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Abstract14

Urban water utilities are increasingly exploring cooperative regional water supply invest-15

ment and management strategies due to climate change and growing demands. Theo-16

retically, regional cooperative agreements promise improved resource efficiency by real-17

izing economies of scale, adding flexibility for achieving improved supply reliability, and,18

ideally, limiting individual and collective financial risks. However, there has been little19

research exploring how implementation uncertainties in the partners’ cooperative actions20

shape infrastructure investment and management pathways’ robustness and drive coun-21

terparty risks. Counterparty risks potentially exacerbate collaborating partners’ vulner-22

ability to the supply and financial challenges they initially sought to mitigate through23

cooperation. To address these concerns, we introduce the Safe Operating Spaces for Deeply24

Uncertain Water Supply Pathways (DUSOSPathways) framework. The framework, demon-25

strated on the multi-city Sedento Valley benchmarking test case, facilitates the formal26

characterization of the effects of implementation uncertainty within cooperative regional27

water supply investment and management policy pathways. Results demonstrate the path-28

dependent effects of implementation uncertainties in short-term operational drought mit-29

igation instruments and long-term infrastructure investments. Our analysis further re-30

veals the potential for increased regional conflict due to asymmetries between partners’31

vulnerabilities to the actions of cooperating partners that can be exacerbated by other32

deeply uncertain factors that reduce their robustness (e.g., demand growth rates). The33

study finally delineates safe operating spaces, beyond which utilities experience robust-34

ness degradation and increased vulnerabilities to future uncertainties to guide implemen-35

tation of cooperative policy pathways. Overall, this framework is broadly applicable to36

regional systems seeking to navigate complex cooperative regional water supply invest-37

ment and management policy pathways.38

Plain Language Summary39

Regional water utilities are increasingly seeking to cooperate in developing more40

efficient and flexible strategies for using scarce water resources. However, cooperative41

management and investment actions are susceptible to imperfect implementation. A key42

question is whether implementation uncertainties result in consequential changes in fi-43

nancial risks and the reliability of the cooperating utilities’ systems. This study contributes44

a framework to help utilities to navigate implementation uncertainties and identify their45

tolerances to imperfect actions (i.e., ’safe operating spaces’). Our framework is demon-46

strated on the Sedento Valley, a regional urban water supply test case where three util-47

ities are cooperatively managing their drought management and planning future water48

supply infrastructure investments. Our results reveal that moderate changes in utilities’49

actions significantly change cooperative infrastructure plans, increasing their individual50

and collective vulnerability to changes in future climate and socioeconomic conditions.51

We use these results to identify ranges in the decision variables that shape investment52

and management actions where utilities can avoid these adverse effects and maintain ef-53

fective regional cooperation.54

1 Introduction55

Urban water utilities worldwide face supply reliability and financial stability chal-56

lenges stemming from climate change and growing water demands (Farmani & Sweet-57

apple, 2022; Pörtner et al., 2022), which are aggravated by the additional challenge of58

aging infrastructure. In the United States (U.S.), an estimated $434 billion of investment59

in maintaining and development water supply infrastructure is required by 2029 (ASCE,60

2021). The 2022 Infrastructure Investment and Jobs Act allocates over $55 billion of fed-61

eral funding for drinking water infrastructure (DeFazio, 2021), but the remaining invest-62

ment burden will be borne by local governments (Smull et al., 2022). The provision of63
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drinking water in the U.S. is thus dominantly a local issue – balancing the reliable pro-64

vision of water at affordable rates within the limits of local resources. Public opposition65

to raised water rates further constrains local utilities’ ability to invest in new supply in-66

frastructure and exacerbates their financial risks (Hansen & Mullin, 2022). Furthermore,67

hard-path approaches that rely almost entirely on centralized infrastructure to store, treat68

and deliver water supplies (Gleick, 2002) are limited by competing land uses and stricter69

environmental regulations while often neglecting the opportunities presented by improved70

demand management, changes in allocation schemes, or regional cooperative agreements71

(Perry & Praskievicz, 2017). Infrastructure investment requires local water utilities to72

carefully balance supply reliability with financial risks, as under-investment risks sup-73

ply failure, while over-investment may result in costly stranded assets (Haasnoot et al.,74

2019; Qureshi & Shah, 2014). Therefore, water managers are increasingly exploring re-75

gionalization strategies, where utilities within close geographic proximity cooperate to76

use existing infrastructure more efficiently and leverage economies of scale to reduce the77

financial burden of new infrastructure investments (Bell et al., 2022; Gorelick et al., 2022;78

Hamilton et al., 2022; Reedy & Mumm, 2012).79

The coordinated use of soft-path water management approaches (e.g., financial risk80

insurance, drought surcharges, demand management, regional water transfers) with tra-81

ditional supply augmentation in a regional cooperative policy pathways enables the dis-82

covery of water supply design alternatives that are adaptive and flexible relative to ap-83

proaches that consider only hard-path supply expansion options (Gorelick et al., 2022;84

Mortazavi-Naeini et al., 2014; Trindade et al., 2019). Regionalization presents benefits85

such as more cost-efficient use of shared resources and lower operational costs (Silvestre86

et al., 2018), as well as achieving common reliability goals and reducing the risk of stranded87

assets (de Boer & Bressers, 2013). These benefits have been realized through financial88

instruments such as third-party and self-insurance (Brown & Carriquiry, 2007; Zeff &89

Characklis, 2013), regional water transfers agreements (Chang & Griffin, 1992; Charack-90

lis et al., 2006; Lund & Israel, 1995; Palmer & Characklis, 2009; Womble & Hanemann,91

2020), and more recently, risk-based water policy pathways infrastructure investment strate-92

gies (Beh et al., 2015a; Borgomeo et al., 2018; Pachos et al., 2022; Trindade et al., 2019;93

Zeff et al., 2016). Despite these benefits, regionalization can expose utilities to financial94

risks driven by the intermittent use of short-term water transfer purchases (Zeff & Charack-95

lis, 2013). Furthermore, cooperating utilities within a regional water system have dif-96

ferent levels of perceived risk (Bell et al., 2022), which may lead to potential failure to97

cooperate (Gorelick et al., 2022; Hansen et al., 2020).98

The implementation of regional water policy pathways planning and management99

has been aided by the use of multiobjective evolutionary algorithms (MOEAs) under un-100

certainty to discover high-performing design alternatives that represent optimal trade-101

offs between the conflicting objectives of supply reliability and financial stability (Beh102

et al., 2015b; Borgomeo et al., 2016; Geressu & Harou, 2015; Gold et al., 2022b; Huskova103

et al., 2016; Pachos et al., 2022; Trindade et al., 2019). Recent studies couple MOEAs104

with visual analytics that can aid in communicating the tradeoffs across alternative re-105

gional cooperative strategies in major water resources systems (Giuliani et al., 2022; Gon-106

zalez et al., 2021; Maier et al., 2014; Matrosov et al., 2015; Seyedashraf et al., 2022; Smith107

et al., 2016; Watson & Kasprzyk, 2017). The ability to formulate, solve, and navigate108

challenging water supply policy pathways problems with MOEAs and visual analytics109

has enabled the inclusion of adaptive, state-aware strategies that improve water-use ef-110

ficiency and financial risk management by accounting for the dynamics of long-term in-111

frastructure sequencing and their interactions with short-term drought mitigation ac-112

tions (Asefa et al., 2014; Erfani et al., 2018; Gold et al., 2022b; Gorelick et al., 2023; Hall113

et al., 2019; Pachos et al., 2022; Ricalde et al., 2022; Zeff et al., 2016).114

These adaptive strategies permit contextually appropriate changes to policy path-115

ways of short-term drought crisis management actions and long-term infrastructure plan-116
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ning actions over time (Cai et al., 2015; Erfani et al., 2018; Mortazavi-Naeini et al., 2014;117

Padula et al., 2013), continuously monitoring the environment to trigger adaptive ac-118

tions where necessary (Erfani & Harou, 2021; Malekpour et al., 2015; Walker, 2015). For119

example, the Dynamic Adaptive Policy Pathways (DAPP) framework (Haasnoot et al.,120

2013) permits context-specific information to determine appropriate changes to major121

water planning actions. The outcomes of these actions can inform infrastructure invest-122

ment and sequence mitigative actions in planning for future extreme climate events (Haas-123

noot et al., 2019; Kwakkel et al., 2015). More recently, the DAPP framework has been124

extended to water supply policy pathways management and investment pathways where125

dynamic risk-of-failure (ROF) focused policies are identified that use state-aware action126

triggers for short-term drought mitigation (Gold et al., 2019; Palmer & Characklis, 2009;127

Zeff et al., 2016) and long-term infrastructure investments (Gold et al., 2022a; Gorelick128

et al., 2022; Hyun et al., 2021; Murgatroyd & Hall, 2021; Trindade et al., 2019).129

Nonetheless, coordinating short-term operational management and long-term in-130

frastructure investment actions itself can introduce risks that interact across time hori-131

zons. Long-term planning decisions are dependent on the operational assumptions and132

the dynamic effects of shorter-term management actions (Hall et al., 2019; Walker, 2010).133

Changes in financial stability, access to capital, and debt rates affect the ability or will-134

ingness of a utility to invest in new infrastructure, which is necessary for addressing the135

long-term persistent vulnerabilities to demand growth rates and extreme climate con-136

ditions (Cai et al., 2015; Gorelick et al., 2023; Smull et al., 2022). Therefore, adaptive137

water supply policy pathways planning frameworks that do not sufficiently account for138

the interactions between different drivers of supply and financial risk across timescales139

can result in poor overall performance (Jafino et al., 2020) and conceal consequential fu-140

ture scenarios from planners (Birnbaum et al., 2022). The challenges associated with bridg-141

ing short-term water management actions and long-term investment pathways are ex-142

acerbated by the deeply uncertain nature of plausible future climate and socioeconomic143

conditions. Formally, deep uncertainty is characterized by stakeholders’ disagreements144

on or the lack of knowledge of the system and its boundaries, probability distributions145

to describe uncertainty for different system inputs, and the rank-importance of system146

output design alternatives (Kwakkel, Walker, & Haasnoot, 2016; Lempert et al., 2006;147

Marchau et al., 2019). Deep uncertainties can limit our understanding of the effective-148

ness of cooperative regional water utility agreements resulting in inequitable reliability149

outcomes or financial failures (Gorelick et al., 2020), and if ignored, yield maladaptive150

infrastructure investments that are more likely to fail under extreme climate scenarios151

(Huskova et al., 2016).152

Regional cooperation in the implementation of such adaptive water supply policy153

pathways is an additional, but often-neglected, source of deep uncertainty. The perfor-154

mance of a collaborative policy pathway’s coordinated drought mitigating actions and155

investments is driven by participating utilities’ behavior, which in turn is affected by their156

perceptions of risk, individual supply capacities, and financial health (Bell et al., 2022).157

For this study, implementation uncertainty refers to deviations in how utilities opera-158

tionalize their collective and individual action policy pathways’ rule systems (i.e., adap-159

tive policies are not perfectly implemented (Gold et al., 2019)). Implementation uncer-160

tainty raises the question of how much variation in decision variables can be tolerated161

for policy actions to retain acceptable performance (Beyer & Sendhoff, 2007). Implemen-162

tation uncertainty can be a contributing factor to counterparty risk (Gorelick et al., 2022),163

which is the risk that a cooperating utility faces due to uncertainty in the actions of co-164

operating partners with whom they share investment and operational ties (Feiock, 2013;165

Gold et al., 2022b; Hansen et al., 2020). To date, most studies do not account for im-166

plementation uncertainty in water policy pathways, tacitly assuming the perfect deploy-167

ment of all adaptive action rule systems. This can cause utilities to overestimate the ro-168

bustness of their actions and plans (Gold et al., 2019).169
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The importance of evaluating imperfect implementation of proposed ‘optimal’ co-170

operative policies or plans for regional water resource systems has long been recognized171

(Haimes, 1977). Even so, there have only been a limited number of studies that consider172

the implications of implementation uncertainty in designing policy pathways (Kwakkel173

et al., 2015; Kwakkel, Haasnoot, & Walker, 2016). Gold et al. (2019) explore the effects174

of implementation uncertainty for four regional utilities in the Research Triangle region175

of North Carolina coordinating their short-term drought mitigation strategies (i.e., week-176

to-week demand restrictions and/or treated water transfers). They do not consider long-177

term cooperative or individual water supply infrastructure investments. However, Gold178

et al. (2019) do demonstrate the importance of identifying the utilities’ safe operating179

spaces (SOS) to help them navigate implementation uncertainty by identifying explic-180

itly tolerable windows of decision deviations where they can individually and collectively181

maintain acceptable levels of performance in their supply reliabilities and financial sta-182

bility (i.e., acceptably robust regions in their decision spaces). Additional example ap-183

plications of the SOS concept include defining limits to global freshwater use (Kwakkel184

& Timmermans, 2012) and to describe the current state of global green water (Wang et185

al., 2022).186

Building on prior work, this study contributes the Safe Operating Spaces for Deeply187

Uncertain Water Supply Pathways (DUSOSPathways) framework. The DUSOSPathways188

framework is itself an extension of the original DU Pathways framework (Trindade et189

al., 2019) and provides a holistic approach to confront cooperative challenges by apply-190

ing many-objective optimization, bottom-up scenario exploration, adaptive infrastruc-191

ture pathways, and safe operating spaces to identify policy pathway design alternatives192

that remain robust across a large array of deep uncertainties (e.g., hydro-climatic change,193

demand growth rates, response rates to restrictions, factors that influence debt rates, etc.),194

as well as implementation uncertainties across cooperating regional utilities. The key con-195

tributions of this work are threefold. First, it characterizes the implications of implemen-196

tation uncertainty within drought management and infrastructure investment pathway197

alternatives being considered by cooperating utilities. Second, the DUSOSPathways frame-198

work contextualizes how implementation uncertainties in short- and long-term pathway199

actions degrade individual utilities as well as a broader region’s ability to balance key200

performance tradeoffs and remain robust to deep uncertainties. Third, it provides a for-201

mal delineation of each utility’s SOS to provide actionable information that aids the op-202

erationalization of coordinated policy pathway rule systems.203

2 Regional Test Case204

The DUSOSPathways framework is demonstrated using the highly-challenging Sedento205

Valley test case (Trindade et al., 2020), which focuses on a three-utility urban water sup-206

ply regional system developed for benchmarking new design frameworks for cooperative207

water supply investment and management pathways under deep uncertainty. The Sedento208

Valley region’s rapidly growing population reduces the capacity-to-demand ratios of its209

three regional water utilities. Consequently, the region’s utilities are facing increasing210

stress on their abilities to meet their demands with currently available supplies. Climate211

change drives deeply uncertain changes in evapotranspiration rates and inflows, subject-212

ing the region to a wide array of plausible hydro-climatic futures, further challenging their213

ability to reliably meet the region’s growing water demands. The Sedento Valley has a214

limited number of feasible sites for infrastructure expansion, capturing the constraint that215

many regions’ supply sources have already been developed. This issue is further com-216

pounded by the high costs of construction, exacerbating the risks associated with stranded217

assets and sunken infrastructure investment costs. The three independent utilities within218

the region have asymmetric vulnerabilities to drought due to heterogeneous watershed219

characteristics, disproportionate supply allocations, and significant differences across their220

local demands and respective demand growth rates. The complex regional dynamics of221
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Figure 1: The Sedento Valley test case and its individual utility population and demand
projections. (a) The three cooperating utilities in the Sedento Valley region - Watertown
(orange), Dryville (navy blue) and Fallsland (green), (b) their populations, and (c) differ-
ences in demand.(Adapted from Gold et al., 2022)

the Sedento Valley’s interconnected resources and infrastructure network further ampli-222

fies these asymmetries, as the actions and plans of one utility have unexpected implica-223

tions for its counterparts (Gold et al., 2022b). All of these challenges serve to increase224

the utilities’ vulnerability to drought, exacerbate their potential future financial risks,225

and challenge their ability to meet growing local demands. The three cities that com-226

prise the Sedento Valley are Watertown (a small city), Dryville and Fallsland (two medium-227

sized cities) as shown in Figure 1a above. The populations of each city are shown in Fig-228

ure 1b. These utilities serving these cities experience significant disparities due to dif-229

ferences in access to water supply and disproportionate population demand growth rates.230

Conventionally, the utilities have confronted these disparities and their consequent chal-231

lenges by relying on independent investments in developing new water supply infrastruc-232

ture, short-term water-use restrictions, and the purchase of treated water transfers. Fur-233

ther details on the Sedento Valley can be found in Section S1 of the Supporting Infor-234

mation.235

However, the geographic proximity and infrastructure interconnectivity that drive236

regional dynamics present an opportunity for regional cooperation through the use of237

cooperative infrastructure investment pathways and coordinated drought mitigation poli-238

cies – an approach the utilities are exploring. Each utility has outlined a set of individ-239

ual supply expansion or water reuse projects, with the New River Reservoir being a joint240

investment (see Table 1). The three utilities now seek a strategy to sequence this set of241

infrastructure options by coordinating long-term infrastructure pathways planning with242

day-to-day crisis management policies. Furthermore, they are interested in incorporat-243

ing novel financial tools such as self and third-party insurance to hedge against the vari-244

ability introduced by drought mitigation actions. This study explores the identification245

of actionable safe operating spaces for individual utilities with the Sedento valley region246

to guide cooperative action for the maintenance of individual and collective robustness247

against deeply uncertain future conditions, as well as utilities’ individual and collective248

implementation uncertainties. The next section presents the DUSOSPathways framework249
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Table 1: Potential new infrastructure options in the Sedento Valley

Infrastructure Utility (allo-

cation%)

Capital cost

($106)
Storage or

production

Permitting

period

(years)

College Rock Reservoir

expansion (small)

Watertown 50 500 MG 5

College Rock Reservoir

expansion (large)

Watertown 100 1000 MG 5

Watertown Reuse Watertown 50 35 MGD 5

Sugar Creek Reservoir Dryville 150 2909 MGD 17

Dryville Reuse Dryville 30 35 MGD 5

New River Reservoir Fallsland and

Watertown

(50/50)

263 3700 MG 17

Fallsland Reuse Fallsland 50 35 MGD 5

used to explore the Sedento Valley’s challenging dynamics and identify safe operating250

spaces within which the utilities can achieve individual and overall regional robustness251

goals.252

3 Methodology253

This paper contributes the DUSOSPathways framework, an extension of the orig-254

inal DU Pathways framework (Trindade et al., 2019), and evaluates how implementa-255

tion uncertainty across individual and cooperative regional water supply investment and256

management pathways influences their robustness to challenging future conditions. The257

DUSOSPathways framework also generalizes the implementation uncertainty tolerances258

analysis introduced by Gold et al. (2019) for coordinated short-term drought crisis ac-259

tions to also consider how implementation uncertainties influence long-term infrastruc-260

ture investment pathways, mapping how they influence the vulnerabilities and robust-261

ness of regional water supplies. Figure 2 provides an overview of the key steps in our pro-262

posed DUSOSPathways methodology. Stage I develops the candidate problem formula-263

tion that defines a regional water supply model, regional and individual performance ob-264

jectives, candidate decisions, and relevant uncertainties (Figure 2, Stage I). This stage265

includes search-based identification of policy pathways using many-objective optimiza-266

tion under deep uncertainty (Trindade et al., 2017) and exploration of key performance267

trade-offs between conflicting objectives using interactive visual analytics (Hadjimichael268

et al., 2020; Keim, 2002; Kollat & Reed, 2006; Woodruff et al., 2013). Stage II stress tests269

candidate water policy pathways by reevaluating each policy across an expanded set of270

DU states-of-the-world (SOWs). This expanded sampling, termed DU Re-Evaluation (Fig-271

ure 2, Stage II) represents a more challenging and broader computational exploration272

of DU SOWs compared to the approximate sampling used to initially identify candidate273

policy pathways in Stage I during DU Optimization. The results of the DU Re-Evaluation274

are then used to compute the robustness of each policy pathway to inform the selection275

of robust regional compromise policy pathways for further examination.276

After selecting candidate compromises, Stage III of the DUSOSPathways framework277

examines the impact of implementation uncertainty by re-evaluating a subset of candi-278

date compromise policy pathways under deep uncertainty (Figure 2, Stage III). Here,279

plausible operational deviations in policy pathways’ decision variables are sampled, and280
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Identifying robust regional compromise portfolios

3.2.1 Reevaluation under deep uncertainty
3.2.2 Selection of regional robust portfolios

II
Re-evaluating portfolios under implementation 
uncertainty

3.3.1 Sampling plausible ranges of implementation uncertainty 
3.3.2 Bootstrapping for improved computational efficiency 
3.3.3 DU Re-evaluation of perturbed pathway policies   

III
Safe Operating Space Diagnostics
3.4.1 Diagnosing key performance controls  
3.4.2 Identifying consequential scenariosIV
3.4.3 Analyzing pathways and their safe operating spaces

3.1.1 Problem formulation
3.1.2 Many-objective optimization under deep uncertainty

I
Identifying Regional Infrastructure Investment and 
Drought Management Policy Tradeoffs

Figure 2: Methodological flow chart for characterizing effects of implementation uncer-
tainty on cooperative regional water supply investment and management pathways.

the effects of imprecise implementation across a broad sampling of DU SOWs are eval-281

uated. Finally, Stage IV (Figure 2 Safe Operating Space Diagnostics) identifies the de-282

cision variables whose deviations most strongly influence changes in performance and ro-283

bustness. At this stage, scenario discovery (Bryant & Lempert, 2010; Groves & Lempert,284

2007) is also performed to determine how each utility’s deviations from their original set285

of policy pathways influence individual and regional vulnerability to deep uncertainties.286

The results of Stage IV are used to explore how implementation uncertainty changes the287

utilities’ infrastructure pathways and identify both short- and long-term actions that drive288

these changes. Stage IV also focuses on delineating safe operating spaces (SOS) to help289

utilities identify operational tolerances for safe and effective policy implementation.290

3.1 Identifying Regional Infrastructure Investment and Drought Man-291

agement Policy Tradeoffs292

3.1.1 Problem Formulation293

A regional cooperative water supply investment and management policy pathway’s294

problem formulation is a formalized hypothesis for how utilities should analytically rep-295

resent their cooperative water supply planning problem (Kasprzyk et al., 2013; Zeleny,296

1981). Within the context of DUSOSPathways, collaborative problem formulation can297
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be viewed as an iterative learning process that seeks to explore multiple rival framings298

of the cooperative system and stakeholder values. The problem formulation step iden-299

tifies performance objectives, a suitable simulation model, decision variables to approx-300

imate actions, acceptable uncertainty ranges, and an uncertainty sampling strategy. For301

the Sedento Valley test case, we formulate the development of regionally cooperative wa-302

ter supply investment and management policy pathways as a many-objective regional303

minimax problem as shown in Equation 1. Utilities seek to maximize supply reliability304

(fREL), minimize restriction frequency (fRF ), minimize the allocation to Lake Michael305

(fLMA), minimize their peak financial cost (fFC), and minimize their worst-case drought306

management cost (fWCC). Water supply infrastructure investment and management path-307

ways are composed of a set of robust portfolio of policy actions that combine short-term308

drought mitigation actions with long-term infrastructure investment decisions, θ∗. Short-309

term policy levers include water-use restrictions, treated transfers, annual contributions310

to a reserve fund to cover unplanned expenses from transfer purchases and revenue losses311

from water-use restrictions, and the purchase of third-party insurance to mitigate finan-312

cial disruptions. Long-term policy levers include a risk-based trigger for new infrastruc-313

ture investment and construction orders for candidate infrastructure investments.314

The many-objective search problem is formally presented in Equation 1. The vec-315

tor objective function, F , has component values specified by the value attained by the316

worst-performing utility j as shown in Equations 2-5. Further details on the mathemat-317

ical formulation for the objectives can be found in Section S2 of the Supporting Infor-318

mation.319

θ∗ = argminθF (1)

where

F =



−fREL(θrt, θtt, θlma, θit, θinf , ICO, xsrof ,Ψs)

fRF (θrt, θtt, θlma, θit, θinf , ICO, xsrof ,Ψs)

fLMA(θlma)

fPFC(θrt, θtt, θlma, θarfc, θit, θip, θinf , ICO, xsrof , xlrof ,Ψs)

fWCC(θrt, θtt, θlma, θarfc, θit, θip, θinf , ICO, xsrof , xlrof ,Ψs)

fINPC(θinf , ICO, xlrof ,Ψs)

(2)

such that320

θ = [θrt, θtt, θlma, θarfc, θit, θip, θinf , ICO]∀j ∈ J (3)

subject to321

|ME| ≤ 1 ∀ ME ⊆ BI (4)

J = {Watertown,Dryville, Fallsland} (5)

Regional objectives are functions of the vector of regional decision variables θ (Equa-322

tion 3), where θarfc is a vector of annual reserve fund contributions formulated as a per-323

centage of annual revenue saved in a utility’s reserve fund, θip is a vector of each util-324

ity’s annual payments to a third-party insurer, and θlma is a vector of Lake Michael al-325

locations. The remaining variables are formulated as risk of failure (ROF) triggers, where326

the vector of restriction ROF triggers is represented by θrt, and θtt is a vector of wa-327
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ter transfer ROF triggers. Finally, θit is a vector of insurance ROF triggers, θinf is the328

vector of long-term infrastructure construction ROF triggers, and ICO is the vector of329

infrastructure construction orders. The infrastructure triggers θinf are subject to avail-330

able infrastructure options, where in Equation 4, ME represents a generic subset of mu-331

tually exclusive infrastructure options within the set of built or prospective infrastruc-332

ture BI. Further information on the decision variable ranges used in the problem for-333

mulation can be found in Table S1 in Section S3 of the Supporting Information.334

ROFs represent a state-aware measure of each utility’s evolving capacity-to-demand335

ratio (Caldwell & Characklis, 2014). In the DUSOSPathways framework, two types of ROF336

action triggers are used: short-term ROF triggers (sROF ) that trigger short-term drought337

mitigation actions (Caldwell & Characklis, 2014), and long-term ROF triggers (lROF )338

that trigger the new candidate infrastructure investments (Zeff et al., 2016) in a utility’s339

infrastructure pathways. These triggers induce action when a specific risk threshold is340

crossed. The use of these ROFs enable utilities to use real-time information to trigger341

infrastructure planning decisions and mitigative drought policy actions. Therefore, they342

can capture variations in risk inherent to an evolving and highly uncertain socio-hydrological343

system as they unfold across multiple deeply uncertain SOWs. The resulting policy path-344

way provides a contextually-tailored set of candidate actions for every future scenario345

encountered, approximating a closed-loop feedback system (Bertsekas, 2019).346

A utility’s ROF is identified using a matrix of state-action sample pairs consist-347

ing of reservoir storage levels and their associated ROF threshold calculated across a 50-348

year moving window of both historical and synthetically-generation streamflow data. The349

optimized final ROF policy action vectors will therefore be those that attain high per-350

formance (i.e., Pareto approximate) over a specified planning period across the sampled351

DU SOWs based on the coupled dynamics of reservoir storage levels and water supply352

demands (Trindade et al., 2019). More detailed information on how these ROF triggers353

are calculated can be found in Section S4 of the Supporting Information.354

Matrix X is a time-varying state matrix where xsrof and xlrof are vectors of short355

and long-term dynamic, state-dependent ROFs as shown in Equation 6 below.356

X =

xsrof

xlrof

xs

 (6)

In Equation 6, xs is the vector of combined utility storage states, where each of357

its elements is a storage value at week w. The storage state xw
s is described by Equa-358

tion 7.359

xw
s = f(xw−1

s , C,Dw, TFw,NIw, Ew, Sw, Rw) · D(·) (7)

Dw = f(xw
srof , x

w
lrof , θrt) (8)

TFw = f(xw
srof , x

w
lrof , θtt) (9)

In Equation 7, C is a vector of reservoir capacities, Dw (described in Equation 8)360

is a vector of demand at week w, TFw (described in Equation 9) is a vector of trans-361

fer volumes for each utility at week w and NIw is a vector of the natural inflows in each362

reservoir at week w. For each reservoir, Ew is a vector of evapotranspiration volumes,363

Sw is a vector of the spillage, and Rw is a vector of the minimum environmental releases,364
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all at week w. The value of xs is determined using a combination of these DU hydro-365

logic and demand parameters denoted ΨS described in Equation 11.366

Ψs =


–Ψs,0–

–Ψs,1–

...

–Ψs,n–

(10)

ΨS is generated using Latin Hypercube Sampling (LHS) to generate a sample of367

thirteen DU factors within the Sedento Valley test case. LHS was selected as it was pre-368

viously found that it resulted in a sufficiently-dense DU sample space (Lamontagne et369

al., 2019; Quinn et al., 2018). This step draws 1,000 LHS samples of thirteen DU fac-370

tors across their plausible ranges, shown in Table 2 below. One set of evaluated DU sam-371

ples forms one SOW, ΨDU , that constitutes a unique LHS sample of all 13 DU factors.372

Table 2: Sedento Valley water supply policy pathways deeply uncertain factors and their
ranges.

Category Factor Name Lower

bound

Upper

bound

Future streamflow

Streamflow sinusoid ampli-

tude

Streamflow sinusoid fre-

quency

Streamflow sinusoid phase

0.8

0.2

−π/2

1.2

0.5

π/2

Economic variables

Demand growth multiplier

Bond interest rate multiplier

Bond term multiplier

Discount rate multiplier

0.5

1.0

0.6

0.6

2.0

1.2

1.0

1.4

Drought mitigation instruments

(restriction effectiveness multiplier)

Watertown

Dryville

Fallsland

0.9

0.9

0.9

1.1

1.1

1.1

New infrastructure
Permitting time multiplier

Construction time multiplier

0.75

1.0

1.5

1.2

Each ΨDU is then paired with one of 1,000 random natural inflow (NI) samples373

of weekly 45-year synthetic streamflow records that expand upon the historical observed374

record using the Kirsch Method (Kirsch et al., 2013). For further details on stochastic375

scenario generation for the Sedento Valley, please refer to Trindade et al. (2020).376

3.1.2 Many-Objective Optimization Under Deep Uncertainty377

We use many-objective optimization under deep uncertainty, or DU Optimization378

(Trindade et al., 2019) to discover a set of Pareto-approximate (Coello et al., 2007) wa-379

ter supply investment and management policy pathways using many-objective search un-380

der deep uncertainty. These policies represent non-dominated alternatives that compose381

the optimal tradeoffs between the specified performance objectives. These alternatives382

are often referred to as ”Pareto-approximate” solutions. DU Optimization couples the383

WaterPaths simulation model (Trindade et al., 2020) with the Borg Multi-Objective Evo-384
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DU SOW 1 DU SOW 2 DU SOW
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DU SOW 1

DU SOW 2

DU SOW

DU SOW 1
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Performance in Performance in Performance in

Robustness of
portfolio i 

(a) (b)

: original portfolio

: natural inflow

DU demand parameters

DU climate parameters

DU cost parameters
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DU Optimization sampling scheme DU Re-Evaluation sampling scheme

Figure 3: (a) Uncertainty sampling scheme for DU Optimization and (b) DU Re-
Evaluation, and their associated evaluation schemes of each policy pathways p across
the set of DU SOWs that consist of the DU parameters denoted by the colored boxes.
The yellow boxes represent DU demand parameters, the purple boxes represent DU stor-
age capacity parameters, the lime-green boxes represent DU hydro-climate parameters,
and the brown boxes represent DU financial (cost) parameters. The dark green boxes
denote the performance of the policy pathways across all DU SOWs.

lutionary Algorithm (MOEA), referred to as the Borg MOEA henceforth. The Borg MOEA385

(Hadka & Reed, 2013) is a probabilistic, population-based evolutionary search algorithm.386

It uses a suite of search operators that render it uniquely suited for the exploration and387

optimization of complex, high-dimensional problems with stochastic non-linear and non-388

convex performance objective spaces. Its search operators include auto-adaptive crossover389

and mutation that are stochastically selected based on their ability to produce high qual-390

ity solutions. The Borg MOEA also employs randomized restarts and ϵ-dominance archiv-391

ing to prevent search stagnation and avoid converging to local optima. The Borg MOEA392

has an established record of successfully addressing challenging water policy pathways393

management and investment pathway applications (Bell et al., 2022; Gorelick et al., 2022;394

Trindade et al., 2020, 2019). More broadly, the algorithm has been carefully diagnosed395

on its ability to meet or exceed the performance of other state-of-the-art MOEAs across396

a wide range of mathematically challenging water resources applications (Gupta et al.,397

2020; Reed et al., 2013).398

DU Optimization uses the default parameterization of the Borg MOEA Master-399

Worker, and set each objective’s precision goals (i.e., ϵ-values) as recommended in prior400

studies (Gold et al., 2019; Trindade et al., 2019). This step couples the Borg MOEA with401

the WaterPaths simulation software exploiting the DU Optimization sampling scheme402

to identify a set of Pareto-approximate cooperative water supply investment and man-403

agement policy pathways that perform well and remain robust under a wide range of chal-404

lenging SOWs. The DU Optimization-sampled SOWs are then evaluated across 1,000405

future scenarios, each representing one NI record paired with one DU SOW. This ap-406

proximate sampling strategy, illustrated in Figure 3a, represents a computationally-efficient407

means of approximating the much broader and computationally intensive sampling scheme408

shown in Figure 3b, which evaluates each policy across 1,000 NI which are each paired409

with 1,000 DU SOWs. This sampling scheme is called DU Re-Evaluation, which is fur-410

ther explained in the following subsection.411
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3.2 Identifying Robust Regional Compromise Policy Pathways412

3.2.1 Re-Evaluation under Deep Uncertainty413

During DU Re-Evaluation, we stress-test each Pareto-approximate policy pathway414

by evaluating it across the wider and more challenging sampling scheme illustrated in415

Figure 3b. This process reveals the policy’s behavior across a large ensemble of plau-416

sible future scenarios that include tail cases and extreme events. Here, each DU SOW417

sample generated using LHS is paired with every NI sample. The outcomes of this step418

are used to calculate the robustness of each policy pathway, which is measured using a419

set of satisficing criteria (Lempert et al., 2006; Starr, 1963), all of which have to be sat-420

isfied for the performance of a policy pathway within a specific SOW to be considered421

a success. This is expressed in Equation 12:422

Φs =

{
1, if F (θ)j ≤ Φj

0 otherwise
(11)

where Φ is a vector of satisficing criteria for utility j and θ is the set of decision423

variables or policy actions. This study measures robustness of utility j as the fraction424

of total sampled scenarios N = 1, 000 where all the satisficing criteria are met, sum-425

marized in Equation 12:426

Sj =

∑N
n=1 Λθ,j

N
(12)

The water utilities in the Sedento Valley seek to satisfy the following three perfor-427

mance criteria: REL ≥ 98%, RF ≤ 10% and WCC ≤ 10% of annual volumetric rev-428

enue, where N is the total number of simulations such that N=1000.429

3.2.2 Selection of Regional Robust Compromise Policy Pathways430

Overall, the DU Optimization and DU Re-Evaluation steps yield a significant amount431

of information in terms of water policy pathways performance and robustness tradeoffs.432

There are many ways in which this information can be used to guide decision making433

and compromises (e.g., see Gorelick et al., 2022; Trindade et al., 2020, 2019). To illus-434

trate the DUSOSPathways framework, two different robust regional policy pathway com-435

promise strategies are selected from the overall set of robust solutions that compose the436

Sedento Valley’s tradeoffs. The first is the Social Planner policy pathway, selected us-437

ing a least-squares formulation that minimizes the average loss of potential robustness438

of each member utility within the Sedento Valley. It relies strongly on regional cooper-439

ation, and assumes that utilities are similarly willing to cooperate, even at the cost of440

individual loss in performance and robustness. In this compromise strategy, all stake-441

holders are assumed to have the same resources and ability to cope with systemic risk442

and vulnerability to deep uncertainty. It aims to achieve the highest possible compro-443

mise robustness for the Sedento Valley region but may conceal performance disparities444

between the cooperating utilities.445

The second illustrated compromise policy pathway is termed the Pragmatist so-446

lution. This compromise framing seeks to discover a practical solution that evenly dis-447

tributes the potential loss of robustness incurred across the three cooperating Sedento448

Valley utilities. This formulation assumes that the most acceptable policy pathway is449

one that distributes power most evenly between stakeholders (Dinar & Howitt, 1997).450

It is deemed ‘cooperatively stable’ and assumes that a utility will view the others as hav-451

ing their fair share of gains and losses. However, the Pragmatist also reveals a utility’s452

potential to improve their allocation using a loss-to-gain ratio. The higher this ratio, the453
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more likely they are to not cooperate, unintentionally or otherwise. Although it may be454

seen as a more practical way of selecting a regional compromise when compared to the455

Social Planner compromise, the Pragmatist approach can also conceal its region-wide456

performance and robustness implications, as well as impacts on cooperating members’457

performance. Both the Social Planner and Pragmatist compromises are selected from458

the Pareto-approximate set of cooperative regional water supply policy pathways dis-459

covered by Trindade et al. (2020) using the Borg MOEA (Hadka & Reed, 2013). Detailed460

information on the mathematical formulation of both the Social Planner and Pragma-461

tist compromise policy pathways can be found in Section S5 of the Supporting Informa-462

tion.463

3.3 Re-Evaluating Compromise Policy Pathways Under Implementa-464

tion Uncertainty465

The Social Planner and Pragmatist compromise policy pathways have state-aware,466

adaptive actions that emphasize different cooperative decision-making assumptions. How-467

ever, it is unlikely that these policies will be implemented with perfect precision. To eval-468

uate the effects of relatively modest implementation uncertainties, we adapt the sam-469

pling approach introduced in Gold et al. (2019) where 1,000 perturbed instances of both470

the Social Planner and the Pragmatist policy pathways’ decision variables within a ±4%471

range of their nominal values θs are generated using Latin Hypercube sampling, as demon-472

strated in Figure 4.473

DU SOW 1

DU SOW 2

DU SOW

DU SOW 1

DU SOW 2

DU SOW

Performance in Performance in

Robustness of

DU SOW 1

DU SOW 2

DU SOW

DU SOW 1

DU SOW 2

DU SOW

Performance in Performance in

Robustness of

: perturbed portfolio
: original portfolio

: natural inflow

DU demand parameters DU climate parameters

DU cost parametersDU capacity parameters

Implementation uncertainty analysis sampling scheme

Figure 4: Implementation uncertainty analysis sampling and evaluation scheme.

This sampling scheme is summarized in Equation 13:474
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θs =



θ∗
p,0

θ∗
p,1

...

θ∗
p,1000

(13)

Where θp is the original compromise policy pathways selected from the initial Pareto-475

approximate set of solutions, and θ∗
p,n is its nth-perturbed instance. This range of per-476

turbation is termed the envelope of ‘implementation uncertainty’ and it is based on the477

concept of mapping decision variable tolerances within the systems engineering litera-478

ture (Beyer & Sendhoff, 2007). The sampling ensemble size and decision variable range479

are chosen drawing on prior work conducted by Gold et al. (2019) and the analysis con-480

firming that it is sufficient to capture significant changes in the Sedento Valley utilities’481

performance and robustness tradeoffs.482

Following this, we bootstrapped the 1,000 original NI, D, and E realizations to483

reduce the number of hydro-climatic realizations needed to re-evaluate the Social Plan-484

ner and Pragmatist policy pathways and reduce the computational demand associated485

with maintaining an adequate sampling of hydro-climatic extremes. The 1,000 perturbed486

instances of the original Social Planner and Pragmatist policy pathways are re-evaluated487

under the 500 bootstrapped NI, D, and E realizations, which are each matched with488

the full 1,000 DU SOWs as shown in Figure 4 for a total of 500,000 DU scenarios. For489

more information on the bootstrapping process, see Section S6 of this paper’s Support-490

ing Information. Finally, to measure robustness degradation, we use the satisficing met-491

ric, shown in Equation 11. We then compare the robustness of each perturbed sample492

to the robustness value obtained by the compromise policy with its original decision vari-493

ables discovered through DU Optimization. This step was was executed on the Hopper494

Supercomputing Cluster at Cornell University using a total of 200 cores distributed across495

10 computer nodes.496

3.4 Safe Operating Space Diagnostics497

3.4.1 Diagnosing Key Performance Controls498

We apply the The Delta Moment-Independent method (Borgonovo, 2007) in our499

diagnostic sensitivity analysis to better understand the complex interactions between the500

decision variables, the DU parameters, and the output performance objectives of the Sedento501

Valley. It has the advantage of not solely relying on lower-order statistical moments such502

as variance or mean to describe the dependence of the model on its inputs, thus being503

“moment independent” (Borgonovo, 2007). The Delta Moment Independent method has504

been demonstrated to be effective in complex, highly nonlinear water resources appli-505

cations (Chaney et al., 2015; Hadjimichael et al., 2020). This global sensitivity analy-506

sis method compares the entire probability distribution of both input and output param-507

eters to estimate the sensitivity of the output to a specific input parameter. This study508

implements Delta Moment-Independent sensitivity analysis using the SALib Python pack-509

age (Herman & Usher, 2017; Iwanaga et al., 2022) to identify candidate actions whose510

perturbations are most likely to change the region and its member utilities’ performance511

and robustness. Another advantage of the Delta Moment-Independent sensitivity anal-512

ysis method is its ability to exploit our existing implementation tolerance sampling il-513

lustrated in Figure 4 and summarized in Section 3.3.514

3.4.2 Identifying Consequential Scenarios515

Identifying which decision variables dominantly influence policy pathways’ path-516

way performance is a key step in discovering consequential implementation uncertain-517
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ties. However, it is also necessary to understand how the implementation uncertainties518

shape the broader vulnerability of the region and the individual utilities in combination519

with the deeply uncertain factors that shape their future scenarios. To explore this, we520

employ scenario discovery on the sampling of the perturbed policy pathways (Figure 4)521

to clarify the most consequential vulnerabilities that an imperfectly implemented pol-522

icy pathway may face. The scenario discovery analysis uses machine learning and data523

mining algorithms to explicitly map what combinations of DU SOW values result in a524

policy being more likely to fail (Bryant & Lempert, 2010). In this study, scenario dis-525

covery is implemented using Boosted Trees (Freund & Schapire, 1999), which is a de-526

cision tree-based, machine learning method that uses an ensemble of weak learners to527

generate a higher fidelity statistical model (strong learner) for predicting a policy path-528

way’s probability of success or failure. The weak learner trees are iteratively updated529

to improve their ability to classify regions of success or failure, ultimately yielding strong530

learning models.531

In this study, we use Boosted Trees to evaluate both the original compromise poli-532

cies and the policies perturbed with implementation uncertainty. We choose Boosted Trees533

because the time-varying, state-dependent investment and management actions intro-534

duce complex nonlinear, non-convex, and discontinuous failure regions (Trindade et al.,535

2019). Boosted Trees provides a model-free, unbiased approach that can classify non-536

linear success-failure regions while remaining cognitively easy to interpret. This study537

executes Boosted Trees using the scikit-learn Python package (Pedregosa et al., 2011)538

with an ensemble of 200 trees of maximum depth 3 and learning rate of 0.1. The fac-539

tor maps of both the original compromise and the perturbed instance with the worst-540

case robustness for both the Social Planner and Pragmatist policy pathways are gener-541

ated using Boosted Trees to compare the shifts in regions of success and failure driven542

by implementation uncertainty.543

3.4.3 Analyzing Pathways and Their Safe Operating Spaces544

To understand how adaptive infrastructure investment policies adapt to changing545

future conditions, this study employs K-Means clustering to identify distinct families of546

infrastructure pathways that could plausibly emerge for each utility under the DU SOWs547

that induce high, moderate and low infrastructure intensities. These challenging, mod-548

erate, and baseline scenarios are drawn from the DU Re-Evaluation sampling of human549

and hydro-climatic deep uncertainties. The clustered families of high, moderate, and low550

infrastructure intensities are then used to clarify the implications of implementation un-551

certainty on how the different water policy pathways management and investment path-552

ways evolve. Further information on how K-Means clustering is employed in this study553

can be found in Section S7 of the Supporting Information.554

Although the Delta moment-independent sensitivity analysis and Boosted Trees-555

enabled scenario discovery aid the utilities’ in identifying key policy pathways’ decision556

variable controls and vulnerabilities, they do not specify the implementation tolerances557

for the acceptable level of precision required for their policies to remain robust. Build-558

ing on prior work (Gold et al., 2019; Kwakkel & Timmermans, 2012), we delineate Safe559

Operating Spaces (SOS) around a regional water management and investment policy path-560

way’s set of decision variables by discovering their operational tolerance ranges
[
θSOS
min,k,θ

SOS
max,k

]
561

within which each utility can safely vary its k-decision variables while its robustness re-562

mains the same or improves. The SOS represents the set of all decision variable com-563

binations that do not incur robustness degradation when compared with the original com-564

promise policy. Formally, the SOS for each utility j is described in Equations 14 to 16:565

SOSj =
[
θSOS
min,k,θ

SOS
max,k

]
j
∀ k ∈ [rt, tt, lma, arfc, it, inf ] (14)
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where
θmin,k ≤ θSOS

k ≤ θmax,k ∀k ∈ [rt, tt, lma, arfc, it, inf ] (15)

subject to566

Sj(θ
SOS) ≥ Sj(θs) (16)

where
[
θSOS
min,k,θ

SOS
max,k

]
is the range of decision variable values that maintain util-567

ity j’s robustness (Sj(θ
SOS)) at greater than or equal to the robustness of the solution568

when perfectly implemented ((Sj(θs)) that itself is a result of the set of solutions with569

no decision variable perturbations.570

4 Results and Discussion571

4.1 Implementation Uncertainty Strongly Affects Performance and Ro-572

bustness Tradeoffs573

The tacit assumption under which most regional water supply investment and man-574

agement pathway design frameworks work is that the recommended set of actions will575

be implemented exactly. Therefore, their ability to maintain high levels of performance576

is often dependent upon the assumption of precise implementation. A key concern is whether577

a deviation from the recommended ‘robust’ policy pathway’s specific decision variable578

values can result in substantially decreased overall robustness and the loss of the util-579

ities’ ability to meet their performance goals. [h!] Figure 5a is the parallel axis plot of
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Figure 5: Regional performance objective tradeoffs for all compromise policy pathways.
(a) Regional performance tradeoffs discovered via DU Optimization. Each axis repre-
sents a regional performance objective, and each line represents a regional policy pathway.
The intersection between an axis and a line corresponds to the policy’s regional objective
value. The purple line indicates the Social Planner compromise, and the green line indi-
cates the Pragmatist compromise. The grey lines represent all other policy pathways. The
direction of preference for each axis is downward, where a lower position along the axis
is preferable. (b) The three performance goals that utility’s compromise policy pathways
must meet.

580

regional performance objectives tradeoffs for the Social Planner compromise (purple) and581

the Pragmatist compromise (green). Here, each axis represents the five performance ob-582

jectives: supply reliability, water-use restriction frequency, infrastructure net present cost,583
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peak financial cost of drought mitigation instruments and preexisting debt, and worst-584

case (first percentile) cost of drought mitigation actions. The Social Planner framing seeks585

to minimize the average loss of potential robustness by each member utility within the586

Sedento Valley. It relies strongly on regional cooperation and assumes that all of the stake-587

holders are similarly willing to cooperate even under conditions of individual loss in their588

performance objectives and their robustness. The Social Planner framing aims to achieve589

the highest levels regional robustness overall. In contrast, the Pragmatist compromise590

seeks to evenly distribute the potential losses in attainable robustness incurred across591

the cooperating utilities in Sedento Valley. This compromise formulation assumes that592

the most acceptable regional policy pathway is one that distributes losses most evenly593

between stakeholders (Dinar & Howitt, 1997) and that the utilities view each other as594

having their fair share of gains and losses.595

Both the Social Planner and Pragmatist compromise policy pathways meet the three596

performance goals listed in Figure 5b when evaluated with the approximate DU Opti-597

mization sampling (see Figure 3a). They are distinctly different in how they each meet598

the performance goals. Figure 5a shows that the original Social Planner compromise path-599

way relies predominantly on a ‘hard path’ approach (Gleick, 2002) that heavily utilizes600

investments in water supply infrastructure, reflected in the high value of its infrastruc-601

ture net present cost objective. Increased infrastructure investments are the means by602

which in the Social Planner pathway attains high regional reliability and low restriction603

frequency under the assumption of perfect regional cooperation. The Pragmatist com-604

promise policy pathway relies solely on financial instruments and short-term drought mit-605

igation actions with no infrastructure investments made, shown by the zero-value of its606

regional infrastructure net present cost in Figure 5a. The Pragmatist compromise path-607

way assumes perfect coordination in employing financial instruments (such as self- or third-608

party insurance) and drought mitigation actions (such as the purchase of treated water609

and water-use restrictions), enabling it to delay the construction of new supply infras-610

tructure. The green line designating the Pragmatist compromise pathway in Figure 5a611

shows that this soft-path strategy results in higher regional peak financial cost and re-612

striction frequency, and lower regional reliability relative to the Social Planner compro-613

mise.614

Although both of these policy pathways fundamentally differ in their objective space615

tradeoffs and approach, they are able to meet the performance goals listed in Figure 5b.616

A key question is, how do these compromise policy pathways behave under moderate de-617

viations in their policies’ decision spaces (i.e., implementation uncertainty)? [h!] Figure618

6 shows how implementation uncertainty results in the formation of a “performance en-619

velope” representing the effects of modest perturbations to the Social Planner and Prag-620

matist compromise policy pathways’ decision variables. Figures 6a to 6c in purple illus-621

trates the envelope of performance tradeoffs for the perturbed Social Planner compro-622

mise policy pathway, and Figures 6d to 6f show the same for the perturbed Pragmatist623

compromise policy pathway. The color of the lines indicates regional robustness, where624

a lighter color indicates lower regional robustness, and a darker color indicates higher625

regional robustness. The solid lines show each of the utility’s performance tradeoffs from626

the original non-perturbed compromise policy. The dashed lines indicate the performance627

objective tradeoffs resulting from the perturbed solution instances with each of the util-628

ity’s lowest level of attained robustness.629

Under the Social Planner policy pathway, Watertown experiences the widest range630

of performance degradation in the greatest number of objectives: reliability, restriction631

frequency and worst-case cost (Figure 6a). However, it could potentially benefit greatly632

in terms of a lower infrastructure net present cost if it deviates from its original Social633

Planner policy pathways decisions. Figures 6b and 6c show that Dryville and Fallsland’s634

original set of performance tradeoffs are similar to the perturbed instance that results635

in their worst robustness. For both of these utilities, the original Social Planner com-636
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Figure 6: The envelopes of performance tradeoffs for the individual utilities resulting
from perturbations in the decision variables that compose the compromise policies. Panels
(a) to (c) show the range of changes in performance tradeoffs resulting from 1,000 per-
turbed instances of the Social Planner compromise. Panels (d) to (e) show the same in-
formation for the Pragmatist compromise. The solid line denotes the original compromise
policy pathway. The dashed line indicates the performance tradeoff of the perturbed in-
stance with the worst (lowest) utility robustness. The color gradient indicates the change
in utility robustness from low robustness (lighter) to high robustness (darker). Each axis
represents a performance objective, where a lower position along the axis is preferable.
Regional robustness is measured as the percent of sampled DU Re-Evaluation scenarios
where all three utilities successfully meet three satisficing criteria when evaluated under a
wider, more challenging set of DU SOWs.

promise policy’s actions result in reducing their individual levels of attained robustness.637

This reveals a potential source of counterparty risk as Dryville and Fallsland may have638

incentives to deviate in their actions to improve their robustness. Dryville’s reliability639

and worst-case cost drive the Social Planner policy’s regional robustness, implying that640

Dryville’s actions are most strongly influencing the Sedento Valley region’s drive for shared641

infrastructure investment. Across Figures 6a to 6c, the infrastructure net present cost642

objective shows the largest variation with the decision variable perturbations, particu-643

larly for Watertown and Fallsland. This is due to their shared New River Reservoir in-644

frastructure option. The cooperative construction of the New River Reservoir requires645

that both Watertown and Fallsland bear the costs of construction. If one utility changes646

how much they invest in the reservoir, their counterpart will be responsible for the re-647

maining cost of the project which will drastically change their infrastructure net present648

cost. This highlights the Social Planner compromise’s reliance on the careful coopera-649

tive development of new supply infrastructure, as well as the hard-path nature of the So-650

cial Planner compromise.651

Alternatively, the Pragmatist compromise policy pathway shows that Watertown’s652

original set of performance tradeoffs in Figure 6d are similar to that of its perturbed in-653

stance resulting in its worst robustness, with only a slight degradation in reliability. Fig-654

ure 6e shows that its neighbor Dryville will experience the widest range of performance655

variation in the greatest number of objectives: reliability, restriction frequency, peak fi-656

nancial cost, and worst-case cost. This highlights that Dryville is the most vulnerable657

to implementation uncertainty. Fallsland’s envelope of performance is the narrowest among658

the three regional partners (Figure 6f) with only a small change in its peak financial cost.659

All three of the utilities’ performance in the infrastructure net present cost objective for660

the Pragmatist compromise is largely insensitive to moderate degrees of implementation661
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uncertainty, indicating that the utilities are able to avoid major investments in new sup-662

ply infrastructure.663

This section has shown that implementation uncertainty changes the Sedento Val-664

ley utilities’ performance tradeoffs and their ability to remain robust under challenging665

DU Re-Evaluation SOWs, often eliminating the intended benefits of regional coopera-666

tion to achieve high degrees of regional supply reliability and financial stability. Addi-667

tional regional-scale results on the implications of implementation uncertainty can be668

found in Section 9 of the Supporting Information. Following this, the next step is to eval-669

uate how implementation uncertainty drives individual and regional robustness trade-670

offs. Specifically, the next section will identify controls that could potentially improve,671

maintain, or degrade a utility’s robustness, and how changes in these controls potentially672

impact their neighbors.673

4.2 Understanding Robustness Controls674
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Figure 7: Robustness of the original Social Planner and Pragmatist compromises for Wa-
tertown, Dryville and Fallsland indicated by the purple and green triangles respectively.
Their least-robust perturbed instances across the three utilities are indicated by the pur-
ple and green X’s. These points are plotted with respect to the ideal robustness values
point, denoted by the star.

Figure 7 demonstrates how implementation uncertainty results in robustness degra-675

dation across all three utilities. Assuming precise implementation of the Social Planner676

and Pragmatist policy pathways, all three utilities are able to achieve relatively high ro-677

bustness values. Interestingly, all three utilities achieve higher robustness under the So-678
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cial Planner compromise, with Dryville benefitting the most from the ”hard path”-centric679

regional cooperative structure of this policy pathway. In contrast, the Pragmatist com-680

promise prioritizes achieving a relatively equal power balance across regional stakehold-681

ers, which is reflected by approximately equal robustness across all utilities. These are682

the outcomes when each utility implements its individual financial instruments and drought683

mitigation actions precisely. However, implementation uncertainty appears to nullify the684

benefits of cooperative infrastructure development and regional cooperation prioritized685

by the Social Planner compromise. This is shown by the similar robustness values for686

the least-robust perturbed instances for all of the utilities, for both the Social Planner687

and Pragmatist compromises. Across both compromises, Dryville also stands to suffer688

the largest degree of robustness degradation, emphasizing the observations made in Fig-689

ure 6 where it was hypothesized that Dryville had the strongest influence over regional690

robustness.691

Figure 7 shows that the Social Planner policy pathway’s reliance on joint infras-692

tructure construction and regional cooperation are more robust to deeply uncertain fu-693

tures, but only if it is implemented precisely. The effects of implementation uncertainty694

serve to reduce the benefits of cooperation and the added security afforded by the new695

supply infrastructure. However, implementation uncertainty may leave all of the util-696

ities just as vulnerable to uncertain futures as they had been prior to cooperation. To697

better understand the degree of impact that implementation uncertainty has on robust-698

ness, this study maps the utilities’ decision variables that most affect degradation in their699

robustness. [h!] Figures 8a to 8d further emphasize the “hard path” approach of the So-700

cial Planner compromise policy pathway and its reliance on strong regional cooperation.701

For the Social Planner compromise, the robustness of all of the utilities is strongly de-702

pendent on traditional drought mitigation actions such as water-use restrictions, increas-703

ing the use of coordinated treated water transfers, and investments in new supply infras-704

tructure. Watertown’s robustness, in particular, is the most sensitive to the use of its705

restriction trigger. Dryville’s robustness is the most sensitive to its annual reserve fund706

contribution and transfer trigger. Fallsland’s robustness is the most sensitive to its own707

and Watertown’s infrastructure trigger. These sensitivity analysis results highlight the708

strong interplay between the Sedento Valley’s resource conflicts and the effectiveness of709

cooperative actions assumed in the Social Planner compromise policy pathway. Specif-710

ically, Figures 8a to 8d reveal the dependencies of Dryville and Fallsland on Watertown.711

Dryville has to purchase water from Watertown; its robustness is, therefore, reliant on712

it having sufficient reserve funds to trigger treated water transfers under drought sce-713

narios. Fallsland and Watertown cooperatively invest in the New River Reservoir, as shown714

in Table 1. As Fallsland does not have an independent supply source, it is dependent on715

Watertown making timely capacity-expanding infrastructure investments as assumed in716

the original unperturbed Social Planner compromise policy pathway, as well as making717

its own precisely-timed investments to remain robust across challenging scenarios. The718

robustness of the Sedento Valley region as a whole is strongly sensitive to implementa-719

tion uncertainty in Dryville’s decision variables (Figure 8i), which is consistent with ob-720

servations from Figures 6 and 7. This further emphasizes Dryville as being the major721

driver of vulnerabilities to implementation uncertainties when seeking to maintain re-722

gional robustness for the Sedento Valley overall.723

In contrast, Figures 8f to 8i illustrate the “soft path” nature of the Pragmatist com-724

promise policy pathway, which results in each of the utilities being sensitive to (1) fewer725

decision variables and (2) largely implementation uncertainties that they have control726

over. This compromise is not sensitive to the infrastructure triggers but is in turn highly727

sensitive to the implementation uncertainties in the decision variables controlling the fi-728

nancial instruments such as the insurance trigger. Watertown and Fallsland are sensi-729

tive to modest perturbations to their restriction triggers. Dryville is dominantly sensi-730

tive to the implementation of its transfer trigger and insurance trigger. As a region, the731

robustness of the Pragmatist compromise does not depend on the cooperative expansion732
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Figure 8: Sensitivity of individual utilities and the region’s robustness to the perturbed
policy pathways’ decision variables. Panels (a) to (d) and (f) to (i) show the decision vari-
ables that most strongly control the utilities’ robustness performance for the Social Plan-
ner and Pragmatist compromise policy pathways, respectively. In these panels, the radii
of the colored sectors indicate the relative degree of importance that perturbing decision
variables has on robustness. Panels (e) and (j) show Delta Moment-Independent Sensitiv-
ity Index heatmaps for the Social Planner and Pragmatist compromise policy pathways,
respectively. The subscripts of each of the decision variables indicate the utilities (‘W’:
Watertown, ‘D’: Dryville, ‘F’: Fallsland).

or investment in new supply infrastructure, but instead emphasizes the use of third-party733

and self-insurance financial instruments in combination with conventional drought mit-734

igation actions such as restrictions and treated transfers. Additionally, the degree of ro-735

bustness degradation that could be experienced by each utility is proportional to the num-736

ber of decision variables they have to carefully implement, which reflects the Pragma-737

tist compromise path policy’s emphasis on distributing each utility’s influence over the738

regional system’s robustness. Further details on the robustness of all perturbed instances739

across the Sedento Valley region can be found in Section S9 of the Supporting Informa-740

tion.741

As a whole, the sensitivity analysis summarized in Figure 8 reveals that vulnera-742

bilities to implementation uncertainties vary across the different compromise policy path-743

ways, utilities, and their underlying modes of regional cooperation (e.g., soft versus hard744

path strategies). Although Figure 7 shows that the Pragmatist compromise policy path-745

way (which uses fewer cooperative instruments) achieves lower original robustness, Fig-746

ure 8 shows that a ‘more cooperative’ policy pathway increases the complexity of its im-747

plementation, making it more susceptible to the effects of implementation uncertainty.748

The inclusion of joint investments, which the Social Planner compromise uses and the749
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Pragmatist compromise does not, results in an additional dimension of complexity where750

regional partners have to carefully coordinate their investment decisions to ensure that751

their robustness goals are achieved. Although this (ideally) should afford the utilities and752

the region a higher theoretical robustness, any change in willingness for cooperating part-753

ners to jointly invest in new infrastructure could eliminate the benefits of cooperation.754

Thus far, the prior results have examined how robustness changes with implemen-755

tation uncertainties in the Sedento Valley’s two very different compromise policy path-756

ways. The consequences of these robustness changes on the Sedento Valley and its con-757

stituent utilities can change under different scenarios of extreme drought or unexpect-758

edly high rates of population growth. Therefore, it is important to evaluate if an imper-759

fectly implemented regional water supply investment and management pathway can still760

meet all the satisficing criteria (reliability of more than 98%, restriction frequency of less761

than 10%, and worst-case cost of less than 10%) under this suite of more challenging sce-762

narios. Towards this end, Gradient Boosted Trees (Boosted Trees) is applied to perform763

scenario discovery and identify combinations of DU factors that, when coupled with im-764

plementation uncertainty in the decision space, cause the utilities to fail to meet their765

robustness satisficing criteria. As a clarification of language, these performance condi-766

tions are termed ‘goals’ when used to screen objective performance tradeoffs based on767

the DU Optimization results (see Figure 5) and ‘satisficing criteria’ when computing ro-768

bustness relative to the much broader DU Re-Evaluation sampling scheme (3b). Figure769

9 illustrates detailed scenario discovery results for the Social Planner and Pragmatist com-770

promise policy pathways. It illustrates the most important drivers of robustness using771

factor maps that explicitly map which dominant factors and their specific values con-772

trol the Sedento Valley and its member utilities’ success and failure in meeting the sat-773

isficing criteria. In comparing the factor maps in Figure 9 across both compromise pol-774

icy pathways, the most dominant driver of failure is consistently the demand growth rate775

of each utility.776

For the Social Planner compromise policy pathway (Figures 9a and 9b), both Wa-777

tertown and Dryville experience significant increases in vulnerability to deep uncertainty778

in their individual demand growth rates under implementation uncertainty. This increase779

in vulnerability is characterized by the increase in the red area of the factor map, which780

is most severely felt by Dryville, as well as the Sedento Valley as a whole. This further781

underscores the role of Dryville as the main driver of regional robustness as previously782

observed in Figures 6 and 7. Implementation uncertainties for Dryville in the Social Plan-783

ner compromise policy pathway can cause the Sedento Valley as a region to fail to meet784

its satisficing criteria even under less-challenging SOWs, as shown by the red region of785

failure overlapping with triangle in the panel of factor maps in Figure 9b. In contrast,786

Fallsland’s region of failure remains relatively unchanged under implementation uncer-787

tainty. These observations show that the robustness implications of imperfectly imple-788

mented cooperation are felt disproportionately across utilities, while other partners suf-789

fer the full vulnerability consequences when they fail to cooperate as planned.790

For the Pragmatist compromise policy pathway (Figures 9c and 9d), only Dryville791

experiences significant changes in its vulnerability to deep uncertainty in its demand growth792

rates under implementation uncertainty. Both Watertown’s and Fallsland’s regions of793

success and failure remain relatively unchanged. Once again, Dryville appears to drive794

regional robustness under the Pragmatist compromise. An interesting observation to note795

is that the regions of failure in the original Pragmatist compromise policy pathway (Fig-796

ure 9c) are larger than that of the Social Planner compromise policy pathway (Figure797

9a). This demonstrates the value of regional cooperation in reducing both individual util-798

ities’ and regional vulnerability to deep uncertainty. However, implementation uncertainty799

resulting in policy perturbations eliminates the robustness benefits of cooperation, leav-800

ing utilities as vulnerable to unexpected shifts in demand as they were prior to cooper-801

ating. This is reflected in the similarity in the area of the region of failure of both least-802
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spectively. The green highlighted panels (c) and (d) show the same information for the
Pragmatist compromise policy pathway. Each column represents a utility or the Sedento
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robust perturbed instances (Figures 9b and 9d). Here, implementation uncertainty emerges803

as the previously-hidden ‘second factor’, in addition to demand growth rate uncertainty,804

that drives the robustness of the Sedento Valley and its constituent utilities. Not only805

does implementation uncertainty result in increased vulnerability to deep uncertainty,806

but it also leaves utilities having to implement a set of actions complex actions without807

realizing their promised benefits.808

It is clear that implementation uncertainty changes the ability of the region and809

its individual actors to remain robust when faced with extreme drought and accelerated810

population growth. This information can be supported by understanding how utilities’811

long-term infrastructure investment pathways are affected when the need to respond to812

these DU scenarios becomes more pressing, and how they are compounded when util-813

ities are unable to abide by the recommended set of policy pathways.814

4.3 Implementation Uncertainty Effects on Infrastructure Investment815

Pathways816

The interactive effects from the DU Re-Evaluation’s sampled SOWs, implemen-817

tation uncertainty in the decision variables that make up a policy pathway, the selected818

robustness compromise strategies, and the Sedento Valley utilities’ long-term plans can819

be best understood by formally mapping how their state-aware infrastructure pathways820

are impacted. Figure 10 shows the infrastructure pathways of the Social Planner com-821

promise across a 45-year planning horizon spanning 2020 to 2065. The Pragmatist com-822

promise is not shown as it has very little to no infrastructure built across all sampled823

SOWs (i.e., its soft-path focus). The state-aware ROF triggers used to dynamically ini-824

tiate management and investment actions in the Sedento Valley generate distinctive se-825

quences of short-term drought mitigation actions and long-term infrastructure invest-826

ments tailored to what is being experienced in each specific sampled SOW. As summa-827

rized in Section 3.4.3, K-Means clustering is used to identify three distinct clusters of828

high, medium, and low infrastructure SOWs and compare how implementation uncer-829

tainty affects their response. The grey shading represents the frequency at which each830

infrastructure option is triggered at a given time across all of the sampled SOWs.831

Overall, Figure 10 reveals the potential consequences of implementation uncertain-832

ties and challenging DU SOWs on the utilities’ long-term infrastructure investment path-833

ways. Compared to Watertown’s original set of infrastructure pathways in Figure 10a,834

Figures 10b to 10d show that Watertown’s infrastructure pathways are the most suscep-835

tible to perturbations in its own (Figure 10b) and Fallsland’s (Figure 10d) set of policy836

actions. These two figures imply that Watertown attempting to reduce infrastructure837

investments will result in robustness degradations for both itself and Fallsland. Under838

a policy perturbation that results in Dryville’s worst robustness (Figure 10c), Watertown’s839

infrastructure pathways remain the same, albeit triggering infrastructure investments840

more frequently and earlier. Figures 10e to 10h show that Dryville reducing its infras-841

tructure investments leads to all of the utilities (including itself) experiencing their worst842

individual robustness. This agrees with observations from Figures 6 and 7 where Dryville843

was found to be the main driver of regional robustness. However, Figures 10i and 10j844

build on the observations drawn from Figures 6 and 8 where Watertown and Fallsland’s845

cooperative investment in the New River Reservoir is a significant driver of Watertown’s846

robustness. Although Fallsland’s infrastructure pathway remains the same, it only trig-847

gers infrastructure once in the ‘high infrastructure’ pathway (Figure 10j), which maps848

to Watertown’s worst robustness. Interestingly, a comparison between Figure 10l and849

Figure 10d show that Fallsland will experience its lowest possible robustness if either it-850

self or Watertown fails to trigger any of their infrastructure options. Both of these op-851

tions emphasize the Social Planner policy pathways’ dependence on perfect cooperation852

of a “hard-path” policy, as failure to make timely infrastructure investments as agreed853

upon results in significant robustness degradation for the Sedento Valley region overall.854
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Figure 10: Three distinct clusters of infrastructure pathways that emerge for the Social
Planner compromise from 2020 to 2060. Each row illustrates one utility’s infrastructure
pathways. Each column distinguishes how the infrastructure pathways change between
the original unperturbed policies and the least-robust perturbed instances for each utility.
Panels (a) to (l) show the original and perturbed pathways that emerge under the base-
line expected estimate for hydro-climatic future conditions. Panels (m) to (x) show the
original and perturbed pathways under a challenging drought with high demand future.
The color of the pathways denotes infrastructure intensity, with dark purple indicating
high infrastructure investment, medium purple indicating moderate infrastructure invest-
ment, and light purple indicating little to no infrastructure investment. The color gradient
of the grey vertical bars represents the frequency at which each infrastructure option is
triggered at a given time across all DU SOWs, with a lighter color indicating fewer in-
stances of infrastructure investment being triggered and vice versa.

–26–



manuscript submitted to Water Resources Research

Under a more challenging hydro-climatic scenario (Figures 10m to 10x), all of the855

utilities trigger more infrastructure options at higher frequencies as expected. The shift856

to a dryer future with higher demand results in Watertown (Figure 10n) experiencing857

its worst robustness when it fails to trigger the Water Reuse II infrastructure option early858

enough. Watertown perturbing its infrastructure investment actions to eliminate two in-859

frastructure projects also has adverse effects on Fallsland’s robustness (Figure 10p). These860

conditions also necessitate Dryville to trigger all of its infrastructure options (Figures861

10q to 10t). However, the lighter color of the infrastructure construction frequency bars862

shown in Figures 10r to 10t implies that decreases in individual robustness are primar-863

ily due to Dryville’s lower frequency of infrastructure construction or investment across864

all SOWs, versus Dryville entirely failing to invest in infrastructure. This is the same865

for Fallsland (Figures 10u to 10x). However, all three utilities trigger the construction866

of the Water Reuse facility under a challenging future, highlighting that this infrastruc-867

ture option will be necessary under dry, high-demand scenarios. Next, the differences868

in infrastructure intensity between Figures 10a to 10l and Figures 10m to 10x suggest869

that, when coupled with extreme hydro-climatic scenarios, modest levels of implemen-870

tation uncertainty can yield substantial changes in infrastructure pathways yielding much871

higher infrastructure intensities across more SOWs. Figure 10 clarifies how potential un-872

intended deviations from the original compromise policy pathway yield effects that cas-873

cade throughout the region’s cooperating utilities. Once again, this analysis demonstrates874

the complexities of cooperation. If joint investments in infrastructure are made as rec-875

ommended by the original policy pathways, utilities can afford to expand physical sup-876

ply infrastructure while remaining robust even under challenging future scenarios. Fur-877

ther detail on the interactions between long-term infrastructure investments and short-878

term supply reliability to ensure robustness to deeply-uncertain future conditions is demon-879

strated in Figure S10 in Section S8 in the Supporting Information.880

Precise coordination of cooperative investment is therefore vital to ensure individ-881

ual and regional robustness under a more challenging future. Therefore, utilities should882

be informed of the level of precision required during implementation for regional coop-883

erative water supply investment and management pathways to perform as expected. Iden-884

tifying these operational tolerances requires delineating individual safe operating spaces885

(SOS) which are decision variable operational tolerance ranges which each utility’s ro-886

bustness remains the same or improves from its original robustness value.887

4.4 Delineating Safe Operating Spaces888

In this study, a utility’s SOS is defined to be the range of decision variable values889

within which a utility can safely operate its policy pathway under the assurance that its890

robustness will remain the same or improve from its original individual robustness value891

in the perfectly implemented compromise policy pathway. Figures 11a to 11c shows the892

delineated SOS for the Social Planner compromise policy pathway where each vertical893

axis represents a decision variable, and the location along the axis denotes the degree894

to which a decision is used. The dark regions represent the range of sampled decisions,895

and the light regions represent the SOS. Similarly, Figures 11d to 11f show the delineated896

SOS for the Pragmatist compromise policy pathway. Within the light regions, utilities897

can safely vary their decision variables without adverse implications to their individual898

or the region’s robustness. Defining these SOS regions draws on having a better under-899

standing of the dominant controlling decision variables in Figure 8. In comparing Fig-900

ures 8 and 11, the decision variables that most affect the utilities’ robustness have sig-901

nificant dark regions in each utility’s SOS (i.e., decision variable envelopes that yield sig-902

nificant degradation in robustness).903

Analysis of the SOS of both compromise policy pathways yields several interest-904

ing observations. The comparison between these compromise policies represents the choice905

between extreme sensitivity to at most two decision variables and easier implementation,906
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Figure 11: Safe operating spaces of each utility for the Social Planner (purple) and Prag-
matist (green) policy pathways. Panels (a) to (c) are parallel axis plots that delineate
safe operating spaces for the Social Planner compromise. Panels (d) to (e) show the same
information, but for the Pragmatist compromise. Each axis represents one decision vari-
able. More frequent use of an action is indicated by a higher intersection point between
a line and an axis. The original set of policy actions is indicated as the thick solid line.
The dashed line indicates the perturbed instance that results in the lowest utility robust-
ness. The dark regions indicate decision variable ranges where robustness degradation is
certain, while the lighter region denotes the safe operating space.

and moderate sensitivity to a broader suite of decision variables and more complex im-907

plementation. Under the Social Planner compromise, Watertown (Figure 11a) has rel-908

atively wide SOS ranges but is moderately sensitive to three decision variables. It could909

potentially experience decreased robustness due to increased use of its water-use restric-910

tion trigger, lower-than-recommended contributions to its reserve fund, and less-frequent911

use of its infrastructure trigger. The dashed line in the figure shows that Watertown’s912

robustness degradation is likely caused by implementing a restriction trigger outside its913

SOS. Next, Dryville (Figure 11b) is moderately sensitive to its Lake Michael allocation,914

reserve fund contribution, and infrastructure trigger. Dryville’s robustness degradation915

is dominantly influenced by failing to remain within the SOS of its reserve fund contri-916

butions. In contrast, Fallsland is only sensitive to one decision variable, which is its own917

infrastructure trigger. However, its worst robustness does not exceed the SOS of its in-918

frastructure trigger. This is likely because, as shown in Figure 8c, Fallsland’s robustness919

is most sensitive to Watertown’s infrastructure trigger as the driver of its worst-case ro-920

bustness.921

This is not the case for the Pragmatist compromise (Figures 11d to 11f). Here, all922

of the utilities have a relatively wide SOS for the restriction trigger. For Watertown and923

Fallsland (Figures 11d and 11f), none of their other decision variables cause robustness924

degradations within the range of their sampled policy perturbations. Dryville (Figure925

11e) is sensitive to both its use of the restriction trigger and its Lake Michael allocation.926

The utilities’ robustness degradation is more likely to be caused by their own implemen-927

tation of water restrictions that are more frequent than recommended. Excessive use of928

water-use restrictions and failing to appropriately use its allocated supply causes its ro-929

bustness to decrease to its lowest-possible value. Broadly speaking, and as suggested by930

Figures 7 and 8, the Social Planner compromise presents the opportunity for the util-931

ities to attain higher individual and regional robustness at the cost of depending on a932

more complex policy pathway implementation as compared to the Pragmatist compro-933

mise.934
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5 Conclusion935

The DUSOSPathways framework provides a rigorous quantitative assessment of the936

impacts of how implementation uncertainty and deeply uncertain future conditions in-937

teract to shape the performance and robustness tradeoffs of different candidate cooper-938

ative policy pathway structures. It is demonstrated on the highly-challenging Sedento939

Valley regional water supply planning and management test case where the utilities seek940

to cooperate but must navigate the complex implications of their interdependent actions941

related to short-term drought mitigation, long-term investment pathways, financial hedg-942

ing, as well as their counterparty risks.943

The findings of this study are broadly applicable to regions focused on water sup-944

ply management and infrastructure planning frameworks to identify high-performing and945

robust regional cooperative policy pathways. They show that implementation uncertainty946

may cause cooperating utilities to lose the benefits of high performing robust coopera-947

tive regional policy pathways even with modest deviations from the assumption of per-948

fect implementation. In addition, implementation uncertainty may nullify the benefits949

of lower financial risk and higher supply reliability that are assumed to emerge with re-950

gional cooperation. This study illustrates strong interactions between implementation951

uncertainties in short- and long-term decisions on reliability and infrastructure sequenc-952

ing, where changes in one can yield large changes in the timing or effectiveness of the953

other. Furthermore, cooperation, while effective in decreasing regional and individual954

vulnerability to deep uncertainties, increases the complexity of implementing a cooper-955

ative policy pathway and increases the potential robustness losses should cooperating956

actors deviate even modestly in their implementation of recommended actions.957

The DUSOSPathways framework provides actionable information to utilities by de-958

lineating safe operating spaces that represent operational tolerances within which util-959

ities can safely vary their decision variables without experiencing decreases in robust-960

ness and performance. This is the first known study to include implementation uncer-961

tainty in long-term investment pathways for a regional water pathway planning. By re-962

vealing how day-to-day decisions in water management and operations affects plans for963

building new infrastructure (and vice versa), utilities are able to examine the ramifica-964

tions that their choices have not only on their counterparts, but also on their future sup-965

ply reliability, financial risk, and infrastructure pathways. With this information, coop-966

erating utilities can select compromise policy pathways that best suit the level of imple-967

mentation precision that their operational and planning ability allows. Future work should968

therefore include efforts to incorporate the search for policies that maximize the area of969

the SOS to further improve the robustness of a discovered policy pathway to exogenous970

and endogenous uncertainties. It is also important to further the understanding of the971

dynamic nature of these spaces and identify how they may change over time as more in-972

formation is obtained and the future unfolds. Additionally, including cooperative regional-973

scale demand management as an additional decision variable and characterizing the im-974

pacts of its uncertain implementation is another avenue for future research to explore.975
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