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ABSTRACT 

Aquatic Habitat Representation for Robust Water Resources Management 

 and Fish Conservation Decision-Making 

by 

Gregory C. Goodrum, Doctor of Philosophy 

Utah State University, 2025 

Major Professor: Dr. Sarah E. Null 
Department: Watershed Sciences 

 We rely on rivers to provide economic benefits for people and to sustain aquatic 

ecosystems. The development of water infrastructure to provide benefits for people did 

not consider environmental impacts to rivers, leading to widespread and persistent 

declines in freshwater biodiversity, populations, and habitat. Improving environmental 

outcomes of water management is needed to protect aquatic ecosystems. However, rivers 

are highly complex and variable, making them difficult to represent alongside hydro-

economic objectives for water management. This dissertation uses multi-objective and 

uncertainty analysis frameworks to improve aquatic habitat representation for water 

resources management and river conservation and restoration. 

 Chapter 2 uses water resources systems modeling to evaluate tradeoffs in Utah’s 

Bear River Basin between water supply for people, impacts to stream habitat for fish, and 

changes to Great Salt Lake with proposed water diversions and reservoirs. New 

diversions and reservoirs reduced summer stream habitat for threatened Bonneville 

Cutthroat Trout, and water diversions to the metropolitan areas decreased Great Salt Lake 

level by over 4 m (11 ft) between 2000 and 2020. I demonstrate that conflicting hydro-
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economic and environmental objectives for the Bear River exacerbate current threats to 

Bonneville Cutthroat Trout and pose significant economic, environmental, and human 

health risks from a declining Great Salt Lake. 

 Chapter 3 uses Monte-Carlo random sampling to evaluate the robustness of 

barrier removals for river connectivity restoration to uncertain habitat conditions and 

species-habitat relationships in Utah’s Weber River Basin. Barrier removals were 

sensitive to environmental data uncertainty for reconnecting summer thermal refugia, and 

few barrier removals were also robust for decisions about reconnecting growth habitats. I 

demonstrate that environmental data and suitability function uncertainty influence barrier 

removal optimization models and should be considered for river connectivity restoration. 

 Chapter 4 uses an uncertainty analysis approach to systematically evaluate 

methods for predicting road-crossing barrier passability for river connectivity analysis. 

Passability prediction methods produced similar river connectivity estimates but were 

uncertain predicting fish passage for individual barriers. I demonstrate that simple 

passability prediction methods are sufficient to characterize river connectivity at the 

watershed scale and highlight limitations for predicting barrier status to support barrier 

removal optimization for restoring river connectivity. 

(185 Pages) 
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PUBLIC ABSTRACT 

Aquatic Habitat Representation for Robust Water Resources Management 

and Fish Conservation Decision-Making 

Gregory C. Goodrum 

We rely on rivers to provide water supply, flood control, and hydroelectricity for people 

and to sustain aquatic ecosystems. The development of dams and reservoirs to provide 

water for people did not consider environmental impacts to rivers, leading to widespread 

decline of freshwater species and habitat. Improving environmental outcomes of water 

management is needed to protect and restore aquatic ecosystems. However, rivers are 

complex and variable, making them difficult to represent as objectives for water 

management. This dissertation explores approaches to improve aquatic habitat 

representation and environmental objectives for water resources management and river 

conservation and restoration. 

 Chapter 2 uses economic and environmental modeling to evaluate tradeoffs in 

Utah’s Bear River Basin between water supply for people, impacts to stream habitat for 

fish, and changes to Great Salt Lake with proposed water diversions and reservoirs. New 

diversions and reservoirs reduced summer stream habitat for threatened Bonneville 

Cutthroat Trout, and water diversions to the metropolitan Wasatch Front decreased Great 

Salt Lake level by over 4 m (11 ft) between 2000 and 2020. I demonstrate that conflicting 

economic and environmental objectives for the Bear River exacerbate current threats to 

Bonneville Cutthroat Trout and pose significant economic, environmental, and human 

health risks from a declining Great Salt Lake. 
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 Chapter 3 evaluates how barrier removals reconnecting stream reaches for 

Bonneville Cutthroat Trout perform under uncertain stream temperature conditions in 

Utah’s Weber River Basin. Barrier removals were sensitive to stream temperature data 

uncertainty for reconnecting summer coldwater stream habitats, and few barrier removals 

were also selected for reconnecting streams with suitable temperatures for fish growth. I 

demonstrate that uncertainty stream temperature conditions influence barrier removal 

selection and should be considered for restoring river connectivity. 

 Chapter 4 compares methods to predict fish passage at road-stream crossings for 

measuring connectivity in river systems. My methods for predicting road-crossing 

passability produced similar river connectivity estimates but vary considerably predicting 

fish passage for individual barriers. I demonstrate that simple methods for predicting fish 

passage at road crossings are sufficient to characterize river connectivity and highlight 

limitations for predicting fish passage to support barrier removal and river restoration. 
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CHAPTER 1 

INTRODUCTION 

We rely on rivers to provide water supply, flood control, hydropower, and 

recreational benefits for people and to sustain aquatic species and ecosystems. In the 

United States, more than 85,000 dams and countless smaller diversion and road crossing 

structures were built between the 1940s and 1970s to reduce flood risks, generate 

hydropower, facilitate road construction, and provide water for agriculture, industry, and 

household use (Graf, 1999). Dams, reservoirs, and other instream infrastructure 

fundamentally alter freshwater systems by fragmenting river networks (Spinti et al., 

2023), modifying natural flow and temperature regimes (Zaidel et al., 2021; Peñas & 

Barquín, 2019), disrupting sediment transport (Wohl, 2019), and degrading water quality 

(Ahearn et al., 2005; Maavara et al., 2020), with consequences for aquatic ecosystems 

that extend far downstream (Graf, 2006). Most infrastructure projects did not consider the 

environmental consequences of development, leading to widespread and persistent 

environmental impacts including biodiversity loss (Poff et al., 2007), fish population 

collapse (Waldman & Quinn, 2022), and the decline of inland lakes and wetlands (Fluet-

Chouinard et al., 2023; Wurtsbaugh et al., 2017). In response, minimizing environmental 

losses and restoring aquatic ecosystems have emerged as a focus for water resources 

management (Cosgrove & Loucks, 2015). 

Environmental objectives for river conservation often reflect ecological systems 

that are challenging to represent for water resources management. Rivers are complex 

landscape features with physical, chemical, and ecological characteristics that vary 

considerably across space and time and exhibit strong longitudinal differentiation 
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between their headwaters and terminus (Biggs et al., 2005; Thoms, 2006). Fish and other 

aquatic organisms exploit this variability by making large seasonal migrations that allow 

them to utilize habitats suitable for different life stages, exploit seasonally available 

resources, and facilitate genetic exchanges necessary for long-term population survival 

(Moore et al., 2014, Soukup et al., 2022). Rivers also are interconnected dendritic 

systems, meaning that alterations caused by infrastructure often propagate up- and 

downstream, causing changes to instream conditions and biological communities (Dević, 

2015; Ligon et al., 1995). Environmental data and ecological relationships used to 

quantify river characteristics are themselves uncertain (Hamilton & Moore, 2012; Luce et 

al., 2014), and their uncertainty influences ecological models used to represent 

environmental water management goals (Roloff & Kernohan, 1999; Van Der Lee et al., 

2006).  

To adapt water management for improving environmental conditions, we must 

identify decisions that are robust to ecological uncertainty and conflicting water 

management objectives. Water resources systems modeling can be used to support multi-

objective decision-making and evaluate tradeoffs between many potentially competing 

objectives (Loucks & Van Beek, 2017). Uncertainty analysis frameworks can identify 

robust decisions that perform well even when data and conditions used to inform 

decision-making are uncertain (Schindler and Hilborn, 2015). For water resources 

management, robust and multi-objective decision-making techniques have been used to 

evaluate infrastructure development and operations with economic and climatic 

uncertainty (Herman et al., 2014; Kasprzyk et al., 2013; Matrosov et al., 2013). However, 

little research has focused on quantifying uncertainty and identifying decisions that are 
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robust to change for river restoration and ecosystem management (Null et al., 2021). 

Here, I incorporate multi-objective and uncertainty analysis frameworks to evaluate water 

management strategies in northern Utah for robustness to ecological uncertainty and 

under alternative proposals for future river development and restoration. 

In Chapter 2, I use water resources systems modeling to evaluate tradeoffs in 

Utah’s Bear River Basin between water supply for people, impacts to stream habitat for 

fish, and changing conditions at Great Salt Lake with proposed water diversions and new 

reservoirs. I developed a hydro-economic optimization model to represent water 

management under proposed river development alternatives, then coupled model outputs 

with hydroclimatic data to estimate stream temperature, habitat suitability, and lake 

elevation at Great Salt Lake. Proposed development increases water storage and supply 

for agricultural, municipal, and industrial water users, but reduces summer stream habitat 

for Bonneville Cutthroat Trout and decreases Great Salt Lake elevation by over 3.5 m 

between 2000 and 2020. This work highlights conflicts between hydro-economic and 

environmental water management objectives for Utah’s portion of the Bear River that 

exacerbate current threats to Bonneville Cutthroat Trout and pose significant economic, 

ecosystem, and human health risks from a declining Great Salt Lake. 

In Chapter 3, I use a Monte-Carlo random sampling framework to evaluate the 

robustness of instream barrier removal for river connectivity restoration to uncertain 

habitat conditions and species-habitat relationships. I estimated thermal habitat suitability 

for conservation objectives restoring either growth habitat or summer thermal refugia in 

Utah’s Weber River Basin by randomly sampling across a range of uncertain stream 

temperature data and suitability function parameters. I applied habitat suitability 
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estimates from my Monte-Carlo simulations in a barrier removal optimization model to 

quantify how habitat uncertainty affects barrier removal robustness. Habitat uncertainty 

had little influence on barrier removal robustness for either conservation objective, but 

few barrier removals were robust for restoring both growth and thermal refugia habitats. 

This study demonstrates that input data and suitability function uncertainty influence 

barrier removal optimization models and identifies pathways for addressing aquatic 

habitat uncertainty in river restoration and management.  

 In Chapter 4, I use an uncertainty analysis approach to systematically evaluate 

how different predictive methods for estimating instream barrier passability for fish affect 

river connectivity estimates. I used uniform, random sampling, and presence/absence and 

passability rating prediction methods to predict Bonneville Cutthroat Trout passage for 

2,144 potential road-crossing barriers in the Bear River Basin in Wyoming, Idaho, and 

Utah. My passability prediction methods produce similar connectivity estimates but vary 

considerably predicting fish passage for individual barriers. My findings suggest that 

simple passability prediction methods are sufficient to characterize stream network 

connectivity and highlight limitations to predicting individual barrier status for river 

connectivity analysis.  

 The research presented here evaluates the robustness of aquatic habitat 

representations needed to improve environmental objectives in water management 

modeling and environmental decision-making. Populations of freshwater species have 

declined by 85% since 1970 (World Wildlife Fund, 2024), and river alteration threatens a 

quarter of all freshwater fauna with extinction (Sayer et al., 2025). As global climate 

change leads to longer dry periods (Williams et al., 2022), declining surface water 
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availability is likely to exacerbate current conflicts between human and environmental 

water demands (Dettinger et al., 2015). Moreover, increasingly extreme periodic wet 

periods and storm events threaten much of our existing river infrastructure (Hansen et al., 

2020; Stevenson et al., 2022), which presents an opportunity to re-evaluate current water 

management and planned development of water resources. To protect rivers and aquatic 

ecosystems, robust decision-making is needed to identify water management and river 

restoration strategies that perform well across variable and shifting environmental 

conditions. If we are to avoid adding to the environmental losses of the 20th century, 

water resources management must holistically consider the environmental consequences 

of river infrastructure operation and development decisions to evaluate the tradeoffs and 

costs of further river alteration. This dissertation presents pathways for improving aquatic 

habitat representations and incorporating environmental uncertainty for water resources 

systems modeling, barrier removal optimization, and river connectivity restoration 

needed to sustain aquatic ecosystems and manage rivers for people and the environment.  
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CHAPTER 2 

DAMNING THE LAKE: TRADEOFFS BETWEEN WATER SUPPLY, FISH HABITAT, 

AND GREAT SALT LAKE FROM PROPOSED DAMS IN UTAH’S LOWER BEAR 

RIVER 

Abstract 

 Dams and reservoirs provide water supply, flood control, and hydropower benefits 

for people but also harm native fish species and reduce water available to sustain aquatic 

ecosystems. New reservoirs proposed for Utah’s Bear River Basin are designed to supply 

water for the growing Wasatch Front metropolitan area, but how their development could 

affect riverine habitat for threatened Bonneville Cutthroat Trout (Oncorhynchus clarkii 

utah) and Utah’s iconic Great Salt Lake remains unclear. In this study, I use water 

resources systems modeling to evaluate tradeoffs between water supply for people, 

changes to fish habitat, and Great Salt Lake elevation with proposed water diversions and 

new reservoirs. I developed a hydro-economic optimization model to simulate water 

management under four development alternatives representing new water diversions, new 

reservoirs, and new reservoir operations with environmental flows. I coupled model 

outputs with hydroclimatic data to estimate stream temperature, fish habitat suitability, 

and Great Salt Lake elevation for the 2000-2020 period. Optimization models showed 

that proposed dams could deliver an annual average of 497 Mm3 of water to meet new 

human demands, but reduced summer stream habitat for Bonneville Cutthroat Trout by 

over 50 km (9% of total stream length) and decreased lake elevation at Great Salt Lake 

by over 1 m compared to observed conditions. My findings demonstrate that conflicting 

water management objectives for the Bear River exacerbate current threats to native 
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Bonneville Cutthroat Trout and pose significant economic, ecosystem, and human health 

risks from a declining Great Salt Lake. 

1. Introduction 

 Dams and reservoirs continue to be proposed worldwide to provide water supply, 

flood control, and hydropower benefits for people (Zarfl et al., 2015). However, hydro-

economic benefits and environmental impacts from dams are often studied separately, 

making comprehensive evaluation of the consequences of dam construction difficult (Di 

Baldassarre et al., 2021). Dams and reservoirs fundamentally alter freshwater systems by 

fragmenting river networks (Spinti et al., 2023), shifting natural flow and temperature 

regimes (Peñas & Barquín, 2019; Zaidel et al., 2021), disrupting sediment transport 

(Wohl, 2019), and degrading water quality (Ahearn et al., 2005; Maavara et al., 2020), 

with consequences for aquatic ecosystems that extend far downstream (Graf, 2006). In 

the United States, dam building peaked with the construction of over 85,000 dams and 

reservoirs between 1940 and 1970 (Graf, 1999). Most dam construction projects in the 

United States did not consider environmental impacts, leading to widespread and 

persistent environmental losses including the collapse of fish populations and decline of 

inland saline lakes (Waldman & Quinn, 2022). New dam proposals in the United States 

are rare but are being considered in western US states including Arizona, California, and 

Utah. 

In Utah, new reservoirs have been proposed in Utah’s portion of the Bear River 

Basin (UDWRe, 2019a). The Bear River drains parts of Wyoming, Idaho, and Utah and is 

managed by the Bear River Compact and other multi-state agreements (Endter-Wada et 

al., 2009). In 1991, Utah passed the Bear River Development Act, which directs the Utah 
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Division of Water Resources to plan the construction of reservoirs intended to allocate 

Utah’s remaining 271 Mm3 (220,000 acre-feet) of Bear River water rights for 

agricultural, industrial, and household water uses (Utah Code § 73-26, 1991). In addition 

to human water uses, the Bear River and its tributaries also provide important 

environmental benefits, including stream habitat for imperiled Bonneville Cutthroat Trout 

(Oncorhynchus clarkii utah) and inflow to Great Salt Lake, the largest lake by area in the 

western U.S. and the eighth largest saline lake in the world (Null & Wurtsbaugh, 2020). 

Proposed diversions from new reservoirs and new human consumptive water use present 

risks for native fish species and the downstream Great Salt Lake ecosystem, both of 

which rely on flows in the Lower Bear River to maintain aquatic habitats (UDWR, 2019; 

Wurtsbaugh et al., 2016).  

Great Salt Lake currently receives excess water that is not used upstream in the 

Bear River Basin. The Bear River is Great Salt Lake’s largest tributary and largest 

remaining source of streamflow. However, Great Salt Lake’s elevation is decreasing due 

to consumptive water use throughout its watershed (Wurtsbaugh et al., 2017), threatening 

the lake’s lacustrine and wetland ecosystems, brine shrimp and mineral extraction 

industries, and human health from toxic airborne dust (Brahney et al., 2024; Wurtsbaugh 

& Sima, 2022). The state’s evaluation suggests that Great Salt Lake would only decline 

by 0.2-0.4 m (8.5-14 in) under any of the proposed dam scenarios but lacks detail on 

initial lake elevation and overestimates return flow from applied water use (UDWRe, 

2019a), leaving the effect of new water development on Great Salt Lake unknown. 

 Water resources systems modeling can be used to evaluate tradeoffs between 

multiple competing objectives for water management decisions. Water resources systems 
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models use mathematical representations and optimization techniques to reflect the 

hydrologic, economic, infrastructure, and environmental processes that influence rivers 

and water management (Brown et al., 2015). Often, competing objectives are measured in 

different units and with different analytical approaches, which make comparison between 

objectives challenging (Kuby et al., 2005). Water resources systems modeling addresses 

this challenge by representing how changes in management decisions influence each 

objective and supports multi-objective decision-making by enabling the direct 

comparison of tradeoffs between objectives (Hipel, 1992; Yan et al., 2017). Water 

resources systems modeling has long been used to evaluate infrastructure siting and 

operations, particularly for maintaining or improving hydro-economic water benefits 

across different groups of water users (Harou et al., 2009; Yeh, 1985). However, 

representation of environmental objectives in water resources systems models are often 

restricted to simple constraints with limited ecological relevance. 

 When environmental objectives for river management are included in water 

resources systems models for multi-objective decision-making, they are often represented 

as environmental flows (Escriva-Bou et al., 2017; Expósito et al., 2020; Herman et al., 

2018; Kahil et al., 2016). Environmental flows establish the amount of water required to 

sustain environmental benefits such as habitat for fish and water for lakes and wetlands 

(Jowett, 1997). While environmental flows are associated with hydrological and 

ecological conditions required to sustain aquatic organisms (Rosenfeld, 2017), they are 

criticized for ignoring the varied life history needs of aquatic organisms and not 

representing critical instream conditions such as stream temperature (Arthington et al., 

2006; Tickner et al., 2020). Despite their limitations, environmental flows are easy to 
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implement and are widely used to guide water management for environmental protection 

(Olden & Naiman, 2010; Palmer & Ruhi, 2019). Alternatively, some approaches directly 

represent the environmental objectives of water management, such as streamflow and 

stream temperature conditions for fish (Null & Lund, 2012) or lake level change under 

water management (Han et al., 2025) but restrict analyses to singular environmental 

objectives such as maintaining fish habitat or lake conditions. To my knowledge, no 

studies have evaluated systematic tradeoffs between water supply for people, changes to 

fish habitat, and Great Salt Lake level change to assess impacts from the state’s proposed 

water diversions, dams, and reservoirs. 

 The goal of this study is to evaluate hydro-economic and environmental tradeoffs 

of proposed new dams in the Lower Bear River Basin in Utah, USA. I developed a water 

management optimization model that maximizes water supply for agricultural and 

municipal and industrial (M&I) uses within physical and operational constraints. I use 

monthly hydrological data for 2000-2020 to optimize hydro-economic water management 

under historical conditions and proposed combinations of new dams. I coupled modeled 

streamflow and reservoir releases with hydroclimatic data from the same period to 

estimate stream temperature and habitat conditions for Bonneville Cutthroat Trout in the 

Bear River and water level in Great Salt Lake. My approach considers four development 

alternatives that represent new water demands on Utah’s Wasatch Front, five proposed 

reservoirs in the Lower Bear River Watershed, and two environmental flows for aquatic 

ecosystem protection. I evaluate trade-offs between water supply from new dams, 

changes to stream habitat for fish, and Great Salt Lake level. This study provides a 
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detailed analysis of Utah’s proposed dams and their anticipated effects on riverine species 

and Great Salt Lake.  

2. Methods 

2.1. Study area and system 

The Bear River Basin drains 35,156 km2 in Wyoming, Idaho, and Utah before 

ultimately terminating as the largest inflow to Utah’s Great Salt Lake (Figure 2.1). Basin 

hydrology is snowpack-driven, and approximately 60% of annual streamflow occurs 

between April and June (DeRose et al., 2015; UDWRe, 2004). This study focuses on the 

Lower Bear River, the downstream half of the Bear River Basin in Idaho and Utah 

(Figure 2.1). The Lower Bear River begins in eastern Idaho where the Bear River is 

diverted from its natural channel into Bear Lake. Bear Lake is a natural lake that has been 

plumbed to provide water storage and acts as the largest reservoir in the Bear River Basin 

with an active storage capacity of 1.75 Bm3 (Welsh et al., 2013). Water released from 

Bear Lake provides irrigation for over 3,000 km2 of agricultural land from May through 

November and diverts, on average, 2,267 Mm3 of surface water per year (Baldwin et al., 

2020; Hjerpe et al., 2023). Additional water is used to supply M&I demands that divert, 

on average, 112 Mm3 of surface water per year.  Hydropower generation is also a primary 

objective for the Lower Bear River, where three hydropower dams at Alexander, Oneida 

Narrows, and Cutler Reservoirs maintain full reservoirs for power generation (FERC, 

2003; Pacificorp, 2019).  

The Bear River Development Act directs the Utah Division of Water Resources to 

develop reservoir storage in the Lower Bear River to increase water supply for growing 

metropolitan communities in northern Utah. The state of Utah is currently considering the 
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construction of up to five new reservoirs in the Lower Bear River Basin that would 

increase total water storage by as much as 767 Mm3 (622 taf) and enable trans-basin 

diversion from the Lower Bear River to supply additional water to Wasatch Front 

communities in the Weber and Jordan River Basins (UDWRe, 2019a) (Figure 2.1). Two 

proposed reservoirs, Above Cutler and Fielding, are sited along the mainstem Lower Bear 

River, while the proposed Cub River and Temple Fork (Logan River) proposed reservoirs 

are located on tributaries. A fifth proposed reservoir is located off-channel in Whites 

Valley and would require pumping and pipeline facilities from the Fielding site. Proposed 

reservoirs and dams are intended to increase water storage and not significantly alter 

hydropower generation within the system (UDWRe, 2019a).  

The Lower Bear River’s Cub and Logan River tributaries support the largest 

remaining metapopulations of Bonneville Cutthroat Trout Oncorhynchus clarkii utah 

(Budy et al., 2012; Teuscher & Capurso, 2007). Bonneville Cutthroat Trout are a 

salmonid species native to the rivers and lakes of the Bear River Basin (Behnke, 1992). 

Once prevalent throughout the Bear River Basin, Bonneville Cutthroat Trout are now 

limited to as little as 35%-40% of their historic range and are managed for conservation 

in Utah and Idaho (Budy et al., 2020). Bonneville Cutthroat Trout that exhibit fluvial life 

histories migrate between mainstem rivers or freshwater lakes in the winter and 

headwater tributaries in the summer (Colyer et al., 2005; Schrank & Rahel, 2004). These 

migrations allow Bonneville Cutthroat Trout to access stream reaches with seasonally 

beneficial streamflow and water temperature conditions that provide thermal refuge and 

spawning and rearing habitats (Budy et al., 2012; Carlson & Rahel, 2010). Dams and 

reservoirs negatively impact Cutthroat Trout and other migratory fish by blocking access 
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to critical habitat and altering streamflow and stream temperature conditions (Ardren & 

Bernall, 2017; Muhlfeld et al., 2012) and are a leading cause for population declines 

among migratory fish species worldwide (Huang & Li, 2024). 

The Bear River delivers over 1,480 Mm3 of water on average to Great Salt Lake 

annually. Great Salt Lake and its surrounding wetlands provide habitat for millions of 

migratory birds that are federally protected by the North American Migratory Bird Treaty 

Act of 1918 (Downard et al., 2014) and support mineral extraction, brine shrimp 

harvesting operations, and recreation that were valued over US $1.85 billion in 2023 

(Great Salt Lake Strike Team, 2025). Consumptive water uses have reduced inflow to 

Great Salt Lake and caused the lake level to drop 5.5 m (18 ft) from its high in the 1980s, 

a decline of 66% in total water volume under natural conditions (USGS, 2024).  As lake 

level drops, mineral companies lose access to brines for processing, brine shrimp that 

form the base of Great Salt Lake’s food web are exposed to stressful conditions from 

increasing salinity, and exposed lake bed sediments contribute to dust storms that impair 

air quality for over two and a half million people in northern Utah (Munroe et al., 2025). 

The State of Utah’s feasibility study of proposed Lower Bear River reservoirs estimates 

lake level will drop by 0.2-0.4 m (8.5-14 in) (UDWRe, 2019a). However, return flows to 

the lake from indoor and outdoor uses were calculated incorrectly in the State’s 

assessment and were nearly doubled because of a simple math error (reported as 62 – 

80% instead of 32 – 44 %) (UDWRe, 2019a; S. Null, personal communication, 2025). 

Also, the initial lake level used in their analysis was not provided, leaving the effects of 

proposed Bear River development on Great Salt Lake largely unknown (UDWRe, 

2019a). 
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2.2. Conceptual overview 

 I developed coupled models to evaluate tradeoffs among (1) water supply for 

agricultural and M&I demands, (2) suitable stream habitat for fish, and (3) streamflow 

contributions to Great Salt Lake (Figure 2.2). I used a monthly timestep for a 20-year 

period from January 2000 to January 2020. To represent the water supply objective, I 

developed a hydro-economic optimization model for agricultural and M&I water 

deliveries, streamflow, and reservoir storage. Hydropower generation is ignored in this 

model, although I maintain full storage at hydropower reservoirs to mimic hydropower 

operations. For the fish habitat objective, I passed modeled streamflow from optimization 

model outputs to an equilibrium stream temperature model, which assumes stream 

temperatures are driven by atmospheric heating and cooling. I classified stream 

temperatures and streamflows using Bonneville Cutthroat Trout habitat suitability criteria 

to estimate quality-weighted habitat. For the lake level objective, I passed modeled 

streamflows from optimization model outputs to a water mass balance model to predict 

changes to lake volume and the corresponding level of the wetted portion of Great Salt 

Lake. Model alternatives include new human water demands, proposed dam scenarios, 

and environmental flow constraints. I describe each objective and model component in 

detail in the following sub-sections. 

2.3. Water supply objective using hydro-economic optimization modeling 

I developed a generalized network flow hydro-economic optimization model of 

the Lower Bear River to minimize total economic cost, represented as water scarcity, to 

agricultural and M&I demand areas. 
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The objective function is expressed mathematically as 

𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 𝑍𝑍 =  ���𝑋𝑋𝑗𝑗,𝑘𝑘,𝑡𝑡 ∗ 𝑐𝑐𝑘𝑘,𝑡𝑡
𝑡𝑡𝑘𝑘𝑗𝑗

 (1) 

 

where 𝑍𝑍 is the total cost (US dollars) of water scarcity to agricultural and M&I demand 

areas throughout the system, 𝑋𝑋𝑗𝑗,𝑘𝑘,𝑡𝑡 is the flow from node 𝑗𝑗 to node 𝑘𝑘 in month 𝑡𝑡 (Mm3 per 

month), and 𝑐𝑐𝑘𝑘,𝑡𝑡 is the cost per unit of water at node 𝑘𝑘 in month 𝑡𝑡 (US dollars per Mm3). 

Target human demands are the volume of water demanded for agricultural and M&I uses. 

Water scarcity is the difference between target human demands and water deliveries and 

occurs when target demands are unmet. 

The objective function is bound by physical and environmental constraints. Water 

mass is conserved within the system (Equation 2), and upper and lower bounds limit 

channel flows and reservoir capacity while maintaining environmental flows (Equation 

3).  

�𝑋𝑋𝑗𝑗,𝑘𝑘,𝑡𝑡
𝑘𝑘

=  �𝑋𝑋𝑘𝑘,𝑗𝑗,𝑡𝑡 ∗ 𝑎𝑎𝑘𝑘,𝑗𝑗,𝑡𝑡
𝑘𝑘

+ 𝑏𝑏𝑘𝑘,𝑡𝑡,∀𝑗𝑗, 𝑡𝑡 (2) 

 

𝑚𝑚𝑚𝑚𝑚𝑚𝑋𝑋𝑗𝑗,𝑘𝑘  ≤ 𝑋𝑋𝑗𝑗,𝑘𝑘,𝑡𝑡  ≤ 𝑚𝑚𝑚𝑚𝑚𝑚𝑋𝑋𝑗𝑗,𝑘𝑘,∀𝑗𝑗, 𝑡𝑡 (3) 

 

In these equations, 𝑋𝑋𝑗𝑗,𝑘𝑘,𝑡𝑡 is the flow from node 𝑗𝑗 to node 𝑘𝑘 in month 𝑡𝑡 (Mm3 month-1), 

𝑎𝑎𝑘𝑘,𝑗𝑗,𝑡𝑡 is reach gains or losses on link 𝑗𝑗𝑗𝑗 in month 𝑡𝑡, 𝑏𝑏𝑘𝑘,𝑡𝑡 is external inflows to node 𝑘𝑘 in 

month 𝑡𝑡, and 𝑚𝑚𝑚𝑚𝑚𝑚𝑋𝑋𝑗𝑗,𝑘𝑘 and 𝑚𝑚𝑚𝑚𝑚𝑚𝑋𝑋𝑗𝑗,𝑘𝑘 are the lower and upper bound at node 𝑗𝑗 or on link 𝑗𝑗𝑗𝑗, 
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respectively. Proposed reservoirs are modeled by adjusting the maximum capacity in 

Equation 3.  

I coded the model in the General Algebraic Modeling System software (GAMS 

Development Corporation, 2023) and solved the model with the non-linear global solver 

Linear, Interactive, and Discrete Optimizer (LINDO; Lin & Schrage, 2009). Model 

outputs include time series of monthly optimized water deliveries to agricultural and 

M&I demand areas, storage at reservoirs and proposed reservoirs, and streamflow 

through river reaches.  

2.3.1. Optimization model data and implementation 

The Lower Bear River model includes four existing reservoirs, five proposed 

reservoirs, seven agricultural and M&I demand areas, and 16 stream reaches that provide 

potential habitat for Bonneville Cutthroat Trout in the Lower Bear Watershed (Figure 

2.3). This model represents approximately 82% of populated and irrigable land in the 

Bear River Basin. 

Agricultural water demands were represented with monthly diversions into large 

irrigation canals during the 2000-2020 time period at a standard cost of $0.42 per m3 

($521 per acre-foot), the rate for agricultural water compensation in the adjacent 

Colorado River Basin (Zulauf, 2023) (Table 2.1). M&I water demands were represented 

with 2010 population-weighted per capita applied water use data collected by the Utah 

Division of Water Rights and compiled by Jackson-Smith (2017). Monthly M&I water 

costs were represented by linear approximations of seasonal M&I economic loss 

functions for northern Utah metropolitan areas based on 2010 population, water prices, 

applied water, and M&I sector water use fractions (Null, 2018). Water scarcity costs for 
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M&I demand areas are more than double those for agricultural areas, with costs varying 

seasonally between $0.98-1.26 per m3 ($1,210-1,550 per acre-foot) for Lower Bear River 

M&I demand areas and between $1.44-1.77 per m3 ($1,780-2,290 per acre-foot) for 

Wasatch Front M&I demand. Hydropower is represented as a constraint that requires 

storage at Alexander, Oneida Narrows, and Cutler Reservoirs in any timestep to equal or 

exceed 75% of capacity. 

Mean monthly inflows and system gains and losses for January 2000 to January 

2020 were compiled from daily streamflow time series data provided by PacifiCorp and 

US Geological Survey (USGS) stream gage data (USGS, 2024) (Table 2.1). Streamflow 

data for the Cub River were available from October 2005 to September 2010. I estimated 

missing Cub River streamflow data with a linear regression to Logan River streamflow 

observations (R2 = 0.93). I gathered initial reservoir storage from reservoir storage time 

series data provided by PacifiCorp. I did not explicitly represent reservoir evaporation but 

estimated evaporative losses by closing a water balance at each existing reservoir 

expressed as gains or losses. For reaches connecting demand areas, I represented 

unconsumed portions of agricultural and M&I diversions with consumptive use fractions 

for Lower Bear River and Wasatch Front communities from Utah’s state water budget 

model (UDWRe, 2024). These consumptive use fractions are estimates in the absence of 

more certain data. 

I evaluated model performance by comparing modeled monthly streamflow to 

mean monthly observed streamflow at seven gaging stations in the Lower Bear River. At 

each gaging station, I used 240 monthly observations for each site collected from January 

2000 to January 2020. Streamflow values were log10-transformed to normalize 
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differences between seasonally large spring runoff flows and low fall baseflows 

(Goodrum & Null, 2023; Wenger et al., 2010; Young et al., 2009). I selected performance 

evaluation criteria recommended for hydrological and water quality models that provide 

clear and quantitative performance measures at the watershed scale (Krause et al., 2005; 

Moriasi et al., 2015). I assessed differences between modeled and observed streamflow 

with the coefficient of determination (R2), Nash-Sutcliffe efficiency (NSE) index, percent 

bias (PBIAS), mean absolute error (MAE), and root mean square error (RMSE). R2 and 

NSE describe goodness-of-fit between observed and simulated data, PBIAS describes 

over- and underestimation, MAE and RMSE describe the size of errors (Moriasi et al., 

2015; Wenger et al., 2010). For log10-transformed streamflow, I normalized MAE and 

RMSE as a percentage difference from the log10-transformed mean of observed values 

(Young et al., 2009). 

2.4. Fish habitat objective using habitat suitability 

 I used streamflow and stream temperature to estimate suitable stream habitat for 

Bonneville Cutthroat Trout (Buisson et al., 2008; Dunham et al., 2003; Li et al., 2022). I 

input modeled streamflows from the optimization model discussed above into an 

equilibrium temperature model to predict longitudinal changes to stream temperature 

from meteorological conditions for each month and stream reach. I then used streamflow 

and stream temperature to classify habitat suitability criteria for Bonneville Cutthroat 

Trout as suitable, stressful, or unsuitable for each stream reach and month.  



22 

2.4.1. Equilibrium temperature model 

 I modeled monthly stream temperature using a one-dimensional equilibrium 

temperature model. Equilibrium temperature models assume rivers are advection 

dominated and that longitudinal changes to stream temperature are driven by exposure to 

meteorological conditions (Bogan et al., 2003). I calculated stream temperature using a 

simplified form of the advection-dispersion equation described in Null et al., (2013a) 

where net heat exchange is calculated as heat mass balance (Equation 4). 

𝜕𝜕𝑇𝑇𝑤𝑤
𝜕𝜕𝜕𝜕

=  
𝐻𝐻𝑛𝑛𝑛𝑛𝑛𝑛
𝐶𝐶𝑝𝑝𝜌𝜌𝜌𝜌

 (4) 

 

In this equation, 𝑇𝑇𝑤𝑤 is stream temperature (°C), 𝑡𝑡 is the model timestep, 𝐻𝐻𝑛𝑛𝑛𝑛𝑛𝑛 is net heat 

exchange at the water’s surface (Wm-2), 𝐶𝐶𝑝𝑝 is the specific heat of water (4,185 J kg-1 °C-

1), 𝜌𝜌 is water density (1,000 kg), and 𝑑𝑑 is water depth (m).  

 Equilibrium temperature models are governed by travel time, river geometry, and 

boundary stream temperature conditions (Null et al., 2013b). I assumed uniform 

conditions within stream reaches. Stream reaches ranged in length from 4-66 km, with an 

average reach length of 23 km. Travel time is controlled by stream length and velocity, 

which I estimated for modeled streamflows in each reach and month using generalized 

hydraulic geometry power functions and coefficients for rivers in the western United 

States (Leopold et al., 1995; Null et al., 2013a). Coefficients for depth and velocity had 

values of 0.43 and 0.45, respectively. I assumed channel geometry is rectangular where 

the water surface is the same width as the stream bed. I estimated stream temperature 

separately for rivers and tributaries and used a heat mass balance to account for thermal 
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mixing at confluences. I represented boundary stream temperature conditions using 

stream temperature measurements collected at inflows and below existing reservoirs in 

the Lower Bear River watershed (LRO, 2025b; Turney et al., 2025). Reservoirs affect 

water temperatures from thermal stratification and from the design of outlet infrastructure 

(Null et al., 2024). For boundary conditions below proposed reservoirs, I used stream 

temperature measured below nearby reservoirs with similar storage capacity, surface area, 

and depth as the proposed reservoir. 

2.4.2. Fish habitat suitability 

For each reach and month, I intersected streamflow and stream temperature 

suitability criteria to estimate habitat suitability and calculate monthly quality-weighted 

fish habitat for each stream reach (Table 2.2). A reach was categorized as suitable if 

streamflow exceeded 25% of the mean annual flow (MAF) and stream temperature was 

below 20°C, stressful if either streamflow was between 10% and 25% of MAF or stream 

temperature was between 20-24°C, and unsuitable if either streamflow was less than 10% 

of MAF or stream temperature exceeded 24°C (Caissie et al., 2015; Johnstone & Rahel, 

2003; Schrank et al., 2003). I assessed streamflow suitability as a percentage of a reach’s 

MAF because it indicates physical habitat availability and is strongly associated with 

observed species presence and habitat use (Goodrum & Null, 2023; Hatfield & Bruce, 

2000; Rosenfeld et al., 2007). Better estimates of streamflow suitability are unavailable, 

although functional flow targets are currently being developed for the Bear River (Nusrat 

et al., 2024). I intersected streamflow and temperature suitability estimates, rather than 

use mean suitability, to reflect the assumption that suitable conditions for one habitat 

variable do not mitigate unsuitable conditions for another variable (Morrisett et al., 
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2023). Finally, I multiplied reach length by habitat suitability to estimate the quality-

weighted habitat available to fish in each reach and month. 

2.4.3. Fish habitat modeling data and implementation 

Stream temperature data were unavailable for the 2000-2020 modeling period, so 

I represented boundary conditions with mean monthly stream temperatures calculated 

from daily average temperatures collected between July 2022 and June 2023 on the Bear 

and Logan Rivers (LRO, 2025b; Turney et al., 2025) (Table 2.3). Stream temperature data 

for the Cub River were unavailable and were represented by Logan River stream 

temperatures. I represented monthly atmospheric conditions by averaging daily 

meteorological data collected between July 2014 and June 2020 at the Logan River 

Observatory’s climate monitoring station in Cache Valley (LRO, 2025a). Meteorological 

data includes shortwave solar radiation, air temperature, relative humidity, windspeed, 

barometric pressure, and cloud cover.  Unregulated mean annual flow for river reaches 

were extracted from the National Hydrography Dataset Plus Version 2 (USGS, 2023b). 

NHD estimates streamflow with a geospatial flow balance model with precipitation data 

collected between 1971 and 2000 (McKay et al., 2012). Stream lengths for river reaches 

were calculated from the National Stream Internet geospatial stream network (Nagel et 

al., 2017). Stream temperature and habitat suitability modeling was conducted in R 

version 4.3.1 (R Core Team, 2023). Outputs include a monthly timeseries of stream 

temperature for all river reaches, habitat suitability classifications, and quality-weighted 

habitat fish habitat for river reaches. 
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2.5. Great Salt Lake elevation objective and water balance 

 I used a monthly water balance model from Mohammed & Tarboton (2012) to 

estimate Great Salt Lake volume, surface area, and elevation. Estimates of Bear River 

streamflow are from the water optimization model. The water balance uses the following 

equation: 

𝑉𝑉𝑡𝑡 = 𝑉𝑉𝑡𝑡−1 + (𝑃𝑃𝑡𝑡 ∗ 𝐴𝐴𝑡𝑡) + 𝑄𝑄𝑡𝑡 + (𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑠𝑠𝑡𝑡 ∗ 𝐴𝐴𝑡𝑡)  

 

where 𝑉𝑉𝑡𝑡 is lake volume in month 𝑡𝑡 (Mm3), 𝑉𝑉𝑡𝑡−1 is lake volume in the preceding month 

(Mm3), 𝑃𝑃𝑡𝑡 is the precipitation over the lake surface in month 𝑡𝑡 (m), 𝐴𝐴𝑡𝑡 is the lake surface 

in month 𝑡𝑡 (m2), 𝑄𝑄𝑡𝑡 is inflow to the lake in month 𝑡𝑡 (Mm3), and 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑠𝑠𝑡𝑡 is observed 

lake elevation change in month 𝑡𝑡 (m). Inflows to the lake are modeled Bear River 

streamflow, return flow from optimized water deliveries to the Wasatch Front M&I 

demand area, and observed surface and groundwater inflows, including from the Weber 

and Jordan Rivers. Streamflow in the terminal reach was increased by 8% to account for 

reach gains that occur downstream of Corinne (UDWRe, 2024). Lake surface gain and 

loss is a water balance closure term to approximate lake evaporation and mineral 

extraction water depletions. 

2.5.1. Mass balance model data and implementation 

 My water balance model requires hydrological, precipitation, and bathymetric 

input data that I retrieved from a previous time series analysis of Great Salt Lake 

(Tarboton, 2024). Monthly precipitation time series data for the 2000-2020 period were 

from PRISM climate datasets for Great Salt Lake surface area (Tarboton, 2023). I used 

known relationships between lake volume and bathymetry to estimate surface area and 
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level in each month (Tarboton, 2017). I evaluated the performance of the water balance 

model by comparing modeled lake elevation from a model run constrained for historical 

conditions to the monthly average observed elevation at Great Salt Lake (USGS, 2024). 

As with streamflow, I assessed differences between modeled to observed lake elevation 

with the coefficient of determination (R2), Nash-Sutcliffe efficiency (NSE) index, percent 

bias (PBIAS), mean absolute error (MAE), and root mean square error (RMSE). 

In this study, I represented Great Salt Lake as a single waterbody for simplicity. 

Great Salt Lake is divided into two arms by a solid-fill railroad causeway bisecting the 

lake, and flow between the arms is regulated by openings in the causeway (Mohammed 

& Tarboton, 2012). I assume that Lower Bear River water reaches the wetted portion of 

Great Salt Lake so that Lower Bear River streamflow directly influences GSL level. 

Wetlands surround the lake, using an unmeasured portion of water, with playas separating 

the wetlands from the wetted lake. At its confluence with Great Salt Lake, the Bear River 

is managed by the US Fish and Wildlife Service to maintain a large complex of emergent 

and open water wetlands that provide habitat for waterfowl and colonial nesting birds 

(Downard et al., 2014; Alminagorta et al., 2016). In other parts of the Great Salt Lake 

watershed, wetlands and undocumented diversions reduce streamflow from the 

downstream-most gaging stations on the Weber and Jordan Rivers (Lukens et al., 2024). 

Evaluating how to distribute water to Great Salt Lake is an active area of research.  

I assessed Great Salt Lake conditions using an elevation matrix that relates lake 

elevation to salt concentration thresholds affecting more than 90 ecological, economic, 

recreation, and human health interests at Great Salt Lake (FFSL, 2013). Great Salt Lake 

mass balance modeling was conducted in R version 4.3.1 (R Core Team, 2023). Model 
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output includes monthly timeseries of Great Salt Lake elevation, volume, and surface 

area. 

2.6. Model runs for development alternatives 

 I ran 5 models representing development alternatives for the Lower Bear River 

(Table 2.4). I compared a historical model run with observed water management for the 

2000-2020 period and used it to evaluate model performance. In the historical run, 

streamflow between Alexander and Oneida Narrows Reservoirs was constrained so that it 

was less than or equal to 42.5 m3 s-1 (1,500 ft3 s-1) to prevent flooding in Gentile Valley, 

and reservoir storage at Bear Lake was constrained to be less than or equal to 1.436 Bm3 

(1,165 taf) to reflect PacifiCorp’s high-runoff management operations (Baldwin et al., 

2020). These constraints were relaxed for all other model runs. 

 A Wasatch demands model run represented the Lower Bear River without new 

reservoirs and with Wasatch Front M&I water demands, and a proposed reservoirs model 

run included both Wasatch Front M&I water demands and all proposed reservoirs. All 

future alternatives assumed water conveyance infrastructure linking the Lower Bear 

River to Wasatch Front demands (Figure 2.3). Thirteen combinations of the five proposed 

reservoirs were considered in the Bear River development report, but some combinations 

had similar water storage capacity, with a mean, min, and max of 560 Mm3 (560 taf), 300 

Mm3 (244 taf), and 767 Mm3 (622 taf), respectively (UDWRe, 2019a). I included all five 

proposed reservoirs simultaneously to evaluate how dams influence stream habitat for 

fish. The model run with proposed reservoirs also included pumping and pipeline 

infrastructure to off-channel Whites Valley Reservoir (UDWRe, 2019a). 
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Two additional model runs, 10% MAF e-flows and 25% MAF e-flows, were 

identical to the proposed reservoirs model run, but included environmental flow 

constraints of 10% and 25% of unregulated mean annual flow on all river reaches. I 

included these runs to evaluate the potential to mitigate impacts to river habitat and Great 

Salt Lake elevation while maintaining water deliveries for human use. Environmental 

flows with 10% of mean annual flow represent the threshold below which streams no 

longer provide suitable physical habitat for aquatic species, while environmental flows 

exceeding 25% of mean annual flow generally provide suitable physical habitat (Annear 

& Conder, 1984; Jowett, 1997; Rosenfeld et al., 2007). Environmental flow criteria are 

ecologically based, simple to implement, and widely applied to mitigate environmental 

impacts of flow regulation (Caissie et al., 2015; Gopal, 2013). 

3. Results 

3.1. Optimization model evaluation 

 Modeled historical streamflow matched observed streamflow well for the 2000-

2020 period (Table 2.5). R² and NSE exceeded 0.8 at all gaging stations and exceeded 0.9 

at most sites, suggesting strong agreement between modeled and observed streamflow. 

RMSE was within 15% of log-transformed mean observed streamflow and MAE was 

within 8% of mean observed streamflow for all seven sites throughout the study area. 

PBIAS ranged from -1.4% to -4.8%, indicating that the model slightly underestimated 

observed streamflow. Underestimation bias is expected in hydro-economic water 

management optimization models because models have perfect knowledge of water 

demands and system operations, meaning that water deliveries never exceed demands 

downstream (Null et al., 2014). Modeled Great Salt Lake elevation showed strong 
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agreement with observed lake elevation for the 2000-2020 period, with R² and NSE both 

equal to 0.94, and small estimation errors, where RMSE and MAE were both less than 

0.2 m. 

3.2. Water supply for agricultural and M&I demand areas 

 M&I water demands in Lower Bear River and Wasatch Front demand areas were 

met under all alternatives except for the 25% MAF e-flow alternative, where average 

annual M&I water scarcity was 44.6 Mm3 (36.2 taf) representing 8% of annual M&I 

demand. When it occurred, water scarcity was born by agricultural water users (Figure 

2.4). M&I demand areas have a higher willingness to pay for water, and when scarcity 

exists, agricultural users would transfer water to M&I areas through temporary leases 

(Null et al., 2014). The transfer of agricultural water to M&I demand areas is common in 

hydro-economic optimization models where water markets, rather than water right 

priorities, are used to determine water deliveries (Harou et al., 2010; Medellín-Azuara et 

al., 2008; Tanaka et al., 2006). 

 Agricultural water demands are represented by diversions into irrigation canals 

that are completely satisfied under historical conditions. Annual agricultural water 

scarcity was 152 Mm3 (124 taf) for the Wasatch demands alternative, which represents 

approximately 30% of annual agricultural water demands, and scarcity occurred in all 

years from 2000-2020 (Figure 2.4). The proposed reservoirs and 10% MAF e-flow 

alternatives limited average annual agricultural water scarcity to 36 Mm3 (29 taf) and 92 

Mm3 (75 taf), respectively, which occurred during the first four to five years and 

coincided with drought conditions in the Great Salt Lake Basin. Annual agricultural water 

scarcity was 276 Mm3 (402 taf) under the 25% MAF e-flow alternative, which 
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represented over 50% of average annual agricultural demand, suggesting that maintaining 

25% MAF streamflows would require substantial water transfers from agricultural or 

M&I users or restricting interbasin water transfers to the Wasatch Front.  

 Observed average annual total water storage was 910 Mm3 (737 taf) from 2000-

2020 (Figure 2.5). Average annual total water storage decreased to 764 Mm3 (619 taf) 

under the Wasatch demands alternative, a 16% decrease from observed storage, despite 

ending the period with more water stored than under observed conditions. This suggests 

that meeting new water demands on the Wasatch Front required some reservoir depletion, 

but that existing reservoirs were able to compensate for short-term storage losses by the 

end of the period. Average annual total water storage increased by 34% to 1,221 Mm3 

(990 taf) in the proposed reservoirs alternative. Under 10% MAF and 25% MAF e-flow 

alternatives, total water storage was similar to observed conditions, with average annual 

total water storage of 980 Mm3 (795 taf) and 939 Mm3 (761 taf), respectively. 

 Proposed reservoirs rarely filled in any scenario and often operated at less than 

50% of total capacity. Proposed reservoirs only reached full capacity in two months in the 

proposed reservoir alternative, three months in the 10% MAF e-flows alternative, and 

eight months in the 25% MAF e-flows alternative. Proposed reservoir storage was less 

than half of capacity for over 90% of the modeled time period under the proposed 

reservoir and 10% MAF e-flow alternatives, and proposed reservoir storage was less than 

half of capacity for over 80% of months in the 25% MAF e-flow alternative.  

3.3. Stream habitat for Bonneville Cutthroat Trout 

 Water diversions to Wasatch demands and the addition of proposed reservoirs 

reduced stream habitat for Bonneville Cutthroat Trout (Figure 2.6). Average monthly 
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stream habitat declined by 31 km from historical conditions in the Wasatch demands 

alternative, and total stream habitat declined by 8% from 2000-2020. Stream habitat loss 

was the most severe in the proposed reservoirs alternative, where average monthly stream 

habitat decreased by over 50 km from historical conditions, representing a 13% loss in 

total habitat for the modeling period. Environmental flows mitigated some habitat loss 

from increasing diversions to M&I demands and proposed reservoirs. Monthly stream 

habitat declined by 11 km on average from historical conditions in the 10% MAF e-flow 

alternative but only reduced overall habitat availability by 2% between 2000-2020. 

Monthly stream habitat increased by over 32 km on average for the 25% MAF e-flow 

alternative, representing an overall increase of 9% in stream habitat from historical 

conditions.  

 Under historical conditions, stream habitat for Bonneville Cutthroat Trout was 

most limited during the summer months of July and August (Figure 2.6). Adding 

diversions to supply the Wasatch Front M&I demand area did not significantly alter 

summer habitat availability. However, adding proposed reservoirs reduced summer 

stream habitat, on average, by between 40 and 70 km, and e-flows did not improve 

summer stream habitat losses from proposed reservoir construction.. Summer stream 

habitats are important for Bonneville Cutthroat Trout, which migrate during summer 

months to escape warm stream temperatures, and summer coldwater habitats are a focus 

for salmonid conservation (Isaak & Young, 2023). In modeled alternatives including 

proposed dams, summer stream habitat declined even when suitable streamflow was 

maintained, suggesting summer habitat loss is driven by stream temperatures. 
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In the historical scenario, the Logan and Cub Rivers were the only reaches that 

provide year-round suitable Cutthroat Trout habitat, while all mainstem Bear River 

reaches had stressful or critical habitat conditions (Figure 2.7). Proposed dams did not 

change habitat conditions along the mainstem Bear River, but Temple Fork Dam created 

critical habitat conditions in the Logan River (Figure 2.7b). The 10% and 25% MAF E-

Flow alternatives improved fish habitat in the Logan River and Bear River downstream 

of Bear Lake (Figure 2.7b,c). However, with Temple Fork Dam, the Logan River had 

stressful habitat conditions, even with 25% MAF minimum flows, suggesting that 

minimum flow requirements cannot compensate for adverse stream temperature changes 

downstream of the proposed dam. In all modeled scenarios that include proposed dams, 

the Cub River was the only tributary that retains suitable habitat for Bonneville Cutthroat 

Trout year-round. 

3.4. Great Salt Lake elevation and condition 

 Increasing water demands—and consumptive water use—by Wasatch Front M&I 

demands reduced Great Salt Lake elevation compared to observed levels in all modeled 

alternatives (Figure 2.8). Between January 2000 and January 2020, observed Great Salt 

Lake elevation decreased from 1280.8 m to 1278.1 m, a net decrease of 2.7 m. Adding 

Wasatch demands exacerbated lake level decline, and reduced Great Salt Lake’s elevation 

to 1277 m by the end of the model period. Under the proposed reservoirs alternative, 

Great Salt Lake elevation declined over 4 m to 1276.8 m by January 2020. The 10% 

MAF e-flow alternative resulted in a similar overall elevation decrease to the proposed 

reservoirs alternative of 4 m, suggesting that these flows were insufficient to offset 

consumptive water losses caused by Wasatch Front M&I demands. The 25% MAF e-
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flows alternative limited lake level decline to 3.7 m over the study period. These findings 

indicate that diverting the Lower Bear River to supply Wasatch Front M&I water 

demands will lead to further lake level decline. 

 While observed lake levels fell into critical condition for limited periods in 2015 

and 2016, lake level for all modeled alternatives fell into critical condition by 2014 and 

largely remained there from 2015 to 2020 (Figure 2.8). These findings suggest that new 

M&I demands and proposed reservoirs will lead to further lake elevation decline at Great 

Salt Lake, and that declines will increase salinity. Together these changes threaten brine 

shrimp viability, mineral production activities, and human health from airborne playa 

dust in surrounding Wasatch Front communities (Grineski et al., 2024). 

4. Discussion 

4.1. Impacts of new water demands and proposed dams 

 Constructing new reservoirs could deliver an annual average of 497 Mm3 of water 

to new demands but would reduce annual average stream habitat for Bonneville Cutthroat 

Trout by 50 km and lower Great Salt Lake elevation by over 4 m from 2000 to 2020. 

While building new dams and reservoirs magnified habitat loss for Bonneville Cutthroat 

Trout, dams only slightly decreased Great Salt Lake elevation relative to the scenario 

including just new Wasatch Front M&I demands. My findings support previous studies 

that identify both consumptive water use (Damiani et al., 2019, 2021) and dams and 

reservoirs (Liermann et al., 2012; Reid et al., 2019) as contributing to fish habitat loss, 

but that consumptive water use, rather than reservoir operation, drives lake level decline 

at Great Salt Lake and other terminal lakes (Wurtsbaugh et al., 2016, 2017).  Arresting 

lake level decline at Great Salt Lake requires reconciling human water demands in the 
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Great Salt Lake Basin with finite water supplies from the Bear River and other rivers 

feeding Great Salt Lake. 

 Modeled environmental flow scenarios had limited capacity to meet ecological 

objectives in the Lower Bear River with the construction of new reservoirs and water 

delivery to the Wasatch Front. The 10% MAF e-flow alternative supported approximately 

10% less Bonneville Cutthroat Trout habitat compared to historical conditions, and Great 

Salt Lake elevation was over one meter lower than the observed end-of-period level. 

While Bonneville Cutthroat Trout stream habitat increased overall with 25% MAF e-flow 

alterative, stream habitat decreased during the warmest period of the summer when 

habitat is most limited. My results suggest that habitat bottlenecks could be exacerbated 

by proposed reservoirs that cause stream temperature warming and not rectified with 

environmental flows. My findings are consistent with previous criticism of static 

environmental flow rules that ignore natural hydrological and ecological complexity 

necessary for aquatic species to complete varied life history requirements (Arthington et 

al., 2006; Tickner et al., 2020). Alternatively, environmental flows that maintain or 

restore ecologically important attributes of hydrological regimes and instream conditions 

such as wet season peak flows and cold stream temperatures have been shown to promote 

native fish recovery (Baruch et al., 2024) and are currently being developed for the Great 

Salt Lake Basin (Nusrat et al., 2024). However, Utah has largely opposed regulating 

instream flows for environmental purposes (Womble et al., 2022). Environmental flows 

simulated herein rely on a level of regulation that the state has been reluctant to 

implement.  
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4.2. Limitations 

 My hydro-economic model was limited by data availability and the simplification 

of real-world conditions. My approach ignored legal, political, and institutional practices 

to emphasize water supply system capabilities rather than how people choose to operate 

the system. My hydro-economic optimization model operated with perfect foresight and 

without flood control or reservoir operation rules, meaning that the model can optimize 

for flood and drought periods and represents a best-case scenario for water management. 

My optimization model also did not represent hydropower or recreational benefits of 

reservoirs, although these are important uses in the Lower Bear River (Hjerpe et al., 

2023). I represented M&I water scarcity costs with linear economic demand functions 

that do not completely represent nonlinear willingness-to-pay among M&I water users 

(Coleman, 2009). My approach underestimates water prices when water demands go 

unmet and overestimates prices when water demands are mostly satisfied.  

 I optimized water management to minimize economic scarcity for agricultural and 

M&I water demands but did not optimize stream habitat or Great Salt Lake elevation 

objectives. While my modeling approach allowed me to assess environmental impacts 

from optimized water management decisions, my environmental representations were not 

dynamic and did not allow us to evaluate optimal solutions for achieving specific 

environmental objectives such as maximizing thermal habitat for fish or lake elevations 

for Great Salt Lake. Nonetheless, my work expands water resources systems modeling by 

including ecologically-based habitat representations for multi-objective decision-making 

needed to inform river management decisions with competing hydro-economic and 

environmental objectives. 
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 Additional limitations of this study included data and methods used to represent 

stream habitat and Great Salt Lake objectives of water management. Stream temperature 

data were unavailable for the 2000-2020 modeling period, which I approximated with 

single-year measurements from July 2022 to June 2023 that underrepresent interannual 

variability in stream temperature, and thus stream habitat suitability (Luce et al., 2014). I 

estimated stream habitat suitability from streamflow and stream temperature, which are 

linked to fish population dynamics (Van Vliet et al., 2013) but do not represent spawning 

habitat availability and non-native species presence that also influence Bonneville 

Cutthroat Trout survival and population persistence (Budy et al., 2007; McHugh & Budy, 

2006). My study also ignores habitat loss caused by inundation beneath reservoirs, which 

often favor non-native species that displace native species but also provide economic 

benefits through recreational fisheries (Murphy et al., 2021; Pennock et al., 2021). For 

Great Salt Lake, I did not explicitly represent evaporation or water extraction but 

estimated these losses and measurement error by closing a water balance. In reality, 

evaporation decreases as surface area shrinks and salinity increases (Mohammed & 

Tarboton, 2012).  

4.3. Implications for Lower Bear River and Great Salt Lake water management 

 My analysis focused on new consumptive water use and proposed reservoir 

impacts for the 2000-2020 period, although future climatic conditions when dams would 

be built are likely to be warmer, drier, and more variable than historical conditions (Allan 

& Douville, 2024). Prolonged drying results in less surface water for water supply and 

storage (Dettinger et al., 2015), which could mean that reservoirs will operate with less 

water than my models show. In California’s Sacramento-San Joaquin River Basin, 
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reservoir storage expansion rarely improved water supply when modeled for an 82-year 

period with warmer and drier climatic conditions (Nover et al., 2019). Warmer 

atmospheric conditions also reduce snowpack and increase stream temperatures, 

necessitating thermal refuges like the Logan and Cub Rivers for cold water species (Isaak 

& Young, 2023). Similarly, warming climatic conditions are likely to increase 

evaporation and reduce surface water in rivers supplying Great Salt Lake, which could 

exacerbate Great Salt Lake decline by as much as a meter (Hassan et al., 2023). Climatic 

change is also expected to intensify wet periods separated by extended dry periods, which 

threaten reservoirs and other water infrastructure that were not designed for extreme 

weather events (Kreibich et al., 2022). The effects of these proposed reservoirs with 

hydroclimate alteration and intensification have not been studied and remain unknown in 

the Lower Bear River and Great Salt Lake Basin. 

 In addition to new reservoirs, Utah is considering changes to water management 

policy and operations in the Lower Bear River and Great Salt Lake Basin (Great Salt 

Lake Strike Team, 2025). Water banking, which allows for temporary water transfers 

through voluntary leasing agreements, can reallocate water to economically and 

environmentally beneficial uses, while maintaining legal protections for water right 

holders (Null, 2022). Water banking and similar types of transactions are currently being 

evaluated and implemented in the Lower Bear River and Great Salt Lake Basin (Carney 

et al., 2021; Edwards & Null, 2019). Managed aquifer recharge diverts excess 

streamflow, such as flood flows and snowmelt, for artificial recharge to offset negative 

impacts of groundwater withdrawal (Levintal et al., 2023). Managed aquifer recharge has 

been shown to improve baseflow conditions for fish without jeopardizing existing water 



38 

uses (Morrisett et al., 2023). Recharge could be used to mitigate groundwater overdraft 

that has contributed to Great Salt Lake decline (Zamora & Inkenbrandt, 2024). I found 

that modeled existing Lower Bear River reservoirs rarely filled during the 2000-2020 

period. Previous studies have similarly found that re-operating Bear Lake, the system’s 

largest reservoir, could increase water storage for downstream agriculture (Baldwin et al., 

2020) and that reservoirs could be re-operated to benefit native fish and ecosystems (Null 

et al., 2024). Moreover, dam and reservoir construction typically have extended time 

horizons and costs overruns (Petheram & McMahon, 2019), suggesting that new 

reservoirs should be evaluated alongside complementary supply- and demand-side water 

management strategies that could offset or negate the need for costly new infrastructure. 

5. Conclusion 

 The American West is experiencing a decades-long megadrought that threatens 

water supplies for people and the environment (Williams et al., 2022). Great Salt Lake 

decline presents an economic, environmental, and human health crisis for surrounding 

communities. Previous studies have shown that water depletion for human uses drives the 

decline of terminal lakes (Schulz et al., 2020; Wurtsbaugh et al., 2017) and that their 

collapse leads to toxic airborne pollution, ecosystem collapse, and economic losses that 

are difficult to reverse (Borlina & Rennó, 2017; Micklin, 2010; Wurtsbaugh & Sima, 

2022). Utah’s Bear River Development Act mandates that state agencies build new 

reservoirs to expand current water supply for the state’s growing population (Utah Code 

§ 73-26, 1991). However, Utah has also created environmental policies and allocated 

funding to preserve Great Salt Lake (Great Salt Lake Strike Team, 2025). I developed a 

hydro-economic optimization model to represent water management with proposed 
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reservoirs, then coupled model outputs with hydroclimatic data to estimate stream 

temperature, habitat suitability for fish, and Great Salt Lake elevation. My study 

advances environmental water management by demonstrating that expanding water 

storage in the Lower Bear River and consumptive water use in the Great Salt Lake Basin 

conflicts with environmental objectives for native fish habitat and Great Salt Lake, and 

we demonstrate that environmental flows are insufficient to offset the long-term loss of 

Bear River water to consumptive uses along Utah’s Wasatch Front. My findings suggest 

that, rather than building costly new infrastructure, ensuring water supplies for people, 

fish, and Great Salt Lake requires coordinated management of water resources and 

existing infrastructure that balance human water demands with finite water supplies from 

the Bear River and other rivers that supply Great Salt Lake. 
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Tables and Figures 

Table 2.1. Input data and sources for the Lower Bear River hydro-economic optimization 
model. 

Model component Data item Source 
Economic demands Agricultural demands PacifiCorp, Idaho Department of Water 

Resources 
 Agricultural water price Zulauf (2023) 
 M&I demand functions Null (2018) 
Physical constraints Inflows PacifiCorp, USGS (2024) 
 Reach gains and losses PacifiCorp, USGS (2024) 
 Initial reservoir storage PacifiCorp 
 Reservoir gains and losses PacifiCorp 
 Consumptive use fractions UDWRe (2024) 
Infrastructure 
constraints 

Reservoir capacity PacifiCorp 

 Proposed reservoir capacity UDWRe (2019a, 2019b) 
Environmental 
constraints 

Mean annual flow in rivers (USGS, 2023b) 
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Table 2.2. Habitat suitability criteria to determine monthly habitat conditions for 
Bonneville Cutthroat Trout. MAF is the 1971-2000 mean annual flow of a stream reach. 

Habitat condition Suitability weight Streamflow (% MAF)  Stream temperature (°C) 
Suitable 1 > 25 AND < 20 
Stressful 0.5 10-25 OR 20-24 
Unsuitable 0 < 10 OR > 24 
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Table 2.3. Input data and sources for equilibrium temperature and Bonneville Cutthroat 
Trout habitat suitability models. 

Model component Data item Source 
Equilibrium 
temperature 

Streamflow Optimization model output (see Section 2.3.) 

 Boundary stream temperature LRO (2025); Turney et al. (2025) 
 Hydraulic geometry functions Leopold et al. (1995); Null et al. (2013) 
 Meteorological conditions LRO (2025a); NOAA (2024) 
 Stream length Nagel et al. (2017) 
Habitat suitability Mean annual flow USGS (2023b) 
 Streamflow suitability criteria Caissie et al. (2015) 
 Temperature suitability criteria Johnstone & Rahel (2003); Schrank et al. 

(2003) 
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Table 2.4. Model runs and reservoir capacities representing Lower Bear River 
development alternatives. Environmental flows (e-flows) are expressed as a percentage of 
the unregulated mean annual flow. 

    Proposed reservoir storage capacity (Mm3) 

Modeled 
alternative 

Operation 
constraints 

Wasatch 
demands 

(Mm3/year) 

e-flows  
(% 

MAF) 
Whites 
Valley Fielding 

Above 
Cutler 

Cub 
River 

Temple 
Fork Total 

Historical X - - - - - - - - 
Wasatch 
demands - 497 - - - - - - - 

Proposed 
reservoirs - 497 - 209.6 86.3 62.8 33.3 50.6 442.6 

10% MAF 
e-flow - 497 10% 209.6 86.3 62.8 33.3 50.6 442.6 

25% MAF 
e-flow - 497 25% 209.6 86.3 62.8 33.3 50.6 442.6 
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Table 2.5. Performance metrics for predicted versus observed mean monthly streamflow 
at 7 sites in the Lower Bear River Basin for the 2000-2020 time period. All sites have 240 
observations measured in log base 10 m3s-1. 

Site ID Site Name R2 NSE PBIAS MAE (%) RMSE (%) 
10068500 Bear River at Pescadero, ID 0.91 0.91 -4 7.9 14.6 
10075000 Bear River at Soda Springs, ID 0.92 0.92 -2.2 4.8 9.6 
10079500 Bear River at Alexander, ID 0.91 0.91 -1.8 4.4 7.9 
10086500 Bear River at Oneida, ID 0.86 0.86 -1.4 4 6.4 
10092700 Bear River at ID-UT State Line 0.82 0.82 -1.7 4 6.4 
10118000 Bear River near Collinston, UT 0.90 0.90 -4.8 6.5 12.9 
10126000 Bear River near Corinne, UT 0.95 0.95 -2.4 3.7 7.5 
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Figure 2.1. The Bear River Basin and Lower Bear River study area showing major rivers, 
lakes, reservoirs, proposed reservoirs, and agricultural and municipal and industrial 
(M&I) demand areas. 
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Figure 2.2. Conceptual diagram of study workflow with water management objectives, 
model coupling, and alternatives used to support tradeoff analysis for multi-objective 
water management in the Lower Bear River. 

  



61 

 

Figure 2.3. Optimization model representation of the Lower Bear River with reservoirs, 
proposed reservoirs, diversions to agricultural and M&I demand areas, and return flows 
representing unconsumed portions of diversions. The inset panel summarizes model 
decisions to minimize water scarcity costs for agricultural and M&I demand areas. 
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Figure 2.4. Annual agricultural water scarcity in the Lower Bear River with Wasatch 
demand, proposed reservoir, and e-flow modeled alternatives. Wet and dry years occur 
when average annual Standardized Precipitation Evaporation Index (SPEI) for the Great 
Salt Lake Basin is greater or less than one standard deviation for the 1900-2020 period 
(Bigalke, 2023). 
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Figure 2.5 Monthly total water storage in Lower Bear River reservoirs under observed 
conditions and modeled alternatives. Proposed reservoir, 10% MAF e-flow, and 25% 
MAF e-flow alternatives include an additional 0.4 Bm3 of storage capacity created by 
proposed reservoirs. 
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Figure 2.6. Monthly average and range of stream habitat for Bonneville Cutthroat Trout 
in the Lower Bear River under historical conditions and modeled alternatives from 2000-
2020. Panels show the mean (lines) and range (shaded area) of suitability-weighted 
stream habitat for historical conditions and (a) Wasatch demands, (b) proposed reservoirs, 
(c) 10% MAF e-flow, and (d) 25% MAF e-flow. 
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Figure 2.7. Most restrictive habitat condition for modeled stream reaches in the Lower 
Bear River for the (a) Wasatch Demand, (b) Proposed Reservoirs, (c) 10% MAF E-Flow, 
and (d) 25% MAF E-Flow modeled alternatives. Suitable reaches maintain sufficient 
streamflow and temperature conditions throughout the year, while impaired reaches 
expose fish to at least one month of stressful or critical habitat conditions. 
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Figure 2.8. Monthly Great Salt Lake (a) elevation and (b) lake condition from observed 
lake conditions and with Wasatch demand, proposed reservoir, and e-flow modeled 
alternatives. Lake conditions reflect declining lake level and increasing salinity effects on 
brine shrimp viability, mineral production, air quality, recreation, and ecosystem health 
(FFSL, 2013). 

  



67 

CHAPTER 3 

ROBUST INSTREAM BARRIER REMOVAL FOR RESTORING FISH HABITAT 

CONNECTIVITY 

Abstract 

 Robust decision-making uses analytical frameworks to identify model solutions 

that remain effective in the presence of uncertainty. Habitat suitability models are often 

used to represent environmental objectives for barrier removal and other river restoration 

actions. These models are sensitive to input data and suitability function uncertainty, but 

how uncertainties in habitat suitability estimates affect barrier removal optimizations has 

not been evaluated. I used stream temperature data and habitat suitability modeling to 

estimate growth and summer thermal refugia habitat suitability under uncertain 

conditions and uncertain species-habitat relationships for Bonneville Cutthroat Trout 

(Oncorhynchus clarkii utah) in the Weber River Basin, Utah (USA). I used Monte-Carlo 

random sampling to represent uncertain habitat suitability estimates in a barrier removal 

optimization model to identify robust barrier removal decisions reconnecting aquatic 

habitats. Thermal habitat suitability estimates were more sensitive to stream temperature 

input data and suitability function uncertainty than growth habitat. Input data uncertainty 

influenced habitat suitability estimates more than suitability function uncertainty. Growth 

habitat and thermal refugia barrier removals were largely robust to stream temperature 

input data and suitability function uncertainty. Out of 50 barriers that were selected for 

removal across all model runs, five were robust to input data and suitability function 

uncertainties. My findings demonstrate that input data and suitability function 

uncertainties influence habitat suitability and barrier removal optimization models, but 
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that differences between habitat objectives may provide more information for robust 

barrier removal decision-making. My work highlights the importance of incorporating 

uncertainty in barrier removal analysis and identifies pathways for improving decision 

robustness to aquatic habitat uncertainty in river management and conservation. 

1. Introduction  

 Robust decision-making uses analytical frameworks to identify choices that 

remain effective given uncertainty (Lempert et al., 2006). Robust decision-making 

frameworks expand on optimization techniques, which identify the best solution across a 

range of possible conditions (Cohon, 2013). However, the output of optimization models 

may be sensitive to changes in input data and model assumptions, and optimal solutions 

may not perform well when input data and model formulations are uncertain (Lempert 

and Collins, 2007). Alternatively, robust decision-making frameworks, such as Monte-

Carlo simulation, evaluate stable, rather than optimal, solutions that perform well given 

model uncertainty (Mavrotas et al., 2015). Monte-Carlo approaches use random sampling 

of model inputs to represent uncertainties in our knowledge of variable and complex 

systems and processes (Hung, 2024). For water resources management, Monte-Carlo 

simulation approaches have been used to evaluate the robustness of infrastructure 

changes and operations with economic, hydrologic, and climatic uncertainty (Cahill et al., 

2013; Goharian et al., 2018; Maia et al., 2024). Robust decision-making frameworks may 

also be used to incorporate environmental and ecological uncertainty for river restoration 

actions such as instream barrier removal (Schindler and Hilborn, 2015). However, little 

research has focused on quantifying uncertainty and identifying decisions that are robust 

to change for river restoration and ecosystem management (Null et al., 2021). 
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 Habitat suitability index models (HSI, hereafter habitat suitability models) predict 

the quality of habitat for target species from environmental conditions that influence the 

species’ growth, survival, and reproductive success (Brooks, 1997). Habitat suitability 

models use suitability functions to quantify habitat quality from 0 (poor habitat 

conditions) to 1 (ideal habitat conditions). Suitability functions represent species-habitat 

relationships with parameters that describe organisms’ ability to tolerate a specific range 

of instream conditions such as water velocity, oxygen availability, and stream temperature 

for species that inhabit streams (Guay et al., 2000). However, habitat suitability models 

rely on input data and species-habitat relationships that are often measured and modeled 

with uncertainty. Environmental data are typically represented as uniform values 

throughout river reaches in one-dimensional river models, but in reality they vary across 

space and time (Guo et al., 2019). Environmental measurements also have errors and 

uncertainty (Hamilton and Moore, 2012), with stream temperature errors often exceeding 

± 2°C when modeled from atmospheric conditions (Luce et al., 2014). In addition, 

suitability function parameters are often based on species-habitat relationships observed 

in controlled laboratory experiments which are sensitive to experimental conditions and 

often differ from observed habitats (Galbraith et al., 2016; Lin et al., 2015; Schrank et al., 

2003). These uncertainties compound in habitat suitability estimates (Roloff and 

Kernohan, 1999; Van Der Lee et al., 2006). 

 Habitat suitability indices are commonly used to represent environmental 

objectives for water management, conservation planning, and barrier removal (Nestler et 

al., 2019; Turney et al. 2025; Goodrum & Null 2023). For example, dams, diversions, and 

other instream infrastructure create barriers to movement for aquatic organisms that limit 
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genetic exchange and block access to spawning, rearing, foraging, or thermal refuge 

habitats needed to ensure population survival (Cheng et al., 2016). Removing dams and 

other instream barriers to reconnect rivers has emerged as a priority for river restoration 

(Bellmore et al., 2017; O’Connor et al., 2015), and habitat suitability models are often 

applied to optimization models that identify barrier removals predicted to be most 

beneficial to fish and other aquatic organisms (Branco et al., 2014; Kemp and O’Hanley, 

2010; Kraft et al., 2019). However, uncertainties in input data and species-habitat 

suitability functions can misrepresent habitat conditions, leading to barrier removal 

decisions that may appear optimal under certain environmental conditions but may yield 

poor results if specific conditions vary. Moreover, aquatic species often exhibit diverse 

life histories and complex species-habitat relationships (Hilborn et al., 2003; Winemiller 

and Rose, 1992), and the choice of which environmental variables and life history 

requirements to include in habitat representations can influence barrier removal 

optimization (McManamay et al., 2019).  

 While uncertainty analyses have been widely applied to evaluate the reliability of 

habitat suitability models, the implications of uncertain habitat suitability estimates for 

river management and conservation decisions have been largely ignored (Radinger et al., 

2017). Numerous studies have explored how input data and suitability function 

uncertainties influence habitat suitability estimates (Ayllón et al., 2012; Fu and 

Guillaume, 2014; Turner et al., 2016; Van Der Lee et al., 2006), but they do not extend 

analyses to river management and restoration decisions. Alternatively, studies that have 

applied robust decision-making to aquatic ecosystem management have focused on 

climate change and stakeholder preference uncertainties while keeping aquatic habitat 



71 

representations static or removing them all together (Conradt et al., 2024; Kim and 

Chung, 2014; Poff et al., 2016; Singh et al., 2015). Successful outcomes from river 

management require careful consideration of environmental and ecological uncertainties 

(Harris and Heathwaite, 2012), and the failure to adequately evaluate uncertainties is a 

factor in many unsuccessful river restorations (Wohl et al., 2015). To my knowledge, no 

studies have quantified uncertainty in habitat suitability estimates for barrier removal and 

river connectivity restoration. 

 The goal of this study was to evaluate the robustness of instream barrier removal 

decisions for restoring river connectivity to uncertainty in both habitat conditions and 

species-habitat relationships. I used a Monte-Carlo random sampling framework to 

estimate thermal habitat suitability for Bonneville Cutthroat Trout (Oncorhynchus clarkii 

utah) in Utah’s Weber River Basin across a range of uncertainties in stream temperature 

data and temperature suitability function parameters. I focused on stream temperature 

because it influences many life-history requirements for fish (Barbarossa et al., 2021; 

Buisson et al., 2008; Dunham et al., 2003; Li et al., 2022). To identify alternative 

priorities for barrier removal, I estimated thermal habitat suitability for two conservation 

objectives: (a) maximizing growth and (b) providing summer thermal refugia. I then 

applied my range of habitat suitability estimates to a barrier removal optimization model 

to quantify how uncertainty in estimates of habitat suitability affects barrier removal 

decisions for restoring Cutthroat Trout habitat connectivity and identify those barrier 

removals that are robust to this uncertainty. As instream barrier removal is a primary 

focus for freshwater ecosystem conservation (Reid et al., 2019), my study helps identify 

barrier removals that best benefit fish and other aquatic organisms.  
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2. Methods 

2.1. Study area and species 

The Weber River drains 6,413 km2 from its headwaters in the Uinta and Wasatch 

Mountains to its terminus at Great Salt Lake (Figure 3.1). The climate of the Weber River 

Basin is montane to semi-arid and characterized by hot, dry summers and cold, wet 

winters that deliver most of the basin’s precipitation as snow. The river has a mean 

annual discharge of 14 m3s-1 near its outlet at Great Salt Lake and is highly altered by 

dams and diversions (Wurtsbaugh et al., 2017). My study area encompassed the 

mainstem river and perennial tributaries and included 347 unnatural instream barriers that 

limit the movement of aquatic organisms. Instream barriers in the Weber River Basin 

include dams, diversions, and road crossing structures such as culverts. There are 

currently 65 barriers located along the main stem Weber River and 282 in tributaries. 

 The Weber River Basin supports a large metapopulation of threatened Bonneville 

Cutthroat Trout (Budy et al., 2020). Bonneville Cutthroat Trout are native to streams and 

lakes of the Bonneville Basin (Behnke, 1992), but they now occupy only 35-40% of their 

historical range and are managed for conservation in Utah (UDWR, 2019). Cutthroat 

Trout prefer streams with water temperatures between 10-20°C that maximize growth, 

survival, and reproductive success (Budy et al., 2012; Macnaughton et al., 2021). In order 

to exploit seasonal spatial variation in stream temperature, some Cutthroat Trout in the 

Weber River exhibit a fluvial life history involving movement between cool headwater 

tributaries in the summer and mainstem river and freshwater lake habitats in the winter 

(Bennett et al., 2014; Carlson and Rahel, 2010; Hillyard and Keeley, 2012). Habitat 

fragmentation caused by instream barriers restricts fish movement and limits access to 
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preferred seasonal thermal habitats (Hilderbrand and Kershner, 2000), and hundreds of 

dams, diversions, and road-crossing barriers fragment the mainstem Weber River and its 

tributaries (Kraft et al., 2019). Restoring connectivity between seasonally variable 

thermal habitats is a goal to conserve Bonneville Cutthroat Trout in the Weber River 

Basin (Budy and Thiede, 2014; UDWR, 2019). 

2.2. Conceptual overview 

 I used weekly and monthly stream temperature data and habitat suitability 

modeling in a Monte-Carlo random sampling framework to estimate stream temperature 

suitability under uncertain stream temperature estimates and species-habitat relationships. 

I then used my Monte-Carlo simulations of habitat suitability in a barrier removal 

optimization model to identify barrier removals that are robust to uncertainty for restoring 

thermal habitat connectivity for two conservation objectives (Figure 3.2). I represented 

uncertainty in habitat suitability estimates by randomly sampling stream temperature 

input data and suitability function parameters. I randomly sampled stream temperature 

input data from a normal distribution of measurement errors to represent the range of 

possible instream conditions. To represent uncertainty in habitat suitability models, I 

systematically adjusted the upper thermal limit of Bonneville Cutthroat Trout in a 

temperature dependence function to reflect the observed range of upper thermal limit 

estimates. I combined stream temperature input data and suitability function uncertainties 

to calculate habitat suitability for either annual growth or summer thermal refugia 

objectives. I then incorporated the range of habitat suitability estimate uncertainties into 

an optimization model that prioritizes barriers for removal to reconnect habitat patches. I 

used optimization model outputs across stochastic model iterations to identify barrier 
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removals that are robust to uncertain stream temperature conditions and species-habitat 

relationships. 

2.3. Stream temperature data 

 I obtained weekly and monthly modeled stream temperature data for the Weber 

River Basin from the NorWeST Regional Stream Temperature Database (Isaak et al., 

2016). NorWeST datasets are based on spatial-stream-network models that predict mean 

monthly and maximum weekly maximum temperature (MWMT; defined as the highest 

seven-day moving average of maximum daily temperature) metrics. The spatial-stream-

network models have 1 km stream segment resolution and include topographical, 

climatic, and hydrological covariates fit to over 220,000,000 stream temperature 

measurements from more than 22,000 stream and river monitoring locations in the 

western U.S. (Isaak et al., 2017a). Mean monthly and maximum weekly air temperature 

and streamflow data collected between 1993-2011. Mean monthly stream temperatures 

were unavailable for 12 km of the stream network. Missing temperatures were estimated 

as the difference between temperatures in contiguous upstream and downstream segments 

proportionally weighted by the distance from the upstream segment. Lake and reservoir 

temperatures are not modeled in NorWeST datasets, and stream segments representing 

lakes and reservoirs were omitted from habitat suitability calculations. 

2.4. Stream temperature suitability function 

For each 1 km stream segment, I calculated stream temperature habitat suitability 

index values using a temperature dependence function for coldwater fish species 

parameterized for Cutthroat Trout (Deslauriers et al., 2017). Temperature dependence 
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functions model how temperature affects biological processes, such as metabolism, 

respiration, or consumption by estimating the proportion of the maximum rate an 

organism can achieve at a given temperature (Thornton and Lessem, 1978). Temperate 

dependence functions are advantageous for assessing thermal habitat suitability because 

they produce univariate outputs consistent with habitat suitability models where extremes 

denote fully unsuitable (0) or suitable (1) habitat based on well-studied physiological 

processes and temperature.  

To estimate stream temperature suitability, I used the consumption temperature 

dependence function parameterized for Cutthroat Trout in the Fish Bioenergetics 4.0 

modeling package available in the R computing environment (Deslauriers et al., 2017). I 

selected the consumption temperature dependence function because consumption rates 

reflect environmental constraints on organism growth which influence survival and 

reproductive success (Myrvold and Kennedy, 2020; Railsback and Rose, 1999). The 

temperature dependence function for coldwater species requires several temperature-

related function parameters including the upper and lower thermal limits for 

consumption, the upper and lower optimal thermal limits for consumption where 

consumption exceeds 98% of the maximum rate, and the proportions of maximum 

consumption at the upper and lower thermal limits of consumption. 

2.5. Uncertainty of stream temperature data and suitability function parameters 

 To represent uncertainty in stream temperature input data, I sampled mean 

monthly and MWMT temperature metrics for each stream segment from a normal 

distribution parameterized with the standard error measurement of each metric for each 

stream segment. I sampled from a normal distribution because mean monthly and 
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MWMT (weekly) metrics aggregate data, which smooths skewness and long tails from 

extreme values regardless of the distribution of the original data (Berthouex and Brow, 

2002). I parameterized the spread of a normal distribution with stream temperature 

standard errors because standard errors provide an estimate of the uncertainty of the true 

value of the mean stream temperature (Curran-Everett, 2008). Random sampling was 

conducted using the stats package in R version 4.3.1 (R Core Team, 2023).  

I represented uncertainty in the stream temperature suitability function by varying 

the upper thermal limit parameter of 24 ºC by +/- 3 ºC based on values derived from the 

literature. I focused on the upper thermal limit parameter because estimates of upper 

thermal limits from the literature vary more widely than for either the lower thermal limit 

(Chezik et al., 2014; Coleman and Fausch, 2007a) or thermal optima (Bear et al., 2007; 

Rogers et al., 2022). I set the minimum parameter estimate at 21°C consistent with the 

lowest temperatures that induce mortality in 30- to 60-day chronic exposure experiments 

of Cutthroat Trout (Bear et al., 2007; Zeigler et al., 2013). I considered 27°C the 

maximum thermal limit to reflect the highest temperatures tolerated by Cutthroat Trout 

for extended periods in observational habitat use studies (Hillyard and Keeley, 2012; 

Schrank et al., 2003). I used a uniform distribution for parameter values based on the 

assumption that any parameter value between the minimum and maximum estimates 

derived from the literature were equally likely to represent a ‘true’ upper thermal limit.   

2.6. Habitat suitability and uncertainty estimates for conservation objectives 

 To analyze uncertainty in habitat suitability calculations, I generated 1,000 unique 

habitat suitability estimates with Monte-Carlo random sampling by concurrently 

sampling stream temperature distributions and systematically adjusting the upper thermal 
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limit parameter in my stream temperature suitability function. Then I calculated stream 

segment habitat suitability for each conservation objective. I verified that 1,000 habitat 

suitability estimates were sufficient to represent habitat suitability variability in the 

barrier removal optimization model by confirming that both the total number of barriers 

selected for removal and the coefficient of variation for barrier removal selection 

frequency reached an asymptote (Figure A1). I compared uncertainty estimates with a 

base case scenario using reported NorWeST stream temperature metrics and published 

temperature dependence function parameter values. 

My first conservation objective focused on restoring connectivity between stream 

segments that provide suitable habitat for fish growth. I calculated growth habitat 

suitability as the annual average of mean monthly stream temperature suitability for each 

reach. I used mean annual stream temperature suitability, rather than the suitability of the 

mean annual temperature, to capture the intra-annual upstream and downstream 

propagation of seasonal growth opportunities and represent the ability of warmer 

downstream habitats to fuel fish growth during shoulder seasons (Armstrong et al., 2021). 

Growth habitat suitability estimates emphasize sections of the stream network that 

maintain suitable thermal conditions throughout the year rather than providing seasonally 

optimal temperatures. 

 My second conservation objective emphasized habitats that provide thermal 

refugia during warm periods. I identified thermal refugia  using MWMT for each stream 

segment. Extended exposure to stressful thermal conditions can be lethal and limit 

species distribution and habitat use (Isaak et al., 2017b; Moore et al., 2013; Turschwell et 

al., 2017). Weekly maximum stream temperatures are commonly used to identify thermal 
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refugia habitats for conservation (Hubler et al., 2024; Isaak and Young, 2023; Null et al., 

2013). Thermal refugia provide seasonally beneficial conditions and are sometimes the 

only habitable portions of the river system during periods of maximum thermal stress for 

aquatic organisms (Isaak et al., 2015). 

2.7. Barrier removal optimization model 

 I evaluated barrier removals that are robust to habitat and model uncertainties 

with a modified barrier removal optimization model developed for the Weber River Basin 

by Kraft et al. (2019). The model quantifies longitudinal connectivity as the integral 

index of connectivity (IIC; Pascual-Hortal and Saura, 2006). IIC measures stream 

network connectivity at the watershed scale with values ranging from 1 (a fully 

connected network without barriers) to 0 (a network where all stream reaches are 

separated by impassable barriers). The objective function maximizes connectivity 

between stream reaches separated by instream barriers: 

𝑀𝑀𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 𝑍𝑍 =  
∑ ∑

𝐻𝐻𝑖𝑖𝐻𝐻𝑗𝑗
1 + 𝑇𝑇𝑇𝑇𝑖𝑖𝑖𝑖

∗ 𝐶𝐶𝑅𝑅𝑖𝑖𝑖𝑖 ∗ 𝑃𝑃𝑖𝑖 ∗ 𝑃𝑃𝑗𝑗 + 𝐻𝐻𝑖𝑖2𝑛𝑛
𝑗𝑗=1

𝑛𝑛
𝑖𝑖=1

𝐻𝐻𝐿𝐿2
, 𝑖𝑖 ≠ 𝑗𝑗 (1) 

 

where 𝑍𝑍 is watershed IIC (unitless), 𝐻𝐻𝑖𝑖 and 𝐻𝐻𝑗𝑗 are the suitability-weighted stream length 

(km) above barriers 𝑖𝑖 and 𝑗𝑗, 𝑇𝑇𝐿𝐿𝑖𝑖𝑖𝑖 is the topological distance between the two barriers 

(unitless), 𝐶𝐶𝑅𝑅𝑖𝑖𝑖𝑖 is the binary decision to remove all barriers between barriers 𝑖𝑖 and 𝑗𝑗 

{0,1}, 𝑃𝑃𝑖𝑖 and 𝑃𝑃𝑗𝑗 are the unitless passability ratings for barriers 𝑖𝑖 and 𝑗𝑗, and 𝐻𝐻𝐿𝐿 is the total 

suitability-weighted stream length in the stream network (km) (Kraft et al., 2019; 

Pascual-Hortal and Saura, 2006). I used passability ratings of impassable (1), severe 
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(0.6), moderate (0.3), or passable (0.1) barriers to fish movement that characterized 

barrier passability in the Weber River Basin using expert opinion and structural and 

topographical criteria (Kraft et al. 2019). 

 The objective function is constrained by equations representing physical, habitat, 

and economic bounds. Stream reaches are reconnected only when all barriers between 

barriers 𝑖𝑖 and 𝑗𝑗 are removed (Equation 2). Reconnecting reaches and removing barriers 

are binary decisions where barriers either remain or are fully removed (Equations 3 and 

4). The number of barriers removed is limited by the cost of removing barriers (Equation 

5). Constraints are expressed mathematically as: 

𝐶𝐶𝑅𝑅𝑖𝑖𝑖𝑖  ≤  
∑ 𝐼𝐼𝐼𝐼𝑡𝑡𝑖𝑖,𝑗𝑗,𝑘𝑘 ∗ 𝐵𝐵𝑘𝑘𝑘𝑘

∑ 𝐼𝐼𝐼𝐼𝑡𝑡𝑖𝑖,𝑗𝑗,𝑘𝑘𝑘𝑘
,∀𝑖𝑖 ≠ 𝑗𝑗 (2) 

 

𝐶𝐶𝑅𝑅𝑖𝑖𝑖𝑖 ∈ {0,1},∀𝑖𝑖,𝑗𝑗 (3) 

 

𝐵𝐵𝑘𝑘 ∈ {0,1},∀𝑘𝑘 (4) 

 

𝑇𝑇𝑇𝑇 ≥  � 𝐶𝐶𝑘𝑘 ∗ 𝐵𝐵𝑘𝑘
𝑘𝑘

,∀𝑘𝑘 (5) 

 

where 𝐼𝐼𝐼𝐼𝑡𝑡𝑖𝑖,𝑗𝑗,𝑘𝑘 is a binary parameter indicating that barrier 𝑘𝑘 is located between barriers 𝑖𝑖 

and 𝑗𝑗, 𝐵𝐵𝑘𝑘 is the binary decision to remove barrier 𝑘𝑘 from the stream network, 𝐶𝐶𝑘𝑘 is the 

cost to remove barrier 𝑘𝑘 (USD), and 𝑇𝑇𝑇𝑇 is the barrier removal budget (USD).  

 I conducted optimization model runs using a $2M barrier removal budget. I chose 

a $2M budget as it approximates the midpoint range for most barrier removal projects 
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that range from hundreds of thousands to millions of dollars (King and O’Hanley, 2016; 

Maitland et al., 2016). Kraft et al. (2019) also found that uncertainty in removal costs did 

not affect barrier removal prioritizations for budgets below $10M. My budget was 

sufficient to remove any barrier in the Weber River Basin except for the seven large water 

storage dams that were represented in the optimization model but not considered for 

removal. 

 I calculated suitability-weighted stream length as the sum of NorWeST stream 

segment lengths between barriers 𝑖𝑖 and 𝑗𝑗 multiplied by habitat suitability. Longitudinal 

lengths of stream segments were calculated in ArcGIS Pro version 3.1.2. For each stream 

reach between barriers 𝑖𝑖 and 𝑗𝑗, suitability-weighted stream length is expressed as: 

𝐻𝐻𝑖𝑖,𝑗𝑗 =  � 𝐿𝐿𝑠𝑠 ∗ 𝐻𝐻𝐻𝐻𝐼𝐼𝑠𝑠
𝑖𝑖,𝑗𝑗

,∀𝑖𝑖,𝑗𝑗,𝑠𝑠 (6) 

 

where 𝐿𝐿 is the longitudinal length (km) and 𝐻𝐻𝐻𝐻𝐻𝐻 is the habitat suitability (unitless) of 

stream segments 𝑠𝑠 between barriers 𝑖𝑖 and 𝑗𝑗. 

2.8. Assessment of habitat suitability estimate uncertainty and barrier removal 

robustness 

 To assess the relative influence of predicted stream temperature and suitability 

function uncertainties, I conducted three sets of 1,000 habitat suitability calculations 

derived from Monte-Carlo random sampling of input data and suitability function 

parameters for each conservation objective. First, I randomly sampled predicted stream 

temperature from NorWeST datasets while using published temperature dependence 

function parameters to isolate input data uncertainty. Secondly, I calculated habitat 
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suitability function uncertainty by systematically varying the temperature dependence 

function upper thermal limit parameter while using NorWeST monthly mean and MWMT 

predicted stream temperatures to isolate parameter uncertainty. Finally, I concurrently 

sampled predicted stream temperature and varied the upper thermal limit parameter to 

integrate uncertainty. I evaluated the relative influence of input data and parameter 

uncertainties by comparing the mean and standard deviation of HSI values for each 1 km 

stream segment across all habitat suitability estimates to those of the total uncertainty. 

 I assessed the robustness of barrier removals to uncertain habitat suitability 

estimates by calculating the number of times a barrier was selected for removal across 

1,000 optimization model runs for each conservation objective and Monte-Carlo 

simulation of habitat suitability. I also examined the robustness of barrier removals in the 

base case scenarios to evaluate whether barrier removal optimizations without uncertainty 

analysis provide robust removal recommendations. Finally, I calculated the robustness of 

barrier removals as the number of times a barrier was selected for removal across 2,000 

model runs representing all habitat suitability estimates for both conservation objectives 

to highlight barrier removals that are robust to habitat suitability uncertainties for 

multiple conservation objectives.  

3. Results 

3.1. Habitat suitability estimates and uncertainty analysis 

 Thermal refugia habitat suitability was more sensitive to stream temperature input 

data and suitability function parameter uncertainties than was growth habitat suitability 

(Figure 3.3). There was also a spatial mismatch. Thermal refugia habitat suitability was 

highest in headwater reaches, whereas growth habitat suitability was highest in 
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downstream reaches of large tributaries and the mainstem Weber River. Similarly, 

uncertainty, represented as standard deviation of habitat suitability, was highest for 

thermal refugia in headwaters and suitable tributaries, while it was highest for growth 

habitat in downstream tributaries and mainstem reaches. The standard deviation of habitat 

suitability for growth habitat was less than 0.1 across all reaches and less than 0.05 in 

over 90% of the stream network, indicating that growth habitat suitability estimates 

varied little with differences in stream temperature input data and estimates of suitability 

function parameters. Alternatively, habitat suitability estimates for thermal refugia varied 

considerably throughout the stream network from both stream temperature input data and 

suitability function uncertainty. Standard deviation of thermal refuge habitat suitability 

ranged between 0.03 and 0.4 and exceeded 0.2 in over 75% of the stream network. For 

both growth habitats and thermal refugia, standard deviation of habitat suitability varied 

spatially, with higher values in reaches that provided better habitat. 

 For both growth habitat and thermal refugia, input data uncertainty influenced 

habitat suitability more than suitability function uncertainty (Figure 3.4). Input data 

uncertainty was nearly four times greater than suitability function uncertainty for both 

conservation objectives. Uncertainty of habitat suitability indices did not amplify when 

stream temperature input data and suitability function uncertainties were combined, 

suggesting that input data and suitability function uncertainties did not propagate in 

habitat suitability estimates.   

3.2 Sensitivity of optimal barrier removals 

The uncertainty of stream temperature input data and suitability function 

parameters had little influence on optimal barrier removals for the growth habitat 
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conservation objective (left panel in Figure 3.5). Barrier removal prioritizations that were 

selected in the base case were generally robust. Nine barriers were selected in all 1,000 

randomizations. These barriers were concentrated in connected third- and fourth-order 

reaches of the Basin’s northernmost tributaries. No barriers were selected where average 

habitat suitability in neighboring stream reaches was less than 0.5 or exceeded 0.65. An 

additional 14 barriers were selected to be removed in less than 1% of runs, suggesting 

that removing these barriers was worthwhile only under certain limited conditions. These 

barriers were distributed across discontinuous reaches throughout the Weber Basin.   

Optimal barrier removals for the thermal refugia conservation objective were 

sensitive to uncertainties in habitat suitability estimates and varied more than those 

selected with the growth habitat conservation objective (right panel in Figure 3.5). Only 

one barrier was selected in all 1,000 thermal refugia suitability estimates and eight 

additional barriers were selected in more than half of all suitability estimates. Thirty-five 

barriers were occasionally selected to be removed, and eight were selected across more 

than 10% but less than 50% of suitability estimates, whereas 11 were selected in less than 

1% of suitability estimates. Of the barriers selected in more than half of all suitability 

estimates, six were grouped along contiguous third- and fourth-order reaches, whereas 

the remaining three were located on discontinuous first- and second-order reaches in the 

basin. The robust barrier removals selected in over half of suitability estimates commonly 

connected reaches with highly suitable habitat (>0.6), which presumably enables 

organisms to access some of the highest quality habitat patches in the stream network. 

 Barrier removals in base case scenarios were typically robust to uncertainty in 

habitat suitability (Figure 3.5). The nine barriers removed in the base case scenario for 
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the growth habitat objective were selected across all habitat suitability estimates, 

indicating that the growth habitat base scenario was robust to stream temperature input 

data and suitability function uncertainty. The base scenario for thermal refugia objective 

was less robust to stream temperature input data and suitability function uncertainties 

than the base scenario for the growth habitat objective. For the thermal refugia 

conservation objective, nine barriers removed in the base scenario were selected from 

more than half of habitat suitability estimates. However, in the thermal refugia base 

scenario, three barriers were selected in fewer than half of the habitat suitability 

estimates. My analysis found that two alternative barrier removals were more robust to 

uncertainty, making them reliably good choices for removal. Prioritizing robust decisions 

over optimal ones could lead to better outcomes when species-habitat relationships are 

not well understood or when input data contain errors. 

 Few barrier removals were robust to stream temperature input data and suitability 

function uncertainty for both conservation objectives (Figure 3.6). Out of 50 barrier 

removals selected across all habitat suitability estimates and objectives, sixteen barriers 

were selected in model runs for both growth habitat or thermal refugia conservation 

objectives. Only one barrier was selected in all model runs and four additional barriers 

were selected in more than half of model runs for both objectives. Four additional 

barriers were selected across all growth habitat suitability estimates but were selected in 

less than 10% of thermal refugia suitability estimates. Seven additional barriers were 

selected for both objectives but in less than 10% of model runs for either objective. The 

five robust barriers removals selected for both objectives in more than half of all habitat 
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suitability runs would cost an estimated $940k to remove. They would reconnect 95 km, 

or 8%, of the stream network in the Weber River Basin. 

 Barriers removed under optimal models with uncertain habitat suitability 

consistently included non-passable barriers of all types (Figure 3.7). Dams, diversions, 

and road crossing barriers were all commonly removed in optimal solutions, with each 

type representing 3-5 barriers in removal prioritizations. Completely impassable barriers 

represent 43% of all barriers and disproportionately affect stream network connectivity 

(Goodrum et al., 2025). They were most frequently selected for removal for both 

conservation objectives. Severely impassable and moderately passable barriers that 

partially limit fish movement were also consistently prioritized for removal for both 

objectives despite representing only 12% and 23% of all barriers, respectively. No 

passable barriers were selected for removal for any alternatives. 

4. Discussion 

4.1. Robust barrier removals with uncertain habitat suitability  

My study demonstrated that uncertainty in environmental data and suitability 

functions influences habitat suitability and barrier removal optimization models. Overall, 

thermal refugia habitat suitability estimates were more sensitive to stream temperature 

input data and suitability function uncertainty than growth habitat estimates, and input 

data influenced habitat suitability estimates more than did suitability function 

uncertainties. Similarly, barrier removal selections were largely robust to stream 

temperature input data and suitability function uncertainty for the growth habitat 

objective but were less robust for the thermal refugia objective. I identified only 5 

barriers that were robust to uncertainty and to management objective, being consistently 
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selected for both growth habitat and thermal refugia objectives. Optimal barrier removals 

primarily targeted impassable barriers to fish movement.  

 My findings suggest that intra-annual habitat suitability estimates and data 

corresponding to species-specific life-history requirements may provide more informative 

measures of habitat suitability than annual averages and improve robust decision-making 

for habitat conservation and barrier removal. Thermal refugia habitat suitability and 

barrier removal robustness were more sensitive to stream temperature input data and 

suitability function uncertainties than those of growth habitat due to annual averaging of 

monthly suitability estimates. Season-specific and extreme conditions influence 

ecological processes and often affect species distribution and habitat use (Gaines and 

Denny, 1993; Katz et al., 2005; Ledger and Milner, 2015). However, stream temperature 

and other instream conditions are often represented as weekly, monthly, or annual 

averages that reduce variability and suppress extreme events in environmental data 

(Thompson et al., 2013). Habitat representations should focus on seasonal and extreme 

habitat conditions to better represent uncertainties in species-habitat relationships and 

improve outcomes from barrier removal and other conservation decisions. 

 Stream temperature input data uncertainties had a greater influence on habitat 

suitability index values than suitability function uncertainties because the magnitude of 

stream temperature measurement error exceeded uncertainty in the temperature 

dependence function. My findings did not support previous studies that demonstrated 

uncertainty in suitability function parameters can generate significant variability in 

habitat suitability estimates (Ayllón et al., 2012; Fu and Guillaume, 2014; Vilizzi et al., 

2004). Uncertainty in habitat suitability index models depends on the number of habitat 
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variables included in the index, the certainty of suitability functions, and the variability of 

habitat variable measurements (Turner et al., 2016; Van Der Lee et al., 2006). Stream 

temperature influence on biological rates for salmonids is well studied and may produce 

more certain suitability functions than for other habitat variables or organisms (Railsback, 

2022). Users should consider robust decision frameworks or uncertainty analyses when 

either input data or suitability functions are uncertain. 

 My study examined uncertainty in stream temperature suitability because stream 

temperature influences many life-history requirements for fish (Barbarossa et al., 2021; 

Buisson et al., 2008; Dunham et al., 2003). However, many abiotic aspects of rivers, 

including streamflow (Bradford and Heinonen, 2008; Kiernan et al., 2012), physical 

habitat conditions (Morrisett et al., 2023), dissolved oxygen concentration (Null et al., 

2017), spawning substrate availability (Rosenfeld, 2003), and water quality (Railsback, 

2016) interact with stream temperature to determine the suitability of instream habitats. 

Biotic conditions such as food availability (Naman et al., 2020) and nonnative species 

presence (Nemec et al., 2021) also influence habitat suitability but are unavailable as 

watershed-scale datasets, which make them challenging to incorporate in habitat 

suitability indices or barrier removal optimization models (Milt et al., 2018). While some 

studies have included multi-variate habitat suitability models in barrier removal 

optimization (Kraft et al., 2019; Zheng et al., 2009), uncertainty among multiple habitat 

variables, and how they affect barrier removal prioritization, remains unknown. 

4.2. Limitations 

 I represented uncertainty in a stream temperature suitability function by varying 

the upper thermal limit of Cutthroat Trout and keeping all other thermal tolerance 



88 

parameters constant. While optimal thermal conditions maximizing metabolic 

performance and upper thermal limits that induce mortality for Cutthroat Trout have been 

extensively studied (Bear et al., 2007; Dickerson and Vinyard, 1999; Johnstone and 

Rahel, 2003; Rogers et al., 2022; Zeigler et al., 2013), few studies have examined lower 

thermal tolerance for Cutthroat Trout and other coldwater species. Like unsuitably warm 

instream conditions, unsuitably cold stream temperatures decrease species growth and 

survival (Coleman and Fausch, 2007a, 2007b; Macnaughton et al., 2021). Headwater 

tributaries that occur in high-elevation areas of the watershed and expose fish to stressful 

cold conditions make up the majority of stream length in montane river systems (Wohl, 

2017). Over- or under-estimating lower thermal suitability in seasonally cold habitats 

may influence habitat suitability estimates and optimal barrier removals similarly to 

uncertainty in upper thermal limits, but lower thermal tolerance data are unavailable for 

most species. 

4.3. Implications for barrier removal and habitat restoration 

Impassable barriers were the most common type selected for removal in all model 

runs. Nine of the thirteen barriers selected for removal for either objective were 

impassable barriers, as were three of the five barrier removals robust across both 

objectives. The remaining barriers that were robust to uncertain habitat suitability were 

partially passable and contiguous with impassable barriers, suggesting that connectivity 

benefits may depend on the concurrent removal of impassable barriers. While small, 

impassable barriers to fish movement are relatively rare, they play a disproportionate role 

in river system fragmentation (Goodrum et al., 2025; Januchowski-Hartley et al., 2013; 
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Perkin et al., 2020). My results suggest that selecting small impassable barriers for 

removal may be an effective choice for river restoration under uncertainty.  

 Evaluating the robustness of barrier removals across a gradient of plausible 

habitat suitabilities and life history-based conservation objectives is critical to enhancing 

ecological outcomes of river restoration and barrier removal (de Leaniz and O’Hanley, 

2022). However, uncertainty in environmental data and habitat suitability functions are 

rarely considered in barrier removal analysis and optimization (McManamay et al., 

2019). While I demonstrated that barrier removals can be robust to uncertainty in 

estimates of growth habitat suitability, my findings support incorporating uncertainty 

analysis for summer thermal refuge habitats. Species-habitat relationships are not clearly 

defined for many organisms and stream habitat variables, and additional studies of 

biological response to changing instream conditions would improve our ability to bound 

uncertainty in habitat suitability functions and barrier removal optimization models. I 

recommend uncertainty analysis to identify barrier removals that satisfy many life-history 

objectives to maximize the ecological benefits across a range of alternatives. My findings 

provide an approach to improve robustness to ecological and environmental uncertainty 

in barrier removal planning and river connectivity restoration. 
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Tables and Figures 

 

Figure 3.1 Weber River Basin study area showing the location, type, and passability of 
347 instream barriers. Large dams are greater than 1.5 m tall and are not considered for 
removal in this study. All large dams are impassable barriers to fish movement. 

  



102 

 

Figure 3.2. Conceptual diagram of data and models, including stream temperature 
uncertainty, suitability function uncertainty, habitat suitability variability, and barrier 
removal optimization to analyze uncertainty in habitat suitability estimates and 
robustness of instream barrier removal prioritization. 
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Figure 3.3. Mean and standard deviation of habitat suitability index (HSI) values, 
calculated across 1,000 habitat suitability estimates that varied stream temperature input 
data and suitability function parameter for growth habitat and thermal refugia 
conservation objectives. Note that colorbar scales for standard deviation differ between 
growth habitat and thermal refugia conservation objectives. 
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Figure 3.4. Habitat suitability index (HSI) standard deviation range from uncertainty in 
stream temperature input data, suitability function parameter, and combined input data 
and suitability function uncertainty for each conservation objective. Boxes show the 
interquartile range, lines the median, and whiskers the minimum and maximum of 
standard deviations. 
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Figure 3.5. Locations and selection frequency of barriers removed in optimal solutions 
for growth habitat and thermal refugia conservation objectives. Colors show the 
frequency that barriers were selected for removal across 1,000 habitat suitability model 
runs. Bold outlines show barriers removed in the base scenario using published stream 
temperature metric and suitability function parameter values. 
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Figure 3.6. Robust barrier removals in the Weber River Basin. (a) The number of times 
barriers were selected for removal by conservation objective and (b) the spatial 
distribution of barriers removed for growth habitat and thermal refugia conservation 
objectives. Colors show the conservation objective and bolding indicates selection in the 
base alternative that did not consider uncertainty. Panel (a) is limited to barriers selected 
at least 10 times with uncertain habitat suitability. 
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Figure 3.7. The number of barriers removed in model runs grouped by (a) barrier type 
and (b) passability rating for growth habitat and thermal refugia conservation objectives. 
Bars show the mode and whiskers show variability in the number of barriers removed 
across 1,000 habitat suitability runs. 
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CHAPTER 4 

PREDICTING ROAD-CROSSING BARRIER PASSABILITY FOR RIVER 

CONNECTIVITY ANALYSIS 

Abstract 

Road-crossing structures limit organism movement but their passabilities are rarely 

measured because they are numerous and time-consuming to survey. Instead, road 

crossing passability could be treated in one of four ways: assuming equal passability at all 

locations (uniform method), assigning random passability values sample from barrier 

surveys (random sample method), or using remote sensing data to infer presence 

(presence/absence method) or rate passability (rating category method). Each prediction 

method produces different passability estimates for individual barriers, but how these 

differences affect river connectivity estimates has not been systematically evaluated. I 

compared river connectivity estimates from these four road-crossing passability 

prediction methods in the Bear River Basin, USA. I parameterized barrier passability 

methods with Bonneville Cutthroat Trout Oncorhynchus clarkii utah passage survey data 

at 140 road crossings. Road crossings blocked fish passage at 37% of survey locations. 

Those road-crossing barriers that obstructed fish movement also decreased the proportion 

of connected reaches in the river network from 12% (with dams and all road crossings 

assumed to be passable), to just 3%. All passability prediction methods produced similar 

results and had considerable uncertainty predicting passability for individual barriers. My 

findings suggest that more simple methods, like uniform or random sample road-crossing 

passability predictions are sufficient to characterize river connectivity. My work 

highlights the importance of identifying road crossings that act as barriers to organism 
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passage and identifies critical limitations to predicting barrier status for connectivity 

analysis and conservation planning. 

1. Introduction  

  River fragmentation caused by instream barriers is a global threat to freshwater 

biodiversity (Fuller et al., 2015). Instream barriers such as dams and road-crossing 

structures limit the movement of aquatic organisms, causing populations to become 

genetically isolated or blocking access to spawning, rearing, and foraging habitats (Cheng 

et al., 2016). Fragmentation is particularly threatening to migratory fish species, which 

require connected streams to move between habitats (Barbarossa et al., 2020). 

Connectivity indices quantify stream network connectivity as the cumulative probability 

of an organism’s ability to move between any section of stream within the network (Cote 

et al., 2009; Grill et al., 2014). Connectivity indices are often used to evaluate 

fragmentation caused by large dams in rivers (Buddendorf et al., 2017; Rodeles et al., 

2021; Shaad et al., 2018) and increasingly used to assess fragmentation caused by road 

crossings (Baumgartner et al., 2022; Lehrter et al., 2024; Sun et al., 2023).  

 Accurate data for the location and passability of road-crossing barriers are needed 

to estimate how fragmentation affects populations of fish and other aquatic organisms 

(Bourne et al., 2011; O’Hanley, 2011). Typically, road-stream intersections are identified 

with geographic information systems (GIS) (Kroon & Phillips, 2016), yet determining 

whether road crossings represent a barrier to movement is challenging. Barrier passability 

is often based on species- and life stage-specific swimming and jumping abilities (King et 

al., 2017; Vowles et al., 2024), but passability estimates require knowledge of the 

structural and hydraulic characteristics of potential barriers that are not widely available 
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or standardized in databases (Briggs & Galarowicz, 2013; Wang & Chanson, 2018; 

Warren & Pardew, 1998). Passability also varies temporally as flow conditions affect 

passability of road-crossing barriers (Belford & Gould, 1989; Kelson et al., 2020; Reiser 

et al., 2006), requiring that passability surveys be matched to hydrologic conditions 

(Shaw et al., 2016).  Road crossings are ubiquitous in watersheds, which make passability 

surveys of all road crossings costly, time-consuming, and hence infeasible (Hrodey et al., 

2021; Januchowski-Hartley et al., 2013). 

 As an alternative to passability surveys, passability prediction methods either 

assume barrier passability is constant, adequately characterized by a subsample of 

observed passabilities, or can be represented by generic relationships between fish 

passage, barrier design, and natural gradients in topography and stream size (McKay et 

al., 2017; Milt et al., 2018; Neeson et al., 2015). Uniform methods characterize all 

barriers of a given type with a single passability rating, such as assuming all culverts are 

impassable (Cote et al., 2009; Perkin & Gido, 2012). Random sampling methods assign 

passability values to unobserved barriers based on a representative sample of measured 

passage rates and barrier type but have not been applied to systematically predict barrier 

passability. Machine-learning models have been used to predict barrier presence 

(hereafter presence/absence methods) and passability ratings (hereafter rating category 

methods) for fish from commonly-available landscape and hydrologic features, such as 

stream slope and discharge (Collins, 2016; Januchowski-Hartley et al., 2014; Perkin et 

al., 2020). However, the reliability of machine-learning model predictions can be 

influenced by imbalance in the number of passable and impassable sites used to train 

models (Han et al., 2021; Johnson et al., 2012) or uncertain criteria used to evaluate 
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barrier passability (Anderson et al., 2012; Januchowski-Hartley et al., 2019). The 

alternative passability prediction methods introduced above produce different passability 

estimates for instream barriers, yet no studies have systematically evaluated how 

uncertain road-crossing passability predictions affect connectivity estimates.  

The goal of this study is to compare uniform, random sample, presence/absence, 

and rating category methods for predicting road-crossing passability and stream network 

connectivity for threatened Bonneville Cutthroat Trout Oncorhynchus clarkii utah in the 

Bear River Basin in Wyoming, Idaho, and Utah, USA. I address two primary research 

questions: (1) Does predictive accuracy vary among alternative barrier passability 

prediction methods? (2) How does uncertainty from barrier passability prediction 

methods affect stream network connectivity estimates? As removing instream barriers 

and improving habitat connectivity are ongoing conservation efforts (UDWR, 2019), 

understanding the impact of road crossings on stream connectivity is critical to informing 

barrier removal decisions. 

2. Methods 

2.1. Overview of approach 

 To estimate stream network connectivity with alternative barrier passability 

methods, I first examined geospatial datasets to identify the locations of known dams and 

potential road crossings within the Bear River Basin (Figure 4.1). I then visited a 

proportion of identified road crossings that could pose barriers to fish movement in two 

subbasins and measured outflow drop, structure slope, water velocity, and water depth. I 

used these measurements to characterize passability of surveyed road crossings and 

predict basin-wide road-crossing passability with uniform, random sample, 
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presence/absence, and rating category methods. I quantified uncertainty by performing a 

sensitivity analysis where I systematically varied uniform passability assumptions and ran 

random sampling, presence/absence, and rating category methods with randomized 

subsets of my observed passability values to generate a range of passability models for 

each method. Finally, I estimated stream network connectivity in the Bear River Basin 

from the barrier passability models derived from each method. I also compared stream 

network connectivity using only dams as barriers and using dams and predicted road-

crossing passability as barriers. 

2.2. Study area 

 My study subbasins included the Logan River (4,107 km2) and Upper Bear River 

(9,263 km2) of the Bear River Basin (35,156 km2), which span portions of Wyoming, 

Idaho, and Utah (Figure 4.2). Elevations within the subbasins ranged from 1343-3874 m 

above sea level, which captured most of the elevational gradient within the Bear River 

Basin (1280-3874 m). The Logan River Subbasin includes Logan, UT, the largest urban 

area in the Bear River Basin with a 2022 population of 113,927. The smallest urban area 

is Evanston, WY, in the Upper Bear River Subbasin, with a 2022 population of 11,416 

(U.S. Census Bureau, 2022). About 10-12% of total subbasin area is irrigated agricultural 

land (Brandt et al., 2021), representative of widespread agricultural land use throughout 

the Bear River Basin (Downard & Endter-Wada, 2013). 

 The Bear River Basin supports the largest remaining metapopulation of 

Bonneville Cutthroat Trout Oncorhynchus clarkii utah (Budy et al., 2012). This species is 

native to streams and lakes of the Bonneville Basin (Behnke, 1992) and is managed for 

conservation in Utah, Idaho, and Wyoming (Budy et al., 2020). Bonneville Cutthroat 
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Trout migrate during spring runoff from mainstem river and lake habitats to spawn 

throughout summer in headwater tributaries before returning to lower-elevation foraging 

habitat as flows decline (Bennett et al., 2014; Schrank & Rahel, 2004). Bonneville 

Cutthroat Trout now occupy as little as 35-40% of their historical range, in part due to 

barriers that fragment habitat and inhibit fish movement (Budy et al., 2020; Hilderbrand 

& Kershner, 2000).  

2.3. Barrier data and detection 

 I intersected road geospatial data with perennial and intermittent streams to 

identify 2,144 potential road-crossing barriers. It was unknown if the potential barriers 

were culverts, which could be partially or fully impassable, or bridges, which could be 

partially impassable or fully passable. I identified 317 additional waterfalls, dams, 

culverts, and bridges from geospatial infrastructure datasets (UDOT, 2022; UDWRi, 

2023; USACE, 2023; USFHA, 2020; Utah Division of Wildlife Resources, 2020, 

unpublished data). I compiled all potential instream barriers and removed duplicate 

barriers to identify 2,379 total potential instream barriers to Bonneville Cutthroat Trout 

movement in the Bear River Basin, including 6 waterfalls, 82 dams, and 2,291 road 

crossings (Figure 4.2) (Table 4.1). 

2.4. Barrier surveys 

 I visited 10 randomly selected bridges, 10 culverts, and 50 unknown types of 

potential road crossings in each subbasin (total n = 140 for both subbasins) to identify 

whether the type of road crossing identified using geospatial data was accurate and to 

assess passability. When a randomly selected road crossing was inaccessible, I surveyed 
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the nearest accessible road crossing of the same type. During surveys, I characterized 

road crossings as bridges (bridges, fords, fill or puncheon crossings), culverts (four-sided 

or piped road-crossing structures), or absent when no structure was found within 500m of 

the potential road-crossing barrier location (WDFW, 2019).  

Passability estimates reflect the degree to which a barrier restricts fish movement 

(McKay et al., 2013; WDFW, 2019). Road crossings were assigned passabilities of 0% 

(impassable), 33% (severe barrier), 67% (moderate barrier), or 100% (fully passable) 

based on Washington Department of Fish and Wildlife (WDFW) passability rating 

categories for adult salmonids, including Coastal Cutthroat Trout (Oncorhynchus clarkii 

clarkii) (WDFW, 2019). Passability values were assigned based on structural (water 

surface drop, structure slope, structure width) and hydraulic (water depth, velocity) 

criteria described in WDFW (2019) and measured at each barrier (Figure B1, Table B1).  

The X, Y, and Z coordinates of barrier upstream and downstream position were 

measured with a Leica GS14 RTK-GPS (baseline accuracy of 8mm for horizontal 

displacements and 15mm for vertical displacements) and structure slope was later 

calculated in a GIS. Water depth and velocity were measured at the barrier thalweg with a 

Hach FH950 velocity flow meter. The fastest velocities in culverts occur in the thalweg, 

so my method produced a conservative estimate of passability. I surveyed structural 

criteria from August - October 2022 during annual low flow when road crossings were 

most accessible and hydraulic criteria surveys during June 2023 annual peak flows that 

coincide with seasonal Bonneville Cutthroat Trout upstream migration movements. 

Survey periods included a dry year in 2022 and a wet year in 2023.  
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2.5. Passability prediction methods 

 I used my survey data to predict passability for all unobserved road crossings in 

the Bear River Basin using four alternative passability prediction methods: uniform, 

random sample, presence/absence, and rating category (Figure 4.1). The simplest method 

is uniform passability prediction, which assigns all road crossings a single passability 

value. Uniform prediction can provide data for connectivity estimates when barrier 

passability data are unavailable (Cote et al., 2009; Perkin & Gido, 2012). I considered 

four uniform passability sets where all road crossings were considered passable (100%), 

moderate (67%), severe (33%), or impassable (0%) barriers to fish movement (WDFW, 

2019). 

The random sample prediction method randomly assigns road-crossing passability 

values drawn from the distribution of observed passabilities to each unsurveyed road 

crossing. I extrapolated my survey results to unsampled road crossings by categorizing 

each crossing’s listed type (bridge, culvert, or unknown), then randomly assigned a 

passability based on the observed frequency that the listed type was a passable (100%), 

moderate (67%), severe (33%), or impassable (0%) barrier to fish movement (WDFW, 

2019). Random sampling provides a simple approach for spatially extrapolating sampled 

barrier passabilities to unsampled road crossings across large geospatial datasets. 

 My presence/absence prediction method fit boosted regression tree models with 

binary presence/absence data to predict the existence of barriers. I modeled road-crossing 

barrier presence/absence by converting survey results into binary values where all 

passable and absent barriers were assigned a value of 100% and moderate, severe, and 

impassable barriers were assigned a value of 0%. Presence/absence approaches have 
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previously been used to predict road-crossing passability (Januchowski-Hartley et al., 

2014), and may improve accuracy over multinomial classifications by aggregating rare 

classes in small and skewed datasets (Han et al., 2021). 

 Rating category prediction estimates the passability of each potential road-

crossing barrier by fitting boosted regression tree models with multinomial rating 

category data. I modeled categorical road-crossing passability by splitting sampled road 

crossings into impassable (0%), severe (33%), moderate (67%), or passable (100%) 

ratings (WDFW, 2019) for each road crossing. Rating category passability models 

improve specificity by directly predicting partial and impassable barriers instead of 

inferring passability from binary presence/absence, and have been used to predict road-

crossing passability in the southeastern U.S. (Collins, 2016). 

2.7. Uncertainty of passability prediction methods 

 I estimated uncertainty for each passability prediction method by analyzing 

method sensitivity to input data and assumptions to generate a range of possible 

passability models for each method. For uniform prediction, I generated four models of 

uniform barrier passabilities, with each of the four models assuming that all road 

crossings were one of the following: passable (100%), moderately impassable (33%), 

severely impassable (67%) or impassable (0%) barriers to fish movement. I assessed 

uncertainty in the random sample method by randomly drawing passability ratings for 

each unsurveyed barrier from a multinomial distribution based on the frequency of 

observed passability by barrier type, assessing the predictive accuracy, and repeating this 

randomization procedure 100 times. I explored draw sizes of up to 1,000 random samples 

for random assignment in preliminary analysis but found that a draw size of 100 was 
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sufficient to characterize the distribution of connectivity estimates. For both 

presence/absence and rating category methods, I split observed road-crossing 

passabilities into 100 randomly seeded train/test datasets, then fit individual boosted 

regression tree models to each dataset. 

2.8. Evaluation of passability predictions 

I evaluated predictive performance for all passability prediction methods using the 

true skill statistic (TSS), relative influence of predictor variables, and the area under the 

receiver operating characteristic curve (AUROC). TSS is a prevalence-independent 

performance metric that equally weights sensitivity and specificity defined as: 

𝑇𝑇𝑇𝑇𝑇𝑇 =  𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 + 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 − 1 (1) 

where 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 is the true positive classification rate and 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 is the true 

negative classification rate. TSS values range from -1 (all wrong predictions) to 1 (all 

correct predictions), with values > 0 indicating models that predict better than random. 

TSS’s prevalence-independence is advantageous when prevalence among classes varies 

(Allouche et al., 2006; Freeman & Moisen, 2008), and it is often used to evaluate 

ecological models with rare classes and imbalanced datasets (Akosa, 2017; Fourcade et 

al., 2018; Somodi et al., 2017). Relative influence is the percentage contribution of each 

predictor variable to model fit, calculated as the improvement to classification accuracy 

made by each variable averaged across all trees. Relative influence was extracted from 

each fitted model. I quantified uncertainty of predictive performance as the 95% 

prediction interval of TSS and AUROC across all passability models for each passability 

prediction method. 



118 

I reported AUROC for comparison to previous machine-learning models 

predicting barrier passability (Collins, 2016; Januchowski-Hartley et al., 2014, 2019). 

AUROC is a scalar measure of classification accuracy where 1 is perfect classification 

and 0.5 implies classification accuracy no better than random (Johnson et al., 2012). 

AUROC has been criticized for ignoring prevalence among classes and being insensitive 

to rare class mis-classification (Leroy et al., 2018; Lobo et al., 2008), but it remains a 

useful indicator of predictive performance due to its high agreement with independent 

validation data (Konowalik & Nosol, 2021) and widespread application enabling model 

comparison (Ramazi et al., 2021).  

2.9. Stream network connectivity 

 I calculated stream network connectivity of the Bear River Basin using the 

dendritic connectivity index (DCI) (Cote et al., 2009). DCI quantifies the connectedness 

of a stream network by dividing it into segments separated by confluences and barriers, 

then calculates the probability that an individual fish can move freely among segments 

throughout the network. A value of 100 indicates a fully connected watershed and 0 

indicates that all stream segments are separated by impassable barriers. I used the 

potamodromous DCI formulation (DCIp) for riverine and lacustrine life histories 

involving repeated movements throughout the stream network (Cote et al., 2009) to 

reflect the migratory life history of Bonneville Cutthroat Trout, defined as: 

𝐷𝐷𝐷𝐷𝐼𝐼𝑝𝑝 = 100 ∗  ��  
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where 𝐿𝐿 is the total length of the stream network, 𝑙𝑙𝑖𝑖 and 𝑙𝑙𝑗𝑗 are the length of segments 𝑖𝑖 

and 𝑗𝑗, 𝑀𝑀 is the total number of barriers between segments 𝑖𝑖 and 𝑗𝑗, and 𝑝𝑝𝑢𝑢 is the upstream  

and 𝑝𝑝𝑑𝑑 the downstream passability for each barrier 𝑚𝑚 (Cote et al., 2009).  

I assumed equivalent upstream and downstream passability for each barrier 

consistent with my survey methods. I calculated DCIp using the R version 4.3.1 riverconn 

package (Baldan et al., 2022). For all connectivity calculations, I rated dams and 

waterfalls as impassable (0%) and set passability for surveyed road crossings to their 

observed values. I calculated DCIp for all passability prediction methods and passability 

models, creating a distribution of possible connectivity values for each road-crossing 

passability prediction method. I quantified uncertainty in connectivity estimates for each 

passability prediction method as the 95% prediction interval of DCIp across all barrier 

passability models. 

3. Results 

3.1. Barrier surveys  

From surveying 140 potential road-crossing barrier locations, I found the most 

common road-crossing structures were culverts (n = 54), which slightly outnumbered 

bridges (n = 50) (Table 4.2). All listed bridges and 75% of culverts were correctly 

attributed in geospatial datasets. Unknown road crossings were most often culverts (n = 

47), which occurred more than twice as frequently as bridges (n = 21). No road-crossing 

structures were found at nearly one quarter of culvert and unknown road-crossing 

locations (n = 31) listed in the National Bridge Inventory, National Transportation 

Dataset, or Utah Division of Wildlife Resources instream barrier database. Three 

surveyed road crossings were located on ephemeral stream segments and two sites were 
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dry during both structural and hydraulic sampling and were not included in passability 

predictions or connectivity analysis. 

Thirty-seven percent (n = 50) of 135 surveyed road crossings were partial or 

complete barriers to fish movement (Figure 4.3). Bridges were rated as fully passable at 

all sample locations within the Logan River Subbasin and Upper Bear River Subbasin. 

Culverts were most commonly moderate (67%, n = 21) or severe (33%, n = 17) barriers, 

and less commonly impassable barriers (0%, n = 12) or fully passable (100%, n = 12). 

Culvert passability was most often limited by structure slope (n = 33), and less often by 

water surface drop (n = 9), water velocity (n = 5), or water depth (n = 3). Impassable 

barriers were limited by either structure slope (n = 11) or depth (n =1). 

3.2. Passability prediction method performance   

 The performance of all passability prediction methods as assessed with TSS was 

variable and ranged from outperforming to slightly underperforming random predictions 

(Figure 4.4a). Presence/absence boosted regression tree models performed best, on 

average, among passability prediction methods (mean TSS = 0.15), but their performance 

was also the most variable (95% TSS prediction interval: -0.11 to 0.42). Random sample 

passability prediction followed with lower average predictive performance (mean TSS = 

0.07) and variability (95% TSS prediction interval: -0.03 to 0.17). Uniform and rating 

category boosted regression tree models performed poorly among passability prediction 

methods with average performance no better than random (mean TSS = 0 and 0.04, 

respectively). All 95% prediction intervals spanned 0, indicating that any method could 

perform no better or worse than random. Average predictive performance and variability 
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increased slightly when measured with AUROC, but they showed similar trends between 

passability prediction methods to TSS measurements (Figure 4.4b).  

Among boosted regression tree models, elevation was the most influential 

predictor for both presence/absence and rating category models (Figure 4.5), but it was 

more influential for rating category models (28%) than presence/absence models (23%). 

Site slope, reach slope, and discharge were similarly important predictors in both 

presence/absence and rating category models. Segment slope was more influential in 

presence/absence (21%) than rating category (14%) models. Relative influence for the 

five landscape predictors was variable across all models, ranging between 2% to 41% for 

predictors in presence/absence models and 4% to 42% for predictors in rating category 

models. Road class was an uninformative predictor in both methods.  

 Road-crossing barriers to fish movement tended to occur in streams at elevations 

> 2000 m, with mean annual discharge < 1 m3 s-1, reach slope between 2-4%, and 

segment slope > 2% (Figure 4.5a). Passability rating categories showed few clear 

relationships to predictor variables, although increasing road-crossing passability 

coincided with decreasing slope (Figure 4.5c-d). Road crossings that were severe barriers 

(33%) were most common at locations with site slopes > 10% (Figure 4.5c). Moderately 

passable road-crossings (67%) occurred at reach slopes < 4% and at segment slopes 

between 2.5-5% (Figure 4.5d). Passable road-crossings (1) were ubiquitous throughout 

the study area (Figure 4.3) and across all predictor variable values (Figure 4.5e). 

3.3. Stream network connectivity  

 The Bear River Basin was 95.4% connected based only on natural waterfalls as 

barriers. Accounting for dams reduced connectivity to 12.2%, an 87% drop in 
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connectivity from natural conditions. Road-crossing barriers further fragmented the 

stream network regardless of passability prediction method (Figure 4.6). Uniform 

passability estimates provided the highest estimate of connectivity, reducing average 

connectivity to 2.88%, a 76% decrease from dam only connectivity. Rating category 

prediction similarly reduced connectivity on average by 80% to 2.4%. Random sample 

and presence/absence prediction alternatives estimated minimal connectivity values of 

0.94% and 0.88% respectively, a 92-93% decrease from dam-only connectivity.  

 While mean connectivity estimates were similar for all passability prediction 

methods, 95% confidence intervals showed that connectivity could vary considerably 

across barrier passability models for each method (Figure 4.7). Uniformly assigning road-

crossing passability produced the most variable connectivity estimates, ranging from 

0.19% to 12.15%, although connectivity only exceeded 0.34% when all road crossings 

were considered passable (1). Randomly sampling road-crossing passability according to 

observed passability led to connectivity ranging from 0.72% to 1.32%. Variability among 

presence/absence and rating category boosted regression tree models was larger 

compared to random sample models. Presence/absence model connectivity ranged from 

0.19% to 9.84% and rating category connectivity ranged from 0.23% to 9.84%. Overall, 

presence/absence models estimated similar connectivity (95% confidence interval = 

0.62%-1.14%) as random sample barrier passabilities (95% confidence interval = 0.91%-

0.96%) and lower connectivity than rating category models (95% confidence interval = 

1.89%-2.93%). Rating category models, on average, estimated similar connectivity to 

uniform models with the lowest predictive accuracy equivalent to random chance. 
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4. Discussion 

4.1 Road crossings and stream network connectivity 

 Road crossings substantially reduced stream network connectivity in the Bear 

River Basin, despite considerable uncertainty surrounding barrier location and 

passability. I identified 2,291 potential barriers at road-stream crossings and found that 

fewer than half were likely barriers to fish movement. Road-crossing barriers were most 

commonly culverts, though culverts were rarely impassable to Cutthroat Trout. While 

random sampling and boosted regression tree passability predictions were more accurate 

than uniform passability assumptions, no method significantly out-performed random. 

Nonetheless, all passability prediction methods estimated that road-crossing barriers 

reduced stream network connectivity. My study demonstrates that uncertainty 

surrounding road-crossing barrier presence and passability predictions propagates in 

connectivity indices and influence measures of stream network connectivity.  

 Ignoring road-crossing barriers to fish movement overestimates watershed 

connectivity. Dams reduced stream connectivity to 12.2%, then road crossings reduced it 

further to less than 3% on average for all prediction methods.  My finding that road-

crossing barriers decreased connectivity supports other studies that found road crossings 

collectively reduce connectivity at the basin-scale (Baumgartner et al., 2022; Diebel et 

al., 2015; Sun et al., 2023). While dams fragment rivers (Belletti et al., 2020; Graf, 1999; 

Lehner et al., 2011), road-crossing barriers far outnumber dams on smaller streams 

(Januchowski-Hartley et al., 2013; Perkin et al., 2013) and in sparsely populated areas 

(Sethi et al., 2017). Small streams constitute most of the channel length in river networks 

and influence downstream physical and ecological processes through longitudinal 
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transport of water, sediment, nutrients, and organisms (Ferreira et al., 2023; Wohl, 2017). 

Connectivity analyses should incorporate road-crossing barriers to better estimate and 

mitigate river fragmentation, and in particular, include small streams that are critical to 

maintaining downstream habitat for fish and other aquatic organisms.   

 Connectivity indices are sensitive to uncertain passability estimates for road 

crossings and other instream barriers. To my knowledge, ours is the first study to evaluate 

the robustness of connectivity indices by systematically comparing connectivity under 

different passability prediction methods and passability condition assumptions. 

Connectivity estimates varied by up to 12% within methods representing considerable 

uncertainty based on the location and passability of individual barriers. However, 

averaging across plausible passability conditions mitigated the effects of uncertain road 

crossing passability and produced robust connectivity estimates that varied by less than 

3% among prediction methods. These findings suggest that choice of barrier passability 

estimation method may be less influential than uncertainty within estimation methods 

when considering basin scale connectivity.  

Rating category boosted regression trees performed poorly due to weak 

relationships between landscape variables and barrier passability ratings that over-

estimated the number of passable barriers. My surveys showed that moderate, severe, and 

impassable barriers commonly co-occurred throughout the Logan River and Upper Bear 

River study areas (Figure 4.3) and that my topographical and hydrological landscape 

predictors did not demonstrate clear relationships to barrier passability ratings (Figure 

4.5b-e). These weak predictive relationships and the ubiquity of passable road crossings 

meant rating category models predicted that most road crossings were passable and 
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commonly misclassified listed culverts that were often barriers (Figure 4.3). 

Alternatively, random assignments were more likely to correctly identify listed culverts 

as moderate, severe, or impassable barriers based on their sample distribution. Since TSS 

is prevalence-independent, misclassifications in minority classes influence TSS to a 

greater degree than correct classifications of the majority class (Wunderlich et al., 2019). 

Rating category models often miscategorized barriers as passable (the majority class), 

which decreased performance relative to random assignments that more often correctly 

classified moderate, severe, and impassable barriers (minority classes). 

 Passability prediction methods used in my study represent tradeoffs between 

method complexity and predictive accuracy. While passability prediction methods did not 

greatly affect connectivity estimates on average, both the most data-intensive (rating 

category) and simplest (uniform) methods predicted barrier passability no better than 

random assignments. Presence/absence models most accurately predicted road-crossing 

barrier status, yet random sampling models provided similar connectivity estimates 

without the additional complexity and data requirements of boosted regression trees. 

These findings suggest that reduced-complexity approaches, including limited barrier 

surveys and random sampling barrier prediction, are sufficient to characterize stream 

network connectivity when precise passability estimates for individual barriers are 

unavailable. However, limited predictive accuracy across all methods may preclude their 

use when connectivity analyses depend on precise passability estimates for barrier 

removal planning (King & O’Hanley, 2016; Kraft et al., 2019) or siting proposed 

infrastructure (Barbarossa et al., 2020; Frankiewicz et al., 2021). 
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4.2 Limitations 

 My study focused on uncertainty of road-crossing passability prediction for 

connectivity analysis but did not consider uncertainty in barrier passability assessment. 

Road-crossing passability estimates are often uncertain whether assessed using field 

surveys (Anderson et al., 2012), hydraulic models (Bourne et al., 2011; Mahlum et al., 

2014) or professional judgment (McKay et al., 2013). Fish passage success through 

culverts and other small instream barriers is difficult to estimate because of complex 

interactions between the physiological abilities and behavior of individual fish and 

temporally-variable hydraulic characteristics used to determine passability (Anderson et 

al., 2012; Goerig et al., 2016). In particular, assessments often underestimate passability 

during high-flow conditions that cue many species migratory life history expressions or 

overestimate passability when hydraulic criteria do not reflect species swimming and 

jumping abilities (Burford et al., 2009; Price et al., 2010). Bourne et al. (2011) found that 

individual culvert passability varied by up to 100% under alternative physiological and 

hydrological assessment criteria for Brook Trout Salvelinus fontinalis and Atlantic 

Salmon Salmo salar in Canada’s Terra Nova National Park, and that subsequent 

watershed connectivity estimates varied by up to 20% across different culvert 

passabilities. My approach complements these studies by establishing that passability 

prediction methods introduce further variability into barrier passability and subsequent 

connectivity estimates.  

4.3 Implications for barrier removal and habitat conservation 

I found that impassable road crossings that most severely reduce stream network 

connectivity are relatively rare, although they could present cost-effective opportunities 
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to improve river connectivity. Only 12 of 135 (~9%) of the structures I surveyed were 

impassable to fish. Perkin et al. (2020) found that approximately 10% of 1,200 surveyed 

road crossings strongly affected aquatic organism passage in six Florida sub-basins. 

Januchowski-Hartley et al. (2013) similarly found 13% of road crossings impassable to 

fish in Wisconsin’s Duck-Pensaukee Watershed, though impassable road crossings 

accounted for up to 58% of barriers in three other Great Lake watersheds (Januchowski-

Hartley et al. 2013). Dam removal is often a focus for habitat restoration but is typically 

expensive with costs ranging from hundreds of thousands to hundreds of millions of 

dollars, even for small dams (Duda et al., 2023; Magilligan et al., 2016). Alternatively, 

removing impassable culverts and other road-crossing barriers is typically less costly and 

may be advantageous within dam-fragmented stream systems when sufficient habitats 

remain for species and populations to complete migratory life history expressions (Kraft 

et al., 2019; Maitland et al., 2016). 

Quantifying connectivity across stream networks provides critical information for 

protecting and restoring freshwater ecosystems (Thieme et al., 2023). However, 

limitations imposed by uncertain or unavailable data are rarely considered when 

allocating resources for conservation projects (Ioannidou et al., 2023). My approach of 

first evaluating uncertainty within and across barrier passability prediction methods and 

then generating many possible barrier passability combinations allowed us to bound 

uncertainty in connectivity estimates. This highlighted the best- and worst-case range for 

fish passage. While I demonstrate that average stream network connectivity estimates are 

robust to uncertainty in road-crossing passability and the choice of passability prediction 

method, accurately predicting individual barrier passability remains a challenge. Future 
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analysis examining the sensitivity of connectivity indices to passability at individual 

locations, while accounting for uncertainty at the basin scale, would improve my ability 

to prioritize those barriers most necessary to correctly classify for connectivity indices to 

be accurate. I recommend that users consider the relative importance of individual 

barriers when deciding whether predictive methods are sufficient to characterize 

connectivity. My work improves our understanding of how barrier passage prediction 

uncertainty impacts connectivity index estimates frequently used to inform conservation 

planning and infrastructure removal efforts, and my findings highlight critical limitations 

that need to be considered by restoration practitioners implementing such approaches.   
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Tables and Figures 

Table 4.1. Data sources and types of potential instream barriers in the Bear River Basin. 

 Listed road-crossing type 
Source Waterfall Dam Bridge Culvert Unknown 
National Bridge Inventory 0 0 177 18 0 
National Inventory of Dams 0 32 0 0 0 
National Transportation Dataset 0 0 0 0 2,062 
Utah Department of Transportation 0 0 14 0 0 
Utah Division of Wildlife Resources 6 2 0 20 0 
Utah Division of Water Rights 0 48 0 0 0 
Total 6 82 191 38 2,062 
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Table 4.2. Listed and observed road-crossing barrier types in the Logan River and Upper 
Bear River Subbasins. 

Subbasin Listed road-
crossing type 

Observed road-crossing type 

 
 

Absent Bridge Culvert Total 
Sampled 

 n % n % n % n 
Logan 
River 
Subbasin 

Bridge 0 0 10 100 0 0 10 
Culvert 2 20 0 0 8 80 10 
Unknown 15 33 13 28 18 39 46 

Upper Bear 
River 
Subbasin 

Bridge 0 0 10 100 0 0 10 
Culvert 2 20 1 10 7 70 10 
Unknown 12 24 8 16 29 59 49 

Total - 31 23 42 31 62 46 135 
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Figure 4.1. Conceptual diagram of input data, passability prediction methods, and 
sensitivity analyses used to estimate road-crossing passability and stream network 
connectivity. 
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Figure 4.2. Bear River Basin study area showing study subbasins and (a) elevation, (b) 
irrigable and urban land, and (c) 2,379 potential instream barrier locations. 
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Figure 4.3. Road-crossing passability in the (a) Logan River and (b) Upper Bear River 
Subbasins for 135 surveyed road-stream intersections in the Bear River Basin. Shapes 
identify the listed road-crossing type. Colors show the observed passability rating 
determined through field surveys. See Appendix B1 and WDFW (2019) for definition of 
road-crossing types and passabilities. 
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Figure 4.4. Mean and 95% prediction intervals of (a) TSS and (b) AUROC predictive 
performance measures by barrier passability prediction method. Background points show 
individual predictive performance for each passability model. The dotted line represents 
random predictive performance where correct and incorrect classification rates are equal. 
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Figure 4.5. Partial dependency plots for predictor variables contributing >10% to (a) 
presence/absence and (b-e) rating category boosted regression tree model classification of 
road-crossing barrier passability. Gray lines show partial dependence plots for individual 
models and black lines show the mean across all models. Percentage values indicate the 
relative importance of the predictor variable averaged across all presence/absence or 
rating category models. Rug plots on the top axis show the distribution of observed 
variable values in deciles. 
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Figure 4.6. Bear River Basin connectivity (log10 scale) calculated with natural 
waterfalls, dams, and road-crossing barrier passability generated using uniform, random 
sample, presence/absence, and rating category methods. Error bars show the 95% 
confidence interval of the mean for each passability prediction method averaged across 
all passability models excepting uniform methods, which are shown individually. 
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Figure 4.7. Bear River Basin connectivity (DCIp, log10 scale) and predictive 
performance (TSS) calculated from road-crossing barrier passability generated using 
uniform, random sample, presence/absence, and rating category passability prediction 
methods. Points show connectivity and predictive performance for individual passability 
models. Large dots indicate mean connectivity, with error bars showing the 95% 
confidence interval of the mean averaged across all passability models. Ellipses show the 
95% prediction interval for connectivity and predictive performance. The dotted line 
represents random predictive performance where correct and incorrect classification rates 
are equal. 
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CHAPTER 5 

CONCLUSION 

Freshwater ecosystems and species have declined worldwide due to the 

development of water resources to provide for human water demands (Harrison et al., 

2018), and they risk further decline in the face of continued water resource development. 

Historically, dams and other river infrastructure were developed without consideration of 

their ecological impacts, leading to extensive and persistent biodiversity loss and habitat 

alternation (Poff et al., 2007; Wurtsbaugh et al., 2017). In response to the decline of 

freshwater ecosystems, minimizing environmental losses and restoring rivers have 

emerged as a focus for water resources management (Cosgrove & Loucks, 2015). 

However, rivers are highly complex systems that support diverse fauna with varied 

environmental needs and are subject to considerable environmental and ecological 

uncertainty (Thoms, 2006), making them difficult to represent alongside competing 

hydro-economic objectives of water resources management. Analysis techniques that 

address uncertainty in decision-making present a path for improving environmental 

objectives for water resources management. Despite this, little research has focused on 

quantifying uncertainty and identifying decisions that are robust to change for water 

resources and ecosystem management (Null et al., 2021).  

In my second chapter, I used water resources systems modeling to evaluate 

tradeoffs between water supply for people, impacts to stream habitat, and changes to 

Great Salt Lake elevation under new water demands and proposed reservoir development 

alternatives. I found that new dams and reservoirs drive loss of summer stream habitat for 

Bonneville Cutthroat Trout, and that new water diversions to for agriculture and 
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municipal use along Utah’s metropolitan Wasatch Front lead to substantial decline in lake 

elevation at Great Salt Lake. My study provides important evidence for potential 

economic, environmental, and human health consequences from current diversion and 

reservoir proposals under Utah’s Bear River Development Act. However, my study 

focused on the 2000-2020 historical period, and presents optimistic estimates for water 

availability, habitat conditions, and Great Salt Lake level. In the western US, climate 

change is leading to longer, warmer, and drier periods punctuated by more extreme 

storms and wet periods (Stevenson et al., 2022; Williams et al., 2022). These 

hydroclimatic shifts will change hydrological and thermal regimes in the Bear River 

Basin, reducing water available for human use and thermally suitable habitats for 

coldwater fish species (Dettinger et al., 2015; Isaak & Young, 2023). Reservoirs can 

exacerbate water shortages during dry periods (Di Baldassarre et al., 2018), and further 

reservoir development could amplify conflicts between water users and reduce water 

availability for the Bear River and Great Salt Lake. My study also assumed a healthy 

starting Great Salt Lake level, although Great Salt Lake recently reached its historic low 

level (Larsen, 2023; Great Salt Lake Strike Team, 2025). To understand the true 

environmental consequences of Bear River development, future research should evaluate 

development under likely future hydro-climatic conditions that could exacerbate 

economic, environmental, and human health risks for the Lower Bear River and Great 

Salt Lake Basin. 

Removing dams, culverts, and other instream infrastructure that create barriers to 

movement for fish and other aquatic organisms has emerged as a strategy for 

reconnecting rivers and restoring freshwater ecosystems (Foley et al., 2017). Barrier 
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removals are often prioritized to reconnect suitable habitats for fish (Branco et al., 2014; 

S. King & O’Hanley, 2016; Kraft et al., 2019), but habitat representations and habitat 

suitability functions are often uncertain (Roloff & Kernohan, 1999; Van Der Lee et al., 

2006). In my third chapter, I used a Monte-Carlo random sampling framework to evaluate 

the robustness of barrier removal selection to environmental data and suitability function 

uncertainty for Bonneville Cutthroat Trout in the Weber River Basin. I determined that 

barrier removals to reconnect thermal refugia were sensitive to environmental data and 

suitability function uncertainty, and that few barrier removals were also robust for 

reconnecting growth habitat. My findings add to previous research that budget constraints 

(Maitland et al., 2016), uncertain barrier passage ratings (de Leaniz & O’Hanley, 2022), 

and different life histories (McManamay et al., 2019) all influence the robustness of 

decisions about barrier removals. I focused on thermal habitat suitability, but uncertainty 

in other instream variables influencing habitat suitability, such as stream temperature and 

dissolved oxygen content, have not been evaluated. Other studies also highlight that 

barrier removal risks expanding the scope of biological invasions (Dolan et al., 2025), yet 

barrier removal optimization rarely considers risks posed by nonnative species (Milt et 

al., 2018). My approach represents a flexible method for addressing environmental 

uncertainty in barrier removal optimization modeling that could be extended to other 

habitat variables and nonnative species. 

 Connectivity indices measure river fragmentation and are often used to guide dam 

and barrier removals to restore river connectivity (Diebel et al., 2015; M. King et al., 

2023; Kraft et al., 2019). Connectivity indices rely on barrier passability estimates that 

are difficult to predict and often derived using different methods (Januchowski-Hartley et 
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al., 2014; Perkin et al., 2020), rendering connectivity estimates uncertain. I investigated 

how uncertainty in passability prediction methods affects barrier passability ratings and 

stream network connectivity estimates. I found that different passability prediction 

methods produced similar estimates of stream network connectivity but had considerable 

uncertainty predicting passability for individual barriers. My findings demonstrate that 

passability prediction methods are sufficient to characterize river fragmentation at the 

network scale needed to support ecological analyses and conservation planning (Brown et 

al., 2011; McCluney et al., 2014). However, I highlight that current passability prediction 

methods are insufficient to guide specific barrier removal decision-making with 

connectivity analysis. Future work could explore solutions for overcoming passability 

prediction uncertainty to improve remote assessment of barrier status for barrier removal 

optimization modeling. 

 This dissertation explores approaches to improve aquatic habitat representation 

for water resources management and ecosystem conservation. My work demonstrates 

how environmental and ecological uncertainty influence models used to inform water 

management and river restoration decisions. I emphasize pathways for evaluating 

robustness to environmental uncertainties in water resources management needed to 

achieve better outcomes for aquatic organisms and mitigate impacts from water 

management on freshwater ecosystems. Overall, this work expands our knowledge of and 

solutions to freshwater ecosystem decline by identifying decisions that allow us to 

manage rivers for people and the environment. 
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APPENDIX A: SUPPLEMENTAL INFORMATION FOR CHAPTER 3 

 

Figure A.1. Sensitivity of barrier removal optimization to the number of model runs and 
habitat suitability estimates for each conservation objective: (a) Total number of 
individual barriers selected and (b) the coefficient of variation (CV) of barrier selection 
frequency calculated iteratively across all optimization model solutions. 
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APPENDIX B: SUPPLEMENTAL INFORMATION FOR CHAPTER 4 

1. Methods for assigning passability to instream barriers 

 Barrier passability was adapted from the Washington Department of Fish and 

Wildlife’s (WDFW) fish passage assessment methodology and barrier standard (WDFW 

2019). The assessment assigns a categorical passability to any instream barrier based on 

the swimming and leaping abilities of trout and salmon ≥ 15.24 cm (6 in) in length. 

Passability is a qualitative indicator of the limitation a barrier creates to fish movement 

and not a quantitative measure of the percentage of fish able to pass a barrier. The 

WDFW assessment evaluates barriers based on structural parameters (Level A analysis) 

and a hydraulic model (Level B analysis) to quantify the duration for which water 

velocity exceeds fish species swimming capability. The WDFW assessment also includes 

a gated barrier assessment key, which I removed because no gated barriers in my survey 

prevented water or fish movement. I adapted this approach into a single-level workflow 

(Figure S1) that assigned culvert passability using structural and hydraulic criteria (Table 

S1) but did not incorporate the WDFW Level B hydraulic model. Barriers were assigned 

the lowest passability (most limiting to fish movement) among all criteria to characterize 

overall passability. 
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Table B.1. Criteria to determine barrier passability. For more information describing 
criteria and data collection methods see (WDFW 2019). 

Criteria 
type 

Criteria Barrier length Value Passability  

Structural Water surface 
drop 

N/A 0.24 m - 0.49 m 67% 
  0.50 m - 0.99 m 33% 
  ≥ 1.00m 0% 
 Slope < 18.3 m 1.01 % - 1.99% 67% 
   2.00 % - 3.99 % 33% 
   ≥ 4.00 % 0% 
  ≥ 18.3 m 1.01 % - 1.99 % 33% 
   ≥ 2.00 % 0% 
Hydraulic Water depth N/A 0.15 m - 0.30 m 67% 
   0.05 m - 0.14 m 33% 
   ≤ 0.04 m 0% 
 Velocity ≤ 30.4m 1.22 m s-1 - 1.82 m s-1 67% 
   ≥ 1.83 m s-1 33% 
  30.5 m – 61 m 0.92 m s-1 - 1.52 m s-1 67% 
   ≥ 1.53 m s-1 33% 
  > 61 m 0.61 m s-1 - 1.21 m s-1 67% 
   ≥ 1.22 m s-1 33% 
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Figure B.1. Flow chart for determining passability for instream barriers adapted from 
(WDFW 2019). Barriers are countersunk if the depth of bed material at the barrier outlet 
is ≥ 20% of the total culvert rise and bed material covers the entire structure length. 
Barriers are backwatered if the average water velocity is visibly slower than velocity in 
the adjacent channel or there is little to no visible flow velocity through the barrier. 

 

 



161 

References 

WDFW (Washington Department of Fish and Wildlife). 2019. “Fish Passage Inventory, 
Assessment, and Prioritization Manual.” Olympia, WA: Washington Department 
of Fish and Wildlife. 



162 

CURRICULUM VITAE 

Gregory C. Goodrum, Ph.D. 
Utah State University 
Department of Watershed Sciences 
5230 Old Main Hill 
Logan, Utah 84322-5230 
Email: goodrum.greg@gmail.com 
 
EDUCATION 
2025 Ph.D. in Watershed Sciences 

Utah State University, Department of Watershed Sciences 
Aquatic habitat representation for robust water resources management and fish 
conservation decision-making 
Major advisor: Dr. Sarah Null 
Committee: Dr. Joanna Endter-Wada, Dr. Charles Hawkins, Dr. David Rosenberg, 
Dr. Timothy Walsworth 

2020 M.S. in Watershed Sciences 
Utah State University, Department of Watershed Sciences 
Improving aquatic habitat representation in Utah using large spatial scale 
environmental datasets 
Major Advisor: Dr. Sarah Null 
Committee: Dr. Brett Roper, Dr. Jeff Horsburgh, Don Wiley 

2010 B.S. in Geography, Geographic Information Science Option 
University of Arizona, School of Geography, Development, and Environment 

 

PROFESSIONAL EXPERIENCE 
Graduate Research Assistant (Ph.D.), Department of Watershed Sciences, Utah State 
University, UT 
August 2020- May 2025 
40+ hrs/week 
Supervisor: Sarah Null, Professor (sarah.null@usu.edu) 
Selected duties/responsibilities 

• Developed an economic-environmental water management optimization model 
to evaluate tradeoffs between water supply, fish habitat, and Great Salt Lake 
level from building new dams in Utah’s Bear River Basin. 



163 

• Developed methods and code to evaluate uncertainty in barrier removal 
optimization modeling for dam, culvert, and diversion removal in Utah’s Weber 
River Basin. 

• Identified over 2,000 instream barriers (culverts, dams, road crossings) in the 
Bear River Basin (UT, WY, ID) using remote sensing and geospatial datasets. 

• Conducted barrier passability assessments at 150 sites in the Bear River Basin 
using hydraulic and structural criteria to estimate fish passage for Bonneville 
Cutthroat Trout. 

• Invited participant to study river processes and dam development in the 
Magdalena River Basin, Colombia as part of the Rivers of the Andes Field 
Training Program (Partner university: Universidad EAFIT, Medellin, 
Colombia). 

• Coauthored meta-analysis of environmental tradeoffs for hydropower dams in 
the lower Mekong River Basin (Null et al., 2023). 

• Coauthored review of dam removal as a climate adaptation strategy with 
American Rivers and Resources Legacy Fund (Null et al., in prep). 

• Disseminate findings to state and federal agencies through annual research 
meetings. 

• Published findings in peer-reviewed journal for water managers.  
Graduate Research Assistant (M.S.), Department of Watershed Sciences, Utah State 
University, UT 
August 2018- August 2020 
40+ hrs/week 
Supervisor: Sarah Null, Professor (sarah.null@usu.edu) 
Selected duties/responsibilities 

• Developed a statewide habitat suitability model for threatened Bonneville 
Cutthroat Trout Oncorhynchus clarkii utah and Green Sucker Pantosteus 
virescens (formerly Bluehead Sucker Catostomus discobolus). 

• Developed novel approach and code for sigmoidal model predicting stream 
temperature from land surface temperature. 

• Collaborated with Utah Division of Wildlife Resources partners and conducted 
4 in-person project updates and collaborative model-building sessions. 

• Contributed to a final report for Utah Division of Wildlife Resources focused 
on habitat management implications and recommendations for Utah rivers. 

• Mentored undergraduate research technicians collecting streamflow and 
sediment data at 30 sites throughout Utah. 

• Published findings in peer-reviewed journal for water managers (Goodrum and 
Null, 2023).  

Biological Science Technician, National Park Service Sonoran Desert Inventory and 
Monitoring Network, AZ 



164 

November 2015- July 2018 
GS-07; 40 hrs/week 
Supervisor: Sarah Studd, Vegetation Ecologist (Sarah_Studd@nps.gov) 
Selected duties/responsibilities 

• Supervise 4-5 member crews in vegetation community data collection to 
determine species composition of vegetation communities in 11 National Park 
Service units for biannual 5-month sampling periods. 

• Supervise 2-3 member crews in stream and spring hydrological monitoring 
including streamflow, sediment composition, macroinvertebrate community, 
and hydroperiod data collection. 

• Oversee database management and quality control for vegetation, spring, and 
stream monitoring databases. 

• Coauthored reports including the National Park Service Springs Inventory and 
Monitoring Protocol (McIntyre et al., 2018) and status report for climate and 
water resources at Gila Cliff Dwellings National Monument (Goodrum et al., 
2019). 

• Safely supervised fieldwork for extended periods in backcountry wilderness 
areas  

Biological Science Technician, National Park Service Sonoran Desert Inventory and 
Monitoring Network, AZ 
November 2011 - May 2015 
GS-05; 40 hrs/week 
Supervisor: Sarah Studd, Vegetation Ecologist (Sarah_Studd@nps.gov) 
Selected duties/responsibilities 

• Supervise 4-5 member crews in vegetation community sampling to determine 
species composition of vegetation communities in 11 National Park Service 
units for extended 5-month sampling periods. 

• Developed GIS spatial data delineating vegetation communities. 
• Oversee database management and quality control for vegetation monitoring 

database. 
• Safely supervised fieldwork for extended periods in backcountry wilderness 

areas.   
Biological Science Technician, Grand Staircase-Escalante National Monument, UT 
May 2011 - November 2011 
GS-05; 40 hrs/week 
Supervisor: Amber Hughes, Botanist (contact information unknown) 
Selected duties/responsibilities 

• Supervised 2-4 8-person field crews removing non-native Russian Olive 
Elaeagnus angustifolia from over 20 miles of the Escalante River and 
tributaries. 



165 

• Conducted riparian vegetation community data collection to monitor 
community composition and effects of prior restoration activities. 

• Safely supervised fieldwork for extended periods in backcountry wilderness 
areas.   

Vegetation Protocols Intern, National Park Service Sonoran Desert Inventory and 
Monitoring Network, AZ 
August 2010 - May 2011 
GS-05 Equivalent; 40 hrs/week 
Supervisor: Sarah Studd, Vegetation Ecologist (Sarah_Studd@nps.gov) 
Selected duties/responsibilities 

• Conducted vegetation community data collection to determine species 
composition of vegetation communities in 11 National Park Service units. 

• Developed GIS spatial data delineating vegetation communities. 
• Safely performed fieldwork for extended periods in backcountry wilderness 

areas.   
Plants Restoration Intern, C&O Canal National Historical Park, MD 
May 2010 - August 2010 
GS-05 Equivalent; 40 hrs/week 
Selected duties/responsibilities 

• Remove invasive non-native plant species using mechanical and chemical 
treatment as part of 4 member treatment crew. 

• Chainsaw removal of large invasive and hazard tree species. 
• Disseminate information about non-native species and treatment with park 

visitors.   
Geographic Information Systems Intern, Carolina Sandhills National Wildlife 
Refuge, SC 
January 2010 - May 2010 
GS-05 Equivalent; 40 hrs/week 
Supervisor: Allyne Askins, Refuge Manager (843.335.6023) 
Selected duties/responsibilities 

• Developed a geospatial land acquisition map to guide refuge expansion. 
• Research platt and sale records to clarify parcel ownership history. 
• Monitored Southern Longleaf Pine Pinus palustris populations for tree health 

and community composition. 
• Participated in stand marking for timber harvests and selective thinning for 

wildland fire fuels reduction operations. 
  

TEACHING 
Fish Ecology (Teaching Assistant) - Watershed Sciences 6230/7230 - Spring 2025 - 

Utah State University, Logan, UT 



166 

Fundamentals of Watershed Science (Teaching Assistant) - Watershed Sciences 3700 - 
Spring 2025 - Utah State University, Logan, UT  

Planning & Executing Successful Rotenone & Antimycin Projects XXVIV (Teaching 
Assistant) - American Fisheries Society - May 20-24, 2024 - Utah State 
University, Logan, UT 

Planning & Executing Successful Rotenone & Antimycin Projects XXVIII (Teaching 
Assistant) - American Fisheries Society - May 22-26, 2023 - Utah State 
University, Logan, U 

Planning & Executing Successful Rotenone & Antimycin Projects XXVII (Teaching 
Assistant) - American Fisheries Society - May 23-27, 2022 - Utah State 
University, Logan, UT 

Fish Diversity (Teaching Assistant) - Watershed Sciences 3100 - Fall 2021 - Utah State 
University, Logan, UT  

Physical Geography Lab (Teaching Assistant) – Geography 1005 – Fall 2019, Fall 
2020 - Utah State University, Logan, UT 

 

PUBLICATIONS 
Goodrum, G. C., Hawkins, C. P., Walsworth, T. E., & Null, S. E. (2025). Predicting 

road-crossing passability for river connectivity analysis. River Research and 
Applications. https://doi.org/10.1002/rra.4434. 

Turney, E. K., Goodrum, G. C., Saunders, W. C., Walsworth, T. E., & Null, S. E. 
(2025). Comparing commonly used aquatic habitat modeling methods for 
native fish. Ecological Modelling, 499, 110909. 
https://doi.org/10.1016/j.ecolmodel.2024.110909. 

Goodrum, G, & Null, SE. (2023). Reduced complexity models for regional aquatic 
habitat suitability assessment. JAWRA Journal of the American Water 
Resources Association. 2023; 59(1):107-126. https://doi.org/10.1111/1752-
1688.13077. 

Null SE, Farshid A, Goodrum G, Gray CA, Lohani S, Morrisett CN, Prudencio L, Sor 
R. A Meta-Analysis of Environmental Tradeoffs of Hydropower Dams in the 
Sekong, Sesan, and Srepok (3S) Rivers of the Lower Mekong Basin. Water. 
2021; 13(1):63. https://doi.org/10.3390/w13010063. 

 
 
REPORTS AND TECHNICAL PUBLICATIONS 
Goodrum, G, E Gwilliam, L Palacios, K Raymond. 2019. Status of climate and water 

resources at Gila Cliff Dwellings National Monument: Water year 2017. 
Natural Resource Report. NPS/SODN/NRR—2019/1890. National Park 
Service. Fort Collins, Colorado 

https://doi.org/10.3390/w13010063


167 

McIntrye, C, K Gallo, E Gwilliam, JA Hubbard, J Christian, K Bonebrake, G 
Goodrum, M Podolinsky, L Palacios, B Cooper, M Isley. 2018. Springs, seeps, 
and tinajas monitoring protocol: Chihuahuan and Sonoran Desert Networks. 
Natural Resource Report. NPS/CHDN/NRR—2018/1796. National Park 
Service. Fort Collins, Colorado 

 

PRESENTATIONS 
SE Null, G Goodrum*, W Bosen, M Quinn, A Willis, S McClain. December 2024. Dam 

Removal as a Strategy for Climate Resilience [Abstract ID: 1581288]. American 
Geophysical Union Fall Meeting. Washington, DC. 

SE Null*, G Goodrum, S Pineda, E Turney, G Sancho-Juarez, C Morrisett, C Gray, A 
Farshid. December 2023. Reservoir storage variability and volatility in the 
Western USA [Abstract ID: 1448656]. American Geophysical Union Fall 
Meeting. San Francisco, CA. 

Goodrum, G* and SE Null. July 2023. Optimizing Water Management for Water Supply 
and Fish Habitat in the Bear River Basin. American Water Resources Association 
(AWRA) Summer Conference. Denver, CO. 

Goodrum, G* and SE Null. August 2022. Improving Fish Habitat Representation for 
Water Management Modeling [Abstract ID: 494]. American Fisheries Society 
Annual Meeting. Spokane, WA. 

Goodrum, G*. June 2022. Modeling Aquatic Habitat Suitability and Connectivity in 
Utah Rivers Workshop. Principal Organizers and Presenter. Utah Division of 
Wildlife Resources. Salt Lake City, UT. 

Goodrum, G* and SE Null. December 2020. Fishing for the big picture: Aquatic habitat 
representation at large spatial scales [Abstract ID: 711941]. American 
Geophysical Union Fall Meeting. San Francisco, CA. 

Goodrum, G*. November 2019. Improving aquatic habitat representation in Utah using 
large spatial scale environmental datasets. US Forest Service Region 4 Soil, 
Water, Air, Fisheries, Aquatics, and Wildlife Workshop. Ogden, UT. 

Null, SE*, S Lohani, L Prudencio, G Goodrum, C Morrisett, CA Gray. October 2019. 
Environmental effects of dam construction in the Se Kong, Se San, and Sre Pok 
(3S) Rivers of the Lower Mekong Basin: A literature review. American Fisheries 
Society and The Wildlife Society Joint Annual Conference. Reno, NV. 

* = Presenting author 
 

TRAININGS AND CERTIFICATIONS 
Current Wilderness First Responder + CPR + Wilderness Anaphylaxis Training 



168 

2022 Planning and Executing Successful Rotenone & Antimycin Projects, 
American Fisheries Society. Logan, UT. 

2021 Enabling Interdisciplinary and Team Science Workshop, American Institute 
of Biological Science (AIBS). Logan, UT. 

2019 Spatial statistical modeling on stream networks workshop, US Forest Service 
Rocky Mountain Research Station. Boise, ID. 

2016 Field water quality methods for surface water, US Geological Survey. 
Devner, CO. 

 
 
AWARDS AND HONORS 
Student Travel Award, American Fisheries Society Annual Meeting, 2022 
Melvin E. Hecht Award for Overall Excellence, University of Arizona, 2009 
 
 
SERVICE AND OTHER PROFESSIONAL ACTIVITIES 
2022-Present Reviewer, Journal of the American Water Resources Association 

(JAWRA) 
2021-2022 USU Ecology Center, Graduate Student Committee Member 
2020-2021 QCNR Graduate Student Council, WATS Department Representative 
2019-2020 QCNR Graduate Student Council, Ecolunch Coordinator 

 

PROFESSIONAL SKILLS 
• Science communication: Experience communicating scientific findings and 

project status through peer-reviewed publications, reports to agency and funding 
partners, and public presentations to scientific, practitioner, and public audiences.  

• Collaboration: Experience collaborating with academic partners, federal and 
state agencies (US National Park Service, Fish and Wildlife Service, Bureau of 
Land Management, Utah Divisions of Wildlife Resources and Water Resources), 
and non-governmental organizations (American Rivers, Resources Legacy Fund).  

• Leadership: Extensive experience organizing 4- to 6-person teams to accomplish 
organizational objectives over annual time periods including field-based data 
collection, data analysis, and report generation.  

• Mentorship: Successful mentorship of 15+ agency interns with US National Park 
Service and undergraduate research assistants at Utah State University. Extensive 
teaching experience including lecturing and course material development for both 
university courses and practitioner professional training (in partnership with the 
American Fisheries Society). 



169 

• Spatial analysis and cartography: ArcGIS, R spatial, spatial statistical network 
modeling (SSN), cartographic design and map publication 

• Hydrological modeling: WEAP, HEC-RAS 
• Optimization modeling: General Algebraic Modeling Software (GAMS), Python 
• Computer and statistical programming: R, Python, GitHub 
• Data management: SQL Server, MS Access, data model design 
• Medical: Wilderness First Responder 
• Wildland Fire: Firefighter Type II (2012), READ Fireline Resource Advisor 

(2016) 
• Dam/Instream Barrier Assessment: Fish passage assessment, remote/GIS 

barrier detection, hydroeconomic valuation, removal cost estimation, dam/barrier 
removal optimization, stream network connectivity modeling 

• Stream Field Techniques: Water quality sampling, water temperature 
monitoring, flow monitoring, longitudinal and cross-sectional profiling, sediment 
sampling, macroinvertebrate sampling (kick net, drift net) 

• Fish Field Techniques: Electrofishing (backpack, raft), fish netting (seine, 
trammel, gill, hoop), fish population monitoring (passive integrative transponder, 
visible implant elastomer), fish diets 

• Vegetation Field Techniques: belt transect, nested plot, community mapping, 
dichotomous keying, fuel monitoring, burn severity, biological soil crust cover 
and identification 

 
 
REFERENCES 
Sarah Null, Professor 
Utah State University 
5210 Old Main Hill, Logan, UT 84322 
sarah.null@usu.edu  
435.881.9985 (Sarah is on sabbatical in Argentina until August 2025 and unavailable via 
phone) 
 
Tim Walsworth, Assistant Professor 
Utah State University 
5210 Old Main Hill, Logan, UT 84322 
timothy.walsworth@usu.edu   
435.881.9985 
 
 
 

mailto:sarah.null@usu.edu
mailto:timothy.walsworth@usu.edu


170 

Don Wiley, Aquatic Habitat/Migration Initiative Coordinator 
Utah Division of Wildlife Resources 
1594 W North Temple, Salt Lake City, UT 84116 
donwiley@utah.gov 
801.368.8664 

mailto:donwiley@utah.gov

	Aquatic Habitat Representation for Robust Water Resources Management and Fish Conservation Decision-Making
	Recommended Citation

	ABSTRACT
	PUBLIC ABSTRACT
	ACKNOWLEDGMENTS
	LIST OF TABLES
	LIST OF FIGURES
	CHAPTER 1 INTRODUCTION
	References

	CHAPTER 2 DAMNING THE LAKE: TRADEOFFS BETWEEN WATER SUPPLY, FISH HABITAT, AND GREAT SALT LAKE FROM PROPOSED DAMS IN UTAH’S LOWER BEAR RIVER
	Abstract
	1. Introduction
	2. Methods
	2.1. Study area and system
	2.2. Conceptual overview
	2.3. Water supply objective using hydro-economic optimization modeling
	2.3.1. Optimization model data and implementation

	2.4. Fish habitat objective using habitat suitability
	2.4.1. Equilibrium temperature model
	2.4.2. Fish habitat suitability
	2.4.3. Fish habitat modeling data and implementation

	2.5. Great Salt Lake elevation objective and water balance
	2.5.1. Mass balance model data and implementation

	2.6. Model runs for development alternatives

	3. Results
	3.1. Optimization model evaluation
	3.2. Water supply for agricultural and M&I demand areas
	3.3. Stream habitat for Bonneville Cutthroat Trout
	3.4. Great Salt Lake elevation and condition

	4. Discussion
	4.1. Impacts of new water demands and proposed dams
	4.2. Limitations
	4.3. Implications for Lower Bear River and Great Salt Lake water management

	5. Conclusion
	Acknowledgments
	References
	Tables and Figures

	CHAPTER 3 ROBUST INSTREAM BARRIER REMOVAL FOR RESTORING FISH HABITAT CONNECTIVITY
	Abstract
	1. Introduction
	2. Methods
	2.1. Study area and species
	2.2. Conceptual overview
	2.3. Stream temperature data
	2.4. Stream temperature suitability function
	2.5. Uncertainty of stream temperature data and suitability function parameters
	2.6. Habitat suitability and uncertainty estimates for conservation objectives
	2.7. Barrier removal optimization model
	2.8. Assessment of habitat suitability estimate uncertainty and barrier removal robustness

	3. Results
	3.1. Habitat suitability estimates and uncertainty analysis
	3.2 Sensitivity of optimal barrier removals

	4. Discussion
	4.1. Robust barrier removals with uncertain habitat suitability
	4.2. Limitations
	4.3. Implications for barrier removal and habitat restoration

	Acknowledgments
	References
	Tables and Figures

	CHAPTER 4 PREDICTING ROAD-CROSSING BARRIER PASSABILITY FOR RIVER CONNECTIVITY ANALYSIS
	Abstract
	1. Introduction
	2. Methods
	2.1. Overview of approach
	2.2. Study area
	2.3. Barrier data and detection
	2.4. Barrier surveys
	2.5. Passability prediction methods
	2.7. Uncertainty of passability prediction methods
	2.8. Evaluation of passability predictions
	2.9. Stream network connectivity

	3. Results
	3.1. Barrier surveys
	3.2. Passability prediction method performance

	4. Discussion
	4.1 Road crossings and stream network connectivity
	4.2 Limitations
	4.3 Implications for barrier removal and habitat conservation

	Acknowledgments
	Data availability statement
	References
	Tables and Figures

	CHAPTER 5 CONCLUSION
	APPENDICES
	APPENDIX A: SUPPLEMENTAL INFORMATION FOR CHAPTER 3
	APPENDIX B: SUPPLEMENTAL INFORMATION FOR CHAPTER 4
	1. Methods for assigning passability to instream barriers


	CURRICULUM VITAE

