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Civil and Environmental Engineering

Human activities, especially dam construction, greatly modify the response of river
thermal regimes to climate change. Dams impound large water bodies, decrease surface to
volume ratios, and increase water residence times. All of these changes affect the interaction
between surface meteorology and river systems. During warm seasons, surface energy fluxes can
only warm a reservoir’s top layer (epilimnion) while the bottom layer (hypolimnion) remains
cold. As a result, the cold hypolimnetic releases greatly depress downstream river temperatures.
Additionally, reservoir releases during cold seasons can increase downstream river temperatures.
Thus far, most large-scale stream temperature studies have ignored seasonal thermal
stratification and therefore underestimated the regulation impacts on downstream fluvial thermal
regimes. In the papers that constitute this dissertation, I synthesized a physically-based model
framework to simulate regulated river flow and temperature, explicitly considering the impacts
of reservoir thermal stratification. This model framework laid the basis of this dissertation and
was applied in all subsequent analyses. In Chapter 2, I applied this model framework in the
southeastern United States and investigated the impacts of reservoir regulation and climate

change on mean summer river temperature and cooling potentials, a metric designed to evaluate



the compound impact of river flow and temperatures. Under climate change, summer river
temperatures in the regulated rivers will remain colder compared to those in the unregulated
rivers but under climate change the effect does not carry as far downstream. The impact of
reservoir regulation on cooling potentials remains strong for rivers heavily influenced by thermal
stratification, but under climate change higher river temperatures will decrease cooling potentials
for all river segments.

In Chapter 3, I examined extreme fluvial thermal events, i.e., high river temperatures, so
as to facilitate risk management for regional aquatic ecosystem and power sectors. We
introduced a standard characterization with three attributes, i.e., duration-intensity-severity, to
quantify the climate change impacts on thermal extremes in a regulated river system. Thermal
extremes will be greatly exacerbated by climate change. In the baseline (unregulated) scenarios,
duration, intensity, and severity are projected to increase to 85.6 day/year (+77.4 day/year), 5.2
°C (+4.4°C), and 193.4 °C-day/year (+187.9 °C-day/year), respectively, by the 2080s under
RCP8.5, with values in parentheses indicating the changes relative to the historical, unregulated
values. Even though reservoir mitigation impacts are projected to be stronger, only 12.2%,
19.7%, and 26.0% of duration, intensity, and severity by the 2080s under RCP8.5 can be
mitigated by reservoir regulations.

In Chapter 4, 1 projected potential fish distribution due to climate change in the highly
regulated Tennessee River. By coupling the model framework for regulated river systems
described in Chapter 2 with a species distribution model, I simulated fish presence probability
for historic and future periods considering the effects of dams on flow, thermal regime, and reach
connectivity. The number of stream segments that are environmentally suitable for an exotic and
lucrative rainbow trout, a coldwater species, will greatly shrink under climate change. Only 4.4%
of historically suitable streams will remain, mostly located at reservoir tailwaters. For endemic
coolwater species, projected higher river temperature may facilitate their expansion, but it will be

constrained due to the physical blockage of dams.
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Chapter 1 INTRODUCTION

1.1. BACKGROUND

Fluvial thermal regimes have been substantially impacted by human activities like damming
(Hanna et al., 1999; van Vliet, Yearsley, Franssen, et al., 2012), deforestation (Yearsley et al.,
2019), urbanization (Nelson & Palmer, 2007), and thermal effluents from thermoelectric power
plants (Madden et al., 2013; Miara et al., 2018). Among these changes, dam-impounded
reservoirs have the most profound impact because they change tailwater thermal regimes and this
effect can persist for hundreds of kilometers. Examples of this include the Burrendong Dam on
the Macquarie River in Australia (Ryan et al., 2014), Glen Canyon Dam on the Colorado River,
Colorado, U.S. (Webb et al., 1999), and Hills Creek Dam on the Willamette River, Oregon, U.S.
(Angilletta et al., 2008). Manmade reservoirs impound large volumes of water, resulting in
increased water storage, smaller surface volume ratio, and increased residence time. All of these
effects modify the interaction between surface meteorology and river systems. Additionally,
deep reservoirs will be thermally stratified during warm seasons, with the reservoir surface layer
(epilimnion) warmed by surface energy fluxes while the bottom layer (hypolimnion) remains
cold. Many dams built their penstock intake near the bottom of the reservoir to ensure that
penstocks are submerged. These releases of cold water from the hypolimnion cool downstream

river temperatures during warm seasons (Chapra, 1997).

Such dam-induced changes of river thermal regime lead to habitat redistribution of
freshwater species (Edwards, 1978; Olden & Naiman, 2010; Stanford & Ward, 1979). In the
biodiverse southeastern U.S. (SEUS), environmental suitability for endemic species was reduced
or compromised by cold hypolimnetic releases from reservoirs (Neves & Angermeier, 1990).
However, this cold tailwater provides an ideal habitat for exotic coldwater species such as
rainbow trout [Oncorhynchus mykiss]. Stocking of rainbow trout at reservoir tailwaters in
Tennessee has attracted state-wide anglers, greatly strengthening the local economy as well as
enhancing recreational opportunities (Charbonneau & Caudill, 2010). In this study, we focused
on rivers instead of reservoirs because the latter have a different biotic system that is often
unique to each dam.

River temperatures are projected to increase under climate change (van Vliet et al., 2011).

The higher river temperature under climate change will put great pressure on aquatic ecosystems



(Sauter et al., 2001). In the Pacific Northwestern United States, the quality and extent of
freshwater habitat of salmon are projected to decrease due to higher river temperature (Mantua,
Tohver, Hamlet, et al., 2010). Southern Appalachian streams are also projected to be warmer
under climate change and will no longer be suitable for endemic coldwater species (McDonnell
et al., 2015). In addition, thermoelectric power plants withdraw cooling water from nearby river
systems and those using once-through cooling techniques release heated thermal effluent back
into the river systems. Higher river temperature can cause capacity deratings and even power
outages because 1) it decreases generators’ cooling efficiency, and 2) the thermal effluents are
constrained by maximum allowable temperature limits set under the Clean Water Act in the
United States (McCall et al., 2016; Raptis & Pfister, 2016). During 2000-2015, 27 out of 36 US
power plant curtailments resulted from high river temperatures (McCall et al., 2016). Liu et al.
(2017) showed that the average generating capacity in the U.S. would, by the 2060s, decline by
12% if environmental regulations are enforced, with power systems in the eastern U.S. most
vulnerable to increases in stream temperature (van Vliet et al., 2016).

It remains a challenge to provide a spatially-consistent evaluation of river temperature and
its impacts on aquatic ecosystem in a complicated river-reservoir system. So far, most
macroscale river temperature studies ignored thermal stratification and therefore underestimated
the regulation impacts on downstream river temperature, especially downstream of large
reservoirs. For example, Li et al. (2015) showed a warm bias of over 10°C in simulated summer
river temperature downstream of Hoover dam. Yearsley et al. (2019) simulated the impact of
stratified reservoirs on downstream temperature and showed a warm bias of as much as 8°C
downstream of a reservoir in Connecticut when dam impoundment was not considered. Both
studies did not account for seasonal thermal stratification. Strzepek et al. (2015) and Boehlert et
al. (2015) did include stratification in their studies but they did not explicitly evaluate the impact

of stratification on downstream river temperature.
1.2. OBJECTIVE AND RESEARCH QUESTIONS

The overarching objective of this dissertation is to better understand the compound impacts of
climate change and reservoir regulation on thermal regimes in a large multi-reservoir system.
The impacts of seasonal thermal stratification are explicitly considered during warm seasons.

During cold seasons, well-mixed reservoirs might increase downstream river temperature. This



dissertation aims to provide a consistent evaluation over a region that spans multiple watersheds,
where water temperature may affect decision making. Environmental agencies regulate
maximum allowable river temperature, constraining a river’s ability to provide cooling water for
power plants. Therefore, I define a “cooling potential” to quantify the thermal energy that a
water body can absorb before exceeding a water temperature threshold. Extreme fluvial thermal
events, especially high river temperature or thermal extremes, have negative impacts on aquatic
ecosystems and power sectors. A credible representation of thermal extremes under climate
change is vital for risk management and mitigation. In addition, as an interdisciplinary
exploration, I incorporate what I learned above to investigate the dam impacts on an aquatic
ecosystem. To be specific, I explored the change of fish habitat forced by the modified flow and
thermal regimes in a regulated river system under climate change.

The research questions I will address in this dissertation are the following:

1. How do reservoir regulation and the resulting thermal stratification modify the
responses of stream temperatures and cooling potential to climate change?

2. How does reservoir regulation affect thermal extremes, i.e., high river temperature
events, in regulated river systems currently and under climate change?

3. How will fish distribution change under climate change in a heavily regulated

river system?

I address each of these questions in Chapters 2, 3, and 4, respectively. To address Question
1, I introduce a synthesized model framework to simulate regulated river flow and temperatures
in Chapter 2, which is the basis for all the subsequent analyses. This model framework consists
of three physically-based models: (1) a macroscale hydrologic model (Variable Infiltration
Capacity model or VIC; Hamman et al., 2018; Liang et al., 1994), (2) a river routing model
(Model for Scale Adaptive River Transport or MOSART; H. Li et al., 2013) coupled with a
water management model (WM; Voisin et al., 2013), and (3) a stream temperature model (River
Basin Model or RBM; Yearsley, 2009, 2012) coupled with a two-layer reservoir thermal
stratification module (2L; Niemeyer et al., 2018). While the development of 2L is not part of this
dissertation, I actively contributed to the development during the early stages of my doctoral
studies and co-authored the paper describing the module (Niemeyer et al., 2018). To address
Question 2 (Chapter 3), I adapt a standard characterization of extreme drought events with

attributes that can support risk management, i.e., duration-intensity-severity, to evaluate climate



change impacts on thermal extremes in a large, regulated river system. The analyses in Chapter 3
are based on the model configurations developed in Chapter 2. To address Question 3 (Chapter
4), I couple the physically-based model framework developed in Chapter 2 with a well-
established species distribution model, Maximum Entropy model (Maxent; Phillips et al., 2006),
to simulate the presence probability for selected fish species. I compare the climate-induced
changes of fish distribution for an exotic and lucrative fish species, rainbow trout, which
currently benefits from cold hypolimnetic releases, and three endemic coolwater fish species,
which are negatively impacted by dam constructions. Chapters 2 and 3 coves the entire SEUS
with 271 major reservoirs in the system, while Chapter 4 focuses on the Tennessee River Basin,

a subregion of the SEUS.



Chapter 2 RESERVOIRS MODIFY RIVER THERMAL
REGIME SENSITIVITY TO CLIMATE CHANGE: A CASE
STUDY IN THE SOUTHEASTERN UNITED STATES

This chapter has been accepted for publication in its current form in the Water Resources
Research. © American Geophysical Union. Used with permission. The supplemental material for

this chapter is provided in appendix A.
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ABSTRACT

Seasonal thermal stratification in reservoirs changes the thermal regime of regulated river
systems as well as stream temperature responses to climate change. Cold releases from reservoir
hypolimnion can depress downstream river temperature during warm seasons. Recent large-scale
climate change studies on stream temperature have largely ignored reservoir thermal
stratification. In this study, we used established models to develop a framework which considers
water demand and reservoir regulation with thermal stratification, and applied this model
framework to the southeastern US. About half of all 271 reservoirs in our study area retain strong
thermal stratification by the 2080s (2070-2099) under RCP8.5 even as median residence times
decrease to 60 days from 69 days in the historic period (1979-2010). Reservoir impacts on
downstream temperatures become slightly weaker in the future because of higher air temperature
and stronger solar radiation. We defined a “cooling potential” to quantify the thermal energy that
a water body can absorb before exceeding a water temperature threshold. In the future, higher
river temperatures will reduce the cooling potential for all river segments, but more so for river
segments minimally impacted by thermal stratification. Reservoir impacts on cooling potential
remain strong for river segments downstream of reservoirs with strong thermal stratification. We
conducted a sensitivity analysis to evaluate the robustness of our findings to errors in the

hydrological simulations. While river segments subject to reservoir regulation are more sensitive



to errors in hydrology than those without regulation impacts, our overall findings do not

materially change due to these errors.
2.1. INTRODUCTION

The objective of the paper is to advance our understanding of the effects of climate change on
thermal regimes in heavily regulated rivers and of climate change as a stress multiplier on
currently existing water resources infrastructure. We are particularly interested in large spatial
domains, as opposed to single reach or small basin studies, to capture the river thermal
constraints on regional power networks as well as aquatic ecosystems. Here, we describe a study
in the southeastern United States (SEUS), where the power sector is particularly vulnerable to
projected changes in stream temperature (Liu et al., 2017; van Vliet et al., 2016). The study
region coincides roughly with the service area of the SERC Reliability Corporation, which is
responsible for the reliability and security of the electric grid across the southeastern and central
regions of the United States. The study region contains a number of highly regulated river
systems with more than 300 dams. One third of the region’s electricity generation portfolio
depends on thermoelectric plants with once-through cooling that require large amounts of water
for supporting power operations(Averyt et al., 2013). Once-through cooling systems are legally-
mandated to not produce effluent that exceeds certain environmental temperature thresholds.
However, historical stream temperatures are already close to environmental thresholds as we will
show in Section 2.3.2.

Previous studies have generally shown that projected increases in stream temperature
under climate change will put great pressure on potential electricity generation globally (van
Vliet et al., 2016; van Vliet, Franssen, et al., 2013; van Vliet, Yearsley, Ludwig, et al., 2012) and
over regions of the U.S. (Bartos & Chester, 2015; Boehlert et al., 2015; Liu et al., 2017; Miara et
al., 2017; Zhang et al., 2020) by reducing the cooling efficiency of thermoelectric plants. Power
plants face capacity derating and resulting power outages if their thermal effluent temperature
exceeds specific environmental thresholds (McCall et al., 2016; Raptis & Pfister, 2016). This
generation curtailment risk is particularly relevant for power plants using once-through cooling
techniques because they release thermal effluent directly into nearby river systems. Liu et al.
(2017) showed that the average generating capacity in the U.S. is expected to decline by up to

12% by 2060 if environmental regulations are enforced, with the power system in the eastern



U.S. most vulnerable to increases in stream temperature (van Vliet et al., 2016; van Vliet,
Yearsley, Ludwig, et al., 2012).

Reservoir regulation can change a river’s thermal response to surface meteorology and its
thermal sensitivity to climate change. Manmade reservoirs can modify a river’s thermal regime
in two ways: 1) reservoirs store a large amount of water with a smaller surface area to volume
ratio than a regular river reach and hence modify the thermal response to surface energy fluxes;
and 2) deep reservoirs thermally stratify on a seasonal basis and store cold water for later release
(Chapra, 1997). Multiple catchment-scale studies have investigated the impacts of simple
reservoir systems on downstream river temperatures in a number of locations around the world,
e.g., Canada (Maheu et al., 2016), China (Cai et al., 2018), Europe (Arora et al., 2018; Kedra &
Wiejaczka, 2018), and the United States (Lowney, 2000). These studies show that seasonal
thermal stratification has significant impacts on downstream river temperatures. Stratification
results in a density gradient that inhibits mixing between the colder bottom layer (hypolimnion)
and the warmer upper layer (epilimnion). Because many reservoir releases (e.g., for hydropower)
are made from the bottom layer, summer stream temperatures are often cooler downstream of
Ieservoirs.

While a number of large-scale stream temperature studies (Boehlert et al., 2015; Isaak et
al., 2012; Li et al., 2015; Mantua, Tohver, & Hamlet, 2010; Strzepek et al., 2015; Sun et al.,
2015; van Vliet, Yearsley, Ludwig, et al., 2012; Zhang et al., 2020) accounted for the effects of
reservoir regulation, most of them did not explicitly consider seasonal thermal stratification and
therefore underestimate the effects of regulation on stream temperature, particularly downstream
of large reservoirs. For example, Li et al. (2015) showed a warm bias of over 10°C in summer
stream temperature downstream of Hoover Dam and Yearsley et al. (2019) showed a warm bias
of as much as 8°C downstream of a reservoir in the Connecticut river basin. Those studies that
did include the effects of stratification, including recent studies by Boehlert et al. (2015) and
Strzepek et al (2015), did not explicitly evaluate reservoir impacts on river temperature further
downstream.

Detailed models exist to simulate reservoir temperatures in regulated river systems, e.g.,
CE-QUAL-W2 (Cole & Wells, 2015), WQRRS (USACE-HEC, 1986) and HEC-5Q (Willey,
1986). These models have been used mainly in single-reservoir studies (Gelda et al., 1998;

Hanna et al., 1999), in part because of their extensive data requirements. CE-QUAL-W2 (Hanna



et al., 1999) and WEAP (Rheinheimer et al., 2015) have also been used to study temperature
control device applications.

Water resources management requires coordinated decisions at the basin level and
consequently needs tools and models that can account for the combined actions and effects of
multiple reservoirs. Many regional applications, such as power system planning, require the
ability to examine coordinated impacts across an even larger region, consisting of multiple river
basins. Boehlert et al. (2015) and Niemeyer et al. (2018) developed simplified modules that
represent reservoirs as two-layer systems that account for thermal stratification and incorporated
these modules into distributed stream temperature models, that can represent the aggregate effect
of tens or even hundreds of reservoirs.

In this study, we include the reservoir module of Niemeyer et al. (2018) in a regional
model setup to examine climate change effects on stream temperature across a large region with
hundreds of reservoirs. We account explicitly for reservoir regulation, including the effects of
seasonal thermal stratification, on system-wide stream temperatures, enabling us to evaluate the
individual and joint contributions of climate change and reservoir impacts on river thermal
regimes. We focus on thermal regimes during the summer when high air temperature, high water
demand, and low streamflow coincide in our study region and when thermal stratification is
strongest and has the greatest impact on downstream river temperature.

While a large-domain model setup allows for a system-wide evaluation of the thermal
response and thermal sensitivity to climate change, large-domain model applications are
typically subject to larger errors than small-domain or single-site applications. These larger
errors result from process simplifications, limited information about site characteristics, and
model parameters that cannot always be calibrated across all sites in a consistent manner,
because of limited observations and computing resources. To address this general shortcoming of
large-domain model implementations, we conclude this paper with a sensitivity experiment to

assess the robustness of our findings to errors in the hydrological simulations.
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Figure 2.1. Model diagram

2.2. METHODS

Our process-based modeling approach uses a series of established models (Figure 2.1). It
consists of a large-scale, spatially-distributed hydrological model (Variable Infiltration Capacity
or VIC; Hamman et al., 2018; Liang et al., 1994), a river routing model (Model for Scale
Adaptive River Transport or MOSART; Li et al., 2013), coupled to a spatially-distributed water
management model (WM; Voisin et al., 2013, 2017), and a stream temperature model (River
Basin Model or RBM; Yearsley, 2009, 2012) that includes a two-layer reservoir thermal
stratification module (2L; Niemeyer et al., 2018). We can disable the WM and 2L modules to
simulate unregulated river conditions (solid frames in Figure 2.1), which we also refer to as the
unregulated model setup. Historic meteorological forcings and downscaled climate change
projections are pre-processed using MetSim (Bennett et al., 2020) so that they can be used as

input to our model chain.
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2.2.1. Study area
The study region (SEUS; 1.19 million km?, Figure 2.2) was selected because it coincides roughly
with the service area of the SERC Reliability Corporation. We adjusted the area in some places
to capture river basin boundaries. The SEUS includes large river basins that cover all or parts of
Florida, Georgia, Alabama, Mississippi, Louisiana, Texas, Oklahoma, Arkansas, Missouri, lowa,
[llinois, Kentucky, Tennessee, Virginia, North Carolina, and South Carolina. Over the past
century, more than 300 dams and locks were constructed in the area. Some of these are run-of-
river dams or navigation locks, which we excluded, because they do not have a significant effect
on streamflow or stream temperature. We explicitly simulate 271 major reservoirs based on
information in the Global Reservoir and Dam Database (GRanD; Lehner et al., 2011). Most of
the dams in the region were built in the headwaters rather than on the mainstem of the major
rivers, with the exception of the Tennessee River, which has seven mainstem reservoirs (Table
A.1, with ‘A’ indicating material in the Appendix).

2.2.2. Meteorological forcings
Gridded meteorological forcings were used as input to our model chain. We used gridMET
(Abatzoglou, 2013) for the historical period (1979 — 2010). For the future climatological period
(2070 — 2099, hereafter referred to as the 2080s), we used projections from the Coupled Model
Intercomparison Project, Phase 5 (CMIPS5; Taylor et al., 2012), downscaled using the
Multivariate Constructed Analog (MACA; Abatzoglou & Brown, 2012) method. Since gridMET
is the training dataset for MACA, consistency between the historical and future projections is
ensured. The gridMET and MACA datasets were regridded from 1/24° to 1/8° latitude-longitude
resolution for our application. We used an ensemble of 20 global climate models (GCMs; Table
A.2) and one representative concentration pathway (RCP; RCP8.5) for a total of 20 future
scenarios. Daily gridMET and MACA data, i.e., daily maximum and minimum air temperature,
precipitation and wind speed, were disaggregated to the 3-hourly VIC model time step using
MetSim v2.0.0 (Bennett et al., 2020). Other subdaily meteorological forcings, including relative
humidity, surface air pressure, and incoming shortwave and longwave radiation were estimated
by MetSim using algorithms from the Mountain Micro Climate Simulator (MTCLIM) (Bohn et
al., 2013; Thornton & Running, 1999). Wind speed was assumed constant throughout the day.
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Figure 2.2. Study region. All reservoirs included in this study are represented by the circles.
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2.2.3. Streamflow and stream temperature

2.2.3.1. Hydrology and runoff
We used VIC version 5 (VICS) (Hamman et al., 2018) at a 1/8° spatial resolution to simulate the
hydrology of the SEUS. Model parameters were taken from Maurer et al. (2002) and modified
over part of the domain to reduce a high streamflow bias in the South Atlantic Region. VIC was
run at the 3-hourly time step and fast and slow response runoff were output at the daily time step
to be consistent with the temporal resolution of the river routing and stream temperature models.
We initialized the VIC simulation using a 32-year spin-up run forced by historical
meteorological data to allow sufficient time for model states, e.g., deep layer soil moisture, to
equilibrate.

2.2.3.2. Streamflow and reservoir regulation
MOSART-WM (Voisin, Li, et al., 2013) is a fully-coupled spatially-distributed river routing and
water management model that accounts for reservoir operations and multi-zectoral water
demands to simulate regulated streamflow over large regions (Hejazi et al., 2015; Voisin et al.,
2017; Voisin, Li, et al., 2013; Zhou et al., 2018). We implemented MOSART (Li et al., 2013)
with and without the water management module (WM; Voisin et al., 2017; Voisin, Li, et al.,
2013) at a daily time step with a 1/8° spatial resolution. WM estimates daily reservoir releases
based on monthly storage targets and accounts for daily constraints such as environmental flow,
minimum and maximum storage, and water demands. We substituted WM’s original
computation of dynamic storage targets at the end of each month (Voisin, Li, et al., 2013) with
specified, observed monthly storage targets calculated from storage or reservoir height
observations or based on a guide curve (see Text A.1.1 for details, including Figure A.1, Figure
A.2, Figure A.3, Figure A.4, and Table A.3, Table A.4, Table A.5, and Table A.6). We collected
guide curves or calculated them from observed storages or reservoir elevations for 92 reservoirs
in the study area based on information from the Tennessee Valley Authority (TVA), United
States Geological Survey (USGS), and U.S. Army Corps of Engineers (USACE) (data source for
each reservoir is summarized in Table A.5). Storage targets for reservoirs without observations
were estimated based on their primary regulation objective and the relative degree to which they
were filled on average (Text A.1.1). In addition to the storage targets, inputs for MOSART-WM
included runoff from VIC, reservoir information from the GRanD Database, and 2010 level

water demand as used in Voisin et al. (2017) and Zhou et al. (2018). We used fixed water
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demand from year 2010 for all years to isolate the effects of climate change from other
anthropogenic influences which can significantly impact the hydrologic response (Voisin et al.,
2016; Voisin, Liu, et al., 2013).
2.2.3.3. Stream temperature

RBM is a one-dimensional stream temperature model which solves the energy balance equation
for surface energy fluxes in the river channel (Yearsley, 2009, 2012). To account for seasonal
thermal stratification, we used a module (2L) developed by Niemeyer et al. (2018) that simulates
the temperature in two thermally distinct layers: an epilimnion (top layer) and a hypolimnion
(bottom layer). This module uses inflow, outflow, and storage data for each reservoir as
simulated by MOSART-WM. To calculate surface energy exchange between the water and the
overlying atmosphere, RBM and RBM-2L (i.e. without and with reservoir representation) use
output from VIC and MetSim. Headwater temperatures, i.e., the most upstream river
temperature, which form a boundary condition when solving the energy balance equation for
river systems, were estimated using a non-linear relationship with air temperature (Mohseni et
al., 1998). Fitted parameters for the Mohseni equations were taken from Niemeyer et al. (2018).
We assumed that all reservoir releases were made from the hypolimnion so our result represents
a lower bound of possible river temperatures under reservoir regulations. RBM and RBM-2L
were initialized separately by setting all model elements to the same water temperature and
running the model for a one-year spin-up period.

2.24. Evaluation metrics
We examine the impacts of climate change on water availability, residence time, regulated
stream temperature, and “cooling potential”, a metric used to evaluate the compound impacts of
water availability and stream temperature. Reservoir residence time was calculated as the mean
annual storage divided by the mean annual outflow from that reservoir. In summer, reduced
streamflow and increased stream temperature can both constrain the operations of thermoelectric
power plants. The cooling potential (EP [W]) combines the effects of stream temperature and
streamflow and represents the additional amount of energy that a body of water can absorb, e.g.,
from thermoelectric power plants, before exceeding a water temperature threshold. We define the

cooling potential as

EP — {PCp (Tthreshold - Tsummer)qummer if Tsummer < Tthreshold (2 1)
0 if Tsummer = Tthreshold
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where p is water density [kg/m?], C, is the heat capacity for water [4186 J/kg-°C], Tenreshota 1S @
stream temperature threshold [°C], Ts,mmer 18 the mean summer stream temperature [°C], and
Q<ummer is the mean summer streamflow [m?/s]. For Tynresnoia We used one single value for the
entire region for a spatially consistent analysis. We set Tipresnoia t0 31°C, which is the median of
the maximum stream temperature standards of all states in our study region as imposed by the
United States Environmental Protection Agency (EPA). In other words, the cooling potential
represents a river system’s ability to absorb waste thermal energy from thermoelectric power
plants if environmental regulations are enforced. We examine climate change impacts on the
cooling potential not only at the sites of existing thermoelectric power plants, but for the entire
regulated river system.

One of our goals is to quantify the effect of reservoir regulation on the thermal sensitivity

of the system to climate change. To this end, we define a rate of change (AR) as

AR = (IAECp(reg,ZOSOs—nat,ZOSOs)| _ 1) % 100% (2.2)
|AECP (105 nist—nat pise))|

where AEP (104 t—nat,) is the change in cooling potential due to regulation during period t. The

metric AR ranges from -100% to positive infinity. Positive values indicate that future climate

will enhance the ability of regulation to maintain the cooling potential, while negative values for

AR indicate that future climate will reduce the ability of regulation to maintain the cooling

potential. In other words, negative AR means that rivers are less able to absorb waste heat before

exceeding the threshold temperature, potentially affecting cooling for thermal power plants and

hence power generation under climate change.

2.2.5. Sensitivity Analysis
Large-domain model simulations are typically subject to larger errors than small-domain or
single-site applications and these errors are often not easy to reduce. In our model chain, errors in
regulated streamflow mainly result from biased runoff from the hydrological model and fixed
monthly storage targets. To determine the robustness of our findings to errors in the hydrological
simulations, we performed a sensitivity analysis.

As part of our climate change experiment we already created 20 individual hydrological

simulations, each corresponding to the downscaled meteorological forcings of a single GCM,
and each resulting in a different, but internally consistent streamflow. In the sensitivity analysis,

we used these 20 different hydrological simulations as alternative streamflow scenarios, which
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we then combined with the meteorological forcings from a single GCM as input to the stream
temperature model. The subsequent spread in river temperatures resulted directly from the spread
in hydrologic conditions. We repeated this process for three different climate change scenarios
selected from our 20 GCM simulations (high - HadGEM2-CC365, medium - CSIRO-Mk3-6-0,
low - inmcm4; based on mean projected air temperatures) resulting in 60 (3xX20) stream
temperature simulations. The three temperature scenarios account for potential differences in
sensitivity to hydrological error for different changes in air temperature. We ran this experiment
using both regulated and unregulated model setups, resulting in a total of 120 (2X60) stream
temperature simulations.

We designed a metric (¢p) which relates the spread in stream temperature or cooling
potential to the spread in hydrologic conditions. Large ¢ values indicate that changes in
hydrological conditions result in a large spread in simulated stream temperature or cooling
potential. For stream temperature we calculated this metric as the ratio of the standard deviation
(o) of the projected increase in mean summer river temperature (AT'), in unit of °C, to the
coefficient of variation (CV) of mean annual streamflow (Q). The resulting ¢-values for stream
temperature are in unit of °C. We categorized river segments based on river size and whether
they are subjected to reservoir regulation. River size is based on the historical mean annual
regulated streamflow (Q) with each segment receiving a classification (/) of small (Q €[0,50]
m?/s; I=1), medium (Q €[50,100] m%/s; [=2), or large (Q =100 m3/s; /=3). All river segments
located downstream of reservoirs are subjected to reservoir regulations (m=true) while the rest

are not (m=false). We calculated the metric for each group as follows

O
AT4 111k 7

d)i,l,m,r = CV-~ (2.3)
Qi [jLIKI o7
ﬁi,j,k,r = ATi,j,k,r - [ATl,k,T]] (2.4)
~ Qijk, (2.5)
Qijkr= S

[Ql,k,T]]

where i denotes the climate change scenarios (i=high, medium, low), j denotes the streamflow
scenario based on each GCM (j=1, 2, ..., 20), the double brackets [j] indicate that we calculate
the statistic across all values of j, k denotes the grid cells in our model domain, [k]; ,,, denotes all

grid cells within river size [ and subjected to regulation scenario m, and » denotes the regulated
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and unregulated model setups, i.e., WM and 2L are enabled (7=reg) and disabled (r=unreg),
respectively . In equation (2.4) we removed m, i.e., the mean value across 20 GCMs, from
the temperature change, AT; j i, so that the hydrology-induced spread (AT) can be aggregated
across all grid cells within each group. Similarly, we divided the Q; j x » values by m, ie.,
the mean across 20 GCMs (equation (2.5)). ¢;; » » quantifies the temperature spread caused by
hydrologic errors, with larger ¢; ; ,, » values indicating that temperatures are more sensitive to

errors in hydrology.

We related the calculated sensitivities to the errors in our hydrological simulations during
the historic period. That is, we used ¢; ; ,, - and the hydrologic errors from model evaluation to

estimate the resulting error in the stream temperature simulations as follows

6ﬁi,l,m,r = d)i,l,m,r X C"T/Qﬂﬂl,m (26)
s Qsim,k (27)

Qr = 0

obs,k

where 657 denotes errors in the stream temperature change resulting from errors in our
hydrological simulations, k denotes corresponding grid cells with USGS observations
(k=1,2,...,111; [k]=[1,2,...,111]), Qsim and Q,p ; denote simulated and observed mean
annual streamflow for site k, and the accent hat indicates estimates based on comparison with
observations. Unlike the sensitivity analysis above with 20 hydrologic scenarios, we only have
one historical scenario, so we calculated a representative value of hydrological errors for each
group using all corresponding USGS sites. We divided the Q;,, z values by @, (equation
(2.7)) to aggregate multiple USGS sites within the same group.

We repeated the same analysis for cooling potentials (E°P). Instead of AT, i jkr (€quation
(2.4)), we used the projected relative changes of cooling potentials as follows:

[EP, k120805 = [E ) Inist
[Ecp k] hist

ATEP; iy r = ATEP, ;1 — [ATEP ) o ] (2.9)

C —
ATE pi,j,k,r =

(2.8)

where subscript “hist” denotes historical periods with other subscripts as above, and ArE“P
represents the projected relative changes in cooling potential. Furthermore, we removed the

mean of ArEP across 20 GCMs, similar to what we did for the mean summer temperature.
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2.3. RESULTS

2.3.1. Model evaluation

2.3.1.1. Streamflow
To evaluate the simulated streamflow and stream temperature in a regulated river system, we
used USGS observations at 111 sites with both streamflow and stream temperature data (USGS,
2019; summarized in Table A.7. Site selection was subject to two criteria: (1) each site had to
have at least one-year of observations that overlapped with our historical simulation period and
(2) the contributing area of the site had to be larger than the size of a single model grid cell
(approx. 150 km?). Sixty-three of the 111 sites were located downstream of reservoirs and
therefore subject to reservoir regulation. The remaining 48 sites were only minimally affected by
regulation and were used to evaluate whether poor performance at regulated sites was the result
of poor performance of the hydrology model or the water management model. We used the
relative bias at the annual time step and the Nash-Sutcliffe (NS) coefficient at the monthly time
step to evaluate overall water availability and streamflow seasonality, respectively (Figure A.5).

Across the 111 sites with observations, the median relative bias in mean annual simulated
streamflow was 0.05, which includes the effects of regulation for sites downstream of reservoirs.
Sixty-three sites, representing a mixture of regulated and unregulated sites, had a relative bias
with an absolute value less than 0.2. Seven had a relative bias with an absolute value greater than
0.5. The NS coefficient for the monthly flows shows lower values for sites with a larger relative
bias. In addition, the simulated flows generally show higher NS coefficients for sites that are not
subject to regulation. The median NS coefficient for the 48 unregulated sites was 0.70 compared
to 0.55 for the 63 regulated sites. Three unregulated sites and 17 regulated sites had an NS
coefficient less than 0. The South Atlantic region generally had the worst performance as
measured by the NS coefficient, in part because multiple sites (n=6) downstream of Buford
reservoir on the Chattahoochee river showed relatively poor performance. The impacts of
hydrologic errors on stream temperature simulations are further investigated through the
sensitivity analysis in Section 4.3.

2.3.1.2. Reservoir storage
For the 92 reservoirs with guide curves (Section 2.3.2), we compared simulated storage to the
specified guide curves. Because we specify the guide curves in MOSART-WM, the model

storage is expected to closely follow these curves, unless streamflow is too low to fill the
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reservoir or daily release-constraints force a deviation from the specified guide curve. We
calculated the normalized root mean square error (nRMSE) of multi-year mean monthly storage
(12 mean monthly values based on the 32-year daily time series) and the relative bias of mean
annual storage to evaluate seasonality and bias, respectively, in the thermal mass of the
reservoirs. Simulated storage showed only a small relative bias and a small nRMSE for the 92
sites with guide curves, with median values of -0.01 and 0.06 respectively, indicating that the
water balance model captures the volume and seasonality of the storage in the study region.
2.3.1.3. Stream temperature
In the SEUS, low flow occurs during the summer when it coincides with high air temperatures,
resulting in high stream temperatures. Summer is also the time when reservoir stratification is
most pronounced. We therefore focus our evaluation on the mean summer river temperature
(Figure A.5), with summer defined as the three-month period from June to August.

Simulated mean summer stream temperatures generally show a cold bias with a median
value of -0.7 °C across the 111 sites with stream temperature observations. The mean bias was
less than 2 °C at 87 of these sites. The bias was generally smaller at the unregulated sites
(median bias -0.3 °C, n=48) than at the regulated sites (median bias -0.9 °C, n=63). For the 63
regulated sites, 45 had a bias less than 2 °C. Nine regulated sites had a cold bias larger than 4 °C.

The Supporting Information contains site-specific information of model performance,
including time series plots of observed and simulated streamflow (Figure A.6) and stream
temperature (Figure A.7) for sites downstream of the five largest reservoirs with downstream

temperature observations and a discussion of the source of hydrological errors (Text A.1.2).
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Figure 2.3. (a) Historical mean summer river temperature for the regulated scenario; (b)
difference in historical mean summer temperature between the regulated and unregulated model
setups. Triangles denote reservoir locations and point downstream; gray-shaded river channels
were selected to show the temperature profile along the river, i.e., 1-Tennessee River, 2-Catawba
River, 3-Savannah River, 4-Chattahoochee River, 5-Youghiogheny River (see Figure 2.7).

Selected reservoirs discussed in the manuscript are circled with the dam names as shown.

2.3.2. Historical analysis: Reservoir impacts typically maintain or reduce mean summer
Stream temperature
Figure 2.3a and Figure 2.3b show, respectively, the simulated mean summer temperature for the
historic period for the regulated river system and the impact of regulation on stream temperature.
Seasonal thermal stratification results in lower stream temperatures immediately downstream of
large reservoirs and gradually attenuates further downstream. Smaller reservoirs, which do not
stratify, have little to no impact on downstream river temperature.

Larger reservoirs with longer residence times tend to have stronger thermal stratification
and impact downstream temperature more strongly. For example, summer outflow from Buford
Reservoir (residence time of 402 days) on the Chattahoochee River is 15.2 °C cooler in the
regulated than in the unregulated scenario. Youghiogheny Reservoir on the Youghiogheny River
has a shorter residence time (208 days) and a smaller cooling effect of 7.4 °C. Reservoirs with
even shorter residence times often have little to no impact on mean summer stream temperature

as shown by a number of reservoirs on the Catawba River.
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Reservoirs with larger outflows depress stream temperature for a longer distance
downstream of the dam because their greater thermal mass makes them (1) less sensitive to
surface energy fluxes and (2) less affected by mixing of tributary flows. For example, Deep
Creek Reservoir on the Youghiogheny River (upstream of Youghiogheny Reservoir) has a small
mean summer outflow of 3 m*/s and a tailwater temperature that is 12 °C colder in the regulated
case. This temperature difference reduces to only 3 °C over a distance of less than 18 km. In
contrast, J. Strom Thurmond Reservoir on the Savannah River has a much larger mean summer
outflow of 111 m*/s and the temperature difference due to regulation decreases from 11 °C to 4
°C over about 100 km. So, while residence time affects seasonal thermal stratification and
therefore the tailwater temperature, the outflow volume affects how far downstream this

temperature depression persists.

2.3.3. Climate change impacts on regulated river temperature
In general, stream temperature in the southeast is projected to increase, mainly resulting from
increased air temperature (Figure 2.4a). Stream temperature increases are larger in the northern
part of the study domain and smaller in the southern coastal region. The spatial pattern of stream
temperature increase is strongly correlated with the spatial pattern of air temperature increase
(Figure A.9). Even though reservoir residence time decreases by the 2080s, reservoir regulation
still results in colder stream temperatures downstream of reservoirs with seasonal thermal
stratification than would occur in the absence of these reservoirs (Figure 2.4b). However, the
cooling effect of reservoirs on downstream river segments slightly decreases by the 2080s.
Figure 2.4c shows the change in the median temperature effect of reservoirs between the 2080s
and the historic period. Red colors indicate less cooling due to regulation in the future than in the
past. Blue indicates greater cooling. By the 2080s, reservoir impacts on downstream river
temperatures attenuate faster in the downstream direction, i.e., tailwater temperatures return to
unregulated temperatures in a shorter distance. Even if a reservoir releases cool water from the
hypolimnion, this cooling effect on tailwater temperature will dissipate faster under climate
change as a result of greater surface energy fluxes. In other words, under climate change summer
stream temperatures in regulated rivers increase faster than in unregulated rivers and are more

sensitive to climate change.
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Figure 2.4. Projected mean summer river temperature (a) increases in regulated river system
(ATyeg,2080s-reg,hist)> (b) differences between regulated and unregulated model setups in 2080s
(ATyeg,2080s-nat,2080s)> and (¢) projected changes in the median reservoir impacts on
temperatures between the 2080s under RCP8.5 and historical period, i.e.,
A(ATyeg,2080s-nat,2080s — ATreg nist—nat,nist)- We highlight the same five rivers as in Figure 2.3:
1-Tennessee River, 2-Catawba River, 3-Savannah River, 4-Chattahoochee River, 5-

Youghiogheny River.
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2.34. Climate change modulates reservoir impacts through water availability and
residence time
We evaluated the projected changes in reservoir outflow and residence time by the 2080s, to
separate the contributions of changes in water availability from changes in thermal dynamics on
the overall changes in stream temperature. Because we maintained the same storage targets in the
future as during the historical period, the median projected changes for reservoir storage are
within 5% for all reservoirs.

Residence times are projected to decrease for almost all reservoirs. Because we imposed
the same storage targets in the future, projected increases in reservoir outflow lead to shorter
residence times (Figure A.10). Projected increases in reservoir outflows are generally greater in
the north and coastal regions than in the central and southwestern parts of the study domain. The
20 GCM projections show strong agreement in the sign of the change signal. For most reservoirs
more than 16 out of 20 models agree that outflows will increase, and residence times will
decrease (Figure A.11). This increase in outflow mostly results from increased precipitation in
the region. Although evapotranspiration also increases, it does not compensate for the increase in
precipitation.

2.3.5. Cooling potential will decrease under climate change
Cooling potential (equation (2.1)) is influenced by both streamflow and stream temperature.
During the historical period, cooling potential is greater in the regulated scenario for river
segments downstream of reservoirs with strong thermal stratification, e.g., the Savannah River
and the upper reaches of the Tennessee River (green in Figure 2.5d). Downstream of reservoirs
with little to no thermal stratification, the cooling potential tends to be lower in the regulated
scenario because reservoir operations and water withdrawals lead to lower summer streamflow
than in the unregulated scenario, e.g., mainstem Ohio River (blue in Figure 2.5d).

Stream temperature is projected to increase in all GCM projections, contributing to a
reduction in cooling potential. At the same time, streamflow is projected to increase in most
GCMs, increasing cooling potential by increasing the thermal mass. The combined effects result
in a net decrease in projected cooling potential during the summer by the 2080s for most GCM
projections under RCP 8.5 (blue in Figure 2.5¢). Therefore, the change in cooling potential is

dominated by projected increases in stream temperature.
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Figure 2.5. Spatial maps of regulated cooling potential for (a) historical period and (b) 2080s
under RCP8.5; climate change impacts on regulated cooling potential under RCP8.5 (c,

AE p(reg,2080s—reg,hist)); difference of cooling potential between regulated and unregulated
model setups for (d) historical period and (e) 2080s under RCP8.5 and (f) the change in the effect

of regulation on cooling between the future and historic periods (Eqn. (2.2)).
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Larger rivers tend to show a greater loss in cooling potential than smaller rivers because of
their greater thermal mass, e.g., the Ohio River, the largest river in our study region. Over most
of its length, the Ohio River will lose over 10 GW (10* MW) of cooling potential by the 2080s
under RCP8.5. Regulation impacts on cooling potential for the historical period and the 2080s
under RCP8.5 are shown in Figure 5d and 5Se, respectively. Rivers with reservoirs that
experience strong thermal stratification (Figure 2.3b and Figure 2.4b) have more cooling
potential under the regulated scenario in both the historical and future periods. Rivers with
reservoirs that do not stratify, have less cooling potential in the regulated scenario (Figure 2.5d
and Figure 2.5¢). For these rivers, regulation reduces cooling potential because of water
withdrawals and lower summer streamflow.

Figure 2.5f summarizes whether the impact of regulation on cooling potential will increase
or decrease in the future. If AR value is close to 0%, regulation impacts on cooling potential will
persist under climate change. If AR approaches -100%, regulation impacts will mostly disappear.
For river segments downstream of reservoirs with strong seasonal thermal stratification, the
regulation impact on cooling potential remains strong in the future, with AR mostly larger than -
25% (Figure 2.5f). For river segments minimally impacted by upstream thermal stratification,
regulation impacts on cooling potential decrease dramatically by the 2080s under RCP8.5 (AR <
-75%; Figure 2.5f). For these river segments, the effect of regulation on cooling potential largely

disappears by the 2080s.
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2.4. DISCUSSION

24.1. Reservoir residence time and thermal stratification
We used the mean summer temperature difference between the epilimnion and the hypolimnion
(AT,_;) as a measure of thermal stratification, with larger values indicating stronger
stratification. To quantify the impacts of reservoir residence time on thermal stratification, we
compared simulated residence times and corresponding AT, _; values for all 271 (Figure 2.6a).
Thermal stratification is weak when the reservoir residence time is shorter than 20 days. For
reservoirs with a simulated residence time greater than 20 days, we fitted a log-linear regression
model for AT,_j, as a function of residence time. Confidence intervals (95%) for the predicted
AT, _, values were calculated based on Devore (2011) and are shown as dashed lines in Figure
2.6. For the three reservoirs for which we have observations of reservoir storage, outflow and
reservoir temperatures with depth, we calculated the mean residence time and AT, _jvalues (stars
in Figure 2.6a). Of these three, only Cherokee Reservoir had a residence time longer than 20
days. Fort Loundon and Guntersville reservoirs have short residence times of 8 and 12 days,
respectively, and their thermal stratification is weak.

By the 2080s under RCP8.5, thermal stratification will be stronger in about half the
reservoirs. This finding is somewhat counterintuitive. Because we assume that the future guide
curves will remain the same as for the historic period, increased streamflow results in reduced
reservoir residence time by the 2080s (arrows generally point left in Figure 2.6b) and should
therefore lead to weaker stratification (Figure 2.6a). Median residence time of all 271 reservoirs
is projected to decrease from 69 days (historic) to 60 days (2080s). This decrease in residence
time should be accompanied by a median decrease in thermal stratification of 0.7°C (Figure
2.6a). While some smaller reservoirs with shorter residence times show the expected decrease in
thermal stratification, median thermal stratification for all reservoirs is almost identical in the
historic and future scenarios and about half of the reservoirs (135 out of 271) are more stratified
by the 2080s, especially larger reservoirs with longer residence times (black arrows to the right
in Figure 2.6b).

This counterintuitive result occurs because thermal stratification is also influenced by
surface energy exchange during the summer season. In general, thermal stratification increases
with increasing air temperature for reservoirs with similar residence times (Figure 2.6a). As air

temperature increases along with stronger solar radiation, the epilimnion temperature increases
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faster than the hypolimnion temperature because the latter is warmed only by advective and
diffusive energy exchange with the epilimnion. As a result, seasonal thermal stratification in our
study region is stronger as air temperature increases, resulting in a change in slope in the
relationship between residence time and thermal stratification under climate change (contrasting

red and blue lines in Figure 2.6b).

2.4.2. Stream temperature and cooling potentials downstream of reservoirs
Cold hypolimnetic releases equilibrate with the environment as a result of surface heat fluxes.
Reservoir impacts on river thermal regimes dissipate completely when stream temperatures reach
the unregulated river temperature. The distance it takes from the reservoir outlet to reach the
unregulated river temperature is influenced by both streamflow and surface energy fluxes.
We used the model simulations performed in support of the sensitivity analysis (Section 2.2.5) to
evaluate the relative contribution of streamflow and surface meteorology to the tailwater thermal
regimes. In reality, it is not feasible to directly calculate the distance to reach the unregulated
river temperature, because reservoir outflow might not reach this temperature before it flows into
a downstream reservoir or merges with another stream. Instead, we evaluated the impacts of
surface meteorology by comparing downstream temperatures at a fixed distance downstream of a
reservoir for the cold, medium and hot scenarios (Section 2.2.5).

Surface meteorology has a strong impact on tailwater thermal regimes. For example,
median outflow temperature increases 6.8°C, 7.4°C and 9.0°C under cold, medium, and hot
scenarios, respectively, 50 km downstream of Youghiogheny Reservoir (Figure 2.7). Even
though the thermal stratification is stronger in the hot scenario, the temperature of the released
water also increases more rapidly downstream of the reservoir. Regulated stream temperature is
relatively insensitive to changes in streamflow, in part because we use the same guide curves for
all scenarios. In spite of the large spread in simulated streamflow, the spread in outflow
temperature from Youghiogheny Reservoir across the twenty different hydrological inputs

reduces from 3°C to about 0.2°C within 50 kilometers (Figure 2.7).
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Figure 2.7. Sensitivity experiment: mean summer streamflow (left), stream temperature (middle),
and cooling potential (right) profiles for the historical period and the 2080s under RCP8.5 along
five selected river channels, i.e., Tennessee River, Catawba River, Savannah River,
Chattahoochee River, and Youghiogheny River (from top to bottom). In the left panel, the grey
shaded area denotes ranges of projected mean summer streamflow. In the middle and right
panels, the shaded areas denote the ranges in projected mean summer river temperature and

cooling potential, respectively. The vertical dashed lines denote dam locations.

Immediately downstream of reservoirs, cooling potential is impacted by changes in stream
temperature as well as changes in streamflow. Compared to unregulated rivers, cold outflow
from stratified reservoirs increases the cooling potential (Eq. 1), and the amount of flow (Q) is
also different than in unregulated rivers. Once the stream temperature approaches the

unregulated river temperature, regulation impacts cooling potential only by altering streamflow.

2.4.3. Sensitivity to errors in hydrology
In this section, we limit our analysis to river segments subject to regulation (m=true) and
compare their behavior in the regulated and unregulated model setups (r=reg, unreg). Analysis
(not shown) revealed that the sensitivity of river segments not subject to regulation (m=false) is
similar to the sensitivity of river segments subject to regulation in the unregulated model setup

(m=true, r=unreg).
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Figure 2.8. Projected changes in (a) mean summer river temperature and (b) mean summer
cooling potential by river size and climate changes scenarios. Estimates are provided for river
segments subject to regulation (m=true) for both the regulated (r=reg; blue) and unregulated
(r=unreg; red) model setups. The solid and dashed bands around the mean denote one and two

times the error in the estimates (6" in Eqn. (2.6)) as a result of hydrological errors.

Figure 2.8a shows the projected increases in mean summer stream temperature (AT) as
well as our estimate of the error (6 57). This error only reflects the effects of errors in the
hydrological simulations. Each panel shows AT + 657 (solid line) and AT + 26 57 (dashed line)
for the regulated and unregulated scenario. Projected increases in mean summer temperature
range from +2°C to +6°C while the hydrology-induced errors ranges from 0.09°C to 1.33°C. The
hydrology-induced error in stream temperature is greatest immediately downstream of reservoirs
(Figure 2.7) and gradually decreases as the river flows downstream.

River segments in the regulated model setup (m=true, r=reg) are more sensitive to errors
in hydrology (6 57 ranges from 0.27°C to 1.33°C) than the same segments in the unregulated
model setup (m=true, r=unreg; 6 57 ranges from 0.09°C to 0.11°C). This is especially true for

small river segments which have greater ¢ values than larger rivers (m=true, r=reg). While ¢
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values differ across river size and whether we represent the effects of regulation (r=reg, unreg),
they are similar across all three climate change scenarios.

Figure 2.8b shows the same information as Figure 2.8a, but for the change in cooling
potential rather than change in mean summer temperatures. Errors in the hydrological
simulations have the largest effect on the relative change in cooling potential for small rivers
(Q<50m?/s) under the cold scenario. In that case, mean projected relative changes in cooling
potential (ArEP) are -21.0% and -31.0% while the hydrology-induced errors (6 y7z2p) are 46.0%
and 57.6% for regulated and unregulated model setups, respectively (Figure 2.8b). In all other
cases, the ArEP values are larger than the & arger (upper bound of solid line is below zero in
Figure 2.8b), implying that the sign of the change is not sensitive to the errors in hydrology in
our simulations. Uncertainties in the relative change in cooling potentials decrease with
increasing river size and increases with projected air temperature. Reservoir regulation does not
have a strong impact on the sensitivity of the relative change in cooling potentials to hydrologic
errors, with similar ¢ 7z values for regulated and unregulated river segments (Figure 2.8b).

Overall, we conclude that the errors in our hydrological simulations affect our quantitative
estimates of changes in stream temperature and cooling potential in the following way. Errors in
our change estimates are greater in the regulated model setup (7=reg) than the unregulated setup
(r=unreg) and are largest for the smaller river segments. However, in general, the errors do not
affect the sign of the change signals nor the relative ranking of the change signals across river
sizes, regulation status or climate scenario. The effect of hydrological simulations on changes in
mean summer stream temperature for river segments not affected by regulation (m=false) is

small.
2.5. CONCLUSION

River temperatures play an important role in aquatic ecosystems and affect the efficiency of
once-through thermoelectric power plants. In this study, we applied a physically-based model
chain to simulate hydrology and stream temperature for a large part of the southeastern United
States. Seasonal thermal stratification was explicitly represented. We used an ensemble of future
climate forcings to quantify the impacts of climate change on the summer stream temperatures
and cooling potential of southeastern rivers for the 2080s. The model chain was applied with and

without water management to quantify changes in the effect of regulation on cooling potential as
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a result of climate change. We evaluated reservoir flow, storage, and stream temperature, along
with their interactions and the overall response to climate change, which has not been done
before. The novel cooling potential approach provides a new opportunity to support multi-
sectoral long-term planning. We conducted a sensitivity analysis to quantify the robustness of
our findings to errors in the hydrological simulations. Our approach has the advantage that it
provides a consistent evaluation over a region that spans multiple watersheds, where water
management decisions may affect stream temperatures. This region may be defined by
institutional governance for natural conservation, electricity operations, and other activities. The
approach is applicable to other, individual watersheds, although we would recommend using
operational water management models for the basin of interest to simulate the hydrology.

We would like to highlight a few areas for further research and improvement. Reservoir
operations are more complex than the generic operating rules or rule curves used in this study.
More complex rules that use foresight and optimization across the system could be considered,
especially if these rules are allowed to change with time. An explicit link with power system
models could further our understanding of the response to local stresses as well as feedbacks
onto electricity operations and downstream river systems. For example, Miara et al.(2018)
demonstrated the dynamic link with power system operations but lacked the representation of
reservoir operations and their impact on stream temperature. Finally, to isolate the effects of
changes in meteorological forcings in a changing climate, we kept land use and urbanization
constant in our model simulations, even though they may impact both hydrology and stream
temperature. Explicit representation of these changes may enhance our understanding of the co-
evolution of complex interconnected systems.

Major findings are as follows:

e Reservoir regulations, and the resulting seasonal thermal stratification, influence
downstream river temperatures. Reservoirs with longer residence times are more
stratified and store cold water from earlier seasons in their hypolimnion. They
therefore have stronger impacts on downstream river temperatures. Among
reservoirs with similar residence times, thermal stratification tends to be stronger
in warmer locations where reservoirs are subject to stronger surface energy fluxes.

e Reservoir regulation changes how river temperature responds to climate change,

especially through changing thermal stratification. Summer stream temperatures in
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regulated rivers are lower than those in unregulated rivers, but they are more
sensitive to climate change. By the 2080s under RCP8.5, compounded impacts of
higher air temperature and shorter residence times result in stronger thermal
stratification for over half of all reservoirs in the SEUS, especially for reservoirs
with longer residence times. Thermal stratification impacts on downstream river
temperatures mostly persist but are slightly weakened, because of higher air
temperature and stronger surface energy inputs.

Cooling potential is the energy required to warm rivers to a threshold temperature
and represents a river system’s ability to absorb waste thermal energy from
thermoelectric power plants if environmental regulations are enforced, indicating
the compound impacts of both streamflow and stream temperature. For rivers
experiencing strong thermal stratification impacts, regulation increases cooling
potential immediately downstream of reservoirs because the cooling impact on
downstream river temperature dominates the signal. For rivers minimally impacted
by thermal stratification, regulation decreases cooling potential because of lower
summer streamflow under reservoir regulation.

Cooling potential is projected to decrease for all river segments under climate
change. The Ohio River will lose over 10 GW cooling potential for most of its
length by the 2080s under RCP8.5. Regulation changes how cooling potential
responds to climate change. Regulation impacts on cooling potential remain strong
when rivers are strongly influenced by thermal stratification (AR > —25%, Figure
2.6f) because cooling impacts on downstream river temperatures mostly persist
under climate change. For rivers minimally impacted by thermal stratification, the
magnitude of regulation impacts on cooling potential decreases dramatically (AR <
—75%, Figure 2.6f) because river temperatures are higher by the 2080s under
RCP8.5.

Sensitivity analyses show that our findings about climate change effects on mean
summer river temperature and cooling potentials are relatively insensitive to errors
in the hydrological simulation. Mean summer temperatures in smaller rivers tend
to be more sensitive to errors in hydrology than those in larger rivers. Mean

summer temperatures in regulated river segments are much more sensitive to
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hydrological errors than those in unregulated river segments. However, regulation
has little impact on the sensitivity of changes in cooling potential to hydrological

CIrors.
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This chapter has been accepted for publication in its current form in the Environmental Research
Letters. © 10Pscience. Used with permission. The supplemental material for this chapter is

provided in appendix B.

Cheng, Y., N. Voisin, J. Yearsley, and B. Nijssen, 2020: Thermal extremes in regulated river
systems under climate change: an application to southeastern U.S. rivers. Environmental

Research Letters, accepted. doi:10.1088/1748-9326/ab815f

ABSTRACT

High river temperatures, or “thermal extremes”, can cause fish mortality and
thermoelectric powerplant derating. Under climate change, projected higher air temperature and
stronger surface energy fluxes will lead to increased water temperatures, exacerbating thermal
extremes. However, cold hypolimnetic releases from thermally stratified reservoirs can depress
tailwater temperatures and therefore alleviate thermal extremes. Thermal extremes are more
harmful when they coincide with low flows, which we refer to as “hydrologic hot-dry events”.
To assess multi-sectoral impacts of climate change over large regions, we evaluate thermal
events according to three impact attributes: duration (D), intensity (I), and severity (S). We apply
an established model framework to simulate streamflow and stream temperature over the
southeastern US regulated river system. We quantify climate change impacts (by the 2080s under
RCP8.5) by comparing historical and future periods and quantify regulation impacts by
comparing unregulated and regulated model setups. We find that climate change will exacerbate
thermal extremes (all three metrics) in both unregulated and regulated model setups, albeit less in
the regulated setup. Thermal mitigation from reservoir regulation will be stronger under climate
change, decreasing the three metrics compared to the unregulated case. Even so, thermal
extremes in the regulated setup will still be more severe under climate change, and only 12.2%,
19.7%, and 26.0% of D, I, and S can be mitigated by reservoirs. Despite stronger reservoir

stratification, the number of regulated river segments that experience simultaneous high
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temperature and low flow events (hydrologic hot-dry events) will increase by 21.4% by the
2080s under RCP8.5. These events will have a median annual duration of 10.3 days/year, over

10 times the historical value.

3.1. INTRODUCTION

High river temperatures have negative impacts on aquatic ecosystems and power sectors
(Ketabchy et al., 2018; Koch & Vogele, 2009; Sauter et al., 2001). Excessive heat reduces
dissolved oxygen and increases metabolism of cool- and cold-water fish, causing them to burn
essential energy at a faster rate (Breau et al., 2007; Coutant, 1990) and results in death when
river temperature exceeds their physiological limits (Eaton et al., 1995). Furthermore, high river
temperatures can disrupt the operations of thermoelectric power plants by 1) lowering power
plant operating efficiency and maximum generation capacity and 2) causing power curtailment
or even shutdown to avoid violating environmental regulations (Liu et al., 2017). McCall et al.
(2016) assessed that 27 of 36 US power plant curtailments during 2000 — 2015 resulted from
high river temperatures. Studies have shown that the projected climate change trend of increasing
global river temperatures will impose greater thermal stress (Eaton & Scheller, 1996; van Vliet et
al., 2011; van Vliet, Vogele, et al., 2013). In this study we focus on extreme high river
temperature events in regulated river systems, referred to as “thermal extremes”.

Cold hypolimnetic outflow from reservoirs, i.e. releases from deeper reservoir layers, can
alleviate thermal extremes in regulated river systems. During warm seasons, deep reservoirs with
long residence times are thermally stratified and cold hypolimnetic releases depress downstream
river temperature (Chapra, 1997). As a result, peak river temperature and the annual temperature
range decrease at tailwater locations, suppressing the occurrence of thermal extremes (Cheng et
al., 2020). As almost all global major river systems are highly regulated, quantifying the
mitigation impacts due to reservoir regulation is valuable for regional risk management.

The detrimental impacts of thermal extremes will be exacerbated when they coincide with
low flows. Besides intense thermal stress, concurrent low flow can expose the shallow river
system to strong insolation, elevate solute concentrations, and constrain fish mobility, preventing
them from seeking more favorable shelters (Bradford & Heinonen, 2008; Matthews &

Zimmerman, 1990). Under these circumstances, thermoelectric power plants may also be unable
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to generate at full capacity due to a lack of sufficient cooling water (Rutberg, 2012; van Vliet,
Yearsley, Ludwig, et al., 2012).

We focus on the southeastern United States (SEUS), which is a global hotspot of
freshwater biodiversity. Two-thirds of US fish species exist here, and these fish are vulnerable to
changes in river thermal regimes (Elkins et al., 2016). Historical river temperatures in the region
already approach the limit set by environmental regulations (Cheng et al., 2020; Liu et al., 2017,
Madden et al., 2013). High air temperatures in the region result in a high electricity demand for
air conditioning (Auffhammer et al., 2017). These conditions often coincide with river thermal
extremes and low flows, thus limiting the cooling potential for power plants that depend on river
water. As a result, the electricity sector in the SEUS may be exposed to higher risks under
climate change (Kimmell & Veil, 2009).

The objective of this study is to characterize extreme thermal events with attributes that
can support risk management, i.e. duration-intensity-severity, and evaluate climate change
impacts on thermal extreme events in a large, regulated river system. This characterization is
standard in drought research but has not been applied to fluvial thermal events due to limited
capability in simulating river temperatures for complicated river-reservoir systems. A recent
innovation of a regional-scale spatially-distributed modeling framework enables us to directly
quantify the impact of reservoir regulation on thermal extremes (Cheng et al., 2020). We use this
framework to examine the impact of climate change on thermal extremes and on concurrent high
stream temperature, low flow events, which we term hydrologic hot-dry events. This work can
be used to inform existing multi-sectoral impact assessments as well as adaptation planning at

relevant scales, especially for the freshwater fisheries and power sectors.
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Figure 3.1. (a) Spatial map of the study’s regulated river system. Panel (b) displays the number
of grid cells at different river sizes, with the bars divided according to grid cells influenced by
regulation (black) and unregulated grid cells (light blue). Numbers on top of each column denote
number of regulated grid cells (left) and its percentage of total grid cells under each river size.
The color scheme of panel (b) is also used to label streams in the domain map. Panels (c¢) and (d)

show the number of reservoirs and distribution of residence time at different river sizes.

3.2. METHODS

3.2.1. Study domain and reservoir information
Our study domain (Figure 3.1a) consists of the SEUS and contains 271 major reservoirs. In our
model setup (see Section 3.2.2) 21% of river segments are located downstream of these 271
reservoirs and therefore are subject to regulation. This includes all river segments in large rivers,
those with average annual flow (Q,) greater than 200 m?/s (Figure 3.1b). About half the
reservoirs are located in small streams, for which Qy is less than 10 m?/s. The remaining 79% of
river segments are located upstream of one of these reservoirs.

Reservoir outflow and residence times determine the extent to which reservoirs impact
tailwater temperatures. Reservoirs with larger outflow influence temperature farther downstream
because 1) their outflows are less affected by mixing of flows from smaller tributaries and 2)
larger rivers respond less rapidly to surface energy fluxes because they generally have a smaller
surface area to volume ratio. Reservoirs with longer residence times have stronger seasonal

thermal stratification and therefore have stronger cooling impacts on downstream river
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temperatures. Reservoir residence time generally decreases with increasing river sizes (Figure
3.1c¢). In the following analysis only grid cells influenced by reservoir regulation (black segments

in Figure 3.1a) will be analyzed.

3.2.2. Model setup

In this study, we used the physically-based modeling framework as applied in Cheng et al.
(2020) to simulate streamflow and stream temperature for the entire river network of the SEUS,
considering reservoir regulation and thermal stratification. This model framework includes a
spatially distributed hydrological model (Variable Infiltration Capacity model or VIC, Hamman
et al., 2018; Liang et al., 1994), a large-scale river routing model (Model for Scale Adaptive
River Transport or MOSART, Li et al., 2013) that is dynamically coupled with a water
management model (WM, Voisin, Li, et al., 2013), and a distributed river temperature model
(River Basin Model or RBM, Yearsley, 2009, 2012). RBM includes a two-layer thermal
stratification module (2L, Niemeyer et al., 2018).

This model framework was run at a daily time step with a latitude-longitude resolution of
1/8 degree (~12km). For the historical period (1980-2009), we used gridded meteorological
forcing data, gridMET (Abatzoglou, 2013), as input into the model chain. The future period
spans from 2070-2099 and is referred to as the 2080s. For the 2080s, we used an ensemble of
meteorological forcing data from 20 global climate models (GCMs; Table B.1) based on a high
carbon emission scenario (RCP8.5) from the Coupled Model Intercomparison Project, Phase 5
(CMIPS; Taylor et al., 2012), downscaled using the Multivariate Constructed Analog (MACA;
Abatzoglou & Brown, 2012) method. We selected RCP8.5 because it is the highest carbon
emission scenario and represents the greatest warming among RCPs. To quantify the impacts of
reservoir regulation, we conducted an experiment in which we simulated streamflow and stream
temperature for both regulated and unregulated model setups. The baseline (unregulated) setup is
one in which there are no impoundments in the river system. In the regulated setup, we explicitly
considered reservoir regulation, thermal stratification, and water withdrawal. To isolate the
impacts of climate change in a regulated system, reservoir regulations remain the same for both
historical and future periods. Because release information for individual reservoirs is generally
lacking, we assume that all reservoirs release water from the hypolimnion, as in Cheng et al.
(2020). Consequently, our results provide a lower bound estimate of reservoir release

temperatures and thus an upper bound estimate of the extent to which reservoir regulation can
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alleviate thermal extremes. For more details concerning the model configuration, evaluation and
errors, we refer to Cheng et al. (2020). A summary of model performance for the historic period
is provided in the Supporting Information (Text B.1.1).

3.2.3. Three metrics to evaluate thermal extremes
We define thermal extreme events as periods when river temperatures exceed a threshold
temperature (Tip-e5)- We used three metrics to characterize thermal extreme events: duration,
intensity and severity, each explained below. These three metrics, when combined, provide a
comprehensive characterization to support multi-sectoral impact assessments and adaptation
strategies.

Duration, D (day/period), measures the length of thermal extreme events within a defined
period (e.g., per month). Extreme event durations are compared to the maximum lengths of
bearable stressful periods for fish or power plants. While limited durations may be acceptable,
durations that are too long can result in fish mortality and power plant shutdowns. For a defined
period of time (from tg; 4, tO tong in Figure 3.2a), duration is the total time during which the

river temperature exceeds Tipyes as in
n
D= (th -~ th) G.1)
i=1

where t;¢ and t;, represent the starting and ending time, respectively, of intervals during which
the river temperature exceeds Tyy,-os and n represents the number of periods.

Intensity, / (°C), is the maximum excursion of the stream temperature above Tyj,.s during a
specific interval,

| = {Tmax - Tthres if Tmax > Tthres (3'2)

0 if Tnax < Tthres
where T,y 4, 1s the maximum river temperature within the defined time period. Intensity is zero if
the river temperature never exceeds T¢p05- When intensity reaches a certain value, it may lead to
immediate fish mortality or complete shutdown of power plants if environmental regulations are
enforced.

Severity, S (°C-day/period), quantifies the cumulative impacts of thermal extremes and is
widely used in fish models (Chezik et al., 2014; Trudgill et al., 2005) and power curtailment
models (McDermott & Nilsen, 2014). Severity is the time integrated value of the river

temperature above Typ-os Within a defined period (red highlighted area in Figure 3.2a).
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Figure 3.2. (a) Diagram to explain attributes of temperature timeseries used by this paper, i.e.,
duration, intensity and severity. Panels (b), (c), and (d) respectively show the distribution of
mean annual duration, intensity, and severity of thermal extreme events for different river sizes
separated according to the horizontal axis at the bottom of the figure. Left (orange and red) and
right (blue and navy) sides of the vertical distributions denote unregulated and regulated model
setups, respectively. Orange and blue are for the historical period; red and navy are for the 2080s
under RCP8.5. Thin lines display smoothed probability density functions (PDFs) of each
different GCM; shaded areas represent ranges of median values of PDFs for 20 GCMs by the
2080s under RCPS8.5; thick horizontal lines represent PDF median values for the historical period
and median of PDF median values among all 20 GCMs for the future period.
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Defining a single Typ,es for the entire region is infeasible as a result of the diversity of fish
species and the different power plant regulations in an area as large as our study region. We use
the simulations for the historical period to define a spatially-varying Typ,es, With a separate value
for each model grid cell. We selected the maximum weekly average stream temperature with a
recurrence interval of 2 years or 7T2 as our threshold temperature. Each 7T2 value was
calculated from the 30-year time series of simulated unregulated temperatures for the historical
period. While the maximum weekly average temperature is a widely used metric in defining an
upper temperature tolerance for freshwater fishery (Eaton et al., 1995; Welsh et al., 2001) the
addition of a return period (as in the 7T2) makes the method more robust to individual outliers.
The 7T2 is analogous to the widely used 7Q2 metric mentioned in the next section. We calculate
each of the three metrics for both regulated and unregulated model setups to quantify the
regulation impacts on thermal extremes, and for both historical and future periods to quantify the
overall impacts of climate change.

We conducted a sensitivity analysis to evaluate the robustness of our findings to our
selection of thresholds values. We selected the maximum weekly average stream temperature
with recurrence intervals of two, five, ten and twenty years, or 7T2, 7T5, 7T10, and 7T20,

respectively, and repeated our analysis (see Section 4).

3.24. Concurrence of thermal extremes and low flows
Low flow events, also known as hydrologic drought, are defined as periods when streamflow
falls below a threshold (Q¢nres). We use the 7Q2 value, which is the minimum weekly average
streamflow with a recurrence interval of 2 years. The 7Q2 value has been widely used as a low
flow metric for maintenance of aquatic ecosystems and water quality (Ontario Ministry of
Natural Resources and Watershed Science Centre, 2001; Pyrce, 2004). The 7Q2 values were
based on simulations under the regulated setup to account for water withdrawals. Concurrence of
thermal extremes (TE) and low flows (LF) is defined as a period when the river temperature
exceeds Tipres While streamflow falls below Qpr-es. We refer to these periods as hydrologic hot-
dry events (TE N LF).

To summarize the spatial and temporal heterogeneity of hydrologic hot-dry events, we
grouped all regulated grid cells into different river size categories and organized the time series
by month for each category. We calculated the conditional probability of hydrologic hot-dry
events given that thermal extreme events had already happened, i.e., Pg p(TE N LF|TE), and the
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conditional probability of hydrologic hot-dry events given that low flow events had already
happened, i.e., P »(TE N LF|LF),
Pru(TE NLF)

Prw(TE N LF|TE) = = 5 (3.3)
R.M
Ppy(TE N LF)
Ppy(TE N LF|LF) = =% 3.4
R ( |LF) Prm(LF) (3.4)

where Pg y(TE N LF), Pg y(TE) and Py 3, (LF) denote the probability of hydrologic hot-dry
events, thermal extremes and low flows, respectively, occurring at river size R and month M.
Note that Py ,(TE N LF|LF) can be simplified to P ,(TE|LF) and Pg y(TE N LF|TE) can be
simplified to Pg p(LF|TE). When Py (LF|TE) exceeds Pg 5 (TE|LF), a hydrologic hot-dry

event is more likely to occur in case of a thermal extreme event rather than a low flow event.
3.3. RESULTS

3.3.1. Regulation modulates thermal extremes

Within the historical period reservoirs alleviated thermal extreme events. Figure 3.2(b), (c), and
(d) show the distributions of duration, intensity, and severity as probability density functions
(PDFs) for all regulated river segments in each river size category from Figure 3.1. We used the
unregulated model setup (left side in each violin plot) as a baseline and compared it with the
regulated setup (right side) to evaluate reservoir impacts on thermal extremes, with horizontal
lines denoting median values. Historical regulation impacts on thermal extremes are quantified
by the distance between the orange and blue horizontal lines in Figure 3.2, i.e., the median values
in the regulated model setup minus those in the unregulated setup (AMp;s¢, where M is the
metric of interest; Table 3.1); the more negative AMy;,, the greater the mitigation by reservoir
regulation of thermal extreme events. For all three metrics, lower blue lines indicate that
reservoirs can depress downstream thermal extremes by releasing cold hypolimnetic water.
Under reservoir regulation, median values of mean annual duration, intensity, and severity are
3.0 days/year (-5.1 days/year), 0 °C (-0.8 °C), and 1.6 °C-day/year (-3.9 °C-day/year) for all
regulated river segments. Values in parentheses indicate the regulation-induced offset in the
historical period.

Reservoir regulation has stronger impacts on smaller rivers. We grouped all segments into

two size categories (smaller and larger rivers) based on a threshold of Q, of 100 m®/s. For larger
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rivers reservoir regulation leads to a change in median duration, intensity, and severity of -3.3
days/year, -0.6 °C, and -2.6°C-day/year in the historical period, respectively. For smaller rivers
these metrics are -7.3 days/year, -0.9 °C, and -5.0°C-day/year, respectively, indicating that
reservoir regulation can strongly mitigate thermal extremes in smaller rivers during the historical
period. Smaller rivers experience stronger regulation impacts for two main reasons, namely, a
greater number of reservoirs in smaller rivers (Figure 3.1c¢), and longer residence times of
reservoirs in smaller rivers (Figure 3.1d). Reservoirs with longer residence times tend to be more
stratified with colder hypolimnetic releases than those with shorter residence times, resulting in a

stronger mitigating impact on downstream thermal extremes.

3.3.2. Regulation impacts are reinforced under climate change
Climate change will exacerbate thermal extreme events. Figure 3.2 shows the effects of climate
change for an unregulated system (red traces). Without regulation, duration, intensity, and
severity increase to 85.6 days/year (+77.4 days/year), 5.2 °C (+4.4°C), and 193.4 °C-day/year
(+187.9 °C-day/year), respectively by the 2080s under RCP8.5, with values in parentheses
indicating the changes relative to the historical, unregulated values. These values are determined
by calculating the median across all river segments for each GCM and then taking the median
across all 20 GCMs. Severity, as an integral of time and temperature, increases faster than both
duration and intensity under climate change.

In general, climate change will also exacerbate thermal extremes in the regulated river
system. Median duration, intensity, and severity in the regulated model setup are projected to
increase to 75.2 days/year (+72.1 days/year), 4.2 °C (+4.2 °C), and 143.1 °C-day/year (+141.5
°C-day/year), respectively, which are only slightly lower than climate-induced increases in the
unregulated setup. Furthermore, for all regulated river segments, reservoir regulation can only
mitigate 12.2% (-10.4 days/year), 19.7% (-1.0 °C), and 26.0% (-50.3 °C-day/year) of duration,
intensity, and severity, respectively, by the 2080s under RCP8.5, with values in parentheses

indicating the regulation-induced offset under climate change.
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Table 3.1. Summary of baseline and regulation impacts on duration, intensity, and severity for each river size category. We also group
the river segments by smaller and larger sizes, i.e., Q4 below and exceeding 100m3/s. M denotes median values of selected metrics for
all regulated river segments in each river size category, subscripts hist and 2080s denote historical period and 2080s under RCP8.5
respectively, subscripts unreg and reg denote unregulated and regulated model setups. Mgggs x denotes median of PDF median

values among all 20 GCMs for the future period, i.e., red and navy horizontal lines for unregulated and regulated model setups in

Figure 3.2.
Regulated model
Baseline setup Regulation impact
Projected
River size Historical 2080s changes
(mean AM
annual flow, X _Anly hist AM ;s (AMM 2080s AM 0805 A?“/’ISOS
. — = Mhpist,re | (& Ma2o80sre Y — — i
Variable Q. m3/ s) M histunreg M 2080s,unreg M histreg M 2080s,reg | — M hist,unrig) M histunreg | — M. zusOs,uan,;) M 2080s,unreg hist
0-10 9.53 100.80 0.25 50.47 -9.28 -97.4% -50.33 -49.9% -41.05
10-20 8.72 94.12 0.88 76.97 -7.84 -90.0% -17.15 -18.2% -9.31
20-50 8.38 89.07 2.28 78.78 -6.10 -72.8% -10.29 -11.5% -4.19
50-100 8.39 84.91 3.31 76.76 -5.08 -60.5% -8.15 -9.6% -3.07
100-200 8.00 82.13 2.75 72.03 -5.25 -65.6% -10.10 -12.3% -4.85
Duration | 200-500 7.56 81.75 3.88 70.75 -3.69 -48.7% -11.00 -13.5% -7.32
(day/year) >500 8.03 82.53 7.25 79.62 -0.78 -9.7% -2.91 -3.5% -2.13
Smaller river
(Qq < 100) 8.78 91.23 1.50 75.95 -7.28 -82.9% -15.28 -16.8% -8.00
Larger river
(Qq, > 100) 7.81 81.65 4.50 74.32 -3.31 -42.4% -7.33 -9.0% -4.02
All regulated
grid cells 8.16 85.57 3.03 75.15 -5.13 -62.9% -10.42 -12.2% -5.29
e 0-10 0.52 4.56 0.00 1.92 -0.52 -100.0% -2.65 -58.0% -2.12
Intensity (°C)
10-20 0.74 5.45 0.00 3.70 -0.74 -100.0% -1.75 -32.1% -1.01
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20-50 0.94 5.50 0.00 4.37 -0.94 -100.0% -1.13 -20.6% -0.19

50-100 1.06 5.40 0.17 4.56 -0.89 -84.3% -0.84 -15.6% 0.05

100-200 0.96 5.19 0.00 4.26 -0.96 -99.6% -0.93 -17.9% 0.03

200-500 0.68 4.99 0.19 4.17 -0.49 -71.7% -0.82 -16.4% -0.33

>500 0.48 4.63 0.21 4.28 -0.27 -57.2% -0.35 -7.6% -0.08

Smaller river

(Qq < 100) 0.88 5.38 0.00 3.93 -0.88 -100.0% -1.45 -27.0% -0.57

Larger river

(Q, > 100) 0.78 4.99 0.18 4.21 -0.60 -76.8% -0.78 -15.6% -0.18

All regulated

grid cells 0.82 5.19 0.00 4,17 -0.82 -100.0% -1.02 -19.7% -0.20

0-10 4.85 224.08 0.08 57.20 -4.77 -98.4% -166.88 -74.5% -162.11

10-20 5.36 245.72 0.28 145.45 -5.08 -94.8% -100.27 -40.8% -95.19

20-50 5.77 219.55 1.02 162.28 -4.75 -82.4% -57.27 -26.1% -52.52

50-100 6.16 191.54 1.78 156.56 -4.38 -71.1% -34.98 -18.3% -30.60

100-200 5.77 169.30 1.44 134.82 -4.33 -75.0% -34.48 -20.4% -30.16

200-500 5.28 168.42 2.51 128.68 -2.77 -52.5% -39.74 -23.6% -36.97
severity | 5 5.15 178.12 4.48 162.90 -0.67 -13.1% -15.22 -8.5% -14.54

(°C-day/year)

Smaller river

(Qq < 100) 5.66 211.94 0.66 137.87 -5.01 -88.4% -74.07 -34.9% -69.07

Larger river

(Q. > 100) 5.35 170.23 2.74 145.91 -2.61 -48.7% -24.32 -14.3% -21.71

All regulated

grid cells 5.53 193.44 1.62 143.13 -3.91 -70.8% -50.31 -26.0% -46.40
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While climate change will exacerbate thermal extreme events in both the regulated and
unregulated model setups, the differences between them will be larger under future conditions.
The distance between the red and navy horizontal lines in Figure 3.2 (AM30ggs in Table 3.1)
quantifies the regulation impacts in the future. We quantify the change in regulation impacts
between the 2080s and the historical period (AM30gos—hist) aS

AM3080s-hist = AMz080s — AM pist (3.5)
Positive values of AM30gos—hist indicate that reservoir regulation will have a weaker impact on
stream temperature in the future than in the past. Negative values indicate that regulation will
have a stronger impact in the future than in the past. For all regulated river segments,
AMg0s—nist for duration, intensity, and severity is -5.3 days/year, -0.2°C, and -46.4
°C-day/year, which indicates that by the 2080s, reservoir regulation buffers thermal extremes to
a greater extent than in the historical period. For all river size categories and all three metrics,
AM0g0s—nist 18 generally negative, indicating that reservoir regulation will have stronger
mitigating impacts for all river sizes under climate change.

Under climate change, mitigation of thermal extremes as a result of reservoir regulation is
stronger for smaller rivers. For smaller river segments, the values of AM,yg0s—_nist for duration,
intensity, and severity are -8.0 days, -0.6 °C, and -69.0 °C-day, respectively. For larger river
segments, these values are -4.0 days, -0.2 °C, and -21.7°C-day, respectively. For all three metrics
AM,g0s—nist generally becomes more negative as river size decreases, indicating that under
climate change, stream temperatures in smaller rivers will be more strongly affected by reservoir
regulation. As a result, in regulated systems, climate change has somewhat less of an impact on

thermal extremes in smaller rivers, especially in river segments with Q, below 10 m*/s.
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Figure 3.3. Conditional probability of hydrologic hot-dry events given that low flow events
already happened, i.e., P(TE|LF), versus conditional probability of hydrologic hot-dry events
given that thermal extremes already happened, i.e., P(LF|TE). Panels a) and b) represent
categorizations by river sizes and months, respectively. Dot color denotes river sizes, and dot
size denotes percentage of river segments experiencing hydrologic hot-dry events. Solid dots

with black outline and open circles denote historical and future periods, respectively.

3.3.3. Prolonged hydrologic hot-dry events will occur at more river segments under

climate change
More river segments will experience hydrologic hot-dry events under climate change (hollow
circles are larger than solid circles in Figure 3.3). In the following, median values are calculated
only for stream segments that experience hot-dry events. In the historical period, 65.7% of
regulated river segments experienced hydrologic hot-dry events with a median annual duration of
0.8 days/year, while 34.3% never experience a hot-dry event. Under climate change hydrologic
hot-dry events will occur in 87.1% of regulated river segments, with a median annual duration of
10.3 days/year, over ten times the historical value. The concurrent events increase both because
of an increase in thermal extremes as well as an increase in the number of low flow events. Even

though the regional mean annual precipitation is projected to increase slightly by 41.4 mm/year
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(3.4%), the median annual duration of low flow events will be prolonged from 15.9 days/year to
21.8 days/year. Because thermal extremes do not increase as much in smaller regulated rivers
under climate change, fewer smaller regulated river segments will experience concurrent extreme
events, especially for river segments with Q, below 10 m?/s (smaller hollow circle sizes for
smaller rivers in Figure 3.3(a)).

Under climate change the concurrent events will be more likely to occur if there exist low
flow events rather than thermal extremes. In the historical period the duration of low flow events
is almost three times the duration of thermal extremes, leading to a higher P(LF) and therefore a
lower P(TE|LF). The hydrologic hot-dry events are thus more likely to occur when thermal
extremes occur historically (solid circles located in the upper left corner in Figure 3.3). However,
the large increase of thermal extremes under climate change greatly elevates the possibility of its
coincidence with low flow events, especially in warmer seasons. By the 2080s under RCP8.5,
median monthly durations of thermal extremes for July and August are 27.1 days/month and 26.6
days/month respectively, which almost guarantees that low flow events will also be hydrologic

hot-dry events (P(TE|LF) > 0.8; Figure 3.3b).
3.4. DISCUSSION

The sensitivity analysis shows that the choice of threshold temperature does not have a large
impact on our results. In general, reservoir regulation can alleviate historical thermal extremes to
a certain extent. The values of all three metrics increase sharply under climate change for both
the unregulated and regulated model setups, but they increase slightly less for the regulated case.
In addition, for all three metrics, AM,gg0s—nist generally becomes more negative as river size
decreases, a consistent finding under all thresholds (see Supporting Information Figure B.1). As
a result, our conclusion that regulation impacts are more enhanced for regulated rivers with
smaller flows is relatively insensitive to the choice of the threshold value.

Besides the choice of threshold, assumptions in river temperature simulations can also
influence the results. In this study, we assumed that all reservoirs released water from the
hypolimnion. This assumption was our default because of limited access to reservoir regulation
data across different operating agencies. As a result, the regulation impacts shown in this study
are the upper limit of mitigation that can be provided by existing reservoir infrastructures.

Although reservoir releases are optimized for downstream temperature control at a few select
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reservoirs at present (e.g. Detroit Dam in Oregon; Rounds & Buccola, 2015), this is currently not

a common practice.
3.5. CONCLUSION

Leveraging a newly established model framework, we investigated the impacts of climate change
and reservoir regulations on thermal extreme characteristics as defined by three metrics:
duration, intensity, and severity. Concurrent thermal extremes and low flow events, i.e.,
hydrologic hot-dry events, can increase damages to local aquatic ecosystems due to low fish
mobility and can further reduce the flexibility and ability of the electricity sector to meet
electricity demand due to disruption of thermoelectric plant operations. We also determined the
conditional probability of hydrologic hot-dry events given the occurrence of either a thermal
extreme or low flow event. Our analysis focused on river segments in the study area that are
subject to regulation during the historical period. Major findings are as follows:

¢ (limate change greatly exacerbates thermal extremes. In the unregulated
simulations, duration, intensity, and severity are projected to increase to 85.6
days/year (+77.4 days/year), 5.2 °C (+4.4°C), and 193.4 °C-day/year (+187.9
°C-day/year), respectively, by the 2080s under RCPS.5, with values in parentheses
indicating the changes relative to the historical, unregulated values.

e Thermal extremes will increase in the regulated system under climate change. The
climate-induced increases are only slightly lower in the regulated model setup than
those in the unregulated model setup. Furthermore, by the 2080s under RCPS.5,
only 12.2%, 19.7%, and 26.0% of duration, intensity, and severity, respectively,
can be mitigated by reservoir regulation, assuming all releases come from the
hypolimnion.

¢ Regulation can alleviate thermal extremes and this ability will be enhanced under
climate change. Reservoir regulation buffers thermal extremes to a greater extent
under climate change, by reducing duration, intensity, and severity by -10.4
days/year, -1.0°C, and -50.3 °C-day/year, which are 2.0, 1.2, and 12.9 times greater
than the historical offset due to reservoir regulation. In addition, the mitigating

effects of reservoir regulation on thermal extremes are greater on smaller rivers
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because of a greater number of reservoirs and because of longer reservoir residence
times.

* More regulated river segments will experience prolonged hydrologic hot-dry
events under climate change, with a median annual duration of 10.3 days, over ten
times the historical value. In addition, under climate change, the occurrence of
thermal extreme events increases more than the occurrence of low flow events. As
a result, the occurrence of concurrent hot-dry events becomes more conditionally
dependent on the occurrence of a low flow event (since thermal extreme events
will become more common).

Dams and reservoirs have a wide range of impacts on fish populations and environmental
process, from restricting movement, to changing habitat, to changes in sediment transport (Dang
et al., 2010). This study clarifies and quantifies the extent to which management of reservoir
infrastructure can be used to modify tailwater thermal regimes in a large river system. While this
opportunity for modification is limited, it can offer important local opportunities for managing

thermal conditions.
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Chapter 4 PROJECTED POTENTIAL FISH DISTRIBUTION
UNDER CLIMATE CHANGE IN A HEAVILY REGULATED,
FRAGMENTED RIVER SYSTEM

This chapter is being prepared for submission to Frontiers in Ecology and the Environment as
Cheng, Y., B. Nijssen, and G. Holtgrieve 2020: Projected potential fish distribution under

climate change in a heavily regulated, fragmented river system.

ABSTRACT

Both climate change and dam construction greatly impact fish distribution. Capturing dam
impacts, especially dam-induced changes in flow and thermal regimes, on environmental
suitability remains a challenge at regional-scale studies. To address this challenge, we
incorporated a recent advance in hydrologic modeling for regulated river systems with a species
distribution model and applied it in the highly regulated Tennessee River system in the
southeastern United States. We also accounted for stream network fragmentation resulting from
dam blockage. We projected the climate-induced changes of environmental suitability for the
exotic coldwater rainbow trout, which is stocked for sport fisheries, and three endemic coolwater
darter species with varying thermal tolerance. Only 4.4% of historically suitable streams for
rainbow trout will remain by the 2080s (2070-2099), mostly located at cold reservoir tailwaters.
Higher river temperature may facilitate the expansion for some endemic species, but the

expansion will be constrained by dam blockages.

4.1. INTRODUCTION

Dams impound large water bodies, block fish passages, change river flow and thermal regimes,
and therefore cause a redistribution of local freshwater biota (Agostinho et al., 2008; Letcher et
al., 2007; Ligon et al., 1995; Olden & Naiman, 2010). As a global hotspot of freshwater
biodiversity, the southeastern US (SEUS) lost suitable habitat for endemic fish species as a result
of dam construction over the past century (Jenkins et al., 2015; Liermann et al., 2012). For
example, during warm seasons, cold hypolimnetic releases from stratified reservoirs expel local

species in the SEUS (Neves & Angermeier, 1990). However, the cold outflow also creates new
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habitat, for example, for an exotic coldwater species such as rainbow trout (Oncorhynchus
mykiss). O mykiss has been stocked at multiple reservoir tailwaters and attracts anglers in the
SEUS (especially in Tennessee), which strengthens the local economy and enhances recreational
opportunities (Brooks et al., 2018).

Freshwater fish species are vulnerable to climate change and strong human impacts
(Comte & Olden, 2017). For example, under climate change, projected higher river temperature
may cause significant loss in cold-water fish habitat, e.g., salmonids in the Pacific Northwest and
brook trout in the eastern United States, while facilitating the invasion of nonnative warmwater
species, e.g., smallmouth bass (Bassar et al., 2016; Lawrence et al., 2014; Rubenson & Olden,
2020; Ruesch et al., 2012). This climate-induced invasion of nonnative smallmouth bass can
present an additional challenge to threatened Pacific salmon.

Reservoir tailwater temperature is projected to increase in the SEUS under climate change,
which may restore habitat for endemic species. Even though projected reservoir thermal
stratification will remain strong under climate change, the temperature suppression will dissipate
over a shorter distance downstream of the reservoir due to higher air temperature and stronger
solar radiation (Cheng et al., 2020). As a result, we can hypothesize that the projected higher
temperature may lead to a shrinkage of environmentally suitable streams for O mykiss at
reservoir tailwaters while facilitating the colonization of endemic species (Shea et al., 2015).
However, due to dam blockage, endemic species cannot always migrate to newly suitable
streams under climate change without human intervention (Kano et al., 2016).

The regional assessment of fish distribution in a regulated fluvial system remains a great
challenge for freshwater fish conservation (Olden, 2015). Recent studies have investigated dam-
induced isolation on fish redistribution under climate change (Fukushiam et al., 2007; Kano et
al., 2016). They mostly used surface meteorological variables as predictors to simulate fish
presence probability, and therefore did not consider the impact of reservoir regulation. Rubenson
& Olden (2020) projected fish presence probability using the regulated river temperature from
the NorWest project, which did not capture the climate-induced changes of reservoir thermal
stratification on downstream river temperature. Because dam impacts dissipate as rivers flow
downstream, their influence on river flow and thermal regimes may be inconsequential at
continental or global scales (Liermann et al., 2012). However, this impact is vital for endemic

fish species with limited spatial coverage.
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The objective of this study is to examine the potential fish redistribution under climate
change for O mykiss, an exotic but lucrative species, and multiple endemic species in the
Tennessee River Basin, a highly regulated river system. By coupling a recent advance in
hydrologic modeling for regulated river systems with a well-established species distribution
model, we quantified the projected changes in environmentally suitable streams as a result of
modified flow and thermal regimes (Cheng et al., 2020; Phillips et al., 2006). This study focuses
on rivers instead of reservoirs because the latter have a very different biotic system. We
explicitly account for the impacts of reservoir operation and thermal stratification on downstream
river flow and temperature and account for stream network fragmentation resulting from dam

blockage.



I Reservoirs = Dams
Rivers Dams with
; O mykiss stocking
(@) gcrgﬂf;ss name downstream

#¥ South Holston
.‘

—mmmkm

Figure 4.1. a) study domain with reservoir and O mykiss stocking locations and b) fragmented river networks

2000

1500

1000

500

(m)

on

Elevat

54



55

4.2. METHODS

4.2.1. Study domain
We chose the Tennessee River Basin (TRB) as our study domain, a U.S. hotspot of freshwater
biodiversity (Jenkins et al., 2015). The TRB accommodates many endemic fish species,
especially in the southwestern realm of the southern Appalachian Mountains (southeastern
corner in Figure 4.1a). In addition, the TRB has a highly regulated river system with 36 major
dams constructed over the past century, mostly regulated by the Tennessee Valley Authority
(Lehner et al., 2011). Nine dams in the Tennessee River impound extensive reservoirs, covering
most of the Tennessee River (reservoirs are masked using black in Figure 4.1a). As a result, most

of the mainstem Tennessee River is excluded in this study.

4.2.2. Model setup
We leveraged a recently established model framework to simulate river flow and temperatures in
the complicated river-reservoir system in Tennessee (Cheng et al., 2020). This model framework
comprises three physically-based models: (1) a large-scale spatially-distributed hydrologic model
(Variable Infiltration Capacity model or VIC; Liang et al. 1994; Hamman et al. 2018), (2) a river
routing model (Model for Scale Adaptive River Transport or MOSART; Li et al. 2013) coupled
with a water management model (WM; Voisin et al. 2013), and (3) a stream temperature model
(River Basin Model or RBM; Yearsley 2012) coupled with a two-layer reservoir thermal
stratification module (2L; Niemeyer et al. 2018). To better capture the reservoir’s impacts on
downstream temperature, we used reservoir operation data and other relevant information to
determine whether a reservoir releases from the surface layer (epilimnion) or bottom layer
(hypolimnion; Table C.1). This is in contrast to Cheng et al. (2020) who assumed that all
reservoirs release from the hypolimnion. More details are discussed in C.1.1.

We used the Maximum Entropy model (Maxent), a species distribution model (SDM), to
calculate a species’ presence probability over a defined region using fish presence data with
environmental variables (Phillips et al., 2006). Generally, Maxent predicts environmental
suitability for the species as a function of given environmental variables. We set up the SDM
following VanCompernolle et al. (2019). We used the same spatial resolution (400-m grid) for
the river network and selected the same nine environmental variables as model inputs. Six

climate-related variables were based on the model framework mentioned above (mean annual
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maximum/minimum monthly river flow and temperatures, i.€., Qmax> Qmin> Imax> Imin> and
coefficient of variation of monthly flow and temperatures, i.e., Qqy, T¢y). The remaining three
were non-climatic, i.e., primary surface rock type, land cover, and slope (data sources and
processing procedures are detailed in C.1.1). For each fish species, we randomly used half of the
fish presence data to train the Maxent model and used the remaining half for validation. A pixel,
i.e., a400-m grid, is categorized as a suitable stream segment when its presence probability
exceeds a threshold. We set the threshold equal to the value that excludes the 10 percent of
localities with the lowest predicted values (P1%). Compared to another common metric, i.e., the
lowest presence threshold, this metric is more stable and relatively insensitive to outliers
(Radosavljevic & Anderson, 2014). Details of the Maxent setup and evaluation can be found in

Text C.1.1.
4.2.3. Fish data

We obtained location information for O mykiss stocking from the Tennessee Wildlife Resources

Agency (TWRA; accessed through TWRA website, https://data2017-09-06t154623620z-

twra.opendata.arcgis.com/, 2020-02-08) and location information for local fish species from a

list of agencies (Table C.2; accessed through the Fishnet2 Portal, www.fishnet2.org, 2020-02-
07). We examined 50 local fish species with the most records in Fishnet2 and selected three
species of darters with varying thermal tolerance for further analysis (Percidae; black darter,
Etheostoma duryi; blueside darter, Etheostoma jessiae; blackfin darter, Etheostoma nigripinne).
The selected coolwater species are endemic and unique to the TRB and the trained Maxent
model for these species passed the performance criterion used in VanCompernolle ef al. (2019),
see Text C.1.1 for details. We only examined coolwater species because local coldwater species
mostly reside in headwaters, which are minimally impacted by reservoirs (McDonnell et al.,

2015).

4.2.4. Meteorological forcing data
We forced the modeling framework using both historical and future meteorology data. For the
historical period (1980-2009), we used gridMET (Abatzoglou 2013), a gridded meteorology
dataset. For the future period (2070-2099, 2080s), we used downscaled meteorology data from
20 Global Climate Models (GCM; Table C.3) based on a high emission scenario (RCP 8.5) from
the Coupled Model Intercomparison Project, Phase 5 (CMIP5; Taylor ef al. 2012), downscaled
using the Multivariate Constructed Analogue method (MACA; Abatzoglou and Brown 2012).
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We assumed that the three non-climatic variables remain the same under climate change. In
addition, only pixels for which the probability of presence exceeded the P1°-threshold for at least
16 GCMs were classified as suitable by the 2080s.

4.2.5. Dams fragment river network
While the modeling techniques capture the dam impacts on fish redistribution via modified river
flow and thermal regimes, they do not account for the physical blockage of fish passages.
Basically, without human intervention, fish cannot migrate across dams. Therefore, we evaluated
the accessibility of fish habitat to address the impacts of dam blockage. We fragmented the river
network at dam locations as shown in Figure 4.1b. Fish are only able to migrate within each
colored subregion. For each fish species, we defined a subregion accessible based on fish
observations from FishNet2. That is, if a fish species exists anywhere within a given subregion,

then that entire subregion will be marked as accessible.

4.2.6. Main environmental drivers for changes in environmental suitability
As part of our analysis, we determined for each pixel the variable that contributed the most to
changes in environmental suitability. The Maxent model provided the relative contribution of
each environmental variable to fish presence probability (permutation importance) for the
historic period, but does not tell us which variable contributed most to a change in this
probability. We introduced the Shapley decomposition to determine the main environmental
driver of changes in environmental suitability. The Shapley decomposition originated from
cooperative game theory, where it was applied to determine each player’s unique contribution to
a total surplus generated by a coalition of all players. Recently, this method has also been applied
in energy and environmental analysis (Ang et al., 2003; Yu et al., 2014). We adapted the Shapley
decomposition to quantify the contribution of each climate-related variable (¢,,) to the projected
changes in fish presence probability (AP), with subscript v representing the six climate-related
variables (Ang et al., 2003). We kept the three non-climatic variables constant under climate
change so their contribution to AP is zero. This technique is able to provide a decomposition

without residuals, i.e.,

AP = Z ¥y 4.1)

Therefore, the relative contribution (R,,) can be quantified as
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=P
AP

The corresponding variable with the largest R,, value is defined as the primary driver of

R, (4.2)

changes in environmental suitability under climate change, which is calculated for every pixel.

More details can refer to Text C.1.2.
4.3. RESULTS

Streams that are environmentally suitable for rainbow trout will shrink and no new streams will
become suitable under climate change. In Figure 4.2, domain colors denote accessibility with red
and blue denoting accessible and inaccessible subregions, respectively. Accessibility is based on
historic presence of a fish species combined with dam blockage information. Colors of the
streams denote the projected change of environmental suitability. Generally, 95.6% of
historically suitable streams (including most southern Appalachian streams) will disappear for
rainbow trout (red pixels in Figure 4.2d). The remaining suitable streams (blue pixels in Figure
4.2d) are mostly at reservoir tailwaters, e.g., downstream of the South Holston dam, Watauga
dam and Fontana dam. Even at these reservoir tailwaters, the number of stream segments that are

environmentally suitable for rainbow trout will shrink.
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suitability under climate change are represented by the color of the river network. Black hollow circles denote observed fish locations

from FishNet2. Yellow circles with number 1, 2, 3, and 4 inside represent South Holston, Watauga, Boone, and Fontana dams,

respectively.
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For endemic coolwater species, more stream segments may become environmentally
suitable under climate change, but any potential expansion will be reduced by dam blockage.
Without accounting for dam blockage, the suitable streams for £ duryi, E jessiae, and E
nigripinne are projected to change by +67%, +76%, -35%, respectively, by the 2080s.
Accounting for dam blockage, accessible suitable streams for the same three species are
projected to change by +20%, +62%, -53%, respectively. Two-thirds of the projected new
suitable streams for £ duryi located in upper TRB (dark blue pixels in red domain in Figure 4.2a)
are inaccessible because this species historically resides only in the lower TRB and thus will not
migrate there without human intervention. E jessiae is more extensively distributed in the TRB
and dam blockage has a weaker impact on its ability to access newly suitable streams. Only one-
fifth of the new environmentally suitable streams are inaccessible (dark blue pixels in red domain
in Figure 4.2b). The difference between the impacts of dams on projected distributions for £
duryi and E jessiae shows that fish with limited spatial coverage are more vulnerable to dam
blockages under climate change. Among the three endemic species, dam blockage has the largest
impact on E nigripinne because its historically suitable streams shrink under climate change
while most of the projected environmentally suitable streams are inaccessible (Figure 4.2c).

Among the six climate-related variables, changes in environmental suitability under
climate change are primarily driven by projected changes in river temperatures, including
increases in T,qy, Tminand decreases in T, by the 2080s (Figure C.1). For subregions with a net
gain or net loss of environmentally suitable streams, we determined the primary drivers of all
corresponding river segments and took their mode as the sub-regional primary driver. In Figure
4.3, for each subregion, domain colors denote the primary environmental driver of changes in
environmental suitability; black and red boundaries denote accessible and inaccessible
subregions, respectively; and non-hatching or hatching denote gaining or losing in
environmentally suitable streams. Among all four fish species, all sub-regional primary drivers
were temperature rather than flow-related (Figure 4.3). Primary drivers vary among different
species. Projected higher T,,;,, contributed most to the expansion of E duryi and E jessiae;
projected higher T, led to shrinkage of environmentally suitable streams for E nigripinne in
the lower TRB; and projected higher T}, or Tjnin led to shrinkage of these streams for O mykiss

depending on location.
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4.4. DISCUSSION

The result shows that projected higher river temperatures do not always favor colonization by
endemic coolwater species, which is consistent with previous studies (Eaton & Scheller, 1996;
Poff et al., 2002). For example, higher T,,,, leads to a shrinking of environmentally suitable
areas for E nigripinne in the lower TRB (Figure 4.3c). Heat tolerance varies among species, so
excessive heat can reduce the environmental suitability for some coolwater species.

Reservoir tailwaters, historically too cold for coolwater species, may become suitable
under climate change. For example, tailwaters downstream of multiple reservoirs become
suitable for E jessiae by the 2080s (dark blue pixels in Figure 4.2b). Under climate change, cold
reservoir tailwaters may alleviate the excessive thermal stress for lucrative rainbow trout as well
as for endemic coolwater species. However, this alleviation will be more spatially constrained
and dissipate faster due to stronger solar radiation under climate change compared to the
historical period.

Early studies assigned high priorities for environmental variables with large permutation
importance in climate change assessment (VanCompernolle et al., 2019). However, we found
variables with high permutation importance did not necessarily have large contributions in
climate-induced changes in environmental suitability. For example, Ty has the highest
permutation importance for £ duryi (Table C.4), while the primary driver of changes in
environmental suitability is the projected increasing T,,;,,. Since the permutation importance is
only based on historical environmental variables, it does not account for climate-induced
changes. Therefore, we would recommend that future climate impact studies use the Shapley
decomposition, which synthesizes both permutation importance as well as climate-induced
changes of environmental variables;

Because cold, hypoxic dam releases have imperiled tailwater habitats in the Tennessee
River, TVA and local environmental agencies have made great efforts to restore the tailwater
ecosystems by boosting oxygen levels and by stocking coldwater species, including the exotic
and lucrative rainbow trout as well as endemic coldwater species, e.g., brook trout, and some
mussels (Bettinger & Bettoli, 2002; Layzer & Scott, 2006). As our results show that
environmentally suitable streams for rainbow trout will shrink at reservoir tailwaters, it is

reasonable to infer that the same will happen for other coldwater species.
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One main limitation of this work is that our model framework cannot capture the impacts
of riparian vegetation on river thermal regimes. Lawrence et al. (2014) and Yearsley et al. (2019)
showed that restoration of riparian vegetation can reduce solar radiation and mitigate the climate
change impact on river temperatures. Without accounting for this impact, we might overestimate
the stream temperatures at the Southern Appalachian streams, which are covered by forest, and

underestimate their environmental suitability for rainbow trout under climate change.
4.5. CONCLUSION

This study evaluates dam impacts on fish redistribution under climate change. We have four
main findings:
¢ (limate change will almost wipe out historically suitable habitat for rainbow trout
and the reservoir tailwaters will become their last sanctuary. Only 4.4% of
historically suitable streams for exotic O mykiss will remain by 2080s. Similar
changes in environmental suitability downstream of reservoirs can be inferred for
other coldwater species.
® Projected higher river temperature will facilitate the expansion of some endemic
coolwater species, but much of this new environmentally suitable streams will
remain inaccessible as a result of dams. Dam blockage has a greater impact on
species with limited historic distribution than on species that are more widely
distributed.
¢ Changes in stream temperature rather than flow regime form the primary driver of
changes in environmental suitability for all four fish species evaluated here.
e Variables with the largest permutation importance in species distribution modeling
do not necessarily explain the largest amount of change in environmental
suitability under climate change. We recommend the use of the Shapley

decomposition to determine the dominant change factors.
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Chapter S5 CONCLUSIONS AND RECOMMENDATIONS

5.1. CONCLUSIONS

This dissertation furthers understanding of the climate change impacts on fluvial thermal regimes
in a regulated river system. In Chapter 2, a model framework was synthesized and evaluated,
which laid the basis for all subsequent analysis. The climate change signals in the mean summer
temperature and the cooling potentials were evaluated for the SEUS. Instead of conducting an
exhaustive model calibration, a sensitivity analysis was designed to evaluate the robustness of
our findings to model errors. In Chapter 3, the subject remained river temperature, but I pivoted
my focus to the extreme events so as to inform risk management. By adapting a standard
characterization of extreme drought events with three attributes, i.e., duration-intensity-severity,
I explicitly quantified the regulation impacts on thermal extremes under climate change. In
Chapter 4, I explored shifts in fish distribution. The modeling techniques developed in Chapter 2
were coupled with a species distribution model to quantify the presence probability for selected
species in a regulated river system. This is the first time, to our knowledge, that dam-induced
changes in flow and thermal regimes and the impacts of dams’ blockage are both explicitly
considered to quantify fish redistribution under climate change.

An important assumption in each study is whether reservoirs release from the epilimnion
or hypolimnion. In Chapters 2 and 3, I assumed all reservoirs release from the hypolimnion (cold
bottom layer) due to the limited accessibility of reservoir operation data for all 271 reservoirs
across the SEUS. Therefore, conclusions in Chapters 2 and 3 are both based on a lower bound of
possible river temperatures (i.e. I assume the greatest regulation impacts). However, in Chapter
4, I determined whether reservoirs release from epilimnion or hypolimnion based on reservoir
operation data and other relevant information as a result of 1) smaller study area with fewer
reservoirs, i.e., Tennessee River Basin with only 36 reservoirs, and 2) comprehensive dam
operation data provided by the Tennessee Valley Authority. The conclusions for each chapter are
described as follows.

Chapter 2 concludes that reservoir regulation modifies the response of summer river
temperatures to climate change, mainly through changing reservoir thermal stratification and
surface energy fluxes. In general, summer river temperatures in regulated rivers are projected to

be lower than those in unregulated rivers, but more sensitive to climate change. By the 2080s,
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under RCP8.5, compound impacts of higher air temperature and shorter residence times result in
stronger thermal stratification for about half of all reservoirs in the SEUS, especially for
reservoirs with longer residence times. Thermal stratification impacts on reservoir tailwaters will
mostly persist but will be slightly weakened because of stronger shortwave radiation and higher
air temperatures under climate change. In the future, regulation impacts on tailwater cooling
potential mostly remain for river segments strongly impacted by thermal stratification. However,
projected higher river temperature will decrease river cooling potential for all river segments.
Furthermore, while regulated river segments are more susceptible to hydrologic errors than
unregulated rivers, the findings in this study do not materially change as a result of these
hydrologic errors.

Chapter 3 quantified the compound impacts of climate change and reservoir regulations on
thermal extremes in the SEUS. Under climate change, thermal extremes will be greatly
exacerbated but less so in the rivers subject to reservoir regulations. Even though the thermal
mitigation from reservoir regulation will become stronger in the future, thermal extremes are
projected to be much more severe under climate change. In the baseline (unregulated) scenarios,
duration, intensity, and severity are projected to increase to 85.6 day/year (+77.4 day/year), 5.2
°C (+4.4°C), and 193.4 °C-day/year (+187.9 °C-day/year), respectively, by the 2080s under
RCP8.5, with values in parentheses indicating the changes relative to the historical, unregulated
values. Reservoir regulation can only mitigate 12.2%, 19.7%, and 26.0% of duration, intensity,
and severity by the 2080s under RCPS.5.

In Chapter 4, 1 predicted the fish distribution in a regulated river system under climate
change. This study considers, as no study has done before, the compound impact of dam-induced
river flow and thermal regime changes and dams’ physical blockage on fish distribution. As an
exotic coldwater fish species, higher river temperature will result in drastic shrinkage of rainbow
trout distribution by the 2080s. Only 4.4% of its historically suitable streams will remain, mostly
at reservoir tailwaters. This reduction in stream segments suitable for rainbow trout will
negatively impact local sports fishing industry and economy. On the other hand, more streams
will be environmentally suitable for some endemic coolwater species by the 2080s, but the
expansion is constrained by dam blockages. By the 2080s, the suitable streams of E duryi, E
jessiae, and E nigripinne is projected to change by +67%, +76%, -35%, respectively, without the
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impact of dam blockage. And the projected changes will be +20%, +62%, -53% respectively

when we excluded the inaccessible streams due to dam blockage.
5.2. FUTURE WORK RECOMMENDATIONS

Many areas for improvement and further research remain in a study of this scope, but I would
like to highlight a few.

This dissertation adapted a monthly guide curve to operate reservoirs, consistent
throughout the historical and future periods. In reality, reservoir operations are highly dynamic
and flexible, and updated based on forecast. Therefore, accounting for forecast and optimization
information into the reservoir operations component would help improve the regional assessment
of regulation impacts. So far, optimization of river temperatures in a complicated multi-reservoir
system remains a great challenge in water management community because operation of each
single reservoir can be constrained by many competing objectives. Limited accessibility of dam
operation data further constrains inclusion of these effects in a modeling framework. The tools
used in this dissertation cannot be used to optimize regulation rules for downstream river
temperatures, but they can be used to test the impact of different regulation rules on downstream
temperature.

High-resolution satellite imagery can facilitate the inspection of human impacts on
reservoir tailwater flow and thermal regimes. For example, Bonnema et al. (2020) used satellite
imagery to study the impacts of dam constructions on downstream river temperature in the
Mekong River Basin. Remote sensing could provide a valuable insight for countries with
booming dam constructions but few observations, e.g., the southeastern Asia, Africa and South
America. In addition, if the resolution of satellite image is high enough, we may develop an
algorithm to better parameterize the operation rules for multiple reservoirs, which can be used to
better estimate dam impacts at regional scales.

Coupling with power system models can further our understanding of the dynamics
between river thermal regimes and power systems. To be specific, we can explicitly quantify the
impacts of thermal effluents to downstream river temperatures as well as the power curtailment
due to river temperature constraint on power operations. For example, Miara et al. (2018)
dynamically coupled fluvial thermal regimes with power sectors but ignored the impacts of

reservoir regulations. As the power plants using once-through cooling techniques are phased out
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and retired in the United States, the constraints of river temperature on thermoelectric power
sectors become weaker in the future. However, reservoir regulation along with many other
human activities greatly affects the water availability and seasonality in the river system. As
shown in Chapter 3, prolonged low flow periods can bring additional pressure to the power
sectors because the cooling water withdrawal can be constrained by environmental flow
regulations, i.e., maintaining a minimum flow for a healthy aquatic ecosystem.

This dissertation assumed static landcover throughout both historical and future periods.
However, human activities, e.g., urbanization and deforestation, will greatly change landcovers
and thus affect fluvial thermal regimes (Nelson & Palmer, 2007; Yearsley et al., 2019).
Therefore, coupling landcover change in future works could provide a more comprehensive
evaluation of human activities on river temperature. Our model framework does not currently
account for the impacts of reduced solar radiation by riparian vegetation on river temperature,
which might overestimate the river temperatures at streams covered by dense forest. Properly
accounting for shading by riparian vegetation at regional studies can be ecologically important

because shaded reaches might provide sanctuaries for cold water species under climate change.
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APPENDIX A  SUPPLEMENTAL MATERIALS FOR
CHAPTER 2: RESERVOIRS MODIFY RIVER THERMAL
REGIME SENSITIVITY TO CLIMATE CHANGE: A CASE
STUDY IN THE SOUTHEASTERN UNITED STATES

A.l. Texts

A.1.1.  Reservoir storage, storage targets and guide curves
A.1.1.1. Method to calculate reservoir storage from observed elevation data or guide
curve
To estimate reservoir storage from reservoir elevation data, we assumed that the reservoir shape
can be approximated as a tetrahedron (Fekete, et al., 2010; Figure A.1). The reservoir shape was
defined by the following parameters:
®  Djam : dam height, available in the GRanD database (D;4m = Haam — Hpot»
Lehner et al., 2011), where Hyg,, is the elevation at the top of the dam and Hp,,¢ 1s
the elevation at the bottom of the dam.
®  Dgyy : full pool depth (Dryyy = Hpyyy — Hpot), where Hpyyy is the elevation at full
pool (spillway design flood or spillway crest)
e D,ps : observed pool depth (D,ps = Hyps — Hpor), Where H,p 1s the observed
reservoir surface elevation
The GRanD database (Lehner et al., 2011) also provided the maximum reservoir storage
capacity (Cppqyx), corresponding to the reservoir capacity at the full pool elevation (Hg,y;). Given

the surface area at maximum capacity (A;,qx)> Cmax Was calculated as

Cnax = %DfullAmax (A.1)
The assumed shape (tetrahedron) also dictated the relationship between the full pool depth
(Dgyu) and the maximum surface area (A4 ), as well as the relationship between Dy, and the
maximum storage (Cy,qy), Such that A,,,, < Dfullz and Cyqx < Dfu”3. Thus, given D, we

calculated the reservoir storage (V) using
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Dobs

Vobs = ( )3 X Crax (A.2)

Drun
Reservoir depth (D,;s) is not usually measured directly. Instead, we calculated it based on
the observed surface elevation (H,,s) minus the elevation at the bottom of the reservoir (Hpo¢).
However, H,,; was not readily available for most reservoirs. Fortunately, full pool elevation
was available for most reservoirs and full pool depth is usually 5% or 10% less than the dam
height for safety reasons, so we assumed:
Deyyr = 0.95Dg4m (A.3)
Then we calculated Hp,; as

Hpor = Hpyy — 0.95D4am (A.4)

A.1.1.2. Data availability for observed storage and elevation and reservoir guide curves
We used observed reservoir storage data from the Tennessee Valley Authority (TVA), U.S.
Army Corps of Engineers (USACE), and United States Geological Survey (USGS). We also
obtained records of reservoir surface elevation from the USGS, which can also be used to
calculate reservoir storage using the methods outlined in Text S1.1. USACE specifies guide
curves (surface elevation, not reservoir storage) for some of the reservoirs that it operates. A
summary of the data sources and data availability for each region is provided in Table A.3 and
Table A.4, respectively. The reservoir full pool elevation data was mainly sourced from USACE,

USGS, and U.S. lake levels (http://www.lakelevels.info/). When surface elevation data were not

available, we used the highest reported surface elevation as the full pool elevation. Data sources

for all sites are summarized in Table A.5.

A.1.1.3. Estimate storage target for reservoirs without observed storage data
In this study, storage targets for 92 reservoirs with regulation information were used as a library
to estimate the storage targets for reservoirs for which we lacked regulation information. We
estimated the storage targets for these reservoirs based on the storage targets for reservoirs that
were the most “similar” in the library. “Similarity” in this context was determined by two
criteria, namely 1) primary regulation objective and 2) similar values of relative degree (RD) to
which they were filled. We first categorized 92 reservoirs into two groups based on their primary
objective, flood control (n=49) and other (n=43). Then we normalized the monthly storage
targets by capacity. Normalized storage targets showed similar seasonality, with high storage in

the summer and low storage in the winter. We evaluated the seasonality using the standard
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deviation of the normalized monthly storage targets, with values smaller than 0.1 for most
reservoirs (Figure A.2a). However, RD showed great variability among different reservoirs
(Figure A.2b).

RD is the ratio of normal pool volume to maximum capacity, which should be correlated
with either depth ratio (water depth of normal pool to full pool depth) or surface area ratio
(normal pool area to full pool area). The variable “AREA SKM?”, which denotes the surface area
for normal pool (A,,ym) in km?, is available for most reservoirs in the GRanD database. We

calculated the surface area at full pool (Afy;;) using maximum capacity and dam height and the

assumption that the reservoir shape is a tetrahedron. For each group of reservoirs with regulation

information, we fitted a regression model to relate RD to the calculated area ratio (Anorm/Afun)
RD =ax 11'1(147107‘m/‘4full) +b (A.S5)

For flood control reservoirs, we determined that a = 0.29 and b = 0.73; for other
reservoirs, a = 0.32, b = 0.78. Figure A.3 shows a comparison of simulated RD and observed
RD for each group.

For every reservoir for which we lacked regulation information, we used the
corresponding regression model to calculate RD based on the primary regulation objective and
area ratio. Then we searched the library for two reservoirs with the same primary objective and
with the closest RD values. Finally, we assigned the mean of the relative storage targets of the
two selected reservoirs as the relative storage target for the reservoir that lacked this information.

For evaluation, we used the method above to simulate the storage targets for reservoirs
with regulation information and compared their simulated storage targets with their actual
storage targets. Median values of correlation coefficient, root mean square error, and standard
deviation of normalized storage targets (12 values) for each group are shown in Table A.6. This

method generally worked well for both groups.
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A.1.2.  Errors in streamflow, storage and stream temperature
In this study, errors in regulated streamflow mainly resulted from biased runoff from the
hydrological model and fixed monthly storage targets. Maps of relative bias in mean seasonal
streamflow are shown in Figure A.4. After we tuned the soil parameters for the South Atlantic
region, mean annual streamflow was similar to observations, but the simulated streamflow
seasonality demonstrated higher biases compared to other regions (Figure A.4). In the South
Atlantic, the simulations showed a wet bias in winter (high flow period) and a dry bias in
summer (low flow period), which explains the low NS coefficients in the South Atlantic region
(Figure A.5). The fixed guide curves and storage targets did not account for inflow variability,
potentially overestimating outflow and underestimating storage in a wet year and vice versa.
Furthermore, the fixed storage target was unable to deal with the bias of the amplified
seasonality in the hydrological model. The overpredicted inflow in winter results in
overpredicted winter outflow, while the underpredicted inflow in summer results in
underpredicted summer outflow.

In this study, we fixed the storage target for both the historical and future periods to isolate
climate change impacts from changes in regulations. Errors may result from the estimated
storage targets for reservoirs without guide curves or observations. Reservoirs in our study
region are operated by multiple corporations and agencies and the access to observations varies.
In this study, we collected observed elevation, storage or rule curve data for 92 reservoirs.

Our assumption that all reservoirs release from the hypolimnion can also cause errors. For
example, we underestimate the summer temperature at three USGS sites close to the northern
boundary of our study region. In reality, these reservoirs release their water from the epilimnion

and have therefore higher downstream temperatures than we simulated.
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A.2. Figures
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Figure A.1. Diagram of reservoir cross section

18 5
) Flood control b) Flood control
151 a Other primary objective 4 Other primary objective
12
w w 3]
O 91 @]
o o 2
6
3 1/_A\
0.00 0.04 0.08 0.12 0.16 0.20 0.24 0.28 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
Standard deviation of Mean annual normalized
normalized storage target storage target

Figure A.2. Distribution of a) standard deviation and b) mean value of normalized monthly
storage target for reservoirs with flood control as primary use (orange) and reservoirs with

primary use other than flood control (blue)
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Figure A.5. Map of 1) relative bias in mean annual streamflow (RBaisq), 2) Nash-Sutcliff
coefficient for monthly streamflow (NSq), and 3) bias in mean summer stream temperature
(Biasr), for all USGS sites. The circle size represents USGS observed mean annual streamflow;
circles with black edges represent sites with reservoir regulation, while white edges represent
sites without regulation. The relative streamflow bias, RBaisq, was calculated as simulated minus
observed mean annual flow divided by observed mean annual flow. The Nash-Sutcliffe

coefficient, NSq , was calculated based on the monthly simulated and observed flow.
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Figure A.10. Median projected relative changes among 20 GCMs in a) reservoir outflow and b)

reservoir residence time for the 2080s under RCP8.5. The circle sizes represent the historical

values for each variable. Colors denote the median relative change ranges among all GCMs.
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Figure A.11. Model agreement in projected changes in a) reservoir outflow and b) reservoir
residence time until the 2080s under RCP8.5. The circle sizes represent the historical values for
each variable. Colors denote the number of projected scenarios suggesting a greater value
compared to the historical period, e.g., a blue dot in the upper left plot indicates that projected
summer reservoir outflow is larger than historical summer reservoir outflow for simulations from

more than 16 GCMs.
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Table A.1. Main rivers in our study domain. Rivers are grouped by river basin and tributaries are

indicated by indentation in column 3.

Hydrological Total Main rivers Number of  Drainage Mean annual Mouth
region number of reservoirs area (km?)* discharge
reservoirs on (m3/s)0
mainstem?
Roanoke River 4 25,071* 220.9*  Albemarle sound
Cape Fear River 0 25,123° 110.0*  Atlantic Ocean
Pee Dee River 2 47,915° 317.2F  Winyah bay
Santee River 1 61,124° 215.6°  Atlantic Ocean
Catawba-Wateree River 10 14,4700 165.6°  Santee River
Savannah River 2 25,511* 332.0* Atlantic Ocean
Altamaha River 0 36,260* 383.0* Atlantic Ocean
Oconee River 1 13,805¢ 134.7%  Altamaha River
2‘::;" Adantic & 109  Ocmulgee River 2 16,006° 150.3*  Altamaha River
Apalachicola River 1 50,505* 470.0¢  Gulf of Mexico
Chattahoochee River 6 22,714* 286.0¢  Apalachicola River
Flint River 2 21,911* 235.7%  Apalachicola River
Mobile River 0 113,960* 1900.0¢  Mobile Bay
Alabama River 0 58,793° 921.3F  Mobile River
Coosa River 7 26,159* 452.0*  Alabama River
Tombigbee River 5 15,7994 742.8°  Mobile River
Pearl River 1 22,688" 268.2"  Lake Borgne
Ohio River 2 490,601* 8000.0  Mississippi River
Wabash River 1 103,470* 1001.0*  Ohio River
Cumberland River 0 45,915* 1055.0*  Ohio River
Kanawha River 1 31,691* 432.0*  Ohio River
Ohio 110 Allegheny River 1 29,992¢ 559.0*  Ohio River
Green River 3 25,382 145.0  Ohio River
Kentucky River 1 18,000* 285.0¢  Ohio River
Scioto River 0 16,879* 189.0*  Ohio River
Licking River 1 9,306* 119.5*  Ohio River
Tennessee 37 Tennessee River 7 105,868* 1999.5*  Ohio River
Lower Yazoo River 0 34,965° 520.6°  Mississippi River
Mississippi Big Black River 0 8806° 107.9%  Mississippi River

Tdata source for reservoirs in the mainstem: GRanD Database



*data source for drainage area: a) Wikipedia, b) United States Geological Survey (USGS), ¢)
Georgia River Network, d) Mississippi Department of Environmental Quality

®data source for mean annual discharge: a)Wikipedia, B) most downstream USGS site
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Table A.2. List of Global Climate Models (GCMs) used in this study.

Global Climate Models | Modeling Center (Country)

bee-csml-1 Beijing Climate Center, China Meteorological

bce-csml-1-m Administration (China)

BNU-ESM College of Global Change and Earth System Science, Beijing Normal University
(China)

CanESM2 Canadian Centre for Climate Modelling and Analysis (Canada)

CCSM4 National Center for Atmospheric Research (United States)

CNRM-CM5

Centre National de Recherches Météorologiques / Centre Européen de Recherche et
Formation Avancée en Calcul Scientifique (France)

CSIRO-Mk3-6-0

Commonwealth Scientific and Industrial Research Organization in collaboration with
Queensland Climate Change Centre of Excellence (Australia)

GFDL-ESM2G

GFDL-ESM2M

NOAA Geophysical Fluid Dynamics Laboratory (United States)

HadGEM2-CC365

HadGEM2-ES365

Met Office Hadley Centre (additional HadGEM2-ES realizations contributed by
Instituto Nacional de Pesquisas Espaciais) (United Kingdom)

inmcm4

Institute for Numerical Mathematics (Russia)

IPSL-CM5A-LR

IPSL-CM5A-MR

IPSL-CM5B-LR

Institut Pierre-Simon Laplace (France)

MIROC-ESM-CHEM

MIROCS Atmosphere and Ocean Research Institute (The University of Tokyo), National
Institute for Environmental Studies, and Japan Agency for Marine-Earth Science and
Technology (Japan)

MIROC-ESM Japan Agency for Marine-Earth Science and Technology, Atmosphere and Ocean

Research Institute (The University of Tokyo), and National Institute for
Environmental Studies (Japan)

MRI-CGCM3

Meteorological Research Institute (Japan)

NorESM1-M

Norwegian Climate Centre (Norway)
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Table A.3. Summary of the data sources for reservoir information.

Data type Source Reservoir numbers
Storage TVA 29
USGS 6
USACE 4
Elevation Observed elevation USGS 41
Rule curve USACE 12
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4  Table A.4. Regional availability of reservoir storage target data.
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Basi Basin Tota Reservoir Reservoi Percentag
1 number name 1 reservoirs s with storage data r with elevation e of total capacity
data

3 South 110 8 17 64.5%
Atlantic Gulf

5 Ohio 119 2 35 48.9%

6 Tennesse 37 29 0 97.9%
e

8 Lower 5 0 1 0.4%
Mississippi
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Table A.5. Summary of data sources for observed storage, elevation and reservoir guide curve

data.

GRan Dam Name | HU Source USGS Data Link Source of reservoir full start end date | numb

DID C2 ID pool elevation date er of

ID days

1753 | Kentucky TVA- - - - 1945- 2014- | 25567
6 sto 01-01 12-31

1763 | South TVA- - - - 1951- 2014- | 23376
Holston 6 sto 01-01 12-31

1765 | Boone TVA- - - - 1953- 2014- | 22645
6 sto 01-01 12-31

1767 | Watauga TVA- - - - 1949- 2014- | 24106
6 sto 01-01 12-31

1770 | Norris TVA- - - - 1936- 2014- | 28855
6 sto 01-01 12-31

1774 | Cherokee TVA- - - - 1942- 2014- | 26663
6 sto 01-01 12-31

1781 | Douglas TVA- - - - 1944- 2014- | 25933
6 sto 01-01 12-31

1783 | Melton Hill TVA- - - - 1963- 2014- | 18993
6 sto 01-01 12-31

1788 | Tellico TVA- - - - 1982- 2014- | 12053
6 sto 01-01 12-31

1797 | Watts Bar TVA- - - - 1943- 2014- | 26298
6 sto 01-01 12-31

1800 | Normandy TVA- - - - 1977- 2014- | 13879
6 sto 01-01 12-31

1801 | Fontana TVA- - - - 1945- 2014- | 25567
6 sto 01-01 12-31

1812 | Bear Creek TVA- - - - 1970- 2014- | 16436
6 sto 01-01 12-31

1817 | Apalachia TVA- - - - 1944- 2014- | 25933
6 sto 01-01 12-31

1818 | Hiwassee TVA- - - - 1941- 2014- | 27028
6 sto 01-01 12-31

1822 | Chickamau TVA- - - - 1941- 2014- | 27028
ga 6 sto 01-01 12-31

1823 | Ocoee 1 TVA- - - - 1940- 2014- | 27394
6 sto 01-01 12-31

1824 | Pickwick TVA- - - - 1938- 2014- | 28124
Landing 6 sto 01-01 12-31

1828 | Chatuge TVA- - - - 1943- 2014- | 26298
6 sto 01-01 12-31

1829 | Nickajack TVA- - - - 1938- 2014- | 28124
6 sto 01-01 12-31

1833 | Nottely TVA- - - - 1943- 2014- | 26298
6 sto 01-01 12-31

1834 | Blue Ridge TVA- - - - 1940- 2014- | 27394
6 sto 01-01 12-31

1835 | Wheeler TVA- - - - 1936- 2014- | 28855
6 sto 01-01 12-31

1843 | Cedar TVA- - - - 1980- 2014- | 12784
Creek 6 sto 01-01 12-31

1846 | Little Bear TVA- - - - 1977- 2014- | 13879
Creek 6 sto 01-01 12-31

1847 | Guntersvill TVA- - - - 1939- 2014- | 27759
e 6 sto 01-01 12-31

1855 | Upper Bear TVA- - - - 1979- 2014- | 13149
Creek 6 sto 01-01 12-31

- | Fort TVA- - - - 1944- 2014- | 25933
Loudoun 6 sto 01-01 12-31

- | Wilson TVA- - - - 1936- 2014- | 28855
6 sto 01-01 12-31

1841 | Carters USGS- 023814 | USGS - 2007- 2018- 4129
Main Dam 3 sto 00 06-27 11-01
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1862 | Allatoona USGS- 023935 | USGS - 2007- 2018- 4112
Lake Dam sto 00 07-26 11-01
1863 | Buford USGS- 023344 | USGS - 2007- 2018- 4127
sto 00 06-29 11-01
1896 | West Point USGS- 023394 | USGS - 2007- 2018- 4162
sto 00 04-20 11-01
1910 | Walter F. USGS- 023432 | USGS - 2007- 2018- 4155
George sto 40 05-22 11-01
Lock And
Dam
1916 | Jim USGS- 023575 | USGS - 2007- 2018- 4061
Woodruff sto 00 08-11 11-01
Dam
1851 | Hartwell USACE http://water.sas.usac | - 1968- 2067- | 20763
Dam -sto e.army.mil/cf/Data 01-01 12-31
Query/DataQuery.c
fm
1872 | J. Strom USACE http://water.sas.usac | - 1954- 2018- | 23685
Thurmond -sto e.army.mil/cf/Data 01-01 11-05
Dam Query/DataQuery.c
fm
1621 | Alum USACE http://water.usace.ar | - 2016~ 2018- 725
Creek Dam -sto my.mil/a2w/f?p=10 11-06 11-06
0:1:0:#
1756 | Wolf Creek USACE http://water.usace.ar | - 2016~ 2018- 725
-sto my.mil/a2w/f?p=10 11-06 11-05
0:1:0:#
1609 | Leesville USACE-guide http://water.usace.ar | http://water.usace.army. -
Dam my.mil/a2w/f?p=10 | mil/a2w/f?p=100:1:0:#
0:1:0:#
1553 | Kinzua USACE-guide http://www.Irp.usac | http://www.Irp.usace.arm -
Dam e.army.mil/Portals/ y.mil/Portals/72/docs/Wa
72/docs/WaterMana | terManagement/Reservoi
gement/Reservoir% | 1%20Plots.pdf
20Plots.pdf
1557 | East USACE-guide same as above same as above -
Branch
Dam
1565 | Mosquito USACE-guide same as above same as above -
Creek Dam
1566 | Shenango USACE-guide same as above same as above -
Dam
1572 | Michael J. USACE-guide same as above same as above -
Kirwan
Dam
1574 | Lake USACE-guide same as above same as above -
Milton
Dam
1576 | Berlin Dam USACE-guide same as above same as above -
1582 | Mahoning USACE-guide same as above same as above -
Creek Dam
1643 | Youghiogh USACE-guide same as above same as above -
eny Dam
1667 | Tygart USACE-guide same as above same as above -
Dam
1685 | Stonewall USACE-guide same as above same as above -
Jackson
Dam
1207 | Ross USGS- 024856 | USGS Historical maximum 1998- 2018- 6135
Barnett elev 00 10-28 11-05
Reservoir
1868 | Aberdeen USGS- 024371 | USGS Historical maximum 1984- 2018- | 12589
Dam elev 00 05-03 11-05
1876 | John C. USGS- 024413 | USGS Historical maximum 1990- 2018- 8739
Stennis elev 90 09-30 11-05
1882 | Lake USGS- 023446 | USGS Historical maximum 2014- 2018- 1438
Kedron elev 50 08-22 10-31
Dam
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1885 | Horton USGS- 023444 | USGS Historical maximum 2014- 2018- 1510
Creek elev 23 09-04 10-31
Reservoir
Dam

1893 | Savannah USGS- 021973 | USGS Historical maximum 1987- 1996- 3057
River Steel elev 53 10-27 09-29
Creek Dam

1646 | Lake Lynn USGS- 030715 | USGS Historical maximum 2012- 2018- 2200
Dam elev 90 09-30 10-31

1655 | Caesar USGS- 032423 | USGS Historical maximum 2015- 2018- 1095
Creek Lake elev 40 11-02 10-31
Dam

1766 | Reelfoot USGS- 070270 | USGS Historical maximum 1984- 2018- 6979
Lake elev 00 10-01 11-05

1861 | Buzzards USGS- 021665 | USGS US Lake Level 1983- 2018- 9463
Roost elev 00 10-01 10-31
Embankme
nt

1866 | Saluda USGS- 021685 | USGS US Lake Level 1990- 2018- | 10089

elev 00 10-02 10-31

1879 | North USGS- 021710 | USGS US Lake Level 1984- 2018- | 12059
Santee elev 00 05-04 10-31
Dam

1888 | Lake USGS- 024648 | USGS US Lake Level 1982- 2018- | 13083
Tuscaloosa elev 00 10-01 10-31
Dam

1890 | Pinopolis USGS- 021720 | USGS US Lake Level 1989- 2018- | 10144
West Dam elev 00 10-02 10-31

1586 | J. Edward USGS- 033234 | USGS https://www.Irl.usace.ar 2015- 2018- 1090
Roush Lake elev 50 my.mil/Missions/Civil- 11-02 10-31
Dam Works/Water-

Information/Lake-
Information/Record-
Pools/

1587 | Salamonie USGS- 033244 | USGS same as above 2015- 2018- 1085
Lake Dam elev 50 11-02 10-31

1592 | Mississine USGS- 033269 | USGS same as above 2015- 2018- 1094
wa Lake elev 50 11-02 10-31
Dam

1634 | Clarence J. USGS- 032680 | USGS same as above 2015- 2018- 1075
Brown elev 90 11-02 10-31
Dam

1645 | Cecil M. USGS- 033408 | USGS same as above 2015- 2018- 1087
Harden elev 70 11-02 10-31
Lake Dam

1654 | Cagles Mill USGS- 033589 | USGS same as above 2015- 2018- 1084
Lake Dam elev 00 11-02 10-31

1656 | Brookville USGS- 032759 | USGS same as above 2015- 2018- 1093
Lake Dam elev 90 11-02 10-31

1732 | Rough USGS- 033180 | USGS same as above 2015- 2018- 1080
River Lake elev 05 11-07 11-05
Dam

1739 | Buckhorn USGS- 032808 | USGS same as above 2014- 2018- 1502
Lake Dam elev 00 09-09 11-05

1741 | Green USGS- 033059 | USGS same as above 2015- 2018- 1085
River Lake elev 90 11-07 11-05
Dam

1744 | Carr Creek USGS- 032774 | USGS same as above 2015- 2018- 1090
Lake Dam elev 46 11-07 11-05

1755 | Barren USGS- 033129 | USGS same as above 2015- 2018- 1055
River Lake elev 00 11-07 11-05
Dam

1761 | John H. USGS- 020794 | USGS http://epec.saw.usace.ar 2005- 2018- 4918
Kerr Dam elev 90 my.mil/KERRPERT.TX 03-11 10-31

T

1776 | W. Kerr USGS- 021113 | USGS http://epec.saw.usace.ar 2011- 2018- 2532

Scott Dam elev 91 my.mil/ WKSPERT.TXT 10-01 10-31
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1782 | Falls Lake USGS- 020871 | USGS http://epec.saw.usace.ar 1987- 2018- | 11444
Dam elev 82 my.mil/FALLPERT.TX 05-01 11-05
T
1796 | B. Everett USGS- 020981 | USGS http://epec.saw.usace.ar 2011- 2018- 2565
Jordan elev 97 my.mil/BEJPERT.TXT 10-02 10-31
Dam
1617 | Tappan USGS- 031280 | USGS http://www.Irh- 2015- 2018- 1095
Dam elev 00 we.usace.army.mil/wm/? 11-02 10-31
basin/mus/tal
1619 | Clendening USGS- 031265 | USGS http://www.Irh- 2015- 2018- 1092
Dam elev 00 we.usace.army.mil/wm/? 11-02 10-31
basin/mus/clb
1620 | Piedmont USGS- 031255 | USGS http://www.Irh- 2015- 2018- 1020
Dam elev 00 we.usace.army.mil/wm/? 11-02 10-31
basin/mus/pes
1636 | Senecaville USGS- 031410 | USGS http://www.Irh- 2015- 2018- 1088
Dam elev 00 wec.usace.army.mil/wm/? 11-02 10-31
basin/mus/ses
1726 | Dewey USGS- 032110 | USGS http://www.Irh- 1999- 2018- 1455
Dam elev 00 wec.usace.army.mil/wm/? 09-30 11-05
basin/bsa/dwj
1626 | Hoover USGS- 032284 | USGS https://en.wikipedia.org/ 2015- 2018- 1063
Dam elev 00 wiki/Hoover Dam_(Ohi 11-02 10-19
0)
1724 | Dix River USGS- 032860 | USGS https://en.wikipedia.org/ 2015- 2018- 1092
Dam elev 00 wiki/Dix_Dam 11-02 10-31
1640 | Eagle USGS- 033534 | USGS https://water.weather.gov 1989- 2018- | 10478
Creek elev 50 /ahps2/hydrograph.php? 10-02 10-31
Reservoir wto=ind&gage=ecri3
Dam
1758 | Philpott USGS- 020719 | USGS http://www.myhenrycou 2003- 2018- 5627
Dam elev 00 nty.com/philpott- 03-28 10-31
dam.php
1826 | H. Taylor USGS- 021556 | USGS https://www.spartanburg 1998- 2018- 7407
Blalock elev 524 water.org/pdfs/hydroelec 02-27 10-31
Reservoir tric/blalock.pdf
Dam
1703 | Patoka USGS- 033744 | USGS https://pubs.usgs.gov/sir/ 2015- 2018- 1093
Lake Dam elev 98 2017/5138/sir201751380 11-02 10-31
Id.pdf
Notes:
1. Data source: format:[agency]-[variable]; “sto” indicates for storage, “guide” indicates

guide curve and “elev” indicates elevation.
2. For all USGS data and website links above, last access: Nov 6, 2018
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Table A.6. Median values of the correlation coefficient, root mean square error, and standard

deviation of normalized simulated storage targets for each.

Group1: Flood control (n=49)

Group 2: No flood control (n=43)

Correlation coefficient

0.89

0.68

Root mean square error (-)

0.11

0.11

Standard deviation (-)

0.10

0.08
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Table A.7. Summary of USGS sites with observed streamflow and stream temperature data.
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USGS ID Site name streamflow stream temperature
start date end date number of start date end date number of
days days
02044500 Nottoway River Near Rawlings, VA 1979-01-01 | 2010-12-31 11688 | 2006-10-01 | 2008-10-20 737
02047500 Blackwater River Near Dendron, VA 1979-01-01 | 2010-12-31 11122 | 2007-03-07 | 2008-10-16 587
02051500 Meherrin River Near Lawrenceville, VA 1979-01-01 | 2010-12-31 11688 | 2006-12-16 | 2009-10-25 983
02056000 Roanoke River at Niagara, VA 1979-01-01 | 2010-12-31 11688 | 2007-03-24 | 2009-06-08 800
02059500 Goose Creek Near Huddleston, VA 1979-01-01 | 2010-12-31 11688 | 2006-10-01 | 2008-10-16 736
02072000 Smith River Near Philpott, VA 1979-01-01 | 2010-12-31 11688 | 2006-09-30 | 2017-11-04 3311
02073000 Smith River at Martinsville, VA 1979-01-01 | 2010-12-31 11688 | 2007-03-06 | 2008-12-17 649
02075045 Dan River at Stp Near Danville, VA 1995-10-01 | 2010-12-31 5571 | 2006-12-14 | 2009-02-11 763
02077000 Banister River at Halifax, VA 1979-01-01 | 2010-12-31 11688 | 2007-03-24 | 2008-11-16 542
02083500 Tar River at Tarboro, NC 1979-01-01 | 2010-12-31 11685 | 1984-10-01 | 1989-02-15 784
02091500 Contentnea Creek at Hookerton, NC 1979-01-01 | 2010-12-31 11686 | 2002-04-04 | 2004-08-31 864
02105500 Cape Fear R at Wilm O Huske Lock Nr Tarheel, NC 1979-01-01 | 2010-12-31 11688 | 2000-06-20 | 2004-02-03 1229
02107544 Black River Near Currie, NC 2004-03-01 | 2005-12-13 634 | 2003-09-09 | 2004-12-02 384
02108566 Northeast Cape Fear R Nr Burgaw, NC 2003-11-14 | 2005-12-12 745 | 2003-11-04 | 2004-12-02 380
02110500 Waccamaw River Near Longs, SC 1979-01-01 | 2010-12-31 11688 | 2007-04-27 | 2017-11-04 3804
02110704 Waccamaw River at Conway Marina at Conway, SC 1994-07-28 | 2010-12-31 5825 | 1994-10-02 | 2017-11-04 8111
02135200 Pee Dee River at Hwy 701 Nr Bucksport, SC 2001-07-25 | 2010-12-31 3191 | 1994-10-19 | 2009-11-05 5120
02148000 Wateree River Nr. Camden, SC 1979-01-01 | 2010-12-31 11339 | 1988-03-04 | 2017-11-04 4859
02148315 Wateree R. Bl Eastover, SC 1979-01-01 | 2010-12-31 10351 | 1984-05-04 | 2014-07-14 10562
02156500 Broad River Near Carlisle, SC 1979-01-01 | 2010-12-31 11688 | 1983-12-08 | 2017-11-04 11883
02160105 Tyger River Near Delta, SC 1979-01-01 | 2010-12-31 11688 | 1983-12-08 | 2017-11-04 11867
02160700 Enoree River at Whitmire, SC 1979-01-01 | 2010-12-31 11688 | 1984-05-04 | 2017-11-04 11866
02163001 Saluda River Near Williamston, SC 1995-05-02 | 2010-12-31 5722 | 1996-09-30 | 2017-11-04 7310
02168504 Saluda River Below Lk Murray Dam Nr Columbia, SC 1988-10-01 | 2010-12-31 8127 | 1987-12-01 | 2017-11-04 10440
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02175000 Edisto River Nr Givhans, SC 1979-01-01 | 2010-12-31 11688 | 2002-01-25 | 2003-09-29 565
02176930 Chattooga River at Burrells Ford, Nr Pine Mtn, GA 2009-09-18 | 2010-12-31 470 | 2009-10-09 | 2017-11-04 2479
02197000 Savannah River at Augusta, GA 1979-01-01 | 2010-12-31 11687 | 1973-10-01 | 2011-08-09 4490
02197320 Savannah R. Nr Jackson, SC 1979-01-01 | 2002-09-29 8248 | 1984-06-07 | 1994-10-04 3666
02204070 South River at Klondike Road, Near Lithonia, GA 1983-10-01 | 2010-12-31 9954 | 1983-11-01 | 2007-01-04 7508
02207120 Yellow River at Ga 124, Near Lithonia, GA 1996-05-18 | 2010-12-31 3426 | 2001-08-16 | 2017-11-05 5810
02207220 Yellow River at Pleasant Hill Road, Nr Lithonia,GA 2002-11-27 | 2010-12-31 2957 | 2003-02-14 | 2012-09-29 1412
02207335 Yellow River at Gees Mill Road, Near Milstead, GA 2001-11-01 | 2010-12-31 3348 | 2001-11-02 | 2012-09-29 2603
02223500 Oconee River at Dublin, GA 1979-01-01 | 2010-12-31 11688 | 1979-06-21 | 1983-09-12 1393
02334430 Chattahoochee River at Buford Dam, Near Buford, GA 1979-01-01 | 2010-12-31 11688 | 1975-08-28 | 2017-11-04 5393
02335000 Chattahoochee River Near Norcross, GA 1979-01-01 | 2010-12-31 11688 | 1976-10-01 | 2017-11-05 5538
02335450 Chattahoochee River Above Roswell, GA 1979-01-01 | 2010-12-31 11688 | 2004-01-29 | 2017-11-04 3253
02335815 Chattahoochee River Below Morgan Falls Dam, GA 2000-10-02 | 2010-12-31 3728 | 2004-01-13 | 2017-11-04 1845
02336000 Chattahoochee River at Atlanta, GA 1979-01-01 | 2010-12-31 11688 | 1975-11-06 | 2017-11-05 5346
02337170 Chattahoochee River Near Fairburn, GA 1979-01-01 | 2010-12-31 11688 | 1975-08-26 | 2017-11-05 12978
02382500 Coosawattee River at Carters, GA 1979-01-01 | 2010-12-31 11688 | 2005-03-12 | 2017-11-04 710
02383180 Salacoa Creek at Cr 29, Near Redbud, GA 2005-01-12 | 2007-01-23 742 | 2005-01-13 | 2007-01-23 739
02384500 Conasauga River at Ga 286, Near Eton, GA 1981-10-01 | 2010-12-31 10684 | 2005-03-05 | 2007-01-08 672
02385170 Coahulla Creek at Keiths Mill Road, Near Dalton, GA 2005-01-13 | 2010-12-31 2179 | 2005-01-13 | 2006-12-31 695
02394000 Etowah River at Allatoona Dam, Abv Cartersville, GA 1979-01-01 | 2010-12-31 11688 | 2005-01-27 | 2017-11-04 1791
02395000 Etowah River Near Kingston,GA 1979-01-01 | 2010-12-31 6962 | 2005-01-13 | 2006-12-31 580
02395980 Etowah River at Ga 1 Loop, Near Rome, GA 1979-01-01 | 2010-12-31 11688 | 2005-03-09 | 2007-01-06 655
02397000 Coosa River (Mayo's Bar) Near Rome, GA 1979-01-01 | 2010-12-31 11688 | 1986-02-14 | 2017-11-05 10925
02405500 Kelly Creek Near Vincent AL 1986-10-01 | 2010-12-31 8858 | 2008-07-12 | 2017-11-04 3085
02407514 Yellowleaf Creek Near Westover, ALA. 2005-10-01 | 2010-12-31 1918 | 2008-07-12 | 2017-11-04 3257
02419890 Tallapoosa River Near Mont.-Mont. Water Works 1995-10-01 | 2010-12-31 5571 | 2005-07-23 | 2017-11-04 4374
02479310 Pascagoula River at Graham Ferry, MS 1993-10-01 | 2009-09-29 5478 | 2004-09-30 | 2017-11-04 1389
03012550 Allegheny River at Kinzua Dam, PA 1979-01-01 | 2010-12-31 5112 | 2007-09-30 | 2017-11-04 3674
03020000 Tionesta Creek at Tionesta Creek Dam, PA 1979-01-01 | 2010-12-31 5112 | 2007-10-01 | 2017-11-04 3602
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03024000 French Creek at Utica, PA 1979-01-01 | 2010-12-31 11688 | 1996-10-30 | 1998-09-29 627
03036000 Mahoning Creek at Mahoning Creek Dam, PA 1979-01-01 | 2010-12-31 5112 | 2008-10-01 | 2017-11-04 3253
03047000 Loyalhanna Creek at Loyalhanna Dam, PA 1979-01-01 | 2010-12-31 5112 | 2007-08-03 | 2017-11-04 3554
03057000 Tygart Valley River at Colfax, WV 1979-01-01 | 2010-12-31 6208 | 2008-09-30 | 2017-11-04 3090
03061000 West Fork River at Enterprise, WV 1979-01-01 | 2010-12-31 11321 | 1998-09-30 | 2017-11-04 3899
03067510 Shavers Fork Nr Cheat Bridge, WV 2000-10-01 | 2010-12-31 3744 | 2009-09-30 | 2017-11-04 2915
03075070 Monongahela River at Elizabeth, PA 1979-01-01 | 2010-12-31 11688 | 2008-10-02 | 2017-11-04 3302
03079000 Casselman River at Markleton, PA 1979-01-01 | 2010-12-31 11688 | 2005-06-02 | 2017-11-04 3228
03081000 Youghiogheny River Below Confluence, PA 1979-01-01 | 2010-12-31 11688 | 2004-10-01 | 2017-11-04 4721
03082500 Youghiogheny River at Connellsville, PA 1979-01-01 | 2010-12-31 11688 | 2009-11-04 | 2014-09-29 1789
03083500 Youghiogheny River at Sutersville, PA 1979-01-01 | 2010-12-31 11684 | 2005-06-02 | 2017-11-04 3515
03085000 Monongahela River at Braddock, PA 1979-01-01 | 2004-09-29 9404 | 1996-11-08 | 1998-09-29 506
03091500 Mahoning River at Pricetown, OH 1979-01-01 | 2010-12-31 11688 | 2009-09-30 | 2017-11-04 2958
03094000 Mahoning River at Leavittsburg, OH 1979-01-01 | 2010-12-31 11688 | 2009-09-30 | 2017-11-04 2943
03098600 Mahoning River Below West Ave at Youngstown, OH 1987-10-01 | 2010-12-31 8493 | 1992-06-26 | 2017-11-04 4530
03165500 New River at Ivanhoe, VA 1996-01-25 | 2010-12-31 5455 | 2007-03-15 | 2008-09-29 526
03167000 Reed Creek at Grahams Forge, VA 1991-09-30 | 2010-12-31 7032 | 2006-12-21 | 2009-06-30 905
03168000 New River at Allisonia, VA 1979-01-01 | 2010-12-31 11688 | 2007-01-09 | 2008-09-29 558
03171000 New River at Radford, VA 1979-01-01 | 2010-12-31 11688 | 2006-12-21 | 2009-03-18 703
03173000 Walker Creek at Bane, VA 1979-01-01 | 2010-12-31 11688 | 2007-03-13 | 2008-09-29 514
03175500 Wolf Creek Near Narrows, VA 1979-01-01 | 2010-12-31 11322 | 2007-03-13 | 2008-09-29 528
03178000 Bluestone R Nr Spanishburg, WV 1996-10-01 | 1998-09-29 729 | 1997-03-14 | 1998-09-29 465
03183500 Greenbrier River at Alderson, WV 1979-01-01 | 2010-12-31 11688 | 2007-04-06 | 2017-11-05 3823
03185400 New River at Thurmond, WV 1981-02-19 | 2010-12-31 10908 | 1990-07-21 | 1998-09-30 1605
03186500 Williams River at Dyer, WV 1979-01-01 | 2010-12-31 11688 | 1997-03-22 | 1998-09-03 529
03187500 Cranberry River Near Richwood, WV 1979-01-01 | 2010-12-31 11170 | 1981-10-29 | 1997-11-12 565
03193000 Kanawha River at Kanawha Falls, WV 1979-01-01 | 2010-12-31 11688 | 1997-04-12 | 1998-09-29 383
03219500 Scioto River Near Prospect OH 1979-01-01 | 2010-12-31 11688 | 1998-06-17 | 2017-11-04 5068
03231500 Scioto River at Chillicothe OH 1979-01-01 | 2010-12-31 11688 | 1999-09-30 | 2002-09-29 1047
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03232470 Paint Creek Near Bainbridge OH 1979-01-01 | 1991-09-29 4655 | 1989-09-30 | 2017-11-04 2769
03234300 Paint Creek at Chillicothe OH 1985-10-01 | 2010-12-31 9223 | 1985-10-11 | 2002-09-29 5755
03234500 Scioto River at Higby OH 1979-01-01 | 2010-12-31 11688 | 2000-09-30 | 2002-09-29 684
03254520 Licking River at Hwy 536 Near Alexandria, KY 2007-06-22 | 2010-12-31 898 | 2007-09-30 | 2017-10-18 3585
03287500 Kentucky River at Lock 4 At Frankfort, KY 1979-01-01 | 2010-12-31 11323 | 2001-06-23 | 2017-11-04 4709
03303205 Sinking Creek Near Lodiburg, KY 2004-05-28 | 2007-04-30 1068 | 2004-05-28 | 2006-09-29 808
03306000 Green River Near Campbellsville, KY 1979-01-01 | 1994-09-30 5752 | 1988-10-01 | 2017-11-04 6367
03307000 Russell Creek Near Columbia, KY 1979-01-01 | 2010-12-31 10227 | 1999-12-22 | 2017-11-04 5476
03309000 Green River at Mammoth Cave, KY 2003-10-01 | 2007-09-29 1460 | 2003-07-12 | 2007-06-30 1344
03311500 Green River at Lock 6 At Brownsville, KY 1979-01-01 | 1992-09-30 5022 | 1999-12-15 | 2016-11-24 5550
03313000 Barren River Near Finney, KY 1979-01-01 | 1994-09-30 5752 | 1990-01-09 | 2017-11-04 6272
03323500 Wabash River at Huntington, IN 1979-01-01 | 2003-02-10 8800 | 2002-09-30 | 2017-11-04 5325
03324500 Salamonie River at Dora, IN 1979-01-01 | 2003-02-10 8806 | 2002-09-30 | 2017-11-04 5299
03353611 White R. At Stout Gen. Stn. at Indianapolis, IN 1992-10-02 | 2010-12-31 6665 | 1992-10-14 | 2017-11-04 7930
03354000 White River Near Centerton, IN 1979-01-01 | 2010-12-31 11688 | 1975-08-28 | 2017-11-04 11939
03357330 Big Walnut Creek Near Roachdale, IN 2001-10-26 | 2010-12-31 3354 | 2002-06-19 | 2003-09-09 414
03410600 South Fork Cumberland River Near Yamacraw, KY 1999-06-01 | 2005-09-29 1582 | 1999-06-04 | 2005-09-30 1459
03428200 West Fork Stones River at Murfreesboro, TN 1979-01-01 | 2010-12-31 10258 | 1986-02-06 | 2013-09-29 9796
03460795 Pigeon R Bl Power Plant Nr Waterville, NC 1997-02-01 | 2010-12-31 5082 | 1997-05-06 | 2017-10-01 2868
03475000 M F Holston River Near Meadowview, VA 1979-01-01 | 2010-12-31 11688 | 2007-05-04 | 2009-05-31 719
03495500 Holston River Near Knoxville, TN 1979-01-01 | 1993-11-01 5418 | 1980-02-23 | 1985-09-29 1982
03524000 Clinch River at Cleveland, VA 1979-01-01 | 2010-12-31 11688 | 2007-03-14 | 2017-11-05 3803
03524550 Guest River Near Miller Yard, VA 1996-10-01 | 1998-09-29 729 | 1996-08-16 | 2012-06-23 1316
03531500 Powell River Near Jonesville, VA 1979-01-01 | 2010-12-31 11688 | 2007-03-22 | 2009-06-29 821
03560110 Ocoee River Below Fightingtown Cr At Copperhill, TN 2002-08-01 | 2004-09-29 791 | 2002-08-01 | 2005-09-29 746
03597860 Duck River at Shelbyville, TN 1991-10-01 | 2010-12-31 5257 | 1991-10-11 | 2012-09-29 7531
07030392 Wolf River at Lagrange, TN 1995-09-01 | 2010-12-31 5601 | 1996-09-18 | 2010-09-30 1691
07285400 Batupan Bogue at Grenada, MS 1985-06-20 | 1997-09-30 4486 | 1985-06-20 | 1987-09-05 532
07288650 Bogue Phalia Nr Leland, MS 1996-09-30 | 2010-12-31 4841 | 2006-09-30 | 2017-11-04 1669
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APPENDIX B  SUPPLEMENTAL MATERIALS FOR
CHAPTER 3: THERMAL EXTREMES IN REGULATED RIVER
SYSTEMS UNDER CLIMATE CHANGE: AN APPLICATION TO
THE SOUTHEASTERN U.S. RIVERS

B.1. Text

B.1.1. Summary model evaluation
The model setup we used in this study was adapted from Cheng et al. (2020). All model
parameters were taken from previous, published work. Model performance was evaluated using
observed river flow and temperature data from 111 U.S. Geologic Survey (USGS) gauges
throughout the southeastern United States. Sixty-three of these gauges were downstream of
reservoirs and subject to reservoir regulations. In the current study, we only investigated river
segments subject to reservoir regulation, so the model evaluation results are limited to the 63
USGS sites downstream of reservoirs. For a more complete description of model performance,
see Cheng et al. (2020).

For streamflow, we used the relative bias at the annual time step and the Nash-Sutcliffe
(NS) coefficient at the monthly timestep to evaluated water quantity and seasonality. The median
relative bias in mean annual simulated streamflow was 0.05 across all regulated sites. Four sites
had an absolute relative bias larger than 0.5. The median NS coefficient for the 63 regulated sites
was 0.55. Seventeen of the sites had an NS coefficient less than 0. Generally, model performance
was worse in the South Atlantic region compared to the other regions.

For stream temperature, we evaluated mean summer river temperature because high river
temperature events normally occur in the summer. The median bias across the 63 regulated sites
was -0.9°C. Forty-five sites had an absolute bias less than 2°C, while 9 sites had an absolute bias
greater than 4°C.

Cheng et al. (2020) conducted a sensitivity analysis to evaluate the effect of errors in the
hydrological simulations on the simulated changes in mean summer river temperature under
climate change. The result showed that the model was robust in capturing the climate change

signals in mean summer river temperature and was relatively insensitive to biases in hydrology.
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Table B.1. List of Global Climate Models (GCMs) used in this study.

Global Climate Models | Modeling Center (Country)

bee-csml-1 Beijing Climate Center, China Meteorological

bee-csml-1-m Administration (China)

BNU-ESM College of Global Change and Earth System Science, Beijing Normal University
(China)

CanESM2 Canadian Centre for Climate Modelling and Analysis (Canada)

CCSM4 National Center for Atmospheric Research (United States)

CNRM-CM5 Centre National de Recherches Météorologiques / Centre Européen de Recherche et

Formation Avancée en Calcul Scientifique (France)

CSIRO-Mk3-6-0

Commonwealth Scientific and Industrial Research Organization in collaboration with
Queensland Climate Change Centre of Excellence (Australia)

GFDL-ESM2G

GFDL-ESM2M

NOAA Geophysical Fluid Dynamics Laboratory (United States)

HadGEM2-CC365

HadGEM2-ES365

Met Office Hadley Centre (additional HadGEM2-ES realizations contributed by
Instituto Nacional de Pesquisas Espaciais) (United Kingdom)

inmcm4

Institute for Numerical Mathematics (Russia)

IPSL-CM5A-LR

IPSL-CM5A-MR

IPSL-CM5B-LR

Institut Pierre-Simon Laplace (France)

MIROC-ESM-CHEM

MIROCS Atmosphere and Ocean Research Institute (The University of Tokyo), National
Institute for Environmental Studies, and Japan Agency for Marine-Earth Science and
Technology (Japan)

MIROC-ESM Japan Agency for Marine-Earth Science and Technology, Atmosphere and Ocean

Research Institute (The University of Tokyo), and National Institute for
Environmental Studies (Japan)

MRI-CGCM3

Meteorological Research Institute (Japan)

NorESM1-M

Norwegian Climate Centre (Norway)




114

APPENDIX C SUPPLEMENTAL MATERIALS FOR
CHAPTER 4: PROJECTED POTENTIAL FISH DISTRIBUTION
UNDER CLIMATE CHANGE IN A HEAVILY REGULATED,
FRAGMENTED RIVER SYSTEM

C.1. Texts

C.1.1.  Model setup and evaluation
In this study, we adapted the Maxent model setup as in VanCompernolle et al. (2019), which is
configured based on a 400-m resolution gridded river network. The hydrologic models we used
to simulate regulated flow and temperatures were configured based on a 1/8° gridded river
network (~12km). In WebPanel 1.1, we describe a two-step mapping of river flow and
temperatures from the 1/8° gridded hydrologic model river network to the 400-m gridded river
analysis network of the Maxent model. In WebPanel 1.2, we evaluate the mapped flow and
temperature by comparing with observations from the United States Geological Survey (USGS).
In WebPanel 1.3, we discuss our adaptations of the Maxent model from VanCompernolle et al.

(2019) and show model evaluations.

C.1.1.1. Map river flow and temperature simulated based on a 1/8° gridded hydrologic

model river network to 400-m gridded river analysis network of the Maxent model
In this study, the modeling framework we used to simulated regulated river flow and temperature
consists of three physically based models, which are configured for grid-based river networks at
a spatial resolution of 1/8° (~12 km) and a temporal resolution of 1 day. However, a coarse-
resolution gridded river network is infeasible to be applied to fish studies because it cannot
capture the impacts of geology and landcover type at finer resolutions. We chose to directly map
the river flow and temperature simulated based on a 1/8° gridded river network to a 400-m
gridded river network.

The mapping is a two-step process. The first step is to map the river flow and temperature
simulated at a 1/8° river network to a vector-based river network called the Geospatial Fabric
(GF, USGS 2007). For each GF river segment, we find one corresponding grid cell based on two
criteria, 1) the river segment and corresponding grid cell are spatially close to each other and 2)

they share similar confluence area. We directly use the stream temperature of the corresponding
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grid cell to represent the stream temperature of that river segment. To represent the streamflow in
the river segment, we bias corrected the streamflow of the corresponding grid cell using the

confluence areas as follows

Qseg = %ng (C.1)
where Q denotes streamflow and A denotes confluence area, subscripts seg and grid denote river
segment and corresponding grid cell.

The second step is to discretize the vector-based river network to 400-m grids as
VanCompernolle et al. (2019) did. We refer to one 400-m grid as a pixel. Pixels within the same
GF river segment were assigned the same flow and temperature data.

In addition, we chose the GF river network instead of the National Hydrography Dataset
(NHD) because the NHD has a much higher spatial resolution than the coarse grid. For example,
in NHD, there are over 10000 river segments in the Tennessee River Basin (TRB) while there
are only 667 1/8° grids in the gridded river network. In the GF, there are 1208 river segments in
the TRB. On average, two river segments in GF will share the information from one 1/8° grid
cell. Therefore, GF is more suitable for our purpose.

C.1.1.2. Evaluation of mapped river flow and temperature
We compared simulated flow and temperature data with USGS observations. We have one
criterion to filter the gauges, i.e., each gauge had to have at least one-year of observations that
overlapped with our historical simulation period (1980-2009).

For flow evaluation, we used observations from 177 USGS gauges and 43 of them are
subject to reservoir regulations. We used the relative bias at the annual time step and the Nash-
Sutcliffe (NS) coefficient at the monthly time step to evaluate water quantify and seasonality.
The median values of relative bias in mean annual flow and monthly NS coefficient across all
177 gauges are -0.15 and 0.74. Across the 43 regulated gauges, those two metrics are -0.08 and
0.72. In addition, fourteen unregulated gauges and six regulated gauges had an NS coefficient
less than 0, respectively.

For river temperature, only 14 USGS gauges met our criteria and we used all of it for
evaluation. Only six of them are subject to reservoir regulations. We used the mean absolute

error (MAE) and NS coefficient for monthly river temperatures to evaluate general errors and
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seasonality. The median values of MAE and NS across 14 gauges are 1.41 °C and 0.93,
respectively. Across the 6 regulated gauges, median values of MAE and NS are 1.37 °C and
0.91.

C.1.1.3. Maxent model setup and evaluation
The Maxent model setup in this study is adapted from VanCompernolle et al. (2019). The six
climate-related variables are calculated from model outputs as discussed above. The primary
surface rock type was obtained from the USGS State Geologic Map Compilation Geodatabase
(Horton et al., 2017). Within each pixel, we used the surface rock type with the largest areal
coverage as the primary surface rock type for that pixel. Land cover data was obtained from the
National Land Cover Dataset (NLCD) with a spatial resolution of 30-m. We used the latest
version, i.e., NLCD 2016 (Homer et al., 2020; Yang et al., 2018). Surrounding land cover type
can also affect the fish habitat (VanCompernolle et al., 2019) so we used the main land cover
type within 2000 m of each pixel as the primary land cover type. Slope was calculated from a
digital elevation model with 90-m resolution (SRTM 90m Digital Elevation Database v4.1,
Reuter et al. 2007) and converted to 400-m resolution.

The model performance can be evaluated by whether the location with fish existence can
be categorized as suitable habitat. However, this evaluation is highly sensitive to threshold
selection. Therefore, we adapted the default evaluation measure in the Maxent, i.e., AUC or the
area under the receiver operating characteristic curve, which is independent of threshold
selection. AUC with a value of 0.5 denotes a random prediction and its maximum achievable
value is 1-a/2, where a represents the fraction of this species’ spatial coverage. It is infeasible to
obtain in reality (Phillips et al., 2006). Nonetheless, higher AUC values represent better model
performance. The AUC values for O mykiss, E duryi, E jessiae, and E nigripinee are 0.93, 0.83,
0.75, and 0.83, respectively.
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C.1.2.  Shapley decomposition to determine the main environmental driver of fish
redistribution under climate change
The Shapley decomposition originated from cooperative game theory, which was applied to
assign each player’s unique distribution of a total surplus generated by a coalition of all players.
Recently, this method has also been applied in energy and environmental analysis (Ang et al.,
2003; Yu et al., 2014). In this study, we adapted this method in decomposing the projected
changes of presence probability (AP) to the unique contributions of all six climate-related

variables, where

Pt = f(anax' anin, QEV' Ttmax, Ttmin, TtCVJ a, ﬁ' ]/) (C2)
AP = P; — P, (C.3)
AP = Z oy (f) (C.4)

v

where P denotes presence probability, f denotes the trained Maxent model for one fish species,
subscript ¢ denotes time periods (=#, f, denoting historical and future periods respectively),
Qmax Qmin Tmax TmMn denote mean annual maximum/minimum monthly river flow and
temperatures, respectively, and Q¢V, TV denote coefficient of variation of monthly flow and
temperatures, respectively, a, 5,y denote primary surface rock type, landcover and slope
respectively, which remains static under climate change, and ¢,,(f) denotes the unique
contribution of climate-related variable v (v = QM ,Q™Mn, QCV, T™ma* TmMn TCV) for the

selected species. The unique contribution ¢, (f) is calculated as below

1 — 1\t
Po(f) =~ Z (nISI ) (AP(S U {v}) — AP(S)) C5)
SCV\{v}
n—1y (n—1!
( N ) ISt (m—1—|SD! (C.6)

where 7 is the total number of climate-related variables, i.e., n=6, V denotes all climate-related
variables, V\{v} denotes all climate-related variables except the selected variable v, S denotes
the subset of V\{v}, |S| denotes the length of the subset, AP(S) denotes the change of presence
probability when we replace the historical value using the future values for all subset variables in

S. For example, when § = {Q™* ,Q™"},

AP(S) = f(QF'™, QF™, Q¥ TI"™, TI"™ TV, a, B,y) — P (C.7)
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C.2. Figures
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Figure C.1. Projected changes in climate related environmental variables (blue vertical line:
regional average value for historical period, orange line: PDF of regional average value for the

2080s across 20 GCMs)
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C.3. Tables
Table C.1. List of reservoirs and whether they release water from epilimnion or hypolimnion
Which Capacity
Grand layer to (x
1D Dam name release® | Year 10%m3) Reasons’ Source Additional information
65.5% release from Sluice
1753 | Kentucky H 1944 3056.2 | Way TVA data
South 94.0% release from Sluice
1763 | Holston H 1950 617.1 | Way TVA data
Rainbow trout stocking TVA trout stocking https://www.tva.gov/Environment/Recreation/Trout-
1765 | Boone H 1952 183.7 | downstream website Fishing-the-TVA-Tailwaters
99.3% release from Sluice
1767 | Watauga H 1948 552 | Way TVA data
94.1% release from Sluice
1770 | Norris H 1936 1703.2 | Way TVA data
Cherokee 99.8% release from Sluice
1774 | Dam H 1941 1036.1 | Way TVA data
98.6% release from Sluice
1781 | Douglas H 1943 827.4 | Way TVA data
99.6% release from Sluice
1783 | Melton Hill | H 1963 136.8 | Way TVA data
No hydroelectricity https://www.tva.com/about-tva/our-history/built-for-the-
1788 | Tellico E 1979 448.5 | generation TVA website people/telling-the-story-of-tellico-it-s-complicated
Inferred by observed
1793 | Walters H 1929 15.4 | temperature downstream USGS observations Site n0=03460795
Beech River No hydroelectricity https://www.tva.gov/Energy/Our-Power-
1794 | Dam E 1963 5.9 | generation TVA website System/Hydroelectric/Beech
North Fork No hydroelectricity https://www.ashevillenc.gov/department/water/water-
Reservoir generation and mainly for The City of Asheville | department-projects/north-fork-dam-improvement-
1795 | Dam E 1954 19.6 | flood control website project/
88.3% release from Sluice
1797 | Watts Bar H 1942 1132.1 | Way TVA data
Rainbow trout stocking TVA trout stocking https://www.tva.gov/Environment/Recreation/Trout-
1800 | Normandy H 1976 116.1 | downstream website Fishing-the-TVA-Tailwaters
98.5% release from Sluice
1801 | Fontana H 1944 1202.4 | way TVA
Inferred by observed
1807 | Santeetlah E 1928 138.1 | temperature downstream USGS observations Site n0=0351706800
Elk River Inferred by observed
1810 | Dam H 1952 93.4 | temperature downstream Potoka et al. (2016)




120

Authenticated U.S.

Discharge mainly through Government https://www.govinfo.gov/content/pkg/FR-2006-06-
1812 | Bear Creek H 1954 9.6 | sluice way Information 02/pdt/E6-8564.pdf
1815 | Nantahala H 1942 107.6 | Hydroelectricity generation Wikipedia https://en.wikipedia.org/wiki/Nantahala_Lake
90.9% release from Sluice
1817 | Apalachia H 1943 67 | way TVA data
99.9% release from Sluice
1818 | Hiwassee H 1940 347.6 | way TVA data
Chickamaug 84.8% release from Sluice
1822 | a H 1940 639.4 | way TVA data
90.1% release from Sluice
1823 | Ocoee 1 H 1911 94.7 | way TVA data
Pickwick 82.2% release from Sluice
1824 | Landing H 1938 1026.9 | way TVA data
99.6% release from Sluice
1828 | Chatuge H 1942 207.5 | Way TVA data
81.0% release from Sluice
1829 | Nickajack H 1967 260.5 | Way TVA data
98.3% release from Sluice
1833 | Nottely H 1942 126.5 | way TVA data
95.6% release from Sluice
1834 | Blue Ridge H 1930 166.2 | way TVA data
92.9% release from Sluice
1835 | Wheeler H 1936 1153.5 | way TVA data
No hydroelectricity
generation and mainly for https://www.tva.com/energy/our-power-
1843 | Cedar Creek | E 1978 90.8 | flood control TVA website system/hydroelectric/cedar-creek
No hydroelectricity
Little Bear generation and mainly for https://www.tva.com/energy/our-power-
1846 | Creek E 1975 44.3 | flood control TVA website system/hydroelectric/little-bear-creek
78.8% release from Sluice
1847 | Guntersville | H 1939 1181.8 | way TVA data
No hydroelectricity
Upper Bear generation and mainly for https://www.tva.com/energy/our-power-
1855 | Creek E 1978 40.1 | flood control TVA website system/hydroelectric/upper-bear-creek
86.4% release from Sluice
9997 | Tims Ford H 1971 579.6 | way TVA data
Fort 92.0% release from Sluice
9998 | Loudoun H 1943 407.7 | way TVA data
89.8% release from Sluice
9999 | Wilson H 1925 721.9 | way TVA data

*: E and H represent epilimnion and hypolimnion respectively.
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0: Sluiceway usually located at relatively bottom of the dams, so we assumed water released from sluiceway are from hypolimnion.
Dams with over 50% of total flow releasing from sluiceway are assumed to release from hypolimnion. For other dams without flow
data, we made following assumptions: 1) dams with hydroelectricity generation release water from hypolimnion because water flows
through sluiceway to generate electricity, 2) dams without hydroelectricity generation release water from epilimnion, 3) dams with

rainbow trout stocking downstream release water from hypolimnion because rainbow trout favors cold water



Table C.2. Fish data information
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Fish species # for # for testing | List of Agencies*
training

Oncorhynchus mykiss 237 234 | Tennessee Wildlife Resources Agency

Etheostoma duryi 146 146 | AUM, CAS, CUMYV, INHS, KU, MCZ, MMNS, NCSM,
OSUM, TU, UA, UF, YPM

Etheostoma jessiae 89 90 | AUM, CUMYV, INHS, KU, LACM, MMNS, NCSM,
OSUM, ROM, TU, UA, UF, YPM

Etheostoma nigripinne 78 78 | ANSP, AUM, CUMV, INHS, KU, MMNS, NCSM, TU,

UA, UF, YPM

* abbreviation for agencies:

— ANSP: Academy of Natural Sciences Philadelphia

— AUM: Auburn University Museum of Natural History
— CAS: California Academy of Sciences

— CUMV: Cornell University Museum of Vertebrates

— INHS: Illinois Natural History Survey
—  KU: University of Kansas
— LACM: Los Angeles County Museum of Natural History
— MCZ: MCZ-Harvard University
—  MMNS: Mississippi Museum of Natural Science
— NCSM: North Carolina State Museum of Natural Sciences
— OSUM: Ohio State University - Fish Division
— ROM: Royal Ontario Museum
—  TU: Tulane University Museum of Natural History - Royal D. Suttkus Fish Collection
—  UA: University of Alabama Ichthyological Collection

—  UF: University of Florida
— YPM: Yale University Peabody Museum
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Table C.3. List of Global Climate Models (GCMs) used in this study

Global Climate Models | Modeling Center (Country)

bce-csml-1 Beijing Climate Center, China Meteorological

bee-csml-1-m Administration (China)

BNU-ESM College of Global Change and Earth System Science, Beijing Normal University
(China)

CanESM2 Canadian Centre for Climate Modelling and Analysis (Canada)

CCSM4 National Center for Atmospheric Research (United States)

CNRM-CM5 Centre National de Recherches Météorologiques / Centre Européen de Recherche et

Formation Avancée en Calcul Scientifique (France)

CSIRO-Mk3-6-0

Commonwealth Scientific and Industrial Research Organization in collaboration with
Queensland Climate Change Centre of Excellence (Australia)

GFDL-ESM2G

GFDL-ESM2M

NOAA Geophysical Fluid Dynamics Laboratory (United States)

HadGEM2-CC365

HadGEM2-ES365

Met Office Hadley Centre (additional HadGEM2-ES realizations contributed by
Instituto Nacional de Pesquisas Espaciais) (United Kingdom)

inmcm4

Institute for Numerical Mathematics (Russia)

IPSL-CM5A-LR

IPSL-CM5A-MR

IPSL-CM5B-LR

Institut Pierre-Simon Laplace (France)

MIROC-ESM-CHEM

MIROCS Atmosphere and Ocean Research Institute (The University of Tokyo), National
Institute for Environmental Studies, and Japan Agency for Marine-Earth Science and
Technology (Japan)

MIROC-ESM Japan Agency for Marine-Earth Science and Technology, Atmosphere and Ocean

Research Institute (The University of Tokyo), and National Institute for
Environmental Studies (Japan)

MRI-CGCM3

Meteorological Research Institute (Japan)

NorESM1-M

Norwegian Climate Centre (Norway)




Table C.4. Maxent permutation importance for all selected species
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mykiss

Primary | Land Slope Flow Flow Flow cv | Temp Temp Temp
surface | cover (%) max min (%) max min (%) | cv (%)
rock (%) (%) (%) (%)
(%)
Etheostoma 18.7 2.4 0.1 0.1 2.7 27.6 0.3 0.7 47.4
duryi
Etheostoma 41.6 4.4 0.0 2.8 6.2 35.6 2.0 3.0 4.4
jessiae
Etheostoma 21.9 5.5 0.7 6.4 0.3 23.4 2.2 2.6 36.9
nigripinne
Oncorhynchus | 23.2 2.5 0.0 33 9.3 0.3 55.3 23 3.8




