatively low tree cover.
In these environments, more snowpack can accumulate when canopy interception and canopy
sublimation rates are low or reduced due to mortality events (Matheussen et al. 2000). For the
Buftfalo Fork, maximum snowpack and the total amount of snowmelt (either reaching the surface
or the sum of snowmelt) emerged as dominant drivers for peak flow timing, peak flow
magnitude, and late summer flow. This aligns with a study’s finding that snowmelt can
contribute up to 70% of runoff in mountainous areas across the western U.S. (Li et al. 2017).
Snowmelt not only influences the timing of peak flows but also extends streamflow into the

growing season as the snow gradually melts (Henniger et al. 1976).
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Even though streamflow metrics did not significantly change after disturbance in the
Buffalo Fork watershed, I further quantified how trees affect streamflow by calculating the
partitioning of annual precipitation into tree-related processes (e.g. AET and canopy interception)
(Table 13). My results showed that 9-10% of annual precipitation went towards canopy
interception, and 23-25% towards AET. These values are relatively low in comparison to what
other studies have found in similar ecosystems, with estimates reaching 20-30% for canopy
interception (Montesi et al. 2004) and up to 50% for AET (Lin et al. 2011). These low estimates
can be explained by the characteristics of the Buffalo Fork watershed. Being a mountainous area
with 45% forest cover and a climate dominated by snowfall, these conditions can limit plant
transpiration due to the shortened growing season. Consequently, tree-related processes (AET
and interception) had a more limited influence on streamflow, explaining why they were not
identified as significant drivers in the linear model selection for the Buffalo Fork. Instead, factors
related to snowpack and snowmelt emerged as stronger drivers of streamflow patterns. Thus, the
combination of high-elevation, low forest cover, and a snow-driven water cycle in the Buffalo

Fork overshadows the impact of tree cover and disturbances on streamflow.

Limitations

Despite the final linear models being tested for severe multicollinearity, it is important to
note that the high adjusted R? values should be taken with caution considering that some of these
predictor variables were directly or indirectly calculated from each other (e.g. snowpack and
snowmelt). For this reason, I used the linear model results as an indication of explanatory power
rather than strength. Additionally, depending on the streamflow response metrics, multiple

models could have been selected as the best model for each watershed, suggesting that in some
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cases, there is no clear best single driver or top model for each streamflow metric. For these
reasons, it is better to rely on a physics-based model for streamflow predictions than the

hydrologic model used in this study which assumed spatial homogeneity.

Management Implications

This study highlights the critical role of precipitation and snowpack dynamics in driving
changes in streamflow, particularly in mountainous regions like the Upper Wind River and
Buffalo Fork watersheds. While tree-related processes (AET and canopy interception) did not
exert as strong of an influence on changes in streamflow as expected, the observed dominance of
snow processes suggests crucial implications for management.

In mountainous areas, snowmelt produces up to 80% of annual flow, emphasizing the
role of snow in determining streamflow characteristics like the timing and rate of seasonal flow
(Stewart et al. 2005; Li et al. 2017). Thus, monitoring and forecasting snowpack dynamics can
aid in anticipating and managing water availability during critical periods like spring snowmelt,
which can influence peak flow magnitude and late summer flow. By using precise forecasting
methods of snowpack dynamics, managers can better forecast changes in streamflow in real time
and in the future under climate change scenarios.

Lastly, given the dominant influence of snowpack on streamflow in this study, forest
management strategies should prioritize snowpack conservation. The Greater Yellowstone
Climate Assessment anticipates an increased occurrence of snow transitioning to rain within the
Greater Yellowstone Ecosystem (Hostetler et al. 2021). Rain events can trigger rapid snowmelt,
leading to unpredictable surges in streamflow (Wiirzer et al. 2016). Therefore, moderate forest

thinning practices that promote snow accumulation and preserve the natural reservoir function of
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snowpack could be considered where feasible. By reducing canopy interception and enhancing
shading of snow, these practices can allow for a more stable snowpack and ultimately improve

late-season water availability (Sankey and Tatum 2022).

Conclusion

A hydrologic model analysis revealed that snow dynamics (maximum snowpack and sum
of snowmelt) were the strongest drivers of streamflow, and an increase in precipitation drove an
increase in streamflow post-disturbance rather than tree-related processes (e.g. reductions in
actual evapotranspiration and canopy interception). While I have a better understanding of which
water balance variables drive changes in streamflow, these analyses were conducted in two large
watersheds with mixed forest species (e.g. subalpine fir and spruce) and a limited presence of
whitebark pine. Assessing the precise impact of whitebark pine mortality on streamflow is
challenging due to the scale of these two watersheds and spatial variability within them. The
limitations of the hydrologic model used in this study, which does not account for fine-scale
processes like basal area, underscore the need for supplementary field data to better isolate the
effects of whitebark pine on hydrologic processes. Therefore, acquiring streamflow data in a
watershed dominated by whitebark pine, coupled with the integration of a hydrologic model, can

offer a better understanding of how whitebark pine forest conditions affect streamflow.
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CHAPTER THREE

SENSITIVITY ANALYSIS OF STREAMFLOW TO

WHITEBARK PINE MORTALITY

Summary

In Chapter Three, I assessed forest canopy effects on water balance variables and
streamflow in response to increasing tree mortality in a whitebark pine-dominated (55% of area)
watershed in southcentral Montana called Beehive Basin. I used one year of streamflow field
data in 2022 to calibrate a hydrologic model and simulate five mortality levels. Mortality levels
were simulated by reducing Leaf Area Index by 0%, 25%, 50%, 75%, and 90% of the observed
LALI I then assessed changes in maximum snowpack, sum and rate of snowmelt, soil moisture,
and streamflow metrics (annual flow, magnitude and timing of peak flow, late summer flow
during August) across the five mortality levels one year after the simulated disturbance event. |
found that tree mortality of any level did not substantially affect maximum snowpack or the sum
and rate of snowmelt. However, soil moisture, annual flow, and late summer flow during August
substantially increased in the 90% mortality level. Because whitebark pine mortality typically
unfolds over multiple years, a modelled mortality level of 25-50% is likely more representative
for evaluating one-year post-disturbance effects on hydrologic processes than mortality levels
greater than 50%. Given that water balance variables and streamflow did not substantially
change at the 25% mortality level, my findings suggest that whitebark pine mortality does not
significantly affect snowpack or streamflow in this watershed one year after modelled mortality.

In open watersheds like Beehive Basin where trees evapotranspired 20% of precipitation,
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whitebark pine mortality may have a less pronounced short-term role in protecting snowpack and
regulating streamflow than previously thought. Future studies could evaluate streamflow
response in other whitebark pine-dominated watersheds or stands including those near treeline
where observations of snow accumulation near whitebark stands have been observed. These
associations of snow and whitebark pine may be the primary justification for claims that
whitebark forests are important to stream hydrology (Farnes 1990; Tomback et al. 2016). Future
research could assess species differences in water uptake and successional trends as other
subalpine species replace whitebark pine, investigate long term hydrologic effects 5-15 years
post-disturbance, and use a physics-based model that accounts for processes related to snow

energy balance (e.g. ground sublimation) at a finer scale.

Introduction

Background

Whitebark pine is notable as a keystone high-elevation tree species across western North
America, especially in the Greater Yellowstone Ecosystem (GYE). This tree species is threatened
by a suite of factors, including the non-native white pine blister rust (Cronartium ribicola),
native mountain pine beetle (Dendroctonus ponderosae), drought, and an increase in the
frequency and severity of wildfires (Hansen et al. 2016). Whitebark pine’s decline is of serious
concern because its seeds provide crucial food sources for animal species such as the grizzly bear
(Ursus arctos) and Clark’s nutcracker (Nucifraga columbiana), it helps facilitate ecosystem
succession, and it is believed to influence headwater streams and snowpack given its location at
high-elevations where precipitation is greatest (Farnes 1990; Callaway 1998; Maher et al. 2005).

As of 2016, nearly half (46%) of the whitebark pine distribution has exhibited severe mortality
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within the GYE, with mortality outpacing regeneration rates (Goeking and Izlar 2018).
Additionally, 75% of mature cone-bearing trees have been killed due to mountain pine beetles
since 2000 (Macfarlane et al. 2013). Due to its wide-spread decline in recent years, in January
2023, whitebark pine was listed as threatened under the U.S. Endangered Species Act (U.S. Fish
and Wildlife Service 2022).

Despite whitebark pine’s alarming rate of decline, its effect on hydrological processes,
particularly snowpack dynamics that affect streamflow, remains poorly understood. Through
anecdotal observations, it is widely believed that whitebark pine increases snow retention, slows
snowmelt and runoff, and prolongs streamflow later into the growing season (Farnes 1990).
However, no literature to date provides quantitative data to support these claims. This knowledge
gap limits the ability to understand how whitebark pine mortality affects streamflow and predict

how projected mortality events will further alter hydrologic processes in the GYE.

Research Question

In Chapter One, I assessed changes in streamflow metrics (annual runoff efficiency

(Q/P), peak flow magnitude and timing, and late summer Q/P) in two high-elevation Wyoming
watersheds that contained whitebark pine in response to a forest disturbance event (bark beetle
outbreak and a beetle outbreak + fire). I observed streamflow significantly increasing post-beetle
for the Upper Wind River (53% beetle mortality from 2003-2008) but not post-disturbance for
the Buffalo Fork (53% mortality due to beetle kill from 2003-2012 and fire in 2012). In Chapter
Two, I integrated Leaf Area Index (LAI) to reflect mortality effects and used a hydrologic model
to assess drivers of streamflow for the two disturbed Wyoming watersheds. I observed that the

increase in streamflow was more attributed to the increase in precipitation post-beetle rather than
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forest mortality effects (reduction in AET) for the Upper Wind River watershed, with snowpack
and snowmelt predominately being strong predictors of streamflow for both study watersheds.

Given whitebark pine’s assumed role in protecting snowpack and prolonging streamflow
later into the growing season (Farnes 1990; Tomback et al. 2016), I tested this prediction using
the same hydrologic model I used in Chapter Two. Because the two Wyoming watersheds in
Chapters One and Two consisted of mixed tree species and were not dominated by whitebark
pine, I added an additional whitebark pine-dominated field site to my project to isolate the
impacts of whitebark pine mortality. Thus, in Chapter Three, I used a hydrologic model to
evaluate the effects of increasing whitebark pine mortality on key predictors of streamflow
highlighted in Chapter Two and streamflow metrics highlighted in Chapter One across five
simulated mortality levels in Beehive Basin, Montana. I modelled increasing tree mortality by
changing Leaf Area Index (LAI) to reflect mortality levels of 25%, 50%, 75%, and 90%
mortality. I then assessed how each mortality level affected maximum snowpack, the sum and
rate of snowmelt, and the following streamflow metrics: annual flow (Q), magnitude and timing

of peak flow, and late summer flow (Q during August).

Methods

Site Selection

Using the 2009 NPS whitebark pine distribution map, I selected a field site within the
Custer Gallatin National Forest in Montana to collect streamflow data in 2022 (Figure 12). |
chose Beehive Basin near Big Sky, MT for this study due to the predominant presence of
whitebark pine, the site forming the watershed of a first-order stream, and accessibility.

According to the 2021 National Land Cover Database (NLCD), Beehive Basin comprises
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approximately 30% evergreen forest (classified as land dominated by trees more than 5 meters
tall and greater than 20% of total cover) 5-10% barren land (rock/sand/clay), and the remaining
60% as shrub/scrub, which includes young trees in a developmental stage or stunted as
krummholz due to subalpine environmental conditions (Wickham et al. 2013). The NPS
whitebark pine distribution map indicated that 55% of Beehive Basin contains whitebark pine.
Note that the NPS distribution assessment focused on the presence of whitebark pine—areas
mapped by NPS included NLCD non-forested land with sparsely growing whitebark pine in this
watershed. Based on the NPS whitebark pine distribution map, whitebark pine-dominated stands
(>60% whitebark pine canopy cover) span 186 acres and account for 20% of the watershed. The
NPS distribution map further classified whitebark pine stands as open (0-20% canopy cover) and

moderate (20-60% canopy cover).
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Figure 12. A streamgage was installed in Beehive Basin near Big Sky, Montana in 2022.
Whitebark pine comprises 55% of Beehive Basin.

Daymet temperature and precipitation data and satellite-derived Leaf Area Index (LAI)

were used in the hydrologic model for Beehive Basin for 2022, which was the year when
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streamflow data was collected. According to Daymet, in 2022 annual precipitation was 915 mm,
the average low was -3.2°C and the average high was 6.2°C. The climatic metrics for 2022

closely align with historically observed precipitation and temperature for Beehive Basin (Table

14).
Annual Average Min | Average MaxT | Area Average Whitebark Pine
Precipitation T (°O) O (Hectares) Elevation Area (Hectares)
216 (55% of
907 mm -5.2 5.9 394 2856 m watershed)

Table 14. Watershed characteristics of Beehive Basin including precipitation, temperature,
elevation, and area. The averages for precipitation and temperature were computed as means
spanning water years from 1981 to 2022. The calculation of the area of whitebark pine stands
was based on metrics derived from the NPS whitebark pine distribution layer, encompassing
both whitebark pine-dominated stands and those characterized by a mixture of tree types.

Streamflow Measurements

I installed a streamgage from April to October 2022 along Beehive Basin Creek. The
streamgage consisted of two sensors: a submerged Solinst levelogger that measured water level
(gage height) via pressure (meters) every 5 minutes and a Solinst barologger that measured
atmospheric pressure and temperature every 5 minutes. The barologger was used to compensate
for variations in atmospheric pressure that affects the pressure sensed by the levelogger that
records the water level readings. The Solinst levelogger was placed in a PVC compartment
within a cinderblock and set in a deep pool of the stream where flow was consistent and not
subject to wave action that would affect water level measurements. Barologgers were placed
along the stem of a nearby tree in a PVC pipe facing north to ensure protection from solar
radiation. Given the minimum operating temperature of -20°C for both barologgers and

leveloggers, these sensors were removed in October before winter temperatures set in.
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I measured streamflow from early spring to late fall every three to four weeks during
2022. Using a flow meter and wading rod, I measured velocity along a transect that was
perpendicular to flow and located where flow was laminar (water travels smoothly with no
ripples, riffles, or debris causing turbulent flow). Following USGS protocol, velocity
measurements were recorded every 0.2 ft (0.06 m) along the transect and at 60% of the depth
below the surface (Turnipseed and Sauer 2010). Stream discharge was calculated by multiplying
velocity by depth and width, resulting in an estimate of streamflow rate (cubic feet / second).
With corresponding water level measurements for each discharge measurement in the sampling
period, I constructed a stage-discharge curve. Continuous recording of water level via the
levelogger allowed for interpolation of discharge measurements between sampling periods using
the equation from the stage-discharge curve, resulting in a daily streamflow record from April to
October. Using streamflow measurements from Beehive Basin, I then calibrated my daily

hydrologic model to estimate daily streamflow.

Forest Metrics

Forestry measurements were used to calculate weighted averages of species prevalence in
Beehive Basin to control for the other species and isolate the effect of whitebark pine on
streamflow. Because the Beehive Basin streamgage drained areas where multiple tree species
grow, species composition data was needed to isolate the effect of whitebark pine on streamflow.
Although previous field-based whitebark pine inventories helped develop the NPS whitebark
pine distribution map used to select Beehive Basin as a field site, this map lacks the detail needed
to define species composition. I collected forest inventory metrics to better characterize

whitebark pine density in this watershed. Within forested stands, I established 20 randomly
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selected plots to collect data on species composition, basal area (by measuring diameter at breast
height), canopy cover (by taking one photo in each cardinal direction [N/E/S/W] along plot
perimeter and analyzing via ImagelJ) (Davis et al. 2018), and health status (live or dead based on
presence of green needles) of each individual tree within the plot. The plot radius was 8.05

meters (26.4 feet), which is equivalent to 0.05 acres, as is standard by forestry practices (Noller

2018).

Sensitivity Analysis with Hydrologic Model

After calibrating the hydrologic model to the measured 2022 streamflow data, I
conducted a sensitivity analysis to assess how drivers of streamflow and streamflow metrics
respond to increasing tree mortality through changes in LAI for one year. I simulated different
mortality levels by reducing LAI from 2022 in increments of 25%, 50%, 75%, and 90% while
keeping all other water balance mode parameters constant. I then evaluated changes in
snowpack, snowmelt, annual flow, peak flow magnitude and timing, and late summer flow
(August) from the reference level (current LAI values with no changes made) to the four
simulated mortality levels. Because I could use the hydrologic model to explain changes in
streamflow and why they happened (e.g. increase in late summer flow was due to decrease in
canopy interception), I did not need to use statistical analyses to quantify the observed changes in
streamflow metrics or drivers of streamflow. Instead, I focused on explaining how increasing

mortality affected the magnitude of these changes.
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Results

Streamflow Field Data

I collected five streamflow measurements from June to September (Table 15). The stage-
discharge curve indicated a rapid rise in discharge rate with increasing stage, although the fit is
moderate with an R? of 0.75 (Figure 13) (Wagner et al. 2014). However, because not enough
streamflow measurements were collected during the peak flow period for a robust stage-
discharge relationship, the interpolation of measured flow was severely overestimated during
high flow periods (June 15 — July 2™%). Therefore, model calibration focused on best predicting

streamflow outside of this high flow period.

Date Water Level (m) Discharge observed (cf/s)
6/4/2022 0.695 5.51
6/25/2022 0.693 26.14
7/24/2022 0.524 1.99
8/16/2022 0.597 0.44
9/8/2022 0.608 0.21

Table 15. Pressure readings and discharge observed throughout the five field site visits at the
Beehive Basin streamgage.
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Figure 13. Stage-discharge curve showing relationship between the water level recorded by the
levelogger and compensated by the barologger and the discharge measurements. The equation
from the exponential relationship was used to calculate discharge across other water level
measurements that were continuously recorded from the levelogger.
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Forestry Metrics

Across the 20 forestry plots sampled in Beehive Basin, whitebark pine was the dominant
tree species, representing 76% of all trees live and dead (Table 16). Of that 76%, there were more
dead whitebark pine than live, with 56% being dead and 44% being live. When considering only
live trees, whitebark pine held a majority at 60%, with subalpine fir and Engelmann spruce
making up 38% and 2% respectively. These forestry metrics highlight the extent of whitebark
pine mortality at Beehive Basin, with 97.5% of all dead trees identified as whitebark pine.
Additionally, field data indicated that the NPS whitebark pine distribution map inaccurately
defined whitebark pine-dominated stands by requiring a relative canopy cover greater than 60%.
This suggests that the whitebark pine distribution map likely overestimated the proportion of live
whitebark pine in this watershed.

I analyzed sixty canopy cover images (taken on a mobile phone) using ImageJ to estimate
canopy coverage in both open and moderately dense stands of Bechive Basin. Based on the
whitebark pine distribution map, the NPS classified open stands as having 0-20% canopy cover,
while moderate stands had 20-60% canopy cover. My field data revealed that open stands had an
average canopy cover of 18%, while moderate stands averaged 42%. These findings closely align

with the classifications provided by the NPS distribution map.
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Species Count of | Count Total of Live Basal | Dead Basal | Total Basal
Live of Dead | Trees Area (ft2/ | Area (ft*/ | Area (ft*/
Trees Trees (Live and | acre) acre) acre) (live and

Dead) dead)

Whitebark 91 117 208 42.98 86.32 129.3

Pine

Subalpine 58 2 60 29.82 0.57 30.39

Fir

Engelmann 3 1 4 1.35 2.03 3.38

Spruce

Table 16. Forestry metrics collected across 20 26.3 ft radius circular plots across Beehive Basin.

Model Calibration

After calibrating the hydrologic model to flow measurements from April 3 — September
6, 2022, model performance metrics yielded a NSE of 0.74, daily R? of 0.85, and monthly R? of
0.99 from April to August (Table 17). Twenty-one percent of total precipitation partitioned into
evapotranspiration and 79% into streamflow. About 67% of streamflow was deemed quick flow,
or surface runoff, and 33% was classified as slow flow, or subsurface and base flow. Because the
interpolation of measured flow was overestimated during the high flow period (June 15" — July
27), the model was calibrated to better predict measured flow outside of this high flow period
(Figure 14). Not only do the modelled peak flow values better reflect realistic conditions based
on field observations during the high flow site visit, but this calibration also yielded higher

performance metrics (NSE and R?).
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Water Balance Parameters Value Units
Watershed area 3.94 square kilometers
Mongoon direct runoff 0.02 proportion of rain that runs off directly to stream July
fraction through October
Direct runoff fraction 0 prop.or.tior.l of rain that runs off in all other months if
precipitation falls as rain
Jennings Coefficient 6 ge(;z}f?;?{:;: \:r?:\f:’ 32;/0 (gf precipitation falls as rain and
Hock Max 3.7 maximum degree day melt factor, mm/C/day
Exponential Slope for Hock 001 gqerfrglr/ece/ ((11;1}}]1 melt factor for snow when not raining,
LAl-adj PET Scaling Factor 2.1 fﬁg;ofnrsﬁggﬁéﬁis}ég?lt{)EZ?iﬁ?g;ndeX (LAD); product
Snow Interception 01 Valu§ r'nul'tiplied by dai'ly LAI apd then subtracted from
Precipitation for snow interception, mm/day
Soil water holding capacity 200 water holding capacity of soil profile (mm)
Slope 10 slope (degrees)
Aspect 180 slope orientation (degrees)
Shade 1 multiplier for adjusting potential evapotranspiration
Hydrologic Parameters
quick slow very slow
a 0.7 0.03 0.85
0.2 0 5E-02 sum
proportion of total flow 0.666667 0 0.333333 1
Performance Metrics
NSE Daily R? Monthly R?
0.74 0.8522 0.9982
Water Partitioning
Evapotranspiration Streamflow
20.98% 79.02%

Table 17. Final model calibration of Beechive Basin watershed. Performance metrics were based
on the calibration from April 3™ to September 6™ of 2022.
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Figure 14. Measured flow (blue), modelled flow (red), temperature (green), and precipitation
(purple) from April 4™ to September 30,

Sensitivity Analysis with Hydrologic Model

The isolated effects of simulated tree mortality on streamflow were evaluated by
systematically reducing LAI levels across Beehive Basin in 2022 while keeping all other
hydrologic model parameters constant. Focusing on the primary components in the annual water
balance equation (P = ET + Q), the input of water (P) in Beehive Basin was 1115 mm for the
water year 2022. Of that 1115 m, 915 mm was precipitation and 200 mm was the initial soil
moisture at saturation, as is typical in April at the beginning of the runoff period.

At the reference level (current LAI from 2022), trees used 21% (234 mm) of precipitation
via evapotranspiration (ET), which included actual evapotranspiration and canopy interception
(Table 18). The remaining 79% of precipitation was partitioned to runoff and last day soil

moisture (881 mm). After manually decreasing LAI to simulate the 90% mortality level, the
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partitioning of precipitation into ET and runoff changed (Table 18). First, ET decreased by 86%
(from 234 mm to 33 mm). Secondly, runoff increased by 14% (from 773 mm to 883 mm).

When examining how other water balance components changed from the reference level
to 90% mortality, canopy interception decreased by 30 mm. This resulted in an additional 30 mm
of water reaching the ground at 90% mortality. About 87% (26 mm) of this additional water was
accounted for via snowpack, as seen by the 26 mm increase in the sum of snowmelt from
reference to 90% mortality (Table 18). The remaining 13% (4 mm) of the additional water was
accounted for by rain reaching the ground. No differences were found in snowmelt or snowpack

across the different mortality levels. However, average soil moisture increased by 11% at the

90% mortality level.

Water Balance Variable Reference | 25% LAI 50% LAI 75% LAI 90% LAI
Level Mortality Mortality Mortality Mortality

Actual Evapotranspiration (mm) 201 169 128 71 30

Canopy Interception (mm) 33 25 17 8 3

Sum of Snowmelt (mm) 757 764 772 779 783

Snowmelt Rate (May — June) 0.029 0.029 0.029 0.029 0.029

Average Snowpack (mm) 172 175 178 181 183

Average Soil Moisture (mm) 178 183 190 197 199

Change in Soil Moisture (Initial 92 63 24 1.5 0.6

— Last Day soil moisture) (mm)

Modelled Runoff (mm) 773 784 794 837 883

Last Day Soil Moisture (mm) 108 137 176 199 199

Table 18. Values of water balance variables across the five mortality levels. Sums were

calculated for actual evapotranspiration, canopy interception, snowmelt, and modelled runoff.
Snowmelt rate was calculated as the slope of the exponential regression of daily snowmelt from
May to June. Water holding capacity was set at 200 mm across all mortality levels.

When assessing changes in streamflow metrics from the reference level, annual flow

substantially increased by 14% (885 mm -779 mm / 779 mm) at the 90% mortality level (Table
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19). Across the five mortality levels, peak flow minimally increased by 1 mm when compared to
the reference level and occurred 3 days later for mortality levels above 25%. The sum of late
summer flow during August increased from 0.74 at the reference level to 13 mm at the 90%

mortality level.

Response Reference | 25% LAI | 50% LAI | 75% LAI | 90% LAI
Metric Level Mortality | Mortality | Mortality | Mortality
Annual Flow 779 790 800 839 885
(mm)

Magnitude of 28 28 29 29 29
Peak Flow

(mm)

Timing of June 28 June 28 July 1 July 1 July 1
Peak Flow

Late Summer 0.74 0.76 0.78 0.84 13
Flow (Aug)

(mm)

Table 19. Values of streamflow metrics across the five mortality levels. Annual flow was the sum
of daily modelled flow in water year 2022. Annual flow notably increased at the 90% mortality
level. Late summer flow was the sum of daily modelled flow during August and notably
increased at the 90% mortality level.

Discussion

In Chapter Three, I assessed the effects of five different levels of whitebark pine
mortality on water balance variables (maximum snowpack, sum and rate of snowmelt,
streamflow metrics) using the same daily hydrologic model with all improvements I added in
Chapter Two. More specifically, I quantified the extent to which each water balance variable
changed in response to increasing levels of simulated mortality by manually reducing Leaf Area
Index (LAI) to model the following levels: 25%, 50%, 75%, and 90% mortality. I found that the

maximum snowpack and the sum and rate of snowmelt did not change across any of the
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mortality levels. However, soil moisture, annual flow, and late summer flow during August

notably increased only in the 90% mortality level.

Canopy Effects on Water Balance

Evapotranspiration. When assessing the partitioning of water input in Beehive Basin at

the reference mortality level, 21% of annual precipitation was partitioned as evapotranspiration.
This partitioning of precipitation into ET was relatively low compared to estimates of 50% for a
coniferous subalpine watershed (Lin et al. 2011). This low ET partitioning is likely due to the
high-elevation and cold temperatures at Beehive basin relative to the northwestern U.S. It also
indicates that trees in Beehive Basin may not have exerted a strong influence on hydrologic
processes. It should be noted that the 2021 National Land Cover Database categorized 30% of
the watershed as evergreen forest area (land dominated by trees more than 5 meters tall and
greater than 20% of total cover), with the remaining 70% primarily consisting of shrub/scrub.
Additionally, Beehive Basin is a high-elevation subalpine watershed that experiences extended
cold temperatures and a relatively short growing season (Goulden and Bales 2014). Thus, with
30% of the watershed being classified as forested, along with a limited growing season and
subsequently lower transpiration rates, these characteristics can explain why a relatively low ET
value was observed in Beehive Basin.

When observing how actual evapotranspiration (AET) changed in response to the
increasing levels of mortality, I found that AET decreased by 16%, 46%, 65%, and 85% across
the 25%, 50%, 75%, and 90% mortality levels respectively (Table 18). Considering that AET
was adjusted according to a multiplier derived from LAI, this reduction was to be expected.

However, it is important to note that the LAI reductions did not directly equate to the same AET
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reduction (e.g. 25% decrease in LAI did not result in a 25% decrease in AET). This nonlinear
relationship is due to AET also being limited by soil moisture, where additional tree mortality led
to increases in soil moisture and therefore more water available for AET.

Snowpack and Snowmelt. Considering that trees can intercept up to 20-30% of snowfall

(Montesi et al. 2004), I predicted that snowpack and the sum of snowmelt would increase with
increased tree mortality (reduced interception). However, I found no substantial differences in
maximum snowpack or sum and rate of snowmelt across the five mortality levels. This is due to
the model calibration resulting in a low canopy interception rate due to low canopy cover.
Canopy interception, which is calculated as a factor of LAI, sublimated only 3.6% (33 mm) of
total precipitation in the reference level (current conditions) (Figure 15). This canopy
interception % was relatively low compared to other studies which have estimated canopy
sublimation to account for 20-40% of total snowfall (Pomeroy et al. 1998; Montesi et al. 2004;
Lundquist et al. 2021). This low canopy interception % can be attributed to the limited forested
area (30%) in Beehive Basin and the corresponding low LAI values (watershed average of 0.3
from April to September 2022). Typical whitebark pine forests have LAI values ranging from 1.0
to 3.0 (Sala et al. 2001). The lower LAI values observed in Beehive Basin compared to typical
ranges are likely due to the forest's low density. This also explains why snowmelt rates did not
substantially change across the mortality levels, with only a 3% increase in snowmelt in the 90%
mortality level as compared to the reference level. With a small percentage of forested area
(30%), there were likely not enough trees to shade the snow and impact melt rates. Consequently,

increasing tree mortality had minimal influence on snowmelt rates. Thus, my finding suggests
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that the short-term effects of trees on snowpack and snowmelt are not substantial in this
watershed and potentially other mountainous watersheds that have 30% forest land cover or less.

Soil Moisture. Despite the relatively low ET partitioning and low canopy interception,
both of which were adjusted by LAI I found that soil moisture changed considerably under high
mortality levels. Soil moisture substantially increased for the 90% mortality level due to several
factors (Figure 16). From the reference level to the 90% mortality level, the change in A soil
moisture (initial soil conditions minus last day soil moisture level) was a 91 mm increase. This
additional soil water was attributed to reduced canopy interception and reduced actual
evapotranspiration (AET). As LAI decreased with increasing tree mortality, the forest canopy
was less effective at intercepting precipitation, allowing an additional 30 mm of precipitation to
reach the soil. Additionally, AET decreased by 169 mm as LAI decreased at 90% mortality. In
the model, I observed that 59 mm of the 169 mm decrease in AET contributed to soil moisture,
with the remaining 110 mm contributing to the increase in modelled runoff. Thus, 33% (30 mm
of 91 mm) of the increase in soil moisture can be attributed to reduced canopy interception
whereas 67% (60 mm of 91 mm) of the increase in soil moisture can be attributed to reduced
AET. As a result, average soil moisture consistently remained near the water holding capacity
(200 mm) for the 90% mortality level (Figure 16), which can explain the increase in late summer

flow as discussed further below.
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Figure 15. Annual averages (mm) of soil moisture and snowpack and annual sums (mm) of
actual evapotranspiration (AET), canopy interception, snowmelt, flow, and late summer flow
(August) as percentages of precipitation. Each of these percentages were calculated across each
mortality level to show how the partitioning of precipitation changed in response to increasing
mortality. Using P = ET + Q (precipitation = evapotranspiration [AET + canopy interception] +
runoff), the only variables that add up to 100% within each mortality are the variables involved
in this equation. Note that the sum of AET, canopy interception, and annual flow exceed 100%
because of initial soil moisture levels that contributed to AET (which was not accounted for
through precipitation).

Canopy Effects on Streamflow Metrics

With increasing simulated tree mortality, | initially predicted that annual flow and late
summer flow would increase. My findings support my predictions since modelled flow
substantially increased at the 90% mortality level by 14% (Table 19). As indicated in the

previous paragraph, the increase in modelled flow and increase in soil moisture was due to a
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decrease in actual evapotranspiration. Additionally, late summer flow during August substantially
increased in the 90% mortality level. This increase can be explained by a combination of
saturated soils and summer precipitation immediately running off when little to no living
vegetation exists to move water stored in soil back to the atmosphere. For example, at the 90%
mortality level, soil moisture was close to or at water holding capacity (200 mm) for most of
August (Figure 16). In August 2022, 31 mm of summer precipitation occurred. About 13 mm of
the 31 mm of summer precipitation became surface runoff when soil was saturated and could not
absorb any additional water. This explains why 13 mm of late summer flow was observed in the
90% mortality level (Table 19). Therefore, in this scenario the increase in late summer flow was

attributed to soil saturation and all additional summer rain immediately running off.
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Figure 16. Modelled flow (solid lines) and soil moisture (dotted lines) across all mortality levels
from June 20th to September 30. Water holding capacity was set to 200 mm (solid green line).
Late summer flow during August substantially increased during the 90% mortality level. This
increase in flow is associated with the soil reaching water holding capacity, causing 42% of
summer precipitation to result in streamflow.
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Impact of Forest Composition on Water Balance and
Streamflow Metrics

Based on the 2009 NPS whitebark pine distribution map, I initially expected whitebark
pine to dominate Beehive Basin. However, my field observations in 2022 revealed a less
dominant presence than anticipated, with live whitebark pine averaging 60% of the stand
composition. The remaining 38% were subalpine fir with the other 2% Engelmann spruce. This
underestimation highlights the need to update the NPS distribution map to reflect recent
whitebark pine mortality.

Considering that live whitebark pine accounted for 60% of stands, I used weighted
averages to isolate the effect of whitebark pine mortality on modelled flow. Whitebark pine
mortality contributed to an 8% increase (60% of 14% total increase) in modelled flow for the
90% mortality level. However, considering the variable species composition in Beehive Basin,
my findings underscore the need to account for species-specific differences in water uptake when
assessing the impact of tree species on streamflow at the watershed scale. For instance, previous
research by Sala et al. (2001) demonstrated that subalpine fir uses more water than whitebark
pine at the stand level. Therefore, while projected whitebark pine decline may initially lead to
increased water availability for streams, factoring in the potential establishment of species with
higher water use suggests a possible long-term decline in overall streamflow. Future studies
should not only evaluate streamflow dynamics in other whitebark pine dominated watersheds,
but also focus on how potential shifts in species composition may impact water uptake, ET

partitioning, canopy interception, and long-term streamflow.



89

Management Implications

The substantial increases in modelled soil moisture and late summer flow with increasing
tree mortality can offer multiple insights for whitebark pine from a management perspective.
Increased soil moisture can enhance tree regeneration by increasing seedling recruitment,
especially in the high-elevation subalpine forests that consist of soils with typically a low water
holding capacity and low soil moisture levels (Moyes et al. 2015). Higher soil moisture levels
can also contribute to a faster post-disturbance recovery by providing additional water for
regeneration and reducing probability of wildfire (Wilson et al. 2015). Increased late summer
flow during the late growing season can also enhance tree resilience by providing additional
water during drought (Hoover et al. 2021). However, these benefits come with potential
consequences. Increased soil moisture can create favorable conditions for the spread of fungal
diseases and root rot, leading to tree mortality and stand decline (Froelich and Snow 1986).
Additionally, considering that soils were mostly at water holding capacity during the 90%
mortality level for Beehive Basin, saturated soils can lead to increased susceptibility to flooding,
soil erosion, and landslides, particularly during heavy precipitation events (Saco et al. 2021).
Therefore, forest management strategies need to carefully consider the trade-offs of increased
soil moisture and develop adaptive approaches that balance the benefits and mitigate the
potential risks. This may involve implementing practices like thinning to regulate moderately
dense stands and to maintain sufficient soil moisture and water retention (Sankey and Tatum
2022). Strategic tree removal practices such as thinning and prescribed burning can additionally
support regeneration establishment and growth. Considering that whitebark pine can be
outcompeted and replaced by more shade-tolerant species (Arno and Hoff 1989; Laufenberg et

al. 2020), as observed with the 38% proportion of subalpine fir in Beehive Basin, one
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management option is to consider removing competing species. Restoring whitebark pine forests
to their natural fire regime through prescribed fires could naturally suppress competing species.
Whitebark pine's adaptations, such as slender crowns and deep roots, can help it survive in fire-

prone ecosystems (Keane 2018).

Limitations and Future Implications

While results from this chapter offer valuable insights, several considerations must be
taken into account for interpretation. Firstly, no substantial differences in hydrologic processes
were observed at mortality levels of 25%-50% that are more typical of the decline experienced
by whitebark pine. The primary threats to whitebark pine, which are blister rust and mountain
pine beetle outbreaks, typically unfold over a 5-10 year period and can result in 25%-50%
mortality within one year (Hicke et al. 2020). My lack of substantial differences in water balance
variables and streamflow metrics below the 90% mortality level suggest that whitebark pine
mortality may exert less influence on hydrological processes than previously anticipated in
watersheds with low to moderate forest land cover (30%). However, the 90% mortality level can
be indicative of a potential stand-replacing fire disturbance. In such cases, the observed increases
in soil moisture and late summer flow would lead to short-term increased water availability in
high-elevation watersheds like Beehive Basin until other species establish in the understory and
uptake water.

A second limitation of Chapter Three was that the current forest conditions (reference
level) of Beehive Basin already exhibited substantial whitebark pine mortality, with 56% of all
standing whitebark pine dead. Simulated mortality scenarios were built on baseline watershed

LAI values which included the existing whitebark pine stand, along with other species like
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subalpine fir. Therefore, watershed level mortality scenarios ranging from 25 — 90% represented
additional decline in whitebark pines along with tree dieback for other species. A reference forest
condition with a higher original live canopy cover level (greater LAI) could have led to more
noticeable differences in snowmelt rate, canopy interception, and shading factors as more live
trees transitioned to being mostly dead in the model scenarios. Thus, future research should
consider simulating mortality levels reflecting past conditions with more live whitebark pine or
replicate this study in stands where whitebark pine is healthier.

Another limitation of this study was that the effects of simulated mortality levels were
only evaluated in the short term. These mortality scenarios primarily reflect immediate, one-year
effects on hydrologic metrics. Note that in Beehive Basin, I only had one year of field
streamflow data to rely on for simulation purposes. Significant research indicates that streamflow
regimes can undergo further changes within 10-15 years after a mortality disturbance. For
example, late summer flows have been found to temporarily increase and switch to deficits
following several decades post-disturbance due to rapid regeneration (Perry and Jones 2017).
Therefore, future research should conduct sensitivity analyses over a multi-decade period to
better reflect stand dynamics of whitebark pine mortality and its impact on hydrological
processes.

Lastly, given the limitations of using a hydrological model that assumed spatial
homogeneity throughout the watershed, future research could repeat this study by using a
physics-based model to account for processes at a finer resolution. For example, the model used
in this study did not account for differences in canopy and ground sublimation, shading of

individual trees, snowmelt through tree radiation, or slope or aspect effects on snowmelt. By
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using a more sophisticated model that accounts for these energy balance processes, more
accurate estimates of changing hydrologic processes may be obtained as whitebark pine

mortality continues to increase.

Conclusion

In snow-dominated, high-elevation forests, whitebark pine is thought to protect snowpack
and prolong streamflow later into the growing season. With more whitebark pine mortality
anticipated in the future, there is a concern that water availability will decrease. However, my
findings deviate from this traditional perception and suggest that whitebark pine’s influence on
hydrologic processes may be more nuanced. In an open whitebark pine-dominated watershed,
where trees evapotranspired 20% of precipitation, my hydrologic model showed that tree
mortality across varying extents (25%, 50%, 75%, and 90%) did not substantially affect
maximum snowpack or the sum and rate of snowmelt. Notably, soil moisture, late summer flow
(August), and annual flow substantially increased only when mortality reached a threshold
between the 75% and 90% levels across the watershed. However, because whitebark pine
mortality typically unfolds over multiple years from blister rust and bark beetle outbreaks, a
modelled mortality level ranging from 25-50% within one year is likely more representative for
evaluating mortality effects on hydrologic processes as compared to mortality rates >75%. Given
that the 50% mortality level did not substantially affect any hydrologic process, my findings
suggest that simulated whitebark pine mortality did not affect snowpack or streamflow in
Beehive Basin and in turn, live whitebark pine did not substantially protect snowpack or prolong
streamflow in this watershed. Note that Beehive Basin had a relatively low LAI compared to

typical whitebark pine forests, suggesting that impacts of mortality on streamflow metrics would
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have been more notable had this site consisted of an entire healthy, live whitebark pine stand
(with higher LAI values). Additionally, my sensitivity analysis modelled tree mortality impacts
for only one year and did not account for multi-year compounded tree mortality or regeneration,
thus limiting my findings to short-term effects. Future research should investigate longer-term
impacts (5-15 years post-disturbance) and incorporate regeneration dynamics, as well as species
differences in water usage. Evaluating and incorporating evapotranspiration rates for different
species will be particularly important in future research as whitebark pine continues to decline
and is replaced by different subalpine species like subalpine fir. By addressing these limitations,
future research can provide a more comprehensive understanding of whitebark pine's influence
on hydrology in the context of long-term mortality and changing species composition within a

watershed.
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Watershed Point 1 Coordinates Lat/  Point 2 Coordinates (Lat Point 3 Coordinates (Lat/ USGS
Long & (Elevation) / Long) & Elevation Long) & Elevation Streamgage
Number
Buffalo Fork 43.831049, 43.880086, 43.850017, 13011900
-110.487032 -110.103221 -110.016286

(6885 ft) (8656 ft) (10112 ft)
Upper Wind 43.618215, 43.694755, 43.780399, 06218500
River -109.794033 -109.879219 -109.949472

(7441 ft) (8730 ft) (10149 ft)

Table A-1. Gage numbers used to quantify measured river flow for the watersheds and
coordinates and elevations of the three points used to represent the climate at different elevations
(low, middle, high) in the watersheds.

Weather Coordinates (Lat  Elevation (ft) Precipitation R? Temp Max R>  Temp Min R?
Station / Long)
Moran 43.85664, 2074.2 .539 963 942
-110.5888
Base 43.95, 2142.7 764 .989 .980
-110.45
Burro 43.8397, 2511.6 NA 955 .93
-110.3708
Togwotee 43.75, 2920 .874 976 956
-110.06

Table A-2. Daymet accuracy measured against station measurements in the Buffalo Fork
watershed. Coefficients of determination (R?) are from regression of station versus Daymet
variables at the daily time-step from 1981-2022. Burro Weather station had data only from 1990-
2022 available.
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Upper Wind River
Water balance parameters Value Units
Watershed areca 232 square miles
proportion of rain that runs off directly to stream July
Monsoon direct runoff fraction 0.02 through October
proportion of rain that runs off in all other months if
Direct runoff fraction 0 precipitation falls as rain
temperature where 50% of precipitation falls as rain and
Jennings Coefficient 4.1 50% falls as snow, deg C.
Hock Max 2.2 maximum degree day melt factor, mm/C/day
degree day melt factor for snow when not raining,
Exponential Slope for Hock 1 mm/C/day
factor multiplied by daily Leaf Area Index (LAI); product
LAI-adj PET Scaling Factor 1.9 then multiplied by PET to adjust PET
value multipled by daily LAI and then subtracted from
Rain Interception 0.3 Precipitation for rain interception, mm/day
value multipled by daily LAI and then subtracted from
Snow Interception 0.35 Precipitation for snow interception, mm/day
Soil water holding capacity 150 water holding capacity of soil profile (mm)
Slope 10 slope (degrees)
Aspect 245 slope orientation (degrees)
Shade 1 multiplier for adjusting potential evapotranspiration
Hydrologic parameters
quick slow very slow
a 0.92 0.97 0.999
b 0.019 0.01 4.29E-04 sum
proportion of total flow  0.238 0.333 0.429 1
Performance metrics
NSE Daily R>  Monthly R>  Annual R?
0.805 0.843 0.919 0.8405
Water partitioning
Evapotranspiration Streamflow
54.98% 45.02%

Table B-1. Water balance parameters, hydrologic parameters, performance metrics, and water
partitioning values after final model calibration for the Upper Wind River watershed. Calibration
period was done from 2003-2022 water years.
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Buffalo Fork
Water balance parameters Value Units
Watershed area 323 square miles
Monsoon direct runoff fraction 0.0 ?ﬁfffgﬁ%lcﬁj ;:;n that runs off directly to stream July
Direct runoff fraction . gigfi%ﬁz?oif gﬁrsl ;};ar; li*ﬁns off in all other months if
Jennings Coefficient iy georgi)efz?it:zes \:;1:\1: 32;& éf precipitation falls as rain and
Hock Max 3.5 maximum degree day melt factor, mm/C/day
Exponential Slope for Hock s ?Iff;%e/ ;l:}}]/ melt factor for snow when not raining,
LAl PET Saling Fcr e linied b s Lt A ndx LAD: o
Rain Interception Valufz r'nul.tipled by ‘da.ily LAI qnd then subtracted from
0.03 Precipitation for rain interception, mm/day
Snow Interception Valu§ r.nul.tipled by daily LAI aqd then subtracted from
0.1 Precipitation for snow interception, mm/day
Soil water holding capacity 150  water holding capacity of soil profile (mm)
Slope 10 slope (degrees)
Aspect 245 slope orientation (degrees)
Shade 1 multiplier for adjusting potential evapotranspiration
Hydrologic parameters
quick slow very slow
a 097 0.995 0.999
b 0.021 0.001 1.00E-04 sum
proportion of total flow 0.7 0.2 0.1 1
Performance metrics
NSE Daily R>  Monthly R*  Annual R?
0.801 0.806 0.904 0.9611
Water partitioning
Evapotranspiration Streamflow
34.31% 65.69%

Table B-2. Water balance parameters, hydrologic parameters, performance metrics, and water
partitioning values after final model calibration for the Buffalo Fork watershed. Calibration
period was done from 2003-2022 water years.
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Pre-Beetle Annual Flow:

Call:
Tm{formula = AnnualStreamflow ~ Sum.of.AET * Max.of.T, data = WR_preheetle)

Residuals:
1 2 3 4 5 6
-5.407 -2.752 16.359 -1.151 -5.026 -2.023

Coefficients:
Estimate std. Error t value Pr(=1t|)

(Intercept) 8§15.90748 499.17254 1.635 0.244
Sum.of.AET -1.74466 2.13177 -0.818 0.499
Max.of.T -26.39459  28.21424 -0.936 0.448

Sum.of.AET:Max.of.T  0.05396 0.12085 0.447 0.699

Residual standard error: 12.94 on 2 degrees of freedom
Multiple R-squared: 0.9488, Adjusted R-squared: 0.872
F-statistic: 12.35 on 3 and 2 DF, p-value: 0.07583

Figure B-1. Top linear model for predicting annual flow pre-beetle for the Upper Wind River.

Post-Beetle Annual Flow:

Call:
Tm(formula = Annual Streamflow ~ Sum.of.AET + Sum.of.Canopy. Interception,
data = WR_postheetle)

Residuals:
Min 10 Median 30 Max
-52.943 -26.140 -6.383 31.6%94 46.529

Coefficients:
Estimate Std. Error t value Pri=|t|)

(Intercept) 119. 4465 101.1224 1.181 0.262
Sum.of. AET -0.6798 0.3881 -1.752 0.108
Sum.of.Canopy. Interception 1.7966 0.2712 6.624 3.74e-05 ===
S1gnif. codes: 0O *===' Q0,001 “==" Q.01 *=' Q.05 “." 0.1 ° " 1

Residual standard error: 36.97 on 11 degrees of freedom
Multiple R-sguared: 0.8416, Adjusted R-squared: 0.8129
F-statistic: 29.23 on 2 and 11 DF, p-value: 3.963e-05

Figure B-2. Top linear model for predicting annual flow post-beetle for the Upper Wind River.
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Pre-Beetle Magnitude Peak Flow:

Call:
Tm{formula = peak_flow ~ Sum.of.AET + Min.of.T, data = WR_prebeetle)

Residuals:
1 2 3 4 5 [+
183.147 28.938 -41.901 F.751 -42.578 -135.356

Coefficients:
Ezstimate 5td. Error t walue Pri=|t]|)
[(Intercept) 3253.496 789,476 4,121 0.0259% =

Sum.of.AET -5.640 1.615 -3.4%92 0.03597 =
Min.of.T 59.458 34.737 1.712 0.1855
Signif. codes: © f===' 0,001 f==' Q.01 f=' Q.05 ‘." 0.1 ¢ ' 1

Residual standard error: 137 on 3 degrees of freedom
Multiple R-=sgquared: 0O.3435, Adjusted R-squared: 0.7392
F-statistic: 8.08% on 2 and 3 DF, p-value: 0.08191

Figure B-3. Top linear model for predicting peak flow magnitude pre-beetle for the Upper Wind
River.

Post-Beetle Magnitude Peak Flow:
Call:
Tm({farmula = peak_flow ~ Sum.of.MELT + SlopeMelt_MarJun, data = WR_postheetle)

Residuals:
Min 10 Median 30 Max
-390.95% -85.79 -15.55 83.67 318.20

Coefficients:

Estimate 5td. Error t© value Pri=|t]|)
[(Intercept) -53%96. 8072 366.9224 -1.627 0.1321
Sum.of .MELT 3. 6086 0.5363 B, 457 4.531e-05 ===
SlopeMelt_MarJun 14752.5026 8107.0676 1.520  0.0961 .

Signif. codes: 0O ‘=== 0,001 f==' 0.01 *=' 0.05 ‘." 0.1 ° ' 1

Residual standard error: 192.4 on 11 degrees of fTreedom
Multiple R-squared: 0.8039, Adjusted R-squared: 0.7683
F-statistic: 22.55 on 2 and 11 DF, p-value: 0.0001233

Figure B-4. Top linear model for predicting peak flow magnitude post-beetle in the Upper Wind
River.
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Pre-Beetle Timing of Peak Flow:

Call:
Im{formula = day_of_year ~ Average.of.T + Sum.of.Canopy.Interception,
data = WR_prebeetle)

Residuals:
1 2 3 4 5 6
1.149524 5.347702 -0.007072 -3.358660 -0.660453 -2.471041

Coefficients:

Estimate std. Error € value Pr(s|tl)
(Intercept) 189.49266 17.96653 10.547 0.00182 **
Average.of.T -23.76848 2.99907 -7.925 0.00419 =**
sum. of .Canopy. Interception 0.06583 0.10074 0.653 0.56010

Signif. codes: (O “***' Q0.001 ***' 0.01 **’ 0.05 *.” 0.1 * " 1

Residual standard error: 3.989 on 3 degrees of freedom
Multiple R-squared: 0.9587, Adjusted R-squared: 0.9312
F-statistic: 34.82 on 2 and 3 DF, p-value: 0.008393

Figure B-5. Top linear model for predicting peak flow timing pre-beetle for the Upper Wind
River.

Post-Beetle Timing of Peak Flow:

Call:
Tm{formula = day_of_wear —~ Sum.of.AET + Min.of.T, data = WR_postbeetle)

Resdiduals:
Min 1] Median 30 Max
-18.557 -3.051 -1.5&5 5.516 12.606

Coefficients:

Ezstimate 5td. Error t wvalue Pri=|t]|)
(Intercept) 188.5063% 24,.98511 F.545 1.14e-05 ===
Sum.of.AET -0, 23159 0.08642 -2.680 0.0214 =
Min.of.T -0, 72267 0.86933 -0.831 0.4235

Signif. codes: © f#==' 0,001 ‘==' 0,01 “*=' Q.05 “.' 0.1 ° ' 1

Residual standard error: 8.395 on 11 degrees of fresdom
Multiple R-squared: 0.4151, Adjusted R-squared: ©O.30838
F-statistic: 3.903 on 2 and 11 DF, p-value: 0.03236

Figure B-6. Top linear model for predicting peak flow timing post-beetle for the Upper Wind
River.
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Pre-Beetle Late Summer Flow:

call:
Im(formula = sum_late_summer_flow ~ Max.of.PACK + Min.of.T, data = WR_prebeetle)

Residuals:
1 2 3 4 5 6
-0.90438 0.91451 -0.05569 1.71744 -1.81288 0.14101

Coefficients:

Estimate Std. Error t value Pr(>|t])
(Intercept) 35.40603 10.31296 3.433 0.0414 =
Max.of.PACK 0.05359 0.01435 3.734 0.0335 =
Min.of.T 1.24912 0.42519 2.938 0.0606 .

Signif. codes: 0 ‘***° 0.001 **=' 0.01 “*" 0.05 “." 0.1 * "1

Residual standard error: 1.624 on 3 degrees of freedom
Multiple R-squared: 0.9101, Adjusted R-squared: 0.8502
F-statistic: 15.19 on 2 and 3 DF, p-value: 0.02695

Figure B-7. Top linear model for predicting late summer flow pre-beetle for the Upper Wind
River.

Post-Beetle Late Summer Flow:

Call:
Tm(formula = sum_late_summer_flow ~ Average.of.T * Sum.of.MELT,
data = WR_postheetle)

Residuals:
Min 10 Median 30 Max
-2.8963 -1.B0&80 -0.8421 1.5%460 6.1253

Coefficients:
Estimate Sstd. Error t wvalue Pri=|t])

(Intercept) -61.57070  14.80588 -4.159 0.001953 **
Average.of.T 25.91739  6.31744 4.103 0.002136 **
Sum. of .MELT 0.26233 0.03810 6.885 4.27e-05 **=

Average.of.T:Sum.of.MELT -0.07901 0.01662 -4.755 0.000774 ===

Signif. codes: O *#*=' 0.001 “==' 0.01 **' 0.05 ".7 0.1 ° " 1

Residual standard error: 3.053 on 10 degrees of freedom
Multiple R-squared: 0.9308, Adjusted R-squared: 0.9101
F-statistic: 44.85 on 3 and 10 DF, p-value: 4.166e-06

Figure B-8. Top linear model for predicting late summer flow post-beetle for the Upper Wind
River.
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Pre-Beetle & Pre-Fire Annual Flow:

Call:
Im{formula = AnnualStreamflow ~ Max.of.PACK + Sum.of.RAIN, data = BF_prefire)

Residuals:
1 z 3 4 5 & 7 &
7.143 -63.970 30,383 -16.356 -9,835 17.247 26.8099% -11.460

Coefficients:

Eztimate Std. Error t wvalue Pri=|t|)
(Intercept) -237.4313 104.1032 -2.281 0.071473 .
Max.of . PACK 1.4085 0.1298 10.851 0.000115 ===
Sum. of . RAIN 0. 2081 0. 3630 2.226 0.078550 .

Signif. codes: © f===7 0,001 “==' Q.01 *=" 0.05 .7 0.1 F ' 1

Residual standard error: 40.49 on 5 degrees of freedom
Multiple R-squared: 0.9594, adjusted R-squared: 0.9432
F-statistic: 59.0%9 on 2 and 5 DF, p-value: 0.000332

Figure B-9. Top linear model for predicting annual flow pre-beetle and pre-fire in the Buffalo
Fork.

Post-Beetle & Post-Fire Annual Flow:

Call:
Tm{formula = Annuvalstreamflow ~ Average.of.T + Max.of.PACK, data = BF_postfire)

Residuals:
Min 13 Median 30 Max
-65.724 -31.979 -1.269 28.403 79.788

Coefficients:

Estimate 5td. Error t wvalue Pri=|t]|)
(Intercept) -247.3488 107.4110  -2.305 0.0546 .
Average.of.T £9.9441 31,3999 2.228 0.0812 .
Max.of . PACK 1.4547 0.1393 10,445 1.6e-03 ===

Signif. codes: O f===' 0,001 ‘==" Q.01 =" 0.05 “." 0.1 ° ' 1

Residual standard error: 48.97 on 7 degrees of freedom
Multiple R-squared: ©0.93%97, Adjusted R-squared: ©0.9223
F-statistic: 54.3% on 2 and 7 OF, p-value: 5.381e-0%

Figure B-10. Top linear model for predicting annual flow post-beetle and post-fire in the Buffalo
Fork.
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Peak Flow Magnitude Pre-Beetle and Pre-Fire:

Call:
Im(formula = peak_flow ~ Sum.of .RAIN + Sum.of.W...PET, data = BF_prefire)

Residuals:
1 2 3 4 5 6 7 8
481.67 -132.11 399.58 153.55 -611.82 -436.39 212.75 -67.23

Coefficients:
Estimate Std. Error t value Pr(=|t|)
(Intercept) 4447 . 738 902.821 4.926 0.00437 *=*

Sum. of . RAIN -13.525 4.131 -3.274 0.02210 *
Ssum.of.w...PET 6.247 1.090 5.733 0.00226 **
Signif. codes: 0 ‘***’ 0.001 ‘**' 0.01 ‘*’ 0.05 “.” 0.1 * "1

Residual standard error: 457.7 on 5 degrees of freedom
Multiple R-squared: 0.8835, Adjusted R-squared: 0.837
F-statistic: 18.97 on 2 and 5 DF, p-value: 0.004629

Figure B-11. Top linear model for predicting peak flow magnitude pre-beetle and pre-fire for the
Buffalo Fork.

Peak Flow Magnitude Post-Beetle and Post-Fire:

Call:
Tm{formula = peak_flow ~ Max.of.PACK + SlopeMelt_Marlun, data = BF_postfire)

Residuals:
Min 13 Median 30 Max
-598,87 -141.57 -21.69 g80.85 B852.45

Cosfficients:

Estimate 5td. Error t wvalue Pri=|t|)
(Intercept) 2795 .046 1275.035 2.192 0.06445 .
Max. of . PACK 5.691 1.191 4.779 0.00202 ==
SlopeMelt_MarJun -30073.386 17435.122 -1.725 ©0.12818

Signif. codes: © f=*=' 0.001 “==' Q.01 “=' ©0.05 *.' 0.1 ¢ ' 1
Residual standard error: 419 on 7 degrees of freedom

Multiple R-sguared: 0.8154, Adjusted R-squared: 0.7827
F-statistic: 15.46 on 2 and 7 DF, p-value: 0.002703

Figure B-12. Top linear model for predicting peak flow magnitude post-beetle and post-fire for
the Buffalo Fork.



123

Peak Flow Timing Pre-Beetle and Pre-Fire:

Call:
Im(formula = day_of_year ~ Sum.of.AET + Max.of.T, data = BF_prefire)
Residuals:

1 2 3 4 5 6 7 8

-3.053 -9.994 15.651 -2.255 -4.481 -5.860 3.998 5.993

Coefficients:
Estimate Std. Error t value Pri=|t|)
(Intercept) 384.2391 52.7590 7.283 0.000764 =*=

Sum.of .AET  -0.1816 0.1313 -1.383 0.225367
Max.of.T -10.1465 2.5297 -4.011 0.010213 =
Signif. codes: 0 *#**° (0.001 ‘*==' 0.01 **=" 0.05 *." 0.1 ° "1

Residual standard error: 9.649 on 5 degrees of freedom
Multiple R-squared: 0.7802, Adjusted R-squared: 0.6922
F-statistic: 8.873 on 2 and 5 DF, p-value: 0.02266

Figure B-13. Top linear model for predicting peak flow timing pre-beetle and pre-fire for the
Buffalo Fork.

Peak Flow Timing Post-Beetle and Post-Fire:

Call:
Tmi{formula = dayv_of_wvear ~ Max.of.PAlK * Average.of.T, data = BF_postfire)

Residuals:
Min 13 Median 30 Max
-5.9449 -2.4579 0.7087 1.2152 6.1452

Coefficients:
Estimate 5td. Error t wvalue Pri=|t|)

(Intercept) 247.18814 42.02076 5.883 0.00107 ==
VMax. of . PACK -0.1939% 0.08484 -2.2%2 0.00179 .
Average.of.T -34. 66555 17.1259%2 -2.024 0.08%944 .

Max.of.PACK:Average.of. T 0.07924 0.03500 2.264 0.06422 .

Signif. codes: 0 f#==' 0,001 °‘==' 0,01 *=' Q.05 “." 0.1 ¢ ' 1

Residual standard error: 4.948 on & degrees of freesdom
Multiple R-sguared: 0.5268, Adjusted R-squared: 0.2901
F-statistic: 2.226 on 3 and & DF, p-value: 0.1858

Figure B-14. Top linear model for predicting peak flow timing post-beetle and post-fire for the
Buffalo Fork.
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Late Summer Flow Pre-Beetle and Pre-Fire:

Calls:
Im{formula = sum_late_summer_Fflow ~ Sum.of.MELT + S0IL_latesummer_min,
data BF_prefire)

Residuals:
1 2 3 4 5 53 Fi 8

-10.446 -9.114 10.83F7 -1.596 b.542 -2.417 -2.821 9. 015
Coefficients:

E=stimate 5td. Error t wvalue Pri=|t|)
(Intercept) -70. 30761 19.63250 -3.581 0.01586 =
Sum.of .MELT 0.19522 0.02919 6.687 0.00113 ==
SOIL_Tlatesummer_min 1.10558 0.58733 1.881 ©0.11876
Signif. codes: 0 “===' Q0.001 “==" 0.01 ‘= 0.05 *“." 0.1 ¢ " 1
Fezidual standard error: 9.437 on 5 degrees of freedom
Multiple R-squared: 0.9139, Adjusted R-squared: 0.8795

F-=tatistic: 26.534 on 2 and 5 DF, p-wvalus: 0.002173

Figure B-15. Top linear model for predicting late summer flow pre-beetle and pre-fire for the
Buffalo Fork.

Late Summer Flow Pre-Beetle and Post-Fire:

call:
Tm{formula = sum_late_summer_flow ~ Max.of.PACK + SOIL_latesummer_min,
data = BF_postfire)

Residuals:
Min 10
-5.6913 -2.9192

Median 30 Max
0.0938 1.7849 §&.2818

Coefficients:

Estimate Std. Error t wvalue Pr{=|t]|)
{Intercept) -17.84502 7.44722  -2.396 0.0477 =
Max.of.PACK 0.12901 0.01259 10.251 1.82e-05 #*=
SOIL_Tlatesummer_min 0.37712 0.18986 1.986 0.0874
Signif. codes: 0 °***=' 0.001 *==" 0.01 =" 0.05 *.” 0.1 * " 1

Residual standard error: 4.502 on 7 degrees of freedom
Multiple R-squared: 0.9431, Adjusted R-squared: 0.9269
F-statistic: 58.03 on 2 and 7 DF, p-value: 4.389%9e-05

Figure B-16. Top linear model for predicting late summer flow post-beetle and post-fire for the
Buffalo Fork.



	IMPACTS OF FOREST MORTALITY ON STREAMFLOW IN WHITEBARK PINE FORESTS WITHIN THE GREATER YELLOWSTONE ECOSYSTEM
	©COPYRIGHT
	DEDICATION
	ACKNOWLEDGEMENTS
	TABLE OF CONTENTS
	TABLE OF CONTENTS CONTINUED
	TABLE OF CONTENTS CONTINUED
	LIST OF TABLES
	LIST OF TABLES CONTINUED
	LIST OF TABLES CONTINUED
	LIST OF TABLES CONTINUED
	LIST OF FIGURES
	LIST OF FIGURES CONTINUED
	LIST OF FIGURES CONTINUED
	LIST OF FIGURES CONTINUED
	ABSTRACT
	EXECUTIVE SUMMARY
	CHANGES IN STREAMFLOW METRICS AFTER FOREST DISTURBANCE AT THE WATERSHED SCALE
	Summary
	Introduction
	Hydrologic Role of Forests
	Relationship Between Trees and Evapotranspiration
	Relationship Between Trees and Snowpack
	Relationship Between Trees and Streamflow
	Leaf Area Index as Proxy for Forest Disturbance Effects on Streamflow
	Streamflow Response: Runoff Efficiency Ratio (Q/P), Peak Flow, and Late Summer Q/P
	Research Question & Hypotheses

	Methods
	Study Sites
	Data Sources
	Key Hydrologic Response Metrics – Runoff Efficiency Ratio (Q/P), Peak Flow, Late Summer Flow, and LAI
	Statistical Tests

	Results
	Annual Q/P
	Peak Flow – Magnitude and Timing
	Late Summer Q/P
	Leaf Area Index

	Discussion
	Upper Wind River – Beetle Outbreak
	Buffalo Fork – Beetle Outbreak and Fire
	Management Implications

	Conclusion

	DRIVERS OF STREAMFLOW BEFORE AND AFTER DISTURBANCE
	Summary
	Introduction
	Background
	Hydrologic Model Overview
	Hydrologic Model Improvements
	Research Question and Hypotheses

	Methods
	Hydrologic Model Calibration
	Hydrologic Model Improvements
	Influential Drivers of Streamflow

	Results
	Hydrologic Model Improvements
	Final Hydrologic Model Calibrations
	Influential Drivers of Streamflow – Upper Wind River
	Influential Drivers of Streamflow – Buffalo Fork

	Discussion
	Hydrologic Model Improvements
	Final Hydrologic Model Calibrations
	Influential Drivers of Streamflow & Tree Mortality Effects – Upper Wind River (Beetle Outbreak)
	Influential Drivers of Streamflow & Tree Mortality Effects – Buffalo Fork (Beetle Outbreak and Fire)
	Limitations
	Management Implications

	Conclusion

	SENSITIVITY ANALYSIS OF STREAMFLOW TO WHITEBARK PINE MORTALITY
	Summary
	Introduction
	Background
	Research Question

	Methods
	Site Selection
	Streamflow Measurements
	Forest Metrics
	Sensitivity Analysis with Hydrologic Model

	Results
	Streamflow Field Data
	Forestry Metrics
	Model Calibration
	Sensitivity Analysis with Hydrologic Model

	Discussion
	Canopy Effects on Water Balance
	Canopy Effects on Streamflow Metrics
	Impact of Forest Composition on Water Balance and Streamflow Metrics
	Management Implications
	Limitations and Future Implications

	Conclusion

	REFERENCES CITED
	APPENDICES
	CHAPTER 1 APPENDIX
	CHAPTER 2 APPENDIX


