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Abstract

Colorado’s West Slope Basins are a critical source of water for the Colorado River, contributing approximately 70% of the inflows

to Lake Powell in a typical year. Whether these basins will face intensifying water shortages by mid-century remains highly

debated due to deep uncertainties in future climate conditions, including the possibility of wetter or drier futures, persistence

of severe drought, population growth, and evolving multisectoral water demands. Identifying the primary drivers of plausible

mid-century water shortages is particularly challenging given the region’s high internal climate variability, changing hydrology,

and complex institutional framework governing water rights for thousands of users. This study integrates large-scale exploratory

modeling with diagnostic sensitivity analysis to clarify the relative influence of uncertain natural and human drivers of water

shortages in the West Slope basins. A multi-site Hidden Markov Model (HMM) is used to generate a wide range of synthetic

streamflow scenarios representing plausible mid-century changes relative to the historical baseline. These stochastic hydrologic

scenarios span both wetter and drier futures and are combined with projected demand changes across sectors. The resulting

scenarios are simulated within Colorado’s StateMod water allocation model to estimate water shortages at basin, district, and

sectoral scales. Diagnostic sensitivity analysis reveals that the dominant drivers of shortages vary markedly by basin, district,

major reservoir and sector. These findings provide actionable, scale-specific insights into the most influential factors shaping

future water stress in Colorado’s West Slope basins.

1



P
o
st
ed

on
4
F
eb

20
26

—
T
h
e
co
p
y
ri
gh

t
h
ol
d
er

is
th
e
au

th
or
/f
u
n
d
er
.
A
ll
ri
g
h
ts

re
se
rv
ed
.
N
o
re
u
se

w
it
h
ou

t
p
er
m
is
si
on

.
—

h
tt
p
s:
//
d
oi
.o
rg
/1
0.
22
54
1/
es
so
ar
.1
77
02
41
03
.3
97
66
84
0/
v
1
—

T
h
is

is
a
p
re
p
ri
n
t
an

d
h
as

n
ot

b
ee
n
p
ee
r-
re
v
ie
w
ed
.
D
at
a
m
ay

b
e
p
re
li
m
in
ar
y.

2



P
o
st
ed

on
4
F
eb

20
26

—
T
h
e
co
p
y
ri
gh

t
h
ol
d
er

is
th
e
au

th
or
/f
u
n
d
er
.
A
ll
ri
g
h
ts

re
se
rv
ed
.
N
o
re
u
se

w
it
h
ou

t
p
er
m
is
si
on

.
—

h
tt
p
s:
//
d
oi
.o
rg
/1
0.
22
54
1/
es
so
ar
.1
77
02
41
03
.3
97
66
84
0/
v
1
—

T
h
is

is
a
p
re
p
ri
n
t
an

d
h
as

n
ot

b
ee
n
p
ee
r-
re
v
ie
w
ed
.
D
at
a
m
ay

b
e
p
re
li
m
in
ar
y.

3



P
o
st
ed

on
4
F
eb

20
26

—
T
h
e
co
p
y
ri
gh

t
h
ol
d
er

is
th
e
au

th
or
/f
u
n
d
er
.
A
ll
ri
g
h
ts

re
se
rv
ed
.
N
o
re
u
se

w
it
h
ou

t
p
er
m
is
si
on

.
—

h
tt
p
s:
//
d
oi
.o
rg
/1
0.
22
54
1/
es
so
ar
.1
77
02
41
03
.3
97
66
84
0/
v
1
—

T
h
is

is
a
p
re
p
ri
n
t
an

d
h
as

n
ot

b
ee
n
p
ee
r-
re
v
ie
w
ed
.
D
at
a
m
ay

b
e
p
re
li
m
in
ar
y.

4



P
o
st
ed

on
4
F
eb

20
26

—
T
h
e
co
p
y
ri
gh

t
h
ol
d
er

is
th
e
au

th
or
/f
u
n
d
er
.
A
ll
ri
g
h
ts

re
se
rv
ed
.
N
o
re
u
se

w
it
h
ou

t
p
er
m
is
si
on

.
—

h
tt
p
s:
//
d
oi
.o
rg
/1
0.
22
54
1/
es
so
ar
.1
77
02
41
03
.3
97
66
84
0/
v
1
—

T
h
is

is
a
p
re
p
ri
n
t
an

d
h
as

n
ot

b
ee
n
p
ee
r-
re
v
ie
w
ed
.
D
at
a
m
ay

b
e
p
re
li
m
in
ar
y.

5



P
o
st
ed

on
4
F
eb

20
26

—
T
h
e
co
p
y
ri
gh

t
h
ol
d
er

is
th
e
au

th
or
/f
u
n
d
er
.
A
ll
ri
g
h
ts

re
se
rv
ed
.
N
o
re
u
se

w
it
h
ou

t
p
er
m
is
si
on

.
—

h
tt
p
s:
//
d
oi
.o
rg
/1
0.
22
54
1/
es
so
ar
.1
77
02
41
03
.3
97
66
84
0/
v
1
—

T
h
is

is
a
p
re
p
ri
n
t
an

d
h
as

n
ot

b
ee
n
p
ee
r-
re
v
ie
w
ed
.
D
at
a
m
ay

b
e
p
re
li
m
in
ar
y.

6



P
o
st
ed

on
4
F
eb

20
26

—
T
h
e
co
p
y
ri
gh

t
h
ol
d
er

is
th
e
au

th
or
/f
u
n
d
er
.
A
ll
ri
g
h
ts

re
se
rv
ed
.
N
o
re
u
se

w
it
h
ou

t
p
er
m
is
si
on

.
—

h
tt
p
s:
//
d
oi
.o
rg
/1
0.
22
54
1/
es
so
ar
.1
77
02
41
03
.3
97
66
84
0/
v
1
—

T
h
is

is
a
p
re
p
ri
n
t
an

d
h
as

n
ot

b
ee
n
p
ee
r-
re
v
ie
w
ed
.
D
at
a
m
ay

b
e
p
re
li
m
in
ar
y.

7



manuscript submitted to Earth’s Future

Unraveling the Drivers of Water Shortage across1

Spatial Scales and Sectors in Colorado’s West Slope2

River Basins3

Sai Veena Sunkara1, David Gold2, Patrick Reed1
4

1School of Civil and Environmental Engineering, Cornell University, Ithaca, NY, USA5
2Department of Physical Geography, Utrecht University, Utrecht, The Netherlands6

Key Points:7

• We present the largest exploratory modeling study of plausible mid-century hy-8

drological and demand changes in Colorado’s West Slope Basins.9

• Projected deliveries to Lake Powell fall up to 52% below their baseline median mak-10

ing compliance with the Law of River Compact challenging.11

• Magnitude-varying sensitivity analysis provides actionable basin, sector, and user12

specific insights on the drivers of water shortages.13
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Abstract14

Colorado’s West Slope Basins are a critical source of water for the Colorado River, con-15

tributing approximately 70% of the inflows to Lake Powell in a typical year. Whether16

these basins will face intensifying water shortages by mid-century remains highly debated17

due to deep uncertainties in future climate conditions, including the possibility of wet-18

ter or drier futures, persistence of severe drought, population growth, and evolving mul-19

tisectoral water demands. Identifying the primary drivers of plausible mid-century wa-20

ter shortages is particularly challenging given the region’s high internal climate variabil-21

ity, changing hydrology, and complex institutional framework governing water rights for22

thousands of users. This study integrates large-scale exploratory modeling with diagnos-23

tic sensitivity analysis to clarify the relative influence of uncertain natural and human24

drivers of water shortages in the West Slope basins. A multi-site Hidden Markov Model25

(HMM) is used to generate a wide range of synthetic streamflow scenarios representing26

plausible mid-century changes relative to the historical baseline. These stochastic hy-27

drologic scenarios span both wetter and drier futures and are combined with projected28

demand changes across sectors. The resulting scenarios are simulated within Colorado’s29

StateMod water allocation model to estimate water shortages at basin, district, and sec-30

toral scales. Diagnostic sensitivity analysis reveals that the dominant drivers of short-31

ages vary markedly by basin, district, major reservoir and sector. These findings pro-32

vide actionable, scale-specific insights into the most influential factors shaping future wa-33

ter stress in Colorado’s West Slope basins.34

Plain Language Summary35

Colorado’s West Slope basins contribute approximately 70% of inflows into Lake36

Powell, which is a critical storage impacting how water allocated across across the Up-37

per and Lower Colorado River Basin. However, it is unclear whether the West Slope basins38

will experience more frequent and severe water shortages by the middle of the century.39

Future water availability depends on many uncertain factors, such as how hydrologic vari-40

ability affects rainfall and snowpack, whether persistent droughts continue as well as pop-41

ulation growth and future water demands. This study uses modeling to explore many42

possible future streamflow scenarios, ranging from wetter to much drier conditions, and43

combines them with possible changes in water demand from cities, agriculture, and in-44

dustrial sectors. These scenarios are evaluated using Colorado’s official water allocation45

model called StateMod to estimate shortages across basins, districts, reservoirs, and water-46

use sectors. Our results show that there is no single cause of future water shortages. In-47

stead, the most important drivers vary spatially and by type of water use. This means48

water planning and adaptation strategies should be tailored to specific basins and users,49

rather than relying on a single generic strategy.50

1 Introduction51

Colorado’s West Slope basins are crucial for understanding drought risk in the Col-52

orado River Basin. As the alpine headwaters of the Colorado River, the West Slope basins53

are the source of nearly 70% of average annual deliveries to Lake Powell and, consequently,54

are highly influential in how water shortages propagate among downstream water users55

(CWCB, 2023). These basins are critical to the state of Colorado’s $550-Billion econ-56

omy (U.S. Bureau of Economic Analysis, 2025) by supporting irrigated agriculture, mu-57

nicipal and industrial water supply, hydropower production, and recreation. However,58

since the early 2000s , persistent drought in the West Slope and the broader Colorado59

River Basin has led to unprecedented water management challenges (Lukas & Payton,60

2020; Udall & Overpeck, 2017; Wheeler et al., 2022). For most of the 21st century, con-61

sumptive water use has exceeded natural streamflow, leading to severe drawdowns in Lake62

Powell and threatening hydropower generation, agricultural production, and water sup-63
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ply (J. Schmidt et al., 2025). In response, the seven Colorado River Basin states are cur-64

rently negotiating new operations guidelines scheduled to take effect in 2027. Understand-65

ing the opportunities and consequences of future management policies requires a com-66

prehensive understanding of drought risk and its impacts across spatial and sectoral scales67

(Wheeler et al., 2022). This paper advances our understanding of how drought risks and68

their drivers in the West Slope basins may evolve by mid-century. To our knowledge, it69

represents the most comprehensive exploratory modeling analysis of the broad range of70

plausible mid-century changes in the region’s hydrological conditions and multisectoral71

demands. Our analysis distinguishes how the West Slope basins’ water shortages and their72

deeply uncertain drivers vary across scales (regional, basin, and local) and sectors (agri-73

cultural, municipal, and industrial demands), while accounting for the institutional com-74

plexity of their major infrastructure and water rights systems.75

Characterizing drought vulnerability in the West Slope basins is challenging due76

to the complex interactions between the natural processes and human systems that emerge77

across a range of spatial and temporal scales (Hadjimichael et al., 2024). Thousands of78

representative water users withdraw water for irrigated agriculture, municipal supply,79

and industrial uses (CWCB, 2023). Water rights are governed by Colorado’s Prior Ap-80

propriations doctrine, a complex legal hierarchy that creates complex and emergent de-81

pendencies among users in terms of how they are impacted by water shortages propa-82

gating through the region (Bruns et al., 2005; US Bureau of Reclamation, 2012). Reser-83

voir operations alter the timing and magnitude of streamflows, shifting when and where84

water scarcity occurs (J. C. Schmidt, 2010). These human management decisions inter-85

act with natural hydrologic variability to shape local drought dynamics (AghaKouchak86

et al., 2021; Van Loon et al., 2016). Meanwhile, spatially compounding drought events87

can propagate across multiple sub-basins, magnifying regional impacts (Gold et al., 2024).88

Together, these multisectoral demands and potentially spatially compounding drought89

dynamics complicate risk assessment in the West Slope basins, requiring modeling ap-90

proaches that capture their feedbacks across scales (Hadjimichael et al., 2024; Gold et91

al., 2024).92

Quantifying drought risk in the West Slope basins is further complicated by un-93

certainty in future conditions. Paleoclimate reconstructions reveal that internal hydro-94

climatic variability in the Upper Colorado River Basin can generate droughts more pro-95

longed and severe than any observed in the historical record, highlighting that the mod-96

ern observation record is limited in capturing the full range of possible futures (Woodhouse97

et al., 2006; McCabe et al., 2024). Future changes in precipitation and temperature in-98

troduce substantial additional uncertainty. Mid-century streamflow projections span a99

wide range, encompassing scenarios with 40% declines in streamflows to those with nearly100

25% increases relative to the baseline period from 2000-2020, driven by divergent assump-101

tions and initial conditions across climate models (Udall & Overpeck, 2017; Hoerling et102

al., 2024). Human water demand adds yet another layer of complexity, with future changes103

in consumptive use varying by sector, scale, and location, depending on assumptions about104

population growth, land-use change, and per capita consumption patterns (Upper Col-105

orado River Commission, 2016; CWCB, 2023).106

The broad range of projections about future changes in streamflow and human de-107

mand are examples of “deep uncertainties” within the West Slope system (Quinn et al.,108

2020; Smith, 2022). Deep uncertainty occurs when stakeholders do not know, or cannot109

agree on, the probability distributions of system inputs, the system boundaries, or the110

drivers of key processes (Lempert et al., 2006; Moallemi et al., 2020; Kwakkel et al., 2016).111

Recently, exploratory modeling frameworks have shown promise in characterizing drought112

risk under deep uncertainty (Singh, 2023; Wu et al., 2025). These approaches address113

uncertainty through systematic computational experiments that use large ensembles of114

future conditions to explore the underlying drivers of vulnerability and to identify con-115

sequential future scenarios (Bankes, 1993; Moallemi et al., 2020; Reed et al., 2022). For116
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example, Gold et al. (2024) used exploratory modeling to examine how internal variabil-117

ity and a middle-of-the-road projection of mid-century streamflow decline (7% relative118

to a 1970-2000 baseline) could influence future multisectoral drought vulnerability in the119

West Slope basins. Results highlighted that extreme events arising from stationary in-120

ternal variability can cause spatially compounding drought impacts that exceed observed121

historical extremes. Moreover, their findings suggest that even a modest decrease in av-122

erage annual streamflow may lead to unprecedented multisectoral challenges for local and123

regional water management.124

While Gold et al. (2024) provided insights into the drought vulnerabilities within125

the West Slope basins, their analysis was limited to a single mid-century streamflow sce-126

nario (7% decline) that neglected basin-specific changes in water use demands and did127

not systematically quantify how the drivers of vulnerabilities vary across scales and sec-128

tors. This leaves several critical questions about drought vulnerability unanswered. First,129

what are the local and regional implications of the broader range of plausible stream-130

flow changes (-30% to +20% changes) in the West Slope Basins? Second, which deeply131

uncertain characteristics of streamflow changes have the greatest influence on water short-132

age dynamics? The wide range of plausible future streamflow conditions may result from133

changes in mean annual streamflows, the variance of annual streamflows, streamflow tim-134

ing (e.g., shifts in snowmelt patterns), or persistence (e.g., the likelihood of transition-135

ing from dry periods to wet periods, or vice versa). The relative importance of each of136

these characteristics is unknown . Third, how do uncertain future changes in multisec-137

toral water demand combine with changes in streamflow to influence local and regional138

drought vulnerabilities? Multisectoral water shortages are a function of nonlinear inter-139

actions between deeply uncertain future conditions. For example, Colorado’s future ir-140

rigated acreage is expected to decline, yet rising temperatures may increase demand per141

acre, challenging our ability to map future vulnerabilities. Finally, how do the drivers142

of drought vulnerabilities in the West Slope basins differ across their hierarchy of users,143

sectors, and spatial scales (regional-to-local)?144

To answer these questions, this study introduces an exploratory modeling frame-145

work that evaluates a broad array of plausible mid-century streamflow changes, coupled146

with a systematic sampling of plausible multisectoral water demands tailored to each West147

Slope basin. We pair our exploratory modelling experiments with a global sensitivity anal-148

ysis to clarify the relative importance of the drivers of water shortages by basin, sector,149

and user (Saltelli et al., 2021; Reed et al., 2022; Razavi et al., 2025). Global sensitivity150

analysis has been widely applied in water resources systems to support model diagnos-151

tics, improve our understanding of complex systems, and support management decisions152

(Baroni & Francke, 2020; Razavi et al., 2021; Wagener & Pianosi, 2019). Among var-153

ious approaches, the Delta Moment Independent Method (DMIM) is a kernel density es-154

timation technique that is capable of accounting for distributional effects beyond solely155

the variance of outputs and computes a sensitivity index that accounts for input factors156

influence the entire output distribution of performance measures of interest (Borgonovo,157

2007; Plischke et al., 2013; Kim & Ahn, 2025). Accounting for the inputs’ effects on the158

entire output distribution makes DMIM particularly suitable for applications where un-159

derstanding risks and extreme events is crucial, such as flood prediction, drought assess-160

ment, and water quality management (Borgonovo et al., 2012; Hadjimichael et al., 2020;161

Saltelli et al., 2004).162

The DMIM has also been used for various modeling tasks such as calibration, pa-163

rameter importance, and diagnostic analysis (Cohen & Herman, 2021; Haghnegahdar et164

al., 2017; Gupta & Razavi, 2018). For example, Hadjimichael et al. (2020) developed a165

global sensitivity analysis-centered diagnostic framework to explore water scarcity drivers166

in institutionally complex river basins. Applying the framework to a single subbasin in167

the West Slope, the authors revealed key uncertainties that drove vulnerability among168

individual water users and demonstrated how these vulnerabilities changed across wa-169
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ter users. However, a comprehensive picture of how the drivers of drought vulnerabil-170

ity vary across scales and sectors has not been explored across all of the West Slope basins.171

Although DMIM characterizes how input scalar variables influence model outputs172

of interest, the method does not provide insight into the relative influence of the indi-173

vidual West Slope subbasins on downstream deliveries. Given that the West Slope basins174

contribute unevenly to Lake Powell, quantifying the relative influence of each basin helps175

capture how basin-level uncertainties compound regionally. This regional understand-176

ing of uncertainty propagation is essential for evaluating the West Slope basin’s over-177

all ability to meet post 2026 delivery obligations currently under negotiation by the seven178

Colorado River Basin States. In this study, we employ an Analysis of Variance (ANOVA)179

approach on a large ensemble of simulated basin outflows to explore the relative influ-180

ence of regional subbasins on Lake Powell deliveries. ANOVA-based decomposition en-181

ables partitioning of total output variance into basin’s contributions, thereby identify-182

ing dominant controls on regional deliveries (Neter et al., 1996; Mokhtari & Frey, 2005).183

We use the regional ANOVA to complement the local DMIM analysis, to provide a holis-184

tic representation of drought vulnerability across spatial scales.185

This study presents the most comprehensive multi-scale, multi-sectoral analysis of186

drought risk in Colorado’s West Slope basins to date. Using 20,000 plausible mid-century187

future scenarios, encompassing over 2-Million simulated years, we clarify water short-188

age vulnerabilities and drivers in the West Slope basins using StateMod, Colorado’s in-189

stitutional water-allocation model. Our analysis reveals distinct differences in how plau-190

sible changes in streamflow characteristics and demands in combination with the region’s191

significant internal variability yield water shortages across scales, sectors, and users. Our192

analysis highlights 1) the extent of reductions to deliveries to Lake Powell caused by plau-193

sible changes in future streamflow and multisectoral water demand; 2) the local to re-194

gional specific drivers of future drought vulnerability; and 3) the vulnerability of reser-195

voir storage to future drought scenarios. The remainder of this paper details the meth-196

ods used to generate these findings and presents a comprehensive exploration of the re-197

sults.198

2 Colorado’s West Slope basins199

The six West Slope basins of the Upper Colorado River Basin span 92,000 km²200

that captures 80% of Colorado’s precipitation (much of it as snow). These basins irri-201

gate 3,715 km² of farmland contributing $1.4 billion annually, underpin more than $5202

billion in water-based recreation (Crespo et al., 2025; Sencan & Gray, 2025). Figure 1b203

shows the location of West Slope basins Upper Colorado, Gunnison, Yampa, White, San204

Juan, Dolores. In our analysis the San Juan and Dolores basins are modeled as single205

basin by CWCB for planning purpose and is referred to as “Southwest” basin in the re-206

mainder of this study. Each West Slope basin itself is partitioned into several distinct207

water districts, each responsible for administering local diversions, storage, and water-208

right priorities. The West Slope basins host more than 2,000 water users, many of which209

are small and geographically distributed, spanning municipal, industrial, and irrigation210

sectors. These users hold a highly diverse portfolio of water rights, with each entity pos-211

sessing distinct decree volumes, priorities, and operational characteristics, resulting in212

complex and heterogeneous demand patterns across the region. Municipal water demands213

are influenced by changes in other drivers such as population, urban land use, and adop-214

tion of conservation measures. Industrial demands are driven by economic factors as growth215

and changes in industrial production. Irrigation demands are dependent on irrigation216

acreage, environmental conditions, implementation of efficiencies, and innovative tech-217

nologies. Major reservoirs (e.g., Blue Mesa, McPhee, Lake Granby) operate under the218

doctrine of prior appropriation, balancing irrigation, municipal use, hydropower, recre-219

ation, flood control, and endangered-species flow targets. Blue Mesa, McPhee, Lake Granby220

are the largest reservoirs in the Gunnison, Dolores and Upper Colorado basins respec-221
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Figure 1. (a) A map of the Upper Colorado River Basin with the six West Slope Basins

highlighted in brown. (b) Zooming into the six West Slope Basins each partitioned into water

districts outlined in red.

tively that impact the water availability downstream of these reservoirs. Refer to Fig-222

ure 1 for the location of these reservoirs. The outflows from the West Slope basins de-223

termine the deliveries to lower basin states. Under the framework of the Law of the River224

Compact of 1922 in the Colorado, the upper basin is obligated to ensure that sufficient225

water flows past Lees Ferry; the dividing point between the Upper and Lower Basins.226

Specifically, the upper basin must not deplete the river such that the flows are above an227

annual average of 9247 million m³. By meeting these delivery requirements, the upper228

basin enables the lower basin states to use their full apportionment of the river’s water229

under the Compact.230

3 Exploratory Modeling and Sensitivity Analysis Methodology231

This study contributes a diagnostic exploration of how water shortages in the West232

Slope basins may evolve by the mid-century and clarifies the dominant human or nat-233

ural drivers of these changes across multiple spatial scales and sectors. Using exploratory234

modeling and sensitivity analysis, we examine how water users at various scales respond235

to the natural variability of the hydroclimatic system and the deep uncertainties surround-236

ing plausible changes in multisectoral demands and future drought extremes. We first237

employ a multi-basin two-state Gaussian Hidden Markov Model (HMM) (Figure 2a; (Gold238

et al., 2024)) to capture the internal variability of the hydroclimatic system in the West239

Slope basins (Section 3.1). We use HMM to generate an ensemble of synthetic stream-240

flows that preserve the spatial and temporal correlation structures within and across the241

basins and accurately represent the hydrological extremes of the historical record. Build-242

ing from Hoerling et al. (2024), we explore deeply uncertain changes to mid-century stream-243

flows (drier or wetter), and snowmelt timing by adjusting the HMM parameters of the244

streamflow generator derived from historical streamflow data to align with the broad range245

future changes (Section 3.2, Figure 2b). In addition, we explore changes in multisectoral246

human water demands associated with developments in the West Slope basins by per-247

–6–



manuscript submitted to Earth’s Future

turbing water demands to reflect plausible mid-century changes (CWCB, 2023). We use248

these generated ensembles of synthetic streamflows and uncertain demands as inputs to249

the StateMod water allocation model used by the state of Colorado in major planning250

efforts (Section 3.3, Figure 2c). We explore the regional impacts of deeply uncertain fu-251

ture conditions by evaluating changes in cumulative deliveries to Lake Powell from the252

five West Slope basins as these deliveries affect the water availability in the Lower Col-253

orado River basin. We use ANOVA to quantify the contribution of individual basins to254

the variability in outflows to Lake Powell (Section 3.5, Figure 2d). We examine the im-255

pacts of deeply uncertain futures on regional reservoirs by exploring how temporal stor-256

age dynamics change across the ensemble of plausible mid-century multisectoral demands257

and hydroclimatic extremes. We then explore the main drivers of changes in storage dy-258

namics using the DMIM sensitivity analysis method. Finally, we explore water short-259

ages and their drivers by examining shortages across basins, water districts, and sectors.260

Applying DMIM we conduct a magnitude-varying sensitivity analysis (Hadjimichael et261

al., 2020) to assess the relative influence of multiple sources of uncertainty on water short-262

ages of varying magnitudes (Section 3.6, Figure 2e). This analysis highlights emerging263

vulnerabilities and identifies the key driving factors in water shortage.264

3.1 Multi-basin Hidden Markov Model265

We use a multi-basin, two-state Gaussian Hidden Markov Model (HMM) to gen-266

erate synthetic streamflows for the West Slope basins, designed to better capture inter-267

nal variability and also hydrologic extremes within the system while preserving spatial268

and temporal correlations within and across basins (Gold et al., 2024). We chose this269

as a streamflow generator for two reasons. First, two-state hidden Markov models have270

been demonstrated to effectively represent hydrologic extremes and persistence across271

sub-basins of the Upper Colorado River and West Slope basins (Bracken et al., 2014; Quinn272

et al., 2020; Gold et al., 2024; Nowak et al., 2012). Second, parameters within two-state273

Gaussian HMMs can be adjusted to emulate plausible streamflow shifts consistent with274

climate model projections (Quinn et al., 2020). The historical streamflows at the out-275

let nodes of the West Slope basins are highly correlated. In our multibasin HMM, we276

preserve this correlation by using a common state (wet or dry) for a given year across277

all five basins. The likelihood of state changes for all basins is determined by a single,278

shared 2x2 transition matrix. We then employ the Viterbi algorithm to classify each year279

in the historical record as either wet or dry.280

Our HMM defines separate Gaussian distributions fit to naturalized log-annual flows281

at each basin outlet, assuming two states (wet and dry). The distributions for wet and282

dry states each have a mean vector of length five and a 5x5 covariance matrix, which to-283

gether describe the joint variability among the basins. For further details on the wet and284

dry state characteristics of the historical record across the West Slope basins, see Fig-285

ure S1 of this paper’s supporting information. The mean vectors, covariance matrices,286

and the probability of transitioning between states were all the HMM parameters esti-287

mated using the Expectation-Maximization algorithm defined in “hmmlearn” Python288

library (Lebedev, 2015) using data from 1938 to 2013 to focus on recent conditions while289

excluding an earlier wet period. Refer to Gold et al. (2024) for more details of the pa-290

rameter estimation and validation of Markov properties. We then generate annual stream-291

flows, a sequence of hidden climate states (wet or dry) using the transition matrix that292

are sampled from a multivariate distribution corresponding to the current state, preserv-293

ing spatial and temporal correlation across basins. Finally, the simulated log-flows are294

exponentiated to return to flow units (Figure S1d summarizes the process of generat-295

ing synthetic streamflows). After simulating annual flows at the outlet nodes of the West296

Slope basins, we apply a modified Nowak et al. (2010) disaggregation method to gen-297

erate flows at multiple nodes within each basin (Quinn et al., 2020).298
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Figure 2. Overall methodology of this study. (a) Multi-basin Hidden Markov Model (HMM)

with two states, defined by state-dependent multipliers and transition probabilities used to sim-

ulate hydrologic scenarios. (b) Uncertain input factors are sampled, including HMM parameters

(mean multipliers for wet and dry states, variability multipliers, and transition probabilities);

as well as demand factors across municipal, irrigation and industrial sectors. (c) Streamflow

scenarios are generated for 1,000 combinations of uncertain factors, each with 20 realizations to

represent internal hydrologic variability. (d) The StateMod water allocation model is run for each

scenario to simulate key outputs such as basin-level deliveries, water allocations, and reservoir

storage levels. (e) ANOVA is used to decompose variance in cumulative deliveries to Lake Pow-

ell, quantifying the contribution of each West Slope basin under varying hydrologic futures. (f)

Sensitivity analysis to identify the dominant uncertain drivers influencing shortages and reservoir

storage across all scenarios.
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Hydrologic factors LB UB

Log-space dry flow mean (m3) multiplier 0.98 1.01
Log-space dry flow standard deviation multiplier 0.75 1.25
Log-space wet flow mean (m3) multiplier 0.98 1.01
Log-space wet flow standard deviation multiplier 0.75 1.25
Change in dry-to-dry transition probability -0.3 0.3
Change in wet-to-wet transition probability -0.3 0.3

Demand factors

Irrigation demand multiplier Colorado 0.76 1.14
Industrial demand multiplier Colorado 0 2.35
Municipal demand multiplier Colorado 1.29 1.72
Irrigation demand multiplier Gunnison 0.69 1.2
Industrial demand multiplier Gunnison 0 2.4
Municipal demand multiplier Gunnison 1.12 2.01
Irrigation demand multiplier Southwest 0.9 1.37
Industrial demand multiplier Southwest 1.7 2.07
Municipal demand multiplier Southwest 1.09 2.61
Irrigation demand multiplier Yampa 1.01 1.79
Industrial demand multiplier Yampa 1.42 1.79
Municipal demand multiplier Yampa 0.8 1.98
Irrigation demand multiplier White 0.69 1.38
Industrial demand multiplier White 1.87 23.68
Municipal demand multiplier White 0.7 1.84

3.2 Sampling of Uncertain Factors299

For this exploratory assessment, we create a large ensemble of uncertain factors,300

representing changes in hydrology (drier and wetter conditions), and human water de-301

mands across municipal, industrial, and irrigation water users. These deeply uncertain302

factors are defined to reflect the future plausible changes in the West Slope basins. Ta-303

ble 1 outlines the 21 uncertain factors considered in this study. The hydrologic factors304

relate to parameters of the HMM model (section 3.1) and snowmelt shift. The demand305

uncertain factors pertain to multi-sectoral demands within each West Slope basin. We306

generate 1000 parameter combinations of deeply uncertain factors using Latin Hyper-307

cube Sampling (LHS) across the ranges shown in Table 1 (McKay et al., 2000). LHS is308

an efficient method for exploring multidimensional parameter spaces, providing improved309

coverage under the assumption of parameter independence and uniform distributions.310

For each uncertain factor combination ψ, 1000 streamflow realizations are also generated,311

sampling the internal variability. Out of 1000, 20 realizations are selected using the quan-312

tile technique for the drought index in this analysis (see supporting information S1 for313

details). The selected ranges are based on insights from relevant literature and prior stud-314

ies focused on the West Slope basins. More details in the following subsections. The sam-315

ple size was determined based on prior studies of the main stem of the Upper Colorado316

River, indicating it is large enough to capture the impacts of the sampled factors (Quinn317

et al., 2020; Hadjimichael et al., 2020).318

3.2.1 Plausible mid-century changes in hydrologic conditions319

We explore plausible mid-century changes in hydrologic conditions by adjusting the320

parameters of the HMM. As detailed in section 3.1, we use a two-state multi-site HMM321

to generate synthetic streamflows. We adjust six parameters (first six parameters listed322
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in Table 1) to represent changes in the frequency, severity, and persistence of both dry323

and wet years. We modify these HMM parameter estimates using multipliers (the first324

four parameters) and changes to state transition probabilities. For example, applying325

the log-space annual dry flow mean multiplier shifts the mean of the distribution of the326

generated dry flows to the left or right (i.e., making the entire distribution of dry flows327

drier or wetter). Applying the log-space dry flow standard deviation multiplier increases328

or reduces the spread of dry flows. For instance, using a log-space multiplier on the dry/wet329

flow mean shifts the entire distribution of simulated dry/wet flows lower (multiplier less330

than 1) or higher. Adjusting the log-space standard deviation multiplier changes the vari-331

ability of dry flows by expanding or narrowing the distribution. Modifying the transi-332

tion probabilities alters the persistence of each state, increasing or decreasing the like-333

lihood of remaining in dry or wet conditions. The ranges of the HMM parameters were334

selected to reflect plausible changes of streamflow projections from 220 members of large335

ensemble simulations that also include CMIP6 projections that align with mid-century336

projections (Hoerling et al., 2024; Figure S2 of Supporting Information). Refer to sup-337

plementary information S2 for more details on the projections data.338

Along with increase or decrease in streamflows, warmer temperatures projected in339

the West Slope basins are projected to change snowmelt timing resulting in earlier peak340

runoff (Heldmyer et al., 2023; Milly & Dunne, 2020). Therefore, we also include snowmelt341

timing as a binary factor, representing scenarios with and without a one-month earlier342

shift in snowmelt. This is implemented by shifting spring peak flows 30 days earlier, fol-343

lowing the approach of Hadjimichael et al. (2020), and is consistent with projections un-344

der various climate forcing scenarios (Kao et al., 2023; Hegewisch et al., 2023). Over-345

all, the HMM generator enables exploration of a wide range of characteristics for chang-346

ing mid-century hydrologic conditions including flow magnitude, variability, and persis-347

tence. It provides a direct means of understanding how internal variability and changes348

in hydrology shape plausible future drought extremes.349

3.2.2 Plausible changes in multi-sectoral demands350

Colorado’s population is expected to grow from 5.4 million to 7.5 million by 2050,351

directly impacting municipal water demand when estimated using gallons per capita per352

day (CWCB, 2023). Historical data indicate a decline in per capita water use, driven by353

efficiency improvements; for example, per capita demand dropped by 5% between 2008354

and 2015 (CWCB & CDWR, 2016; Board, 2015). Industrial water demand is also pro-355

jected to rise with population growth, particularly from sectors such as thermoelectric356

power generation, snowmaking, and other high-volume users. Despite conservation ef-357

forts that lower per capita use, projections still indicate increased unmet demand for mu-358

nicipal and industrial users especially during dry years, where baseline conditions show359

no shortages. Agricultural businesses contribute $47 billion to Colorado annually, and360

demand is driven by irrigation acreage (Colorado Legislative Council Staff, 2023). The361

state projects a decline in irrigated acreage, but demand increases with rising temper-362

atures (CWCB, 2023). In the baseline scenario, around 20% of irrigation demand is un-363

met, and this gap worsens under future conditions. The demand projections vary by basin364

and are outlined in the CWCB (2023), developed with input from diverse stakeholder365

groups, including the Interbasin Compact Committee, basin roundtables, and the Out-366

reach Working Group.367

The basin-specific projections inform the range of multisectoral demand multipli-368

ers listed in Table 1, tailored to the West Slope basins. For each basin, the lower and369

upper bounds of these multipliers are derived by comparing the maximum and minimum370

demand projections across scenarios as percentage deviations from the baseline. Recog-371

nizing the uncertainty in future water demands, especially given the conflicting projec-372

tions across sectors, we explore increases and/or decreases in municipal, industrial, and373

irrigation demands. These scaling factors are applied uniformly across all users within374
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each sector. The anticipated rise in irrigation demand during dry years when evapotran-375

spiration increases and streamflows reduces is captured by imposing a negative corre-376

lation between irrigation demands and generated streamflows.377

Although the Upper Colorado Basin accounts for only about 6% of the state’s pop-378

ulation, it is projected to experience growth of 48% to 88% from 2015 to 2050. As a re-379

sult, municipal water demand is expected to increase across all scenarios. Urbanization380

is likely to impact the region’s agricultural communities, with an estimated 14,000 acres381

of irrigated land expected to be converted to urban use. This reduction in irrigated acreage382

may lead to a decrease in overall irrigation demand. However, rising temperatures as-383

sociated with climate change are expected to increase diversion demands, potentially off-384

setting the effects of land loss. In the Gunnison Basin, population growth is the primary385

driver of increased water demand. In contrast, agricultural demands are expected to de-386

cline due to a reduction in irrigated acreage and the adoption of water conservation tech-387

nologies. The Southwest basin is projected to experience substantial population growth388

ranging from 16% to 161% between 2015 and 2050 which is expected to drive significant389

increases in municipal and industrial water demand. With limited urbanization, the agri-390

cultural sector is projected to face growing shortages due to changes in water availabil-391

ity resulting from hydrological uncertainty. Agriculture remains the dominant water use392

in Yampa and White basins, with increase in irrigated acreage and their demands. As393

different basins are projected to evolve distinctly, applying tailored multisectoral demand394

changes enhances the assessment of system vulnerabilities, highlighting the value of the395

large exploratory modeling experiment contributed in this study.396

3.3 StateMod397

In this study, we utilize StateMod to capture the complex human and natural dy-398

namics of the West Slope basins. StateMod is a component of the Colorado Decision Sup-399

port System (CDSS), developed by Colorado Water Conservation Board (CWCB) and400

Colorado’s Division of Water Resources (Malers et al., 2000; Parsons & Bennett, 2006).401

StateMod is a comprehensive and widely used tool for water planning and allocation in402

Colorado, that captures key river basin dynamics, reservoir storages and their operations,403

as well as water rights, agreements, and exchanges that shape highly resolved user level404

diversions. StateMod captures the institutional complexity of Colorado’s prior appro-405

priation doctrine by simulating each user’s consumptive use, evaluating water availabil-406

ity across thousands of users, and imposing reservoir operation rules in accordance with407

water availability, demands and storage targets. For the West Slope basins, separate State-408

Mod models have been developed for the Upper Colorado, Gunnison, Yampa, White, and409

Southwest basin.410

For each basin, CDSS developed baseline datasets to simulate the historical period411

1909–2013 (105 years), representing the current infrastructure and institutional water412

rights context. The StateMod results from this dataset are referred to as the historical413

baseline throughout this manuscript. This data set was developed by superimposing his-414

torical diversions data on naturalized flows, monthly reservoir storage, and return flows415

on historical streamflow USGS gauge observations. This comprehensive representation416

enables simulation of water supply, allocation, and reservoir operations in response to417

user demands, while accounting for water rights and operational policies specific to each418

basin. Under Colorado’s prior appropriation doctrine, each water right is tied to a spe-419

cific location on the stream and assigned an administrative number, which determines420

its legal priority and the decreed water it is allowed to divert based on seniority. The model’s421

manual is available for each basin that contains additional information on data devel-422

opment and historical model simulations (CWCB & CDWR, 2016).423
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3.4 Measures of Vulnerability Across Spatial and Temporal Scales424

StateMod computes water deliveries to each user (U), reservoir storage levels (L),425

and basin outflows (O) under each ensemble realization (Figure 2d). The first metric of426

focus is consumptive use shortage of an user U, defined as the difference between a user’s427

consumptive water demand and the actual supply available to meet that demand (i.e.,428

unmet demand).429

shortageu,y,i,j = Demandu,y,i,j − Supplyu,y,i,j (1)430

Where Demandu,y,i,j is the consumptive water demand of user u for scenario si,j ,431

where i ∈ (1, N) represents the N deep-uncertainty samples and j ∈ (1,M) represents432

the M realizations within each sample. The variable y varies at the annual scale, y ∈433

(1, 105), for the 105 years defined in each scenario. Annual shortages are computed from434

the monthly values simulated using StateMod. Supplyu,y,i,j is the supply delivered to435

user u, and Shortageu,y,i,j is the corresponding shortage.436

In our analysis, we sum consumptive use shortages all users within each basin to437

understand spatially compounding impacts of shortage on the State of Colorado.438

shortageuB,y,i,j =
ub∑
u=1

shortageu,y,i,j (2)439

Where shortageuB,y,i,j , is the cumulative water shortage across all users in the basin440

B. B represents the West Slope basins.441

For our second metric, we sum the consumptive-use shortages across all institution-442

ally administered water districts to identify districts that are vulnerable to changes in443

baseline conditions. This is computed similarly to equation 2, with users varying for each444

district D (Figure 3 III). Additionally, we find shortages or unmet demand across sec-445

tors, including agriculture, municipal, and industrial users. This is computed similarly446

to equation 2, with users classified as agriculture (A), municipal (M), and industrial (I).447

We compute the shortages across basins, districts, and sectors, and use the results to ex-448

plore the distribution of shortage magnitudes across the ensemble and evaluate key per-449

centiles. This allows us to characterize not only the average impacts but also the like-450

lihood of more severe shortage outcomes.451

f(t) = inf{ a : F (a) > t } (3)452

Where inf is the greatest lower bound of shortages, which is the smallest value of a such453

that the cumulative distribution of F(a) reached at least t. t varies from 0 to 100454

Our final metric, reservoir storage, focuses on the reservoir levels in the region’s455

three largest reservoirs, Blue Mesa, Lake Granby, and McPhee in Gunnison, Upper Col-456

orado and Southwest basin respectively. We examine the percentiles of each reservoir across457

ensembles and compare storage levels with the historical median assuming current op-458

erating policies. These results can inform policymakers when developing future reser-459

voir operating policies.460

3.5 Exploring the Drivers of Vulnerability461

We evaluate the relative influence of West Slope basins on deliveries to Lake Pow-462

ell by analyzing deliveries from the five major contributing basins: Upper Colorado, Gun-463

nison, Yampa, White, and Southwest (Figure 2e). This analysis addresses how inter-basin464

variability, along with hydrologic and demand uncertainty, affects Lake Powell inflows,465

a key driver of Powell’s operations and lower Colorado basin requirements (Udall & Over-466

peck, 2017). We quantify each basin’s influence by applying a variance partitioning ap-467
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proach using ANOVA, a widely used statistical method in hydrology to attribute vari-468

ability in a response variable to multiple sources (Mokhtari & Frey, 2005; Tang et al.,469

2007). We use the F-test as a statistical measure to assess the significance of differences470

in responses due to individual parameters and their interactions (Archer et al., 1997).471

Larger F-values indicate greater influence and higher sensitivity of a parameter or in-472

teraction on the output. The p-value for the F-statistic, represents the probability of ob-473

serving the calculated F-statistic (Supporting information table T2) or a more extreme474

one if the null hypothesis were true. We get a low p-value of 0.0 (¡ 0.05) suggests the ob-475

served differences among group means are statistically significant, leading to the rejec-476

tion of the null hypothesis and acceptance of the alternative that at least one mean is477

different. In the ANOVA, a linear additive model is applied with deliveries to Lake Pow-478

ell as the response variable, as expressed in Equation 5479

Deliveries to Lake Powell = f(OUC+OGunnison+OYampa+OWhite+OSanjuan) (4)480

Where, O represents the outflows relative to the historical baseline median from481

each basin as defined in the subscripts as the West Slope basins with UC abbreviated482

for Upper Colorado basin. We use the sum of the squares (SS) from the ANOVA test483

relative to total sum of squares to quantify the uncertainty by each basin (Vm, Figure484

3V) and to identify which basin (denoted by m) is more strongly associated with the un-485

certainty quantified for deliveries to Lake Powell.486

Vm =
SSm∑5
i=1 SSi

(5)487

3.6 Magnitude varying sensitivity analysis488

We utilize the DMIM to identify the factors that influence variability of drought489

vulnerability. The DMIM analysis is an empirical density-based global sensitivity anal-490

ysis technique that evaluates how uncertain factors influence the entire distribution of491

a model’s output or the response variable, by capturing higher order interactive effects492

rather than focusing solely on mean or variance (Figure 2f). This method has proven493

effective in addressing complex and highly nonlinear water resource applications (Chaney494

et al., 2015; Hadjimichael et al., 2020; Lau et al., 2023). For each uncertain factor (de-495

scribed in Section 3.2), the method computes a delta index, which quantifies the expected496

change in the output distribution when that uncertain factor varies; normalized to al-497

low comparisons across factors (Borgonovo, 2007; Plischke et al., 2013). This makes DMIM498

useful for capturing sensitivity across the full range of outcomes considering higher mo-499

ments of statistics. The method is moment-independent, allowing it to detect sensitiv-500

ity that may affect skewness, tails, or multimodal behaviors in the output distribution.501

In this study, we implement DMIM using the SALib library in Python (Herman & Usher,502

2017). We also include a control variable with no influence on the model to verify that503

the Delta method assigns negligible sensitivity to avoid bootstrap noise. We apply the504

DMIM to assess the relative contributions of uncertain factors including HMM param-505

eters, snowmelt shift and multi-sectoral demand changes to variability in water short-506

ages and reservoir storage levels.507

As explained in section 3.4, the output variables are discretized based on the per-508

centiles of the distribution f(u,t). We perform the magnitude-varying sensitivity anal-509

ysis for multiple output variables, including shortage magnitude aggregated across basins,510

districts and sectors. We also conduct this analysis for variation in reservoir storage lev-511

els for the three major reservoirs Lake Granby, McPhee and Blue Mesa in Upper Col-512

orado, Southwest and Gunnison basins respectively. This analysis provides insights on513

under what circumstances adaptation may be most needed by identifying which uncer-514

tain input factors contribute most to the variability observed in these output metrics.515
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Figure 3. Experimental design of this study. (I) Sampling of states of the world (SOWs) from

uncertain factors (ψ) along with the generation of streamflow realizations to capture internal

variability (s), that is, 20 streamflows for each sample ψ. (II) Simulation of model outputs using

StateMod; shortages for all users in the basin (U), reservoir storage levels (L) and outflows from

each basin (O) across all streamflow realizations (S). (III) Aggregation of selected outputs into

relevant categories for the corresponding users (basin-wide B, district D, municipal M, industrial

I, agriculture A). (IV) Classification of outputs into magnitude percentiles (T). (V) Sensitivity

analysis to identify dominant factors impacting different performance outputs. Color coding high-

lights distinct components: uncertain inputs (yellow), streamflow samples (blue), model outputs

(orange), aggregated metrics (pink), and shortage percentiles (green).

3.7 Computational Experiment516

In this study, we apply StateMod to simulate water allocation in Colorado’s West517

Slope Basins. To the best of our knowledge, this is the largest exploratory modeling ex-518

periment ever conducted for the West Slope basins that systematically samples across519

plausible changes in mid-century hydrologic conditions and basin-specific demands. To520

characterize the uncertainty in future hydrologic and demand conditions, we generate521

1000 combinations of uncertain input factors, denoted as ψ (Figure 3I). These input sets522

include changes to HMM parameters, snowmelt shift and multi-sectoral demands. For523

each sampled SOW ψ, we generate 20 stochastic realizations of streamflow (s, Figure 3I),524

capturing internal variability. In total, 20,000 independent simulations were performed,525

each representing a 105-year period, yielding an aggregate of 2.1 million simulated years526

across all scenarios. These 2.1 million years are simulated using StateMod as described527

in section 3.3 to generate a range of system outputs (Figure 3 II). Model outputs are gen-528

erated for each user in the West Slope basins and then aggregated at multiple levels, in-529

cluding basin, district, and sector (Figure 3 III). To analyze extreme conditions, we com-530

pute magnitude percentiles for these aggregated outputs (Figure 3 IV) and conduct sen-531

sitivity analyses (Figure 3 V) based on these results to identify the uncertain factor drivers.532

This was executed on National Energy Research Scientific Computing Center (NERSC)533

Perlmutter system using a total of 1000 cores distributed across 10 computer nodes.534

–14–



manuscript submitted to Earth’s Future

4 Results and discussion535

4.1 West Slope deliveries to Lake Powell536

As discussed in the Introduction, the West Slope basins play a vital role in the Col-537

orado River system by contributing approximately 70% of the annual water deliveries538

to Lake Powell (US Bureau of Reclamation, 2020; Gold et al., 2024). Figure 4 provides539

a broader understanding of how the West Slope annual deliveries could plausibly change540

by the mid-century based on the exploratory ensemble. Figure 4a shows the distribu-541

tions of the differences between cumulative West Slope annual deliveries to Lake Pow-542

ell for the sampled mid-century scenarios and the historical 105-year baseline record. The543

panel compares the resulting distributions of differences for the 5th and 50th percentiles544

of cumulative annual deliveries across the exploratory ensemble’s 20,000 scenarios, each545

of which is composed of 105-years of monthly streamflows (see Figure S3 for the distri-546

bution of all sampled scenarios). So as an example in Figure 4a, the 5th percentile dis-547

tribution captures the relative changes in the cumulative annual West Slope 5th percentile548

deliveries for the historical baseline’s 105-year record versus the corresponding 5th per-549

centile deliveries attained across each of the 105-year records that compose the 20,000550

scenarios sampled in the exploratory ensemble. The 5th percentile deliveries represent551

low annual delivery volumes to Lake Powell that are exceeded in 95% of years within the552

105-year record. Similarly, the median (50th percentile) deliveries represent annual vol-553

umes that are exceeded in 50% of simulated 105-years.554

In Figure 4a, the relative 5th percentile distribution indicates a higher frequency555

of reduced cumulative deliveries to Lake Powell in low-flow or drought conditions, with556

the peak of distribution remaining below zero with a maximum reduction of 3062 mil-557

lion m³. For context, this represents a 52% decrease in deliveries compared to the his-558

torical baseline’s 5th percentile deliveries. Under the Colorado River’s Law of the River559

Compact (Section 2), the Upper Basin is must ensure that flows at Lees Ferry are above560

an annual average of 9247 million m³. A 52% reduction in deliveries at the 5th percentile561

distribution would equal about 3% of this required volume, which would significantly con-562

strain deliveries to the Lower Basin states. In Figure 4a, the median distribution of Lake563

Powell deliveries (50th percentile) shows an overall reduction in outflows, suggesting that564

many scenarios result in heightened risks to Lake Powell deliveries. The peak of this dis-565

tribution has a reduction of 1061 million m3 Lake Powell deliveries compared to the his-566

torical median. This corresponds to approximately 12% reduction of the compact an-567

nual average volume (of 9247 million m3). This suggests that, even with the inclusion568

of the substantially wetter futures sampled in the exploratory ensemble, the West Slope569

basins routinely face reduced deliveries, increasing challenges for meeting the require-570

ments of the Colorado River Compact.571

Our results are corroborated by Wang et al. (2022) who document significant his-572

torical reductions in deliveries to Lake Powell when comparing 1981-2010 to and 2001-573

2020 reference periods. The cumulative deliveries to Lake Powell reflect differing con-574

tributions from the individual West Slope basins. Understanding how each West Slope575

basin influences the annual deliveries under varying hydrologic and demand conditions576

is important for informing effective water management strategies for the Upper Colorado577

River basin. Consequently, in Figure 4b, we formally quantify the relative contributions578

of the West Slope basins to the variance in cumulative annual deliveries to Lake Pow-579

ell compared to the historical median using an ANOVA variance decomposition. Figure580

4b presents the fraction of variance in annual West Slope deliveries to Lake Powell at-581

tributed to each basin. The Southwest Basin contributes 60.7% of the total variance in582

West Slope deliveries, followed by Upper Colorado (18.5%), Gunnison (13.6%), Yampa583

(6.6%), and White (0.5%). These results highlight the Southwest Basin as a dominant584

driver of variability in deliveries to Lake Powell and, consequently, as a key basin influ-585

encing water availability for the Lower Colorado basin states. This finding is somewhat586

unexpected given that the Upper Colorado Basin contributes the highest median out-587
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Figure 4. a) Density plots show the distribution of cumulative annual outflows (in million

m³) from the West Slope basins under all scenarios relative to historical baseline. (b) Pie chart

illustrates the relative contribution of each basin to the variance of total annual West Slope

outflows from ANOVA analysis under all sampled scenarios. (c) Density plots for difference in

median annual outflows relative to historical median for each of the West Slope basins.

flows (in terms of magnitude) compared to the Southwest; however, the Southwest shows588

a markedly stronger sensitivity to the hydrologic and demand conditions sampled in this589

study’s exploratory experiment (Section 3.2).590

Figure 4c shows the distributions of median outflows relative to the historical me-591

dian for each of the West Slope basins. When the values that compose these distribu-592

tions fall below zero, they indicate reduced deliveries to Lake Powell that would impact593

its storage levels and deliveries to the lower basin. Though the exploratory ensemble’s594

sampled scenarios include wetter futures with up to 30% increases in streamflow rela-595

tive to the historical baseline period (give dates of baseline here), many of the basins’596

outflows are significantly reduced with the peaks of their distributions on the negative597

side of Figure 4c’s scale. The increasing risks of reductions in Lake Powell’s storage are598

similar to those projected in other studies (Gold et al., 2024; J. C. Schmidt et al., 2023).599

The Upper Colorado and Southwest basin exhibit the widest ranges of variability, span-600

ning more than ±1000 Million m³ differences in deliveries to Lake Powell, suggesting that601

they are the primary West Slope basins impacting deliveries. This is equivalent to 11%602

of (of 9247 million m³) the average annual deliveries of the Law of the River Compact.603

The Gunnison and Yampa basins also display considerable spread, though with some-604

what narrower distributions, while the White River basin shows very limited variabil-605
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ity, contributing relatively minor deviations from baseline conditions. The reductions in606

deliveries intensify toward the lower tails of the distribution for the Upper Colorado, Gun-607

nison, and Southwest basin, with reductions relative to the historical median of 1177,608

1065, and 2678 million m³, respectively. Overall, results clarify how the West Slope basins609

influence deliveries to Lake Powell, with the Southwest and Upper Colorado basins be-610

ing the most dominant contributors.611

4.2 Variation in Reservoir Storages and Dominant Driving Factors612

While Section 4.1 focused on potential changes in deliveries to Lake Powell from613

the West Slope basins, those deliveries are directly influenced by reservoir operations and614

their storage levels within the basins (Sakas, 2021; Wheeler et al., 2019). Declining reser-615

voir storage levels threaten water supply reliability, increase vulnerability during drought,616

and limit flexibility when managing water supply given hydrologic and demand uncer-617

tainties. Figure 5 illustrates variation in monthly reservoir storage and their dominant618

driving factors across the three largest reservoirs in the West Slope basins Blue Mesa (Gun-619

nison), Granby (Upper Colorado), and McPhee (Southwest). The panels are divided into620

two main groups: the left column figures (a, c, e) show reservoir storage change relative621

to the historical median at monthly time steps, while the right column figures (b, d, f)622

show the relative contributions of the uncertain factors in driving variability in the reser-623

voirs. The color scales in panels (a), (c), and (e) represent the percentiles of monthly reser-624

voir storage, calculated across the 1,000 samples of deeply uncertain factors. Lighter col-625

ors (as yellow) correspond to lower storage levels (drier conditions), while darker colors626

(blue) indicate higher storages (wetter conditions) compared to historical baseline. The627

dashed lines mark the historical 25th and 75th percentiles. The solid black line repre-628

sents the historical median. The Blue Mesa Reservoir located in the Gunnison basin (Fig-629

ure 5a) exhibits a notable summer-to-fall seasonal decline in storage beginning around630

July, with levels reaching their lowest between October and December. This post-July631

drop is driven by peak irrigation demands, further exacerbated by declining inflows dur-632

ing late summer. Granby Reservoir and McPhee reservoir (Figure 5c, e) show a similar633

seasonal pattern, with storage decreases beginning in summer months and with prolonged634

low levels lasting into the fall. This trend reflects changes to water availability upstream635

from diversions and multi-sectoral demands, combined with reduction in snowmelt con-636

tributions. Granby at the mouth of the Gunnison River is heavily dependent on the snowmelt637

contributions and the majority of runoff occurs during spring snowmelt.638

Across all three reservoirs, the projected median storage levels are below histor-639

ical median (1̃0 – 20%) with storage levels declining during the late-summer to early-640

fall (July – Oct). During the drought years, the worst storages (below 10th percentiles)641

drop to 40–55% below the historical median for Blue Mesa and Granby comparable to642

the severe drawdowns observed during the 2002 drought, when reservoirs approached crit-643

ically low levels. During wet periods, the storages are close to historical median with no644

significant increases reflecting increased multisectoral demands that offset potential gains645

from higher inflows. Overall, the low storage levels below the historical median present646

significant challenges, which are particularly concerning given the wide range of sampled647

scenarios include instances with much wetter projected mid-century conditions. Even648

with these much wetter future conditions, Figure 5a, c, and e results show systematic649

reductions in storage compared to the historical median. The reduction in storage lev-650

els is also consistent with the previous studies on reservoirs of the Colorado River Basin651

(Simeone et al., 2024; Goble, 2016). Notably, during the extreme drought year of 2002,652

Lake Granby was drawn down to its dead storage, showing how low-flow conditions can653

rapidly deplete storage.654

Given the projected declines in major reservoir storages, the next step is to under-655

stand which deep uncertain factors are driving these changes. We use the DMIM to iden-656

tify the most dominant uncertain factors that influence reservoir storage variability, pro-657
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Figure 5. Variation in monthly reservoir storage (a, c, e) and their dominant factors (b,

c, f) of the West Slope’s three largest reservoirs, Blue Mesa (Gunnison), Lake Granby (Upper

Colorado), and McPhee (Southwest). The variation in reservoir storage is shown in percentage

change in storage from the historical median relative to the reservoir capacity. The colors rep-

resent the percentiles of monthly storage across 1000 SOWs. The historical median monthly

reservoir storage is the line drawn at zero and the 25th and 75th percentile historical storage for

each month are shown in dashed and dashed-dot lines. The dominant factors impacting storage

in the reservoirs are shown in b) Blue Mesa, c) Lake Granby and d) McPhee reservoirs. Each

color represents the uncertain factors described in Table 1. The colors in the legend are listed in

the order that they are plotted, from bottom, up.
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viding helpful insights that can inform management strategies (Figure 5 b, d, f). Each658

of the right-hand panels in Figure 5 corresponds to the reservoir to its left, showing the659

percentage of relative distribution shift contributed by each of the uncertain factors ef-660

fects in driving changes in monthly storage variability. Across all of the reservoirs, the661

projected 30-day shift in the timing of snowmelt is the dominant factor throughout the662

year. All three reservoirs are highly sensitive to changes in snowmelt timing, especially663

during spring and summer as reservoir operations are defined as a function of inflow. This664

also indicated the impacts of extreme dust-on-snow events shifting snowmelt runoff (Neff665

et al., 2008; Deems et al., 2013). Other studies have also demonstrated the importance666

of snowmelt timing shifts in the Upper Basin, which in turn has downstream impacts667

on the Lower Colorado River Basin (Milly and Dunne, 2020; Clow, 2010). For Blue Mesa668

reservoir (Figure 5b ), beyond the effects of snowmelt timing shift, irrigation demand (or-669

ange) and annual wet year persistence (light purple) also play a role in reservoir stor-670

age fluctuations. These factors represent sectoral water use and an increase in the fre-671

quency of above-average inflows (wet years) in the Upper Gunnison basin. In our exploratory672

scenarios, irrigation demands range up to a 20% increase (Table 1). While persistent wet673

years can result in increased inflows to the reservoir, changing seasonal irrigation demands674

can reduce upstream contributions before they reach the reservoir. For the McPhee Reser-675

voir, multisectoral demand-related factors emerge as dominant drivers, reflecting sub-676

stantial demand increases of 37–161% (Table 1). Changes in expected wet flows, and an-677

nual wet year persistence also influence storage variability during the late-summer to early-678

fall recession period (July–October), when snowmelt contributions diminish and stream-679

flows decline. During this time, reservoir storage is shaped by the combined pressures680

of reduced inflows and elevated sectoral demands. For water managers, Figures 5b, d,681

and e provide evidence that managing storage variability must consider the complex cou-682

pled responses betweeen natural hydrology and evolving sectoral water demands.683

Overall, Figure 5 presents the temporal reservoir storage dynamics with snowmelt684

timing shifts as the dominant driving factor. The degree to which other human water685

use demand factors influence storage variability varies significantly by the reservoir and686

its source West Slope basin. While reservoir operations and their storages play a crit-687

ical role in managing the water supply, they do not fully encompass the diversity of wa-688

ter uses and users at the broader basin scale. In the next section, we explore the short-689

age vulnerabilities across the cumulative users within each of the West Slope basins.690

4.3 Basin-wide Shortages691

Our analysis of basin-wide shortages provides insights into how the exploratory en-692

semble’s scenarios influence cumulative user-level water deficits in each of the West Slope693

basins. The West Slope basins include a diverse range of users, each with distinct wa-694

ter rights, priorities, and demands. Shortages are defined as the difference between users’695

demands and actual supply. Water supply allocations are based on the prior appropri-696

ation doctrine and vary across complex interactions across the basins’ hydrologic, insti-697

tutional and infrastructure elements. These elements are accounted for explicitly in our698

examination of each of the basin’s consumptive use shortages in Figure 6 given their rep-699

resentation in StateMod simulations of sampled scenario outcomes. Figure 6 shows the700

percentile varying changes in the magnitudes and frequencies of cumulative annual wa-701

ter shortages experienced by the West Slope basins’ users across the 20000 scenarios ex-702

plored in this study. In each panel, shortages across the ensemble of scenarios are com-703

pared with the cumulative distribution of historical annual shortage magnitudes (black704

line). The y-axis represents the magnitude of annual shortage, while the x-axis shows705

its non-exceedance probability. The blue shaded areas indicate the frequency of each short-706

age magnitude’s occurrence across the sampled scenarios, with lighter shades correspond-707

ing to higher frequencies. In Figure 6, for each of the 20000 scenarios, water shortages708

for individual users are aggregated annually within each basin based on 105 years of monthly709

simulations. For each scenario sampled this produces a cumulative distribution of an-710
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Figure 6. Percentile-varying impacts on cumulative annual shortage magnitude and frequency

for the West Slope Basins. Each panel represents shortages experienced by each basin: (a) Upper

Colorado, (b) Gunnison, (c) Yampa, (d) White, and (e) Southwest. The black line in every panel

indicates the percentage of time each annual shortage magnitude was experienced historically

by each basin. The shaded areas represent the frequency with which these magnitudes of short-

age are experienced at each percentile across the simulated ensemble. The direction arrow on

the x-axis represents the direction of increasing shortage magnitudes. Figure style adapted from

Hadjimichael et al. (2020b).

nual shortage values for each basin (i.e., 20000 annual cumulative shortage distributions).711

Figure 6 shows the ranges of shortage magnitudes that emerge for each percentile of the712

annual cumulative distributions analyzed. Additionally, in Figure 6 the frequencies of713

shortages are defined as the percentage of scenarios where the shortage magnitude is be-714

low the respective percentile magnitude across all 20000 scenarios. The frequencies pro-715

vide a direct visual understanding of how the annual shortage magnitude results are dis-716

tributed across the exploratory ensemble.717

The historical shortages (black line) are reduced in magnitude compared to the mod-718

eled scenarios and fall within the lower frequency 0 - 20% zones in the exploratory en-719

semble for the Upper Colorado, White, Yampa and Southwest basin. The implication720

of this result is that sampled future mid-century conditions result in more frequent and721

severe shortages than have occurred historically. Comparing the historical median short-722

age magnitudes at the 50th percentile, we find that for most of the basins these relatively723

modest observed shortage levels occur infrequently in the 0–20% frequency zone for the724

sampled mid-century scenarios, with the exception of Gunnison. For the Gunnison, its725

historical median shortage magnitudes occur more frequent 20 –40% range of the sam-726

pled scenarios. This indicates that, despite the inclusion of a substantial number of wet-727

ter scenarios with sampled instances that have reduced sectoral demands, the West Slope728

basins experience increased shortage magnitudes that are well beyond their historical me-729

dians in majority of the exploratory ensemble’s scenarios. This highlights a significant730

mid-century vulnerability for the region.731

The five West Slope basins have significant differences in both the magnitude and732

frequency of their annual water shortages (Figure 6). Increases in annual shortage mag-733

nitudes (higher values on the y-axis) in Figure 6 arise from different sampled scenarios734
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where challenging years within their 105-year sequences contribute to extreme shortages735

(Figure S4). The specific scenarios contributing to the most extreme annual shortages736

vary across the West Slope basins. The Southwest basin (Figure 6e) is the most vulner-737

able followed by Upper Colorado (Figure 6a), with consistently high shortage magnitudes738

across a wide range of percentiles. The variance in the magnitude of shortages differs across739

the ensemble, with higher percentiles exhibiting greater variability than lower percentiles.740

This variability also differs across the basins , with the Southwest showing the highest741

variance. Additionally, the variance in shortage magnitude is not uniform but changes742

across the various shortage frequencies within the ensemble. Though the hydrological743

changes are similarly sampled across basins, differences in water demands and user rights744

lead to distinct cumulative effects in each basin. For all West Slope basins, shortages oc-745

curring with 80–100% frequency demonstrate the largest variance relative to other fre-746

quencies, highlighting the variability in large magnitudes of shortages associated with747

extreme conditions. Although the historical demands of the Southwest basin are sim-748

ilar to those in the Upper Colorado, the basin’s projected future demands are significantly749

higher for irrigation and municipal development (see Table 1). Historical shortage com-750

parisons of the Upper Colorado and Southwest users contributing the highest total short-751

ages in their respective basins show that no single user is responsible for basin-wide short-752

ages (Figure S5). Rather, it is the cumulative effect across users that drives the sever-753

ity of shortages, both in magnitude and frequency (Figure 6a, e). The Gunnison (Fig-754

ure 6b) basin has the third highest shortage magnitudes, while the White (Figure 6c)755

and Yampa basins (Figure 6d) show the lowest overall shortage magnitudes. Next, we756

investigate the key drivers of these vulnerabilities.757

4.4 Dominant Factors Driving Shortages in the West Slope Basins758

Figure 7 illustrates which factors dominantly influence the cumulative annual short-759

ages in each of the West Slope basins across their magnitude percentiles. The y-axis in-760

dicates the relative distribution shift (%) of each uncertain factor derived from the DMIM,761

illustrating the sensitivity of annual shortages to each factor across different shortage mag-762

nitude percentiles on the x-axis. For each of the 1,000 sampled deep uncertain factor com-763

binations in the exploratory ensemble, we simulate 20 replicate realizations of 105-year764

monthly sequences for each of the West Slope basins using StateMod. The 20 replicates765

are designed to explicitly account for internal hydroclimatic variability. For each deep766

uncertain sample, we compute the median consumptive use shortage across the 20 re-767

alizations at each shortage magnitude percentile (ranging from 0 to 100). This median768

value aids in accounting for the influence of internal variability. We then calculate the769

DMIM indices at each shortage magnitude percentile across the 1,000 sampled deep un-770

certain factor combinations. These DMIM indices for each percentile identify how dif-771

ferent deep uncertain factors shape water shortage outcomes across the range of small772

to extreme shortages. The earlier snowmelt shift (shown in grey) emerges as a key hy-773

drologic factor influencing shortage magnitudes across a range of percentiles, in the Up-774

per Colorado, Gunnison, Yampa, and Southwest basin (Figure 6a, b, d, e). The dom-775

inance of snowmelt timing over the demand factors in the Upper Colorado River Basin776

indicates a heightened sensitivity to changes in water supply, particularly in relation to777

shifting seasonality. A one-month advance in peak runoff, as simulated by the snowmelt778

shift parameter, reflects trends toward hotter and drier conditions. This not only alters779

the timing of water availability but also reduces the buffering role of snowpack as a nat-780

ural storage system, thereby increasing vulnerability to prolonged drought conditions.781

Recent studies corroborate the potential for significant reductions in water availability782

due to changes in snow conditions (e.g., increased extreme dust on snow events) as in-783

fluenced by projected increases in temperature and evapotranspiration (Bass et al., 2023;784

Milly & Dunne, 2020; Deems et al., 2013).785

In additional to snowmelt timing shifts, irrigation demand is also a key driver of786

shortages in the Gunnison, White, Yampa and Southwest basin (Figure 7b-e) . The mag-787
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Figure 7. Percentile-varying sensitivity indices of shortage magnitude for the West Slope

basins. X-axis represents the shortage magnitude percentile with increasing in shortage magni-

tude from 0 to 100. Y-axis represents the percentage of contribution by each uncertain factor.

Each panel presents the magnitude-varying sensitivity indices attributed to each factor, for

the shortages experienced by (a) Upper Colorado, (b) Gunnison, (c) White, (d) Yampa, and

(e)Southwest. The colors in the legend are listed in the order that they are plotted, from bottom,

up.

nitude of historical annual irrigation demands is at least 10 times the municipal or in-788

dustrial demands. These basins are particularly sensitive to changes in their overall wa-789

ter demands (irrigation, industrial, municipal demand), with the hydrologic factors that790

impact water availability playing a secondary role. This dominance reflects not just the791

magnitude of agricultural demand shortages but the way they shape basin-wide short-792

ages through nonlinear interactions with hydrologic variability and water rights. For ex-793

ample, under low-flow conditions, senior right holders with high irrigation withdrawals794

upstream strongly influence how downstream shortages emerge. Notably, these results795

for the Gunnison, White, and Yampa differ from those observed in the Upper Colorado796

Basin (Figure 7a), where snowmelt shift is a dominating factor. The relative importance797

of changes in expected dry or wet year flows, their variability and persistence vary across798

different basins and shortage percentiles. Beyond shifts in snowmelt timing and human799

water use demands, variations in shortage magnitude are strongly shaped by differences800

in dry flow persistence. This reflects the region’s potential for sustained multi-year ex-801

treme droughts.802

In contrast to the other basins, White Basin’s (Figure 7c) shortages are strongly803

influenced by industrial demands, although their relative importance decreases as the804

magnitude percentile of shortages increases (larger magnitude percentiles implies extreme805

shortages). This result is linked to the projected high industrial growth in the basin as806

development in oil and natural gas industry among other small industrial users (Colorado807

Water Plan, 2025), which reflect ongoing and planned developments in the basin, as out-808

lined in the Colorado Water Plan such as new energy infrastructure. Under extreme short-809

age conditions, water management strategies in the White Basin need to prioritize re-810

ductions in irrigation demands as well as and their interactions with changes in the basin’s811

hydrologic regimes, rather than focusing primarily on industrial use. Irrigation demand812
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does not appear as a dominant factor at lower shortage magnitude percentiles because813

many irrigation rights in the White Basin were appropriated as early as 1880, granting814

them senior priority. As a result, small deviations from the historical baseline still al-815

low these senior rights to be satisfied. However, under a broader range of scenarios par-816

ticularly those involving extreme drought, reduced water availability leads to significant817

shortages, even for senior rights holders.818

Across the West Slope basins, the drivers of water shortage exhibit notable spa-819

tial variability. While some basins share similar dominant factors (e.g., snowmelt shift820

for Upper Colorado and Yampa; irrigation demands for Gunnison and Southwest), the821

relative importance of these factors differs by basin. For instance, in the Gunnison basin,822

irrigation demand exerts the strongest influence under moderate shortage conditions, whereas823

in the White, irrigation demand becomes more influential when the shortage severity in-824

creases. This variation reflects differences in basin hydrology, diverse water users and their825

rights, underscoring the need for basin-specific strategies when assessing and managing826

shortage risks. The findings from Figure 7 are based on cumulative shortages across all827

users within each basin. However, when shifting from basin scale to the scale of individ-828

ual water districts, it is important to understand how shortage patterns change and if829

their dominant uncertain factors become more heterogenous. In the next section, we ex-830

plore these differences at district-level to understand how different users shape regional831

vulnerabilities.832

4.5 Dominant Factors across water districts833

Figure 8 illustrates how the dominant drivers of uncertainty (deep uncertain fac-834

tors) vary across different magnitudes of water shortage for two representative districts835

in each of the West Slope basins. The districts were selective to be representative of the836

diversity of their most sensitive deep uncertain factors and to capture differences across837

water rights. The results in Figure 8 draw on the detailed user information within the838

StateMod models of the West Slope basins that include information on allocation senior-839

ity, and the amount of water allocated to the user. We classify the selected districts into840

“junior rights” (Figure 8b, d, f, h) and “senior rights” (Figure 8a, c, e, g). In short, dis-841

tricts with senior rights in Figure 8 indicate those with a high priority in allocation (Re-842

fer to Figure S6 for information of administration rights of users across all districts). This843

targeted analysis highlights the diversity among districts within the same West Slope844

basin, revealing significant differences in the dominant factors driving their water short-845

ages.846

Water shortages for the District 36 in the Upper Colorado basin (Figure 8a) are847

largely controlled by the 30-day snowmelt shift (in grey color), the relative effect of which848

is reduced when looking at the representative junior rights District 72 (Figure 8b). Dis-849

trict 36, which holds senior water rights, is primarily dependent on water availability to850

divert and meet its demands. In contrast, District 72, with junior water rights, is influ-851

enced by both water availability and administrative water rights. Within District 72, even852

when water is available, users with junior rights may not receive allocations due to pri-853

ority limitations. In such instances, demand factors such as irrigation, municipal and in-854

dustrial become more dominant than shifts in snowmelt timing in driving shortages. At855

the basin level for the Upper Colorado (Figure 7), snowmelt timing shift emerged as a856

key factor influencing shortages. However, this changes at the district scale. For exam-857

ple, in District 72, which holds junior water rights, irrigation demand becomes the dom-858

inant driver under extreme shortages. This indicates that even when water is available,859

institutional constraints can result unmet demand causing demand factors to dominate860

water shortages more than hydrologic factors like snowmelt timing. These findings il-861

lustrate that district-scale analysis yields insights that may be masked at the basin level,862

emphasizing the importance of having a highly resolved spatial scale as well as captur-863

ing institutional complexity evaluating water shortage drivers.864
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Figure 8. Percentile-varying sensitivity indices of magnitude percentile varying shortage for

two selected water districts from each West Slope basin. X-axis represents the shortage mag-

nitude percentile with increasing in shortage magnitude from 0 to 100. Y-axis represents the

percentage of contribution by each uncertain factor. Each panel presents the magnitude-varying

sensitivity indices attributed to each factor, for the shortages experienced by (a)District 36 and

(b) District 72 in Upper Colorado, (c) District 41 and (d) District 42 in Gunnison, (e) District 57

and (f)District 56 in Yampa, (g) District 77, and (h) District 63 in Southwest. The colors in the

legend are listed in the order that they are plotted, from bottom, up.
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Across the selected districts in the Gunnison, Southwest, and Yampa basins shown865

in Figure 8, multi-sectoral demand factors and snowmelt timing shift consistently emerge866

as the two most influential drivers of water shortages. However, the relative importance867

of these factors shifts with the severity of shortages and their priority of allocation. In868

District 41 (Gunnison, Figure 8c), as shortage magnitudes increase, irrigation demand869

becomes increasingly influential, while the role of municipal demand diminishes under870

extreme shortages. In District 41, municipal demands are much smaller in magnitude871

compared to irrigation demands, consequently they play a more significant role at lower872

shortage percentiles. This pattern contrasts with District 42 (Figure 8d) of the Gunni-873

son Basin, where municipal demand contributes even less, reflecting the lower decreed874

municipal volumes among water users in that district. Selected districts from Yampa and875

Southwest also show differences across districts that vary with shortage magnitude per-876

centiles. For districts with junior right users, however, shortages across different extremes877

are driven more by multisectoral demand changes than by hydrology. A comparable pat-878

tern is seen in District 72 of the Upper Colorado, where institutional constraints can lead879

to unmet demand, and demand-side factors play a greater role than hydrologic ones. Fig-880

ure 8 also highlights that there are district specific and significant interactive effects across881

the hydro-climatic factors such as mean wet and dry year flows, variability of wet and882

dry conditions, and persistence of wet and dry years. The White basin is not adminis-883

tered through districts but rather as a single basin and therefore is not included in Fig-884

ure 8. Overall, this section highlights the complexity of how the drivers of district-scale885

water shortages vary with institutional and regional differences. The next section explores886

water shortage controls from a multi-sectoral perspective across the West Slope basins.887

4.6 Dominant Factors across Sectors888

Colorado state’s economy is strongly water dependent across its key agricultural,889

municipal, and industrial sectors (Richter et al., 2024). While water districts in the West890

Slope basins are organizing units of governance and management of water resources, the891

region’s competing sectoral demands significantly influence water use beyond their bound-892

aries. Municipal, industrial, and agricultural users are distributed in the complex net-893

work of water use, each with potentially different deeply uncertain driving factors shap-894

ing water shortages. We illustrate these sectoral differences for the Southwest basin in895

Figure 9 (other West Slope basins in Figure S7-S10). This basin plays a critical role in896

shaping inflows to Lake Powell (Figure 4) and supports a diverse range of water users897

under institutionally complex water transfers (Redsteer et al., 2013; Mullane, 2025). These898

characteristics make the Southwest basin particularly well suited to highlight how dom-899

inant deep uncertain factors vary across municipal, industrial, and agricultural water de-900

mand users (Figure 4). Not surprisingly, the municipal sector (Figure 9a) is dominated901

by municipal demand (in color green), which consistently explains around 70%-90% of902

the changes in shortage magnitude across all percentiles. Two municipal users hold the903

most senior water rights among more than 1000 users in the Southwest basin, suggest-904

ing that municipal shortages are driven more by demand than by hydrologic variabil-905

ity. As demands increase , even users with high priority experience water shortages at906

the mid-century. This highlights the need for urban water supply planning to incorpo-907

rate strategies such as demand management and increases in water use efficiency to ad-908

dress future uncertainties.909

The industrial sector (Figure 9b) shows a much more heterogeneous distribution910

of uncertain factors. While industrial demand (blue) and irrigation demand (orange) are911

the major factors for small magnitudes of shortage; the contribution of hydrological fac-912

tors along with snowmelt shift increases for more extreme shortages. This indicates that913

industrial water shortages are influenced by both direct demand and hydrologically driven914

changes in water supply, with the relative importance of these drivers shifting across hy-915

drologic conditions and shortage magnitude percentiles. For smaller shortage magnitudes,916

irrigation demand emerges as the dominant factor. Irrigation typically peaks during the917
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Figure 9. Percentile-varying sensitivity indices of shortage magnitudes across different sectors

in Southwest basin. X-axis represents the shortage magnitude percentile with increasing in short-

age magnitude from 0 to 100. Y-axis represents the percentage of contribution by each uncertain

factor. Each panel presents the magnitude-varying sensitivity indices attributed to each factor,

for the shortages experienced by (a) Municipal, (b) Industrial and, (c) Irrigation sector. The

colors in the legend are listed in the order that they are plotted, from bottom, up.

summer and fall season, which coincides with periods of reduced reservoir storage (Fig-918

ure 5). In addition, water demands are higher in summer months for industries (e.g., ther-919

moelectric power generation). At median shortages, industrial demand itself plays a more920

direct role in driving its own shortages, reflecting increased thermoelectric water use as921

a key growth factor in the basin. Under extreme shortages, however, snowmelt timing922

becomes the primary driver, with earlier and reduced runoff exacerbating water supply923

limitations and amplifying the severity of industrial shortages. This pattern highlights924

the sector’s increasing vulnerability to hydrologic variability, particularly under dry sce-925

narios (CWCB, 2023).926

The irrigation sector (Figure 9c) displays distinctly different factors compared to927

the other two sectors, where irrigation demand (orange) is the dominant driver. Snowmelt928

shift also contributes across the magnitude percentile range, though to a lesser degree929

than irrigation demand. Hydrologic uncertainty such as expected dry/wet flow changes930

and flow variability have a secondary influence. This highlights a system in which irrigation-931

related decisions such as cropping patterns, land use shifts from urbanization, and adop-932

tion of water-efficient technologies serve as the primary drivers of water stress, partic-933

ularly during severe shortages. While changes in altered snowmelt timing intensify the934
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problem, managing agricultural demand is critical in the basin to deal with shortage. In935

the Southwest basin, water conservation initiatives for irrigation demands and increased936

funding for resilient infrastructure are being implemented, particularly as water supplies937

for one federally recognized tribe were reduced to just 10% of their normal allocation in938

2021 (Colorado water plan progress report, 2025).939

Overall, the dominant factors vary significantly between sectors. Municipal short-940

ages are driven by demand alone, whereas industrial and irrigation sectors are more sen-941

sitive to both hydrologic and demand factors. Snowmelt timing becomes a more impor-942

tant factor in the industrial and irrigation sectors, particularly during high-magnitude943

shortages (Figure 9b, c). This suggests that seasonal shifts in water availability are in-944

creasingly relevant in assessing the shortages across sectors; this also applies for the basin945

and district scales as presented in the previous sections. While the discussion is for South-946

west basin, similar patterns of sectoral sensitivity to uncertain factors are observed across947

other West Slope basins (Figure S7 – S10), with notable differences outlined in Supple-948

mentary material S3. In summary, different basins respond uniquely to uncertainties,949

with sectoral impacts varying based on basin-specific hydrologic and demand conditions.950

5 Conclusions951

This study presents the most comprehensive multi-scale, multi-sectoral analysis of952

drought risk in Colorado’s West Slope basins. We combine exploratory analysis with sen-953

sitivity analysis to identify drivers of water shortage vulnerabilities in the West Slope954

basins using StateMod, Colorado’s institutional water-allocation model. Our analysis re-955

veals distinct differences in how plausible changes in streamflow characteristics and de-956

mands in combination with the region’s significant internal variability yield water short-957

ages across spatial scales, and sectors. Uncertainties across the basins can produce up958

to a 52% reduction in low-flow deliveries to Lake Powell relative to the historical base-959

line, with the Southwest basin contributing the largest share of this variability. Although960

this study explored a broad range of significantly wetter and drier scenarios for mid-century961

streamflows, our results show a consistent trend that major West Slope reservoir stor-962

ages are vulnerable to declines that are 40–55% below their historical medians, under-963

scoring the severity of potential drawdowns. We further quantify basin-specific differ-964

ences in the magnitude and drivers of shortages, highlighting the roles of snowmelt tim-965

ing, increasing human water demands, and the persistence of low-flow conditions, all of966

which vary substantially across basins.967

Future work will extend this analysis by examining user-level drivers of shortages968

without spatial aggregation, allowing investigation across different administrative rights.969

This approach will enable a clearer understanding of how shortages and their underly-970

ing drivers propagate spatially within individual water districts and how these dynam-971

ics differ across districts. Given the large ensemble of 20,000 simulated scenarios, future972

research could also focus on identifying and characterizing scenario storylines, building973

on recent advances in scenario discovery methods (e.g., (Hadjimichael et al., 2024)). These974

narratives could be further enriched through co-production with diverse stakeholders in975

the West Slope basins, ensuring that scenario interpretations align with decision-making.976

Finally, an important avenue for future research is to move beyond traditional scenario977

discovery toward identifying causal relationships between shortage drivers and shortage978

magnitudes, and to assess how these causal effects vary spatially. Such advances would979

provide deeper insights into the mechanisms driving water shortages and improve the980

relevance of scenario-based analyses for water management and planning.981

Open Research Section982

StateMod (Version 15.0) was developed by CDSS and is publicly available from https://983

cdss.colorado.gov/software/statemod (CWCB & CDWR, 2016). Instructions for984
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replicating the computational experiment, data processing code, and figure generation985

can be found at https://doi.org/10.5281/zenodo.8388003 (Sunkara et al., 2026b).986

All data for this work, including input data, raw output, and final results, can be found987

at https://doi.org/10.57931/3012850 (Sunkara et al., 2026a).988
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Text S1. Quantile sampling selection technique using drought index

As discussed in Section 3.2, for each uncertain factor combination, 1000 streamflow

realizations are generated sampling the internal variability. Out of 1000, 20 realizations

are selected based on quantile technique of drought index for the analysis. The drought

index used is the severity-based metric defined in Gold et al. (2025). This index is defined

using a moving-window threshold method identifying periods when n-year rolling mean

log annual flow drops 0.5 times standard deviation below the mean flow of the historical

record.

droughtt = True if µt
n < µhist − 0.5σhist;False otherwise (1)

January 15, 2026, 9:07am



X - 2 :

µhist is the mean flow of the 105-year historical record, and σhist is the standard deviation

of flow in the 105-year historical record. Multiple temporal definitions of drought are

explored using equation 1 by varying from 6 years (multi-year drought) to 25 years (multi-

decadal drought). For a given drought event, we define the drought severity as the sum of

the normalized difference between the annual flow during each year of the drought period

and the mean annual flow of the historical record shown an cumulative deficit in equation

S2.

CumulativeDeficit =
∫ end

start

µhist − Yt

σhist

dt (2)

We compute the drought index for 1,000 realizations corresponding to each uncertain

factors sample. The realizations are then sorted in decreasing order, and every 5th quantile

is selected, yielding a set of 20 representative samples that capture a broad range of

drought conditions across the full ensemble.

Text S2. Deriving Streamflow Variations from Global Climate Model projec-

tions

In this study, we represent drier and wetter futures by altering the HMM parameters

as described in Section3.2. This adjustment resulted in a mean annual real-space stream-

flow reduction (across all basins) in the range of -30% to 20% compared to a baseline

period from 1980-2010. This ranges reflects the climate change impacts on streamflow in

the Upper Colorado River Basin as evaluated in previous studies (Hoerling et al., 2024;

Hegewisch et al., 2023). Figure S2(a) presents the projected distribution of mid-century

streamflow variations at Lees Ferry based on 220 samples from large ensemble simula-

tions (LENS) conducted by Hoerling et al. (2024), which incorporate climate projections
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from CMIP6. A precipitation sensitivity of 1.9, estimated from historical observations,

was applied along with three plausible temperature sensitivity scenarios (three different

histograms in Figure S2(a)) to characterize the range of streamflow responses.

The analysis conducted by Hoerling et al. (2024) employs a baseline period of

2000–2020, which does not exactly overlap with the range used in this study and therefore

prevents a direct comparison. Nevertheless, CMIP6 LENS simulations for that period in-

dicate warmer conditions with precipitation patterns similar to those of the 20th century.

As a result, the 2000–2020 baseline reflects comparatively optimistic streamflow outcomes

relative to the 1980–2010 reference period used in Figure S2(b), since higher temperatures

typically correspond to lower streamflows. In this context, the range of 30% reduction to

20% increase in streamflow from the HMM ensemble in this study aligns well with climate

change scenarios as represented in the CMIP6 LENS projections.

Text S3. Sectoral sensitivity to uncertain factors across basins

While Figure 9 highlights the Southwest basin, similar patterns of sectoral sensitivity

to uncertain factors are observed across other basins, with notable differences outlined as

follows. (Supplementary Figures S7-S10). Under both drier and wetter future scenarios,

the industrial sector in the Gunnison Basin experiences zero shortages (Figure S5 b), likely

due to the smaller number of users and the absence of significant projected growth in the

region. The municipal sectors in the White and Yampa basins (Figure S6 and S7) also

exhibit distinct behavior compared to other basins. For the municipal water users in the

White basins, shortages are not observed at certain shortage magnitude percentiles. In the

Yampa basin, this is further complicated by water availability challenges, where shortages

are largely driven by hydrological factors such as snowmelt timing and variability.
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Figure S1. Figure S1. (a) Dry and wet state classification of the historical record in the

Gunnison River basin. (b) 2-dimensional projections of the 5-dimensional Gaussian distributions

of streamflows of the Gunnison and Southwest Basins based on its dry and wet state. (c) Figure

to show transition probabilities from each state. (d) Multi-basin Hidden Markov Model overview

used to generate synthetic streamflow records for the West Slope Basins. Figure adopted from

Gold et al. (2024).
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Table S1. Table S1. Percentage change in streamflows for the 20000 sampled scenarios

relative to the historical baseline (1990-2010) and the number of scenarios under each category

of percentage change.

Percent change Number of scenarios Percentage of scenarios
> 20% 34 0.17%
15% to 20% 253 1.2%
10% to 15% 932 4.66%
5% to 10% 1777 8.88%
0% to 5% 2548 12.74%
0% to -10% 6649 33.2%
-10% to -20% 6206 31.03%
< −20% 1601 8%

Table S2. Table S2. F-test as a statistical measure to assess the significance of differences

in responses due to individual parameters and their interactions. The p-value for the F-statistic,

represents the probability of observing the calculated F-statistic or a more extreme one if the

null hypothesis were true.

West Slope basin F-statistic P-value
Upper Colorado 9.4× 1032 0.0
Gunnison 6.9× 1032 0.0
Yampa 3.4× 1032 0.0
White 0.26× 1032 0.0
Southwest 30.6× 1032 0.0
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Figure S2. (a) Streamflow changes resulting from large ensemble simulations of mid-century

projections evaluated by Hoerling et al. (2024). (b) Streamflow changes sampled in this study to

reflect similar ranges from (a) used to evaluate vulnerability measures for the West Slope basins.
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Figure S3. Distribution of cumulative annual outflows (in million m³) from the West Slope

basins under all scenarios relative to historical baseline.
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Figure S4. (a) Percentile-varying impacts on cumulative annual shortage magnitude and

frequency for the Southwest basin (same as the Figure 6e) (b) Annual shortage magnitude for

three randomly selected scenarios in the 105-year timeseries. Redline represents the shortage

magnitude of 610 million m3
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Figure S5. Historical shortage comparisons for top 10 Upper Colorado and Southwest users

that contribute the most to total shortage in their respective basins.
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Figure S6. Priority admin number that represents water rights for each users in a water

district are shown with bubble size indicating water allocation for the West Slope basins a)

Upper Colorado b) Gunnison c) Yampa and d) Southwest. The X-axis represents water districts

and y-axis priority admin number. Lower priority admin number is defined for higher right

seniority users. Larger bubble size indicates larger decree volumes of users. Red line shows

median priority admin numbers across all users within the district.
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Figure S7. Percentile-varying sensitivity indices of shortage magnitude across different sectors

in Upper Colorado basin. X-axis represents the shortage magnitude percentile with increasing

in shortage magnitude from 0 to 100. Y-axis represents the percentage of contribution by each

uncertain factor. Each panel presents the magnitude-varying sensitivity indices attributed to

each factor, for the shortages experienced by (a) Municipal, (b) Industrial and, (c) Irrigation

sector. The colors in the legend are listed in the order that they are plotted, from bottom, up.
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Figure S8. Percentile-varying sensitivity indices of shortage magnitude across different sectors

in Gunnison basin. X-axis represents the shortage magnitude percentile with increasing in short-

age magnitude from 0 to 100. Y-axis represents the percentage of contribution by each uncertain

factor. Each panel presents the magnitude-varying sensitivity indices attributed to each factor,

for the shortages experienced by (a) Municipal, (b) Industrial and, (c) Irrigation sector. The

colors in the legend are listed in the order that they are plotted, from bottom, up.
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Figure S9. Percentile-varying sensitivity indices of shortage magnitude across different sectors

in White basin. X-axis represents the shortage magnitude percentile with increasing in shortage

magnitude from 0 to 100. Y-axis represents the percentage of contribution by each uncertain

factor. Each panel presents the magnitude-varying sensitivity indices attributed to each factor,

for the shortages experienced by (a) Municipal, (b) Industrial and, (c) Irrigation sector. The

colors in the legend are listed in the order that they are plotted, from bottom, up.
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Figure S10. Percentile-varying sensitivity indices of shortage magnitude across different

sectors in Yampa basin. X-axis represents the shortage magnitude percentile with increasing

in shortage magnitude from 0 to 100. Y-axis represents the percentage of contribution by each

uncertain factor. Each panel presents the magnitude-varying sensitivity indices attributed to

each factor, for the shortages experienced by (a) Municipal, (b) Industrial and, (c) Irrigation

sector. The colors in the legend are listed in the order that they are plotted, from bottom, up.
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