
ABSTRACT 

KANDIAH, VENU KANTHAN.  Agent-Based Modeling for Simulating the Effects of 

Demand Reduction on Urban Water Resources and Infrastructure Systems. (Under the 

direction of Emily Zechman Berglund). 

 

 

Incorporating alternative water sources, such as rainwater harvesting and reclaimed 

water, within a municipal water supply system can lead to reduced demands on freshwater 

supplies and allow urban water systems to continue supplying and expanding water services. 

Implementation of large-scale alternative water source projects is, however, hindered by 

limited experience and knowledge regarding the integration of alternative water sources into 

existing conventional water supply systems. The large-scale introduction of alternative water 

sources into a water supply system is a complex socio-technical process that involves 

transitions in consumer water use culture, the underlying engineering infrastructure, and 

urban water management. Consumers play a central role in the transition process, as their 

adoption of alternate water sources drives the success of demand-side management strategies. 

Existing modeling and analysis methods are limited in their abilities to simulate the complex 

and adaptive behavior of consumers as they adopt alternative water sources; the effects of 

interconnections and interactions between social and technical components; and resulting 

system dynamics. An integrated water management approach is developed to assess the 

impacts of the transition on existing water systems and coordinate plans for new 

infrastructure while maintaining existing levels of service.  

Dynamic modeling approaches, including agent-based modeling (ABM) and cellular 

automata (CA) approaches are used to represent consumers, and simulate coupled human-

engineering systems. An initial modeling framework that simulates the evolution of water 



availability and system performance in a water system as homeowners adopt lot-level 

rainwater harvesting is developed. An ABM of consumers is coupled with water supply and 

distribution system models. The modeling framework is applied to a case study and 

demonstrates how an ABM framework can simulate the transition of water infrastructure 

performance and water resources availability based on homeowner water use behavior.  

Subsequent work focuses on reclaimed water as an alternative water source. Social 

factors play an important role in consumer perception and attitudes towards the use of 

reclaimed water, and theory from the social sciences are used for model development. A 

modeling framework using a CA approach is developed to simulate consumer adoption of 

reclaimed water. The model is developed using diffusion of innovations theory, and 

simulates a diffusion process driven by the neighborhood effect. The CA model of consumers 

is coupled with distribution system models of the potable and reclaimed water networks and 

is applied for the Town of Cary, North Carolina.  The model simulates the co-evolution of 

emergent distribution system hydraulics in the dual water system as consumers adopt 

reclaimed water.  

Risk and benefit perceptions also play an important role in the adoption on new 

technologies. An ABM framework, based on the concept of “risk publics”, is developed to 

simulate reclaimed water adoption. The risk publics ABM is an empirical-based approach 

that uses the concepts of belief clusters, defined on the basis of shared risk and benefits 

perceptions, to explain the adoption of new technology. This research develops and 

demonstrates the risk publics model to simulate emergent community opinion dynamics and 

consumer adoption of reclaimed water based on interpersonal communications. The risk 

publics ABM is applied to the Cary case study. Adoption projections are compared to those 



obtained using the CA model, providing insight on the influence of alternative social 

mechanisms on consumer adoption of reclaimed water. Using the risk publics model, 

projections of consumer adoption within Cary are developed for alternative infrastructure 

expansion plans.  These results explore the potential impacts of management decisions, in 

terms of infrastructure improvement schedules, on consumer adoption of reclaimed water.  
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CHAPTER 1 

Introduction 

 

The integration of alternative water sources, such as rainwater and reclaimed water, 

into urban water supply systems is a potentially efficient and sustainable strategy that can 

reduce demands on limited freshwater supplies, and help maintain and expand urban water 

services. The large scale integration of alternative water sources within an existing urban 

water system is a complex socio-technical process involving transition in the engineering 

infrastructure, water use culture (i.e. perceptions, behaviors and practices of water users), and 

the planning, development, management and operations of water and interconnected 

infrastructure systems. Decision-makers and utilities may better enable the transition through 

an improved understanding of: (1) the interconnections and interactions between social and 

technical components; (2) the underlying emergent system dynamics; and (3) evolutionary 

pathways for the transition.  

Introduction of alternative water sources into a conventional water supply system can 

increase the complexities involved in infrastructure planning, design and management. It 

requires community behavior and participation beyond traditional water resources planning, 

as homeowners have to use the alternate sources of water; may be required to change their 

water use practices; and in many cases install, operate and maintain new technology and 

local infrastructure. New dynamics can arise due to the multiple interactions between the 

consumers and integrated water infrastructure systems over multiple geographic, temporal, 
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and organizational scales. Existing models consider the technical and social components of 

urban water systems as disparate systems, and are limited in simulating the interconnections, 

feedback, and dynamics between the consumers and engineering systems and the complex 

emergent behavior. 

Community and individual household acceptance and use of alternative water sources 

and practices (for example rainwater harvesting, water reuse, etc.) is essential for these 

demand reduction strategies to be viable and successful on a large scale. The required 

transition in water use culture within the community is a social process, and social science 

theory can provide useful insight on how this process evolves. Diffusion of innovations 

theory [92] which explains the spread of new products, ideas and practices within a 

community over time offers one possible explanation of how new water use practices can 

spread. Models, assumptions, and insight drawn from the fields of risk perceptions, and risk 

communication research, can be used to develop an understanding on how community 

perceptions may evolve, and the likelihood of community acceptance or rejection of new 

water sources, in instances where risk factors are associated with the adoption of new and 

alternative water sources.  

Dynamics modeling approaches, including agent-based modeling (ABM) and cellular 

automata (CA) are used in this research. These approaches provide an ideal computational 

platform to simulate complex, coupled human-engineering systems and components of the 

social dimension. ABM and CA provide the capability to (1) simulate spatially explicit 

heterogeneous computational agents, or cells, that operate on simple but realistic rules, which 

can be used to represent individual water users or homes; (2) model emergent behavior, such 
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as community-wide behavior, that emerges due to the interaction of the individuals; and (3) 

model information exchange between agents, environmental systems, and technical systems, 

to facilitate a coupled socio-technical modeling approach.  The goal of the research 

described here is to (1) develop and demonstrate ABM and CA based approaches for 

simulating the interconnections, interactions, and emergent dynamics between consumers 

and water infrastructure systems as a water supply systems transition from conventional 

sources to a more sustainable mix of conventional and alternative sources; (2) develop 

models using assumptions drawn from social science theory to simulate the process of 

consumer adoption of alternative sources of water.  

Initial research effort focuses on developing a coupled ABM-engineering model 

framework around a conceptual case study. The initial model serves as a proof of concept 

and demonstrates the capabilities of the proposed socio-technical framework to simulate the 

community-wide adoption of alternate sources of water. A set of more realistic and advanced 

coupled framework are developed subsequently, and applied to a real case study. The second 

framework incorporates an established empirical diffusion model. Lastly, a new model to 

simulate adoption based on risk and benefits perceptions is developed. A detailed summary 

of the research effort, by chapter, is provided below.  

Chapter 2 describes the development of a modeling framework to simulate the 

dynamics in the transition of a conventional urban water system, dependent on a single 

centralized water supply source, to one that incorporates an alternative and distributed water 

source as part of its supply system, as consumers adopt lot level rainwater harvesting systems 

due to water shortages. An ABM of water users is coupled with engineering models of the 



4 

water supply and distribution systems to simulate the transition of hydraulic conditions in the 

existing urban water infrastructure system as homeowners adopt rainwater harvesting 

systems, which supplement water delivered through municipal mains. Consumer agents use 

simplified behavioral rules to respond to water shortages by adopting rainwater harvesting. 

The modeling framework is applied to a conceptual case study to provide insight about the 

transition of urban water systems as they incorporate a distributed and wide-scale alternative 

source and about the effects of the transition on existing infrastructure systems. Results 

demonstrate the use of a tightly coupled agent-based model of households with a watershed 

model and a water distribution system to simulate dynamic and non-linear interactions 

between consumers and engineering infrastructure and to generate dynamic system 

performance data. 

Building on the insight gained from the initial modeling framework, a second 

modeling framework is developed to simulate consumer adoption of reclaimed water and the 

associated demand changes and emergent hydraulics in both drinking and recycled water 

systems (Chapter 3). Whereas the initial model used a simple set of rules based on 

generalizations of expected consumer behavior during drought conditions, the revised model 

of consumer adoption is developed based on the diffusion of innovations approach [92], 

which is an established empirical diffusion model and supporting theoretical framework. The 

model of consumer adoption is developed using a cellular automata (CA) approach, which is 

an approach that has found wide-spread application in urban planning because of its ability to 

represent spatial and temporal processes through a relatively simple and intuitive model. The 

framework couples the CA model of consumer adoption with water distribution system 
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models of the drinking and reclaimed water systems. Emergent distribution hydraulics are 

simulated as consumers adopt water reuse. The coupled model is applied to a real case study, 

the Town of Cary, North Carolina. Model parameters are calibrated using historical data of 

adoption. The model is used to predict alternative adoption scenarios and associated water 

infrastructure system impacts. The coupled simulation framework allows exploration of the 

interconnections among water reuse strategies and drinking water infrastructure as water 

reuse is integrated in water supply management.  

Chapter 4 describes the development of an ABM to simulate adoption and rejection 

of water reuse within a community using an alternate social scientific model, the “risk 

publics” model. The risk publics model is an empirical based approach that uses the concept 

of belief clusters, defined on a basis of shared risk and benefit perceptions, to explain the 

adoption of new technology. Social influence and emergent community opinion dynamics are 

simulated through interpersonal communications between households. Survey data of the US 

population, measuring their attitudes, knowledge, attributes, and behavioral intentions for 

recycled water were analyzed to determine model parameters including the presence of social 

groups, relationships among individuals, and communicative variables governing individual 

use of reclaimed water. Model behavior and sensitivity are explored using a theoretical cases 

study. Data obtained from the water reuse survey is also applied to simulate water reuse 

adoption behavior in different regions of the US.  

Chapter 5 furthers the development of the risk publics model. The risk publics model 

is adapted for application to the Town of Cary, North Carolina. Model parameters are 

calibrated using historical adoption data from Cary. The calibrated model is used to generate 
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projections for water reuse; these projections are compared to those obtained from the CA 

model. Since the two models simulate adoption using different approaches, both grounded in 

social science theory, insight is gained on the potential influence of alternative social 

mechanisms on water reuse adoption. Management and planning decisions in terms of 

infrastructure expansion have a large influence on consumer adoption behavior. The 

availability of infrastructure and services can serve as a driver, as well as constrain the 

adoption process.  In Chapter 5, the risk publics framework is applied to explore the impact 

of alternative expansion schedules on the adoption process. 
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CHAPTER 2 

Agent-Based Modeling to Simulate the Decentralization of an Urban Water Supply 

System and Assess Infrastructure Performance Impacts 

 

2.1 Abstract 

Urban water systems are typically designed as centralized systems, where water from a 

catchment is collected at a fixed location and distributed via an extensive network to 

customers. Centralized approaches can introduce inefficiencies in both water and energy use, 

and their long-term viability to provide essential services may be limited due to the stress of 

continued urban growth, climate change, resource limitations and increasing cost pressures. 

Decentralized approaches such as rainwater harvesting may offer more sustainable and 

environmentally friendly approaches to providing water services; however, decentralized 

approaches may have unpredicted or unexpected impacts on the operation of existing urban 

water infrastructure systems. Decentralization of water systems, or the shift from a 

centralized to decentralized management scheme, is a complex socio-technical process 

involving transitions in the delivery of water and consumptive behaviors of consumers.  

Consumers play a significant role in driving the decentralization process, as their acceptance 

of decentralized technologies, such as rainwater harvesting, is required for the transition of 

infrastructure to occur. Existing models consider the technical and social components of 

urban water systems as disparate systems and are limited in simulating the interconnections, 

feedback, and dynamics between consumers and engineered water systems. The work 

presented here develops a modeling framework to simulate the interconnections and 
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interactions between the consumers and the water infrastructure system as a water system 

transitions to a decentralized system. An agent-based model of consumers is coupled with 

engineering models of the water system to simulate households as they adopt rainwater 

harvesting as a decentralized water supply source to supplement water delivered through 

municipal mains. The agent-based model is described using the Overview, Design concepts, 

and Details protocol. The modeling framework is applied to a test case study to gain insights 

into the transition of urban water systems from centralized to decentralized systems and to 

analyze the impacts of the transition on existing infrastructure systems. 

Keywords: urban water infrastructure, decentralization, rainwater harvesting systems, 

sociotechnical systems, agent-based modeling. 

 

2.2 Introduction 

Urban water demands are conventionally met through centralized water supply 

systems. Centralized systems withdraw large volumes of freshwater from catchments and 

aquifers, treat water to a high quality standard, distribute it by way of an extensive system of 

pipelines to a community of consumers for a range of purposes, and discharge treated 

wastewater to the environment. This paradigm emerged with rapidly growing cities, 

abundant water, and inexpensive energy resources; however, centralized provision of water is 

cost- and resource- prohibitive as populations in urban centers continue to increase, formerly 

predictable water resources conditions change, and energy costs for supplying and treating 

water rise [27]. A redesign of urban water infrastructure and its interactions with other urban 

systems is needed to continue to meet demands or urbanization. One approach to reduce 
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water and energy consumption is through reusing, rather than discharging, rainwater or 

wastewater, by placing decentralized technologies at households or neighborhoods.  

Decentralized technologies augment centralized water supply sources by recycling water near 

the point of consumption. As a result, demands on freshwater supplies decrease and the 

efficient use of other resources is promoted, by saving chemicals and energy that would be 

needed to treat and distribute potable water [68].  

Introducing decentralized technologies within an existing water supply system creates 

new complexities in infrastructure and water management. The decentralization of a 

centralized water supply system is a complex sociotechnical transition, which emerges from 

the availability of new technologies, behaviors and interactions of consumers as they adopt 

available technologies, and adaptive management of existing infrastructure operations and 

designs [87]. Decentralization depends on community behavior and participation beyond 

traditional water resources planning, as homeowners and neighborhoods must install, 

operate, and maintain new local infrastructure and may be expected to bear capital costs. 

Messages about water shortages from peers and the water utility management can influence 

the adoption of new technologies.  Feedbacks between consumers and water resources 

emerge, creating a complex system: the population reduces demands through adoption of 

decentralized technologies, and as water resources recover, the pressure to adopt may be 

relieved [58, 39]. The adoption of decentralized technologies and the transition in the 

withdrawals of potable water have unpredicted and unexpected effects on the performance of 

centralized water supply infrastructure, as water consumers gradually alter the volume and 

timing of water withdrawals from the centralized system [101]. When a large percentage of 
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the population adopts rainwater harvesting, the reduction of average and peak flow volumes 

can influence infrastructure performance [60, 107]. As demands are reduced continuously 

over a period of adoption, pumps, tanks and other infrastructure components may operate 

outside of design loading conditions. Decentralized technologies, such as rainwater 

harvesting, provide an unreliable source due to the variability of precipitation, and lead to 

increased variability in demands on the centralized supply system. Infrastructure 

maintenance and expansion plans may be re-evaluated and adapted, based on changes in 

operations and evolving demand requirements.  

This research develops a framework to simulate the dynamics in the transition of a 

centralized water supply system, as consumers adopt lot-level water reuse technologies, or 

rainwater harvesting systems, due to water shortages. The framework couples engineering 

models with a model of the adoption of rainwater harvesting systems to simulate the 

interactions among consumers and centralized infrastructure and the effects of interactions on 

water resources sustainability and water infrastructure performance. An agent-based 

modeling (ABM) approach [7, 73, 48] is used to simulate individual households that can 

adopt lot-level rainwater harvesting to supplement the potable water supply. Homeowners are 

represented with simplified behavioral rules to respond to water shortages and adopt 

rainwater harvesting. ABM of water users are coupled with engineering models of the water 

supply and distribution systems to simulate the transition of hydraulic conditions in the 

existing urban water infrastructure system. The ABM framework is applied to simulate a 

virtual city with a population of 25,000 residents to assess the effects of the adoption of 

decentralized water infrastructure on centralized infrastructure performance. 
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2.3 Decentralization of Urban Water Resources through Adoption of Rainwater 

Harvesting 

Decentralized water resources can reduce the need for continuous expansion of water 

infrastructure and identification of new sources, thereby increasing the sustainability of 

existing water resources. A portfolio of both centralized and decentralized sources can reduce 

the vulnerability of water supply to water shortages [75, 124], due to redundancy in 

resources, multiple scales of resources, multiple scales of infrastructure, and the capability of 

systems to operate both autonomously and in combination with other resources [127]. 

Decentralization of water supply systems may also generate gains in energy efficiency [64].  

Centralized systems convey large volumes of water over long distances through energy-

intensive pumping, while decentralized water sources are located near users and reduce 

energy demands for conveyance. Additional energy may be wasted in a centralized water 

distribution system for treatment: water supplied through a distribution system is treated to 

drinking water quality standards, though some end uses, such as landscape irrigation and 

toilet flushing, do not have high water quality requirements. In a decentralized system, water 

generated at the lot-level can be treated as needed for specific end uses, and a centralized 

system can treat and provide a smaller volume of water for high-contact end uses, such as 

drinking, bathing, cleaning, and cooking [101]. 

Rainwater harvesting systems are explored and simulated here as a decentralized 

water source and are defined to include storage tanks or cisterns, catchment areas (such as 

rooftops), pipes for conveyance, and overflow spillways.  Rainwater can be used with little or 
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no treatment as an alternate source of water for domestic end uses, including landscape 

irrigation and toilet flushing, which do not require water quality at potable standards. 

Rainwater harvesting systems may also assist stormwater management by reducing the 

volume of runoff [120]. While demand management through rainwater harvesting has many 

benefits, stakeholders acknowledge that barriers to the adoption of decentralized water 

technologies including economic, social, and political aspects, may be present [120].  

The decentralization of a water supply system is a dynamic phenomenon that is 

driven by feedbacks, based on interactions among consumers, utility mangers, public 

officials, water resources, and water infrastructure [27]. Households may adopt conservation 

and water-efficient technologies based on their perception of water shortages, water use 

restrictions, and technology rebates implemented by the local government [120, 89, 76]. 

Consumer decisions directly affect the availability of water resources, which can drive the 

decision-making process of utilities and the development of policy regulating water use.  The 

feedback process creates a dynamic system, which transitions from a purely centralized to a 

decentralized system.  The transition is a non-linear process, exhibiting path dependency, 

where decisions made by consumers and utility managers influence and may limit options 

that are available at later time steps. 

Consider, for example, a closed watershed and urban water supply system, where 

feedback processes drive the transition towards decentralization (Fig. 2.1). A surface water 

reservoir located downstream of the watershed impounds runoff and also serves as the 

primary water supply source for a community, which is located in the watershed. The 



13 

adoption of rainwater harvesting influences water availability by influencing both water 

demands and the rainfall-runoff process. 

The adoption of rainwater harvesting impacts reservoir withdrawals. As water 

availability decreases, adoption of rainwater harvesting increases, due to messages about 

water shortages from a utility, increases in prices, or perceptions of water shortages.   As the 

number of households adopting rainwater harvesting systems increases, more demands are 

met by rainwater, requiring less water supplies from the reservoir. Withdrawals from the 

reservoir decrease, which stabilizes the reservoir levels and reduces the incentives to adopt 

rainwater harvesting.  This process is shown as a negative feedback loop (right-hand 

feedback loop in Fig. 2.1), in which the adoption of rainwater harvesting systems balances 

the system and reduces the need to adopt rainwater harvesting systems.  

Rainwater harvesting adoption also interacts with the rainfall-runoff process in a 

feedback relationship (left-hand feedback loop in Fig. 2.1). A decrease in reservoir levels 

influences higher adoption rates of rainwater harvesting systems, as described above. The 

adoption of rainwater harvesting systems decreases the water stored in a reservoir, as more 

water is captured for reuse and does not runoff to the receiving water body, which decreases 

water availability.  This creates a positive feedback loop, where the initial reaction of 

adopting rainwater harvesting leads to a set of effects that reinforce the need to continue to 

implement rainwater harvesting systems at more households. 

Finally, decentralization of the water supply impacts the operations and performance 

of drinking water infrastructure.  For a reservoir located below grade of the water distribution 

system, water surface levels directly influence the amount of energy needed to pump water to 
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transport it uphill to the community.  Shifts in demands have non-linear effects on the pipe 

network hydraulics, and new flow patterns, pressures, and tank utilization may emerge.  

Management challenges may arise as performance and operating metrics vary outside of 

expected design ranges.  

 

Figure 2.1 Causal loop diagram of feedbacks in a decentralizing urban water supply system.  

Performance of the water distribution system is affected by the volume of water withdrawals 

and reservoir levels. 

 

2.4 Modeling a Decentralizing Urban Water System: An Agent-Based Modeling 

Framework 

Simulation models and computational tools that are readily available for studying 

water resources systems consider technical and social elements of an urban water system as 

separate systems [87] and calculate water consumption using static demand functions [49]. 

These models can provide snapshots of the performance of technical components at discrete 
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stages in a transition, but provide limited insight to the emerging dynamics between 

infrastructure performance and technology adoption.  

ABM is a computational modeling approach used to simulate the interactions among 

individual agents and a shared environment to study dynamic processes [7, 73, 48]. Agents 

follow simple mathematical rules to represent behavioral choices and decision-making. 

System-level properties emerge based on the interactions among the agents and the 

environment. ABM has been applied as a methodology for simulating large-scale 

sociotechnical systems [83], in which the interactions of technical and social sub-systems 

drive emergent macro-level properties.  

A number of studies have used an ABM approach for exploring the interaction 

between water resources and a community of urban consumers who adjust their consumption 

based on changes in prices, availability, and policy. ABM was applied to simulate 

heterogeneous water consumers as they adopt conservation measures in response to water 

restrictions and the influence of their decisions on water availability [39, 53]. ABM was also 

developed for urban water supply studies to simulate water conservation [91, 36], capacity 

expansion decisions [109, 110, 111], water allocation decisions [82, 59], and changes in 

water use as a response to water pricing policies [5, 77, 106]. The studies listed above couple 

models of consumers, managers, and resources; ABM is further developed in the study 

presented here to explore the interactions of these actors and the natural system with water 

infrastructure performance, as consumers adopt decentralized technologies. Panebianco and 

Pahl-Wostl [87] developed a conceptual ABM framework to explore the degradation in 

performance of a wastewater conveyance system that emerged due to the adoption of 
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decentralized wastewater technologies. As households adopted water reuse technologies, loss 

of flows in the sewer system forced the utility to discharge potable water into sewers to 

continue maintaining adequate flushing velocities.  Kotz and Hiessl [56] modeled these 

interactions by using an ABM approach to simulate consumers that adopt water reuse based 

on the fees for wastewater disposal and a sewage system operator that adjusts fees to recover 

the cost of operation.  

An ABM framework is developed in this research to simulate the adoption of 

rainwater harvesting and its effect on water resources sustainability and water infrastructure. 

Use of an ABM framework allows for spatially explicit and heterogeneous representation of 

each household, by simulating individual households as agents. While the adoption of 

consumers is shown as one step in the decentralization of a water supply system in Fig. 2.1, 

adoption is a complex process that occurs at the individual household level, rather than at a 

system or macro level. Household adoption exhibits complex behavior that is influenced by 

reservoir levels, which fluctuates as total system demand and runoff change. Households are 

located spatially with respect to the water distribution network and assigned to specific nodes 

for calculating network hydraulics and reflect spatially changing demands as household 

adopt rainwater harvesting systems. 

The ABM framework for simulating the decentralizing urban water supply system is 

described below (Fig. 2.2). Each household is represented as an agent and exchanges 

information with engineering models of the reservoir and the water distribution system. The 

modeling framework was developed using the AnyLogic simulation framework [125], which 
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is a visual simulation software development environment for agent-based, system dynamics, 

and discrete event modeling. 

 

  

Figure 2.2 ABM framework couples household agents with hydrologic and water distribution 

system models.  Arrows indicate information that is passed between models. 
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2.4.1 Agent-Based Model of Consumers 

The household ABM is described here using elements of the Overview, Design 

concepts, and Details (ODD) protocol [43].  The ODD protocol facilitates description of the 

equations, rules, and scheduling used in an ABM by formalizing the model description as six 

components: model purpose; state variables and scales; process overview and scheduling; 

sub-models; initialization and input; and design concepts. 

2.4.2 Purpose 

The purpose of the ABM framework is to explore the relationships among the 

adoption of rainwater harvesting systems in a community, water availability, and the 

performance of water infrastructure systems. 

2.4.3 State variables and scales 

State variables characterize low-level entities, or agents, of the model.  Each 

household is represented as an agent and has parameters that define its attributes: number of 

members in a household (M), monthly indoor demand (Din), monthly outdoor irrigation 

demand (Dirr), monthly demand exerted on the centralized water distribution system (De), 

runoff (Rlot), roof area (Aroof), lawn area (Alawn), cistern size (C), and volume of water in the 

cistern (Vc).  A household agent can transition between two states: centralized consumer and 

adopter. Centralized consumers are households that have not installed rainwater harvesting 

systems and depend on the centralized water distribution system for water.  For centralized 

consumers, C and Vc are equal to 0.0, until it adopts a rainwater harvesting system. An 

adopter is a household agent that has installed a rainwater harvesting system and obtains a 

fraction of its outdoor water demands on-site. 
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2.4.4 Process overview and scheduling 

Model processes describe the procedures for updating state variables, sequencing of 

processes, and modeling time steps.  Each agent exerts indoor and outdoor demands on the 

distribution system, generates runoff, and determines to adopt a rainwater harvesting system 

at each discrete time step, which is modeled as a month. The order of operations is: demand 

values are calculated for each agent based on monthly precipitation (Eqns. 2.1-2.2); volume 

in the cistern is calculated (Eqn. 2.6); demand that is exerted on the system is calculated 

(Eqn. 2.7); runoff from lots is calculated (Eqns. 2.3-2.5); the external models are executed 

(watershed, reservoir, and water distribution models); adoption rates are updated, and each 

agent determines to adopt a rainwater harvesting system, which is installed for the next time 

step. 

2.4.5 Sub-models 

Sub-models include those developed to implement the rules that an agent uses to 

adopt rainwater harvesting, use water for indoor and outdoor purposes, and generate runoff 

and the external models used to calculate watershed hydrology, reservoir storage and water 

distribution system hydraulics. 

2.4.5.1 Agent Sub-models 

Adoption of Rainwater Harvesting Systems. At each time step, an agent selects to 

install a rainwater harvesting system based on a system-level adoption rate. The adoption rate 

is one of two predefined rates, controlled by reservoir elevation. When reservoir levels are 

above a threshold value, a low adoption rate applies; when levels drop below the threshold 

value, a high adoption rate applies. Each centralized consumer agent evaluates a randomly 
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generated number compared to the adoption rate, and determines if it becomes an adopter 

agent and installs a rainwater harvesting system.  

Indoor Demand. Indoor demand is simulated as 70 gpcd, based on the “Residential 

End Uses of Water Report” [71], which reports a national average of 69.3 gpcd. The demand 

per capita is multiplied by the number of residents in a household to determine the household 

indoor demand. Indoor demand (   ) is met by the centralized system, and the adoption of 

rainwater harvesting does not reduce indoor demand.  Indoor demand is calculated in gallons 

per month (gal/mo.):  

                
    

     
  (gal/mo.)     (2.1) 

Irrigation Demand. While indoor demands remain constant, outdoor demands vary 

monthly, based on the depth of precipitation and the landscape requirements. Outdoor 

demands are calculated using Eqn. 2.2, which is based on evapotranspiration modeling and 

water use calculations for landscaped areas [1, 23]. 

                         (gal/mo)     (2.2) 

where Dirr,m is the outdoor demand for irrigation during month m; Cplant is a 

dimensionless plant coefficient, ranging from 0.1 to 1.2, that corresponds to the amount of 

water (very low, low, medium, high, and very high) that is required by landscape plants; ETm 

is evapotranspiration (inches/month) during month m, which can be calculated using, for 

example, the Penman-Montieth equation. The product of Cplant and ETm is the calculation of 

plant water needs, and when the value is greater than the precipitation (             

     the deficit should be met by a water supply system. 
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Runoff. Each household agent generates runoff, based on the roof area and the lawn 

area. When an agent becomes an adopter, the runoff area is reduced to the lawn area. When a 

cistern overflows, the overflow is added to the lot runoff. A water balance equation is used to 

calculate total monthly runoff volume at each lot for adopter consumers using Eqns. 2.3-2.4: 

        

{
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(
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          (       (               )            )   (gal/mo) (2.4) 

  

For centralized consumers, the runoff is calculated as:  
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              (gal/mo) 

(

(2.5) 

where Rlot,m is the volume of runoff from each lot in month m; Closs is a dimensionless loss 

coefficient, similar to the runoff coefficient used in the Rational Method and representing the 

rainfall excess minus losses; ORHS,m is the volume of overflow from the cistern in month m; C 

is the size of the cistern; and Vc,m is the volume of water in the cistern at month m (gal).  The 

approach represented by Eqns. 2.3-2.5 is a simple conceptual water-balance model similar to 

methods described by the American Society of Civil Engineers [2] and Dingman [28], in 

which the outflow, or runoff, is calculated as precipitation less evapotranspiration, while 

neglecting soil moisture effects and groundwater storage.  Evapotranspiration is calculated as 

the demand for landscape irrigation, shown above in Eq. 2.2. A fraction of the surface runoff 
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volume is assumed as loss; Closs is a factor used to adjust for the loss. In residential areas, 

roof areas contribute as part of the drainage area for households without rainwater harvesting. 

For households with rainwater harvesting, runoff from the roof area is stored in the cistern, 

up to the capacity of the cistern, and the roof area does not contribute directly to the runoff 

flow. Overflow volumes from the rainwater cistern that are in excess of the storage capacity 

are assumed as routed through a storm sewer system and added as inflows to the reservoir.  

Exerted Demand.  The demand that a household agent exerts on the centralized water 

supply system is reduced if the agent uses water from the rainwater harvesting system for 

irrigation demands. The volume of water that is available in the cistern for meeting irrigation 

demands in the current month is equal to the storage available at the previous month, less the 

water that was used to irrigate the lawn in the previous month, in addition to the rainfall from 

the roof area for the current month: 

     

{
   (         (                   )          )                     

   (                 )           
}

 (gal)           (2.6) 

Therefore, the volume of demand, De,m that is exerted on the centralized water supply 

system each month m is:  

             (                      ) (gal/mo)  (2.7)  

2.4.5.2 Watershed Sub-model 

The watershed area may include other land uses.  Runoff from the vegetated areas, 

such as parks, is calculated using the approach shown in Eqn. 2.5: 
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            {

                                 

                    

           

       (gal/mo)     (2.8) 

where Rlanduse,m is the volume of runoff from a vegetated area in month m; Alanduse is 

the land area; and other variables are defined above. The watershed model aggregates runoff 

from centralized consumers, adopter agents, and a vegetated area to calculate the total 

monthly runoff.  Other land uses, such as industrial and impervious surfaces can be 

represented using the same approach and will not include the term for plant water needs. 

2.4.5.3 Reservoir Sub-model 

Reservoir storage is calculated on a monthly time-step using the continuity equation:  

            ∑ (               )                 
 
    (gal) 

(2.9)
 

where SR,m is the volume of water stored in the reservoir at month m; Rlot,m,i and De,m,i are the 

runoff and demand exerted on the water distribution system during month m for agent i; N is 

the number of household agents in the community; and OR,m is the reservoir outflow for 

month m. Reservoir overflows occur when the water level within the reservoir exceeds a pre-

defined control elevation.  At each month, excess capacity is released from storage to return 

the reservoir level to the control elevation. 

2.4.5.4 Water Distribution Sub-model 

Hydraulics in the water distribution pipe network is simulated using EPANET [93], 

which is a hydraulic and water quality model that represents system elements including 

reservoirs, pump stations, elevated water storage tanks, junction nodes, demand nodes, and 

connecting pipes.  Demands of agents are aggregated at nodes, and a demand pattern is used 
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to model fluctuation in the diurnal time series.  At each time step, nodal demands are updated 

using a demand factor that accounts for reduction in demand as agents adopt rainwater 

harvesting systems. The demand factor is calculated for each month as: 

      
∑       

  
   

∑ (                           )
  
   

     (2.10) 

where      is the demand factor for node n at time step m, and    is the set of all 

agents that exert demand at node n.          is the indoor demand of agent i at time step m; 

and          is the total outdoor demand of agent i at time step m;        is the volume of the 

demand of agent i at time step m that is exerted on the water supply system; and         is the 

lawn area for an agent i. The demand at each node is updated as the product of the demand 

factor and the base demand at the node, at each time step. 

2.4.6 Initialization and Input 

All household agents are initialized as centralized consumer agents and assigned 

values for lot size, cistern size, and roof area. 

2.4.7 Design concepts 

Design concepts describe key characteristics specific to ABM [90]. Design concepts 

applicable to the model include: emergence, interaction, sensing, stochasticity and 

observation. Emergence refers to the complex and unpredictable model outcomes and 

dynamics that arise from the behavior and interactions of the agents and model components. 

Reservoir storage and water distribution system hydraulics exhibit emergent behavior. 

Reservoir volumes emerge based on multiple interactions and feedback.  Total runoff and 

demand volumes represent the aggregate from individual households and change as 
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households adopt rainwater harvesting. Total runoff and demand volumes determine 

reservoir volumes, which in turn, influences household adoption rates. Water distribution 

system hydraulics also exhibit emergent properties based on adoption decisions made by 

households and the associated changes in demands they exert on the distribution system and 

their spatial location with respect to the network. Furthermore, water distribution system 

hydraulics is non-linear due to the governing physical equations of pipe flows and the 

presence of pumping and storage, which introduce discontinuous and discrete operations.  

Consumer agents do not interact directly through word-of-mouth communication or 

passing messages, but they interact indirectly through a shared resource.  Specifically, agents 

that adopt rainwater harvesting can reduce or increase the need for other agents to change 

their water use.  This is an instance of the tragedy of the commons [45], where incremental 

decisions of individuals affect resource availability of successive decisions.  Agents are 

located spatially to specify their interactions with the water distribution network at nodes. 

Sensing refers to the manner in which agents acquire knowledge and consider 

environmental variables in adaptive decisions. The primary decision made by agents is that 

of adopting rainwater harvesting, which is influenced by an agent’s observation of the 

reservoir storage volumes. Stochasticity introduces variability in the modeling process. 

Stochasticity is included in the adoption of rainwater harvesting systems. Each centralized 

agent generates a random number at each time step, and if it is less than the adoption rate, 

that agent adopts a rainwater harvesting system. Observation refers to model outputs and 

outcomes that are assessed and analyzed to study dynamics in the system. At each time step, 
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the number of homes that adopt rainwater harvesting systems, the reservoir surface level, and 

water distribution system metrics are recorded. 

 

2.5 Illustrative Case Study: D-Town 

A case study is built using data that describes a virtual city, D-Town [97, 65], and is 

used to demonstrate the ABM framework. Salomons et al. [97] provide the drinking water 

distribution data and model, and the hydrologic and population data are constructed here. D-

Town is placed near Houston, TX, to generate necessary water demand and climate 

parameters. Each household agent is initialized with three residents per household, based on 

the average U.S. household size of 2.6 residents [115]. The resulting indoor demand per 

household is 210 gallons per day, or 6,300 gallons per month. Each household occupies a lot 

of 8,700 ft
2
.  The roof area is 2000 ft

2
, and the outdoor area (6,700 ft

2
) is landscaped using 

vegetation that requires high irrigation (Cplant = 0.8). Average monthly rainfall depths for the 

Houston area and outdoor irrigation demands were obtained from the Texas Water 

Development Board Rainwater Harvesting Calculator 

(http://www.twdb.state.tx.us/innovativewater/rainwater/doc/TWDB_Rainwater_Calculator_v

2.0.xls), which uses the approach shown in Eqn. 2.2 for calculating demands (Fig. 2.3). 

Based on demands and demand patterns in the EPANET input file for D-Town, the total 

number of households is 8,357 households with an average daily demand of 720 gpd/home. 

Each household is represented as an agent, resulting in 8,357 agents.  
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Figure 2.3 Monthly rainfall and landscape water requirements for households in D-Town 

 

The D-Town water distribution network is a pumped system consisting of five 

pressure zones that include 398 junction nodes, 443 pipes, seven storage tanks, five valves, 

11 pumps, and one reservoir source (Fig. 2.4).  Within each zone, storage tanks float on the 

system, fed by a pump station consisting of two or more pumps. Pumps are controlled by 

tank level elevations (Fig. 2.5). The model is setup for execution of a 168-hour EPS 

simulation using 1-hour hydraulic calculation time steps and 15-minute time steps for water 

quality calculations. The EPANET input file of the model was modified to remove errors and 

warnings that occur in extended period simulation (EPS): an additional pump is included at 

pump station 1, and 46 pipe diameters have been increased (described in detail by Kandiah et 

al. [52]).  

D-Town is simulated within one watershed, and all household lots and a park area 

(320 ac.) contribute runoff to a water supply reservoir. The value for Closs is 0.90. The 
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reservoir is represented as an inverted pyramid, with corresponding stage-storage curves. 

Reservoir overflow occurs when the reservoir volume exceeds 310 million gallons (Mgal), 

and the control elevation for changing the rate of adoption is at 158 Mgal (approximately 

50% of storage). Cisterns are sized using guidelines provided by the Texas Water 

Development Board [105], which lists common cistern designs that range from 50 to 37,000 

gallons, constructed of fiberglass, polypropylene, wood, and concrete. Households that adopt 

rainwater harvesting install cisterns that store 9,000 gallons per month, and the performances 

of a range of cistern sizes are explored in Section 7. A storage volume of 9,000 gallons per 

month represents the smallest storage volume (rounded up to the nearest 1,000 gallons) 

required for a cistern to be able meet all outdoor demand requirements when evaluated using 

a monthly water balance approach. The cistern storage is given in gallons per month because 

calculations are made at a monthly time scale to calculate total demands and runoff from the 

watershed.  A cistern that is sized at 9,000 gallons per month may be approximately 

equivalent to a 300-gallon cistern, if the cistern were filled and emptied on a daily basis.  

Because of irregular rainfall and water use patterns, cisterns may be filled and emptied once 

or twice per week.  Future research can update the model to run for a smaller time step to 

calculate the equivalent size for the rainwater harvesting cistern that would be needed if the 

cistern were filled and emptied on a realistic time scale, such as a daily or weekly event.  
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Figure 2.4 D-Town Water Distribution System.  Dark circles represent nodes; Tanks are 

labeled T#; pump stations are labeled S#. 
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Figure 2.5 Pump operations are controlled by water levels in corresponding tanks.  Boxes 

represent tanks, and shaded bands represent the relative tank levels at which pumps are 

activated, using rules shown in the legend. Tanks dimensions are normalized, and band of 

pump operation is shown to scale, with respect to tank dimensions.  

 

2.6 Simulation Results  

The ABM framework is executed to simulate a 20-year period in monthly time steps.  

The average rainfall pattern for Houston (Fig. 2.3) is applied each year.  All household agents 



31 

begin as centralized consumers. An adoption rate of 0.1% is used if the reservoir level is 

above the control elevation. This means that each month on average 0.1% of the centralized 

households adopt rainwater harvesting. The adoption rate increases to 2% if the reservoir 

drops below the control elevation. 

For the first eight years of simulation, the reservoir volume falls (Fig. 2.6a).  In the 

first year, the reservoir volume is below the threshold value for three months of the year, and 

this increases to five months in each year, for years 4-12.  The depletion of the reservoir 

slows each year as the number of Adopter Agents increases (Fig. 2.6b).  During the eighth 

year, the reservoir volume stabilizes and begins to increase. In the remaining years, the 

storage drops below the control threshold in two months each year.  
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Figure 2.6 Dynamics of the water resources system over a 20-year planning horizon: (a) 

average annual reservoir storage, and (b) fraction of households that adopt rainwater 

harvesting systems 
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2.6.1 Effects on Infrastructure Performance 

As centralized consumer agents become adopter agents, the change in demand affects 

the water distribution system infrastructure, and the impacts are evaluated through hydraulic 

simulations. Demands show seasonal variability, and demands peak during the month of July 

due to outdoor demands. The EPANET water distribution model is executed using demands 

from the month of July to evaluate changes in water distribution network conditions under 

peak demand conditions. Each simulation is executed using the default simulation duration 

provided in the model input file of one-week (168 hour). The first 24 simulated hours are 

used as a warm-up period to allow the system to reach equilibrium, and results are shown 

based on hydraulics during the last 144 hours of the week (hours 24-168).  Demands in July 

reduce to 65% of the original value by year 20 of simulation (Fig. 2.7), because 78% of the 

population has adopted rainwater harvesting (shown in Fig. 2.6b).  

Reduction in demand causes the emergence of new hydraulic conditions in the 

network, which are observed in the fluctuation of component operations. The total outflow at 

each pump station decreases over the simulated period to provide the changing demands 

required by the network (Fig. 2.8).  The operation of individual pumps and tanks are 

interconnected and show complex changes with changes in water withdrawals.  Pumps are 

switched on and off by tank level changes, and tank level dynamics are influenced by the 

number of pumps and the timing of pump operations.  
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Figure 2.7 Total demand exerted on the water distribution system is calculated as the sum of 

all demands over a 144-hour period in July. 

 

Tanks T1, T4, T6, and T7 are each fed by a pump stations that consists of multiple 

pumps that are activated and turned off at varying ranges of tank water levels within each 

respective tank (tank water levels are shown as bands in Fig. 2.5). As shown in Fig. 2.9a, the 

capacity of the tank that is utilized during a 144-hour period decreases over the 20 years for 

Tanks T1, T4, T6 and T7.  Water age increases for these tanks as a result of reduced turnover 

in the tanks (Fig.2. 9c).  The tank capacity utilization stabilizes into a distinct set of water 

levels (Fig. 2.9a), which drive the combination of pumps that feed these tanks. For example, 

at the beginning of the simulation period, Tank T4 supplies demands within its zone through 

the operation of Pumps P6 and P7 at Pump Station S3 (shown as number of pump starts in 

Fig. 2.10). Over the simulation period, demands within the zone decrease, and the 

combination of one pump and the tank are sufficient to supply demands.  Tank T4 levels 

initially fluctuate between a low level of 2m and a high level of 4m. This initial operational 
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range activates both Pumps P6 and P7. In later stages of the simulation, Tank T4 levels 

transition and fluctuate in a reduced range with a new low level of 3m and a high level of 4m. 

This operational range uses Pump P7, while Pump P6 remains inactive (Fig. 2.10). 

Pump Station S1 shows a transition similar to the transition of Pump Station S3.  At 

Pump Station S1, Pumps P15, P3, P1, and P2 are activated as the level of Tank T1 drops 

(shown in Fig. 2.5). At the end of the simulation period, Pumps P1 and P2 are used 

infrequently (Fig. 2.10), because Tank T1 levels remain high. Similarly, for Pump Stations 

S3 and S5, due to reduction in demands, pumping shifts to a pattern where only the lead 

pump is used and the lag pump is not used, and the lead pump experiences an increase in the 

number of on and off cycles. Pumps P15, P3, P4, P7, and P10 are lead pumps within their 

respective zones and show an increased number of starts. Pumps P1, P2, P6, and P11 are lag 

pumps and show a reduction in starts.  
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Figure 2.8 Sum of outflows over 144-hour period in July at Pump Stations S1, S2, S3, S4, 

and S5. 
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Figure 2.9 Comparison of tank behavior, shown as (a) the range of tank level fluctuations, (b) 

total outflows, and (c) average water age.  Values are calculated for a 144-hour period in 

July. 
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Figure 2.10 Number of pump starts during a 144-hour period in July. 
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2.6.2 Stochasticity in Simulation 

The ABM framework includes a stochastic component, as each agent evaluates the 

decision to install a rainwater harvesting system based on a random number.  The model was 

executed for five random simulations to evaluate the variation in results, based on the 

random component. The final state of the system for each of the trials is similar: across the 

seven tanks, the variation in average water age during the last 144-hour simulation for year 

20 is less than 7%, and the variation in the total outflows from each tank is less than 11%.  

The total outflow from each pump varies less than 5%, except for Pumps P1 and P2, where 

total outflow among the five trials varies up to 60%.  These two pumps interact tightly 

because the tank levels that activate the two pumps overlap; additionally, these pumps 

contribute only a small percentage of the volume of water that is pumped at Pump Station S1.  

The variation in total pumping volume at year 20 for Pump Station S1 is 2.5%, across the 

five trials. 

The calculations above demonstrate that each independent simulation of the transition 

of the system ends at similar points.  The transition of the water supply system is path-

dependent, where the water storage at each period depends on the ordered set of all previous 

levels of water storage. Each simulation has a path, or history of system dynamics, to lead to 

its final state, and this path among the five simulations is also similar.  For example, Tank T4 

transitions from a wide operational range of tank utilization (2m-4m depth of storage) to a 

smaller range (3m-4m depth of storage) between years 8 and 12 in all five simulations (Fig. 

2.11a). Changes in outflows and water age show similar paths in each of the random 

simulations (Figs. 2.11b and 2.11c, respectively).  Pumps P6 and P7 at Pump Station S3 are 



40 

interconnected to Tank T4, and the pumps and pump station show very little variation in the 

change of operations across the five simulations (Fig. 2.12). The stochasticity that is inherent 

in the adoption of rainwater harvesting systems leads to stochasticity in the demands that are 

exerted over time, but significant variations between simulations are not seen at the level of 

network pressure zones (represented at tank-pump station combinations).  For the simulation 

runs here, agents have homogeneous attributes and adopt rainwater harvesting systems 

uniformly, which may generate similar paths among simulation trials.  Including realistic 

values to represent heterogeneity in individual attitudes, behaviors, lot sizes, and roof sizes 

may create a larger amount of variance among a set of independent simulations.  

 

 

 

Figure 2.11 Tank T4 behavior for five simulation trials.  Each line represents output from one 

simulation, which is a 144-hour period simulation in the month of July: (a) range of tank 

level fluctuations, (b) total outflows, and (c) average water age. 
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Figure 2.12 Pump P6 and P7 and Pump Station S3 flows for five simulation trials. Each line 

represents output from one simulation, which is a 144-hour period simulation in the month of 

July.  

 

2.7 Sensitivity Analysis 

2.7.1 Cistern Size 

The size of cistern that is installed when a household adopts rainwater harvesting 

affects the reservoir storage and water distribution system performance, and a set of tank 

sizes ranging from 2,000 to 20,000 gallons per month are evaluated to evaluate the sensitivity 

of results to the tank size (Fig. 2.13 and 2.14). Each tank size stabilizes reservoir levels 

within the 20-year simulation period, where reservoir storage decreases until a critical 

percentage of the population adopts rainwater harvesting systems, and then reservoir levels 

recover and are sustained.  By using larger cistern sizes, up to 9,000 gallons, system-wide 

demands from the reservoir can be better controlled and reduced more significantly (Fig. 

2.13). The reduction in demand is marginal for cistern sizes greater than 9,000 gallons.  For 

the combination of hydrologic and household parameters (lawn and roof area) evaluated, the 
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highest monthly outdoor demand occurs in July and has a value of close to 8,500 gallons.  

Therefore, a 9,000 gallon cistern provides near-optimal storage volume for this particular 

maximum monthly outdoor demand, and larger volumes stored by cisterns are not needed in 

any month. 

The total runoff exhibits a similar behavior (Fig. 2.14). Runoff decreases as cistern 

sizes are increased from 2,000 to 9,000 gallons, and the decrease in runoff for cisterns larger 

than 9,000 gallons is negligible. Over a 12-month period, close to 59,500 gallons of rainfall 

runoff are collected on the roof area of each house. Small cisterns, such as the 2,000 gallon 

cistern, even when adopted widely within the watershed, have relatively limited impact on 

total watershed runoff.  The largest volume of water that is stored and used for watering is 

approximately 8,500 gallons; therefore, storage volumes in excess of 9,000 gallons are not 

utilized, resulting in the marginal reduction of runoff beyond 9,000 gallons per month, as 

shown in Fig. 2.14.  
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Figure 2.13 Total demand of households exerted on the D-Town water distribution system 

for cistern sizes (cistern volumes in gallons stored per month). 

 

 

Figure 2.14 Runoff from D-Town watershed to the reservoir for cistern sizes (cistern  

volumes in gallons stored per month).                                        
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2.7.2 Adoption Rate 

Adoption rates also play a significant role in the dynamics of the recovery of reservoir 

storage.  There are few studies available that report adoption rates for rainwater harvesting 

systems. Data about the penetration of rainwater harvesting in South East Queensland, 

Australia reports an increase from 8% of households in 2004 to 40% of households in 2008 

[120], corresponding to a 3% monthly adoption rate. Adoption was encouraged through 

demand management programs and water restrictions initiated in a drought-prone region.  

Using the value inferred from [120] as an upper bound for adoption, adoption 

scenarios are constructed from combinations of low and high adoption rates (Table 2.1). The 

adoption rates fall into one of two categories: those that lead to stabilization of the reservoir, 

and those that cannot prevent eventual depletion of the reservoir storage. As shown in Table 

1, if the low adoption rate is 0.1%, then a high adoption rate of 0.75% will lead to reservoir 

stability. However, if the low adoption rate is reduced to 0.01%, then a larger high adoption 

rate of 1.0% is required to reach system stability. As shown in Fig. 15, demand reduction at 

the end of the 20-year period varies by 5% among the five scenarios that stabilize the 

reservoir.  The scenarios that do not stabilize the reservoir dynamics have a low adoption rate 

of 0.1% and a high adoption rate less than 0.75%; or a combination of a low adoption rate of 

0.01% and a high adoption rate less than 1.0%.   
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Table 2.1 Impact of adoption rates 

Run Low Adoption 

Rate (%) 

High Adoption 

Rate (%) 

Ratio of Increase 

in Rate between 

Low and High 

values 

Effect on 

Reservoir 

Levels 

1 

(Base Case) 

0.1 2 20 Stabilize 

2 0.1 1 10 Stabilize 

3 0.1 0.75 7.5 Stabilize 

4 0.1 0.50 5 Decline 

5 0.01 2 200 Stabilize 

6 0.01 1 100 Stabilize 

7 0.01 0.75 75 Decline 

8 0.01 0.50 50 Decline 
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Figure 2.15 Change in demands for runs that stabilize reservoir levels. 

 

2.8 Discussion 

The ABM framework simulates the evolution of water availability and system 

performance for existing water infrastructure due to widespread adoption of household 

rainwater harvesting. The transition of water distribution network hydraulics is simulated 

using demands that are temporally and spatially explicit, reflecting dynamic household water 

use behavior. Results demonstrate the potential impacts on the performance of tanks and 

pumps during decentralization. Tanks play an important role in water distribution systems, by 

maintaining system pressure, providing equalization storage, and affecting water quality 

[117]. The three functions are impacted as the system transitions, and tank level distributions 

are modified.  Similarly, pump operations change through an increase in the number of start 

and stop cycles.  Primary pumps are run for shorter durations, and secondary pumps are not 
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utilized. An increase in pump starts can increase the required pump maintenance, effecting 

infrastructure life cycles and maintenance costs. In evaluating the performance of pumps and 

tanks under changing loading patterns, no modifications were made to component parameters 

or to operation strategies.  As utility managers observe that a system is functioning sub-

optimally, they adapt pump and tank operation controls.  The ABM framework developed 

here does not simulate updated control strategies that operators may take, but provides an 

approach to quantify the change to infrastructure performance that may occur due to 

consumer decision-making.  The framework can be extended to include ABM of utility 

managers as they adapt operational control strategies, and the framework can be used to 

assess and optimize infrastructure designs for potential future scenarios where 

decentralization is expected and new control strategies will be implemented.   

Coupling models of diverse water sectors involves the challenge of integrating 

systems that are typically simulated using disparate temporal and spatial scales [34]. Using 

the smallest common unit of time can increase complexity without increasing accuracy, and 

may be limited by the availability of data. This approach aggregates household adoption of 

rainwater harvesting systems and hydrologic processes at monthly time scales and across the 

entire watershed. Demand changes are aggregated at nodes, and impacts on water distribution 

system hydraulics are simulated using a standard time scale of one hour [93].  To better 

evaluate the size of rainwater harvesting cisterns as they would be implemented at 

households, the modeling framework can be updated to calculate demands and water use at a 

daily or weekly scale. 
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Modeling assumptions that have been used can limit the accuracy of the model 

results. Time-varying demands are represented in the hydraulic water distribution system 

model using a typical diurnal pattern. The diurnal pattern is retained for households that 

adopt rainwater harvesting, and the base demand is reduced. Diurnal patterns, however, may 

change with the adoption of rainwater harvesting systems [60]. More accurate representation 

of diurnal demands from homes that have adopted rainwater harvesting systems can be 

developed by adjusting demand multipliers for the periods of a day when outdoor watering is 

prevalent. Agents are simulated as homogenous; extensions and applications of the 

framework can explore heterogeneity in household parameters, such as residential density 

(number of residents per household), socio-economic factors, demographics, water 

consumption, lot area, roof area, and cistern sizes, based on data about a specific case study 

to characterize the system more realistically. The population is assumed to remain constant 

for the duration of the simulation. More accurate representations of population dynamics can 

be used; the ABM framework provides the capability to dynamically add, or remove, agents 

during simulation to reflect changes in population and associated changes in number of 

households. Finally, total household water use is assumed to remain constant. This 

assumption can be revised by incorporating case-specific data on changes in water use over 

time due to updating appliances, for example, and by incorporating water use forecast models 

in the calculation of demands.  

The ability to include properties such as autonomy, reactivity, social ability, 

proactivity and intentionality [123, 40] in agents makes ABM a valuable tool for simulation 

of social systems. Homeowners have been represented using simple rules in this framework 
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and do not possess social ability, proactivity, or intentionality. Social ability describes the 

ability of agents to communicate and interact with each other; proactivity describes the 

ability of agents to take the initiative and not only act in a reactive manner; and intentionality 

refers to having agents simulate aspects of human intentions such as belief, desire and 

motives [123, 40]. These properties can be added to make the agent decision-making process 

and behaviors more realistic.  To develop agents that can realistically simulate the decision-

making process involved in the adoption process requires knowledge and understanding of 

socio-economic characteristics of the actual community members being simulated, and an 

understanding of social networks and communication within the community [92]. ABM 

frameworks described by Panebianco and Pahl-Wostl [87] and Schwarz and Ernst [100] 

provide examples of developing more realistic social agents to simulate adoption of water 

savings technology. 

 

2.9 Conclusions 

The transition of urban water infrastructure systems from centralized to decentralized 

management is a complex evolutionary process. Within an existing centralized system, 

individual water consumers can drive the system towards a decentralized system by adopting 

new water technologies, such as rainwater harvesting. Managing urban water systems is 

complicated by strongly coupled relationships that exist among human, technical, and natural 

systems. Traditional modeling and analysis methods may be limited in exploring the effects 

of interactions at multiple spatial and temporal scales on the dynamics of water availability 

and infrastructure performance. Dynamic modeling approaches, such as ABM, are suited to 
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provide in-depth analysis of interactions and their relationship with system-level, or macro, 

properties. ABM is a natural framework for simulation of emergent properties, which are 

generated from a bottom-up process. 

The ABM framework developed here couples agent-based simulation of household-

level adoption of rainwater harvesting systems with engineering models to simulate the 

dynamic and non-linear interactions between consumers and engineering infrastructure as 

urban water system transition from centralized to decentralized systems. This research 

demonstrates the use of ABM to simulate sociotechnical transitions in the water use culture 

and infrastructure of a community. The application of the framework to a case study 

demonstrates the ability of the proposed approach to simulate the transition of water system 

infrastructure systems based on changing household water use behavior. The model serves as 

a conceptual and explanatory tool that demonstrates an approach to explore the dynamics of 

water supply.  New insight is generated through simulations about possible infrastructure 

impacts as urban water systems transition towards decentralized systems. The framework 

provides the basis for further computational modeling to evaluate the performance of 

management strategies such as operational changes, technological improvements, new 

directives, and rate changes. The ABM framework can be applied to design operational plans 

that allow centralized infrastructure to continue to deliver acceptable water services that 

continue to meet required performance criteria, even during periods of transition. 

This framework can benefit utility planners and managers by providing an improved 

system level understanding of systems in transition. With further development, the 

framework can be used to provide insight for exploring transition pathways and support the 
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decision-making process in real urban water supply systems and help develop adaptive 

management strategies to enable the transition towards decentralized systems. The watershed 

rainfall runoff and reservoir models can be replaced with descriptive and calibrated models 

of the actual system. The adoption of demand reduction strategies may have unforeseen and 

potentially negative impacts on additional interconnected infrastructure systems, including 

wastewater and stormwater sewer systems [67]. The ABM can be refined using empirical 

data for case-specific population behavioral norms and incorporating social science 

knowledge and theory to provide realistic representation of the process of adoption of 

rainwater harvesting systems and decentralized water reuse technologies. 
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CHAPTER 3 

A Cellular Automata Modeling Framework for  

Urban Water Reuse Planning and Management 

 

3.1 Abstract 

Water reuse provides a sustainable approach to balance water supply and demand in 

urban areas, and reclaimed water can be used for non-potable applications to reduce demands 

on freshwater sources. Construction of a secondary network is required to distribute 

reclaimed water.  Implementing water reuse projects on a wider scale is challenged by the 

need for community-wide public acceptance and adoption, which may be a dynamic and 

adaptive process. The adoption of new water infrastructure can drive hydraulic conditions in 

both the reclaimed network and an existing drinking water network. This research develops a 

dynamic modeling framework using a cellular automata (CA) approach to simulate consumer 

adoption of reclaimed water. The framework couples the CA model of consumer adoption 

with water distribution system models of the drinking and reclaimed water systems.  

Emergent distribution system hydraulic conditions are simulated, and the capacity utilization 

and system performance are evaluated as consumers adopt water reuse. The Town of Cary, 

North Carolina, is used as case study to develop and demonstrate the modeling framework. 

The CA parameters and rules are developed and validated using data about the addition of 

new accounts for the period 2001-2012. Projected water reuse adoption is simulated in Cary 

for the period 2012-2030, and impacts on the existing drinking water infrastructure and 

planned reclaimed water infrastructure are evaluated. 
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Keywords: complex adaptive system, diffusion of innovation, dual system, sociotechnical 

transition, urban water management, water reuse 

 

3.2 Introduction 

Urban water demands are typically met through withdrawals from nearby freshwater 

bodies or imported water from neighboring basins. During the 20
th

 century, the growth of the 

U.S. urban population placed increasing levels of stress on local freshwater supplies, and 

projections of continued population growth and climate change indicate that pressure on 

water resources will continue to increase [81]. Tension between urban water supplies and 

demands necessitates a reexamination of conventional water management strategies, and 

water reuse may provide an effective alternative to manage demands [4, 96]. Programs that 

treat and reuse wastewater (also called reclaimed water) typically have one of two purposes: 

(1) creating a new source of water and reducing demands on freshwater resources and (2) 

reducing the discharge of nutrient-rich effluent to receiving bodies. 

Many communities that are currently practicing water reuse have implemented 

projects at a small scale and with limited scope, such as providing water for cooling 

industrial equipment and irrigating golf courses, municipally owned parks, and landscapes 

near wastewater treatment plants. To find increasing water savings in urban areas through 

water reuse, new projects can focus on providing recycled water for wide-scale distribution 

[80]. To provide reclaimed water on a wider scale, to a greater portion of the community, 

will require construction of a secondary network, in addition to the potable water system, to 

provide reclaimed water at residences and businesses for non-potable uses. Wide-scale 



54 

projects, however, pose greater challenges than projects that serve a small number of 

industrial and governmental customers, as large water reuse projects rely heavily on public 

acceptance and participation [88, 63], which have been historically negative [95]. In addition, 

wide-scale projects require an integrated water management approach to coordinate new 

infrastructure with plans for maintaining and expanding the existing drinking water, storm 

water, and wastewater infrastructure systems [74], [33]. 

Transitions in both the existing engineered infrastructure and the water use culture are 

needed to integrate water reuse in an existing water supply system. The adoption of water 

reuse technologies and behaviors in a community and the integration of a reclaimed water 

system within a water supply system are interdependent processes in a sociotechnical 

transition [38]. Though consumers may be wary of recycled water, studies of reclamation 

systems in Australia, Florida, and California, which are leaders in implementing water reuse 

programs, reveal that consumer perceptions towards water reuse can change over time based 

on increased familiarity, interactions, and experience [13, 31].  As reclamation infrastructure 

is constructed and reclaimed water services are adopted, hydraulics and flows in drinking and 

wastewater systems are impacted by reductions in potable demands. Significant changes in 

these demands can lead to changes in the operation and performance of water distributions 

systems. Operational settings, maintenance schedules, and capacity expansion plans should 

be reassessed, since those identified during the design and planning phase might not be 

optimal anymore due to changed operations [60, 107]. 

The research described here develops a modeling framework for integrating the social 

processes and infrastructure design that drive the performance and development of a water 
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reclamation dual system.  This modeling approach simulates consumer reclaimed water 

adoption and the associated demand changes and emergent hydraulics in both drinking and 

reclaimed water systems to provide insight for the planning process. A cellular-automata 

(CA) based model is developed to simulate the dynamic and adaptive process of household 

adoption of reclaimed water. Development of the CA model draws on theory from the 

diffusion of innovations [92], which posits that innovations spread through a social system 

due to both mass media or news coverage and conversations between consumers. As 

households adopt water reuse, demands that they exert on the potable and reclaimed water 

systems are updated. The CA model of households is coupled with distribution system 

models to simulate the expansion of the reclaimed water system and changing hydraulics in 

the potable water distribution system. The framework is applied to simulate the adoption and 

establishment of household reclaimed water services within the dual distribution system, in 

the Town of Cary, North Carolina. Historical data from Cary is used in developing and 

calibrating the CA model. The CA modeling framework is applied to evaluate water reuse 

service expansion scenarios and evaluate the associated impacts on existing drinking water 

and planned reclaimed water infrastructure. 

 

3.3 Diffusion of Innovation for the Adoption of Non-Potable Water Reuse for 

Residential Application 

Reclaimed water is not an essential service, and its use is typically not mandated by 

municipalities.  Instead, consumers use reclaimed water on a voluntary-use basis, as a 

substitute for potable water for use in outdoor irrigation. Utilities rely on market mechanisms 
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such as favorable pricing compared to potable water, rebates, and public information 

campaigns that highlight the environmental and sustainability benefits of water reuse to 

encourage adoption of water reuse [4]. Social factors play a key role in determining 

consumer perceptions and attitudes regarding water reuse [13, 31].  

The theory of diffusion of innovation [92] provides a framework to study the spread 

of water reuse within a community and aid in planning for expansion of reclaimed water 

systems. Diffusion of innovation refers to the wide-spread adoption of new products, ideas, 

or practices within a community over time. The process of diffusion is characterized as a 

contagious process that depends on external and internal factors. The external factor is 

independent of the number of adopters (and potential adopters) and represents the influence 

of advertising, mass media and public information campaigns. The internal influence factor is 

a function of the number of adopters and represents the positive influence that adopters have 

on potential adopters through word-of-mouth communication [10, 55]. The process of 

diffusion is initially driven by external factors, and, after a certain percentage of the potential 

adopter population has adopted, internal factors drive the process of adoption. Peer networks 

are activated, and both positive and negative information is exchanged through social 

networks. As the number of adopters increases, knowledge about the innovation and the rate 

of adoption increases cumulatively within the system. Complete diffusion, or saturation, 

occurs when all of the potential adopters adopt the innovation [19]. 

The diffusion of innovation has been simulated using aggregate models, which 

represent the adoption of innovations as an “S”-shaped curve [10]. Individual-based models 

have also been applied for simulating the diffusion of innovation process, and they provide a 
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more flexible model structure to describe the diffusion process based on the actions and 

interactions of individual adopters. Individual-based models, such as agent-based models 

(ABM) and cellular automata (CA) models, can explicitly represent heterogeneity in the 

adopter population, social structure, and communication networks [55, 37]. CA models are 

dynamic spatial models for simulating complex adaptive systems, by representing a 

landscape as a grid of cells [121]. Cells represent the fundamental unit that is used to divide 

the system space or landscape, and cells are the unit at which computation occurs [32]. A cell 

is characterized by its state and transitions among states at discrete time steps using a 

transition rule that is based on state of the cell and the state of its neighboring cells [85]. CA 

models can simulate the emergence of complex global patterns based on local interactions 

among neighboring cells [12] and have been used extensively in urban planning because of 

their ability to represent spatial and temporal processes through a relatively simple and 

intuitive model structure [98, 102, 11, 119, 12].   

Recently, CA models have been developed to simulate the diffusion of innovation 

and applied to evaluate the impact of network structures on the diffusion process [19]; 

simulate and explain historic diffusion processes in the consumer electronics industry [41]; 

and simulate and predict the diffusion of mobile phones and landline phones in China [62].  

A number of studies in the field of water resources management and engineering have used 

individual-based models in exploring the use of diffusion of innovation theory in simulating 

adoption of sustainable and water savings technology. Galan et al. [36] developed an agent-

based model to evaluate the impacts of the adoption of water conservation technology and 

immigration on system demands. Panebianco and Pahl-Wostl [87] developed a conceptual 
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agent-based model framework to explore impacts on wastewater conveyance systems with 

diffusion of decentralized water technologies. Athanasiadis et al. [6] developed an agent-

based social model that incorporates an influence diffusion mechanism, integrated with 

econometric models to simulate residential water use under different policy scenarios.  

Finally, Berger [14] developed a CA approach to simulate the diffusion of agricultural 

technology and its impact on irrigation water use. Based on this growing body of research, 

we have chosen to develop a CA model for the diffusion of water reclamation technology for 

two reasons. First, it is likely to follow the same kinds of aggregate and individual patterns as 

other diffused innovations. Second, it matches up well with how utility managers, city 

planners, and engineers envision the longitudinal process by which water reclamation could 

be introduced into a municipal water supply system. 

 

3.4 A Cellular Automata Modeling Framework to Simulate Water Reuse Adoption 

A CA modeling framework is developed here to simulate the adoption of reclaimed 

water by consumers and the impact of adoption on the performance of the dual distribution 

infrastructure system (Fig. 3.1). Typically, CA models are constructed by dividing a 

landscape into uniform grid-based cells, which limits the accurate representation of systems 

with irregular spatial units [26], such as household parcels in residential subdivisions. The 

CA model is developed here to represent spatially explicit households in an irregular grid. 

Each household parcel is represented as a cell, following the approach used by Stevens and 

Dragicevic [104], and maintains the spatial configuration and relative location of household 

parcels.  Each cell is linked to corresponding nodes in the potable water and reclaimed water 
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distribution systems, and changes in water demands by a household are translated to the 

assigned node in each distribution system. Cells are assigned attributes to characterize the 

CA model and to interface with the water distribution system models.  

 

 

Figure 3.1 Overview of modeling framework.  CA model of dual system adoption 

coupled with water and reclaimed water distribution system models 

 

The CA model was implemented using AnyLogic [126], which is a modeling 

language and development environment for building agent-based, discrete event, and system 

dynamic models.  Hydraulics and water quality in potable water and reclaimed water 

distribution pipe networks are simulated using EPANET [93]. EPANET is tightly coupled 

with AnyLogic, and the CA model executes hydraulic and water quality simulation calls at 

each annual time step. The modeling framework is described below following the Overview, 
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Design concepts, and Details (ODD) protocol [43], which is a standardized protocol for 

publishing descriptions of individual-based models.  The components of the ODD description 

are purpose, model elements, process overview, details, and design concepts. 

3.4.1 Purpose 

The purpose of the CA modeling framework is to simulate (1) the household adoption 

of reclaimed water and (2) the hydraulics and performance of a dual distribution system that 

emerge as water users change demands through water reuse.  

3.4.2 Model elements 

The components of the model are the set of cells, which represent households, and 

collectively represent a set of neighborhoods that are served by the utility; the potable water 

distribution system; and the reclaimed water distribution system. Each cell is characterized 

by its state, as an adopter or potential adopter; a list of neighboring cells; house construction 

year; year that the lot was connected to the reclaimed water system; household type (single-

family residential or multi-family residential); indoor demand; outdoor demand; and 

corresponding nodes for the potable and reclaimed water distribution systems.   

The reclaimed water distribution system and the potable water distribution systems 

are simulated based on their infrastructure components, including pipes, nodes, water 

sources, storage tanks, and pumps. The potable water distribution infrastructure system 

maintains the same layout throughout the simulation. The reclaimed water distribution 

system expands in phases, following a series of designs that were developed a priori and are 

initiated at pre-determined five to 10-year periods.  At each design stage, infrastructure 
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improvements, including new pipes and storage tanks, are added to the pipe network to 

provide reclaimed water services to additional cells. Each design stage is characterized by the 

capacity (number of new accounts that can be initiated), the year that the design state is 

implemented, and a model of the improved distribution system that is used as input for 

EPANET.  

3.4.3 Process overview and scheduling 

The model proceeds in annual time steps and executes three steps iteratively, as 

follows. 

3.4.3.1 Step 1: Pass messages and evaluate transition rule 

Transition rules are applied at each time step to simulate a cell’s transition from 

potential adopter to adopter.  The transition rules are based on a threshold model [19, 20], 

which uses the fundamental rule that a potential adopter becomes an adopter once the number 

of adopter cells, or proportion of adopter cells, within its network reach a minimum level.   

Before a cell can transition from a potential adopter to an adopter state, the house 

should be built, and the reclaimed water network should be available at that cell, or lot, based 

on the expansion of the reclaimed water distribution system.  These conditions are 

represented mathematically in the model as 

         (3.1) 

         (3.2) 
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where t represents the simulation time step; TC,i is the house construction year for cell 

i; and TR,I is the year that cell i is connected to the reclaimed water system.  

At initialization, each cell is assigned a list of cells that form its immediate 

neighborhood. Neighbors for each cell are defined using the spatial layout of parcels within a 

residential subdivision, based on the von Neumann definition of neighborhoods [118]. Cells 

are labeled as neighbors if they share 50% or more of an edge and may be separated by a 

street. Due to the irregular shape and spatial orientation of lots, the number of neighbors 

varies for cells.  

At each time step, each cell sends messages reporting its status (S), which is an 

integer value of zero or one, to its neighbors.  A value of one indicates that the cell is an 

adopter, and zero, that the cell is a potential adopter. Potential adopter cells may receive or 

not receive messages from neighbors, and each cell calculates a measure of the number of 

messages (M) received at each time step using Eqn. 3.3:  

      ∑         

  

   

 (3.3) 

where      is the number of messages received from neighbors by cell i at time step t. St,j  is 

the message received from neighboring cell j at time step t. δt,j is a binary number that 

represents that cell i accepts the message that is sent from neighbor j at time step t. A global 

parameter Pmsg, in the interval [0,1], represents the probability that      is equal to 1.0.  For 

each message that a cell receives, a randomly generated number in the interval [0,1] is 

generated, and if the random number is less than Pmsg, then δt,j is set to 1.0. 
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Cells update an internal opinion value variable, I, which represents the positive 

influence of neighbors.  The variable I is updated using a threshold model, taking the form 

given in Eqn. 3.4a or 3.4b. In Eqn. 3.4a, the transition of a cell is based on the number of 

neighbors that have adopted reclaimed water, and in Eqn. 3.4b, the transition is based on the 

fraction of neighbors that have adopted.  

IF 

THEN 

                

        

(3.4a) 

IF 

THEN 

    
  

           

        

(3.4b) 

where           is a threshold for internal signals, ranging in the interval [0,10] for Eqn. 3.4a 

and [0,1] for Eqn. 3.4b. 

Each cell calculates its utility, Ui, based on external and internal factors, and 

determines to transition:  

                           
                        (3.5) 

 

 IF Ui > Tadoption 

THEN statei = adopter 

(3.6) 

where ωE and ωI are weights applied to external and internal factors. Ei represents external 

influences in the diffusion process and is a randomly generated real number in the interval 



64 

[0,1]. The utility value, Ui, is compared to an adoption threshold value, Tadoption, which is a 

global parameter and is assigned a value in the interval [0,10].   

3.4.3.2 Step 2: Update demands 

Each cell i is assigned values for average daily indoor demands, Din,i, and average 

daily outdoor demands, Dout,i.  Each cell i that is in the potential adopter state exerts demands 

on the potable water distribution system (DPW,i) and demands on reclaimed water distribution 

system (DRW,i), as follows: 

DPW,i = Din,i + Dout,i        (3.7) 

DRW,i = 0         (3.8) 

Each cell i that is in the adopter state exerts demands on the potable water distribution 

system (DPW,i) and demands on reclaimed water distribution system (DRW,i), as follows: 

DPW,i = Din,i         (3.9) 

DRW,i = Dout,i         (3.10)  

3.4.3.3 Step 3: Calculate hydraulic conditions 

Potable and reclaimed water distribution system hydraulics are simulated using 

EPANET [93], which simulates hydraulics and water quality in a pipe network. EPANET 

allows hydraulic simulation under both steady-state and extended period simulations (EPS). 

In EPS mode, the model records water flows, pressures at junction nodes, tank levels, pump 

performance, and water quality at discrete time steps. 
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Separate model input files are used for the potable and reclaimed water systems, and 

the two systems are simulated separately. Prior to execution of EPANET simulation runs, 

demands in both networks are updated to reflect changes in household water use behavior as 

cells adopt reclaimed water. Hydraulic simulation output data is recorded, and simulation 

results represent the dynamics of network performance with the adoption of water reuse.  

3.4.4 Initialization and Input 

Data is required to initialize the model.  Information about households are collected 

and used to characterize cells and set parameters, including the list of neighbors, construction 

year, earliest date when reclaimed water services are available, household type, indoor and 

outdoor demands, and node associations for the potable and reclaimed water systems. Each 

cell is initialized as a potential adopter.  Values for global model parameters must be 

selected, including receptiveness of messages (Pmsg), threshold for internal messages 

(TInternal), threshold for adoption (Tadoption), and weights for internal and external factors (ωE 

and ωI).  Input files for the potable and reclaimed water systems are required to execute the 

framework. 

3.4.5 Design Concepts 

The conceptual framework for the CA model is described using a set of fundamental 

design concepts specific to individual-based models [90]. Design concepts of importance to 

the model include: emergence, sensing, stochasticity, collectives, and observation.  

Emergence is a fundamental behavior of individual-based models and refers to the 

unpredictable and complex system dynamics that evolve based on the behavior and 
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interactions of individuals. The spatial and temporal diffusion of household water reuse 

adoption is an emergent behavior. Household water reuse adoption cannot be entirely 

explained by just focusing on the behavior of individual homes; rather, adoption is the result 

of multiple interactions between neighboring homes and external factors. The dynamics of 

distribution system hydraulics also exhibit emergent behavior. Hydraulics in both potable and 

reclaimed water distribution systems emerge based on the aggregate behavior of household 

adoption of reclaimed water, associated changes in demands exerted on both systems, and the 

spatial location of demands, with respect to distribution networks. Changes in demands have 

non-linear impacts on pipe network hydraulics and pump and storage tank behavior. 

Individual model elements are designed to receive specific information through 

sensing. Households receive information about the adoption behavior of neighbors through 

messages, and use this information in their decision-making process to adopt reclaimed 

water. Households do not necessarily have complete or perfect information on the adopter 

status of their neighbors; awareness of neighborhood adoption status is adjusted using the 

variable Pmsg (see section 4.2.4). Because households exert demands on both reclaimed and 

potable water distribution systems, the sensing mechanism affects emergent model outcomes.  

For example, extending the definition of neighbors so that households receive information 

from a wider set of cells will change the system-level pattern of adoption and, as a result, 

hydraulics in the networks.  

Collectives are defined as organized groups of individuals that can exert an influence 

on individual and emergent system behavior. Collectives represent an intermediate level of 
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organization, between individuals and the overall system consisting of all individuals. In the 

CA model, households are grouped into collective subdivisions, which acts as a sub-network.  

All households within a subdivision are connected through a set of shared neighbors and can 

be reached by any other household within the network via intermediary homes. 

Stochasticity is an important aspect in individual-based modeling to introduce 

variability and represent a range of outcomes that may occur [90]. The household rule for 

adopting reclaimed water uses stochastic variables at two instances in the transition rules. 

The external factor, Ei, which is used to calculate a utility value, is determined stochastically, 

to represent variability in the influence of external factors as they affect a decision-making 

process. A probabilistic variable, Pmsg, is used to determine if a cell receives a message from 

its neighbors to represent variability in the influence of neighbors on a household. 

Finally, observations are the model outputs that are used to analyze and understand 

internal dynamics and system-level behavior. Observed data for the CA model include the 

number of households that adopt reclaimed water services, potable and reclaimed water 

demands, and distribution system hydraulics. This data is reported at each time step and is 

used to assess the effect of the diffusion of reclaimed water and its impact on distribution 

system performance. 
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3.5 Case Study: Town of Cary, North Carolina 

The CA modeling framework is applied to simulate the adoption of water reclamation 

infrastructure for the Town of Cary, North Carolina. In 2001, Cary became the first 

municipality in the state to use a pipe network to distribute reclaimed water to residential and 

commercial customers. Residential consumers are permitted to use the water for outdoor 

irrigation application alone.  Non-residential consumers apply reclaimed water for cooling of 

manufacturing and industrial processes, non-residential toilet flushing, and dust control at 

construction sites [113]. Data available for the case study includes a reclaimed water system 

master plan [18]; drinking water distribution system master plan [24]; water distribution 

models for existing and future reclaimed water systems; water distribution models for the 

existing drinking water system; geographical information system (GIS) data; and historic 

reclaimed water service connections and demand values. The master plans provide the 

background, data, and assumptions that were used to develop the potable and reclaimed 

water distribution system models.  

The drinking water distribution system master plan [24] describes the existing (2007) 

system and includes a hydraulic model of the drinking water distribution system, which was 

developed for average day demands (ADD). The reclaimed water system master plan [18] 

reports a planning study for the expansion of the Cary reclaimed water system through 2030. 

The master plan includes hydraulic models of the existing reclaimed water system (2007) and 

future planned reclaimed water systems in 5-year phases (2010, 2015, 2020, 2025 and 2030) 

(Fig. 3.2). The reclaimed water distribution system models were developed using extended 

period simulation of maximum day demands (MDD), and successive models build on 
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previous models by adding on to existing infrastructure. The 2007 model is moderately 

skeletonized, and nodes are assigned demands associated with 1-10 households. The 2010 

model represents the same infrastructure as the 2007 model, with increased demands at 

selected nodes, representing new household accounts that are not active in the 2007 model.  

The 2015, 2020, 2025, and 2030 models are highly skeletonized, and demands from 

multiple subdivisions are aggregated at nodes.  The reclaimed water system is constructed in 

five phases, and models are named using the last year of the infrastructure phase: the 

2007/2010 model is used to simulate the reclaimed water network from 2001-2010; the 2015 

model, from 2011-2015; the 2020, from 2016-2020; the 2025 model, from 2020-2025; and 

the 2030 model, from 2026-2030. The 2007 drinking water system model is used to simulate 

the system from 2007-2030, and demands are adjusted at nodes, using the rules described in 

Section 3.4.3.3.  
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Figure 3.2 Proposed Cary reclaimed water distribution network system expansion by phase. 

Cary/Apex Water Treatment Plant (WTP) show for reference purpose only, actual location of 

facility is outside figure area.  Locations shown for Reclaimed Water (RW) Tanks 1 and 2; 

Reclaimed Water Pump Station (PS) 1; and Carpenter Tank, which is a tank in the potable 

water system. 

 

Nodes across all network models are assigned residential, commercial, institutional, 

or industrial user types, and residential users are classified as single- or multi-family users. 

For residential nodes, the number of households assigned at each node is based on the 

demand expected for each household (Table 3.1), and each household is assigned a node 
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identification number for each model. Detailed demands based on billing-data were available 

for households that adopted reclaimed water through 2013; for all other homes, demands 

were assigned as shown in Table 3.1. Data about house construction years are available and 

used for houses built in the first phase (2001-2010). In subsequent phases, the house 

construction year is equal to the year that reclaimed water services are made available at a 

cell (TC,i = TR,i, for cell i). Demands for non-residential reclaimed water users are included 

directly in the network models and updated at the beginning of each design phase.  

 

 

Table 3.1 Average day demand (ADD) and maximum day demand (MDD) assignments [18]. 

Residence Type Demand Condition
1,2

 

Indoor Demand     

(gpd) 

Outdoor Demand           

(gpd) 

Single-family ADD 212 100 

Multi-family ADD 97 30 

Single-family MDD 806 380 

Multi-family MDD 369 114 

1  
 Peaking factor for MDD:ADD is 3.8 

2  
 ADD values are used for the drinking water distribution system model; MDD values are 

used for the reclaimed water distribution system model 
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3.6 Calibration of the CA Model 

3.6.1 Observed Data 

The CA model was calibrated using time series data about the number of reclaimed 

water accounts that were initialized from June 2001 through November 2012. A total of 511 

households, located in four sub-divisions (see Fig. 3.3), adopted reclaimed water services 

from 2001-2012.  Homes in the Central and South subdivisions were built prior to 2001, 

while those in the Mid and West subdivisions were built beginning in 2006. Though 

information is not available to identify the household address associated with each account, 

the available data reports that 318 households initialized accounts in 2001, and 193 

households adopted reclaimed water from 2002-2012.  A total of 318 homes in the Central 

and South subdivisions are assigned an initial state of adopter; all remaining homes including 

those in the Mid and West subdivisions are assigned an initial state of potential adopter. Each 

household was assigned a number of neighbors (Table 3.2) based on the topological layout of 

subdivisions.  



73 

 

Figure 3.3 Central, South, Mid, and West Subdivisions adopt reclaimed water from 2001-

2012 

Table 3.2 Subdivision characteristics 

Subdivision Total number of 

households 

Range of house 

construction year 

Average Number of 

Neighbors 

Central 202 Before 2001 4.4 

South 176 Before 2001 3.7 

Mid 54 2006-2009 3.4 

West 79 2006-2009 3.8 
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3.6.2 Parameter calibration 

Five parameters that are used in the CA model are calibrated: Pmsg, TInternal (two 

forms), TAdoption, and ωI. Both forms of the equation that are used to update the internal value, 

Ii, (Eqns. 3.4a and 3.4b) were tested, resulting in two forms for the TInternal parameter.  The 

weight (ωE) that is applied to the internal factor was set at 10 for all trials. A feasible range 

and discrete settings for each parameter were determined through initial analysis (Table 3.3), 

and an enumerative approach tested all combinations of parameter settings. A total of 4560 

parameter value combinations were evaluated, and ten random trials of each combination 

were executed to account for stochasticity. All models were initialized with 318 cells that are 

randomly selected from the Central and South Subdivisions and set as adopters in the year 

2001.   

The mean absolute error (MAE, Eqn. 3.11), the mean absolute percentage error 

(MAPE, Eqn. 3.12), and the mean squared error (MSE, Eqn. 3.13) were used to evaluate each 

model.  
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where n is the total number of data points being evaluated, corresponding to 11,  since 

estimated adoptions in 11 years were compared to observed values; fi is estimated number of 

adoptions in year i; and yi is the observed number of adoptions in year i.      

 

Table 3.3 Summary of parameter values that were tested for calibration 

  Parameter   Potential Values   Comment 

Pmsg [0.375, 0.5, 0.75, 1.0] Percentage of messages accepted 

TInternal [1, 2] 

Number of neighboring homes with reclaimed water 

required to increase I.  Used when Eqn. 3.4a is used 

to update I. 

TInternal [1/5, 1/4, 1/3, 1/2] 

Fraction of neighboring  homes with reclaimed 

required to increase I. Used when Eqn. 3.4b is used to 

update I. 

ωI [1,2,3…10] Weight for internal influence 

Tadoption [0.5, 1, 1.5…9.5] Threshold for adoption of RW 

 

 

Two models, Model 1 and Model 2, that generated the lowest mean absolute error 

over all models tested, are shown in Table 3.4. Model 2 generated the lowest mean squared 

error over all models. Two additional models, Model 3 and Model 4, are reported in Table 

3.4.  Models 3 and 4 were selected because they perform relatively well, based on the error 

measures, and use different values for parameter settings, when compared to Models 1 and 2. 
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Models 3 and 4 provide alternative explanations for adoption that may capture important 

processes that are not included in Models 1 and 2.  

 

Table 3.4 Parameter settings for selected models 

 

Parameters Evaluation 

Model Pmsg TInternal ωI ωE Tadoption 

Mean 

Absolute 

Error 

Total 

Adoptions 

Saturation 

Year 

Rank  

(Out of 

4560) 

Model 1  1 1 10 10 7.5 7.09 511 2009 1 

Model 2 0.375 1/4 8 10 7.5 7.09 511 2012 1 

Model 3 0.375 1/3 1 10 8 8.64 504 NA 44 

Model 4 0.375 1 2 10 7.5 8.73 511 2012 53 

 

The predictions of Models 1, 2, 3, and 4 are compared with the observed data (Fig. 4), 

based on adoption rates and the saturation year, which is the time at which all household cells 

that are able to, have reached the adopter state.  Models 2 and 4 reach saturation in the same 

year shown by the observed data. Model 1 reaches saturation three years before the observed 

system, and Model 3 simulates a total of 504 adopter households by the year 2012, which is 

seven households short of saturation (Fig. 3.4b and Table 3.4).  The number of new adopter 

households per year peaks in 2007, with 80 households adopting. Model 1 and Model 2 

simulate the peak adoption relatively well, while Model 3 and Model 4 match the adoption in 

off-peak years more accurately than Models 1 and 2.   



77 

The Mid and West Subdivisions are developed in 2006 and may account for an 

increase in adoptions beginning in 2006. In addition, localized droughts occurred throughout 

the Southeastern United States in 2006 (NC DENR 2006), followed by a prolonged drought 

from 2007-2008 [69]. During this period, temperatures in Cary were higher than average and 

rainfall was below average. During 2007-2008, the Town of Cary sustained bans on the use 

of sprinkler, irrigation systems, and automated watering devices for outdoor watering, and 

only permitted hand-watering where potable water was being used as the source of outdoor 

water.  Households that used reclaimed water for outdoor watering were exempt from the 

restrictions [112]. Increased awareness of the drought, water shortages, and restrictions on 

potable water use for irrigation, may also account for the increase in reclaimed water 

adoptions beginning in 2006.  While these parameters are not modeled explicitly in the CA 

approach, the external value, Ei, represents the effects on individual adoption. 

The parameter combinations that vary among the models assign different values for 

the internal and external components of the diffusion process, generating alternative adoption 

processes.  For example, the difference between Model 1 and Model 3 is the contribution of 

the internal and external factors in the total diffusion process. In Model 3, the influence of the 

internal component is minimal (ωI = 1 and Pmsg = 0.375), while in Model 1 the internal 

component is dominant (ωI = 10 and Pmsg = 1). Diffusion in Model 3 is dominated by the 

external component, and, as a result, the diffusion pattern that emerges is monotonic and 

reflects adoption based on a global rate with limited feedback from network or contagion 

effects. Model 1 simulates rapid growth, where both the external and internal processes, 
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mediated by word-of-mouth communications, lead to increased overall adoption by the 

potential adopter population.  
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(a) 

 

(b) 

Figure 3.4 Performance of Models 1, 2, 3, and 4 is compared to observed data. (a) Number of 

new adopter households per year.  (b) Total number of adopter households.  
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3.7 PROJECTIONS 

The CA modeling framework was executed using Models 1, 2, 3, and 4 (Table 3.4) to 

simulate the period 2001-2030. The initial period from 2001-2012 corresponds to existing 

conditions, and the period over which the Models were calibrated (as discussed in Section 

3.6). For a majority of this initial period the reclaimed water infrastructure remains 

unchanged; the first expansion phase of the reclaimed water system occurs in year 2011, in 

which projected infrastructure expansion required to meet demands through the year 2015 

occurs; subsequent system expansion is planned at following 5-year intervals, as described 

above.  For each of the CA Models (1, 2, 3, and 4), 25 simulations were executed to capture 

the variability in simulation results introduced by the stochastic model elements. Results 

discussed below represent average results of the 25 replications unless otherwise noted. 

3.7.1 Projection of adoption of reclaimed water services 

Adoption projections obtained from the four models are shown in Figure 3.5. As 

described above, the capacity of the system is increased at 2015, 2020, and 2025, and each 

adoption curve shows four corresponding distinct phases. Using Model 1, there are several 

periods where adoption stalls because the system has reach saturation, based on the available 

capacity.  Alternatively, simulations using Model 3 project that the capacity is not fully 

utilized at any stage. The difference in the projected number of adoptions varies widely: for 

example in the year 2013, Model 1 predicts an average of 3,877 more adopter households 

than Model 3.  
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Figure 3.5 Projected number of adopter households and planned capacity.  Average of 25 

simulations for each Model is reported. 

 

 

3.7.2 Hydraulic simulation results 

As households adopt reclaimed water, the performance of both the reclaimed and 

potable water distribution systems is affected. EPANET hydraulic simulations are run using 

updated demands for each year to evaluate water distribution infrastructure system 

performance. Hydraulic simulations are run in EPS mode for a 1-week period, which 

represents a week in July when demands are the highest. Reclaimed water distribution 

simulations are based on maximum day demand conditions, and potable water distribution 

simulations are based on average day demand conditions. 
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3.7.2.1 Effects on Reclaimed Water Infrastructure Performance 

As households adopt reclaimed water, flows from the water reclamation facility 

increase (Fig. 3.6). The general trend for flows from the water reclamation facility mimic the 

adoption projections (shown in Fig 3.5). The flows projected using Model 3 are lower than 

Model 1 projections, based on the differences in adoption predictions. Flows within 5-year 

periods do not each increase monotonically, and occasionally decrease, for example, 2016-

2020 for Model 3. For this scenario, water stored in Reclaimed Water Tank 1 is used to meet 

demands, so that flows from the water reclamation facility do not monotonically increase. 

Hydraulic operational controls were not adjusted, and the tank drains over the 1-week 

simulation period.  

 

 

Figure 3.6 Maximum total one-week flow per year from the water reclamation 

facility, projected using Model 1 and Model 3 

15

20

25

30

35

2010 2015 2020 2025 2030

T
o

ta
l 

W
R

F
 F

lo
w

s 
(M

g
a

l)
 

Year 

Model 1

Model 3



83 

In 2011, a reclaimed water tank and pump (RW Tank & PS 1) are installed at a 

central location in the network, and the reclaimed water distribution system on the west side 

is connected to the water reclamation facility (see Fig. 3.2 for reference). As demands grow 

in the western pressure zone, performance and operations of the reclaimed water tank and 

pump station change (Fig. 3.7 and 3.8). The reclaimed water pump station is located 

immediately downstream of the tank, and receives flows from the tank. Total tank flows (Fig. 

3.7a and 3.8a) follow the same trends as shown by the adoption projected by Models 1 and 3. 

The effects of the difference in Model 1 and Model 3 projections can be seen most clearly in 

the tank utilization and impacts on water quality (Figs. 3.7b,c; Figs. 3.8b,c). The water level 

variation within the tank (Fig. 3.7b and 3.8b) reflects the level of tank utilization. Within 

each planning period, utilization decreases at the start of each planning period because the 

network expands while demands increase only a small amount, based on non-residential 

reclaimed water demands. Tank utilization increases with increasing demands throughout 

each planning period, and as tank utilization increases, water quality improves in the network 

(Figs. 3.7c and 3.8c), as the average age of water, which reflects the amount of time that 

water resides in the tank, decreases. Model 1 predicts lower water ages than Model 3. The 

average water age predicted by Model 1 for years 2020 and 2030 is 52.8 and 42.6 hours, 

respectively; for the same years, Model 3 predicts water ages of 53.4 and 43.1 hours, 

respectively.  
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Figure 3.7 Reclaimed Water Tank behavior projected by Model 1: (a) outflows (b) range of 

tank level fluctuations, (c) average water age. 

 

 

Figure 3.8 Reclaimed Water Tank behavior projected by Model 3: (a) outflows (b) range of 

tank level fluctuations, (c) average water age. 

 

3.7.2.2 Effects on Potable Water Infrastructure Performance  

The impacts of the adoption of reclaimed water services are also reflected in the 

performance of the potable water distribution system. Potable water demands decrease over 

the simulation period as households adopt water reuse and use reclaimed water instead of 

potable water for outdoor uses. The Cary/Apex Water Treatment Plant serves as the supply 

source for the system. Water is pumped from the water treatment plant to the distribution 

system, and pumped flows decrease during the simulation as potable water demands decrease 
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(Fig. 3.9). Model 1 predicts a greater reduction in potable water utilization than Model 3 

because the adoption of reclaimed water is greater in Model 1 than in Model 3. 

 

 

Figure 3.9 Total one-week average water flows from Cary/Apex WTP, projected using 

Model 1 and Model 3 

The drinking water distribution system is divided into the central, western, and 

southern pressure zones. A majority of the reclaimed water adoption occurs within the 

western pressure zone, which is served by a single elevated storage tank (Carpenter Tank) 

and no pump stations. Adoption of reclaimed water results in observable changes in the 

operation of Carpenter Tank (Figs. 3.10 and 3.11). Households within the western pressure 

zone begin to adopt water reuse in 2011.  As a result, tank utilization is reduced as demands 

reduce, which is reflected in tank outflows (Fig. 3.10a and 3.11a). Average water age (Fig. 

3.10c and 3.11c) remains largely unaffected.  
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Figure 3.10 Carpenter Tank behavior projected by Model 1: (a) outflows (b) range of tank 

level fluctuations, and (c) average water age. 

 

 

Figure 3.11 Carpenter Tank behavior projected by Model 3: (a) outflows (b) range of tank 

level fluctuations, and (c) average water age. 

 

A significant advantage of a water reuse program is the potential to conserve high 

quality water sources [86]. Fig. 3.9 demonstrates the potential for potable water savings, as 

households adopt reclaimed water for outdoor irrigation use, and potable water use is reduced 

from 2010 to 2030. For example, the potable water savings predicted by Model 1 for the year 

2030 is sufficient to meet indoor demand requirements of 3,700 single-family homes or 

8,100 multi-family homes; Model 3 predictions indicate the savings would meet the indoor 

requirements of 3,570 single-family or 7,800 multi-family homes. 
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A second direct benefit of using reclaimed water is the ability of existing potable 

water infrastructure to provide an increased level of service. Under emergency scenarios, 

such as power outages, water-main breaks, or shut-down of water supply facilities, utilities 

rely on stored water [72]. Emergency storage volumes are calculated as the amount of water 

that can be supplied from the Carpenter Tank, based on the CA framework simulations of the 

water level in a tank.  It is assumed that all water available within the tank can be used under 

emergency conditions, and the lowest tank water levels predicted by the hydraulic model 

during the 1-week simulation period (see Fig. 3.10b and 3.11b) are used. Emergency storage 

volumes are reported as duration curves (see Fig. 3.12 and 3.13). The curves reflect the 

duration of emergency storage available under a range of flows for various years in the 

period 2010 through 2030. The emergency storage within Carpenter Tank increases for both 

Model 1 and Model 3 simulations. Over time, as potable water demands are reduced with 

increased adoption of reclaimed water, the magnitude of water level drops in Carpenter Tank 

are reduced; consequently more water is available in storage. 
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Figure 3.12 Carpenter Tank emergency storage projected by Model 1 

 

Figure 3.13 Carpenter Tank emergency storage projected by Model 3 
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3.8 Sensitivity Analysis 

Additional experimental simulations were executed to analyze sensitivity of results to 

parameter settings for the CA model.  The analysis was conducted for the central pressure 

zone, which consists of the four subdivisions, or 511 homes (Fig. 3.3), and simulations were 

run for the period of 2001-2012. The impact on diffusion with changes in the relative weights 

for internal and external factors were explored as summarized in Table 3.5.  

Results of the simulations demonstrate that increases in the relative value of ωI lead 

to increased communication and a more rapid diffusion process (Fig. 3.14). The diffusion 

curve shown for Model R1 (ωI,norm = 0.5) represents the limits of the diffusion process. The 

diffusion process is insensitive to increases in the value of ωI,norm beyond 0.5, and diffusion 

will not occur any faster than Model R1. By increasing the relative weight of the internal 

factor, the relative importance of communication within the network is increased. Since the 

network among which communication can occur is limited to homes in the immediate 

vicinity of adopter homes, at each time-step communication can only occur among adjacent 

homes. Two time steps or more are required for a message to be communicated to 

households that are not immediately adjacent, thus imposing a limit on the spread of 

information.  
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Table 3.5 Parameter settings for sensitivity analysis evaluations 

Run Id Pmsg TInternal ωE ωI Tadoption ωE,norm
1
 ωI,norm

2
 

Model R1 1 1 10 10 9.5 0.5 0.5 

Model R2 1 1 10 6.67 9.5 0.6 0.4 

Model R3 1 1 10 4.30 9.5 0.7 0.3 

Model R4 1 1 10 2.5 9.5 0.8 0.2 

Model R5 1 1 10 1.11 9.5 0.9 0.1 

Notes: 
1
 normalized weight: ωE,norm = ωE / (ωE + ωI) 

 2
 normalized weight: ωI,norm = ωI / (ωE + ωI) 

 

 

 

 

Figure 3.14 Evaluation of varying weighting factors on simulated diffusion process.  
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Neighborhoods in which homes have a large number of neighbors would allow more 

rapid conveyance of information than neighborhoods with a small number of neighbors (Fig. 

3.15). The process of diffusion occurs at different rates within the four subdivisions due to 

the number of neighbors that cells have within each neighborhood. Simulated diffusion 

occurs most rapidly in the Central subdivision, followed by the South and West subdivisions, 

and diffusion occurs most slowly within the Mid zone. The relative rates of diffusion 

correlate with the average number of neighbors per subdivision (Table 3.1).  

 

Figure 3.15 Differences in diffusion among subdivisions with varying number of 

neighbors – Model R3 
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3.9 Conclusions 

While implementing water reuse can reduce demands on freshwater systems, 

planning wide-scale water reuse programs, such as dual distribution systems, introduces 

unique management challenges. Water reuse is distinct from drinking water because 

consumer use is voluntary, and the initial perception of water reuse by the public may not be 

positive. Social factors play a key role in the formation of consumer perceptions and attitudes 

towards water reuse [13]. In addition, a water reclamation distribution system is part of the 

interconnected urban infrastructure system and affects hydraulics in the drinking water 

system. The CA framework developed in this work uses the diffusion of innovations theory 

[92] to simulate household adoption of reclaimed water, based on both external and internal 

factors of the diffusion process. External factors represent influences on the diffusion process 

such as public information campaigns, news and mass media coverage, and internal factors 

represent the communication among neighbors about the adoption of reclaimed water 

services [10, 55]. The CA model is coupled with hydraulic models to simulate the impact of 

water reuse adoption strategies on reclaimed and potable water distribution system 

performance and operations. Parameters for the CA model are calibrated from the Town of 

Cary, and the model is used to predict a range of potential adoption scenarios and associated 

water distribution system infrastructure impacts. The coupled CA framework simulates 

changes in system performance due to increasing reclaimed water demands and 

corresponding decreasing potable water demands, as consumers adopt water reuse. 

Social and communication networks play a key role in the diffusion process [92, 44], 

and the CA framework presented here simulates only the neighborhood effect, based on the 
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influence of spatially explicit and proximal cells. To better represent communication among 

residents, the model can be extended to include representation of social networks among 

peers to explore the emergence of clusters that share perceptions of the risks and benefits of 

water reuse [15, 16].  Opinion dynamics may emerge, such as apathy or rejection of 

reclaimed water. In addition, household characteristics, such as parcel size, socio-economic 

variables, property value, and neighborhood affluence may influence the adoption of 

reclaimed water services. The CA framework can be modified by updating transition rules to 

incorporate additional household-level parameters.  

The CA framework provides an approach for exploring alternative adoption scenarios 

to assist in planning water reuse system expansion projects. Improved understanding of the 

adoption of reclaimed water services can help direct expansion planning. The framework can 

be applied to explore the impact of public information campaigns, rebates and incentives, on 

system-wide adoption levels. The model can also identify the value of increased 

communication among households in increasing reclaimed water adoption.  Utility managers 

may be interested in developing strategies by working with community leaders to promote 

water reuse among their neighbors [47] or organizing community meetings to encourage 

discussion and communication. The framework allows simultaneous exploration of the 

spatial and temporal impacts of the adoption of reclaimed water on existing drinking water 

infrastructure.  The CA model can be used within a decision support system to develop 

adaptive management strategies for maintaining acceptable levels of service as the urban 

water infrastructure system transitions.  
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CHAPTER 4 

An Empirical Acceptance-Resistance Agent-Based Model 

To Simulate the Adoption of Water Reuse 

 

4.1 Abstract 

Though water reuse provides a promising and sustainable alternative for urban water 

supply, wide-scale implementation of water reuse within an existing water infrastructure 

system is challenged by the need for community-wide public acceptance and adoption. The 

public has historically perceived recycled water negatively, and, as a consequence, water 

reuse is typically omitted in the development of municipal water management plans. 

Consumer’s base acceptance and rejection of new technologies on an intuitive analysis of 

their risks and benefits, and their perceptions may change over time, based on interpersonal 

communications and community opinion dynamics. This research creates a modeling 

framework to simulate the changing perceptions of consumers and their adoption of water 

reuse. The modeling framework is used to develop understanding about the mechanisms that 

drive the dynamic evolution of perceptions, which can aid the planning and decision making 

process for the integration of water reuse within existing water systems. This research 

develops an acceptance-resistance agent-based model to simulate the adoption and rejection 

of water reuse based on a “risk publics” framework, which is a theoretical model of how 

different groups perceive new technologies. The risk publics framework uses the perception 

of risk and benefits to determine the potential of households to adopt or resist new 

technology. Consumers are represented as agents, and their behaviors and attributes are 
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developed using survey data of the US population, which measures attitudes, knowledge, and 

behavioral intentions for recycled water. The data is analyzed to determine empirical3333 

relationships among individuals; the presence of social groups; and informational and 

communicative variables governing individual use of reclaimed water. The variables are 

encoded in the agent-based modeling framework to simulate the key social mechanisms that 

impact consumer acceptance of water reuse. The model is tested using empirical data, and 

demonstrates its capabilities to simulate community opinion dynamics, and consumer 

adoption of water reuse. In addition, using empirical data the model is applied to investigate 

water reuse behavior in different regions of the US.  

 

4.2 Introduction 

Water reuse provides a sustainable alternative for urban water services through 

treating wastewater and distributing it for potable or non-potable uses [101]. Wide-scale 

implementation of water reuse within an existing water infrastructure system is challenged, 

however, by the need for community-wide public acceptance and adoption [94]. Consumers 

typically perceive recycled water negatively [95], and, as a consequence, water reuse is often 

omitted in the development of municipal water management plans. Consumers base 

acceptance and rejection of new technologies on an intuitive analysis of risks and benefits 

[29], and risk perceptions may change based on interpersonal communication among 

individuals within a community. Knowledge about the transition of perceptions and opinion 



97 

dynamics within a community can be used inform the planning and decision-making process 

for integrating water reuse within existing water supply systems.  

The goal of this research is to develop an “acceptance-resistance” agent-based model 

[7, 73] to simulate adoption or rejection of water reuse among individual members of a 

community. The model is developed using assumptions drawn from research on risk 

perception and the social amplification of risk framework to elaborate upon a social scientific 

model of “risk publics” [15]. The risk publics model is an empirical-based approach that uses 

the concept of belief clusters, defined on a basis of shared risk and belief perceptions, to 

explain the adoption of new technology. This model describes that community opinion 

dynamics emerge based on interpersonal communications among individuals within the 

community. The dynamics of the risk publics model are implemented and made operational 

using agent-based modeling, which is a modeling approach for simulating social systems and 

the interactions among social actors [87, 73, 40]. Agent-based modeling is increasingly used 

in the context of civil engineering to explore the complex dynamics between water resources 

and interconnected systems, including environmental resources, consumer behavior, and 

infrastructure performance.  

This research describes the development and application of agent-based modeling to 

explore the dynamics of the risk publics model using both theoretical and empirical 

perspectives.  The agent-based model is tested using empirical data, based on survey data of 

the US population, which measures attitudes, knowledge, attributes and behavioral intentions 

for recycled water.  Survey data is analyzed to determine empirical relationships among 



98 

individuals, social groups and informational and communicative variables in regards to use 

of reclaimed water. Analysis of the data provides insight into the social processes behind 

transition in consumer attitudes towards water reuse. The model is also applied to simulate 

water reuse adoption behavior in different regions of the US. Empirical data from the survey 

was analyzed to determine region-specific distributions of risk and benefit perceptions and 

the resulting cluster assignment and model parameters. Simulation results demonstrate 

emergent regional patterns and variations in water reuse behavior among regions; in addition, 

results also provide insight about the influence of community risk and benefit profiles on the 

receptiveness to water reuse. The agent-based model is applied to simulate social influence 

mechanisms that influence consumer perceptions and the emergence of the acceptance and 

resistance of water reuse.   

 

4.3 Background 

4.3.1 Water Reuse and its Benefits and Risks 

Water reuse is the practice of using treated wastewater as a substitute source for 

freshwater, and water reclamation refers to the process of treating wastewater to prescribed 

water quality and treatment reliability standards for reuse [42, 4]. Water reuse may be used to 

alleviate increasing pressure on water resources by conserving and extending water supplies, 

as it can be substituted for uses that do not require high quality water [86]. Reclaimed water 

may provide a reliable water source for urban demands, even during periods of drought, 

because urban wastewater production remains fairly constant. Water reuse also reduces the 
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impacts of urbanization on the environment and aquatic ecosystems by reducing freshwater 

diversion and wastewater discharges [4].  In the U.S. and developed countries, municipal 

water reclamation and reuse are relatively new practices, and the increased implementation 

of water reuse since the 1960s has been driven primarily by regulations regarding water 

conservation and control of water pollution [3]. Large users of water reuse in the United 

States include municipalities located in the states of California, Florida, and Arizona, where 

water shortages and pressure on existing water resources due to rapid urbanization and 

droughts have encouraged the adoption of water reuse [4].   

In the U.S., however, the use of reclaimed water remains under-utilized [4]. Water 

agencies face a number of challenges in implementing water reuse projects, including 

technical challenges, such as facilities and infrastructure planning and siting [4]; economic 

challenges of constructing new infrastructure [50] institutional barriers [29]; conflicting 

agency priorities [74]; and limited or uncertain public support [88, 94]. Public attitudes, 

acceptance, and support are recognized as essential for the success of water reuse projects 

and are often a significant obstacle in implementing water reuse projects [88, 50, 94]. Even 

though utilities, engineers, scientists and other experts provide assurance on the safety of 

reclaimed water, perceptions of high risk persists among large segments of the general 

public, based on psychological, technical, and socio-economic issues. 

Disgust of reclaimed water, commonly referred to as the “yuck” factor, is a 

psychological response that arises from perceptions that reclaimed water is unclean. Even 

though reclaimed water is treated to high standards, it takes on disgust properties because it is 
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associated with human waste [88]. Citizens may perceive high health risks [8], because 

reclaimed water is produced from municipal wastewater, and individuals suspect that 

pathogens and chemicals are present in reclaimed water, especially for high levels of human 

contact [50].    

Trust in technologies and the scientific knowledge about water reclamation may also 

affect risk perceptions. Technologies associated with water reuse are relatively new, and the 

public may perceive a higher risk when evaluating reclaimed water in comparison with 

familiar water sources, such as surface and groundwater. Other innovations and new 

technologies, such as antibiotics, genetically modified seed, and railway networks, have 

overcome similar initial negative perception to gain acceptance and eventual wide-spread 

adoption [92, 44]. 

Citizens may also perceive risks associated with socio-economic issues [29, 88], as it 

remains unclear which segments of a population will pay for and receive reclaimed water. A 

majority of water reuse programs have been subsidized by governments or industry, and 

these programs have not yet been proven as an economic gain [50]. The public may perceive 

equity issues in water supply and reuse planning, based on previously established trust in 

urban institutions [66]. For example, segments of a population may feel that they are unfairly 

targeted for water reuse projects, and that there is an element of socio-economic or racial bias 

in project design [46]. One study found that many households objected to involvement as the 

first participants in water reuse projects and, instead, wanted large users such as industries to 

adopt reuse first [88]. Perceived risks and benefits affect the acceptance of new technologies 
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such as reclaimed water [50, 88] Perceptions are subjective and influenced by knowledge, 

attitudes, values, and beliefs [29]. People subjectively assess the risks of technology based on 

a variety of qualitative and quantitative characteristics that are typically different from the 

quantitative risk assessments used by experts [103]. Perceptions regarding water reuse are 

not static, and instead, change over time with increased knowledge, interactions, and 

experience [13, 30]. The risk publics model, described below, provides a framework for 

studying and simulating dynamics of risk perception. 

4.3.2 Risk Perception and Risk Publics 

Risk perception is not based on an individual’s psychology or behavior alone. Rather, 

interpersonal and mass communication [25], group membership [51], and shared values [21, 

29] affect the development of risk and benefit perceptions. A comprehensive 

conceptualization of how perception of risk works at individual, group, and societal levels is 

described by the social amplification of risk framework (SARF) [54]. According to the 

SARF, when a hazard event occurs it produces a signal that is disseminated throughout a 

group of people. As this signal (oftentimes a message) travels from individual to individual, 

and from group to group, the surrounding culture of the community influences the content of 

the signal. The initial signal may be amplified and attenuated, resulting in a mismatch 

between a quantitative risk assessment of the hazard and the social definition of the hazard’s 

risk [17]. The research presented here develops an empirical model of risk publics, which 

defines social clusters that are bound by similar beliefs about a technology [15]. A brief 

overview of models of social influence that describe risk and risk perception is given below, 

followed by a description of the risk publics model in detail.  
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Models of social influence have been developed in a wide range of disciplines 

including social science, economics, political science, ecology, and environmental and 

resources management [70, 5, 6]. Fundamental elements in models of social influence are the 

sources of information; influence of information; the structure and direction of links between 

individuals; and time, because influence is a dynamic process [70]. Social influence 

processes, even when they can be identified and studied at the individual level, can result in 

complex and non-intuitive emergent dynamics at the community level, as communication is 

exchanged among multiple individuals over time.  Examples of relevant social influence 

models include diffusion of innovation models [92, 10] and social contagion models [99, 22].  

The diffusion of innovations approach [92] is a model for explaining the speed at 

which innovations spread through a social system. The model has been demonstrated in the 

fields of sociology, economics, and political science [92, 116, 55] to explain the spread of 

ideas, practices, and technologies. Social contagion theory suggests that attitudes and 

behaviors of individuals in a community are heavily influenced by those in their social 

network and by their relationships within social networks [99, 22]. The network theory of 

contagion has been applied to environmental and resources management problems.  For 

example, risk perceptions about the impact of an environmental cleanup project on a 

community’s water supply are explored using network theory [99], and social contagion 

theory is applied to explain risk perceptions of wildlife management [79]. 

This work develops a social influence model, based on the concept of risk publics, 

which is a conceptual framework for understanding public opinion dynamics about local 
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issues, such as the development of new facilities that have a high risk profile or the 

introduction of new and unfamiliar technologies. The risk publics approach was originally 

developed in an unpublished study analyzing the community dynamics surrounding 

development of a high-risk bio- and agro-defense research facility [15].  The model divides 

the population into distinct belief clusters or risk publics, and individuals in each cluster have 

a similar assessment of the risks and benefits associated with a specific technology. Clusters 

are empirically derived for the issue of concern and are not based on a-priori assumptions. 

Instead, clusters are generated using cluster analysis conducted for survey responses to 

questions that ask respondents to evaluate the risks and benefits of facilities or technological 

systems that impact the community. Communication characteristics are also empirically 

derived. The risk publics approach defines communications within and between clusters to 

effect a change in opinions.  

The risk publics model is able to overcome some of the limitations of other modeling 

approaches, such as diffusion of innovation models [92, 10], used in simulating the spread 

and adoption of innovations. Traditional diffusion models are limited because actors are 

fixed in their beliefs and cannot change opinions over time. In the risk publics approach, 

individuals are not static and change their opinion regarding technology based on interactions 

with other individuals. A second limitation of traditional diffusion models is the assumption 

that diffusion and adoption of technology will succeed globally. The risk publics approach 

does not presuppose global adoption or assume that adoption will succeed. The model allows 

for social conflict surrounding community issues [16], and the possibility that some of the 

clusters, or the whole community, may resist the adoption of new technology.  
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4.4 Empirical Acceptance-Resistance Agent-based Model 

An agent-based model is developed to simulate community opinion dynamics and 

acceptance and resistance of water reuse. Agent-based modeling techniques [7, 73, 48] are 

well-suited and recognized as effective computational techniques to simulate social influence 

processes [61, 85]. Agent-based modeling provides a computational approach to simulate the 

group-level dynamics that emerge from interactions within a community of individual agents. 

Agents follow rules that represent the decision-making and behavioral choices of individual 

and can interact and influence other agents through predefined communication networks.  

Moussaid [78] developed an agent-based model of opinion formation that allows for 

exploration of the collective dynamics of risk perception. Individual risk perceptions are 

based on media and social influence, and the model simulates the emergence of collective 

patterns of risk perception, such as clustering and polarization. Agent-based modeling 

approaches have also been developed to explore the effects of social influence processes 

specifically on water resources management.  Schwarz and Ernst [100] developed an 

empirical based agent-based model to simulate the diffusion of water-savings technology in 

southern Germany. Using survey data, the population is clustered into five groups 

representing distinct attitudes and behaviors towards adoption of water savings technology. 

Another agent-based model was developed to simulate social influence processes and 

changes in residential water use, based on water pricing and educational and information 

campaigns [5,6]. The model simulates social interaction between agents and communication 

about water conservation behavior, and it is applied to evaluate the efficacy of pricing 

policies and educational programs on reduction in residential water use. 
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An agent-based modeling [7; 73] framework is developed here to simulate opinion 

dynamics and the acceptance and rejection of water reuse through use of the risk publics 

framework. Parameters for the risk publics model are defined empirically from survey data. 

Within the agent-based model, households serve as the smallest computational unit, and each 

household is represented as an agent. Social influence mechanisms are simulated at the 

household level. Households base acceptance and rejection of water reuse on an intuitive 

analysis of their risk and benefits. Risk and benefit perceptions can change over time, based 

on communications with other households. Community dynamics, including the proportion 

of the population adopting or resisting water reuse, emerge from the aggregate behavior and 

interaction of individual households.  

4.4.1 Development of Risk Publics Model Parameters using Analysis of Water Reuse 

Survey Data  

The risk publics approach was applied to survey data that was collected in early 2013. 

The survey was conducted by GfK (formerly Knowledge Networks) using their Knowledge 

Panel®, which provides a nationally representative sample of adults in the U.S. The final 

sample size was 2,800 respondents. The questionnaire included measures of existing 

knowledge, attitude and behavioral intentions about (1) municipal water systems, (2) water 

reuse, (3) health, safety, and environmental implications of those systems for local 

communities and (4) potential risks and benefits of using reclaimed water. The survey also 

measured social and communicative variables to understand the role of inter-personal 

channels of communications and mass-media on individual opinion, knowledge and 

behavior.  
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4.4.1.1 Cluster Analysis  

The set of survey questions used in the cluster analysis are listed in Table 4.1. The 

survey required respondents to evaluate water reuse on the basis of the various risk and 

benefit factors described above. Respondents were asked to rank how strongly they agreed or 

disagreed with statements describing the risk and benefits of water reuse. Responses were 

reported on a scale of 1 to 7, where 1 meant they strongly disagreed with the statement; 4 

meant they neither agreed nor disagreed; and 7 meant they strongly agreed.  

 

Table 4.1 Risk and benefits perception statement/question used in survey 

Risk Perception Statements 

i. Even if reclaimed water is treated to certain standards, using it a home could 

still have harmful effects on people’s health. 

ii. Eating fruits or vegetables that are irrigated with reclaimed water might make 

people sick. 

iii. I think that using reclaimed water could decrease property values in my 

community. 

iv. Using reclaimed water would be like spreading sewage throughout the 

environment. 

v. Investment in reclaimed water systems will take resources away from other 
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Table 4.1 Continued 

Benefits Perception Statements 

i. If we used reclaimed water, there would be more safe drinking water available 

for people in my community. 

ii. Using reclaimed water will protect us against water shortages in the next few 

years. 

iii. Installing a new municipal system for reclaimed water would be beneficial 

because it would provide jobs to people in my community. 

iv. Having reclaimed water in my community would be beneficial because we 

wouldn’t waste drinking water to flush toilets or water lawns. 

v. Using reclaimed water just sounds like a good idea. 

 

Analysis of the survey results provided empirical data on the presence of social 

groups, relationships among individuals, and communicative variables governing individual 

use of reclaimed water. Social groups or risk publics were determined using a cluster 

analysis
1
 on the survey data following the approach. First, a Ward’s hierarchical clustering 

                                                           
1 Cluster analysis can be particularly susceptible to problems of missing data, in our case 

there were 158 respondents who could not be sorted into a cluster due to missing values. In 

order to include these respondents, we created a complete data using multiple imputation. For 

this purpose, we used Mplus version 6 (Muthen & Muthen; < http://www.statmodel.com/ >) 

to predict values for those individuals with missing data on the 10 questions used in our 
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method used the squared Euclidean distance of measures to create four clusters. Ward’s 

method has known drawbacks, and most importantly for this study, the random start point for 

the iterative clustering process biases the cluster membership of the first individuals 

analyzed; in essence, these first individuals become “stuck” in the initial cluster they are 

sorted in with no chance of joining a different, perhaps more suitable cluster. As a result of 

this drawback, K-means cluster analysis was used subsequently to create a second clustering 

solution based on the cluster centers (i.e., average values for each measure used in the cluster 

analysis) from the Ward’s method results. 

Cluster analysis results were obtained for a range of solutions (from two clusters to 

six clusters) and compared in terms of their construct validity and ease of interpretation. To 

assess construct validity, we evaluated the ability of the clusters to explain variance in a 

criterion variable, which is the overall support or opposition to the use of reclaimed water in 

one’s community. For interpretation of the clusters, we relied on a basic judgment of how 

differentiated the clusters were from one another in a two-dimensional risk/benefit space. In 

                                                                                                                                                                                    

analysis. The software program produced 10 imputed data sets. While Mplus can conduct 

analyses using these imputed data sets directly, the cluster analysis procedure we used was 

only available to us in SPSS. Thus, in order to use the imputed data we averaged the imputed 

values across the 10 data sets. In all results reported here, we replicated the analysis with 

both the imputed and original data sets. Differences in results were minimal, and we opted to 

use the imputed data set in order to maximize statistical power. 
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evaluating the risk and benefits of water reuse, the best solution corresponded to four risk 

publics clusters. Cluster analysis results are summarized in Table 4.2 and Figure 4.1.  

 

Table 4.2. Risk and benefit perception by belief clusters 

Cluster  Risk
1
  Risk 

Standard 

Deviation  

Benefits
2
  Benefits 

Standard 

Deviation  

N  Percent  

1 – Optimistic (OP)  2.43  0.71  5.77  0.65  706  25.20  

2 – Disengaged (DE)  3.61  0.65  3.91  0.70  1,110  39.60  

3 – Alarmed (AL)  5.52  0.78  2.65  0.88  330  11.80  

4 – Conflicted (CO)  4.63  0.71  4.88  0.68  654  23.40  

            Total:  2,800  100.00  

Notes: 

1
 Risk perception values are defined as continuous variables ranging from 1 (low) to 7 (high). 

2
 Benefit perception values are defined as continuous variables ranging from 1 (low) to 7 

(high). 
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Figure 4.1. Water reuse perceptions by cluster mapped along dimensions of risk and benefit 

perception 

 

Members of the first cluster are labeled as ‘Optimistic’.  These individuals perceive 

that the risks associated with water reuse are low and benefits high. These members have the 

most positive attitude towards water reuse and represent the segment of the population most 

likely to adopt water reuse. The second cluster represents individuals who have neutral risk 

and benefit perceptions and are labeled as ‘Disengaged’. These represent individuals who 

have not formed any risk or benefit perceptions in regards to water reuse. The cluster 

composed of individuals who have the highest risk perception and lowest benefit perception 

in regards to water reuse is labeled as ‘Alarmed’. Members in this cluster represent those 

who are most unfavorable towards and oppose water reuse. Members in this cluster perceive 

that the risk of water reuse outweigh benefits. The last cluster consists of individuals who 
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have medium-to-neutral risk and benefit perceptions and are labeled as ‘Conflicted’. 

Members of this cluster are apprehensive of the risks associated with water reuse but at the 

same time recognize benefits associated with water reuse. Like the disengaged cluster, their 

risk to benefit perception is close to one.   

Because reclaimed water is not in widespread use in the United States, the measures 

that are explored focus on people’s initial reactions to the technology rather than their 

previous experience with it. Thus, two additional belief clusters based on such experience 

were defined for modeling purposes. ‘Adopters’ form a subset of the optimistic cluster and 

represent those who have adopted water reuse. Adopters have the lowest risk perception and 

highest benefit perception within the optimistic cluster and the general population. 

‘Resistors’ are defined as a subset of the alarmed cluster. They represent individuals who 

have hard-set opposition towards water reuse and are unlikely to change their risk 

perceptions. They represent the population having the highest risk and lowest benefit 

perception. General characteristics of these two additional belief clusters are summarized in 

Table 4.3.  
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Table 4.3. Characteristics of additional belief clusters defined for modeling 

Cluster  Definition Risk Benefits Percent 

1A – Adopter Subset of 

Optimistic 

Cluster 

< 2.43 > 5.77 5% of Total Population 

(Optimistic population reduced 

by an equal amount when 

Adopter populations are used)  

3A – Resistor Subset of 

Alarmed 

Cluster 

> 5.52 < 2.65 5% of Total Population 

(Alarmed population reduced by 

an equal amount when  Resistor 

populations are used) 

 

4.4.1.2 Communication Parameters 

Survey questions that are used to approximate heterogeneity of interpersonal 

communication are summarized in Table 4.4. Responses to these questions are explored to 

determine how often respondents talked to people who agreed or disagreed with their values. 

Measures of homogeneous and heterogeneous talk are calculated by matching responses to 

the ideology questions (averaged) to responses to each of the frequency of discussion 

questions. For example, if a respondent scored on the liberal side of ideology (less than the 

average) and responded “Never (1)” to the question about discussion with people of extreme 

conservative views, they were given a score of zero for the variable heterogeneous talk. The 
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same procedure was followed for those falling on the conservative side of the ideological 

spectrum. The procedure produced two variables: Heterogeneous Talk (M = 1.00, SD = 1.05) 

and Homogeneous Talk (M = 1.28, SD = 1.26). To get a sense of the total amount of talk, 

these two variables were averaged to represent a single variable, Total Talk (M = 2.29, SD  = 

2.16), indicating the total amount of talk for each respondent. The variables, Total Talk, 

Homogeneous Talk, and Heterogeneous Talk were analyzed to determine communication 

frequency by cluster (Tables 4.5 and 4.6).    

Relative communication frequencies (Normalized Total Talk) were obtained by 

normalizing communication frequency values by the largest communication frequency. For 

model parameterization, it was assumed that the normalized communication frequency could 

be used to represent both the relative number of message sent (Messages Sent Fraction) and 

received by individuals (Messages Received Fraction) in each cluster.   Analysis of survey 

results provided a measure of frequency of communication to individuals belonging to the 

same risk publics cluster (Homogenous Talk) and to individuals who belonging to another 

risk publics cluster (Heterogeneous Talk). For all clusters, data indicates that frequency of 

communication within clusters was slightly greater than communication outside of clusters. 
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Table 4.4 Survey questions used to determine communication behavior 

The terms “liberal” and “conservative” may mean different things to people, depending 

on the kind of issue one is considering. In terms of [Insert topic here.], would you say 

you are … ? 

i. Economic issues 

ii. Social issues 

Response options ranged from 1 “Very liberal” to 7 “Very conservative” 

Regardless of the topic of conversation, how often do you talk to … 

i. People with extreme liberal views? 

ii. People with extreme conservative views? 

Response options ranged from 1 “Never” to 5 “Very often” 

 

Table 4.5 Communication frequency by cluster 

Cluster  Total 

Talk  

Normalized Total 

Talk  

Messages Sent 

Fraction  

Messages 

Received Fraction  

1 Optimistic  3.05  1.00  1.00  1.00  

2 Disengaged  2.08  0.68  0.68  0.68  

3 Alarmed  2.17  0.71  0.71  0.71 

4 Conflicted  2.53  0.83  0.83  0.83  
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Table 4.6 Relative frequency of communication within and between clusters 

Description Hom.
1
 Het.

2
 Total

3
  Hom. /Total Het. /Total 

1 Optimistic  1.72 1.33 3.05 0.56 0.44 

2 Disengaged  1.16 0.92 2.08 0.56 0.44 

3 Alarmed 1.30 0.87 2.17 0.60 0.40 

4 Conflicted  1.40 1.13 2.53 0.55 0.45 

Average  1.40 1.06 2.46 0.57 0.43 

 Notes: 
1
 Homogenous Talk abbreviated as “Hom.” 

2
 Heterogeneous Talk abbreviated as “Het.” 

3
 Total Talk abbreviated as “Total” 

 

4.4.2 Rules for Communication and Changing Perceptions 

The agent-based model is developed to represent each household represented as a 

computational agent. Agents are assigned to a risk publics cluster with initial risk and benefit 

perception values that are randomly generated from a distribution of values specific to the 

cluster. Agents are assigned to small-world communication networks for sending messages.  

The messaging model specifies unidirectional influence. A household agent is linked to a 

pre-determined number of household agents from the same cluster and one household agent 

from each other cluster. An agent is connected to a larger number of links internal to the risk 

publics cluster than to outside risk publics clusters [70]. Bi-directional links may be created 

in the initialization process, as pair of household agents can be randomly chosen to serve as 

both the source and target of messages.  
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Each agent’s risk and benefit perception values change based on messages that it 

receives from other household agents. At each communication time step, each household 

randomly selects one target household from its network and sends it a message. The message 

consists of both the risk and benefit perception values of the sending agent. Each household 

that receives a message updates its risk and benefits perception value in the direction of the 

message they receive [70]. Different weights, or importance, are given to messages based on 

the cluster from which the message originated to calculate the change in perceptions. 

Messages received from households within the same cluster are given more importance than 

messages received from other clusters, representing the fact that individuals are more 

receptive to messages from individuals who have a similar view [78]. Adopter and resistor 

households do not revise their risk and benefit perception values; households in other belief 

clusters update their risk and benefit perception values as described below. If a household 

receives a message from a household that belongs to the same cluster, risk and benefits 

perception values are updated using Eqns. 4.1 and 4.2. 

             (
          

 
) 

(4.1) 

             (
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(4.2) 

 

where Rnew and Bnew are the household’s updated risk and benefit perception values; Rold and 

Bold are its risk and benefits perception values before receiving the message; and Mrisk and 

Mbenefit are the pair of risk and benefit perception values that are communicated in the 

message. 
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The influence of messages from outside clusters are adjusted to take into account the 

relative closeness or disparity in perceptions. The greater the difference in risk and benefits 

perceptions, the smaller the influence [99]. When messages are received from households 

that belong to a different cluster the risk and benefit values are initially stored in memory and 

sorted by the cluster type of the source. Once a total of four messages are received from any 

other cluster, risk and benefit perception values are updated using equations 4.3 through 4.8. 
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where Mrisk,avg,c=j is the average of four risk perception values received by a receiving 

household agent from sending household agents located in cluster j, where cluster j is 

different from the cluster of the receiving household agent; Mrisk,k,c=j is the kth risk perception 
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value sent by the sending household agent k; Mbenefit,avg,c=j is the average of four benefit 

perception values received by a receiving household agent from sending household agents 

located in cluster j,; and Mbenefit,k,c=j is the kth benefit perception sent by sending household 

agent k. D is the Euclidean distance in risk and benefits parameter space between the 

household agents perception values (Rold and Bold) and the average values (Mrisk,avg,c=j and 

Mbenefit,avg,c=j). Dmax is a system parameter that defines the overall maximum possible distance 

in risk and benefits parameter space between any two households. An adjustment factor F is 

used to further adjust the magnitude by which the target household adjusts it risk and benefit 

perception values based on the value D. The value of F can range from two to four. As 

defined, when messages are received from a group of households located closer in parameter 

space (D approaches zero), then the value of F approaches 2.0, which is the default value 

used when messages are received from the same cluster (as shown in Equations 4.1 and 4.2). 

As each household agent updates its risk and benefits perception value, it determines 

how closely these new values align with the predominant beliefs of the belief cluster that it 

belongs to and that of the other three clusters, and it realigns itself with the risk publics with 

which its revised perceptions are closest.  After having readjusted risk and benefit perception 

values, household agents in the optimistic, alarmed and conflicted clusters evaluate the 

distance from their revised risk and benefits perception value to mean values of each of these 

three belief clusters and assume membership in the nearest cluster. Household agents in the 

disengaged cluster evaluate the distance from their revised risk and benefits value to that of 

all four clusters and assume membership in the closest cluster. Household agents can 

originate in the disengaged cluster but cannot gain membership. This represents the 
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assumption that individuals who are engaged on an issue and hold a set of beliefs can change 

their beliefs but are unlikely to become disengaged and will remain active participants in 

social discussion related to the issue. 

 

4.5 Results 

4.5.1 Theoretical Model – Impact of varying starting population proportions 

Model behavior and sensitivity were explored by conducting a set of simulation runs 

using a baseline model in which key parameters were modified in a systematic manner. For 

the baseline model, a set of theoretical risk public clusters were defined with risk and benefit 

parameter values as shown in Fig. 4.2. A population of 1000 household agents was initialized 

with pre-defined distribution among clusters. A total of 286 distinct initial population 

proportion combinations were evaluated, in which each cluster’s initial population varied 

from 0% to 100% in increments of 10% (or 100 household agents), while maintaining the 

sum of all four proportions equal to 100%. For evaluations where the population of the 

optimistic cluster was greater than or equal to 10% of the total population (greater than or 

equal to 100 household agents), 5% of the total population (50 household agents) was 

initialized as adopters. Likewise for the alarmed population, for simulations in which the 

number of household agents was greater than or equal to 10% of the total population (greater 

than 100 households), 5% of the total population (50 household agents) was initialized as 

resistors. A communication frequency of 12 messages/year was used for all agents. Thirty-
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year simulations were executed using a 1-year time step. Each simulation was replicated 25 

times, and results are reported as the average of the 25 simulations.  

 

 

Figure 4.2 Theoretical risk publics cluster definitions 

 

The range of observed population states in each cluster for years 10 and 30 are shown 

in Figs. 4.3 and 4.4, respectively. Both optimistic and alarmed clusters exhibit similar 

behavior and converge to a wide range of potential population states for different starting 

population proportions. As the number of household agent that are initially alarmed or 

optimistic increases, the minimum number of household agents that will be in either of these 

respective clusters 10 or 30 years in the future also increases (represented by the lower bound 

of the scatter graphs in Figures 4.3a, 4.4a, 4.3c and 4.4c). It is possible for either of the 
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alarmed or optimistic cluster to become the dominant risk public even when their initial 

proportion of the total population is only 10% (as observed in the upper bound of the scatter 

graphs in Figures 4.3a, 4.4a, 4.3c and 4.4c).  

Figure 4.3 Observed population states in Year 10 of simulation as a function of initial 

population. (a) Optimistic; (b) Disengaged; (c) Alarmed; (d) Conflicted. 

 

The disengaged and conflicted clusters converge on a limited number of possible 

population states. An initial disengaged population of less than 40% results in close to none 

or very few household agents associated with this cluster by year 10 (Fig. 4.3b), as 

households that are initially disengaged change their risk beliefs over time. The same trend is 

observed over an extended period of time of 30 years (Fig. 4.4b); an initial disengaged 

population of up to 90% results in a population of approximately zero by year 30. A set of 
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results show significant disengaged populations when the initial disengaged population is 

greater than or equal to 60%; these results correspond to scenarios where initial population 

consists solely of disengaged and conflicted members.  

Figure 4.4 Observed population states in Year 30 of simulation as a function of initial 

population. (a) Optimistic; (b) Disengaged; (c) Alarmed; (d) Conflicted. 

 

For the conflicted cluster, initial proportions of 30% or less result in conflicted 

populations being close to zero by year 10. Initial populations of 40% or more, however, 

result in a relatively broad range of possible population states in year 10. By year 30, the 

residual population in the conflicted cluster is significantly reduced, only scenarios that have 

an initial population of 80% or greater retain a residual population in the conflicted cluster.   
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The alarmed and optimistic risk publics are observed as the dominant belief clusters, 

and most of the household agents converge to risk and benefit beliefs associated with one of 

the two clusters. Both these clusters act as attractors or sinks. The presence of adopter and 

resistor populations serves as an anchor, and households that are classified as adopters and 

resistors do not update their perception values. Households associated with other clusters are 

influenced by messages and can revise their risk and benefit perceptions and cluster 

association. The net impact is a gradual movement in perception values towards the 

perception values of the adopter and resistors. A positive feedback loop is initiated, and every 

household that becomes an adopter or resistor further reinforces the influence of that cluster. 

Frequency and valence of discussion have been identified as two major dimensions of 

interpersonal discussion that impact risk and benefit perceptions [16]. Characterization of the 

strength of both of these dimensions of communication at the community or population level 

can provide indications on the opinion and discussion climate within the community on the 

issue of water reuse. For example, if optimists were the more vocal of all four communities, 

it would be expected that the opinion climate (i.e. communication) would be in favor of 

water reuse. The increased public attention towards the optimist’s viewpoint increases the 

likelihood of their message influencing others. 

A set of metrics were defined to measure the strength (frequency and valence) of risk 

and benefit perceptions in community discussions and the overall community-wide risk and 

benefit ratio. Two measures of the community-wide strength of risk and benefit perceptions 
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(Crisk and Cbenefit) are defined as the average of all frequency of discussion weighted by risk 

and benefit perception values, as shown in Eqns. 4.9 and 4.10.  
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Where Ri,t=0 and Bi,t=0 are the risk and benefit perception values of household i at 

initialization (t = 0); n is the total number of households; and Ti,t=0 is the talk frequency of 

household i at initialization. 

A population wide measure of the relative strength of risk perception messaging 

compared to benefit perception messaging (R/Bpop), a risk-to-benefit value, is defined using 

the population normalized risk and benefits value as follows: 

  ⁄       
      

         
 

(4.11) 

A risk-to-benefit value of one would indicate that the overall strength of 

communication of risks and benefits within the community are balanced. Risk-to-benefits 

values greater than one indicate a shift towards an increase in risk perception levels with 

respect to benefit perception levels, or a relative increase in the frequency of communication 

from households that perceive increased levels of risk. The higher the risk-to-benefit value, 

the higher the perceived risk with respect to benefits. Risk-to-benefit values less than one 

indicate an opinion climate where overall benefit perceptions in the community are greater, 
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or communication is dominated by those who perceive and send messages that benefits are 

higher than risks. The lower the risk-to-benefit value, the more pronounced the benefits 

perception.  

Figure 4.5 shows the time required for different community compositions to converge 

towards one of two dominant belief perceptions, defined as a state where 90% of the 

population is optimistic or alarmed. Out of the 286 combinations evaluated, 63 runs (equal to 

22%) reach states dominated by the adopters and 67 runs (equal to 23%) reach states 

dominated by resistors. Figure 4.6 summarizes populations in year 30 based on risk-to-

benefit values for all combinations calculated. When risk-to-benefit values are less than one, 

the optimistic population is always at least greater than that of the alarmed population. This 

trend reverses for risk-to-benefit values greater than one, where alarmed populations are 

dominant. The risk-to-benefit value can serve as an indicator on whether the population will 

converge to one of two dominant belief perceptions. Risk-to-benefit values on either side of 

1.0 provide an indication of the likelihood of either adopters or resistors becoming dominant. 
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Figure 4.5 Time required for population to become 90% optimistic or alarmed as a function 

of risk-to-benefit values 

 

Figure 4.6 Observed year 30 optimistic and alarmed populations in all simulation runs as a 

function of risk-to-benefit values 
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4.5.2 Theoretical Model – Impact of varying communication frequencies 

Variations in communication frequency among clusters can influence the community 

opinion climate. A set of simulations was executed to assess the impact of the 

communication frequency parameter on the community opinion climate. A discrete set of 

communication frequency values were evaluated, from no communication to quarterly, 

monthly, weekly, bi-weekly and weekly communication (equivalent to 0, 4, 12, 26, and 52 

messages/year). All possible combinations, where each of the four clusters could take on any 

one of the five communications frequency values, were evaluated for a total of 625 different 

combinations. A household population of 1000 was used, with 25% of households assigned 

to each of the disengaged and conflicted clusters; 20% to the optimistic and alarmed clusters; 

and 5% to the adopter and resistor clusters. Risk and benefit perception values were assigned 

from the distribution of values shown in Fig. 4.2. Simulations were executed for a 30-year 

period, using 1-year time steps. Simulations were replicated 25 times; results reported are the 

average of the 25 simulations.  

The range of observed population states by cluster at the end of the simulation runs 

(Year 30) are assessed as a function of cluster communication frequency (Fig. 4.7). The 

optimistic and alarmed clusters (Figs. 4.7a and 4.7c) show similar behavior, where both 

exhibit a wide range of potential population states. When these clusters do not communicate, 

populations in year 30 can range 50-250 household agents. For scenarios in which 250 

household agents (the number initialized for that cluster) remain in the optimistic or alarmed 

cluster in year 30 represents the conditions no or very limited messages being sent to 

household agents in this cluster.  As a result, household agents do not change their viewpoint 
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and remain in their initial cluster. The lower limit of 50 represents the scenario in which all 

members of the cluster, except those initialized as adopters or resistors, are influenced by 

messages and revise their perceptions. Even communication frequencies as low as four 

messages per year can result in the optimistic or alarmed perceptions becoming the dominant 

perception within the community (as depicted by the upper bound in Figs. 4.7a and 4.7c). In 

addition, as the communication frequency increases, the minimum expected population that 

will still be affiliated with either of these risk beliefs increases (shown as the lower bound in 

Figs. 4.7a and 4.7c). 

Population states for the disengaged cluster (Fig. 4.7b) show an upper bound of 250 

household agents and a lower bound close to zero. By definition, and based on the rules used 

in the model, household agents in other clusters cannot become affiliated with the disengaged 

cluster. This limits the maximum number of household agents within the cluster to the 

number of household agents initialized within the cluster. Under conditions where messaging 

from outside clusters is dominant, members of the disengaged cluster can change their 

viewpoints to that more closely associated with other clusters, resulting in a migration out of 

the cluster. The disengaged population is capped at its initial size and can only remain fixed 

in size or reduce over time.  

The conflicted cluster exhibits a wider range of potential population states in year 30 

(Fig. 4.7d). Under the condition when frequency of communication within this cluster is 

zero, population states can range from 250 household agents to close to zero household 

agents. Because there is no internal communication, household agents may change their risk 
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and benefits perception values based on message they received from outside. If external 

messaging is strong, then all household agents will change their risk and benefit perception 

values and move to other clusters, resulting in a highly reduced or population of zero in the 

conflicted cluster. On the other hand, if there is no or limited external messaging, household 

agents are not influenced and remain as initialized, resulting in a stable population of 250 

household agents. For other communication frequencies, a wide range of possible ending 

population states is observed. 

 

Figure 4.7 Observed population states in Year 10 of simulation as a function of 

communication frequency. (a) Optimistic; (b) Disengaged; (c) Alarmed; (d) Conflicted 
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Community-wide measures of the strength of risk and benefit communications and 

the associated risk-to-benefits ratio are calculated using Eqns. 4.9-4.11. Fig. 4.8 shows the 

time required for different community compositions to converge towards one of two 

dominant belief perceptions as a function of the risk-to-benefits ratio. Fig. 4.9 summarizes 

populations in year 30 based on risk-to-benefit values for all combinations calculated. As 

observed in the analysis in Section 4.5.1, lower risk-to-benefit ratios indicate conditions 

where convergence towards optimistic viewpoints is favored. A risk-to-benefits ratio of one 

serves as the cutoff point, with risk-to-benefit ratios greater than one favoring convergence 

towards alarmed viewpoints. When risk-to-benefit values are less than one, the optimistic 

population is greater than or equal to the alarmed population. This trend reverses for risk-to-

benefits values greater than one when alarmed populations become dominant.   

 

Figure 4.8. Time required for population to become 90% optimistic or alarmed as a function 

of risk-to-benefit values 
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Figure 4.9 Observed year 30 optimistic and alarmed populations in all simulation runs as a 

function of risk-to-benefit values 

 

Figure 4.10 summarizes the alarmed populations in year 30 as a function of risk-to-

benefit ratios, based on communication frequency, and highlights the dynamics that 

communication frequency plays in emergent behavior of alarmed population. No 

communication results in a reduction of the alarmed population. Low communication 

frequencies (4 messages/year) generate a range of outcomes; however for a majority of 

simulations, the alarmed population remains less than 50% of the total population in year 30. 

As the communication frequency increases (12 and 26 messages/year) the number of 

scenarios where alarmed population is greater than 50% of the final population steadily 

increases. The highest communication frequency (52 messages/year) results in all the 

scenarios having an alarmed population greater than 50%, and a majority of these scenarios 

0

200

400

600

800

1000

0.25 0.5 1 2 4

H
o

u
se

h
o

ld
s 

Risk-to-benefits 

Optimistic Alarmed



132 

result in an alarmed population in excess of 75% of the total population. The results indicate 

that increasing the communication frequency of the alarmed population generally results in a 

larger alarmed population by year 30. It was observed that the optimistic alarmed population 

exhibits a similar behavior. 

 

Figure 4.10 Observed year 30 alarmed populations in all simulation runs as a function of 

risk-to-benefit values coded by communication frequency 

 

4.5.3 Empirical Model 

The risk publics model was modified to incorporate parameters obtained from the 

water reuse survey. Model parameters not measured in the survey were obtained from 
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frequency of communication among the clusters was assumed, based on the data reported in 

Table 4.4. Variability was introduced to the network sizes, and household agents were 

randomly assigned six, seven, or eight network connections (i.e. each household agent as a 

source can send messages to six, seven, or eight target household agents). A small-world 

network with clustering was generated. Each agent is connected to one randomly selected 

agent in each of the three external clusters, and remaining links were generated internal to the 

network. The number of network connections could not be obtained from survey data results, 

nor was data available for typical network size for communication about water resources 

issues.  The network sizes that are used here are comparable to those reported in a survey 

about risk communications concerning mad cow disease in Germany [57]. Population 

proportions reported in Tables 4.2 and 4.3 were used.  

A second set of simulation runs were executed for the empirical based model 

described above. Relative variability in communication among the clusters, as identified 

from analysis of survey data (Table 4.5), varies from a low of 0.68 to a maximum of 1.00. 

Fractional communication rates of 0.6, 0.7, 0.8, 0.9 and 1.0 were used in the simulation runs 

to cover the full range of observed communication frequencies. Each cluster’s fractional 

communication rate was varied from 0.6 to 1.0 resulting in 625 possible combinations 

evaluated. Each combination run was replicated 25 times, and the average results obtained 

from the 25 runs are reported in Figures 11 and 12. Simulations were run for a 30-year period 

using 1-year time steps. 
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Figure 4.11 Observed year 30 optimistic population in all simulation runs as a function of 

risk-to-benefit values coded by communication frequency 

 

 

Figure 4.12 Observed year 30 alarmed population in all simulation runs as a function of risk-

to-benefit values coded by communication frequency 
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Because the population of the optimistic cluster is larger than that of the alarmed 

cluster (as shown in Table 4.2), the risk-to-benefit ratios are always lower than one. When 

optimistic members communicate at a fractional rate of 0.9 or greater, more than half the 

population is in the optimistic cluster by the year 30. Even at the lowest measured talk 

fraction of 0.6, a large number of scenario runs indicate that that the population will be 

predominantly optimistic in the year 2030.  

The communication of the alarmed cluster is weaker than that of the optimistic 

cluster.  Consequently, the symmetry in behavior between the optimistic and alarmed clusters 

observed in the previous theoretical runs (for example see Figs. 4.5, 4.6, 4.8 and 4.9) is not 

present in these results. For low communication fractions (0.6 and 0.7), the population in the 

alarmed cluster does not exceed 50% of the total population. For high communication 

fractions, there are a limited set of conditions under which the alarmed cluster can become 

the dominant cluster. This scenario requires that the optimistic population communicates at a 

lower frequency than the alarmed population; survey results, however, indicate that this is 

not the case at a national level (Table 4.5).  

 

4.6 Regional Analysis 

Respondents to the national survey reported their state of residence. A set of 

simulations was executed with population proportions fixed to represent different regions of 

the U.S. (Table 4.7). Regions were based on divisions as defined by the US Census Bureau 

[114], which divides the U.S. into nine geographical divisions (Fig. 4.13). 
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Table 4.7 Regional population proportions as determined from survey analysis 

Region 1 Optimistic 2 Disengaged 3 Alarmed 4 Conflicted 

0 National 25.2% 39.6% 11.8% 23.4% 

1 New England 23.4% 43.3% 7.8% 25.5% 

2 Mid-Atlantic 20.1% 38.6% 15.3% 25.9% 

3 East-North Central 21.3% 43.8% 14.0% 20.9% 

4 West-North Central 24.8% 41.6% 8.4% 25.2% 

5 South Atlantic 25.1% 37.5% 12.7% 24.7% 

6 East-South Central 21.9% 41.7% 17.2% 19.2% 

7 West-South Central 22.1% 42.5% 11.9% 23.5% 

8 Mountain 38.8% 32.7% 8.7% 19.9% 

9 Pacific  31.9% 37.7% 7.5% 22.9% 
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 Figure 4.13 Overview of regions, based on US Census Bureau Divisions [114] 

 

Thirty-year simulations were conducted with varying population proportions to 

initialize the model and represent opinion dynamics in different regions of the U.S. Other 

model parameters were set using survey data as described in Section 4.5.3 (cluster risk and 

benefit values used are shown on Table 4.2; a baseline messaging frequency of 12 

messages/year adjusted by cluster using the relative frequencies shown on Table 4.4; and 

randomly assigned network connections of either 6,7, or 8 links). Different opinion dynamics 

are observed across the regions. As shown in Fig. 4.14, there is a notable difference in the 

alarmed population across regions.  The Mountain region has the highest initial optimistic 

population and is the region where the optimistic viewpoint becomes dominant most rapidly. 
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The growth of the optimistic population exhibits an S-shaped growth curve (Figure 4.15a). 

Convergence to the optimistic viewpoint occurs rapidly and reaches near completion after 10 

years into the simulation run.  

 

  Figure 4.14 Population changes in 10-year increments 
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Figure 4.15 Annual simulated population in (a) Mountain Region; (b) East South Central 

Region; and (c) Nation; [OP – Optimistic; DE – Disengaged; AL – Alarmed; CO – 

Conflicted] 

 

The East South Central region has the highest alarmed population (these by definition 

are individuals most opposed to water reuse) and a relatively smaller optimistic population 

than other regions. However, even in this region the optimistic population is larger than the 

alarmed population. Optimistic population growth follows an S-shaped growth curve, but 

growth occurs more gradually than in the Mountain region.  Growth of the optimistic 

viewpoint occurs in all regions, and the national level, following an S-shaped growth. Growth 

rates and the resultant S-shaped curve are distinct for each region; differences arise due to the 
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different starting population proportions. For the Mountain, Pacific and South Atlantic 

regions, disengaged and conflicted populations in year 10 are nearly zero. For all remaining 

regions, population in these clusters remains larger than zero in year 10, but reaches zero by 

year 20. Fig. 4.16 summarizes the length of time required for optimistic population to reach 

50%, 75% and 90% of the total population.  

 

  Figure 4.16 Optimistic population milestones by region 

 

All regions end up converging on a majority optimistic population. In all regions, the 

optimistic population is larger than the alarmed population; in addition, as described in the 

previous section, the frequency of communication among the optimistic population is greater 

than in the alarmed population. The differences in population proportions, however, lead to 

different growth rates and patterns among the regions. Four of the regions reach the state 

where the optimistic population is 90% or greater by the year 2030. 
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4.7 Conclusions 

Municipal water reclamation and water reuse is recognized as a sustainable 

alternative for urban water services [101], and the success of water reuse projects is 

dependent on community wide acceptance and adoption [94]. Water reuse projects often face 

a social barrier due to perceived risks, and benefits, which determine individual user attitudes 

and eventual acceptance or rejection of water reuse [88, 50]. Perceptions however are not 

static, and can change over time through discussion and interactions with other individuals 

and increased knowledge and familiarity with reclaimed water [13, 30]. Understanding a 

community’s perception regarding water reuse, and how it can evolve over time, can help 

water agencies plan for water reuse projects. The viability of projects in a community can be 

evaluated based on understanding if social barriers exist towards water reuse projects. In 

addition, communication programs can be developed to increase knowledge and familiarity 

with water reuse and dispel misperceptions [29]. 

The risk publics [15] modeling framework is developed and applied here to simulate 

acceptance and resistance of reclaimed water using an empirically-based approach to 

simulate community opinion dynamics surrounding local issues that are divisive and have a 

high risk profile, such as introduction of new and unfamiliar technologies, or the 

development of new facilities. The approach uses the concept of belief clusters, which are 

groups of like-minded individuals within a community who share similar risk and benefit 

perceptions, to define social interaction and communications and simulate social dynamics. 

Analysis of results from a recently conducted survey provides information on the different 
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belief clusters within a community and their predisposition towards adoption of water reuse; 

data also provides information on communication within and between clusters. 

In the agent-based model, individual households are simulated and their behavior is 

mediated through communication with individuals in belief clusters. Rules for 

communication as one-way messages sent by individuals are defined at the risk public cluster 

level. The risk and benefits perceptions of the sending household agent are embedded in 

messages.  This study applies the model using a set of theoretical values to illustrate the 

capabilities of the model.  The system is observed by measuring aggregate level measures of 

population proportions in each risk publics (i.e. population states). Multiple simulations that 

are described here indicate that a wide variety of population states are possible based on 

variations in starting population proportions and defined communications characteristics 

(frequencies) of the risk publics.  

The model is formulated so that the optimistic and alarmed populations serve as the 

major attractors, with the population converging to either of these clusters. Both the 

optimistic and alarmed clusters are anchored by a subset population, which has fixed risk and 

benefit perceptions and exert an increased level of influence on dynamics. The model can be 

revised to make the conflicted or other viewpoints as the dominant perceptions.  Model 

results demonstrate the importance of both frequency and valence of discussion on opinion. 

Increase in the frequency of communication either as an innate property of the particular risk 

publics cluster, or due to a larger relative population, increase the strength of the message 
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broadcast by the risk public. Valence of discussion reflected by the risk and benefits 

perception values of the message sender also increases the strength of message.  

The model provides the ability to define a lower limit (floor) or upper limit (ceiling) 

on the population within any risk public. In simulating attitudes and acceptance of water 

reuse, it is assumed that those who have already adopted reclaimed water will not abandon its 

use; likewise a population of resistors is assumed to be present in a community who will not 

adopt and change their risk and benefit perceptions. Both these populations are simulated 

using the concept of floors. The concept of a ceiling is applied to simulate the population of 

disengaged individuals in a community. Individuals who are initially disengaged can become 

engaged over time; at the same time members of the other three clusters who have 

perceptions and beliefs and are by definition “engaged” and are highly unlikely to become 

disengaged or decrease their level of participation in discussions. The population of 

disengaged individuals will not increase over time, but can decrease. These concepts can be 

applied in simulating adoption of other technology, beliefs or social norms (for example, 

generational shifts in social norms).  

The model is able to simulate emergence of a number of community level structures 

surrounding the issue of water reuse that resemble patterns of opinion formation observed in 

real life, such as consensus formation, polarization and clustering [78]. Under certain 

conditions explored, the risk and benefit perceptions of individuals within the community 

converge to a set of beliefs espoused by one particular risk belief cluster.  A consensus is 

formed within the community, and acceptance or rejection becomes the dominant risk belief. 
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Polarization within the community is observed when the population divides into two main 

risk benefits belief clusters: optimistic and alarmed. Clustering phenomena is also observed, 

where multiple beliefs, and not just the extreme positions, coexist or emerge over time. 

The model is able to simulate patterns of emergent community opinion dynamics 

based on interpersonal communication. Furthermore, modeling results demonstrates how risk 

perceptions can be amplified when disparities exist in communication characteristics between 

risk publics. The social amplification of risk is observed to occur when a particular risk 

benefits belief cluster has a larger population or sends messages (communicates) more 

frequently than others. Application of the model to nine empirically defined regional 

population profiles indicates the potential of the modeling framework to evaluate alternative 

water reuse adoption dynamics.  

The framework described can serve as a tool to explore the opinion dynamics 

surrounding the issue of water reuse. Planners may benefit from the use of this model to 

assess the likelihood of water reuse projects succeeding in a community. Experiments or 

scenarios can be developed to explore how a set of community beliefs lead to enhanced 

receptiveness or rejection of water reuse.  Model users may also ascertain the presence of 

certain thresholds that may create difficulties in gaining acceptance of water projects. The 

model highlights the importance of communications in opinion dynamics, and water agencies 

and utilities can evaluate the potential impact of communication strategies in encouraging 

adoption of water reuse. For example, broadcasting public service messages may engage the 

public, or working and enabling community leaders may increase discussion and 
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communication among supporters of water reuse, with the potential of influencing larger 

portions of the community.  

Model parameters were developed using a national survey and may not be 

representative of specific individual communities. Surveys conducted amongst a 

representative sample of the local population can help develop more location-specific 

insights. Discussion networks (number of contacts, nodes, and links) and the number of 

discussions were two model inputs that were not obtained directly from the survey and were 

based on values from other studies. Because discussion groups and amount of discussion are 

bound to differ based on topic of discussion, empirical data specific to water reuse for these 

two parameters can help further refine the model. 
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CHAPTER 5 

Simulating the Adoption of Water Reuse in Cary, North Carolina 

 

5.1 Introduction 

Municipalities can consider reclaimed water as an important water resource and an 

important component of an integrated water resources management strategy [4, 18, 101]. Use 

of reclaimed water can reduce demands and thereby conserve freshwater supplies; reduce 

demands on the drinking water system, which can defer the need for drinking water 

infrastructure expansion; increase the reliability of water supplies; and reduce the discharge 

of treated wastewater back to the environment [4, 18]. However, integration of water reuse 

within a community’s water system presents a number of challenges, and introduces new 

complexities in infrastructure and water management beyond challenges associated with 

traditional water planning. The viability of water reuse programs depends on community 

support and the adoption and utilization of reclaimed water by consumers. Historically, there 

has been limited and uncertain public support towards water reuse projects due to a host of 

risk perception factors associated with water reuse. The risk perceptions include: 

psychological factors, health concerns, technical, environmental, and socio-economic 

concerns [29, 88]. Notwithstanding the often limited and uncertain initial support, studies of 

reclamation systems in communities where they have been successfully implemented 

indicate that consumer perceptions regarding water reuse can change over time, as they 

become more familiar with reclaimed water through educational campaigns and with 

increased interaction and experience [13, 30]. Community-wide adoption of reclaimed water 
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is a complex socio-technical process that emerges from planning and management decisions 

made by municipalities, water utilities, and other policy makers; access to reclaimed water 

infrastructure; and the perceptions and behaviors of consumers.  

Social factors play a key role in determining consumer perceptions and attitudes 

regarding water reuse [13, 30]. Previous chapters described the development of two distinct 

dynamic modeling frameworks based on theory from the social sciences to simulate 

consumer adoption of reclaimed water: (1) a cellular automata (C A) model that uses 

concepts drawn from the diffusion of innovations theory [92]; and (2) a semi-empirical 

agent-based model (ABM), which uses assumptions drawn from research on risk perceptions 

and the social amplification of risk.  The ABM framework uses the concept of belief clusters, 

or “risk publics” [15, 16], to explain the adoption of reclaimed water. 

This chapter further develops the ABM risk publics model, and applies the 

framework to the Town of Cary, North Carolina. Reclaimed water adoption projections are 

simulated for alternative scenarios using the ABM framework and are compared to 

projections obtained from the CA model. In addition, the risk publics model is used to 

explore the impact of alternate infrastructure expansion schedules on water reuse adoption 

dynamics. Chapter 3 describes the cellular automata model, and Section 5 (Chapter 3) 

describes the calibration and parameterization of the CA model using observed data from 

Cary.  Section 6 (Chapter 3) describes the application of the model to obtain adoption 

projections for Cary. Chapter 4 describes the theoretic development and demonstration of the 
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risk publics ABM. Calibration and application of the risk publics ABM for Cary are 

described in the following sections. 

 

5.2 Calibration of the Risk Publics Model for Cary  

The development of the risk publics framework is described in detail in Chapter 4. 

Parameter values for the initial model were developed using data from a national survey that 

measured knowledge, perceptions, behavioral intentions, and other variables regarding water 

reuse. In this chapter, parameter values are adjusted to represent the Cary population through 

calibration of the model, based on historical time series data of residential reclaimed water 

accounts established within Cary. Parameters of interest in the risk publics model include the 

(1) population proportions; (2) risk benefit values; and (3) communication variables.  

5.2.1 Description of Model Parameters 

Population proportions define how the population is distributed into the various risk 

benefits clusters and is used at initialization to assign each household to a risk benefit cluster. 

Analysis of survey data provided population proportions for different regions of the US (refer 

to Section 4.4.2 and Table 4.6). For initial analysis, the South Atlantic and Mountain region 

population proportions (Table 5.1) were used to simulate the Cary population, because both 

regions have attributes in common with the population of Cary.  The South Atlantic region is 

the region within which Cary is geographically located. The Mountain region, in general, and 

communities within the region, have characteristics in their experience regarding adoption of 

reclaimed water that bear similarity to the experience of Cary residents. Survey analysis 



149 

indicates that the Mountain region is the region with the largest percentage of population 

classified as ‘optimistic’ regarding the use of reclaimed water (refer to Section 4.4.2 and 

Table 4.6). The use of reclaimed water is widespread among municipalities in the Mountain 

region.  Communities in Colorado were early developers of urban water reuse systems, and 

the practice spread throughout states within the region, such as Arizona and New Mexico, 

due to large population increases in arid and water-short areas [4]. The Town of Cary has a 

similar “experience” background. Cary was the first municipality in the state to provide 

reclaimed water to residential customers. In addition, the Town has an established base of 

residential reclaimed water users and has been pro-active in developing and promoting a 

residential water reuse program [18, 47].   

Table 5.1 Population proportions used for modeling Town of Cary 

Region 1 Optimistic 2 Disengaged 3 Alarmed 4 Conflicted 

South Atlantic 25.1% 37.5% 12.7% 24.7% 

Mountain 38.8% 32.7% 8.7% 19.9% 

National
1
 25.2% 39.6% 11.8% 23.4% 

Notes: 
1 

National population proportions shown for reference only, and were not used in the 

modeling. 

 

As described in Section 3.1.1 (Chapter 4), cluster specific risk and benefit values 

regarding the use of reclaimed water were determined from survey analysis and used as 

model parameters. Each household is assigned an initial risk and benefit value based on its 

cluster assignment. Household risk and benefit values change during simulation as 
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households interact with each other. Furthermore, risk publics cluster association is dynamic, 

and households change membership to the cluster with which their revised perceptions are 

most closely aligned.  

Communication-specific variables define the number of messages communicated, the 

relative difference in volume of communication by cluster, and a factor to account for 

importance assigned to messages. A global variable defines the maximum number of 

messages that any individual household can broadcast within a year, and the actual number 

of messages sent by each household depends on its cluster membership. The relative 

frequency of communication are a set of parameters that are defined to adjust the maximum 

number of messages that each household agent can send based on its risk publics cluster 

membership. The relative frequency of communication was based on analysis of survey data 

(Section 4.3.1.2 and Table 4.6). The communication adjustment factor is used to adjust for 

the importance that homes assign to messages received from other clusters, thereby 

impacting how they adjust their risk and benefit perception values regarding water reuse 

based on messages received.  

5.2.2 Calibration Data 

Time series data provided by the Town of Cary on the number of residential 

reclaimed water accounts installed were used for model calibration. The data covers the 

period June 2001 through November 2011, by which 511 homes adopted reclaimed water. In 

June 2001 when reclaimed water services were first made available, 318 households were 

already connected to the reclaimed water network. An additional 193 homes adopted from 
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June 2001 through November 2011. The model was initialized in June 2001 with 318 

households as adopters, and the calibration was applied to minimize the error in predicting 

the number of households that adopt the use of reclaimed water each year during the period 

June 2001 through November 2011.  

5.2.3 Calibration of Communication Parameters 

A set of initial model simulations were conducted to determine a feasible range of 

values for the communication parameters: (1) Nmsg, the maximum number of messages 

passed per year; and (2) F, the adjustment that is applied to messages received from members 

of other clusters (Table 5.2). An enumerative approach was used to evaluate possible 

parameter setting combinations within the established range. Each combination of parameter 

settings was evaluated 10 times to account for stochasticity, which is due to the random 

variable that agents use in transitioning to adopters. Model performance was assessed by 

calculating the mean absolute error across the 10 evaluations (represented as MAE in Eqn. 

5.1). Absolute errors were computed for each year of observed data (n=11); i corresponds to 

the year being compared, where i can range from 2002 to 2012; fi is the computed number of 

adoptions in year i; and yi is the observed number of adoptions in year i. The use of the MAE 

provides a metric to compare the risk publics ABM with the CA model.  
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Table 5.2 Summary of parameter values 

Parameter Potential Values   Comment 

Nmsg [1,2,3…24,25,26] Maximum number of messages that any home can 

send each year, further adjusted based on risk 

publics cluster assignment. 

F [2,2.5,3…9,9.5,10] Communication adjustment factor. 

  

     
 

 
∑|     |

 

   

 (5.1) 

 

The two models with the lowest mean absolute error, within each set of models tested, are 

shown in Table 5.3; and model predictions are compared to observed data (Figure 5.1).  

 

Table 5.3 Parameter settings for optimal models 

 Parameters Evaluation 

Model Nmsg F Mean Absolute Error 

South Atlantic Region 

Model S1 7 5.5 166 

Model S2 8 6 170 

Mountain Region 

Model M1 5 6 178 

Model M2 6 5.5 189 
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(a) 

 

(b) 

Figure 5.1 Performance of Models S1, S2, M1 and M2 compared to observe data. (a) 

Number of new adopter households per year. (b) Total number of adopter households 
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In general, the risk publics ABMs perform poorly in matching the observed 

longitudinal adoption process. Even the best performing models predict adoption processes 

that are significantly different from observed; furthermore, the model performances are not 

comparable to those obtained from the CA model (refer to Section 5 in Chapter 3).  

Results obtained using the two different population proportions indicate that the 

models based on the South Atlantic region populations provide predictions that more closely 

approximate the S-shaped growth pattern shown in the observed data. In addition, models 

based on the South Atlantic region population proportions have a lower mean absolute error 

value. These results indicate that model performance is sensitive to initial proportions. 

5.2.4 Calibration of Population Proportion Parameters 

A second calibration effort was carried out to explore parameter settings for the initial 

population proportions. Instead of limiting parameter values to the combinations obtained 

from analysis of survey data, population proportions were explored to fit simulations to the 

Cary data. Population proportion limits identified from the survey were used as guides in 

determining the range of values that are allowed in the analysis. The largest population 

proportion value from the nine regions, represented as a percentage, was rounded to the 

nearest multiple of five and increased to the next largest multiple of five to define the upper 

limit used for calibration. Likewise, the lower limit was based on the lowest population 

proportion value, represented as a percentage, rounded to the nearest multiple of five and 
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reduced to the next lowest multiple of 5. Population proportion limits used for calibration 

purposes are summarized in Table 5.4.  

 

Table 5.4 Population proportion limits obtained from reclaimed water survey analysis and 

used in calibration 

Proportions 1 Optimistic 2 Disengaged 3 Alarmed 4 Conflicted 

Minimum across all 

regions 

20% 33% 7% 19% 

Maximum across all 

regions 

39% 44% 17% 26% 

Minimum used for 

calibration 

15% 25% 5% 10% 

Maximum used for 

calibration  

45% 50% 25% 30% 

 

 

Table 5.5 summarizes the parameters that were calibrated as part of this analysis. The 

maximum number of messages per year (Nmsg) were evaluated within a range of 12-26, and 

the factor to adjust communication among clusters (F) was kept constant at the default value 

of 4 (refer to Section 3.2 in Chapter 4). A total of 120 parameter value combinations were 

evaluated, and each combination was evaluated for 10 random simulations to account for 

stochasticity.  
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Table 5.5 Summary of parameter values 

  Parameter   Potential Values   Comment 

Nmsg [12,13,14…24,25,26] Maximum number of messages that any home can 

send each year, further adjusted based on risk 

publics cluster assignment. 

Pop1(OP) [15,20,25…35,40,45] Population proportion for Optimistic cluster
1
 

Pop2(DE) [25,30,35…40,45,50] Population proportion for Disengaged cluster
1
 

Pop3(AL) [5,10,15,20,25] Population proportion for Alarmed cluster
1
 

Pop4(CO) [10,15,20,25,30] Population proportion for Conflicted Cluster
1
 

Note:  
1
 Population proportion combinations were selected from the set of combinations where the 

sum of proportions was equal to 100. 

 

 

Models obtained from this calibration simulate observed data more accurately than 

adjusting the communication parameters alone (shown in Section 2.3). Table 5.6 shows the 

parameters that are obtained for the two models (Models 1 and 2) with the lowest MAE 

values.  Two additional models, Models 3 and 4, that have relatively low MAE values are 

included.  These models have distinctly different values for parameter settings and adoption 

dynamics when compared to Models 1 and 2. Model predictions are compared to observed 

data in Figure 5.2.  
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Table 5.6 Parameter settings for selected models 

 Parameters Evaluation 

Model Pop1(OP) Pop2(DE) Pop3(AL) Pop4(CO) Nmsg Mean Abs. 

Error 

Model 1 15 40 15 30 24 114.3 

Model 2 20 40 20 20 21 128.7 

Model 3 15 40 15 30 21 132.9 

Model 4 20 45 5 30 24 151.3 
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(a) 

 

(b) 

Figure 5.2 Performance of Models S1, S2, M1 and M2 compared to observe data. (a) 

Number of new adopter households per year. (b) Total number of adopter households 
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The MAE values for Models 1-4 are similar to those for the CA model and are able to 

simulate the general S-shape of the cumulative adoption dynamics (Fig. 5.2a). The model 

performance suffers during the year 2007, and models under-predict the observed number of 

adoptions (Fig. 5.2b). As discussed in Section 5.2 (Chapter 3), this period corresponds to a 

drought, during which restrictions on use of drinking water for outdoor use were imposed 

[84, 69, 112] and may cause a higher number of households to adopt reclaimed water than in 

other years.  The impact of this potential forcing is not represented in the model and may 

explain the underestimation of the models in 2007.  

 

5.3 Adoption Projections for Cary 

The projected number of adopter households for the period 2001-2030 was simulated 

using the four models selected from calibration (Models 1-4, described in Table 5.6). The 

calibration period represents the period from 2001 to 2012, and the projection period 

represents the years from 2011 to 2030. Cary’s reclaimed water system master plan [18] 

provides a planning level study for expansion of the Town’s reclaimed water system through 

the year 2030 and is used as reference to determine total projected adoptions and guideline 

for system expansion phasing. The projection period can be divided into four phases, and 

each subsequent phase corresponds with an expansion of the reclaimed water network. After 

the system is established in 2001, system expansions are planned for the year 2011 and at 

subsequent 5-year intervals. Expansion in 2011 improves the system to meet demands and 

provide service capacity for customers expected to adopt through the year 2015. Future 

system expansions planned for the years 2016, 2021 and 2026 increase network coverage, 
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and expand capacity for growth projected in the periods 2016-2020, 2021-2025 and 2026-

2030.  As the reclaimed water network coverage increases, additional households can 

connect to the reclaimed water network (Refer to Section 4 in Chapter 3 for more details on 

case study). 

Models 1-4 are initialized with parameters as shown in Table 5.6.  Communication 

networks are initialized as described in Sections 4.3.2 and 4.4.3, and an additional rule is 

included to account for the phased expansion of the reclaimed water network. Each 

household is assigned to one of the development phases, corresponding to the phase at which 

the household could be connected to the reclaimed water network, if it selects to do so. A 

household agent cannot communicate until its development phase has been enabled. Until 

that period, the household agent does not act on messages they receive and cannot broadcast 

messages. This rule simulates that households are not active participants in community 

dynamics until they have the option of connecting to the reclaimed water system.  

Common adoption trends are observed across all four models (Figure 5.3) and 

described below. Over the period 2011-2020, adoption follows, in general, an S-shaped 

growth pattern, consisting of common phases: (1) initial slow increase in adopter population: 

(2) rapid acceleration and exponential increase in adopter population, (3) slow-down in 

adoption and (4) equilibrium or stationary phase [92, 128]. Household agents are assigned 

risk and benefit perception values at initialization, and a subset of agents within the 

optimistic category are assigned perception values that classifies them as adopters. This 

results in the initial burst of adoptions observed in year 2011, and a similar burst of adoptions 
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is observed at the initiation of each phase. In subsequent years, households in the optimistic 

cluster and in the remaining three clusters also become adopters based on the influence via 

communication of the adopters. Initially, adoption is slow because the number of adopters is 

relatively small, and at each following time step, the process of adoption increases as more 

households adopt reclaimed water and community opinion dynamics become dominated by 

agents with high benefit values and low risk values.  

In 2016, the number of households that can adopt reclaimed water increases as 

expansion of the network allows another group (phase) of households the option of 

connecting to the reclaimed water network. The adoption curve rapidly approaches full 

capacity. Almost all the homes from the initial phase 2000-2005 that have not yet adopted, 

and the set of homes that were initialized in the 2015-2020 phase, adopt reclaimed water by 

2020.   

Homes that are initialized in the 2020-2025 and 2025-2030 phases rapidly adopt 

reclaimed water. For both of these stages the pool of existing adopters within the community 

has reached a “critical mass”, and the number of messages from the adopter group 

outnumbers those from other groups. Communication is dominated by the adopters, and 

household perceptions shift towards the adopter position as they receive large volume of 

messages from adopters. The positive feedback and the opinion dynamics in favor of 

reclaimed water results in relatively rapid adoption.  This is typically observed in the later 

stages of S-shaped growth, where adoption shows exponential growth following by a 

reduction or slowing in growth. 
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Differences among projections given by Models 1-4 are due to diversity in model parameter 

values. Model 4 predicts the most rapid full adoption of reclaimed water. Model 4 has a 

relatively high rate of communication, 24 messages per year (Table 5.6). In addition, the 

initial population of optimistic households is four times as large as the initial alarmed 

population. The influence of a large population of optimistic households causes other agents 

to adjust their benefit and risk perceptions towards optimistic settings in a relatively small 

number of time steps. Model 3 has the slowest rate of adoption. Model 3 has a low rate of 

communication at 21 messages/year (compared to a high rate of 24 messages/year). In 

addition, of the two models with low communication rates, Model 3 has the lower initial 

optimistic population at 15%. 
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Figure 5.3 Projected number of adopter households. Model 1, Model 2, Model 3 and Model 4 

curves are obtained using the risk publics framework; CA1 and CA3 are obtained using the 

cellular automata diffusion of innovations model (refer to Section 6 in Chapter 3); and the 

Capacity curve shows projected system capacity. 
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5.4 Comparison between Agent-Based Modeling and Cellular Automata Approaches 

Using the risk publics ABMs (Model 1, Model 2, Model 3 and Model 4 in Figure 

5.3), and the CA models described in Section 3.6 and shown as CA1 and CA2 in Figure 5.3, 

results in a diverse set of projections for reclaimed water utilization, due to the different 

influence mechanisms represented in each model.  Diffusion of opinion in the CA model is 

based on two factors. External factors represent influence on adoption via public information, 

news media, and other external sources of information; and internal factors which represent 

the influence of neighbors [10, 55]  The internal factor is represented as a “local” influence 

mechanism, where potential adopter households become adopters based on the influence of 

neighbor adopters. Adoption curves, projected by the CA model, for each 5-year phase are 

similar, because the underlying parameters used for the influence mechanisms are the same. 

Community-wide household communication is controlled by the distribution of the number 

of neighboring households, and households within each 5-year phase are initialized using a 

similar distribution of the number of neighbors.   In addition, the variable representing the 

external factor is kept constant among the phases. The magnitude of the adoption curves vary 

based on the total number of households that can adopt within each phase.    

The CA model is based on the assumption that significant interactions among 

households occur among neighbors, based on a geographic, rather than social, definition for a 

household’s network.  This assumption is relevant for simulating the adoption of reclaimed 

water, because that the primary use of reclaimed water is for outdoor watering, and outdoor 

landscaped areas and maintenance practices may typically be similar among neighboring 

homes. For example, Harlan et al. [129] report an increase in water consumption in 
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neighborhoods with homeowner associations due to policies regarding neighborhood lawn 

maintenance. In addition, Cary uses a block leader program to promote water conservation 

and reclaimed water use at the neighborhood level. Block leaders are local resident 

volunteers, who work in collaboration with the Town of Cary to help promote and support 

conservation and sustainability initiatives within their communities. The block leader 

program helped Cary establish a successful curbside recycling program in the 1980s [47]. 

The influence mechanism represented in the risk publics ABM is more global and 

geographically dispersed. Communication network links are not limited to adjacent 

households, but are generated randomly throughout the total population. The communication 

network represented in this model is more representative of real networks within a 

community, where social networks are not confined to immediate neighbors but may be 

widely dispersed across neighborhoods [40]. 

Finally, the diffusions process varies between the CA and ABM frameworks. In the 

CA model, the diffusion process restarts at the beginning of each phase.  Households are only 

connected to other households that are in the same expansion phase.  For the risk publics 

ABM, the diffusion process continues across the phases. Communication networks are 

initialized at the beginning so that household agents are connected with households in other 

expansion phases, though households participate in communication once their expansion 

phases are active.  As a result, the effective communication network grows in size 

progressively over time as more households become actively involved in receiving and 

sending messages. The adoption that emerges in each phase is influenced by adoption that 
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occurred in previous phases for the risk publics ABM.  In contrast, adoption within a 

neighborhood as simulated by the CA model is independent of adoption within other 

neighborhoods. 

 

5.5 Effect of Expansion Schedule on Adoption 

The risk publics ABM is applied to explore the impact of alternate reclaimed water 

system infrastructure expansion schedules on community-wide water reuse adoption 

dynamics. The expansion schedule influences adoption dynamics at multiple-levels: at the 

household level, it defines the earliest time at which reclaimed water can be adopted, and at 

the community level, it regulates the number of households that are active in the 

communication dynamics surrounding adoption of reclaimed water.   

A set of representative scenarios were developed maintaining common assumptions 

in terms of number of adopters and reclaimed water network expansion schedules to those 

used in the Cary master plan [18]. Data from Cary shows that a total of 511 homes connected 

to the reclaimed water network through the year 2012, and planning estimates indicate that 

and an additional 16,500 homes will connect to the reclaimed water network through 2030. 

Alternate expansion schedules where quarter, half and three-quarter fractional equivalents of 

projected expansion capacity, or combinations thereof, are installed at construction 

milestones were evaluated. Different periods were evaluated for construction milestones, 

with a 5-year period (that used in the master plan) being the shortest duration for an 

expansion phase. Scenarios are identified based on the occurrence of construction milestones. 
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Scenarios where the first construction milestone occurs at the end the first 5-year planning 

period, or first quarter of the overall study period, are identified using the prefix ‘Q’; those 

where expansion occurs half-way through the study period are identified with the prefix ‘H’; 

and those where expansion occurs three-quarters way through the study period with the 

prefix ‘T’. Other scenarios include the scenario in which full capacity expansion occurs at 

initialization (F0); equal capacity expansions at each of the four 5-year periods (E0) and the 

scenario presented in the Cary master plan (MP). Table 5.7 summarizes the alternative 

expansion schedules evaluated.  
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Table 5.7 Capacity expansion schedules. Shown as fractional equivalents of total expansion 

capacity of 16,500 homes for four 5-year planning periods 

Scenario 2011-2015 2016-2020 2021-2025 2026-2030 Year 90% 

adoption 

reached 

F0 1 1 1 1 2016 

Q1 1/4 1 1 1 2018 

Q2 1/2 1 1 1 2017 

Q3 3/4 1 1 1 2016 

H1 1/4 1/4 1 1 2023 

H2 1/2 1/2 1 1 2022 

H3 3/4 ¾ 1 1 2021 

T1 1/4 ¼ ¼ 1 2028 

T2 1/2 ½ ½ 1 2027 

T3 3/4 ¾ ¾ 1 2026 

E0 1/4 ½ ¾ 1 2026 

MP 0.48 0.59 0.87 1 2026 

 

Simulations were executed for the period 2010-2030 for the scenarios shown in Table 

5.7.  Initial runs were conducted using all four ABM models, and it was noted that the 

impacts on adoption dynamics of alternative expansion schedules were similar across all four 
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models. Model 4 was selected to fully explore the impacts of changes of expansions schedule 

on adoption dynamics, and results for Model 4 are described below. The schedules generate 

diverse adoption dynamics, which are evaluated as the time required to reach 90% adoption 

(Table 5.7). Results indicate that the time required to reach 90% adoption is dependent on 

expansion schedules. 90% adoption occurs sooner in scenarios where full system expansion 

occurs sooner. In addition, relatively larger system expansion at early stages also speeds up 

the time required to reach 90% adoption. 

Figure 5.4 shows projected adoptions for scenarios F0, Q1, Q2, Q3, E0 and the 

scenario proposed in the Cary master plan (MP). Overall growth patterns in the various 

scenarios are driven by the size of the population that is active in community dynamics, both 

as adopters and potential adopters of reclaimed water. In scenarios with a low initial adopter 

base, the introduction of large capacity expansion results in S-shaped growth (scenarios F0, 

Q2, Q3, and the early stages of MP). In the other scenarios (E0 and Q1), portions of S-shaped 

growth, either earlier or later stages are observed, based on the population that can adopt and 

pre-existing adopter populations. The overall growth curves consist of the various adoption 

curves being superimposed.  

Comparison of projections from scenarios Q3 and Q1 clearly demonstrate the 

influence that an existing population has on new adoptions. Both scenarios have similar 

system expansion milestone dates: initial system expansion, followed by expansion to full 

planned capacity in the second 5-year stage. In scenario Q3, the initial system expansion 

provides access to water reuse for three-fourths of the populations, and the remaining 
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population is provided access at the next milestone. Adoption dynamics results in S-shaped 

cumulative adoption (Fig. 5.4d). The system expansion capacity magnitudes are switched for 

scenario Q1, where one-fourth of the population is provided access initially and the 

remaining three-fourths at the next milestone. The initial adoptions dynamics exhibit an S-

shaped growth with most households with access to reclaimed water adopting; adoption in 

the second stage does not show S-shaped growth anymore, since a base of adopters is already 

established and results in rapid exponential adoption and saturation (Fig. 5.4b). 

 

 

  



171 

 

Figure 5.4a Projected number of adopter households for Scenario F0 

 

 

Figure 5.4b Projected number of adopter households for Scenario Q1 
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Figure 5.4c Projected number of adopter households for Scenario Q2 

 

 

Figure 5.4d Projected number of adopter households for Scenario Q3 
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Figure 5.4e Projected number of adopter households for Scenario E0 

 

 

Figure 5.4f Projected number of adopter households for Scenario Cary Master Plan 
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primary objective is to increase utilization of reclaimed water, which also reduces demands 

on the potable water system. The second objective is to maximize the utilization of reclaimed 

water infrastructure capacity as it is developed, that is to try and minimize unused system 

capacity. Both objectives provide a measure of system performance over the duration of the 

planning period. 

  A reclaimed water utilization metric (Z, Equation 5.2) calculates the total reclaimed 

water used over the planning period by all households. The objective is measured in terms of 

number of annual household equivalents of reclaimed water used (Home-Yr), where one 

annual household equivalent is defined as the total volume of reclaimed water used by a 

single household over a period of one year.   

   ∑   

           

 (5.2) 

 

Where i represents the years within the evaluation period (2010-2030), and yi the total 

number of adopter households in year i. Maximizing utilization will result in increased 

reductions in potable water usage.    

In planning for infrastructure capacity expansion, an optimal strategy would deliver 

system expansion that occurs slightly ahead of demand growth (Revelle, Whitlatch and 

Wright 1999). A metric, unused capacity (U) is calculated as the sum of the difference 

between system capacity, defined in terms of number of households that the system can 

serve, and the actual number of households that are connected and make use of the service. 
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Unused capacity (U) is evaluated over the planning period using Equation 5.3. Units for U 

(home-yr) are defined in a similar manner to that of Z, where each unit of U is equivalent to 

the capacity required for one household on an annual basis. 

   ∑        

           

 

(5.3) 

 

 

Where i corresponds to the year; si is the system capacity in year i; and yi is the number of 

households that have adopted reclaimed water in year i. 

Tradeoffs between the two objectives vary for the expansion scenarios (Figure 5.5). 

Five scenarios (E0, Q1, Q2, Q3, and F0) represent non-inferior strategies. Scenario F0, in 

which the system is developed to full projected capacity at initialization, results in the highest 

reclaimed water utilization and the highest value for unused capacity. Beginning in 2010, the 

entire population has the option to adopt, and all households are involved in communication 

about water reuse. Communication is unlimited, due to network effects and positive 

feedback, and adoption occurs rapidly. Community-wide adoption occurs most rapidly within 

this scenario, and more than 90% of the community adopts by 2016 (Table 5.7). Community-

wide adoption (Fig. 5.4a) follows an S-shaped growth pattern for this scenario. Scenario F0 

also has the largest unused capacity of all scenarios because full capacity is available 

beginning in 2010, and there is a time lag before the population adopts. The community-wide 

process of adoption begins with a small number of households and increases gradually for the 

first few years. The capacity is highly underutilized in the first few years.  
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Scenario E0 (Fig. 5.5) has the lowest overall unused capacity. In this scenario 

capacity is increased by equivalent magnitudes over the four 5-year intervals. Adoption 

occurs slowly in the initial years, due to a small base of existing adopters. At the same time, 

the limited initial capacity limits the extent of unused capacity. The relatively small 

magnitude of expansion at each stage limits the difference between capacity and demand 

when compared to the other scenarios. At the same time, the limited capacity chokes 

adoption, because a small number of households have the option of adopting. The 

community-wide adoption process is staggered over four phases, and complete adoption is 

limited until the network has been expanded sufficiently so that all households can connect to 

it.  As a result, Q0 has a low reclaimed water usage rate. In contrast to scenario F0, 90% 

adoption is not predicted to occur until the year 2026 (Table 5.7). Initial stages of S-shaped 

growth are observed in the first phase (Fig. 5.4e). In subsequent phases, as more households 

are able to adopt reclaimed water use, the growth dynamics do not follow the initial stages of 

S-shaped growth, but show immediate rapid growth and slow down associated with later 

stages of S-shaped growth. 

Scenarios Q1, Q2 and Q3, are also non-inferior solutions for the two objectives (Fig. 

5.5). The three scenarios have system expansion occurring in two stages. Initial development 

in 2010, followed by full build-out in 2015. The pool of homes that adopt in the initial stage 

influence the adoption process that occurs in the next stage.  

The results demonstrate that higher initial populations in the first phase lead to higher 

reclaimed water utilization and unused capacity measures. For small initial populations, 
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reclaimed water utilization and unused capacity are also lower. Strategies where development 

occurs in equivalent amounts for the first phase (regardless of the duration of the first phase) 

show nearly equal unused capacity over the 20-year period (see Q2, H2 and T2). Three 

separate solution fronts are observed, based on the time separating initial development and 

build-out. Scenarios in which there is development in 2011 and build-out in 2016 (scenarios 

Q1, Q2 and Q3) perform make up the non-inferior front, followed by those with initial 

development in 2011 and build-out in 2021 (scenarios H1, H2 and H3). Scenarios in which 

there is initial development in 2011 and build-out in 2021 are dominated (scenarios T1, T2 

and T3).  

From an implementation perspective, the expansion scenario proposed in the Cary 

master plan is most similar to the E0 scenario (see Table 5.7). Both scenarios have capacity 

expansion planned for each 5-year planning interval. The expansion planned for each interval 

however differ between the two scenarios. The Cary master plan provides for greater 

capacity expansion at initialization and at each intermediate milestone. As a result the Cary 

master plan has a higher unused capacity value and a higher reclaimed water utilization 

measure than the E0 scenario. 

With respect to performance on the two objectives evaluated, the Cary master plan 

scenario is most similar to the H2 scenario (Fig. 5.5). The H2 scenario envisions initial 

expansion for 50% of the population, and expansion at the beginning of the third 5-year 

period for the remaining population (Table 5.7). Cary’s expansion plan, results in system 

expansion occurring at shorter intervals, however it provides a comparable amount of 
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capacity to the H2 scenario (Table 5.7). The expansion at shorter intervals in the Cary master 

plan results in a slightly lower unused capacity and slightly lower reclaimed water utilization 

when compared to the H2 scenario. 

 

 

Figure 5.5 Reclaimed water utilization and unused capacity 
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reclaimed water system expansion. Staged phasing (similar to the Q0 scenario) can lead to 
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adoption and increased reclaimed water utilization over the period 2010-2030; however, 

unused capacity also increases. 

 

5.6 Limitations and Model Extensions 

5.6.1 Limitations of the Unitary Approach 

The household is used as the smallest computational and decision making unit in the 

ABM risk publics and CA models, an alternative approach would be to simulate at the 

individual household member level. The approach used follows the concept of the unitary 

household model [131, 132], a model commonly used in economics and the social sciences, 

which assumes that choices made by an individual, or head-of-household, are identical to 

those made by the household as a whole. Empirical studies show that the unitary model can 

be limited in accuracy, however the unitary modeling approaches is still widely used since it 

provides an approach to model the household decision making behavior that can be easily 

incorporated into existing analytical structures [133]. The major limitations of the unitary 

process are its inability to account for a decision making process involving multiple 

household members, who often have different perceptions, preferences, interests and 

constraints, and its inability to account for the complex interactions among household 

members [134, 135].  

The unitary approach was used since it provides a useful initial approximation for the 

household decision making process that can be incorporated in the risk publics framework. 

Empirical data used in developing and validating the model also lends itself to the unitary 
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model. Parameters used in developing the model are based on responses from survey data, 

where the responses are from an adult within the household. In addition, data used for model 

calibration is also measured at the household level. 

Development of alternative models to the unitary model that can be used to model the 

decision making process is an active area of research [133]. Examples of approaches used to 

simulate the household decision making process at the individual household member level 

include: “multiple member ship” models in which the household decision is determined from 

a weighted combination of each individuals decision; “bargaining models” which use 

elements of game theory and assume individuals uses cooperative or non-cooperative 

strategies to make decisions; and “consensual models” where the household uses a social 

welfare function to determine household actions [134, 136]. Alternative models can improve 

the representation of the household decision making process, however, they also have 

limitations of their own. Use of alternative models increases the analytical complexity. A 

multi-level modeling approach is generally required to implement these alternative 

approaches. One level is used to simulate the decision making process that occurs within the 

household, and the second level the dynamics that occur at the community level between 

households [136]. Approximations are still used, and a full representation of household is not 

possible given the current state of knowledge. For example, a majority of approaches focus 

on the parents as decision makers, and limited work has been done on understanding the 

influence of children on the decision making process with models largely assuming a passive 

role for children [133].  
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Use of the unitary model is justified in instances where perceptions within a 

household regarding water reuse are identical or similar. In instances where empirical data 

suggests that individual household member perceptions vary significantly within households, 

the use of an alternative approach could improve the accuracy of the model, and provide a 

tool that can better explain household adoption of reclaimed water. To develop such a model, 

the approach used for designing and conducting a survey should be reconsidered. Surveys 

should be modified and structured to obtain responses from all adults within a household. In 

addition, analysis of survey data would inform which alternative approach (multiple 

membership, bargaining or consensual models etc.) is most appropriate to model the 

household decision making process. A multi-level modeling framework would have to be 

implemented, providing the capability to simulate the inter- and intra-household dynamics.  

5.6.2 Incorporating External Factors in the Risk Publics Model 

The risk publics model focuses on reclaimed water adoption based on interpersonal 

communications. External factors, for example drought conditions which might increase 

favorability toward adoption of reclaimed water (see discussion in sections 3.5.2 and 5.5.2.4), 

or a cross-contamination event which could increase the unfavorability of reclaimed water, 

are important factors in opinion dynamics and also need to be considered. External factors 

can be incorporated into the risk publics model as messages sent to all households, 

representing influences such as public information campaigns or mass media which influence 

the decision making process. External factors would bias all household risk and benefits 

perceptions in a particular direction [70].  
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A new set of rules similar to those shown in equations 4.4.3 through 4.4.8 would 

define how households update their risk and benefit values based on external messages. 

Model parameters, specific to each risk publics, that would have to be defined include: (1) 

the importance given to a specific external message; (2) the number of external messages 

received before each household acts on the message; and (3) the factor (or weights) used to 

adjust risk and benefits perceptions value. Issues to be considered in implementing external 

messages, include the frequency and duration of external messages, and the risk and benefits 

value associated with the message. These characteristics would be specific to the external 

event.   

In the current model implementation, interpersonal communication parameters 

remain constant. These parameters could be modified to reflect the impact of external factors. 

For example, if there was an incidence of cross-connection, and fear of “contamination” of 

potable water supplies, the relative frequency of communication of the alarmed cluster could 

be increased. In addition, the communication adjustment factor used by other clusters, to 

process messages from the alarmed cluster, could also be adjusted to reflect the fact that the 

general nature of the messages from the alarmed cluster resonates with the external message 

and the issue of concern.  

Use of external factors, introduces an additional set of feedback in the model, and in 

conjunction with interpersonal communication could result in an unrealistic amplification of 

a particular set of beliefs. Use of empirical data to calibrate model parameters would help 

model development. The nature of external factors can vary significantly both in duration and 
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impacts: a drought might occur over a multi-year period and impact the whole community, 

whereas a contaminant event might occur over a short duration (in the order of hours or days) 

and impact a small portion of the community. When sufficient empirical data is not available, 

understanding of model behavior based on sensitivity analysis could help define parameter 

modifications required to simulate different types of external factors. 

 

5.7 Discussion 

Water reuse is increasingly being recognized as a sustainable alternative for reducing 

water demands. Planning for reclaimed water projects presents a number of challenges, 

including uncertainties in public sentiment and consumer adoption of reclaimed water. In 

addition, due to the multiple interconnections between reclaimed water systems and 

wastewater and drinking water systems, integration of water reuse into urban water systems 

creates new complexities in infrastructure and water management. Social factors, including 

community interests, risk and benefit perceptions, regulatory environment, water-use 

practices, and culture play an important role in community and individual consumer 

perceptions, adoption and utilization of reclaimed water [29, 88]. Use of social science theory 

can aid in the development of models that can simulate consumer adoption, or diffusion, of 

reclaimed water. An improved understanding of community perception regarding water 

reuse, and its evolution over time, can assist decision-makers in planning water reuse 

projection and integration of water reuse into urban water systems.  
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The “risk publics” model, a semi-empirical model based on theory from the fields of 

risk perceptions and the social amplification of risk, developed as part of the overall work 

(refer to Chapter 4), is applied here to a real life case study, the Town of Cary, North 

Carolina. The model is calibrated using data from Cary and used to project potential adoption 

scenarios. Model predictions are compared to those obtained using another model which was 

developed based on the theory of diffusion of innovations (refer to Chapter 3). The two 

models provide alternative and differing projections on the longitudinal process of reclaimed 

water adoption. The modeling approaches simulate the adoption of reclaimed water using 

different mechanics, based on different theories from the social sciences. The intractability of 

modeling social systems is widely acknowledged [9, 40], creating difficulty in developing a 

single model to accurately simulate social systems. The two models provide insight into 

plausible adoption scenarios and social mechanisms that are relevant in community opinion 

dynamics regarding the adoption of reclaimed water. In addition, the impact of management 

decisions, in the form of alternate reclaimed water infrastructure expansion schedules are 

evaluated.   

The CA model uses an influence diffusion mechanism based on external influences 

and interactions at the neighborhood level. The model only allows for interactions among 

geographic neighbors. Since reclaimed water is only used for outdoor watering, there is 

validity in assuming that neighboring homes can be influenced by their neighbors and adopt 

similar practices for outdoor lawn watering. The risk-publics ABM uses a widespread social 

communications network and also simulates the dynamics of risk perceptions associated with 

water reuse. The risk publics ABM predicts S-shaped growth. Overall adoption curves take 



185 

on different shapes, based on the influence of expansion that occurs in phases and the size of 

the household groups that become potential adopters and transition to adopters. Simulation 

using the risk publics ABM indicates that adoption of reclaimed water will follow an S-

shaped like growth, where adoption takes a few years to reach a critical mass, after which all 

households in the community will adopt. Depending on the scenarios simulated, and the 

underlying capacity expansion plans, community wide adoption curves can take on wide 

variety of shapes as various S-shaped curves are superimposed on each other.  A hybrid 

model combining elements of both models has the potential to improve the predictive 

capability of the individual models.  

The risk publics ABM demonstrates that the speed at which diffusion occurs is 

dependent on the ratio of the “optimists”, those most in favor of water reuse, relative to the 

overall population or those opposed to water reuse. Increased communication rates allow 

adoption to occur at a much faster rate. The insight provides guidelines to decision makers.  

Communication can be encouraged through, for example, educational campaigns, increased 

access to information, and initiatives such as the block leader program.  These initiatives may 

foster more rapid adoption of reclaimed water.  In addition, the risk publics ABM can be 

applied to analyze expansion schedules.  Alternative infrastructure schedules were simulated 

and evaluated with respect to two objectives: maximizing overall reclaimed water used and 

minimizing unused reclaimed water capacity. Simulation results indicate that there is scope 

for Cary to optimize their expansion plans, and alternative schedules can be designed to 

reduce unused capacity and increase reclaimed water utilization. 



186 

5.8 Acknowledgements 

This research is supported by the National Science Foundation (NSF), Grant Number 

1233197. Opinions and findings are those of the authors and do not necessarily reflect the 

views of the NSF. Authors gratefully acknowledge officials from the Town of Cary, North 

Carolina, for providing data for the case study. 



187 

CHAPTER 6 

Conclusions 

 

Alternative water sources, such as reclaimed water and rainwater harvesting systems, 

are increasingly viewed as an important component of integrated water resources 

management strategies in urban communities, that can help reduce and manage demands on 

limited freshwater sources. However, incorporating alternative water sources at a large scale 

into systems that have traditionally been reliant on conventional supplies presents a number 

of challenges. Primary among these is the limited experience, knowledge and understanding 

regarding the large scale integration of alternate sources into existing conventional water 

supply systems.   

Incorporating alternative water sources into an existing conventional water supply 

system is a complex socio-technical process that creates new complexities in infrastructure 

and water management beyond traditional water planning. The process involves transitions in 

water use culture; planning, management and operations of water and related infrastructure 

systems; and in the engineering infrastructure. Consumers play a key role in the transition, as 

their adoption and use of alternative sources of water is essential for the viability and success 

of these demand reduction and management strategies. Existing modeling and analysis 

methods consider the technical and social components as disparate systems and are limited in 

exploring the effects of interconnections and interactions between the two systems. This 

further limits the ability to accurately simulate consumer water use behavior, the dynamics of 

water availability, and emergent infrastructure performance. 
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Providing alternative water sources on a wide-scale, for example at a community 

level, requires an integrated water management approach to coordinate plans for new 

infrastructure with plans for maintaining and improving the existing drinking water, 

wastewater and drainage infrastructure systems. As alternative water sources and supply 

systems are developed and used by consumers, hydraulics and flows in the drinking, 

wastewater, and storm water systems can be impacted. For example, on the drinking water 

side (the focus of this research work), significant changes in demands as consumers adopt 

alternate water sources can lead to changes in the operation and performance of water 

distribution systems. Operational settings, maintenance schedules, and capacity expansion 

plans should be reassessed since those identified during the design and planning phases 

might not be optimal anymore due to demand changes.   

One of the greatest challenges facing utilities in planning for alternative water sources 

is the uncertainty in predicting how consumers will adopt and use new sources of water. The 

social dimension of water use has not been integrated well in engineering practice and 

modeling. Use of social science research can provide engineers with valuable insight into 

how adoption of these new alternative water sources and practices may occur. Dynamic 

modeling approaches, including agent-based modeling (ABM) and cellular automata (CA) 

are developed in this research to integrate simulation of social systems with engineering 

models. ABM and CA model social systems at the individual agent level, and agents follow 

simple rules to represent behavioral choices and decision-making. System-level properties 

emerge based on the interactions among agents and interactions with the environment and 

other technical systems. ABM and CA provide the ability to develop computational agents 
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with many real-life behavioral and decision making traits, such as autonomy, reactivity, 

proactivity, and interactivity. Dynamics models at various levels of complexity and social 

ability, that can simulate consumer water use behavior, are developed as part of this work.  

This research develops and demonstrates computational models that can simulate the 

interconnections, interactions, and emergent dynamics between consumers and water 

infrastructure systems as a water system transitions from a conventional supply system to a 

more sustainable mix of conventional and alternative supply sources. The transition occurs as 

consumers adopt and use demand reduction technology and infrastructure, such as rainwater 

harvesting and water reuse.  The work pursues and develops models along two main research 

threads: (1) developing a framework that couples dynamic models simulating household 

level water use behavior with engineering models to simulate the dynamic and non-linear 

interactions between consumer and engineering infrastructure as alternative water sources are 

integrated into a conventional water supply system; and (2) applying social science theory to 

develop models that can more accurately simulate community and consumer adoption of 

alternative sources of water.  

Chapter 2 develops an ABM framework to simulate the evolution of water 

availability and system performance in an urban water supply and distribution system as 

homeowners adopt lot-level rainwater harvesting systems. Homeowners are represented as 

agents that use simplified behavioral rules to respond to water shortages and adopt rainwater 

harvesting. Application of the framework to a case study demonstrates the ability of the 
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proposed approach to simulate the transition of water system infrastructure systems based on 

changing household water use behavior.   

Use of an ABM computational approach to simulate individual households provides 

the ability to simulate emergent properties that are generated from a bottom-up process. The 

coupled framework allows for simulation of interconnections, interactions and feedback 

between the social and technical models. Not only do the household level decisions impact 

the dynamics of the centralized water source, but the state of the centralized water source 

influences the household decision making process. 

The coupled ABM framework allows for accurate temporal and spatial representation 

of demand within the water distribution system that reflects dynamic and evolving household 

water use behavior, and hence more accurately simulate water distribution network 

hydraulics during periods of transition. This provides the ability to quantify the change to 

infrastructure performance that may occur due to consumer decision making and evaluate the 

impacts on the performance of a central reservoir, tanks, and pumps during decentralization.  

The level of detail in the initial model is limited, and the model representations of the 

various systems are highly simplified. However, the model serves as a useful proof of 

concept, and demonstrates the potential of the proposed coupled framework and 

computational approach to explore the dynamics of water supply systems in transition. 

Models with greater level of detail are developed in following work, and their capabilities are 

demonstrated by applying to more realistic and real-life case studies. 
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Planning for wide-scale water reuse programs introduces unique management 

challenges, and provides an ideal test case where application of a coupled socio-technical 

framework can provide valuable insight. A number of factors distinguish planning for water 

reuse from planning for drinking water, these include: (1) consumer use of reclaimed water is 

voluntary, and (2) initial perceptions of water reuse may not be positive. The social 

dimension and social factors play a key role in the formation of consumer perceptions, and 

attitudes towards water reuse practices and the use of reclaimed water.  

Chapter 3 develops a dynamic modeling framework using a cellular automata (CA) 

approach to simulate consumer adoption of reclaimed water. Household adoption of 

reclaimed water is modeled using diffusion of innovations theory [92], an accepted social 

science model to explain the spread of new innovations. The framework couples the CA 

model of consumer adoption with distribution system models of the drinking and reclaimed 

water systems, providing the ability to explore the interactions among consumer behavior, 

water reuse infrastructure and existing water supply infrastructure with adoption of water 

reuse.  

The coupled CA model is applied to a real case study, the Town of Cary, North 

Carolina, and model parameters are calibrated using historical adaption data. The framework 

is used to predict a range of potential adopter scenarios and associated water distribution 

system infrastructure impacts. The coupled CA framework simulates changes in water 

infrastructure system performance due to increasing reclaimed water demands and 

corresponding decreasing potable water demands, as consumers adopt water reuse.   
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The proposed framework allows for integration of the social process and 

infrastructure design that drive the performance and development of dual drinking and 

reclaimed water supply and distribution systems. The framework allows simultaneous 

exploration of the spatial and temporal impacts of the adoption of reclaimed water on 

existing drinking water infrastructure. The CA framework provides an approach for 

exploring alternative adoption scenarios to assist in planning water reuse system expansion 

projects.  

Uncertainties in consumer behavior, attitudes, acceptance and adoption present one of 

the greatest challenges facing decision makers when considering alternative sources of water. 

Consumers base acceptance and rejection of technologies on an intuitive analysis of the risks 

and benefits. A modeling approach that uses community-wide risk and benefits perceptions 

to simulate the adoption of water reuse is developed as part of this research. Mathematical 

representations of the perceptions within a community regarding water reuse and their 

dynamics are used to inform the planning and decision making process for integration of 

water reuse within existing water systems.  An acceptance resistance agent-based model is 

developed in Chapter 4 to simulate adoption and rejection of water reuse based on the “risk 

publics” framework. The “risk publics” framework provides an empirical based approach to 

simulate community opinion dynamics surrounding local issues that are divisive and have a 

high risk profile. Application of the model to a theoretical case study demonstrates the 

capability of the model to simulate community opinion dynamics, and a variety of emergent 

community level structures surrounding the issue of water reuse. The model is able to 
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simulate patterns of community-wide opinion formation observed in real life such as 

consensus formation, polarization and clustering.  

Model results highlight the importance of communication on community opinion 

dynamics. When a particular risk cluster has a relatively large volume of communication, 

either due to a relatively large population or its members being more vocal, community 

opinion dynamics can quickly become dominated by the beliefs of that one cluster. Under 

certain conditions, a risk publics cluster that is in the minority can dominate opinion 

dynamics if members dominate communication.   

Research indicates that consumer perceptions regarding water reuse can become 

positive over time with increased familiarity, interactions, and experience [13, 31]. The 

viability of projects in a community can be evaluated based on an understanding of social 

barriers that exist towards acceptance of water reuse projects. The model results indicate that 

wide-spread adoption of reclaimed water is possible under a wide variety of initial population 

states, and also provides an indication on the smallest relative adopter population size 

required for wide-spread adoption to occur.  Results of this research indicate that 

municipalities can create positive perceptions towards water reuse by developing effective 

communications programs that increase knowledge and familiarity with water reuse. For 

example, increased broadcasting of public service messages can engage the public, and 

working with and enabling community leaders can increase discussion and communication 

among supporters of water reuse with the potential of influencing larger portions of the 

community. 
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Chapter 5 adapts the risk publics model for the Town of Cary and applies it to predict 

potential adoption scenarios. Predictions obtained using the risk publics model differ from 

those obtained using the CA model (Chapter 3), as the two models are based on diverse 

theories from the social sciences. Though the models predict different future outcomes, they 

provide useful insight into plausible mechanisms that can lead to adoption of water reuse 

within a community. The CA model reflects adoption influenced by local influence, such as 

dynamics that would occur in a neighborhood where neighbors adopt similar outdoor 

watering and lawn maintenance practices. The risk publics ABM presents an alternative and 

equally plausible adoption mechanism, where homes are influenced by those in their social 

network. Both influence mechanisms can serve as a source of influence, and a hybrid (or 

composite) model which includes elements of both could provide additional insight into 

potential adoption pathways.  

Chapter 5 further investigates the impact of management decisions in terms of 

infrastructure expansion schedules on adoption dynamics. The availability of reclaimed water 

infrastructure is a necessary pre-condition for adoption to occur. The impact of infrastructure 

expansion schedules on adoption are investigated with the assumption that consumers will 

not be active participants in community dynamics surrounding water reuse until 

infrastructure is available at their households. Infrastructure expansion schedules influence 

the consumer adoption process at multiple levels. At the local level, it defines when a 

particular home can adopt; and at a global level it defines the total number of homes active in 

community dynamics surrounding adoption of reclaimed water. Results indicate that 

alternative infrastructure schedules influence adoption rates, overall reclaimed water used, 
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and unused reclaimed water capacity.  Alternative optimal expansion schedules to those 

proposed in the Cary master plan were identified and evaluated based on theses metrics. 

Continued urban growth, climate change, resource limitations, and increasing cost 

pressures limit the capacity of conventional approaches to supply water. Alternative sources, 

such as rainwater harvesting systems and reclaimed water, are sustainable water resources 

that can help extend water supplies in urban areas. Integration of these sustainable strategies 

into urban water systems is hindered by the limited or non-existent experience, knowledge 

and understanding that engineers, planner and managers have regarding the large-scale 

integration of alternative water sources into conventional water supply systems. Moreover, 

existing analytical and computational methods are limited in their ability to provide insight 

into the transition process and the emergent dynamics between infrastructure performance 

and community and consumer water use culture This work develops and demonstrates a 

series of computational methods that simulate the integration of alternative water supply 

sources within conventional water supply systems, and the process of consumer adoption of 

alternative water sources, to provide insight for managing the transition. 
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