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ABSTRACT 
 
 
 

INTEGRATED ASSESSMENT OF WATER SHORTAGE UNDER CLIMATE, LAND USE, 

AND ADAPTATION CHANGES IN THE CONTIGUOUS UNITED STATES 

 
 

Water scarcity is a critical global challenge. Water managers pursue water supply- and 

demand-side strategies, including construction or enhancement of water supply systems, 

conservation, and water reuse, to address water security driven by changes in climate, population, 

and land use. However, the effects of these strategies to mitigate future water shortages under 

dynamic climate and socioeconomic conditions at various spatial and temporal scales remain 

unclear. The overarching goal of this dissertation is to (1) improve understanding of the 

interconnections and interactions between climate, socioeconomic, hydrological, and institutional 

factors that influence water shortage at the river basin level, and (2) conduct an integrated 

assessment of water and land use management strategies. The dissertation is organized into three 

research studies. The first study explores water shortages in the South Platte River Basin (SPRB) 

and the potential benefits of investing in storage infrastructure and demand management strategies. 

The second study develops a methodology to understand the interactions between land use 

planning, water demands, shortage vulnerability, and effects on associated economic value. The 

third study expands the integrative assessment framework to assess changes in water demand, 

supply, and withdrawals, and identify effective mitigation strategies across river basins in the 

Contiguous United States over a range of climatic and socioeconomic pathways that are forecasted 

for the coming decades.  
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In the first study, we develop data analysis and modeling tools to project water demands, 

supply, and shortages in the SPRB by the mid and end of the 21st century, examine the efficacy of 

adaptation strategies to reduce water shortages, and explore conditions under which reservoir 

storage and demand management would serve benefits for reduction of the vulnerability of 

economic sectors to water shortages. We implement two demand modeling tools to simulate the 

current and future urban and agricultural water demand in the river basin. Water yield is simulated 

using calibrated and tested Variable Infiltration Capacity (VIC) model. The estimated water 

demands and supplies are integrated using the Water Evaluation and Planning (WEAP) model to 

simulate water allocation with a half-monthly timestep to 70 aggregate users in the basin. 

Population growth, climate change, reservoir operations, and institutional agreements were 

considered during the modeling. The study reveals that the vulnerability to water shortages across 

sectors would increase without adaptation strategies. Population growth tends to be the primary 

driver of water shortages in the river basin. Reservoirs in the basin can relieve the sequences of 

the earlier seasonal shift of the water supply by capturing water during the high flow to be used in 

the high-demand seasons. However, additional storage is only beneficial up to a threshold of 

storage capacity to the water supply mean ratio of 0.64.  

The second study focuses on integrating the effects of land use planning and water rights 

institutions into the shortage analysis of the SPRB. The goal is to build a framework to understand 

the complex interactions between climate change, water rights institutions, urban land use 

planning, and population growth, and how they collectively impact the water shortage and 

economic analysis. We apply this framework to the SPRB simulate three water institutions, update 

the urban demand modeling to be a function of the population density, and test different scenarios 

of population locations throughout the basin. Results show that changing water rights institutions 
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has a small impact on total shortages compared to climate change, but substantially impacts which 

users experience shortages. Land use policies influencing population locations have larger impacts 

on shortage and economic value compared to water rights. Finally, distributing the population more 

evenly between upstream and downstream regions reduces water shortages and increases 

associated economic value regardless of water rights institutions and climate conditions. 

The third study employs an integrative modeling assessment framework to assess water 

shortage and effective mitigation strategies in river basins across the Contiguous United States. 

The goals are to improve the methodologies for estimation of water withdrawals, consumptive use, 

and water shortage, and explore the effectiveness of supply- and demand-side adaptation strategies. 

The simulated demands are integrated with the water supply components (groundwater, interbasin 

transfers, water yield, and reservoirs) into a water allocation model for simulating shortage under 

different scenarios. Results reveal that irrigation has the highest historical and future consumptive 

use, over 75% of the total consumptive use. Although the consumptive use ratio receives little 

attention in the literature, it appears to be the most significant parameter for shortage calculations. 

The allocation model provides comprehensive shortage analysis considering shortage volume, 

ratio, and frequency across multiple scenarios for the 204 sub-regions –Hydrologic Unit Code 4 

watersheds–  of the Contiguous United States. Water shortages concentrate between the boundaries 

of the West Region with both the Midwest and the South regions, in addition to Arizona, Florida, 

and the center valley of California. Relying only on sustainable groundwater pumping rates is 

essential to stop the ongoing groundwater depletion, but adds more pressure on demand reduction 

strategies.  

The ongoing research examining water demand, supply, and shortage is important and 

requires further integration of the key influencing variables. This dissertation demonstrates the 
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necessity of an integrated approach to fully understand the relative impacts of the main drivers of 

water allocation and shortage. We highlight that reservoirs play a vital role in balancing seasonal 

fluctuations in the water supply. However, their effect on the 30-year mean annual shortage is 

effective until the storage volume ratio to mean water supply exceeds 64%. Additionally, land use 

policies carry higher direct significance on water shortages compared to water rights. We find that 

distributing the population more evenly throughout the river basin provides the lowest shortage. 

Lastly, the approaches targeting shortage calculation and mitigation should analyze both regional 

and national scenarios under integrated frameworks comparing demand- and supply-side options. 
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CHAPTER 1.  

INTRODUCTION 

 
 

1.1. Research background 

Over half of the global population faces water shortages for at least one month every year 

(Mekonnen & Hoekstra, 2016; Muratoglu et al., 2022). Climate change and population growth 

continue to place pressure on scarce water resources (Cook et al., 2014; Dai, 2013; Flörke et al., 

2018; Martinsen et al., 2019; Richter et al., 2013), increasing the complexity of water resources 

management (Momblanch et al., 2019). Increasing demands driven by population growth, 

industrial expansion, and environmental considerations have intensified the competition for 

limited water resources, particularly in arid western US states (Brewer et al., 2008; Brown, 2006; 

Tidwell et al., 2014). Water managers are now working to find novel solutions that better balance 

water supply with demand (e.g. Golfam et al., 2021; Kolokytha & Malamataris, 2020; Sun et al., 

2017; H. Wang et al., 2020).  

Policymakers often address increasing water scarcity by managing the demand or supply 

sides. Managing demand includes employing water-efficient appliances and irrigation systems 

while reducing irrigated landscapes and improving water-use efficiency (Chinnasamy et al., 2021; 

Dieter et al., 2017; Hering et al., 2013; Ma et al., 2015; Paterson et al., 2015; Sharvelle et al., 

2017). Despite demand reduction efforts, Brown et al. (2019) project that continued population 

growth coupled with changing water supplies will cause water shortages to increase across the US. 

Additionally, demand reduction strategies can impose costs on constituents (Neale et al., 2020; 

Russell & Fielding, 2010).   



2 
 

Water supply options include: building or upgrading reservoirs, groundwater pumping and 

recharge, desalination, rainfall harvesting, water reuse, and others (Blamey et al., 1999; Foti et al., 

2012; Kim et al., 2019; Kirshen et al., 2018; Makropoulos et al., 2008; Rathnayaka et al., 2016; 

Sutherland & Fenn, 2000). Among adaptation strategies for water supply management, reservoirs 

are often found to bolster climate change resiliency by increasing water availability (Hallegatte, 

2009; Iglesias & Garrote, 2015) and, in turn, economic activity (Biemans et al., 2011). Water 

availability is the location- and time-specific water available to be diverted from a stream. In that 

context, reservoirs increase the water availability, not the water supply. Contrasting these findings, 

Brown et al. (2019) conclude that additional reservoirs have minimal effect on decreasing future 

water shortages. However, reservoirs may be more effective at reducing shortages at finer spatial 

and temporal resolutions (Brown et al., 2019). In general, reservoirs have no effect if water is the 

limiting factor (Brown et al., 2019; Foti et al., 2012; Kim et al., 2019). 

In several basins where water supply (e.g., reservoirs) and demand (e.g. increasing block 

rates) management strategies have traditionally been options to address water shortages, these 

methods have diminishing returns since the “low-hanging fruit” has already been picked (Barnett 

et al., 2008; Brown et al., 2019; Gutzler & Robbins, 2011; Seager et al., 2013).  For example, most 

high-quality dam sites have already been developed; where options do exist, environmental 

objections to dams and reservoirs often preclude their construction (Glennon, 2005). Water 

conservation technologies, such as center pivot irrigation or low-flow toilets, have seen mass 

adoption in recent decades such that additional demand-side conservation is likely to require 

substantial behavioral and technological change (Fleck, 2016; Gilligan et al., 2018; P. H. Gleick, 

2002; Sankarasubramanian et al., 2017).  
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Further, there is a limited understanding of how primary drivers of water scarcity—

population location, land use, water institutions, and climate conditions—interact with each other 

at a basin level. Academics and practitioners have long argued for updating water rights institutions 

(water institutions) as a means of dealing with increased water scarcity (Grafton et al., 2013). 

However, explicit water institutions are not the only way to influence water scarcity. How 

populations grow, in terms of land use and housing density policies, also plays an important role 

in determining water demand patterns (A. Miller, 2023; Richter, 2023; Ty et al., 2012). 

The importance of integrating land use and water management has been recognized by 

researchers and policymakers, though its implementation is still limited. Stoker et al. (2022) 

published a literature review on the integration of land use planning and water management and 

highlighted calls for better integration (Angelo, 2001; Carter et al., 2005; Lucero & Dan Tarlock, 

2003; Mitchell, 2005; Plummer et al., 2011; Shandas et al., 2015; Stoker et al., 2022; X. Wang, 

2001). Similarly, Colorado’s Governor has acknowledged the need for intentional land use/housing 

density policy given its clear implications for, inter alia, water use and continued economic 

prosperity (A. Miller, 2023). 

Research studies that focus on a single component of water resources assessments are way 

more than studies that integrate them. Several studies focused on the water supply sides (e.g. 

Archfield et al., 2016; Dudley et al., 2017; Hammond et al., 2022; Konikow, 2015; Megdal et al., 

2015; Rateb et al., 2020). Other studies focused on water demand sides e.g. (Brown, 2000; Brown 

et al., 2013; Chinnasamy et al., 2021; Warziniack et al., 2022). 

In the United States, water supplies are expected to face more extreme hydrologic events 

(Brown et al., 2019; Foti et al., 2014a; Leng et al., 2016; Naz et al., 2016) which can lead to more 

severe and protracted droughts (Wehner et al., 2017). Also, climate change had major 
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consequences and is projected to continue affecting several river basins across the country 

(Dettinger et al., 2015; Haddeland et al., 2014; Palmer et al., 2008). The most obvious issue is the 

mega-drought that started in the year 2000 and still going on in the Colorado River Basin in the 

Southern Western US (O. L. Miller et al., 2021; Richter, 2023; Villarini & Wasko, 2021; Wheeler 

et al., 2022; Williams et al., 2022). According to the survey by Rudd & Fleishman (2014), the 

question of how much water is needed to sustain the future population and ecosystems is the most 

emerging among policymakers and scientists (Rudd & Fleishman, 2014).  

Improving water demand forecasts will help planners understand and optimize future 

investments in water supply infrastructure and related programs (Ashoori et al., 2017). The 

increasing water demand contributes twice as much as the decreasing water availability to water 

shortage (Yan et al., 2006). Water scarcity is not just a supply problem, but also a demand problem, 

and is not truly scarce in most of the world at a national scale (Rijsberman, 2006). A recent U. S. 

Geological Survey water‐use report suggests that increasing water‐use efficiency could mitigate 

the supply‐and‐demand imbalance arising from changing climate and growing population 

(Sankarasubramanian et al., 2017). Population and economic growth alone would increase water 

stress in the United States through mid‐century (Blanc et al., 2014). Water is at the center of a 

complex and dynamic system involving climatic, biological, hydrological, physical, and human 

interactions (Blanc et al., 2014). 

1.2. Research objectives 

The overall goal of this dissertation is to enhance the capacity for water demand and 

shortage calculations in an integrated water resources management framework under climate, 

socioeconomic, land use, institutional, and adaptation changes. Specifically, the objectives are to: 



5 
 

1. Predict future water demands and shortages in the South Platte River Basin (SPRB) under 

the effect of climate and land use changes and population growth. 

2. Test the efficacy of demand reduction and additional strategies for reducing shortages in 

SRPB. 

3. Generalize the finding of when and where investing in additional storage would reduce 

shortages compared to demand reduction 

4. Develop an integrated land use planning and water management model. 

5. Examine the effects of climate, water rights institutions, and land use on water shortage 

and economic values in the SPRB. 

6. Analyze how the location of population across the basin changes water allocation patterns 

and identify the optimal setup to reduce shortages and increase economic benefits. 

7. Provide improved water withdrawals and consumption projections with reproducible 

methodologies at the sub-region levels for the contiguous US. 

8. Provide better estimates of groundwater mining historically, and required in the future. 

9. Improve the water allocation simulations by considering updated demand projections along 

with the newest available water yield and inter-basin transfers. 

10. Improve the water shortage calculations by considering shortage volume, ratio, and 

frequency across multiple scenarios. 

Achieving these research objectives provides a more accurate water shortage vulnerability 

assessment under future conditions, which in turn could assist policy-makers and local water 

planners in their decision to adopt the best efficient adaptation strategies.  
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1.3. Organization of the dissertation 

Chapter 1 presents a holistic research background and the main objectives and significance of this 

dissertation. 

Chapter 2 focuses on projecting the water demands and shortages in SPRB, then applying a 

sensitivity analysis for demand and supply management strategies to identify general results of the 

conditions where additional storage and demand reduction would effectively reduce water 

shortages. 

Chapter 3 develops a modeling framework that integrates the effects of land use policies, water 

rights, location of population, and climate change into a hydro-economic model. The methodology 

is applied to SPRB for providing the relative effects of these factors under the effect of climate 

changes on the water shortages and the economic values. 

Chapter 4 changes the scale of the study from specific basins to national scale water management 

analysis for the United States. Demand and supply data are modeled and integrated into a water 

allocation model to simulate water shortage under several future conditions. 

Chapter 5 combines important closing remarks, summaries of findings of the current research, 

and suggestions for future directions. 

The second chapter of the dissertation has been published in the journal of "The Science of the 

Total Environment" with the following citation: 

Gharib, A. A., Blumberg, J., Manning, D. T., Goemans, C., & Arabi, M. (2023). Assessment of 
vulnerability to water shortage in semi-arid river basins: The value of demand reduction and 
storage capacity. The Science of the Total Environment, 871(January), 161964. 
https://doi.org/10.1016/j.scitotenv.2023.161964 

https://doi.org/10.1016/j.scitotenv.2023.161964
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The third chapter is under review in the journal of "Water Resources Research" with the title: 

“Integrated Land Use Planning and Water Management under Different Water Rights Institutions: 

Methodology and Application”  
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CHAPTER 2.  

ASSESSMENT OF VULNERABILITY TO WATER SHORTAGE IN SEMI-ARID RIVER 

BASINS: THE VALUE OF DEMAND REDUCTION AND STORAGE CAPACITY 

 
 
Interest in securing reliable water supplies has increased due to climate change and rapid 

population growth. This challenge is significant in growing areas with limited water supplies. To 

meet water demands, water managers are considering new storage infrastructure to increase the 

reliability of water supplies while also identifying opportunities to reduce water use per person. 

Although these strategies change water consumption patterns, their success at reducing shortages 

across space and time for different climate change scenarios remains unclear. In this paper, 

population- and climate-dependent future water supply and demand models are developed and 

integrated into a water allocation model calibrated for the South Platte River Basin of Colorado. 

Eight future climate scenarios are simulated using four statistically downscaled models from the 

Coupled Model Inter-Comparison Project Phase 5 (CMIP5) with two Representative 

Concentration Pathways (RCP). Lastly, findings from the water allocation model simulations are 

generalized beyond the study area using a novel approach by introducing dimensionless indices to 

characterize water shortage and basin conditions. Results reveal a threshold ratio of total storage 

capacity to mean water supply with a value of 0.64 above which additional storage has no effect 

on total water shortages. This threshold communicates the limitation of building storage 

infrastructure as a strategy to adapt to decreasing average water supplies for basins considering 

increasing storage capacity. However, basins with low current capacity are likely to fall below the 

threshold and could invest in reservoirs to mitigate future shortages.  
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2.1. Introduction 

Over half of the global population face water shortages for at least one month every year 

(Mekonnen & Hoekstra, 2016; Muratoglu et al., 2022). Climate change and population growth 

continue to place pressure on scarce water resources (Cook et al., 2014; Dai, 2013; Flörke et al., 

2018; Martinsen et al., 2019; Richter et al., 2013), increasing the complexity of water resources 

management (Momblanch et al., 2019). In the United States, water supplies are expected to face 

more extreme hydrologic events (Brown et al., 2019; Foti et al., 2014a; Leng et al., 2016; Naz et 

al., 2016) which can lead to more severe and protracted droughts (Wehner et al., 2017). Adaptation 

to increasing water scarcity can be achieved through a variety of demand- or supply-side strategies.  

Demand-side strategies involve reducing total water use, which may include employing 

water-efficient appliances and irrigation systems, applying deficit irrigation, reducing irrigated 

landscapes, and improving industrial water-use efficiency (Chinnasamy et al., 2021; Dieter et al., 

2017; Hering et al., 2013; Ma et al., 2015; Nouri et al., 2019; Paterson et al., 2015; Sharvelle et 

al., 2017). Despite demand reduction efforts, Brown et al. (2019) project that continued population 

growth coupled with changing water supplies will cause water shortages to increase across the US.  

Regarding supply management, Brown et al. (2019) find that additional storage 

infrastructure has limited impacts on reducing water scarcity. However, increasing water 

availability through storage infrastructure investment continues to receive attention (Foti et al., 

2012; Kim et al., 2019), in part because of the significant interest in maintaining agricultural 

production (Qin et al., 2020; Rosegrant & Ringler, 2000; P. Thornton et al., 2018). For example, 

the recently passed “Infrastructure Investment and Jobs Act” (HR 3684) in the US contains more 

than $1 billion for the construction of water storage and conveyance projects (P. Gleick et al., 

2021). To ensure the efficacy of projects financed with scarce public funds, it is important to 
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identify the conditions in which additional water storage can decrease the prevalence of water 

shortages.  

Some recent studies have modeled climate effects on water supplies and demands across 

the US without explicitly testing adaptation strategies (Blanc et al., 2014; Foti et al., 2012, 2014b, 

2014a; Roy et al., 2012; Strzepek et al., 2010). Brown et al. (2019) simulate the effectiveness of 

four alternative adaptation strategies in reducing expected water shortages across the US at the 

HUC-4 level, however return flows were not considered. Among adaptation strategies for water 

supply management, reservoirs are often found to bolster climate change resiliency by increasing 

water availability (Hallegatte, 2009; Iglesias & Garrote, 2015) and, in turn, economic activity 

(Biemans et al., 2011). Water availability is the location- and time-specific water available to be 

diverted from a stream. In that context, reservoirs increase the water availability, not the water 

supply. Contrasting these findings, Brown et al. (2019) conclude that additional reservoirs have 

minimal effect on decreasing future water shortages. However, reservoirs may be more effective 

at reducing shortages at finer spatial and temporal resolutions (Brown et al., 2019). In general, 

reservoirs have no effect if water is the limiting factor (Brown et al., 2019; Foti et al., 2012; Kim 

et al., 2019). 

In this paper, a model of water supply and demand in the South Platte River Basin (SPRB) 

of Colorado is developed to examine if additional storage infrastructure reduces the vulnerability 

to water shortage -the probability of water demands exceeding water supplies- through the end of 

the 21st century. The model contains detailed information on water supplies, demands, and 

allocation rules at a half-monthly timestep. The Variable Infiltration Capacity (VIC) model is used 

to measure and project water supply, the Integrated Urban Water Model (IUWM) model to simulate 

urban water demand, and the DayCENT model to estimate agricultural water requirements, all of 
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which depend on downscaled models of climate change projections. Water supplies are aggregated 

at the HUC-8 level, and 75 users represent both agricultural and urban water demands at different 

points along the stream system. A water allocation model is built and calibrated using the Water 

Evaluation and Planning (WEAP) system (Yates et al., 2005) for the historical period 1985-2014, 

and an uncertainty analysis is conducted to estimate the results’ errors. Required water diversions, 

consumptive use, and water shortages are then simulated for four future climate models with two 

Representative Concentration Pathways (RCP) through the end of the 21st century, and the effects 

of storage capacity and demand reduction on water shortage are examined through 150 model-

scenario combinations. Two dimensionless indices are identified that characterize the system: the 

ratios of storage capacity and average water demand to average water supply. The indices reflect 

the conditions the drive the most effective policy decisions for a given basin. The indices convey 

whether policymakers should prioritize demand reduction strategies or additional storage based on 

the current state of their basin. 

The present paper contributes to the relevant literature in several aspects. First, the model 

captures the climate’s role in influencing water supply and demand at a fine spatial (HUC-8) and 

temporal (half-monthly) scale. The finer scale allows for the examination of shortages from both 

prolonged drought and short periods of high demand and low supply. Second, information is also 

disaggregated to the sector-level to examine how water scarcity impacts agricultural and municipal 

users located at different points along the South Platte River. Third, return flows are explicitly 

incorporated into the model. This innovation is particularly important in the SPRB because total 

water diversions are 200 percent of the average water supply (CWCB, 2015), implying that return 

flows are critical for meeting current and future water demands. Lastly, the presented generalized 
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basins classification from their supply, storage, and demand conditions is an innovation in this 

study through the identified threshold. 

2.2. Methods 

2.2.1. Study Area and Model Overview  

Colorado provides a relevant case study for many western US states due to its quickly 

increasing population and climate-change-driven changes to water supplies and demands. 

Colorado was one of the fastest-growing states during the last decade, with a 14.8% increase 

totaling 5.7 million people (United States Census Bureau, 2020). This population growth is 

estimated to continue in the future with an estimated total population of 10 million by 2050 

(CWCB, 2019b). Climate models predict changes in annual streamflow by 2050 of between -5% 

and 8% (Lukas et al., 2014) and temperatures have increased since the beginning of the 20th century 

(Lukas et al., 2014; NOAA, 2021). Since 1980, the statewide average temperature has increased 

by 1.1°C (Lukas et al., 2014), a trend that is expected to accelerate with increases of 1.4 to 3.6 °C 

by 2050.  

The SPRB, within Colorado, is a snow-dependent basin located in a semi-arid region with 

highly variable hydrology and The SPRB is one of the fastest-growing areas in the US, with dense 

agriculture and urban communities. The long-term mean annual water supply from native and 

transferred sources is 2.34 billion cubic meters (BCM) (CWCB, 2015). Surface water diversions 

totaled 4.93 BCM/y, with 2.59 BCM/y coming from return flows. The State Water Plan (CWCB, 

2015) expects the gap between water demand and supply to range from 0.44 to 0.58 BCM/y by 

2050 (CWCB, 2015), and it is estimated that the SPRB will face an 8.5% decrease in stream 

discharge for every 1°C increase in temperature in the worst-case climate scenario (Aliyari et al., 

2021). Overall, examining strategies that decrease water shortages can produce significant benefits 
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for the study area in this research as well as provide general insights into vulnerable basins 

throughout the western US. 

Irrigated agricultural land is primarily located downstream of urban areas, and return flows 

from cities are often used to meet agricultural water demands (Figure 2.1a). Following Dozier et 

al. (2017), the SPRB in our simulation, is divided into five regions: North, North Central, Central, 

South Metro, and East, which creates a spatially heterogeneous distribution of water demands 

(Figure 2.1a). Each region represents one or more counties and has 15 stylized users. Twelve 

agricultural (Ag) users represent six staple crops using flood or sprinkler irrigation systems, and 

three urban users represent demands for (1) residential indoor, (2) commercial, industrial, and 

institutional indoor (CII), and (3) total (residential plus CII) outdoor water use. Fourteen nodes 

represent the model’s water supply at the sub-regions’ (HUC 8 level) headwaters (Figure 2.1a). 

Additionally, six main hydraulic structures are connected to the sub-regions, representing the water 

transferred to the SPRB from other watersheds. In each sub-region, existing reservoirs are 

aggregated into one representative reservoir. 
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Figure 2.1: a) South Platte River Basin (SPRB) extent, cities and irrigated fields in SPRB, the five modeled regions, 
and the HUC-8 sub-regions. b) The study boundary with Koppen climate classification and the selected climate 
location in each region. 

The modeling framework contains three main components (Figure 2.2). First, land use and 

population data are summarized at the annual level, and climate data are summarized at the daily 

level. These data are then used as inputs for the second component of the framework, the water 

supply and demand models, which provide output at the half-monthly timestep for the model 

regions and sub-regions described above. Lastly, water is allocated to users at each timestep using 

the WEAP model (Yates et al., 2005), hereinafter referred to as WEAP-SP. WEAP uses linear 

programming to solve the optimization function of maximizing water demand satisfaction subject 

to mass balances, allocation priority, water availability, and other constraints. The model runs at 

each timestep sequentially without foresight.  

In total, WEAP-SP has 20 supply nodes, 60 Ag demand nodes, 15 urban demand nodes, 

ten reservoir nodes, one outflow requirement node, natural river links, diversion links from rivers 
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to demand nodes, and return flow links from demand nodes to streams (Figure A1). WEAP-SP 

runs from 1981 to 2099, with the first four years to initiate the model, followed by 30 years for 

calibration from 1985 to 2014, defined as the historical period. Future water allocations from 2015 

to 2099 are then simulated using eight climate scenarios. Two 30-year periods—the near-future 

period from 2025 to 2054 and the far-future period from 2070 to 2099—are compared with the 

historical results. Lastly, the relative effectiveness of several adaptation strategies at reducing 

expected shortage is examined. The following sections provide additional detail on each of the 

model components and the uncertainty analysis for results. 

 

Figure 2.2: The integrated modeling framework 

2.2.2. Climate Data 

Climate data is essential for this study and is used in all three of the water supply and 

demand models (Figure 2). According to Koppen Climate Classification (Chen & Chen, 2013), the 

SPRB is primarily a cold semi-arid climate (BSK), humid continental climate (Dfa & Dfb), or 

Subarctic climate (Dfc) (Figure 2.1b), depending on seasonal temperature, precipitation patterns, 

and vegetation types (Chen & Chen, 2013). To capture the heterogeneity in climate classifications, 
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one location near the centroid of each region is selected to represent the climate in the water 

demand models’ simulations (Figure 2.1b). 

Historical climate data from 1980 to 2015 is obtained from Naz et al. (2016), which is 

calculated using a combination of three datasets: the Parameter‐elevation Regressions on 

Independent Slopes Model (PRISM) dataset (Daly et al., 2008), Daymet dataset (P. E. Thornton et 

al., 1997), and the North American Regional Reanalysis (NARR) dataset (Mesinger et al., 2006). 

Daily precipitation and minimum and maximum temperature estimates from Daymet are biased 

corrected at a monthly time scale using PRISM, and wind speed is obtained from NARR.  

Several global climate models (GCM) predict the future climate at different scales. 

However, GCM estimates are inappropriate for high-resolution studies as they generally have a 

coarse grid resolution (roughly 150 to 200 km grids) (Heidari et al., 2020; Naz et al., 2016). Hence, 

the projected climate data from Abatzoglou & Brown (2012), that use Multivariate Adaptive 

Constructed Analogs (MACA) to downscale GCMs from coarse to high spatial resolution were 

used in this study. The MACA daily dataset has 20 climate models downscaled for the entire 

conterminous United States (CONUS) from 1950 to 2099 at approximately a 4 km grid under 4.5 

and 8.5 Representative Concentration Pathways (RCP) scenarios from the Coupled Model Inter-

Comparison Project Phase 5 (CMIP5). Joyce & Coulson (2020) selected five of the available 

climate models to represent five ranges of predicted future climate in CONUS: hottest (HadGEM2‐

ES365), driest (IPSL‐CM5A‐MR), wettest (CNRM‐CM5), warmest (MRI‐CGCM3), and a model 

representing the middle predictions. For this study, the four extreme models -HOT, DRY, WET, 

and WARM- under RCPs 4.5 and 8.5 are used for future projections, resulting in a total of eight 

climate scenarios from 2015 to 2099 (Refer to Appendix A section 3 for more details). 
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2.2.3. Water Supply  

In the SPRB, total water supply is the water yield produced within the basin plus the water 

transferred from adjacent basins via hydraulic structures. The within-basin water yield, comprised 

of surface runoff and baseflow, was simulated by Heidari et al. (2020) using the Variable 

Infiltration Capacity (VIC) model (Liang et al., 1994). VIC is a semi-distributed macroscale scale 

model used to solve full water and energy balances and simulate land-atmosphere fluxes and flow 

routing (Heidari et al., 2020; Warziniack et al., 2022). Building on the work by Oubeidillah et al. 

(2014) and Naz et al.(2016) to set, calibrate, and evaluate the VIC model at a grid size of 4 km for 

CONUS, Heidari et al. (2020) ran the model using the five selected climate models by Joyce & 

Coulson (2020) and summarized the results at the sub-region level, as described in the previous 

section. 

Although several studies have been published using Heidari et al. (2020) results (Heidari, 

Arabi, & Warziniack, 2021; Heidari, Arabi, Warziniack, et al., 2021; Warziniack et al., 2022), none 

of them checked the bias between the water yield simulations using historical and modeled climate 

data. To address this, the Kolmogorov-Smirnov test was performed to compare the statistical 

performance of the water yield in SPRB generated from the eight climate scenarios and the 

historical climate from 1985 to 2014. In seven of the eight scenarios, excluding the DRY-8.5 

scenario, KS results suggest that their simulated annual water yield follows the same distribution 

of the water yield generated using the historical climate data. This finding supports the use of water 

yield generated from these seven scenarios without bias correction; additional analyses are 

available in section 13 of Appendix A. In this paper, the DRY-8.5 scenario is nevertheless included 

to represent an extreme drought scenario. This simulated water yield is referred to as the native 

water supply. 
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The transferred water from nearby basins, referred to as out-of-basin water supply, 

represents approximately 20% of the mean annual total water supply in the SPRB. The HydroBase 

database, maintained by the Colorado Division of Water Resources (CWCB, 2019a), provides 

daily streamflow from out-of-basin water sources downstream of the hydraulic structures. Six 

major structures are identified to represent the out-of-basin supply, which accounts for almost 98% 

of the historical transferred water. Future out-of-basin supplies at each hydraulic structure are 

forecasted using the ‘forecast’ package in R (Rob J. Hyndman & Yeasmin Khandakar, 2008), 

which performs an Auto-Regressive Integrated Moving Average (ARIMA) model with automatic 

parameter estimation and an external regressor. The ARIMA model predicts the future half-

monthly out-of-basin supply extending from the historical out-of-basin supply time series. The 

native water supply from VIC is used as the external regressor. 

2.2.4. Water demand 

2.2.4.1. Land Use, Population, and Urban Water Demand 

Climate, land use, population, and housing are the main components for estimating urban 

water demand. Land use data is acquired from the Multi-Resolution Land Characteristics (MRLC) 

consortium National Land Cover Database (NLCD) raster images and then processed for years 

2001, 2006, 2011, and 2016 using ArcGIS to calculate the urban area in each region. In the NLCD,  

urban areas are represented by open space areas and low-, medium-, and high-intensity developed 

areas. MRLC also provides the 1992 NLCD, but with a different format, so the desired four urban 

categories for 1992 are estimated using the conversion factors suggested by Fry et al. (2009).  

Annual land uses are then linearly interpolated between observed years for each region. 

In the SPRB, urban land use and population are projected to increase. The Integrated 

Climate and Land Use Scenarios (ICLUS) tool developed by the Environmental Protection Agency 
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(EPA) provides land use changes and population projections on a decadal basis from 2020 to 2100 

for different scenarios (EPA, 2017). The “SSP5 RCP85 HadGEM2-ES” scenario is selected from 

the ICLUS V2.1.1 (EPA, 2020) database, because its 2050 projected population lies in the range 

of possible population projections of the Colorado Water Plan (CWCB, 2019b). Also, land use in 

this scenario represents the highest developed urban area. The ICLUS land use data is reclassified 

to the NLCD land use categories by estimating conversion parameters by matching the 2010 

ICLUS with the 2011 NLCD datasets. 

Historical annual population is obtained from the Colorado Department of Local Affairs 

(DOLA, 2020),ado and future population from ICLUS (EPA, 2020). ICLUS provides the decadal 

population projections at the county or multi-county level, so model regions 3 and 4 in this study 

are combined in the ICLUS dataset. To rectify this, a linear regression model is used to estimate 

the population in region 3 as a function of the population in region 4 using their annual historical 

records, achieving a fit of 0.96 R-squared. The same linear model is then used to split the future 

population of the two regions. The Colorado Department of Local Affairs also provides the number 

of households, which is required in the water demand model, so another linear regression model 

is used to estimate the number of households as a function of population (0.99 R-squared). It is 

then used to predict the future number of households from the projected population (equation 2.1), 

refer to Appendix A section 2 for details about all the regression models used in this study. 

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐻𝑜𝑢𝑠𝑒ℎ𝑜𝑙𝑑𝑠 = 0.4026 ∗ 𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛 2.1 

 Using the variety of data described above, the Integrated Urban Water Model (IUWM), a 

municipal water use forecasting tool, is used to simulate urban water demand in each region 

(Sharvelle et al., 2017). IUWM uses a daily mass balance approach to estimate the water demand 

in three categories: residential indoor, CII, and outdoor residential (Sharvelle et al., 2017). IUWM 
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inputs include daily precipitation, daily temperature, urban land use in the NLCD format, 

population, the number of households, and other model parameters -Net irrigation requirement 

met, plant factor, the minimum threshold temperature for which irrigation is applied, irrigation 

efficiency, and indoor demand power function parameters-. IUWM also can simulate the use of 

alternative water sources (i.e., wastewater, greywater, and stormwater) and water conservation for 

indoor and outdoor demands.  

Five IUWM models are built to simulate the urban water demand in each of the five regions 

using the relevant climate data. IUWM requires many calibration parameters. Neale et al. (2020) 

and Sharvelle et al. (2017) calibrated models for the cities of Denver and Fort Collins, both located 

in the SPRB, and their reported calibration parameters are applied to the relevant regions in the 

present study. Historical and future annual urban water demands are presented in Figure 3, where 

climate is the only input that varies across the future scenarios. 

2.2.4.2. Agricultural Consumptive Use (Net Water Irrigation Requirement)  

This study simulates water demands for irrigated lands with access to surface water. Two 

trends are observed in the agricultural sector in the SPRB: declining total irrigated lands and the 

steady transition from flood to sprinkler irrigation. Six irrigated crops account for 99% of irrigated 

land in the SPRB: corn, alfalfa, grass pasture, wheat & small grains, sugar beets, and dry beans 

(CWCB, 2019a). In 1976, irrigated lands were 3,400 km2 with 5% as sprinkler irrigation (CWCB, 

2019a). In 2015, irrigated lands decreased to 2,589 km2 with 43% as sprinkler irrigation (CWCB, 

2019a). For this analysis, the irrigated crop area, crop mix, and irrigation technologies for future 

simulations are fixed at 2015 levels. Hence, only climate drives the variability in Ag water 

demands over time.  
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Net irrigation requirements for each crop in each region are estimated using the DayCENT 

model (Parton et al., 1998). DayCENT is a daily timestep version of the CENTURY model, which 

is used widely in agroecosystem studies to simulate terrestrial croplands, grasslands, forest lands, 

and savannas (Del Grosso et al., 2000). Inputs for DayCENT include daily temperature, daily 

precipitation, soil classification, land use, cultivation schedules, planting, and nutrient 

amendments. The model simulates several of ecosystem parameters including soil carbon, water 

balance, plant productivity, methane emissions, nitrous oxide, and nitrogen dynamics (Del Grosso 

et al., 2006; Dozier et al., 2017; Ogle et al., 2010; Robertson et al., 2018; Stehfest et al., 2007; 

Zhang et al., 2020). The output used in this study is the irrigation depth, defined as the depth of 

water required to produce 100% crop yield.  

The calibrated DayCENT model used in this study is provided by Zhang et al. (2020), with 

293 calibrated sites distributed across the SPRB. The model is run for the calibrated sites for the 

six crops using the historical and future climates of each region. The mean irrigation depth is then 

calculated for each crop in each region and multiplied by the irrigated area of each crop to obtain 

Ag consumptive use (Figure 2.3) over time. Additionally, section 4 in Appendix A shows the 

comparison of the simulated results from VIC, IUWM, and DayCENT compared to their 

monitored values for the study area.  

2.2.5. Water Allocation Model Parameterization and Calibration 

This section presents the integration of the water supplies and demands into WEAP-SP and 

describes the parameterization and calibration of the WEAP-SP. WEAP-SP is manually calibrated 

from 1985 to 2014 by trial-and-error sequential model runs. Calibration parameters include 

delivery efficiency, irrigation application efficiency, percent of consumption uses in the urban 

indoor and CII users, percent of consumptive losses from return flow, and reservoir parameters. 
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Three model outputs are used as main calibration targets: (1) annual water diversions, (2) monthly 

storage, and (3) annual outflow from the basin. The calibration process starts with comparing the 

calibration targets’ results with their observed values from HydroBase  (CWCB, 2019a). WEAP-

SP is re-tuned and re-estimated until it imitates the SPRB current conditions. 

2.2.5.1. Required Water Diversion and Model Efficiencies 

The required water diversion is the total water necessary to be diverted from a stream to 

fulfill a water demand. Hence, required water diversions needed to achieve the water demands 

from DayCENT and IUWM are estimated considering delivery and irrigation application 

efficiencies (Figure 2.3). Application efficiency is already a component of IUWM and is set at 

71% for the outdoor demand, while the indoor and CII consumption ratios are estimated at 20%. 

During the calibration process, delivery efficiencies are set at 80% for Ag users and 75% for urban 

users. The application efficiency for sprinkler irrigation is assumed to be 25 percentage points 

greater than the flood application efficiency, and flood irrigation efficiency is chosen 

independently for each year to predict the historical required diversions during the calibration 

process. A linear regression model of the annual flood application efficiency as a function of the 

annual Ag consumptive uses per unit area is estimated with an R-Squared value of 0.98. Annual 

flood and sprinkler application efficiency are then projected for each future scenario. Lower and 

upper limits for the calculated flood application efficiency are estimated at 35% and 65%, so 

sprinkler application efficiency ranges from 60% to 90%.  

Figure 2.3 summarizes the annual urban water demand from IUWM, the Ag consumptive 

use from DayCENT, and the estimated required diversion from the calibration process for the 

historical period and the eight climate scenarios. Urban water demand has an increasing trend over 

the total simulation time, largely driven by population growth. There are minor annual fluctuations 
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reflecting the effects of different climate scenarios on outdoor demands. Ag consumptive use has 

a slightly declining trend during the historical period reflecting the reduction in irrigated lands and 

the transition from flood to sprinkler irrigation during the historical period. In the future, the annual 

mean of Ag consumptive use across the scenarios remains relatively stable as total irrigated land 

and irrigation technology are fixed after 2015. In general, population growth drives the upward 

trend in required diversions, while climate effects are represented by the shaded area around each 

curve (Figure 2.3). 

 

Figure 2.3: Annual estimated required water diversion, simulated ag consumptive uses, simulated urban water 
demands, and simulated total water supply. The lighter lines are the historical values, and the darker lines are the 
means of the future baseline scenarios. The areas around the means present the maximum and minimum values of the 
future baseline scenarios; this range is not shown for the water supply (blue curve) because it covers the entire plot 
area. Refer to figure A10 for the inflow range. 

In WEAP-SP, as application or delivery efficiencies decrease, more water must be diverted 

from a stream to satisfy a given demand. The difference between diverted and consumed water is 

the return flow,  a portion of which is lost from the system while the rest re-renters the streams. 

All water in WEAP-SP is accounted for through consumptive demands, losses from return flow to 

streams, reservoir evaporation (discussed in the following section), and outflow from the basin. 

From the calibration process, the percent of water lost from the return flow is estimated at 10% 
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and 13% for Ag flood and sprinkler irrigation, 35% for urban outdoor users, and 15% for indoor 

and CII users. The parameter uncertainty is further discussed in section 2.2.6. 

2.2.5.2. Representing Reservoirs 

The SPRB has several reservoirs that store water from high flow season to high demand 

season and from wet to drought years. Total storage in each sub-region is aggregated to a single 

reservoir located downstream of the headwater. This representative reservoir is allowed to store all 

the water supplies connected to this sub-region. Total storage is estimated using recorded monthly 

reservoir levels from 1975 to 2018 in HydroBase (CWCB, 2019a), which are aggregated to the 

sub-region level. At the Basin level, the maximum total quantity of stored water was 1.97 BCM, 

observed in May 1985 (Figure 2.4). The sum of the stated maximum storage of each individual 

sub-region yields 2.25 BCM, implying that the full storage capacity was not reached. In reality, it 

is difficult to for all reservoirs to reach maximum capacity at the exact time due to physical 

limitations and operational difficulties. Therefore, each sub-region’s maximum storage capacity is 

modified to match the maximum observed storage. Empirical cumulative distribution functions 

(ECDF) of the monthly stored water in each sub-region are calculated, and the maximum storage 

capacity for each sub-region is specified at the non-exceedance probability of 0.97, aggregating to 

1.97 BCM storage capacity for the entire study area. 

The dead storage (i.e., stored water below the outlet level of the reservoir) is estimated at 

28% during the calibration process, leaving the active storage at 1.42 BCM. As a secondary 

calibration target, the simulated mean annual evaporation from 1993 to 2013 is compared to the 

simulated evaporation of the South Platte Decision Support System (SPDSS) (CWCB, 2017). The 

models have similar evaporation volumes, with values of 0.18 BCM/y and 0.22 BCM/y for WEAP-

SP and SPDSS reports, respectively. 
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2.2.5.3. Simulating Outflow from the SPRB 

The South Platte River Compact between Colorado and Nebraska (State of Colorado & 

State of Nebraska, 1923) regulates the minimum flow of the South Platte River at Julesburg in 

Colorado, near the states’ border. From April 1st to October 15th, the flow is not to drop below 3.4 

m3/s on any given day which accounts for at least 0.06 BCM. For the remainder of the year, the 

volume of water released to Nebraska should be at least 0.04 BCM with a daily minimum not to 

drop below 0.28 m3/s. Although the compact requires only 0.1 BCM/y to be released to Nebraska, 

the water released is 0.49 BCM on average (CWCB, 2015). According to data from HydroBase 

(CWCB, 2019a), Julesburg station’s annual flow from 1925 to 2017 has a mean, median, and 

standard deviation of 0.49, 0.36, and 0.48 BCM/y. 

The difference between the actual and compact outflow results from several components, including 

the released water from a reservoir when it is full, the un-stored water when water supplies are 

expected to be very high, or the return flow of the most downstream users. To combine the compact 

regulations with the natural flow process, an exponential regression model is estimated to predict 

the half-monthly outflow discharge as a function of the previous ten months’ aggregated native 

water supply volume and the following six months’ aggregated native water supply volume 

(Equation A1). This model has an R-Squared value of 0.94. The exponential model predicts the 

outflow for each future scenario using the VIC native water supply independently from WEAP-SP 

(Figure 2.4). Then, lower and upper bounds of the estimated outflow, 3.4 and 56.6 m3/s, are used 

to satisfy the minimum flow requirements and imitate the historical annual outflow to preserve the 

same environmental conditions.  
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2.2.5.4. Water Allocation Rules 

For the baseline scenario, priority numbers are estimated for each demand node using data 

on actual water rights to best approximate the current makeup of the SPRB. To emulate how water 

is administered under a prior appropriation doctrine, WEAP allocates water to the nodes with high 

priority before those with lower priority. Once water is allocated to a particular node, return flows 

and remaining natural flows are available to downstream nodes. Reservoirs have the lowest 

priorities, preceded by the outflow from the SPRB with the second-lowest priority.  

To estimate priorities for the remaining nodes, priority numbers are aggregated for relevant 

water rights using data from HydroBase (CWCB, 2019a). The priority number communicates a 

ranking within the hierarchy of all water rights in Colorado, which is determined by a right’s 

appropriation and court adjudication date. For urban demand nodes, all water rights within a region 

with relevant uses (e.g., domestic, commercial, or municipal) are identified, and a mean priority 

number, weighted by each right’s decreed flow rate, is calculated. A similar process is used for 

agricultural nodes, however after isolating agricultural water rights within a region, a weighted-

mean priority must first be calculated for all associated irrigation ditches. Priorities are then 

generated for each agricultural node using the mean priority across irrigation ditches weighted by 

the area of each crop with flood and sprinkler irrigation. Every demand node has a fixed priority 

number during the entire simulation time and across simulations. 

In the SPRB, most urban communities are upstream of the agricultural communities in all 

regions. In WEAP-SP, the three urban users exist upstream of the 12 Ag users in each region, where 

each user has access to the return flow from the upstream users. In each region, the urban users are 

arranged such that indoor users are upstream, followed by the CII and outdoor users. The outdoor 

priority number is estimated from HydroBase data, while the priorities for CII and indoor are 
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increased as they are upstream of the outdoor user. Regarding the Ag users, they are located in 

each region according to their priority numbers; the highest priority crop is located upstream, 

followed by the lower crops, maximizing the availability of return flows. 

2.2.5.5. Water Allocation Calibration Evaluation 

The main calibration target is the annual water diversions, which is the most important 

variable in the water allocation process (Figure 2.4b). The modeled values have less than 0.5% 

Bias, with 0.82 Nash Sutcliffe Efficiency (NSE) and 0.91 Kling-Gupta Efficiency (KGE), which 

indicates very good model performance (Knoben et al., 2019; Moriasi et al., 2015). Monthly 

storage (Figure 2.4a), the secondary calibration target, also performs well with less than 4% Bias 

and 0.53 KGE. Annual outflow from the model is also evaluated (Figure 2.4c), which is 

overestimated in the model compared to the monitored values (blue line) and the outflow generated 

from the regression model (dotted line). Higher outflow values likely occur because the demand 

models estimate net irrigation requirements. In practice, farmers may not know these requirements 

with certainty. It would therefore be rational for risk-averse farmers to hedge against downside 

risk by applying water more intensely (Finger, 2013). This behavior could lead to slightly more 

losses and slightly lower outflows. Despite the difference in predicted outflows, the WEAP-SP 

successfully imitates the historical water allocation in the SPRB (Figure 2.4) and can be 

meaningfully used in simulations of future scenarios. 
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Figure 2.4: The three calibration targets of the WEAP-SP calibration process, (a) monthly storage, (b) annual 
diversions and the simulated shortage, and (c) annual outflow. 

2.2.6. Uncertainty Analysis 

Three primary levels of uncertainty exist in each modeling system: input, structural or 

model, and parameter (Cibin et al., 2014; Herrera et al., 2022; Renard et al., 2010; Song et al., 

2015). In this analysis, input uncertainty is handled by using eight climate scenarios in the four 

models used in this framework. Additionally, the effectiveness of alternative strategies and the 

index-based approach analyses in sections 3.2 and 3.4 represents uncertainty in the model inputs 

of water supply, storage capacity, and required diversions as previously described. The structure 

or model uncertainty occurs because of model simplifications. It could be addressed by using more 

than one model to simulate the same outputs, which is out of the scope of this manuscript. 

Additionally, only calibrated models are used in this study. 

Parameter uncertainty (Arabi et al., 2007) is then fully addressed by performing Sobol 

uncertainty analysis for WEAP-SP. Sobol is a variance-based method that uses Monte Carlo 

methods to perform global sensitivity analysis. Eight parameters are selected to represent the 
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majority of WEAP parameters. The most significant parameters are determined using the SALib 

python package (Herman & Usher, 2017; Iwanaga et al., 2022) through 2304 runs in WEAP-SP 

for the historical period, where each run represents a parameter set. Then, a multi-objective 

optimization for maximizing the three calibration targets KGE is performed to determine the non-

dominated parameter sets through Pareto front analysis (Bastidas et al., 1999). The non-dominated 

sets represent the sets where no other sets are better than them in all dimensions of the 

maximization problem (Khanmohammadi et al., 2021). Finally, these non-dominated sets are 

simulated for the future conditions of the DRY4.5 scenario to estimate the confidence interval of 

the results. 

2.2.7. Scenarios, Strategies, and Metrics Calculation 

In this paper, a ‘scenario’ refers to all simulated baseline results associated with one of 

eight climate scenarios. A ‘strategy’ defines a percentage increase to the current storage capacity 

or decrease in the future baseline required diversions, and an ‘alternative starting condition’ 

generalizes the strategies by considering any applied change to the storage capacity or the future 

baseline required diversions. According to water availability and priority, a simulated diversion is 

equal to or less than the required diversion. ‘Shortage’ is defined as the deficit between the required 

and simulated water diversions. 

Section 2.3.1 presents the model outputs for the baseline scenarios without any changes to 

the storage capacity or the required diversions. For the baseline scenarios, the gap between the 

water supply and aggregate consumptive use (if all water requirements were met), annual shortages 

by model regions and users, and 30-year annual and half-monthly results summaries are all 

reported.  
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In section 2.3.2, three adaptation strategies of 10% and 20% demand reduction across all 

users and 25% increase to the current storage are implemented to test their impact on shortages. 

The demand reduction strategies represent a range of possible future management actions as 

described in the Colorado Water Plan (CWCB, 2015), such as enhancing water use technologies 

or reducing irrigated lands. Differences between demand reduction strategies are beyond the scope 

of this study but warrant attention in future research. Regarding reservoir infrastructure, a 25% 

increase in storage capacity, corresponding to 0.49 BCM, represents an arbitrary but achievable 

goal in the SPRB. The 30-year half-monthly mean shortage is the metric used to compare strategies 

for future baseline scenarios. 

Section 2.3.3 shows the uncertainty analysis results, and section 2.3.4 presents a more 

generalized analysis of the impact of alternative starting conditions on shortages. Three scenarios 

and 48 alternative starting conditions of storage and required diversions are examined to generalize 

results. The DRY-8.5, DRY-4.5, and WET-4.5 represent the worst-case, middle, and optimistic 

scenarios, respectively (Table A3). Then for these scenarios, storage capacity is varied from 40% 

to 160% of the current storage by 20% increments and required diversions from 40% to 130% of 

the future baseline demands by 15% increments, resulting in 147 total simulations. The metrics 

used in this analysis are dimensionless to facilitate the generalization of results to other basins, as 

discussed in detail in the results section.  
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2.3. Results and Discussions 

2.3.1. Baseline Scenarios 

2.3.1.1. Consumptive Uses and The Water Balance Gap 

The 10-year running annual mean aggregate consumptive use and water supply across the 

baseline scenarios are compared to examine how climate change and population growth affect the 

overall water balance in the SPRB (Figure A11). The aggregate consumptive use is the total of 

consumptive demands, losses from return flow, and mean historical reservoir evaporation. The 10-

year annual mean provides an overview of the water balance by reducing the effects of extreme 

single wet or drought years. In SPRB, the consumptive uses plus the mean outflow are expected 

to continually exceed the mean water supply, on average, after the 2040s without effective 

adaptation strategies. This gap confirms that population growth substantially impacts potential 

water shortages more than climate change, as indicated in Figure 2.3. This simulated shortage is 

consistent with the results of previous studies (Brown et al., 2019; Foti et al., 2012; Heidari, Arabi, 

& Warziniack, 2021; Jaeger et al., 2017; Warziniack & Brown, 2019; Yigzaw & Hossain, 2016) 

that water shortage is predicted to increase in the areas projected to increased water demands and 

more variable water supplies. 

2.3.1.2. Annual Spatial Shortages 

WEAP-SP also provides the spatial distribution of expected shortages to help decision-

makers prepare specific management plans for the study region. Shortages depend on the spatial 

location of each user, the priority of allocation, and overall water availability. Given the 

distribution of water rights, shortages are nearly shared equally between Ag and urban sectors. The 

annual aggregate urban shortages increase with time as population grows, while Ag shortages are 
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more climate-dependent as irrigated areas are constant across the future simulations. The largest 

urban shortages occur in the Central region, followed by the North and the South Metro regions, 

where most urban required diversions exist. Ag shortages also mainly occur in North, East, and 

North Central regions where most Ag required diversions exist. Appendix A section 7 provides the 

annual required diversions and shortages by aggregate users, model regions, and basin total. 

2.3.1.3. 30-Year Mean Results 

In addition to the spatial distribution, WEAP-SP provides results at a half-monthly timestep 

to better understand the effect of climate change on water allocation within a year. Figure 2.5 

provides the 30-year half-monthly average water supply, storage, outflow, reservoir evaporation, 

required diversion, and shortage for historical, near-future, and far-future baseline periods. 

Warming climate trends beget an earlier stream discharge hydrograph with lower future-period 

means across the scenarios (Figure 2.5a). The 30-year annual mean water supply is mostly greater 

than historical under the WET and WARM scenarios, and it is lower than historical for the HOT 

and DRY scenarios (Table A3). The simulated outflow from SPRB highly depends on the existing 

water supply with a wide range across the scenarios. Although the near- and far-future outflow 

means are close to the historical mean (Figure 2.5c), some scenarios (e.g., DRY-8.5) have low 

outflow (Table A3), meaning that in addition to water shortage, environmental problems from low 

stream flows could be likely.  
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Figure 2.5: 30-year half-monthly water supply, storage, required diversions, and shortage means. The solid lines 
represent the mean across the eight climate scenarios, and the areas represent the maximum and minimum values at 
each timestep. 

Historically, reservoirs in the SPRB store water from the high-flow season to the high-

demand season (Figure 2.5b). This pattern remains the same in both future periods, allowing for 

the mitigation of the consequences of earlier water supplies but with lower storage means due to 

the changes in water supplies and required diversions (Figure 2.5b). Less stored water means that 

the mean evaporation from reservoirs will be lower in the future than in the historical period 

(Figure 2.5d). 

Required diversion patterns have a lower peak and thicker tails in both future periods 

(Figure 2.5e) due to less irrigated land compared to the historical mean (Figure 2.5i) and increased 

urban requirements (Figure 2.5j). Figure 2.5i also shows the mean historical Ag required diversion 

assuming the same crops of the year 2015 as simulated in the future simulations. Despite the 

within-season required diversion change, the required annual mean diversions in the near-future 

are very close to the historical mean (Table A3). However, the far-future required annual mean 

diversions are much higher than the historical mean (Table A3). Additionally, the near- and far-
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future shortages have much higher and earlier peaks with a wide range across the climate scenarios 

(Figure 2.5f). The shortage distribution between Ag and urban is shown in Figure 2.5h and Figure 

2.5j. The anticipated summer and early fall shortages indicate that urban outdoor conservation 

strategies are likely to be effective mitigation strategies (Figure 2.5h). Ag shortages increased and 

shifted earlier following the shift in water supply (Figure 2.5j). 

Table A3 provides the 30-year mean shortage ratio, a ratio between the annual shortage 

divided by the annual required diversions. These values indicate that the shortage ratio: (1) is 2.2% 

during the historical period, (2) ranges between 0.5% and 9.9% in the WARM and WET scenarios 

that are considered the optimistic scenarios, (3) ranges between 10.7% and 13.5% in HOT-4.5 and 

DRY-4.5, (4) and ranges from 13.9% to 41.3% in the HOT-8.5 and DRY-8.5 scenarios (Table A3). 

2.3.2. Effectiveness of Alternative Adaptation Strategies for Reducing Shortages 

Adaptation for future resilience is the desired goal for decision-makers. This section 

presents the results of three adaptation strategies and the sensitivity of shortages to them. For 

comparison purposes, Figure 2.6a shows the baseline 30-year half-monthly shortage mean for the 

historical, and near- and far-future periods. The first tested strategy of 25% additional storage 

shows modest or negligible effects on decreasing shortages in both future periods (Figure 2.6b). 

However, demand reduction strategies directly diminish the shortages (Figure 2.6c and Figure 

2.6d).  

Overall, demand management strategies outperform storage infrastructure investment 

strategies because increasing demands affect the water balance more than changing the timing of 

water yields (Figure 2.6). Thus, a 10% demand reduction strategy lets the near-future mean 

shortage almost match the historical mean except from June to August (Figure 2.6b). Additionally, 

a 20% demand reduction strategy lets the near-future mean shortage be less than the historical 
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mean and the far-future mean shortage be close to the historical mean except from May to August 

(Figure 2.6d). However, 25% additional storage has limited effects on decreasing the shortage 

(Figure 2.6b). Moreover, the performances of adaptation strategies do not vary across the climate 

scenarios (Figure A16). 

 

Figure 2.6: 30-year half-monthly shortage means of future baseline scenarios and the three alternative adaptation 
strategies with the historical mean. The solid lines represent the mean across the eight climate scenarios, and the areas 
represent the maximum and minimum values at each timestep across the scenarios. The results for each climate 
scenario is presented in figure A16. 

2.3.3. Uncertainty Analysis 

The two most significant WEAP-SP parameters from the Sobol analysis are the return flow 

losses and the flood irrigation consumption factor, indicating that they must be precisely estimated. 

The urban delivery efficiency and the residential indoor consumptive use come next in importance, 

while the others have limited impacts on the model performance. The calibration targets goodness 

of fitness for the total Sobol runs are calculated, and sets are reduced to the sets with NSE and 

KGE greater than 0.1 and Bias less than 40%. The Pareto front analysis for the reduced sets yields 

108 non-dominated parameter sets through maximizing KGE values. The manual calibration 

results, as presented earlier, exist within the 95% confidence interval of the Pareto front sets (refer 

to Appendix A section 10 for more details). 
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The DRY-4.5 is simulated with the 108 sets, and the annual shortage ratio, calculated as 

the annual shortage divided by the annual required diversions, exists within the 95% confidence 

interval of the Pareto front sets. Finally, the coefficients of variation of the annual shortage ratio 

for the near future and far future are 0.07 and 0.1, respectively, indicating the low error range for 

the 108 model results and the feasibility of generalization. 

2.3.4. Generalizing Results: An Index-based Approach  

To generalize the results from the present case study, a range of required diversions and 

storage capacities across three climate scenarios are explored to determine thresholds when 

adaptation strategies will perform well. Results can inform the likelihood of shortages and how 

changes in demand and storage capacity may affect shortages in other basins with different initial 

conditions. Three indices are identified that drive the water allocation process: (X1) the 30-year 

annual required diversion mean normalized by the 30-year annual water supply mean (WS), (X2) 

the storage capacity normalized by WS, and (X3) the 30-year annual return flow mean normalized 

by WS. The four components in these three indices can be measured for any water basin and 

describe more than 99% of the variance of the 30-year annual shortage ratio mean (Y); refer to 

Appendix A section 11 for more details. X3 has a significant role in meeting the required diversions, 

which describes water use efficiency and ranges from 0.75 to 1.2 in the future baseline scenarios 

(Figure A21). 

Figure 2.7 shows the relationship between X1, X2, and Y during the near and far future 

shortage for the WET-4.5, DRY-4.5, and DRY-8.5 scenarios. Looking at the horizontal axis, 

demand reductions always diminish shortage regardless of storage and inflow conditions. Also, all 

subplots in Figure 2.7 share the same trend of contour lines being almost vertical when the values 

of X2 exceed a threshold of approximately 0.64, above which changes in storage capacity do not 
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affect shortage. However, the contours display curvature below this threshold, reflecting non-linear 

relationships between Y and X1 and highlighting the sensitivity of shortages to storage in this 

condition. Y decreases as X2 increases until it reaches 0.64 (corresponding to 0.46 considering 

only active storage), as X2 becomes insignificant -refer to Appendix A section 12 of statistical 

evidence of this threshold existence-. However, if X2 exceeds 1.2, Y increases as X2 increases 

because of more evaporation from a larger storage area, because dead storage volume and surface 

area increase when storage volume increases, leading to more evaporation losses. The current 

storage conditions in the SPRB are at or above the identified threshold in the dry scenarios, 

explaining why additional storage has negligible effects on shortages as discussed in Figure 2.6b. 

 

Figure 2.7: Shortage (Y) at different starting conditions -the dots- of required diversion (X1) and storage (X2); each 
subplot represents one 30-year period; the cross represents the future baseline conditions for each scenario.  

Figure 2.8a shows the predicted Y at the mean of X1 with a 95% confidence interval (Arel-

Bundock, 2022) using the regression model shown in equation 2.2 (R-squared = 0.94). For the 

group with D = 0 (X2 < 0.64), Y decreases as X2 increases, while it is almost horizontal for the 

other group with a narrower confidence interval (Figure 2.8a). Additionally, the marginal effect of 



38 
 

X2 on Y is almost zero for the D = 1 group (X2 >= 0.64), highlighting that increasing X2 has a 

negligible effect on Y (Figure 2.8b). This result implies, perhaps counterintuitively, that additional 

storage has more significant benefits as water inflows increase relative to current capacities (Lower 

X2).  

𝑌𝑐,𝑡,𝑖 = 𝛼 + 𝛽1 ∗ 𝑋1 𝑐,𝑡,𝑖 + 𝛽2 ∗ 𝑋2 𝑐,𝑡,𝑖 + 𝛽3 ∗ 𝐷 + 𝛽4 ∗ 𝑋2 𝑐,𝑡,𝑖 ∗ 𝐷 2.2 

where 𝑐, 𝑡, and 𝑖 represent the climate scenario, simulation period (near or far future), and starting 

conditions, respectively. 

 

Figure 2.8: a) Conditional Adjusted Predictions of Y. b) Marginal effect of X2 on Y. Both are for the groups above 
and below the threshold with 95% confidence intervals (Arel-Bundock, 2022). 

From this generalization approach, basins above the 0.64 storage threshold would need to 

focus on demand reduction strategies to reduce shortages. In this case, investments in storage may 

not help reduce overall basin shortages. It is important to note, however, that additional storage 

may impact the shortages of specific users even if total shortages are not affected. While this 

distributional impact does not appear to occur in the current setup of WEAP-SP, it may be an 

important consideration for other basins considering expansion of storage capacity. This may be 

especially true if additional storage is accompanied by other strategies, such as purchasing the 

water rights of downstream users and storing the water.  
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2.4. Conclusions 

In this study, a water allocation model (WEAP-SP) was developed and calibrated for the 

SPRB driven by population growth and climate change through 2100 with a half-monthly time 

step. The main goals are to predict the spatial and temporal future water shortage, test the 

effectiveness of demand reduction and additional storage strategies on reducing shortages, and 

identify generalized conditions under which each strategy may be beneficial to similar basins. 

Results indicated that although the reservoirs in SPRB reduce the consequences of the temporal 

shift of the water supply timing, a continuous shortage nevertheless exists after the 2040s. 

In SPRB, the two tested strategies showed very different effects on water shortage 

mitigation. In all eight simulated climate scenarios, additional storage showed insignificant effects 

on reducing water shortages. Conversely, a 20% demand reduction strategy diminished the near- 

and far-future shortage mean across all eight climate scenarios to be close to the historical half-

monthly shortage mean. 

To generalize the effect of the two strategies to other basins, 147 scenarios were simulated 

at different starting conditions of required diversions and storage capacity. A threshold of the ratio 

between the storage capacity and the 30-year annual mean water supply of 0.64 was identified, 

above which additional storage does not affect water shortages. This suggests that areas expected 

to experience increased water inflows (or those with low current storage capacity) are most likely 

to benefit from additional water storage infrastructure. In contrast, demand reduction strategies 

always reduce expected shortages. 

Although illustrating the impact of storage investment and demand reductions on water 

shortages is necessary to inform policy decisions, it is insufficient to recommend pursuing a 
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specific strategy. Policymakers should consider the costs of candidate strategies compared with 

their effectiveness in reducing water shortage and the associated environmental impacts. 
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CHAPTER 3.  

INTEGRATED LAND USE PLANNING AND WATER MANAGEMENT UNDER 

DIFFERENT WATER RIGHTS INSTITUTIONS: METHODOLOGY AND APPLICATION 

 
 
Water supply systems are heavily influenced by the location and type of users within a 

watershed, which impact the timing and quantity of water demanded, as well as the availability of 

supplies to downstream users through heterogeneous rates of return flows. While numerous studies 

have investigated demand management policies as a means of mitigating the impacts of climate 

change and population growth, little attention has been given to how land use policies and water 

institutions interact in addressing these challenges. In this article, we develop a methodology to 

evaluate land use planning for population growth under alternative water institutions and climate 

scenarios by integrating the impacts of population locations and densities on water demands, water 

shortages, and economic values. We apply this methodology to the South Platte River Basin 

(SPRB) in Northeastern Colorado under three scenarios with ~2,700 simulations. Results suggest 

that a change to water rights institutions has a negligible impact on total shortages relative to 

climate change, but substantially impact the distribution of shortages across water users. Results 

also suggest that continuous population growth in upstream cities yields the lowest water shortages 

if per capita use decreases with urbanization. However, if we assume that cities have constant per 

capita demand, an equal distribution of population to upstream and downstream regions yields the 

lowest water shortage and highest economic value. These findings indicate a need for central 

planning efforts that account for return flows and development patterns throughout a watershed to 

reduce water shortages and promote economic prosperity.  
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3.1. Introduction 

Sufficient freshwater supplies are crucial for food production, economic prosperity, and 

ecosystem functions. While the total amount of water present on Earth doesn’t vary substantively 

from year to year, its temporal and spatial location has shifted over the past half-century (IPCC, 

2022). These changes in the water availability over time and space have led to shortages in many 

basins (Degefu et al., 2018; Liu et al., 2018) that developed institutions and infrastructure for 

historical population densities, climate conditions, and hydrologic expectations which no longer 

exist. Increasing demands driven by population growth, industrial expansion, and environmental 

considerations have intensified the competition for limited water resources, particularly in arid 

western US states (Brewer et al., 2008; Brown, 2006; Tidwell et al., 2014). Water managers are 

now working to find novel solutions that better balance water supply with demand (e.g., Golfam 

et al., 2021; Kolokytha & Malamataris, 2020; Sun et al., 2017; H. Wang et al., 2020). Academics 

and practitioners have long argued for updating water rights institutions (water institutions) as a 

means of dealing with increased water scarcity (Grafton et al., 2013). However, explicit water 

institutions are not the only way to influence water scarcity. Urban planning policies that determine 

how populations grow, in terms of land use and housing density, also play an important role in 

determining water demand patterns (A. Miller, 2023; Richter, 2023; Ty et al., 2012).  

While water supply (e.g., reservoirs) and demand (e.g., increasing block rates) management 

strategies have traditionally been options to address water shortages, these methods have 

diminishing returns since the “low-hanging fruit” has already been picked (Barnett et al., 2008; 

Brown et al., 2019; Gutzler & Robbins, 2011; Seager et al., 2013). For example, most high-quality 

dam sites have already been developed; where options do exist, environmental objections to dams 

and reservoirs often preclude their construction (Glennon, 2005). Water conservation technologies, 
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such as center pivot irrigation or low-flow toilets, have seen mass adoption in recent decades such 

that additional demand-side conservation is likely to require substantial behavioral and 

technological change (Fleck, 2016; Gilligan et al., 2018; P. H. Gleick, 2002; Sankarasubramanian 

et al., 2017). Further, there is a limited understanding of how primary drivers of water scarcity—

population location, land use, water institutions, and climate conditions—interact with each other 

at a basin level to cause water shortages.  

Water markets have been proposed as institutional mechanisms for reallocating water 

among competing users that would improve economic efficiency (Garrick et al., 2013). However, 

the effectiveness of water markets in the western United States has been limited by high transaction 

costs and legal barriers imposed by the region's water laws (Womble & Hanemann, 2020). 

Historically, water trades that have occurred predominantly involve transfers from agriculture to 

urban areas (Payne et al., 2014). While changing water allocation institutions may provide 

substantial benefits, this suggestion has traditionally been met with strong political opposition, 

such that land use planning may be a more palatable institutional approach to balancing water 

supplies with demands.  

Past literature contributes in part to the integration of those primary drivers— population 

location, land use, water institutions, and climate conditions —but no existing work has examined 

how spatial population locations interact with other primary drivers to affect water shortages and 

economic values. Miller et al. (1997) highlight the need to modify water institutions under a 

changing climate in order to mitigate extreme water shortages and economic losses. Ty et al. (2012) 

found that land use changes have greater impacts on water stress than climate change and Räsänen 

et al. (2018) reported that water and land use policies need tighter integration to minimize water-

related risks (e.g., floods, droughts, and poor water quality). Wang (2020), as well as numerous 
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technical papers (Belete & Gezie, 2017; Chhipi-Shrestha et al., 2017; Shandas & Parandvash, 

2010; Stoker et al., 2019), suggest densifying the population through zoning and land-use 

regulations as an effective tool for improving water use efficiency and reducing per capita water 

demand. 

The importance of integrating land use and water management has been recognized by 

researchers and policymakers, though its implementation is still limited. Stoker et al. (2022) 

published a literature review on the integration of land use planning and water management and 

highlighted calls for better integration (Angelo, 2001; Carter et al., 2005; Lucero & Dan Tarlock, 

2003; Mitchell, 2005; Plummer et al., 2011; Shandas et al., 2015; Stoker et al., 2022; X. Wang, 

2001). Similarly, Colorado’s Governor has acknowledged the need for intentional land use/housing 

density policy given its clear implications for, inter alia, water use and continued economic 

prosperity (A. Miller, 2023).  

This study builds on the modeling framework by Gharib et al. (2023) and provides a new 

framework for evaluating integrated water and land use management strategies under alternative 

climate and institutional settings. First, the methodology is presented; then it is applied to a 

representative watershed, the South Platte River Basin in Colorado. Specifically, we consider three 

water institutions, update Gharib et al.'s (2023) urban demand modeling to account for population 

density, and explore varying population location scenarios and land use policies. Lastly, we 

describe the distribution of population within the water basin that maximizes economic value or 

minimizes the water shortages that would occur.  
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3.2. Methodology 

This section outlines novel methods for evaluating integrated land use planning and water 

management. The next section discusses the application of this method by parameterizing and 

calibrating the models used for simulations. Figure 3.1 provides an overview of the model 

framework developed for this analysis. Model drivers (in grey) include irrigated area, climate, 

urban land use density, population, and water institutions. These are used to generate model inputs 

(in green) that include water supply, agricultural demands, and urban demands. Based on this 

information, the water allocation model generates half-monthly water deliveries and calculates 

water shortages (yellow) for each user throughout the basin. Simulated water deliveries are then 

input into an economic model to estimate the generated economic value (also in yellow) from 

water across different runs.  

 

Figure 3.1. Integrated land use planning and water management Framework. Model Drivers in grey, modeling tools 
in green, outputs in yellow, and the integrated assessment solver in blue.  

For water right institution 𝜃 and climate scenario 𝛿, the objective of this framework is to 

provide the shares of population (𝑥𝑟) in each region, 𝑟, within a basin that yields the lowest basin-
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wide volumetric water shortage (𝑍|𝜃, 𝛿) or that generates the maximum basin-wide economic 

value (P|𝜃, 𝛿) under dynamic modeling of water demand and shortage. Both objective functions 

are solved independently, and optimal solutions may differ. The objective functions are: 

 Minimize (𝑍|𝜃, 𝛿) 𝑥
= 𝐸 [∑∑∑ 𝐷𝑖,𝑟,𝑡(𝑥𝑟 , 𝜃, 𝛿) − 𝑌𝑖,𝑟,𝑡(𝑥𝑟 , 𝜃, 𝛿)𝑡2

𝑡1𝑟𝑖  ] 
Water shortage 

objective function 

3.1 

Maximize (P|𝜃, 𝛿)𝑥 = 𝐸 [∑∑∑𝑉𝑖,𝑟,𝑡(𝑥𝑟 , 𝜃, 𝛿)𝑡2
𝑡1𝑟𝑖 ] Economic value 

objective function 

Subject to: 

∑𝑥𝑟 = 1𝑟  
Population shares constraints 

𝑍|𝜃, 𝛿 ≥ 0 
Shortage constraints 𝑌𝑖,𝑟,𝑡(𝑥𝑟 , 𝜃, 𝛿) ≤ 𝐷𝑖,𝑟,𝑡(𝑥𝑟 , 𝜃, 𝛿) Water delivery constraint ∑∑𝑌𝑖,𝑟,𝑡(𝑥𝑟 , 𝜃, 𝛿) ≤  𝑊𝑡(𝛿)𝑟𝑖  
Water balance constraint 

Where 𝐸[. ] denotes the expected values of a response, 𝑍|𝜃, 𝛿 is the expected value of the 

annual total shortage between years 𝑡1 and 𝑡2 for all users 𝑖 in all regions 𝑟 conditional on the water 

right institution 𝜃 and the climate scenario 𝛿, P|𝜃, 𝛿 is the expected value of the annual total 

economic value between years 𝑡2 and 𝑡1 for all users 𝑖 in all regions 𝑟 simulated under the water 

right institution 𝜃 and the climate scenario 𝛿, 𝑥 is a vector of ratios of the population in each region 𝑟, 𝑥𝑟 is the share of population in region 𝑟, 𝐷𝑖,𝑟,𝑡 is the water demand for user 𝑖 in region 𝑟 in year 
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𝑡, 𝑌𝑖,𝑟,𝑡 is the water delivered for user 𝑖 in region 𝑟 in year 𝑡, solved through a water allocation 

model, 𝑊𝑡 is the water supply available for delivery in year t under climate scenario 𝛿, and 𝑉𝑖,𝑟,𝑡 
is the value generated for user 𝑖 in region 𝑟 in year 𝑡, solved through a model of economic value. 

Specifically, 𝑉𝑖,𝑟,𝑡 is the integral of the marginal willingness to pay for water, 𝑝𝑖,𝑟,𝑡, equal to the 

inverse demand function for water as presented by Maas et al. (2016): 

 𝑝𝑖,𝑟,𝑡 = { 
 (𝑌𝑖,𝑟,𝑡(𝑥𝑟 , 𝜃, 𝛿) 𝜂𝑖𝑟𝑐𝑖,𝑟 )1𝜖𝑖                                   𝑖𝑓  𝑌𝑖,𝑟,𝑡(𝑥𝑟 , 𝜃, 𝛿) ≥ 𝑌̃𝑖,𝑟,𝑡 𝑝𝑖𝑚𝑎𝑥  𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒  

3.2 

where 𝑌𝑖,𝑗,𝑡 is the quantity of water delivered to aggregate user 𝑖 in region 𝑟 at time 𝑡, 𝑐𝑖,𝑟 
is a calibrated constant, 𝑝𝑖,𝑟,𝑡 is the marginal value of water, 𝜀𝑖 is the price elasticity of demand for 

water, and 𝜂𝑖 represents water use efficiency. Determination of a maximum marginal value is 

necessary for this model specification; otherwise, the inverse demand function (p) in equation 3.2 

goes to infinity as water delivery goes to zero. Therefore, we define a parameter, 𝑝𝑖𝑚𝑎𝑥, as the 

maximum marginal willingness-to-pay (mWTP) for each user 𝑖 that represents the marginal value 

of water when water deliveries fall below a threshold level, 𝑌̃𝑖,𝑟,𝑡. In reality, the mWTP for water 

would not go to infinity, particularly for agricultural water users who would face negative profits 

at high water prices. Non-agricultural users would have opportunities to use alternative sources, 

implying that the benefits of water are finite. 

The effect of land use policies arises from the population density, which is affected by the 

population’s location. The urban demand 𝐷𝑖=𝑢𝑟𝑏𝑎𝑛,𝑟,𝑡 is calculated by multiplying the population 𝜑𝑟,𝑡 in each region 𝑟 by the per capita demand in urban use 𝑗 ∈  {indoor, outdoor}, U𝑗,𝑟,𝑡. U𝑗,𝑟,𝑡 is 

a function of population density, 𝑆𝑗,𝑟,𝑡 such that:  
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𝐷𝑖=𝑢𝑟𝑏𝑎𝑛,𝑟,𝑡  = ∑𝜑𝑟,𝑡 U𝑗,𝑟,𝑡 𝑗 =∑𝜑𝑟,𝑡 [𝛼𝑗  𝑆𝑗,𝑟,𝑡𝛽𝑗] 𝑗  
3.3 

where 𝐷𝑖,𝑟,𝑡 is the demand for user i ∈ {urban} in region 𝑟 and year 𝑡, 𝜑𝑟,𝑡 is the total 

population of region 𝑟 in year 𝑡, U𝑗,𝑟,𝑡 is the per capita demand for urban use 𝑗 in region 𝑟 in year 𝑡, 𝑆𝑗,𝑟,𝑡 is population density per 10,000 m2, 𝛼𝑗 and 𝛽𝑗 are calibrated model parameters for sub-

users 𝑗. Total population 𝜑𝑟,𝑡 in each region 𝑟 in year 𝑡 is calculated by one of the following 

equations: 

𝜑𝑟,𝑡  = {𝜑𝑟,𝑡𝑜𝐻 + 𝑥𝑟 𝜑𝑡𝐺 if reallocating only population growth𝑥𝑟(𝜑𝑡𝑜𝐻 + 𝜑𝑡𝐺) if reallocating the total population  
3.4 

where 𝜑𝑟,𝑡 is the total population of region 𝑟 in year 𝑡, 𝑥𝑟 is the share of population in 

region 𝑟, 𝜑𝑟,𝑡𝑜𝐻  is the historical population in region 𝑟 at the baseline year 𝑡𝑜, 𝜑𝑡𝐺 is the basin-wide 

population growth from the baseline year 𝑡𝑜 to year 𝑡, and 𝜑𝑡𝑜𝐻  is the basin-wide historical 

population the baseline year 𝑡𝑜. 

Finally, the statistically coherent probabilistic Dirichlet Distribution (Frigyik et al., 2010; 

Wong, 1998), a common probability distribution in Bayesian statistics, is selected to generate 

random samples 𝑥 of the population shares across the model regions. The Dirichlet Distribution is 

specifically chosen as it ensures that the components of the sample vector 𝑥 are non-negative and 

sum to one, which is essential since the elements of 𝑥 represents shares of total population (or 

population growth). It takes the form: 

𝑓(𝑥; 𝛾) = Γ(∑ 𝛾𝑘𝑟𝑘=1 )∏ Γ(𝛾𝑘)𝑟𝑘=1  ∏𝑥𝑘𝛾𝑘−1𝑟
k=1  

3.5 
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where 𝛾 is the shape parameter, 𝑓 is the probability mass function, and 𝑥 is the vector of 

population shares in each region. The concentration of the distribution varies based on a shape 

parameter, 𝛾. When 𝛾 is greater than 1, the density concentrates in the center of the probability 

simplex, defined as the set of all non-negative vectors whose components sum to one (Frigyik et 

al., 2010; Legaria et al., 2023). If 𝛾 is between 0 and 1, the concentration shifts to the vertices of 

the simplex (Frigyik et al., 2010). The distribution becomes uniform when 𝛾 equals 1 (Frigyik et 

al., 2010). Equations 3.1 to 3.5 present the mathematical formulation of the framework and the 

newly developed methods. In the next section, we introduce the study area and methods for 

parameterizing the model. 

3.3. Application 

3.3.1. Study Area 

This paper focuses on Colorado, USA, a state with well-developed water laws and active 

water markets (Brewer et al., 2008; Womble & Hanemann, 2020), which makes it an ideal venue 

for studying the role of water and land use planning institutions. Specifically, the methodology is 

applied to the South Platte River Basin (SPRB) in Colorado, which is in the Northeastern portion 

of the state and is a critical water source for irrigation, municipal use, and recreation. We chose 

SPRB because it represents many basins throughout the western US that are facing water shortage 

challenges largely driven by rapid population growth and climate change. It is semi-arid and snow-

dominant with no upstream flow, relies partly on inter-basin transfers, has an active water market, 

and has mixed agricultural and urban communities. Around 20% of the basin water supply comes 

from inter-basin transfers from the Colorado River Basin, which is experiencing a 23-year-long 

severe drought (Wheeler et al., 2022). The SPRB contains 71% of the state's population. However, 

only 9% live in the downstream regions (Regions 3 and 4 in Figure 3.2b), and 63% reside in Region 
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2b, around Denver (Figure 3.2b). Although the total population of the basin is projected to double 

by the end of the century, only 11.2% of the population growth is expected to occur in the 

downstream regions (CWCB, 2019b), reinforcing current population concentrations in upstream 

regions.  

 

Figure 3.2. a) SPRB layout in the water allocation model (WEAP) showing the model links and nodes. b) simplified 
WEAP schematic for the regions in SPRB. Region 1a presents Boulder, Broomfield, and Larimer Counties. Region 
1b presents Douglas, Elbert, and Park Counties. Region 2b presents Adams, Arapahoe, Clear Creek, Denver, Gilpin, 
and Jefferson Counties. Region 3 presents Weld County. Region 4 presents Logan, Morgan, Sedgwick, and 
Washington Counties 

3.3.2. Data and model parameters 

A calibrated water allocation model for the SPRB was developed by Gharib et al. (2023) 

using the Water Evaluation and Planning (WEAP) Model (Yates et al., 2005). WEAP attempts to 

maximize deliveries to users throughout the basin using linear programming iteratively for each 

priority in each timestep without foresight. Figure 3.2a illustrates the spatial layout of the model 

which includes 14 water supply nodes representing HUC8 catchments with 6 water supply nodes 
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representing inter-basin transfers that provide water to agricultural and urban demands across five 

demand regions. Urban demands are split into indoor and outdoor demand nodes representing 

commercial, institutional, and industrial (CII), and residential water demands. Agricultural demand 

is modeled to reflect the main crop types in the SPRB under flood and sprinkler irrigation, 

represented separately. 

3.3.2.1. Water Rights Institutions 

WEAP allocates water to satisfy water demands based on the priority of the individual 

users, with higher demand priorities fulfilled first. Return flows and other natural flows become 

available to downstream users with lower priorities. WEAP iterates until all demands are met, or 

water is fully allocated (denoting a shortage). Colorado, like seventeen other western states, 

allocates water under the Doctrine of Prior Appropriation (PA) (Brown, 2006; Leonard & Libecap, 

2019). Under this doctrine, individuals and entities who first diverted water for “beneficial use” 

are granted “seniority”. In times of shortage, if senior water users are unable to receive their total 

allotment due to diminished flows, they can “call” junior water rights holders, forcing them to 

cease diversions until the senior users’ full allotments are met. In practice, this generally results in 

a seniority date, below which junior users must reduce or pause withdrawals (Womble & 

Hanemann, 2020). PA does not broadly include any determination of the economic value of water 

use when allocating flows during times of shortage (Burness & Quirk, 1979). Most prior 

appropriation rights were established between 1850 and 1920 when water was valued primarily as 

an input to irrigated agriculture (Brewer et al., 2008). As such, it is feasible—and indeed 

frequent—that low-value users have senior water rights (Howe et al., 1982), though water rights 

sales from agriculture to urban users have occurred (Payne et al., 2014; Womble & Hanemann, 

2020).  
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For this analysis, we consider three alternative water rights institutions (𝜃) including prior 

appropriation (PA) with fixed water rights, prior appropriation with a functioning water market 

(WM), and equal sharing (ES). The PA institution with fixed water rights simulates the historic 

water rights of the Doctrine of Prior Appropriation (as reported by the Colorado Decision Support 

System database up to the year of 2015) without the ability to reallocate water rights based on 

changes in demands. Specifically, in the model, each (aggregated) user's priority was assigned 

based on the weighted mean of the appropriation dates and the decreed flow rate for the portfolio 

of water rights held by the respective user, as reported by the Colorado Decision Support System 

database up to the year of 2015. Under PA, water demands associated with new population growth 

are assigned to a new node and – consistent with the Doctrine of Prior Appropriation - assumed to 

have a lower priority than all other existing demand nodes. 

The WM institution simulates a case of prior appropriation while allowing water rights 

reallocation from agricultural to urban users. Under WM, all urban users are assumed to have 

higher priorities than all Ag users, with upstream urban users having higher priorities than 

downstream users to maximize return flow benefits. Lastly, the ES institution represents a 

proportional allocation of shortages, where all nodes in the basin have the same priority. WEAP 

then allocates an equal percentage of delivered water to each node based on its marginal demand.  

3.3.2.2. Climate, Water Supply, and Agricultural Water Demand 

The model relies on climate data, which drives both water supply and demand. Historical 

climate data from 1980 to 2015 are sourced from Naz et al. (2016). Future climate projections 

through the end of the century come from Abatzoglou and Brown (2012), who used Multivariate 

Adaptive Constructed Analogs (MACA) to downscale Global Climate Models (GCMs) of the 

Coupled Model Inter-Comparison Project Phase 5 (CMIP5) to high spatial resolution. Four climate 
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models are selected based on Joyce & Coulson's (2020) definitions of the hottest (HadGEM2‐

ES365), driest (IPSL‐CM5A‐MR), wettest (CNRM‐CM5), and warmest (MRI‐CGCM3) average 

over the US. These definitions are based on precipitation and temperature changes over time as 

described by Joyce and Coulson (2020). Also, two Representative Concentration Pathways 

(RCPs), 4.5 and 8.5, are considered for each climate model, resulting in eight total climate 

scenarios, 𝛿 = {hottest 8.5, hottest 4.5, driest 8.5, driest 4.5, wettest 8.5, wettest 4.5, warmest 8.5, 

warmest 4.5}.  

The water supply, 𝑊𝑡(𝛿), represents the summation of the water yield and the inter-basin 

transfers to the basin from neighboring basins. Water yield, from Heidari et al. (2020), refers to the 

contribution to renewable supply from recent precipitation, available as surface or groundwater 

(Brown et al., 2019). It equals the sum of surface runoff and base flow estimated by the Variable 

Infiltration Capacity (VIC) model (Liang et al., 1994). VIC is a semi-distributed macroscale scale 

model that solves full water and energy balances to simulate land-atmosphere fluxes and flow 

routing (Liang et al., 1994). 

Historical and future agricultural water demands, 𝐷𝑖=𝐴𝑔,𝑟,𝑡, come from Gharib et al. (2023), 

where 6 crops (corn, alfalfa, grass pasture, wheat & small grains, sugar beets, and dry beans) and 

two irrigation technologies (flood and sprinkler), under both historical and the 8 future climate 

scenarios were simulated (Gharib et al., 2023). Gharib et al. (2023) simulated the irrigation water 

requirements of each of the 5 regions in SPRB using the DayCENT model (Del Grosso et al., 

2000). DayCENT is a daily timestep version of the CENTURY model, which is used widely in 

agroecosystem studies to simulate crops, grasslands, forests, and savannas (Del Grosso et al., 

2000). Similar to Gharib et al. (2023), irrigated crops and irrigation technology —flood or sprinkler 
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irrigation— are assumed to remain constant in all future scenarios. Although this assumption may 

not entirely reflect reality, it allows us to isolate the role of climate and institutions.  

3.3.2.3. Urban Water Demand  

Historical urban water demands, 𝐷𝑖=𝑈𝑟𝑏𝑎𝑛,𝑟,𝑡, also come from Gharib et al. (2023), which 

used the Integrated Urban Water Model (IUWM) (Sharvelle et al., 2017). The main inputs of the 

model are population, climate, and land use. IUWM simulates residential indoor, CII indoor, and 

total outdoor demands. We aggregate them into indoor and outdoor urban water demand for each 

region. Using the IUWM results from Gharib et al. (2023), we estimate the historical per capita 

demand U𝑗,𝑟,𝑡 of indoor and outdoor water uses in each of the model regions. 

We analyze monthly data on the total billed residential and CII water from Denver, Fort 

Collins, and Pueblo municipalities from 2010 to 2017 to parameterize equation 3.3, and to 

calculate 𝑈𝑗,𝑡. Average data for the months of December to March are used to represent the indoor 

per capita demand U𝑗=𝑖𝑛𝑑𝑜𝑜𝑟,𝑡 in liters per capita per day (lpcd) for the entire year. Outdoor per 

capita water demand U𝑗=𝑜𝑢𝑡𝑑𝑜𝑜𝑟,𝑡 is calculated by subtracting the annual indoor per capita water 

demand from municipalities' total annual per capita demand. The monthly outdoor demand 

patterns come from the historical monthly average of the years 2010 to 2014 for each region of the 

IUWM simulations. The population density, 𝑆𝑗,𝑟,𝑡, is calculated as the total population divided by 

each city area and expressed in population per 10,000 m2. These values were used to calibrate the 

power function in equation 3.3 for the indoor and outdoor per capita water demand, 𝑈𝑗,𝑡. Indoor 

parameters are 𝛼𝑖𝑛𝑑𝑜𝑜𝑟 = 748.93 and 𝛽𝑖𝑛𝑑𝑜𝑜𝑟 = -0.348 with 0.88 R-squared value (Figure B2). 

While the outdoor parameters are 𝛼𝑜𝑢𝑡𝑑𝑜𝑜𝑟 = 4008.3 and 𝛽𝑜𝑢𝑡𝑑𝑜𝑜𝑟 = -1.25 with 0.86 R-squared 
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values (Figure B2). Both 𝛽 parameters are negative meaning that as population density increases, 

the per capita demand decreases, with the outdoor declining more rapidly.  

The future population projections, 𝜑𝑟,𝑡𝐺 , were accessed from the Integrated Climate and 

Land Use Scenarios (ICLUS) tool. ICLUS provides population projections from 2020 to 2100 for 

all US counties (EPA, 2017). The SSP5 scenario is selected from the ICLUS V2.1.1 (EPA, 2020) 

to present the highest expected growth. As described in equation 3.3, the population 𝜑𝑟,𝑡𝐺  is 

multiplied by the per capita demand 𝑈𝑗,𝑡 to get the indoor and outdoor total urban demand 𝐷𝑖=𝑢𝑟𝑏𝑎𝑛,𝑟,𝑡. 
Finally, water use efficiencies and losses were estimated during the calibration of the water 

allocation model by Gharib et al. (2023) to calculate the required diversions. Required diversion 

is the consumptive plus return flow and losses. For simplicity, required diversions will be referred 

to hereafter as water demand. In 2014, agricultural demands represented 75% of the total demands 

with over half in Region 1a and 38% in the downstream regions (Figure B1). Urban demand was 

69% in Branch B and 20% in Branch A, leaving 11% of urban demand in the downstream regions 

(Figure B1). 

3.3.2.4. Economic Model Parameter 

Demand curves as presented in equation 3.2 are developed for agricultural and urban users 

in each region following Maas et al. (2016). In this economic analysis, we aggregate the 

agricultural users in each region by the irrigation type as Ag Flood and Ag Sprinkler. Also, the 

indoor and outdoor urban users are combined and then disaggregated by the season into Urban 

Winter and Urban Summer. The maximum mWTP, 𝑝𝑖𝑚𝑎𝑥 for urban and agricultural nodes are 

assumed as $405/1000m3 and $81/1000m3, respectively. Ag elasticities, 𝜀𝑖 ∈ {𝐴𝑔 𝐹𝑙𝑜𝑜𝑑,𝐴𝑔 𝑆𝑝𝑟𝑖𝑛𝑘𝑙𝑒𝑟}, 
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are estimated from the literature at -0.6 for Ag (Maas et al., 2016; Scheierling et al., 2006; 

Schoengold et al., 2006). Urban elasticities 𝜀𝑖 ∈ {𝑈𝑟𝑏𝑎𝑛 𝑆𝑢𝑚𝑚𝑒𝑟,𝑈𝑟𝑏𝑎𝑛 𝑊𝑖𝑛𝑡𝑒𝑟}, are assumed to be -0.7 

and -0.2 for summer and winter periods, respectively (Dalhuisen et al., 2003; Espey et al., 1997; 

Olmstead et al., 2007). Efficiencies, 𝜂𝑚, are assumed as 0.5, 0.8, and 0.9 for Ag flood, Ag sprinkler, 

and both urban users based on SPRB WEAP assumptions.  

The demand curve for each user (𝑖) (flood-irrigated agriculture, sprinkler-irrigated 

agriculture, summer-time urban, and winter-time urban) has a unique kink point, 𝑌̃𝑖,𝑟,𝑡, when the 

demand function reaches 𝑝𝑖𝑚𝑎𝑥, calculated through the calibration of the demand curve, (Figure 

3.3). To calibrate the demand curves (equation 3.2) and calculate 𝑐𝑖,𝑟, the initial price, 𝑝𝑖,𝑟,𝑡 is set 

to the lease price of $33.25/1000m3 based on historical climate and hydrologic averages, suggested 

by Maas et al. (2016) relevant to SPRB. All dollar amounts are in 2016 nominal values. The 

calibration constant 𝑐𝑖,𝑟 is then calculated separately for each region under each simulation to get 

the kink point 𝑌̃𝑖,𝑟,𝑡. The baseline demand curves of the baseline year 2014, the last year of the 

historical water allocation model simulations, are presented in Figure 3.3. Finally, the generated 

economic value from water 𝑉𝑖,𝑟,𝑡 is calculated by integrating the demand curves from zero to the 

water delivery 𝑌𝑖,𝑟,𝑡 for each user and region and normalized by the generated values in the baseline 

year of 2014. Qualitative results are consistent but exact monetary values are sensitive to the choice 

of  𝑝𝑖𝑚𝑎𝑥. It is important to note that the generated values do not reflect any transfer payments 

associated with water rights transfers that would occur with a water rights market within the prior 

appropriation institution. 
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Figure 3.3. Demand functions for each water demand sector in Region 1a —largest Ag user— and Region 2b —largest 
Urban user— calibrated to the year 2014. (Refer to Figure B3 for the functions of the five regions) 

3.3.3. Alternative Water Rights and Land Use Policies Scenarios 

This section outlines the three key modeling scenarios applying the framework developed 

here (Table 3.1) to get approximate solutions to the water shortage and economic value objective 

functions. Thousands of simulations are implemented under these three scenarios to isolate the 

effects of changing climate, population location, land use patterns, and water institutions on water 

shortages and economic value using the water allocation model, WEAP. The first scenario 

compares the effect of water institutions and climate on the water shortages and generated values 

from water based on projected population growth locations and densities. The second scenario 

tests the effects of population growth reallocation in SPRB by considering alternative spatial 

distributions of new population in the SPRB, allowing density to differ based on location. The last 

scenario is intended to isolate the effect of population location from the effect of the density of 
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urban growth, by holding the population density constant across space and testing the significance 

of only population locations within the basin. In this third scenario, we test two sets of moving 

only future population and both historical and future population. These scenarios are not designed 

to provide explicit policies to move current cities but to provide better options for future land use 

and housing policies. 

Table 3.1. Alternative Water Rights and Land Use Policies Scenarios 

 

Scenario 1 Scenario 2 Scenario 3 

Baseline Future 

Scenarios in SPRB 

Population growth 

reallocation under 

SPRB land use 

patterns 

Effects of population 

locations to the water 

allocation under constant per 

capita demand 

Water 

Institutions 

3 3 3 

Climate 

Scenarios 

8 1 1 

Population 

Locations 

As Projected by ICLUS. 300 reallocation 

scenarios of the 

population growth 

300 

reallocation 

scenarios of 

population 

growth 

300 

reallocation 

scenarios of 

the total 

population 

Population 

Density 

Increases in upstream 

regions but constant in 

the downstream regions; 

urban per capita demand 

is like the region’s 

historical values 

Increases in upstream 

regions but constant in 

the downstream regions; 

urban per capita demand 

is like the region’s 

historical values 

Constant in all regions; urban 

per capita demand is the same 

across all the regions 

Number of 

Simulations 
24 900 1800 



59 
 

A few key modeling assumptions are applied consistently across scenarios. Irrigated crop 

areas, crop types, and irrigation technologies are held constant throughout the future time horizon. 

These assumptions control for agricultural demands so that the scenarios focus specifically on the 

effects of changing climate, population, and urban land use factors. The three alternative water 

institutions—prior appropriation, water markets, and equal sharing—are applied to all simulations. 

The first scenario provides an initial reference point to compare the three institutions and 

eight climate scenarios before manipulating population densities and locations. We first assume 

that the projected locations of the population come directly from the ICLUS dataset without any 

changes to their locations. Second, the urban per capita demands 𝑈𝑗,𝑟,𝑡 for regions 3 and 4, with 

predominantly agricultural water use, are assumed to be constant into the future, equal to their 

historical values. This is mainly due to their low-density patterns in cities. Third, the urban per 

capita demands 𝑈𝑗,𝑟,𝑡 for the upstream regions 1a, 1b, and 2b are predicted based on population 

density using the power function presented in equation 3.3. These regions are more urbanized areas 

and are assumed to experience increased housing density that decreases the urban per capita 

demand. 

The target of the second scenario is to test how the population density and location of the 

population affect water shortages, and the economic value generated. We assume that urban land 

use patterns hold as described in the previous scenario; the downstream regions grow with 

historical per capita demand, and the upstream regions grow with declining per capita demand. 

However, we vary the locations of the population growth across the regions rather than relying on 

the values reported by ICLUS in each region. We employ two shape parameters in the Dirichlet 

Distribution (equation 3.5), 𝛾 ∈ {0.1, 0.7}, to generate two-150 random variable sets 𝑥 using the 

gtools R package (Bolker et al., 2022). The generated total of 300 samples covers a broad range of 
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population combinations across the regions, as demonstrated in the results section. Equations 3.3 

and 3.4 are then applied to calculate the total population 𝜑𝑟,𝑡 in each region and its urban water 

demand 𝐷𝑖=𝑢𝑟𝑏𝑎𝑛,𝑟,𝑡 for each population shares sample 𝑥. These simulations are carried out under 

the driest 4.5 climate scenario and three different water institutions, with a total of 900 simulations. 

The last scenario focuses on the effects of population location within the basin while 

assuming constant future per capita demand across all regions and future years to highlight the 

effect of population locations on water allocation and value calculation. We assume all regions in 

the future have the same per capita urban demand, similar to Region 2b's historical per capita 

demand. Region 2b is selected as the majority of the population resides in it, and it has the highest 

efficiency of current water use. This approach allows us to isolate the impact of population location 

on water allocation and the importance of their return flow while holding other factors constant. 

Using this approach, we test how redistributing (1) only population growth and (2) total population 

(including existing plus new population) affects the water shortages and value. The same 

distribution (equation 3.5) with the same parameter values as the second scenario is used to 

generate the sample vectors 𝑥 of the population shares in each region.  

3.4. Results and Discussions 

In this section, the results of each scenario are presented separately. To simplify 

presentation, the five regions are aggregated into two main regions: downstream regions (DS) 

representing Regions 3 and 4, and upstream regions (US) representing the other three regions (see 

Figure 3.2). The results are presented for the mean of the far future period from 2090 to 2099 to 

give average conditions not related to specific one-year climate data. Two key metrics are used to 

assess scenario performance: the mean annual shortage ratio (annual shortage divided by annual 

demand) and the mean annual generated economic value (generated economic value from mean 
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annual water delivery divided by total generated value of the year 2014).  These represent the 

values of the objective functions described in equation 3.1. Comparison of objective function 

values at all randomly drawn values of 𝑥 reveals approximate solutions to the optimization 

problems. 

3.4.1. Comparison of Climate Scenarios and Water Institutions under Baseline 

Population Growth and Land Use Policies  

Overall, water institutions do not appear to have a substantial effect on total shortages at 

the river basin level compared to climate scenarios, but they influence the distribution of shortages 

across users and the total economic value generated (Figure 3.4). This section presents the results 

of the first scenario (Table 3.1) which focuses on investigating the effects of climate scenarios and 

water institutions on water shortages and economic value under baseline population growth and 

land use projections in the SPRB for the far future period. Figure 3.4 illustrates the mean annual 

far future shortage ratios and generated economic values relative to the baseline year of 2014 (both 

total and by sector) across each water institution and climate scenario. First, total shortage amounts 

vary little across water institutions (maximum of 2 percentage points), in contrast to the significant 

variations observed across climate scenarios (above 35 percentage points, Figure 3.4a). Second, 

while institutional changes have a relatively minor impact on total shortage amounts, they have a 

significant effect on who gets shorted (Figure 3.4a,b).  

The total economic value increases in the wet and warm climate scenarios regardless of the 

water institution (Figure 3.4c), driven by population growth, as the average annual shortages are 

less than 4% (Figure 3.4c). For the dry and hot climate scenarios, the generated value decreases in 

all except for Dry4.5 and Hot8.5 under WM institution (Figure 3.4c), where water is allocated to 

urban users that have higher marginal value. Despite ES resulting in the highest total shortage 



62 
 

under each climate scenario (Figure 3.4a), it exhibits two positive aspects: it efficiently distributes 

shortages between agriculture and urban sectors (Figure 3.4b) and generates higher total economic 

values than PA by allocating water from low-value users (e.g. flood irrigators) to high-value users 

(e.g. urban)” (Figure 3.4c).  

As expected, the agricultural sector faces lower shortages and generates higher agricultural 

value under the PA institution compared to the other two institutions (Figure 3.4b,d). On the other 

hand, the urban sector faces lower shortages and generates higher value under the WM institution 

compared to the other two institutions (Figure 3.4b,d). Figure 3.4d also reveals that all urban users 

under the WM institution generate more economic value compared to 2014, irrespective of the 

climate scenario. These results collectively imply that altering water institutions can influence 

which sectors experience water shortages and generate more value, but the overall shortage and 

magnitude of value generated are primarily determined by climate changes, which are inherently 

uncertain and not controlled by local policymakers.  
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Figure 3.4. Baseline Mean Annual Shortage Ratio and Mean Annual Value Generated (relative to the baseline year of 
2014) for the far future period 2090 to 2099. A) Mean Annual Total Shortage Ratio. B) Ag and Urban Mean Annual 
Shortage. C) Mean Annual Total Value Generated. D) Ag and Urban Mean Annual Value Generated. 

3.4.2. Population Growth Reallocation under SPRB Land Use Patterns  

In SPRB, the lowest water shortage is observed as more population growth joins the 

upstream regions, which reduces the total water demand because of the densification effect on 

urban water demand. As illustrated in Figure 3.4, climate plays a pivotal role in determining water 

availability, serving as the primary driver of total shortages, while other policies influence who 

experiences shortages and the extent of those shortages. Hence, to facilitate interpretation of the 

effects of population growth location, we present results for the Dry 4.5 climate scenario, which is 
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the middle range of the simulated shortage and economic values (Figure 3.4a,c). The results of the 

second scenario (refer to Table 3.1) of reallocating the population growth with different patterns 

of per capita demands are summarized in Figure 3.5, with the share of downstream population 

growth occurring downstream on the x-axes. In each plot, 900 points are presented for each 

simulation under different population growth distributions and water rights with lines for the fitted 

second-degree polynomial. 

The mean total annual shortage for the far future period increases as the share of population 

growth that is downstream increases (Figure 3.5a). This is mainly due to the constant (and 

relatively high) per capita urban demand assumed in downstream regions, and the limited ability 

to reuse return flows. On the other side, as more population joins the upstream regions, the urban 

per capita demand decreases as population density increases (Figure 3.5c), which decreases the 

shortage ratio (Figure 3.5a). The share of the projected population growth to the downstream 

regions is 9%. This suggests that projected growth is likely to lead to a relatively low overall 

shortage. Interestingly, the same trend applies across all water institutions, with equal sharing 

providing the highest shortage, similar to the results of the first scenario (Figure 3.4a, Figure 3.5a). 

Prior Appropriation tends to provide lower shortages compared to the water market institution as 

more population joins the downstream regions as seen by the increasing distance between the green 

and orange curves in Figure 3.5a. 
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Figure 3.5. Far future mean annual results for the second scenario which reallocates population growth in SPRB with 
constant urban per capita demand for the downstream regions and declining per capita demand for the upstream 
regions under the dry4.5 climate scenario a) total shortage ratio, b) total generated economic value relative to 2014, 
c) total delivered volume, and d) total shortage ratio and generated economic value relative to 2014. Each dot 
represents one of the 900 simulations and the lines show second-degree polynomial fit. 

The mean annual value generated in the far future shows a different story, highlighting the 

importance of including both metrics in water management studies (Figure 3.5b). The economic 

model generates more value as more water is delivered to the sectors with high marginal WTP for 

water, specifically, to the urban sector. Figure 3.5b shows that as the population growth share in 

downstream regions increases, more value is generated, mainly because of increased water 

deliveries for the urban users that derive relatively large benefits from using water. The total urban 

water demand is almost double when 100% of population growth is located downstream compared 

to 100% located upstream (Figure B4). Urban demand has lower consumptive use compared to Ag 
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which generates more return flow that can be used more than once allowing for an increased 

amount of overall water delivery (Figure 3.5c, Figure B4). This result occurs because downstream 

households have larger lawns and other outdoor uses for water that have high value. On the other 

side, densifying people in upstream regions reduces the urban marginal WTP for water as people 

have smaller lawns and fewer outdoor uses for water. This lowers the total economic benefits from 

water used by urban households (Figure 3.5b).  

Figure 3.5d shows the tradeoffs between the shortage ratio and the economic value 

generated across the population growth reallocation scenarios. This analysis does not suggest that 

sprawled growth that generates more value is preferred to dense growth, but it highlights that both 

metrics are important to inform decisions and tradeoffs associated with water allocation.  

3.4.3. Effects of Population Locations to the Water Allocation Under Constant Per 

Capita Demand 

If all cities in the basin grow with the same urban water demand pattern, an even 

distribution of population between upstream and downstream regions provides the lowest shortage 

and the highest economic value. For more generalizable results that are not specific to the growth 

conditions in the SPRB, this third scenario (refer to Table 3.1) assumes a constant per capita urban 

demand across all the regions in the basin and highlights the effects of only varying the location 

of the population within the basin. Two sets are tested under this scenario of reallocating the 

population growth and the total population of the SPRB. The first set – the left column of Figure 

3.6 – shows the reallocation of population growth in SPRB assuming all cities in the basin will 

grow with the same urban pattern. The second set – the right column of Figure 3.6 – shows the 

results if all population is reallocated across the basin holding the per capita demand constant. It 
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is important to highlight that these results are conditioned on the locations of Ag demands across 

the basin (Figure 3.2). 

 

Figure 3.6. Mean annual total shortage ratios (top panels) and mean annual total economic value generated relative to 
2014 (lower panels) for the far future period 2090 to 2099 under PA, ES, and WM institutions and the dry4.5 climate 
scenario. Each point represents one of the 900 simulations under the third scenario, which reallocates population 
growth (a, and c) or total population (b, and d) in SPRB with constant urban per capita demand for all regions. The 
lines show second-degree polynomial fit. 

Total shortages decrease and then increase as the share of downstream population growth 

increases (Figure 3.6a). At the same time total value increases and then decreases (Figure 3.6c). 

These qualitative results hold under all water institutions. The lowest shortage and the highest 

economic value take place when around 80% of the population growth occurs in the downstream 

region (Figure 3.6a,c). The highest economic values also occur when 80% of population growth is 
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in the downstream regions (Figure 3.6c). It is important to note that this allocation equates to nearly 

50% of the total population in those regions. These findings emphasize the importance of spatially 

distributing populations within a basin to effectively manage water resources, taking into account 

the competing demands for local water resources and return flows associated with each use. 

Across the 300 model runs for each institution, the total shortage ratio spans from 15.5 to 

28.9% (Figure 3.6a). The range of economic values relative to the values of the year 2014 across 

all simulations is from 1.16 to 1.6 which reflects that economic value increases as more population 

exists regardless of the institutions (Figure 3.6c). Similar to the previous scenarios, the water 

market institutions yield the highest values, followed by equal sharing and finally prior 

appropriation.  

Figure 3.6b and 6d display the result of the total population reallocation scenario with 

constant per capita demand to eliminate the effect of the distribution of the current population of 

SPRB. It is apparent that the most favorable outcomes, characterized by the lowest water shortages 

and highest economic values, emerge when populations are distributed more evenly across both 

upstream and downstream regions under all institutions, assuming all cities have the same water 

use pattern, with 50% to 70% of the total population located in the downstream regions (Figure 

3.6b,d).  

This finding emerges because urban water users typically have relatively low consumptive 

use rates, resulting in a large return flow that can benefit downstream users. The advantage (from 

a water shortage perspective) of distributing the total population between downstream and 

upstream regions is that the upstream population generates high return flows that become available 

to the downstream populations. If all population is upstream, this leads to high return flows but 

low downstream demand, diminishing the benefits from the return flows. Similarly, if the 
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population is concentrated downstream, no users in the basin could benefit from the generated 

return flows. Further, concentrating the population downstream or upstream has other drawbacks, 

such as intensifying competition for local water resources and increasing vulnerability to climate 

extremes. One advantage of downstream population allocation is their ability to use all water 

infrastructure (e.g., reservoirs) and access more of the water inflows into the basin. This reduces 

their vulnerability to climate extremes, similar to California in the Colorado River Basin. The 

introduction of new land use policies governing where and how populations grow emerges as an 

effective strategy for impacting water shortages and value, highlighting the significant impact of 

population locations and their per capita use on water shortages and economic values. 

3.5. Conclusions 

This study develops an integrated assessment framework for dynamic water allocation and 

economic value calculation considering climate scenarios, land use policies/population locations, 

and water institutions. Then the framework is applied to the SPRB and three main scenarios are 

tested to provide several insights into factors influencing water shortages and economic values. 

The first scenario involves the impact of climate scenarios and water institutions on water 

shortages and economic value under baseline population growth assumptions in the SPRB. The 

second scenario explores the effects of population growth location and density on water demand, 

water shortage, and the generated economic value under varying water institutions. The last 

scenario isolates the effects of current and future population locations on water shortages and the 

economic value generated. 

Results from the first scenario reveal that while water institutional changes influence the 

distribution of shortages among sectors, climate (together with population growth) remains the 

primary driver of total shortage. Despite notable increases in shortages under some climate 
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scenarios, the total economic value increases, as the urban sector has increasing demands and 

willingness to pay for water, leading to higher economic values. While these results are intuitive—

more people demanding water leads to a higher marginal and total value for water—welfare 

implications should be interpreted with caution since per capita water use is still lower. Notably, 

water markets (WM) and equal sharing (ES) institutions exhibit higher value generation due to the 

reallocation of water from agriculture to urban users where the marginal value of water is higher. 

Population growth is identified as a factor likely to amplify the economic value generated, 

particularly in the context of water markets. In the SPRB, the lowest water shortage is observed as 

more population growth occurs in the upstream regions, which reduces the total water demand 

because of the densification effect on urban water demand. 

Assuming the current urban land use of SPRB continues, the second scenario suggests that 

as more population growth occurs in upstream regions, water shortages decrease, but the generated 

economic value also decreases. This shows the tradeoffs associated with densifying urban 

communities that decrease water shortages but also decrease the value generated from water. While 

this result initially seems counterintuitive, it manifests largely because less dense communities 

have equal or higher marginal values for a given level of water use. For example, a residential 

water user in downtown Denver gets very little value from additional units of water beyond what 

is needed for domestic purposes, whereas a user in a more rural community can use additional 

water for lawn irrigation or to fill pools. In this case, allocating people to the upstream denser 

communities is better from the perspective of reducing water shortages.  

The third scenario examines population reallocation under constant per capita demand, 

emphasizing the significant influence of population location on total and sector-specific shortages 

and economic values. Minimum shortage and maximum economic value occur when a population 
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is distributed more evenly between upstream and downstream regions, representing a favorable 

strategy for minimizing water shortages while maximizing value. Furthermore, the downstream 

population has advantages in terms of return flow availability, infrastructure utilization, and 

climate resilience.  

The presented scenarios highlight tradeoffs between water allocation institutions. The 

equal sharing institution causes the highest total shortage but allocates water more evenly between 

Ag and urban users, which yields an intermediate economic value. The water market institution, 

on the other hand, generates the highest value as water is allocated first to urban uses that have 

higher marginal values and higher return flows, but provides an intermediate water shortage. 

Lastly, the prior appropriation institution yields the lowest water shortage under most conditions 

but also generates the lowest economic value.  

Ultimately, this study demonstrates the robustness of strategies that focus on land use 

policies and the location of urban development as tools to address water scarcity, irrespective of 

climate uncertainties or challenges associated with water rights institutions. Our findings do not 

call for sprawling growth as denser housing communities lead to lower water shortages. However, 

we highlight that both how and where communities grow matter in water management and 

assessment. As policymakers seek reliable solutions to water resource challenges, the insights from 

this study offer valuable guidance toward achieving sustainable water management through 

strategic land use planning. 
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3.6. Nomenclature 

CII commercial, institutional, and industrial 

Ag Agriculture 

𝐸[𝑍|𝜃, 𝛿] expected value of the annual total shortage between years 𝑡2 and 𝑡1 for all users 𝑖 ∈ {Agriculture, Urban} in all regions 𝑟 simulated under the water right 

institution 𝜃 and the climate scenario 𝛿 

𝐸[𝑃|𝜃, 𝛿] expected value of the annual total generated value between years 𝑡2 and 𝑡1 for all 

users 𝑖 in all regions 𝑟 simulated under the water right institution 𝜃 and the 

climate scenario 𝛿 𝐷𝑖,𝑟,𝑡(𝑥𝑟) water demand for user 𝑖 in region 𝑟 at year 𝑡, 𝑌𝑖,𝑟,𝑡(𝑥𝑟, 𝜃, 𝛿) water delivered for user 𝑖 in region 𝑟 at year 𝑡 solved through the water allocation 

model 𝑉𝑖,𝑟,𝑡(𝑥𝑟, 𝜃, 𝛿) value generated for user 𝑖 in region 𝑟 at year 𝑡 solved through the economic value 

model 𝑥 ratio of the basin wide population in region 𝑟 𝑥𝑟 vector of the ratios of the basin’s population in each region 𝑟 𝑊𝑡(𝛿) water supply available for delivery at year t under climate scenario 𝛿 𝜃 Water institution 𝛿 Climate scenario 𝑖 Demand users 𝑖  𝑟 Model regions 𝑡 Time step or year 𝑝 marginal value of water 

mWTP marginal willingness-to-pay 𝑝𝑖𝑚𝑎𝑥 maximum marginal willingness-to-pay 𝜀𝑖 price elasticity 𝑐𝑖,𝑟 calibrated constant 𝜂𝑖 Water use efficiency 𝑌𝑖,𝑟,𝑡(𝑥𝑟, 𝜃, 𝛿) the quantity of water delivered to user 𝑖 𝑌̃𝑖,𝑟,𝑡 threshold water delivery level  𝜑𝑟,𝑡 total population of region 𝑟 at time 𝑡 
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U𝑗,𝑟,𝑡 per capita demand for urban sub-uses 𝑗 ∈ {indoor, outdoor} in region 𝑟 at year 𝑡 𝑆𝑗,𝑟,𝑡 population density per 10,000 m2 𝛼𝑗 Calibrated parameter 𝛽𝑗 Calibrated parameter 𝜑𝑟,𝑡𝑜𝐻  historical population in region 𝑟 at the baseline year 𝑡𝑜, 𝜑𝑟,𝑡𝐺  population growth of region 𝑟 from the baseline year 𝑡𝑜 to year 𝑡 𝛾 shape parameter of the Dirichlet Distribution 𝑓 probability mass function of the Dirichlet Distribution 
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CHAPTER 4.  

EFFECTS OF GROWING WATER-SUPPLY-DEMAND GAP ON GROUNDWATER 

DEPLETION ACROSS U.S. RIVER BASINS  

 
 
Water supply, demand, and shortage projections profoundly influence future growth 

strategies, especially as some cities curb new housing projects due to limited water resources. 

However, studies that comprehensively address the entire water balance, particularly integrating 

allocation aspects, are still limited. In this study, we present a monthly water allocation model 

spanning from 1985 to 2070 across sub-regions in the Contiguous United States (CONUS). First, 

we forecast water withdrawal and consumptive use under four socioeconomic scenarios and ten 

climate models. Integrating these projections with available data on water yield, reservoirs, and 

inter-basin transfers under various climate scenarios, second, we model water shortages and their 

implications on groundwater depletion. Findings reveal that irrigation dominates consumptive use, 

exceeding 75% historically and in future projections. Despite its significance in water shortage 

calculations, the consumptive use ratio has received limited attention in the literature. Water 

shortage calculations show that although groundwater mining is not sustainable in the future as its 

volume diminishes, additional demand reduction strategies are required in the future to mitigate 

water shortage. Finally, relying only on renewable groundwater pumping would increase the 

requirements for demand reduction strategies, however, more sustainable. 
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4.1. Introduction 

Adaptation to the future is a critical aspect of governance globally, particularly in the water 

sector, as it impacts our lives and survival  (Huang et al., 2021). The growing challenges of climate 

change and population growth continually pressure water managers to seek to balance supply and 

demand. Global water withdrawals fueled by rapid population growth and urbanization have 

tripled in the past five decades (Ferrara, 2008; Stoker & Rothfeder, 2014). Climate change is a 

major factor that affects social and economic outcomes (Carleton & Hsiang, 2016). It threatens the 

rise of agricultural yields and the profitability of agriculture (Bareille & Chakir, 2023; Moore & 

Lobell, 2015), may inflate electricity demand, and may trigger population movements within and 

across national borders (Carleton & Hsiang, 2016). Baldos et al. (2023) highlight that no individual 

is exempt from contributing to the climate change issue (Baldos et al., 2023).  

In the US, climate change had major consequences and is projected to continue affecting 

several river basins across the country (Dettinger et al., 2015; Haddeland et al., 2014; Palmer et 

al., 2008). The most obvious issue is the mega-drought that started in 2000 and still going on in 

the Colorado River Basin in the Southern Western US (O. L. Miller et al., 2021; Richter, 2023; 

Villarini & Wasko, 2021; Wheeler et al., 2022; Williams et al., 2022). According to the survey by 

Rudd & Fleishman (2014), the question of how much water is needed to sustain the future 

population and ecosystems is the most emerging among policymakers and scientists (Rudd & 

Fleishman, 2014). Stackpoole et al. (2023) highlight the importance of the integration between the 

components of the national-scale water resources trend assessments. According to Stackpoole et 

al. (2023), the domains are the surface and groundwater quality and quantity, and the uses consist 

of human and ecological, and finally the drivers are climate, land use, and human use (Stackpoole 

et al., 2023). Additionally, Groundwater aquifers’ depths are declining across the United States and 
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should be treated more wisely as a non-renewable water resource (GebreEgziabher et al., 2022; 

Thaw et al., 2022). 

Improving water demand forecasts will help planners understand and optimize future 

investments in water supply infrastructure and related programs (Ashoori et al., 2017). The 

increasing water demand contributes twice as much as the decreasing water availability to water 

shortage (Yan et al., 2006). Population and economic growth alone would increase water stress in 

the United States through mid‐century (Blanc et al., 2014). Water scarcity is not just a supply 

problem, but also a demand problem, and is not truly scarce in most of the world at a national scale 

(Rijsberman, 2006). A recent U. S. Geological Survey water‐use report suggests that increasing 

water‐use efficiency could mitigate the supply‐and‐demand imbalance arising from changing 

climate and growing population (Sankarasubramanian et al., 2017). Water is at the center of a 

complex and dynamic system involving climatic, biological, hydrological, physical, and human 

interactions (Blanc et al., 2014). 

Research studies that focus on a single component of water resources assessments are way 

more than studies that integrate them. Several studies focused on the water supply sides (e.g. 

Archfield et al., 2016; Dudley et al., 2017; Hammond et al., 2022; Konikow, 2015; Megdal et al., 

2015; Rateb et al., 2020). Other studies focused on water demand sides e.g. (Brown, 2000; Brown 

et al., 2013; Chinnasamy et al., 2021; Warziniack et al., 2022). Very few studies model the water 

allocation across the entire United States while considering most of the components. For example, 

Brown et al. (2019) and Warziniack & Brown (2019) project the water withdrawals for the 204 

sub-regions (HUC4) in the Contiguous United States (COUNS) using the proposed methods by 

Brown et al. (2013) and Foti et al. (2012), and simulate the water allocation to calculate water 

shortage under varying conditions (Brown et al., 2019; Warziniack & Brown, 2019).  
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In this analysis, we build on the previous water allocation model for the CONUS provided 

by Brown et al. (2019) and Warziniack & Brown (2019) which serve as a starting point. We then 

(1) develop a new water demand model for each water sector (n = 5) in each CENSES region (n = 

4), (2) better represent the groundwater using the groundwater depletion dataset, (3) update the 

water yield and inter-basin transfers (IBT) with recently available data, and (4) enhance the water 

shortage calculations. Most importantly, this study considers two scenarios of groundwater 

pumping. The first scenario assumes that the groundwater pumping rate is limited to the amount 

of groundwater recharged, providing sustainable groundwater strategies. The second scenario 

considers groundwater depletion is the amount of groundwater mining from non-renewable 

resources to supplement the available water sources. Both scenarios are modeled under two water 

demand scenarios to provide a wider range of future estimates.  

4.2. Materials and Methods 

4.2.1. Overview 

The modeling framework contains three main components: water supply, demand, and 

allocation modeling (Figure 4.1). The water yield and inter-basin transfers (IBT) were obtained 

from existing literature with minimal modeling effort (Heidari et al., 2020; Siddik et al., 2023). 

The groundwater pumping estimates from the non-renewable resources (mining) come from the 

USGS groundwater depletion report.  



78 
 

 

Figure 4.1. The study framework. In bold with a green background is the main contribution of this study. The light 
text with a grey background is taken from literature with minimal modeling effort. The yellow ovals are the framework 
outputs. 

The demand modeling starts by analyzing the historical USGS water withdrawal datasets 

for all counties in CONUS, excluding island counties, from 1985 to the latest available year of 

2015 across five water sectors. We then calibrate an auto-regressive exponential model to predict 

changes in withdrawal rates (i.e., liters per capita) at the CENSUS region level (Midwest, 

Northeast, South, and West), hereinafter referred to as regions. Next, we project future water 

withdrawals for the 204 sub-regions in CONUS, based on the 4-digit hydrologic unit code of the 

USGS. After that, we estimate the consumptive use ratios for the four regions and apply them to 

the withdrawal projections to get the consumptive use, which is used to define the demand in the 

allocation model. Both water supply and water demand in addition to reservoir data were integrated 

into a Water Evaluation and Planning (WEAP) model (Yates et al., 2005) that serves as the core 

water allocation model for this study. WEAP simulates water delivery to each demand node and 

calculates shortage volume at each time step.  
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4.2.2. Climate and socioeconomic scenarios 

Climate scenarios are chosen based on Joyce's and Coulson's (2020) recommendations, 

covering a wide range of climate conditions for the entire United States, from driest and hottest to 

the wettest and least warm, with one model representing intermediate conditions (Table 4.1). 

Joyce's and Coulson's (2020) definitions are based on calculations involving temperature and 

precipitation percent changes across the United States. These scenarios utilize representative 

concentration pathways (RCPs) 4.5 and 8.5 based on the fifth Intergovernmental Panel on Climate 

Change (IPCC) assessment report (IPCC, 2014).  

Table 4.1. Climate models (Joyce & Coulson, 2020) 

Climate Model  RCP Description Model agency 

MRI‐CGCM3 4.5 and 8.5 Least Warm Meteorological Research Institute, Japan 

HadGEM2‐ES365 4.5 and 8.5 Hot Met Office Hadley Center, U.K. 

IPSL‐CM5A‐MR 4.5 and 8.5 Dry Institute Pierre Simon Laplace, France 

CNRM‐CM5 4.5 and 8.5 Wet National Centre of Meteorological Research, France 

NorESM1-M 4.5 and 8.5 Middle Norwegian Climate Center, Norway 

The USDA Forest Service 2020 RPA Assessment (Langner et al., 2020) evaluated future 

scenarios combining RCPs and Shared Socioeconomic Pathways (SSPs). RCPs model greenhouse 

gas trajectories and radiative forcing. While, SSPs describe socioeconomic development pathways 

characterized by population, economic growth, technology, and governance. This assessment 

suggested a total of 20 scenarios as a combination of five climate models, two RCPs, and four 

SSPs that provide a range of potential climate and socioeconomic futures within the United States 

(Table 4.2). Specifically, RCP 4.5 was linked with SSP1, and RCP 8.5 was linked with SSPs 2, 3, 

and 5, resulting in 20 total scenarios (Langner et al., 2020).  
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Table 4.2. Main Assessment Scenarios (RCPs and SSPs)  

Scenario Global scenario links  Climate model 

Lower warming and moderate US socioeconomic 

growth 

RCP4.5-SSP1 5 models 

High warming and low US socioeconomic growth RCP8.5-SSP3 5 models 

High warming and moderate US socioeconomic growth RCP8.5-SSP2 5 models 

High warming and high US socioeconomic growth RCP8.5-SSP5 5 models 

4.2.3. Water withdrawals Modeling 

Three main components formulate the water demand modeling as described in this section. 

The first component is water withdrawal, defined as the total water diverted from water streams or 

groundwater sources to beneficial use. It is also important to note that this study focuses on 

freshwater withdrawals, excluding saltwater. The second component is the consumptive use ratio, 

defined as the potion of the withdrawals that are consumed and don’t return to the surface water 

or groundwater (e.g. evapotranspiration). The last component is the withdrawal rate that is used 

for modeling withdrawals (e.g. irrigation depth). 

4.2.3.1. Water withdrawals (WD)  

The most recent 7 USGS withdrawal datasets at 5-year intervals from 1985 to 2015 at the 

county level (Dieter et al., 2017; Hutson et al., 2004; Kenny et al., 2009; Maupin et al., 2014; 

Solley et al., 1988, 1993, 1998) are the data used for modeling the water demand. Over the years, 

some counties had different names, split, or merged. We apply Wear & Prestemon (2019) suggested 

changes to county codes, summing values for matches (Wear & Prestemon, 2019). We then 

aggregate counties into the sub-regions for each water sector. The water demand sectors were: 

domestic (DOM), industrial/commercial/mining (ICM), irrigated agriculture (IR), 

livestock/aquaculture (LA), and thermoelectric (TH). 
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Significant differences exist between data sets before and after 2000, specifically in 

identifying public water supply (PS) deliveries to different sectors. The first 3 years split PS 

withdrawals into deliveries to domestic, industrial, commercial, thermoelectric, and losses. 

However, later years only reported total PS and domestic deliveries. We use data sets from 1985 

to 1995 to estimate PS delivery ratios to each withdrawal sector and apply them to later years. 

Additionally, DOM and ICM in 2000 are assumed to be the average values from the 1995 and 

2005 datasets as they were missing 2000 from this dataset. 

From these datasets, irrigated agriculture is the primary withdrawal sector, comprising 

nearly 40% of total withdrawals over the years (Figure 4.2). Thermoelectric withdrawals follow 

closely at around 38% of the total. Livestock and aquaculture represent approximately 2% of 

withdrawals, while the remainder is split between domestic and industrial uses.  

 

Figure 4.2. Total withdrawals by percentage of each demand sector. 
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4.2.3.2. Consumptive Use (CU) Ratios 

Consumptive use (CU) ratio refers to the portion of water withdrawn that is consumed and 

not returned to the water system, thus unavailable for reuse (Dieter et al., 2017; Solley et al., 1998). 

Major consumptive uses include evaporation, transpiration by plants, incorporation into products 

or crops, and consumption by humans or livestock. Estimates of return flows and consumptive use 

were discontinued after 1995 from the USGS datasets, primarily due to resource and data 

constraints (Dieter et al., 2017). In 2015, estimates for thermoelectric and irrigation consumptive 

use were generated again. Thermoelectric estimates relied on internal USGS data and U.S. 

Department of Energy power plant models, while irrigation estimates relied on satellite-derived 

evapotranspiration data at the state level (Dieter et al., 2017). In 2015, total consumptive use for 

irrigation and thermoelectric was 62% and 3% of their total withdrawals (Dieter et al., 2017). The 

estimated values of consumptive use ratios in the 1995 USGS report – the latest available 

consumptive use for all sectors – are estimated based on coefficients rather than precise 

measurements in many cases (Solley et al., 1998).  

Although the consumptive use ratio is the most important factor in the water allocation 

model, previous studies have investigated it the least. To model it, we estimate the weighted 

average consumptive use ratio for all regions whenever data is available for both consumptive use 

and withdrawals (Figure 4.3). We then assume that the latest sectoral consumptive use ratios per 

region remain constant in the future due to limited data points for modeling. All sub-regions are 

assumed to have the consumptive use ratio from their corresponding region. 
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Figure 4.3. Consumptive use ratios by demand sector in each region. The dots represent the reported data and the lines 
represent the assumed values. The thick black color presents the weighted mean across the United States. 

In the latest available data, the CU ratio for DOM ranges between 9% in the Northeast to 

27.3% in the West with a weighted average across the United States of 22.2% for the latest 

available year (Figure 4.3). Similarly, the ICM ranges from 7.8% in the Northeast to 20.9% in the 

West with a 13.4% weighted average across the United States (Figure 4.3). Livestock and 

aquaculture have some of the highest CU ratios as high as 94.8% in 1985 in the West, but it didn’t 

contribute much to the consumptive user as the withdrawal of this sector is 2% of the total 

withdrawals (Figure 4.3). On the other hand, thermoelectric has a 3% weighted average CU ratio 

that significantly reduces its effect on consumptive use (Figure 4.3 and Figure 4.4). Lastly, irrigated 

agriculture with a weighted average of 61.8% in 2015 (Figure 4.3), makes it the outstanding 

consumptive water user with more than 75% of the consumptive uses (Figure 4.4). The other four 

sectors have very close values to each other representing 25% of the consumptive use. 
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Figure 4.4. percentage of demand sectors' consumptive use to the total consumptive uses. 

4.2.3.3. Withdrawal Rate  

Withdrawal rates, defined as withdrawal per unit, have been identified as effective metrics 

for projecting future water withdrawals (Brown et al., 2019; Warziniack & Brown, 2019). In Table 

4.3, one primary factor is assumed to be the key driver for the withdrawal of each demand sector. 

We use irrigation area as the driver for irrigated agriculture, measured in cm/year as the withdrawal 

rate. For the industrial group, the driver is liters per day per $1000 of total personal income (2005 

dollars). For the other three sectors, liters per capita per day (lpcd) is used as the withdrawal rate. 

Although using liters per capita for thermoelectric is a simplification, it has a low consumptive 

ratio of 3%  (Dieter et al., 2017), minimizing the estimation errors in our estimation. Personal 

income data are obtained from the Bureau of Economic Analysis, while irrigated areas and 

population data are sourced from the USGS withdrawal datasets mentioned earlier. 
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Table 4.3. Demand sectors with the driver and withdrawal rate for each. 

Sector Driver Withdrawal rate  

Irrigated Agricultural (IR)  Irrigated Area cm/year 

Industrial, Commercial, and Mining (ICM) Total Personal Income l/1000$/d* 

Domestic (DOM) Population lpcd 

Livestock and Aquaculture (LA) Population lpcd 

Thermoelectric (TH) Population lpcd 

* 2005 US dollars 

We model the regions' withdrawal rates and then apply calibrated models to the sub-

regions. Firstly, we aggregate withdrawals and drivers to the regions and calculate the withdrawal 

rate for each sector. Subsequently, we fit an auto-regressive exponential model (equation 4.1) for 

each sector in each region that minimizes the root mean square error (RMSE) between the modeled 

and observed withdrawal rates. The model takes the form: 

∅𝑟,𝑠,𝑡 =  ∅𝑟,𝑠,𝑡−5 ∗  (1 + 𝛼𝑟,𝑠)5 4.1 

where ∅𝑟,𝑠,𝑡 is the withdrawal rate for sector 𝑠 in region 𝑟 at year 𝑡 and 𝛼𝑟,𝑠 is the calibrated 

parameter. Each simulated withdrawal rate at 5-year intervals takes into account the previous 

timestep withdrawal rate, capturing the changes in climate, technology, and policies during the 

historical period. 

Observed and modeled withdrawal rates are presented in Figure 4.5. Additionally, 

calibrated parameters, RMSE, coefficient of variation (R-Squared), and percentage bias are 

reported in Table 4.4. DOM, ICM, and THERM exhibit decay rates in all regions with R-Squared 

values from 0.55 to 0.99 and less than 4% bias (Figure 4.5, Table 4.4). On the other side, LA shows 

a growth rate in all regions with R-squared values ranging from 0.22 to 0.66 and a bias lower than 

2% except for the Northeast which reports a 9.2% bias. IR shows variation, with a decline in the 
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West and Midwest (Bias percent of 1.12% and 1.06%, respectively) but an increase in the South 

and Northeast (Bias percent of 1.62% and 4.03%, respectively).  

 

Figure 4.5. Withdrawal rate calibration for the five demand sectors in each region. The points present the weighted 
average region withdrawal rate and the dotted lines represent the calibrated model. 
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Table 4.4. The withdrawal rate calibration summary. 

Sector Region Parameter RMSE R2 Percent Bias 

Domestic (DOM) 

Midwest -0.00298 20.7 0.71 0.33 

Northeast -0.00149 69.5 0.55 2.97 

South -0.00453 59.8 0.65 1.37 

West -0.00598 71.8 0.77 1.36 

Industrial, Commercial, and 

Mining (ICM) 

Midwest -0.02487 3.9 0.96 1.74 

Northeast -0.04882 4.5 0.91 -1.99 

South -0.03119 2.0 0.99 0.39 

West -0.03026 3.7 0.91 1.82 

Irrigated Agricultural (IR) 

Midwest -0.00895 7.7 0.58 1.06 

Northeast 0.00781 10.4 0.03 4.03 

South 0.00280 5.9 0.01 1.62 

West -0.00580 12.8 0.81 1.12 

Livestock and Aquaculture 

(LA) 

Midwest 0.00987 11.2 0.66 -0.14 

Northeast 0.04487 40.4 0.22 9.22 

South 0.01106 33.1 0.34 1.57 

West 0.02713 104.6 0.66 0.30 

Thermoelectric (TH) 

Midwest -0.00631 900.8 0.66 3.49 

Northeast -0.03546 303.8 0.90 -1.05 

South -0.01062 578.0 0.67 1.41 

West -0.03597 41.5 0.79 -0.65 

 

Sub-regions future withdrawal rates are modeled by substituting  ∅𝑟𝑒𝑔𝑖𝑜𝑛 with ∅𝑠𝑢𝑏−𝑟𝑒𝑔𝑖𝑜𝑛 

to obtain the future withdrawal rate for each sub-region (equation 4.1). To address errors from 

individual sub-region data or projections, upper and lower boundaries are consistently applied after 

calculating projected withdrawal rates for each sector. California, known for high water efficiency 

as of 2022 (Alliance for Water Efficiency, 2023), aims to reduce indoor residential water use to 

190 lpcd by 2030 (State of California, 2018). Considering outdoor residential water use and 

source-to-home losses, we assume 250 lpcd as the minimum withdrawal rate for DOM. For ICM, 

a minimum of 4 l/1000$/d is assumed based on suggestions by Brown et al. (2019) and Warziniack 

& Brown (2019). Regarding LA, with increasing withdrawals, each sub-region is assumed not to 
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exceed 120% of its maximum historical LA withdrawal. We don’t assign minimum or maximum 

bounds for IR and TH due to insufficient data and inconsistent trends. 

Data on future drivers—population, personal income, and irrigated area—are obtained 

from Wear & Prestemon (2019) at the county level for the four selected SSPs (Figure C2 to Figure 

C5). Drivers are multiplied by withdrawal rates to calculate sub-regions' future withdrawals. 

Subsequently, withdrawals are multiplied by the consumptive use ratios to estimate sub-regions 

consumptive uses. Finally, monthly withdrawal patterns for each sector in each sub-region are 

adopted from Brown et al. (2019) to estimate the monthly consumptive uses that present the water 

demand in the modeling framework. 

4.2.4. Water Supply Modeling 

The water supply is comprised of three main components: water yield, inter-basin transfers 

(IBT), and non-renewable groundwater abstraction, as described below. 

4.2.4.1. Water Yield 

Heidari et al. (2020) utilized the Variable Infiltration Capacity (VIC) model (Liang et al., 

1994) to simulate water yield over the CONUS, employing the climate scenarios presented earlier. 

VIC is a semi-distributed macroscale model solving full water and energy balances to simulate 

land-atmosphere fluxes and flow routing (Liang et al., 1994). Water yield represents the renewable 

water supply, occurring as surface runoff or baseflow (Brown et al., 2019), representing also the 

groundwater pumping from renewable resources. Water yield is obtained at a monthly time step 

for each sub-region in CONUS from Heidari et al. (2020). Figure 4.6a depicts the mean annual 

historical (1991 to 2015) water yield, and Figure 4.6b illustrates the percentage change between 
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the mean annual mid-future (2046 to 2070) under 10 climate scenarios compared to historical 

levels. 

 

Figure 4.6. Water supply components in CONUS. a) Historical mean annual water yield. b) Water yield annual mean 
of 10 climates mid-future mean percentage change to the historical mean annual water yield. c) estimated groundwater 
annual Depletion. d) annual inter-basin transfers IBT. e) location of IBT. 
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4.2.4.2. Inter-basin transfers (IBT) 

Surface water supply in a watershed relies on local water from precipitation and 

connections with other watersheds (Duan et al., 2019). Inter-basin water transfers (IBT) involve 

conveying water from one watershed to another through engineering projects like pipelines, 

aqueducts, or canals (Siddik et al., 2023). IBT data from Siddik et al. (2023) are incorporated into 

our water allocation modeling with the highest priority of allocation. This means that water is 

transferred through IBT before fulfilling demands. Figure 4.6d summarizes the annual volume of 

IBT for each sub-region, where negative values indicate the donor basin and positive values 

indicate the receiving basin. Figure 4.6e displays the locations of all IBT across the CONUS and 

Southern Canada. 

4.2.4.3. Groundwater Depletion as Water Supply 

Groundwater pumping comes from renewable and nonrenewable sources. Renewable 

groundwater which is sustainable groundwater pumping is already accounted for in the VIC water 

yield simulations. Nonrenewable groundwater is the groundwater pumping rate beyond 

percolation rates that recharges the aquifers. In a previous study for shortage adaptation in the 

United States by Brown et al. (2019), the groundwater was accounted for in the allocation 

modeling using the term groundwater mining. They defined groundwater mining as prolonged 

groundwater overdraft, causing a long‐term drawdown of the water table or reduction in the 

hydraulic head of a confined aquifer (Brown et al., 2019). Their estimate of past groundwater 

mining volume equals past groundwater withdrawal minus the amount of mean annual yield that 

is likely to recently have infiltrated and become available for pumping and relies heavily on recent 

estimates of groundwater depletion (Brown et al., 2019). 
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In this analysis, the nonrenewable groundwater is represented by the volume of depleted 

groundwater from the aquifers as estimated by Konikow (2011, 2013). Groundwater depletion is 

defined as a reduction in the volume of groundwater in storage in the subsurface (Konikow, 2011, 

2013).  Konikow (2011, 2013) reported the mean annual groundwater depletion each decade from 

1950 to 2008 for 40 main aquifers in the United States through extensive modeling and 

calculations. We map this depletion to sub-regions in CONUS and estimate the annual groundwater 

depletion. Then we apply the monthly demand shares to get the monthly estimated historical 

groundwater depletion for the historical period of this study (Figure 4.6b). The aggregate amount 

of groundwater depletion across CONUS has a minimum of 10 BCM/y between 1991 and 2000, 

while the peak is reported between 2001 and 2008 at 25 BCM/y (Figure 4.7). We assume that 2008 

rates will continue until 2015. In the water allocation model, we add the volume of the groundwater 

depletion to the water yield in the corresponding sub-region to represent the total water supply. 

 

Figure 4.7. Historical annual mean groundwater depletion in the principal aquifers of CONUS (Konikow, 2011, 2013). 
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4.2.5. Water Allocation Modeling 

Water allocation modeling is conducted using the Water Evaluation and Planning (WEAP) 

model (Yates et al., 2005). The model employs linear programming to address the water allocation 

problem, aiming to maximize the satisfaction of demands within the constraints of allocation 

priorities and water availability. The model prioritizes demands sequentially, addressing high-

priority demands first without foresight into future months. The WEAP model, initially provided 

by Brown et al. (2019), serves as the foundation before applying the updates described earlier 

(Figure 4.9). In the water allocation model, the water supply is the water yield plus the groundwater 

depletion, and the water demand is the consumptive use. 

 

Figure 4.8. WEAP Layout 

In our WEAP implementation, IBT nodes are assigned the highest priority, ensuring water 

moves from donor basins to receiver basins before other calculations. Once IBT allocation is 

complete, the model maximizes demand coverage –the percentage of demand satisfaction– for all 

demand nodes. Reservoirs, assigned the lowest priority, only fill up after all demands are met if 
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possible. The model then progresses to the next time step, repeating the procedure. Because all 

nodes of the same category (IBT, reservoir, or demand) share the same priority, the allocation is 

an equity-based distribution of available supplies each time step. WEAP runs monthly from 1985 

to 2015 as the historical period, and from 2015 to 2070 representing the future.  

4.2.6. Scenarios and Water Shortage Metrics 

Four main future scenarios are presented in this study (Table 4.5). The first two scenarios 

simulate the future water shortage relying only on sustainable groundwater (no groundwater 

depletion occurring in the future). However, they differ in the demand calculation. The first one 

uses the modeled withdrawal rates as presented early on in this analysis, and the latter assumes 

constant withdrawal rates as the year of 2015. The third and fourth scenarios apply also both 

demand models but assume that the historical groundwater depletion trend will continue as the 

latest available of the year 2008 (groundwater will continue depletion into the future).  
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Table 4.5. Scenarios Definition  

Scenario Water Demand Groundwater 

1) Baseline future: Modeled 

withdrawal rates with 

sustainable groundwater 

Modeled withdrawal rates Sustainable groundwater is only 

presented from VIC simulations 

2) Constant withdrawal rates 

with sustainable groundwater 

Historical withdrawal rates as of 

the year 2015 

Sustainable groundwater is only 

presented from VIC simulations 

3) Modeled withdrawal rates 

with sustainable groundwater  

and groundwater mining 

Modeled withdrawal rates Sustainable groundwater from 

VIC simulations and 

groundwater mining like the 

latest available estimate of 

annual mean of years from 2001 

to 2008 

4) Constant withdrawal rates 

with groundwater mining 

Historical withdrawal rates as of 

the year 2015 

Sustainable groundwater from 

VIC simulations and 

groundwater mining like the 

latest available estimate of 

annual mean of years from 2001 

to 2008 

 

It's crucial to point out that simulating water demands in our study is based on actual 

withdrawals and consumptive use estimates, which may not precisely align with the actual required 

water demand. Therefore, our water shortage calculations might underestimate the total water 

shortage. In simpler terms, the simulated water shortage in this analysis should be added to any 

existing shortages. 

Water shortage in this analysis is defined as the deficit between the required demand and 

the delivered demand, calculated monthly using WEAP (equation 4.2). In addition to the shortage 

volume, we report the mean and 95th percentile of the annual shortage ratio over 25-year periods, 
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which is the shortage volume divided by the demand volume (equation 4.3). We also report the 

shortage frequency, calculated as the sum of the months with shortage within 25 years divided by 

300, the total number of months in 25 years (equation 4.4). 

𝑆ℎ𝑜𝑟𝑡𝑎𝑔𝑒 𝑉𝑜𝑙𝑢𝑚𝑒 =  𝑅𝑒𝑞𝑢𝑖𝑟𝑒𝑑 𝐷𝑒𝑚𝑎𝑛𝑑 − 𝐷𝑒𝑙𝑖𝑣𝑒𝑟𝑒𝑑 𝐷𝑒𝑚𝑎𝑛𝑑 4.2 

𝐴𝑛𝑛𝑢𝑎𝑙 𝑆ℎ𝑜𝑟𝑡𝑎𝑔𝑒 𝑅𝑎𝑡𝑖𝑜 = ∑ Shortage Volume12𝑚𝑜𝑛𝑡ℎ=1∑ 𝑅𝑒𝑞𝑢𝑖𝑟𝑒𝑑 D𝑒𝑚𝑎𝑛𝑑12𝑚𝑜𝑛𝑡ℎ=1  4.3 

Mean Shortage Frequency =  ∑ # 𝑜𝑓 𝑚𝑜𝑛𝑡ℎ𝑠 𝑤𝑖𝑡ℎ 𝑠ℎ𝑜𝑟𝑡𝑎𝑔𝑒n
𝑦𝑒𝑎𝑟=1  / (12 ∗ n) 4.4 

 

4.3. Results and Discussions 

4.3.1. Water withdrawals and consumptive use projections 

Following the calibration of each region's exponential model on water withdrawal rates, 

the model was applied to the sub-region withdrawal rates of the year 2015 to project their future 

values. As reported in Figure 4.9 and Table 4.6, the weighted average domestic withdrawal rate is 

projected to decrease, ranging from 268 to 322 lpcd in 2070, while the ICM rate is anticipated to 

nearly reach its minimum within the range of 4 to 4.4 l/1000$/d. Thermoelectric rates are also 

expected to decrease in all regions with the range of 4.3 lpcd to 1566 lpcd. The maximum irrigated 

agriculture withdrawal rate in 2070 is projected to be 72 cm/year in the West, and the minimum is 

14 cm/year predicted in the Midwest. 
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Figure 4.9. Weighted Average region withdrawal rates projection for each water sector of ssp1. The dots are the 
weighted mean of each region's data. The solid lines present the model of each region and sector. The dashed lines 
present the weighted mean projected withdrawal rate for each region starting from the data of the year 2015 estimated. 

 

Table 4.6 Weighted Average region withdrawal rates projection for each water sector of ssp1 in 2070. 

Region 
DOM ICM IR THERM LA 

lpcd l/1000$/d cm lpcd lpcd 

Midwest 268.84 4.42 14.11 1566.58 92.52 

Northeast 279.91 4.00 46.22 59.49 79.20 

South 270.56 4.31 57.07 789.93 138.82 

West 322.22 4.02 72.07 4.30 413.35 

 

Figure 4.10 illustrates the total withdrawal (a) and consumptive use (b) projections in 

CONUS for historical and future Shared Socioeconomic Pathways (SSPs). The historical peak of 

CONUS withdrawals occurred in 2005 at 1,324 MCM/y, while estimated consumptive use peaked 

in 2000 at 396 MCM/y (Figure 4.10). By 2070, total withdrawals in CONUS are projected to range 
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from 847 MCM/y for SSP3 to 1,317 MCM/y in SSP5, approaching the highest recorded historical 

withdrawals. Following the withdrawal trend, consumptive use projections range from 330 to 403 

MCM/y, with the latter surpassing the maximum estimated historical consumptive use. Compared 

to 2015, the future consumptive use in 2070 increase by 5% to 16%. SSPs 1 and 2 total withdrawal 

and consumptive use projections closely align with the observed values in 2015. Figure C6 to 

Figure C13 provide a detailed breakdown of withdrawals and consumptive use by sectors in each 

region. 

 

Figure 4.10. Total withdrawal (a) and consumptive use (b) projection in CONUS. 

The irrigated agriculture sector is projected to remain the primary consumer of water, while 

the thermoelectric sector consistently exhibits the lowest consumptive use across all SSPs (Figure 

4.11b). Despite a projected doubling of the West's population in 2070 under SSP5, total 

consumptive use in the West is anticipated to decline across all SSPs. This decline is primarily 

attributed to reductions in irrigation and domestic withdrawal rates, coupled with a decrease in 

irrigated areas. Similarly, the Midwest is expected to experience a decline due to decreases in 

irrigation withdrawal rates and slow population growth. Conversely, the South is projected to 

witness a consumptive use increase of at least 50% compared to 2015. This rise is driven by 
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projected increases in irrigated areas, irrigation withdrawal rates, and a doubled population by 

2070. 

The Northeast, historically having the lowest share of consumptive use, is expected to see 

an increase under all SSPs (Figure 4.11a). The Northeast historically maintains low withdrawal 

rates in domestic, industrial, and thermoelectric sectors, and these rates are not projected to 

experience significant reductions. Hence, the increase in consumptive use is primarily driven by 

population and economic growth, further amplified by a projected increase in irrigation depth. 

Figure 4.12 displays the subregions’ consumptive use historical mean (1991 to 2015) and the 

percentage change of the mid-future mean (2046 to 2070) consumptive use from the historical 

values under each SSP. 

 

Figure 4.11. Annual historical and projected consumptive use in CONUS. a) total consumptive use in each region 
colored by SSPs 1,2,3, and 5. b) total consumptive use in CONUS for each SSP colored by the demand sector. 
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Figure 4.12. Total consumptive use in each sub-region. a) historical mean. b to e: the percentage change between the 
mid-future mean form the historical mean. b) SSP1, c) SSP2, d) SSP3, and e) SSP5. 

4.3.2. Baseline Future Water Shortage Metrics 

This section presents the results of the baseline future scenario that includes the modeled 

withdrawal rates for the water demand calculations and accounts only for the sustainable 

groundwater in the future as simulated by the VIC model (scenario 1 in Table 4.5). The historical 

aggregate annual shortage in CONUS ranges between 2 and 12 BCM/y (Figure 4.13). Going into 

the future, the aggregate annual shortage across the 20 simulated scenarios spans from 2.4 to 12.7 

BCM/year (Figure 4.13). However, when considering the mean annual across the 20 scenarios, the 

range is reduced to have a minimum of 4.7 BCM/y and a maximum of 7.2 BCM/y (Figure 4.13). 
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Figure 4.13. annual shortage volume for all the 20 simulated scenarios for the baseline scenarios (Scenario 1 in Table 
4.5). The black line presents the historical shortage and the mean future shortage across the simulated scenarios. The 
shaded blue area shows the minimum and maximum shortage range across the simulated scenarios. 

Considering two 25-year periods of 1991 to 2015 representing the historical and 2046 to 

2070 representing the mid-future conditions, several shortage metrics are calculated as follows. 

The historical mean annual shortage is reported at 5.3 BCM/y and the 95th annual shortage 

percentile reached 11 BCM/y (Figure 4.14a,b). The Dry climate scenario records the highest 

shortage under all simulated SSPs for the mean and the 95th percentile annual shortage. The Wet 

and the Least Warm climate scenarios record the minimum across all scenarios. Otherwise, the 

Middle and Hot climate scenarios have intermediate shortages  (Figure 4.14a,b). 
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Figure 4.14. 25-year mean and 95th percentile shortage volumes for the baseline scenarios (Scenario 1 in Table 4.5) 
for the historical and the mid-future periods for all the simulated scenarios.  

Limiting the results to the basins with shortages, Figure 4.15 shows the box plot for all 

scenarios (Figure 4.15), and a geographical representation is shown for selected scenarios in Figure 

4.15. The number of basins with shortages in the historical period is 24 with medians of 0.1 for the 

mean annual shortage ratio (Figure 4.15a), 0.4 for the 95th percentile annual shortage ratio (Figure 

4.15b), and 0.1 for the shortage frequency (Figure 4.15). The SSP2 and SSP3 scenarios under the 

least warm climate conditions report only 17 basins with shortage. However, the dry climate 

scenario generates a shortage in 30 basins under SSP1 and 28 under the other SSPs (Figure 4.15a-

c). 
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Figure 4.15. 25-year mean shortage ratio, 95th percentile, and shortage frequency for the baseline scenarios (Scenario 
1 in Table 4.5) for the historical and the mid-future periods for all the simulated scenarios. 

From the historical simulation, shortages have been located along the borders between the 

West with both the Midwest and the South regions (Figure 4.16 a,d,g). In addition to the states of 

Arizona and Florida, and the Center Valley in California. Under the Dry RCP8.5 SSP5 scenarios 

in the mid-future, these regions face increased shortage ratios and frequencies (Figure 4.16 b,e,h), 

adding threats to major agricultural production areas and fast-growing urban basins. Under the 

least warm conditions, no observed shortage in Center Valley California, and shortages in Arizona 

significantly reduced (Figure 4.16 c,f,i).  
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Figure 4.16. 25-year mean shortage shortage ratio, 95th percentile, and shortage frequency for the historical and the 
mid-future for Dry8.5-SSP5, and Warm4.5-SSP3 scenarios. 

4.3.3. Groundwater pumping rates and demand reduction for water shortage 

mitigation 

In this section, two demand models (Figure 4.17) and two future groundwater policies are 

presented to get a wider range of potential water shortages while focusing on the mean annual 

conditions as described in Table 4.5. The demand model with the constant historical withdrawal 

projects more consumptive demand into the future compared to the modeled withdrawal rates and 

the historical demands (Figure 4.17). 
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Figure 4.17. Annual consumptive uses across all SSPs using the modeled withdrawal rates in orange and the historical 
withdrawal rates in blue. 

If we switch from sustainable groundwater pumping (only pumping renewable 

groundwater) to groundwater mining (pumping from non-renewable groundwater that causes 

groundwater depletion), the simulated water shortage significantly decreases (Figure 4.18). 

However, additional groundwater mining is required or additional demand reduction strategies 

should take place to fully mitigate water shortages (Figure 4.18). As groundwater depletion has 

several consequences for the environment and diminishes groundwater in several basins, demand 

reduction strategies have to be considered to ensure the groundwater pumping rate is lower than 

the recharge rate to allow for sustainable groundwater pumping. 
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Figure 4.18. annual shortage volume for the four scenarios presented in Table 4.5 

 

4.4. Conclusions 

Firstly, this study develops a methodology for projecting water withdrawals and 

consumptive uses in the Contiguous United States (CONUS) under different Shared 

Socioeconomic Pathways (SSPs). The water withdrawal rates of 5 demand sectors are modeled for 

the four CENSUS regions and then applied to the 204 hydrologic unit sub-regions. The results 

indicate a projected decrease in the weighted average regional domestic, thermoelectric, and 

industrial/commercial/mining withdrawal rates, while irrigated agriculture withdrawal rates 

exhibit variation trends across regions.  

The consumptive use ratio, marked as the most important factor in demand modeling,  was 

the least investigated in the literature. We calculate the weighted average consumptive use for each 

demand sector in each region and assume these values continue as the latest available. The 

consumptive use projections reveal that the irrigated agriculture sector is the primary consumer of 

water, while thermoelectric has the lowest consumptive use among all SSPs. Despite a projected 
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doubling of the population in the West by 2070, total consumptive use in the region is expected to 

decline due to reductions in irrigated agriculture and domestic withdrawal rates, coupled with a 

decrease in irrigated areas. In contrast, the South is anticipated to experience a significant increase 

in consumptive use, driven by an expansion in irrigated areas, irrigation withdrawal rates, and 

population growth. 

The study further explores the future baseline shortage ratio and frequency projections 

under combined SSPs and climate models. The analysis reveals historical shortages in some sub-

regions, and future projections indicate an increase in the number of sub-regions with shortages 

under certain SSPs. Shortages are predicted at the sub-regions crossing the borders of the West 

region with the Midwest and South regions and the states of Arizona, California, and Florida.  

Additionally, the study investigates the effects of two groundwater strategies; relying only 

on sustainable groundwater (pumping rates less than percolation rates) and including groundwater 

mining (pumping rates above percolation rates). The simulated shortages under the latter scenario 

are lower than the first one, however, some shortages are still predicted. Hence, more demand 

reduction strategies have to be applied to reduce the predicted shortages. Finally, relying only on 

sustainable groundwater pumping is preferred to reduce the consequences of depleting 

groundwater aquifers but puts more pressure on demand reduction strategies. 
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CHAPTER 5.  

CLOSING REMARKS 

 
 
Integrated water resource management continues to receive substantial interest, as water is 

the most essential resource for life. Advancing technology enables modeling more factors in 

simulations, leveraging increased computing power. High-resolution, basin-specific models with 

fine time steps effectively capture reservoir operations, deliveries, and return flows to evaluate 

local strategies like groundwater pumping or reservoir operation. These local models answer key 

questions not addressable in lower resolution, larger scale models. However, national models 

highlight overall supply and demand conditions, guiding the investigation of concerning regions. 

Research benefits from both localized and national modeling approaches. 

Hadjimichael et al., (2023) conducted a comparative analysis between large-scale 

hydrologic modeling and node-based representations of water systems in the Upper Colorado 

River Basin to identify the distinctions in their analytical approaches. The study revealed that both 

models effectively captured the overall monthly impacts of various water management processes 

within the basin. This implies that, in addition to offering a regionally consistent model of 

hydrologic and other processes, the large-scale model has the potential to bridge aggregate 

dynamics between interacting basins lacking high-resolution models. However, the study 

identified a limitation of the large-scale model when it comes to concluding water availability and 

vulnerability for smaller areas within the catchment (Hadjimichael et al., 2023). 

This dissertation applied integrated management allocation modeling at two scales, 

providing unique findings. Specifically, the first two analyses of this dissertation focused on the 

South Platte River Basin (SPRB) in Colorado, a snow-driven system with mixed agriculture and 
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urban water demands and growing communities. SPRB relies on inter-basin transfers and has 

complex water rights and active water market rights, representing the western United States. A 

detailed water allocation model was developed with a half-monthly time step to capture the effects 

of climate change on the water supply and water demands. More than 3000 scenarios were 

simulated to capture a range of climate models, water rights institutions, supply and demand 

management, population densities, and land use policies, and calculate water shortages and their 

economic values. Additionally, an integrated land use planning and water management framework 

was developed. 

In the third analysis, we employed a water allocation model for the CONUS at the sub-

region level with monthly timestep. Firstly, we updated the water demand projection methodology 

and then integrated that into the water allocation model with available water supply datasets. 

Shortage volume, ratio, and frequency were calculated with enhanced shortage metrics. In this 

analysis, consumption uses ratios and groundwater representations were highlighted as points that 

require further focus in the future reflecting their importance in the water allocation. Sustainable 

groundwater pumping can be reached by restricting groundwater pumping to the percolation rates 

which is essential to reduce groundwater depletion. However, more demand reduction is required 

to mitigate predicted water shortages while preserving groundwater storage. 

A key point of water management and shortages calculations is the data that are used as 

inputs for the simulations. Hence, investing in data collection (e.g. inter-basin transfers), building 

tools (e.g. IUWM), and running simulations (e.g. water yield) are always helpful for future actions. 

Without years of work from previous work within our two scale models in the South Platte River 

Basin and the United States, presenting this integrated detailed analysis would be impossible. The 
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previous efforts let us focus on the big picture of the water allocation and shortage analysis under 

several adaptation strategies. 

Two important notes should be highlighted regarding the past literature. Firstly, the 

consumptive use ratio is the most important parameter in the water shortage analysis and should 

receive more attention in the coming years. The consumptive use ratio is the amount of water that 

leaves the system while fulfilling the water demands and doesn’t appear as surface or groundwater 

return flow. Second, when actual withdrawal data are used to present the water demand, some 

adjustments have to be made for shortage calculations. Withdrawals don’t represent the full 

required demand but reflect the demand satisfied. So, investigations have to be for historical water 

shortage calculations to be added to the simulated shortages. 

The integrated water management field is still available for further development. We 

consider here factors that link components like land use, population density, population locations, 

groundwater, trends of withdrawal rates, water rights, management strategies, socioeconomic 

pathways, and climate factors and simulate their effects on the water shortages. Future research 

directions Throughout the study period, several directions for future research were identified to 

better quantify water demands and shortage calculations. The recommended areas of future 

research are outlined below: 

1. Including more water rights institutions in the water allocation modeling of SPRB. 

2. Update the water withdrawal rate calibration once the 2020 withdrawal data are available. 

3. Perform a comprehensive consumptive use ratio analysis by collecting more data. 

4. Update the reservoir storage volume to the latest available for a better estimation of the 

dead storage volume and volume-elevation curve, to account for the active storage volume 

and the surface area for evaporation calculations. 
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5. Investigate the historical shortages to correctly model future shortages.  
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APPENDIX A 

SUPPORTING INFORMATION FOR CHAPTER 2:  

ASSESSMENT OF VULNERABILITY TO WATER SHORTAGE IN SEMI-ARID RIVER 

BASINS: THE VALUE OF DEMAND REDUCTION AND STORAGE CAPACITY 
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1. WEAP Schematic 

 

Figure A1. WEAP Schematic 

2. Regression models 

2.1. Population of Region 3 as a Function of Population of Region 4  

 

Figure A2. Population in regions 3 and 4 from 1980 to 2015 with the regression model used to split their combined 
estimated population. 
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2.2. Households as a Function of Population (Colored by Model Regions) 

 

Figure A3. Households and population in each region and the regression model used to estimate the households from 
the population 

2.3. Flood Application Irrigation Efficiency as a Function of Ag Consumptive Demands 

Per Unit Area. 

 

Figure A4. Manual calibrated flood application irrigation and output from the linear regression model with a 1:1 line. 

2.4. Outflow Regression Model 
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𝑂𝑢𝑡𝑓𝑙𝑜𝑤 = 𝑒1.44𝑒−6∗𝑊𝑎𝑡𝑒𝑟 𝑌𝑖𝑒𝑙𝑑(𝑠𝑢𝑚 𝑜𝑓 𝑐𝑜𝑚𝑖𝑛𝑔 6 𝑚𝑜𝑛𝑡ℎ𝑠)+ 2.36𝑒−6∗𝑊𝑎𝑡𝑒𝑟 𝑌𝑖𝑒𝑙𝑑 (𝑠𝑢𝑚 𝑜𝑓 𝑝𝑟𝑒𝑣𝑖𝑜𝑢𝑠 10 𝑚𝑜𝑛𝑡ℎ𝑠)  
            (A1) 

where outflow in cubic feet per second (CFS) and water yield from the VIC model in acre-

feet (AF) 𝑂𝑢𝑡𝑓𝑙𝑜𝑤 = 𝑒1.16𝑒−9∗𝑊𝑎𝑡𝑒𝑟 𝑌𝑖𝑒𝑙𝑑 (𝑠𝑢𝑚 𝑜𝑓 𝑐𝑜𝑚𝑖𝑛𝑔 6 𝑚𝑜𝑛𝑡ℎ𝑠)+1.91𝑒−9∗𝑊𝑎𝑡𝑒𝑟 𝑌𝑖𝑒𝑙𝑑 (𝑠𝑢𝑚 𝑜𝑓 𝑝𝑟𝑒𝑣𝑖𝑜𝑢𝑠 10 𝑚𝑜𝑛𝑡ℎ𝑠)/35.315             (A2) 

where outflow in m3/s and water yield from the VIC model in m3  

3. Climate Models  

Table A1. MACA climate models (Joyce & Coulson, 2020) 

Name RCP Description Model agency 

HadGEM2‐ES365 
4.5 and 
8.5 

HOT Met Office Hadley Center, U.K. 

MRI‐CGCM3 
4.5 and 
8.5 

WARM Meteorological Research Institute, Japan 

CNRM‐CM5 
4.5 and 
8.5 

WET National Centre of Meteorological Research, France 

IPSL‐CM5A‐MR 
4.5 and 
8.5 

DRY Institute Pierre Simon Laplace, France 

• Warm means the lowest average increase in temperature. 

• Hot means the highest average increase in temperature. 

• Wet means the highest average increase in precipitation. 

• Dry means the highest average decrease in precipitation. 

The Precipitation change (percent) against temperature difference (°C) at mid-century 

(2041–2070) from the historical period (1971–2000) under RCP 4.5 and RCP 8.5 for 16 climate 

models at the scale of the conterminous United States are presented in Langner (2022) figure 3 for 

more details.  

Langner, Linda L.; Joyce, Linda A.; Wear, David N.; Prestemon, Jeffrey P.; Coulson, 

David; O’Dea, Claire B. 2020. Future scenarios: A technical document supporting the USDA 

Forest Service 2020 RPA Assessment. Gen. Tech. Rep. RMRS-GTR-412. Fort Collins, CO: U.S. 
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Department of Agriculture, Forest Service, Rocky Mountain Research Station. 34 p. 

https://doi.org/10.2737/RMRS- GTR-412. 

4. Water Supply and Demands Calibration 

Table A2 summarizes the supply and demands calibration. 

Table A2. Water supply and demands calibration 

Model Monitored Simulated Comments 

Water Supply in BCM/y (VIC + 
the transferred water) 

2.34 2.89 

The simulated water supply 
includes the surface runoff, the 
baseflow, and the transferred 

water, while parts of this 
baseflow are accounted as 

groundwater withdrawal in the 
monitored data. 

Urban Water 
Demand in liters 
per capita per day 
(IUWM) 

Metro 
Region 

586.7 550 

Results are very close Other 
regions in 
SPRB 

711.7 719.2 

Irrigation Water Requirements in 
cm (DayCENT) 

53.6 50.2 Results are very close 

 

4.1. Water supply calibration 

The annual mean of water from the VIC model plus the transferred (out-of-basin) water is 

2.89 BCM/y over the historical period. The Colorado Water Plan (CWCB, 2015) reports the long-

term average water supply in SPRB is 2.34 BCM/y (Table A2). VIC reports higher mean values as 

it accounts for baseflow, while parts of this baseflow are accounted as groundwater withdrawal in 

the monitored flow from The Water Plan. 

Also, a comparison between the USGS-monitored prominent mouth of canyons of SPRB -

in blue- to the VIC results at the outlets of the corresponding HUC8s over the historical period is 

https://doi.org/10.2737/RMRS-%20GTR-412
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presented in the two figures below -in orange-. VIC results are higher than the monitored flow 

because of the more area that contributes to the VIC flow and the accounting for the baseflow. 

Overall, this half monthly average over the historical period indicates that VIC can imitate the flow 

in the study area. 

 

Figure A5. Average historical monthly water supply from VIC at the huc8s outlets, with the monitored monthly 
average at the mouth of canyons. 
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Figure A6. The mouth of major canyons contributing to SPRB water (bule) with the Huc8 areas (grey and orange) 
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4.2. Urban water demand 

The Colorado Water Plan (CWCB, 2015) estimated the 2010 municipal water demand for 

the metro regions as 586.7 liters per capita per day (lpcd), while IUWM estimate the demand to be 

550 lcpd (Table A2). Similarly, for the other regions in SPRB, the plan reports 711.7 lpcd and 

IUWM estimated it as 719.2 lpcd. These values are very close to the monitored values. Figure A7 

shows the annual urban demand simulated by IUWM. 

 

Figure A7. Annual urban water demand from IUWM per capita 

4.3. Ag water demand 

The technical update of the Colorado Water Plan (Volume 2, Section 3, Table 4) reports the 

average irrigation water requirement (IWR) in SPRB to be 53.6 cm (CWCB, 2019). The historical 

mean of the IWR from DayCENT is 50.2 cm as shown in the two figures below, which is very 

close to the reported values (Table A2). 
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Figure A8. DayCENT historical annual irrigation water requirements 

 

Figure A9. DayCENT annual irrigation requirement box plot for the historical period 1985-2014 and the future 
scenarios 2015-2099 

5. Water Supply 

The annual mean of the water yield from VIC for the eight climate scenarios is close to the 

historical pattern, while more severe and frequent flood and drought years are predicted in the 

future (Figure A10). In contrast, the results of the ARIMA model show less fluctuation for the out-

of-basin water supply over the climate scenarios with an annual mean that is close to the historical 

(Figure A10). 
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Figure A10. Annual Water Supply 
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6. 10 years average Consumptive uses 

 

Figure A11. 10-year running mean of annual water supply and aggregate consumptive use. The lighter lines are the 
historical values, and the darker lines are the means of the future baseline scenarios. The areas around the means 
present the maximum and minimum values of the future baseline scenarios 

7. Annual Required Water Diversions and Shortages: Total, Model Region, and Aggregate 

Users 

To better understand Basin, we aggregate the required water diversion by Ag and Urban in 

each of the five regions (Figure A12). Figure A12b shows that urban increased water diversion is 

predicted in the Central region, followed by South Metro and North region. In contrast, the North 

region has the highest Ag water required diversion, followed by North Central and East regions. 

Figure A12a illustrates that the total Ag required diversion is approximately 3.08 BCM/y. In 

comparison, the urban needed diversion is almost doubled by the end of the century, reaching about 

1.85 BCM/y, which is still lower than Ag required diversion. Figure A13 shows the required 

diversion of the aggregate users in each model region, followed by the shortage of these users in 

Figure A15. 
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Figure A12: Future baseline Annual Required Water Diversion (Total and by Model Region) 
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Figure A13: Future baseline Annual Required Diversion for aggregated users in each region. 
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Figure A14. Future baseline annual water shortage (total and by model region) 
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Figure A15. Future baseline Annual Shortage for aggregated users in each region. 
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8. 30-year annual average results 

Table A3. 30-year annual total water supply, required diversion, shortage, and shortage percentage means 

 

9. Effectiveness of Alternative Adaptation Strategies for Reducing Shortages  

The conducted analysis in section 3.2 represents sensitivity analysis for water demand, 

storage capacity, and water supply. Figure 6 in the manuscript represents the range of the results, 

and Figure A16 represents climate scenarios (a: for the near future, b: for the far future). From this 

figure, we can conclude that the performance of the tested strategies is the same across the climate 

scenarios, and we can select some of them to perform a more detailed analysis.  

Scenario 
Histori
cal 

Futur
e 

Scena
rio 

Hot 
4.5 

Hot 
8.5 

Warm 
4.5 

Warm 
8.5 

Wet 
4.5 

Wet 
8.5 

Dry 
4.5 

Dry 
8.5 

Total Supply 
(BCM/y) 2.86 

Near  2.66 2.6 2.34 2.85 3.4 2.96 2.71 2.08 

Far  2.71 2.62 3.22 3.06 3.24 3.28 2.54 1.58 

Outflow 
(BCM/y) 0.66 

Near  0.69 0.62 0.38 0.71 1.3 0.85 0.75 0.39 

Far 0.6 0.58 0.91 0.72 1.1 1.09 0.47 0.15 

Diversion 
(BCM/y) 4.43 

Near  4.3 4.35 4.25 4.23 4.2 4.22 4.25 4.31 

Far 4.8 4.92 4.66 4.72 4.62 4.71 4.71 4.92 

Shortage ratio 0.1 
Near  0.5 0.62 0.43 0.14 0.13 0.19 0.47 0.95 

Far  0.66 0.95 0.05 0.02 0.27 0.31 0.54 2.05 

Shortage (%) 2.2 
Near 11.2 13.9 9.9 3.3 2.9 4.3 10.7 21.4 

Far 13.5 19 1 0.5 5.7 6.3 11.3 41.3 
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Figure A16. 30-year half-monthly shortage means of future baseline scenarios and the three alternative adaptation 
strategies with the historical mean. a) near future, b) far future. 
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10. Uncertainty Analysis 

Table A4. WEAP parameters definitions.  

Parameter   Mean Min. Max. Calculation 
WEAP 

Definition 
Used in the Sobol Analysis 

Ag Demand (Net crop irrigation requirements) 

Delivery 
Efficiency (%) Ag 80     

Manual 
Calibration 

and 
Regression 

Model 

Not a WEAP 
parameter  

  

Application 
Efficiency (%) 

Ag 
Flood 

46.4 35 65   

Ag 
Sprinkler 71.4 60 90   

Consumption 
(%) 

Ag 
Flood 

37.1 28 52 
Del Eff * 
App Eff 

Return Flow = 
Simulated 

Diversions * (1 
- 

Consumption) 

YES, as latent variable 

Ag 
Sprinkler 57.1 48 72 YES, as latent variable 

Loss Rate (%) 

Ag 
Flood 

62.9 48 72 
1- Del Eff * 

App Eff 
or 
1 - 

Consumption 

Required 
Diversion = 

Demand / (1 - 
Loss Rate) 

Calculated  

Ag 
Sprinkler 42.9 28 52 Calculated   

Urban Demand (Urban water demand in cities) 

Delivery 
Efficiency (%) Urban 75     

Manual 
Calibration 

Not a WEAP 
parameter  

YES 

Water use 
Efficiency (%) 

Urban 
Outdoor 71     NO (Fixed in IUWM simulations) 

Urban 
Indoor 20     YES 

Consumption 
(%) 

Urban 
Indoor 15     

Del Eff * 
Water use Eff 

Return Flow = 
Simulated 

Diversion * (1 
- 

Consumption) 

 Calculated  

Urban 
Outdoor 53.3      Calculated  

Loss Rate (%) 

Urban 
Indoor 25     

1 - Del Eff 

Required 
Diversion = 

Demand / (1 - 
Loss Rate) 

Calculated   

Urban 
Outdoor 25      Calculated  

Losses from return flow from demand locations 

Loss from return 
flow (%) 

Ag 
Flood 

10     

Manual 
Calibration 

Evaporative 
and leakage 
losses are 

specified as a 
percentage of 

the flow 
passing 

through the 
link 

YES 

Ag 
Sprinkler 13     YES 

Urban 
Indoor 15     YES 

Urban 
Outdoor 35     YES 
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Table A5. Sobol parameter range and first and total indices results 

Parameter minimum maximum S1 ST 

Loss from return flow (Ag Flood) 5 15 0.4380 0.4754 

Consumption (Ag flood), as latent 
variable 

0.9 1.1 0.4356 0.5136 

Deliver efficiency (urban) 65 85 0.0273 0.0506 

Water use efficiency (urban indoor) 10 30 0.0206 0.0165 

Consumption (Ag sprinkler), as latent 
variable 

0.9 1.1 0.0110 0.0063 

Loss from return flow (Ag Sprinkler) 8 18 0.0066 0.0065 

Loss from return flow (urban indoor) 10 20 0.0043 0.0080 

Loss from return flow (urban) outdoor 30 40 0.0005 0.0039 

 

Figure A17. Pareto front for maximizing KGE of the annual diversions, annual outflow and monthly storage. 
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Figure A18. The 95% confidence interval for WEAP historical results for the 108 points on the Pareto front; the black 
line represents the calibrated parameters’ set 

 

Figure A19. The 95% confidence interval for the shortage ratio (DRY-4.5 scenario) for the 108 points of the Pareto 
front; the black line represents the calibrated parameters’ set. 
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11. Generalization polynomial model for defining shortage. 

From this analysis, we test several regression models to predict y as a function of the three 

introduced indices. A polynomial regression model (equation A3) suggests that X1, X1
2, X1

3, X2, 

and X3 explain 99.2% of the variation in Y. Figure A20 shows the model residual plot versus 

predicted y, residual histogram, and normal quantile-quantile plot. These subplots show that this 

model passes the linearity, homogeneous variance, and normality checks. 

This model can be used to predict the y (the 30-year annual shortage mean normalized by 

the 30-year annual water supply mean) without having to repeat the complete water allocation 

modeling effort. This model's quadratic and cubic terms highly support the curvilinear relationship 

between y and X1, as shown in the manuscript. 

𝑌 = 𝛽1𝑋1 𝑐,𝑡,𝑖 + 𝛽2𝑋1 𝑐,𝑡,𝑖2 + 𝛽3𝑋1 𝑐,𝑡,𝑖3 + 𝛽4𝑋2 𝑐,𝑡,𝑖 + 𝛽5𝑋3 𝑐,𝑡,𝑖 (A3) 

where X1 is the 30-year annual required diversion mean normalized by the 30-year annual 

water supply mean (WS), X2 is the storage capacity normalized by WS, X3 is the 30-year annual 

return flow mean normalized by WS, c is for the climate scenario, 𝑡 is for the simulation period 

(near or far future), and 𝑖 for the starting conditions. 

Table A6 and Table A7 show other tested models with their parameter estimates and performances. 
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Figure A20. Checking assumptions of the shortage polynomial model 

Table A6. Some trails of model fitting showing the best model 

Model trail # AIC* BIC** Adjusted R2 Model 

7 (Selected Model) -1533 -1511 0.9917 
𝑦 = 𝛽1𝑥1 + 𝛽2𝑥12 + 𝛽3𝑥13 + 𝛽4𝑥2+ 𝛽5𝑥3 

1 -1348 -1326 0.9724 𝑦 = 𝛽0 + 𝛽1𝑥1 + 𝛽2𝑥12 + 𝛽3𝑥13 + 𝛽4𝑥2 
8 -1233 -1214 0.9588 𝑦 = 𝛽0 + 𝛽1𝑥1 + 𝛽2𝑥2 + 𝛽3𝑥3 
9 -1127 -1112 0.9407 𝑦 = 𝛽0 + 𝛽1𝑥1 + 𝛽2𝑥2 

* AIC: Akaike Information Criterion 

** BIC: Bayesian information criterion 

Table A7. P values of some trails of model fitting 

Model Intercept X1 X1
2 X1

3 X2 X3 

7 (Selected Model)  1.84E-34 7.19E-25 1.49E-69 6.83E-26 5.62E-50 

1 2.84E-10 3.81E-20 1.88E-47 2.89E-44 2.64E-21  

8 2.40E-18 2.25E-135   8.54E-13 8.38E-25 

9 1.39E-77 9.04E-176   1.50E-09  
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12. Return Flow ratio to water supply. 

Water diversions are higher than the water supplies; hence water is used several times to 

fulfill the required diversions through the return flow. Return flow plays an essential role in 

fulfilling the required diversions as water is used several times in the basin, which is more than 

doubled in some conditions (Figure A21). The baseline conditions (shown by the X) range from 

0.75 to 1.2, indicating the high dependency of meeting the required diversions on the return water. 

 

Figure A21. The 30-year return flow ratio to the water supply (X3) at different starting conditions -the dots- of required 
diversion (X1) and storage (X2); each subplot represents one 30-year period; the cross represents the future baseline 
conditions for each scenario.  

13. Statistical Evidence of Storage Threshold 

Equation A4 (linear model1) tests the significance of a dummy variable (D) that indicates 

a threshold level. D is equal to one if X2 is greater than a threshold and zero otherwise. Figure A22 

shows the 3 estimates at different threshold runs using equation A3 (with its significant level; 

significant if P-value is less than 0.05. 3 is significant if the threshold is below 0.64 with negative 

values or above 1.26 with positive values. These results match the contour maps in the manuscript. 
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𝑌𝑐,𝑡,𝑖 = 𝛼 + 𝛽1 ∗ 𝑋1 𝑐,𝑡,𝑖 + 𝛽2 ∗ 𝑋2 𝑐,𝑡,𝑖 + 𝛽3 ∗ 𝐷 (A4) 

where X1 is the 30-year annual required diversion mean normalized by the 30-year annual 

water supply mean (WS), (X2) the storage capacity normalized by WS, D equals one if X2 >= 

threshold and zero otherwise, c is for the climate scenario, t is for the simulation period (near or 

far future), and 𝑖 for the starting conditions. 

 

Figure A22. 3 estimates from several thresholds runs 0.3:1.5 using the linear model presented in equation (A3), with 

colors indicating the significance (Pvalue <0.05) of 3 of each run.  
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14. Discussion about VIC model bias correction 

This section shows the VIC results generated using the historical climate and the MACA 

downscaled climate datasets and their statistical comparison for the period of 1985-2014. Table 

A8 shows the Kolmogorov-Smirnov P-values between the annual water yield generated using the 

historical climate and the MACA downscaled climate datasets. All the scenarios except for the 

DRY 8.5, have a P-Value greater than 0.05 suggesting that we cannot reject the null hypotheses 

that they follow the same distribution of the results generated from the historical climate. 

Table A8. Kolmogorov-Smirnov P-values between the annual water yield generated using the historical climate and 
the MACA downscaled climate datasets 

Climate Scenario KS P-Value 

Hot 4.5 0.3929 

Warm 4.5 0.1350 

Wet 8.5 0.1350 

Hot 8.5 0.1350 

Dry 4.5 0.1350 

Warm 8.5 0.0709 

Wet 4.5 0.0709 

Dry 8.5 0.0156 

 

Additionally, Figure A23 presents a graphical representation of the distribution of the VIC 

results from the historical and climate scenarios. Figure A23a shows the box plots and the 

distribution density of the half monthly VIC water yield using the historical and downscaled 

climate datasets. The results support the matching between both data sets except for some extreme 

events which may be important for flood analyses that is out of the scope of this study. -ggplot 

package is used in R to compute the box plots and the density graphic- 
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Figure A23b and Figure A23c show the empirical cumulative distribution function (ECDF) 

for the half monthly and yearly water yield, highlighting the very close behavior between the 

historical and downscaled climate datasets except for the Dry 8.5 scenario. -R is used to compute 

the ecdf- 

 

Figure A23. a) The box plots with the distribution density of the half monthly water yield from VIC for the historical 
and the MACA downscaled climate data sets for the period of 1985-2014. b) The empirical cumulative distribution 
function (ECDF) of the half monthly water yield from VIC for the historical and the MACA downscaled climate data 
sets for the period of 1985-2014. c) The ECDF for the yearly water yield from VIC for the historical and the MACA 
downscaled climate data sets for the period of 1985-2014. 
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APPENDIX B 

SUPPORTING INFORMATION FOR CHAPTER 3:  

INTEGRATED LAND USE PLANNING AND WATER MANAGEMENT UNDER 

DIFFERENT WATER RIGHTS INSTITUTIONS: METHODOLOGY AND APPLICATION 

  



166 
 

 

  

 

Figure B1. Water Demand percentages by regions and sectors (Ag or Urban) in the 2014 baseline. 

 

 

Figure B2. Indoor and outdoor lpcd as a function of population density 
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Figure B3. Demand functions for each water demand sector in other regions omitted in the main manuscript. 
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Figure B4. Scenario 2 demands and deliveries. 
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APPENDIX C 

SUPPORTING INFORMATION FOR CHAPTER 4:  

WATER DEMAND AND SHORTAGES PROJECTION UNDER SUPPLY MANAGEMENT, 

CLIMATE CHANGE AND SOCIOECONOMIC PATHWAYS IN THE UNITED STATES 
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1. CONUS Regions 

 

Figure C1. CENSUS regions. 

2. Projected drivers by regions. 

 

 

Figure C2. The projected irrigated hectares in each region. 
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Figure C3. The projected population in each region under SSPs 1, 2, 3, and 5. 

 

Figure C4. The projected personal per capita income in each region under SSPs 1, 2, 3, and 5 in 2005$. 
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Figure C5. The projected total personal income in each region under SSPs 1, 2, 3, and 5 in 2005$ 

 

3. Withdrawals and consumptive use by sectors and regions 

3.1. Midwest region projections 

 

Figure C6. Midwest annual withdrawals  
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Figure C7. Midwest annual consumptive use 

 

3.2. Northeast region projections 

 

Figure C8. Northeast annual withdrawals 
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Figure C9. Northeast annual consumptive use 

 

3.3. South region projections 

 

Figure C10. South annual withdrawals 
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Figure C11. South annual consumptive use 

 

3.4. West region projections 

 

Figure C12. West annual withdrawals 
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Figure C13. West annual consumptive use 


	ABSTRACT
	ACKNOWLEDGMENTS
	TABLE OF CONTENTS
	CHAPTER 1.  INTRODUCTION
	1.1. Research background
	1.2. Research objectives
	1.3. Organization of the dissertation

	CHAPTER 2.  ASSESSMENT OF VULNERABILITY TO WATER SHORTAGE IN SEMI-ARID RIVER BASINS: THE VALUE OF DEMAND REDUCTION AND STORAGE CAPACITY
	2.1. Introduction
	2.2. Methods
	2.2.1. Study Area and Model Overview
	2.2.2. Climate Data
	2.2.3. Water Supply
	2.2.4. Water demand
	2.2.4.1. Land Use, Population, and Urban Water Demand
	2.2.4.2. Agricultural Consumptive Use (Net Water Irrigation Requirement)

	2.2.5. Water Allocation Model Parameterization and Calibration
	2.2.5.1. Required Water Diversion and Model Efficiencies
	2.2.5.2. Representing Reservoirs
	2.2.5.3. Simulating Outflow from the SPRB
	2.2.5.4. Water Allocation Rules
	2.2.5.5. Water Allocation Calibration Evaluation

	2.2.6. Uncertainty Analysis
	2.2.7. Scenarios, Strategies, and Metrics Calculation

	2.3. Results and Discussions
	2.3.1. Baseline Scenarios
	2.3.1.1. Consumptive Uses and The Water Balance Gap
	2.3.1.2. Annual Spatial Shortages
	2.3.1.3. 30-Year Mean Results

	2.3.2. Effectiveness of Alternative Adaptation Strategies for Reducing Shortages
	2.3.3. Uncertainty Analysis
	2.3.4. Generalizing Results: An Index-based Approach

	2.4. Conclusions

	CHAPTER 3.  INTEGRATED LAND USE PLANNING AND WATER MANAGEMENT UNDER DIFFERENT WATER RIGHTS INSTITUTIONS: METHODOLOGY AND APPLICATION
	3.1. Introduction
	3.2. Methodology
	3.3. Application
	3.3.1. Study Area
	3.3.2. Data and model parameters
	3.3.2.1. Water Rights Institutions
	3.3.2.2. Climate, Water Supply, and Agricultural Water Demand
	3.3.2.3. Urban Water Demand
	3.3.2.4. Economic Model Parameter

	3.3.3. Alternative Water Rights and Land Use Policies Scenarios

	3.4. Results and Discussions
	3.4.1. Comparison of Climate Scenarios and Water Institutions under Baseline Population Growth and Land Use Policies
	3.4.2. Population Growth Reallocation under SPRB Land Use Patterns
	3.4.3. Effects of Population Locations to the Water Allocation Under Constant Per Capita Demand

	3.5. Conclusions
	3.6. Nomenclature

	CHAPTER 4.  EFFECTS OF GROWING WATER-SUPPLY-DEMAND GAP ON GROUNDWATER DEPLETION ACROSS U.S. RIVER BASINS
	4.1. Introduction
	4.2. Materials and Methods
	4.2.1. Overview
	4.2.2. Climate and socioeconomic scenarios
	4.2.3. Water withdrawals Modeling
	4.2.3.1. Water withdrawals (WD)
	4.2.3.2. Consumptive Use (CU) Ratios
	4.2.3.3. Withdrawal Rate

	4.2.4. Water Supply Modeling
	4.2.4.1. Water Yield
	4.2.4.2. Inter-basin transfers (IBT)
	4.2.4.3. Groundwater Depletion as Water Supply

	4.2.5. Water Allocation Modeling
	4.2.6. Scenarios and Water Shortage Metrics

	4.3. Results and Discussions
	4.3.1. Water withdrawals and consumptive use projections
	4.3.2. Baseline Future Water Shortage Metrics
	4.3.3. Groundwater pumping rates and demand reduction for water shortage mitigation

	4.4. Conclusions

	CHAPTER 5.  CLOSING REMARKS
	REFERENCES
	APPENDIX A
	APPENDIX B
	APPENDIX C

