
ABSTRACT 

 
SALEM, MARWA ELSAYED MOHAMMED ABDELHAMID. Estimating Residential 
Water Demand within Structural and Reduced-Form Frameworks: Implications for 
Households’ Response to Price and Non-Price Policies. (Under the direction of Dr. Roger H. 
von Haefen.) 
 
 

With increasing pressure on water resources due to factors such as population growth 

and climate change, conservation has become a crucial element in the struggle to attain 

sustainability in future water provision.  Consequently, water utilities employ price and non-

price policies to promote conservation while balancing other, often competing, objectives 

such as financial sustainability and affordability to the consumer.  Measuring the effects 

these policies have on water demand is thus imperative to their effective design and 

implementation.  In my dissertation, I tackle the issue of residential water demand estimation 

to measure price and income elasticities, as well as the response of households to non-price 

water restrictions.  I exploit a rich household-level panel dataset from six North Carolina 

municipalities that spans 30 months from July 2006 to December 2008.  The period of study 

is characterized by substantial variation in marginal prices and quantitative water use 

restrictions over time and across utilities.  It also exhibits variation over time in weather 

variables and encompasses a period of drought that extended from the summer of 2007 to the 

spring of 2008.  In Chapter 2, I develop a structural latent class, discrete-continuous choice 

(LC-DCC) model and estimate price and income elasticities of demand.  I find that price 

elasticities range from -0.10 to -0.41 depending on the data subset used, while income 

elasticities range from 0.11 to 0.19.  In Chapter 3, I revisit the comparison between structural 

and reduced-form approaches previously addressed by Olmstead (2009), who compared the 

DCC specification with the reduced-form instrumental variables (IV) model.  Using the LC-



DCC model as the structural specification, I find that the LC framework bridges most of the 

gap Olmstead (2009) found between estimates of the two approaches.  This indicates that the 

previous difference found between estimates stems at least partially from how each approach 

models unobserved heterogeneity.  In Chapter 4, I investigate the effect that odd-even 

restrictions (OER) have on water demand.  OERs are popular measures employed by water 

utilities to encourage conservation.  Usually based on whether a household’s street address 

ends in an odd or even number, the household is limited in irrigating their lawn to specific 

days of the week.  In my dataset, OERs are implemented either on a mandatory or voluntary 

basis, usually along with other water restrictions that differ in stringency.  Controlling for 

household and time fixed effects, weather conditions, and other water use restrictions, I 

estimate the average effects that mandatory and voluntary OERs have on water use.  I find 

that mandatory OERs raise water use by 2.1 – 5 percent while voluntary OERs reduce water 

demand by 3 – 5 percent. 
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CHAPTER 1 : INTRODUCTION 
 

 

The importance of water demand estimation stems from the importance of water 

itself.  With increasing pressure on water resources due to factors such as population growth 

and climate change, conservation has become a crucial element in the struggle to attain 

sustainability in future water provision.  Consequently, utilities use demand-side 

management (DSM) policies to promote conservation while balancing other, often 

competing, objectives such as financial sustainability and affordability to the consumer.  

Measuring the effects these policies have on water demand is thus imperative to their 

effective design and implementation. 

During the last four decades a large body of academic research has emerged on water 

demand estimation.  Studies in this literature have tackled both empirical and methodological 

issues.  Examples of empirical topics include the assessment of different DSM policies’ 

impacts on water demand (Corral, 1997; Gerston , 2002; Ozan and Alsharif, 2013; 

Casteldine, 2014; Wichman et al., 2014), estimation of price elasticities (Agthe and Billings, 

1980; Nieswiadomy and Molina, 1989; Hewitt and Hanemann, 1995; Olmstead et al., 2007), 

and the determination of which price to use in estimation (Bell and Griffin, 2008; Ito, 2011; 

Nataraj and Hanemann, 2011; Baerenklau, Schwabe and Dinar, 2014).  Methodological 

studies have frequently investigated how to more accurately model demand through both 

model specification and estimation techniques.  

A key motivator for many methodological studies has been the widespread adoption 

of nonlinear pricing schemes and the econometric complexities that consequently arise.  
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Within this structure, budget sets are piecewise-linear and prices are endogenously 

determined concurrently with the choice of quantity demanded.  Accordingly, estimation 

needs to take this endogeneity into account.  Studies estimating demand in the presence of 

nonlinear budget sets have mainly dealt with the issue of price endogeneity by employing 

either a reduced-form, instrumental variables (IV) approach, or a structural approach 

conventionally represented by the discrete continuous choice (DCC) model.    

Another important issue that has driven research in the literature is modeling 

unobserved preference heterogeneity.  This is an important issue since consumer 

heterogeneity has potentially strong impacts on how effective a policy change will be as well 

as its distributional repercussions (Timmins and Schlenker, 2009).   To that purpose, studies 

employing the IV approach typically incorporate fixed or random effects.  Studies that 

implement the DCC method, on the other hand, include two residual terms to differentiate 

among two sources of error, perception error and unobserved heterogeneity.   This teases out 

the relative importance of each error term’s contribution to water use variation as well as 

improving overall model fit.  However, while fixed and random effects account for the panel 

nature of the data, the two-error approach in the DCC specification does not. 

An increasingly popular method of modeling unobserved heterogeneity in the 

econometric literature which accommodates the panel nature of the data is the use of a latent 

class (LC) approach.  This method assumes that unobserved heterogeneity follows a discrete 

distribution and that the population is comprised of latent classes, each of which 

encompasses individuals with homogenous preferences.  Instead of making ad hoc 

assumptions regarding which class each individual belongs to, this approach probabilistically 
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assigns individuals to segments based on their observed characteristics.   Despite possessing 

several advantages, only Pérez-Urdiales et al. (2014) have applied the LC method to water 

demand estimation within a reduced-form framework. 

The purpose of my dissertation is to develop a DCC model within a LC framework 

and use the resulting specification to address important methodological and empirical issues.  

In doing so, my research provides several contributions to the literature.   

First, my dissertation is the first study to apply a latent class (LC) structure to a model 

that is of a discrete-continuous choice nature, not just within the context of water demand.  

The LC framework serves two important functions in this setting.  The first is that it lends an 

additional method of modeling unobserved preference heterogeneity to the model, thereby 

theoretically improving model fit as measured by parsimony indices.  The second is that it 

addresses a major limitation of the conventional specification of the DCC model, which is 

that it does not account for the panel nature of the data, meaning that each observation is 

weighted equally with no allowances made for the potential temporal correlation between 

observations of each household.  This leads to a downward bias in the estimated standard 

errors (Cameron and Trivedi, 2005).  Conversely, the LC model developed here does account 

for temporal correlations. 

Second, I conduct a comparison of the reduced-form IV method with the LC-DCC 

structural estimation approach.  Hewitt and Hanemann (1995) and Olmstead (2009) have 

compared the DCC and IV models and found that the estimated price coefficients can diverge 

considerably across the two specifications.   However, a shortcoming of their comparisons is 

that only the reduced-form models account for time-invariant unobserved heterogeneity.  
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This raises an important question: are the differences they find driven by different modeling 

frameworks (structural versus reduced-form), or different treatments of unobserved 

heterogeneity (one which accounts for the panel nature of the data and one which does not)?  

My comparison sheds light on this question.  

Third, a policy-relevant contribution of my dissertation is the examination of the 

effect of odd-even restrictions (OER) on watering days, a popular non-price water-use DSM 

strategy often implemented by water utilities, on water demand.  I apply both LC-DCC and 

reduced-form IV models to examine these policy effects.  Two papers in the literature have 

econometrically examined the effects of OERs on water demand (Castledine, Price and 

Stoddard, 2014; Viñoles, Moeltner and Stoddard, 2015) but neither included prices as 

covariates in their analysis.  Since non-price DSM instruments are often implemented 

concurrently with pricing strategies, their effectiveness in reducing water consumption 

should be examined while controlling for prices.  This is the first study to incorporate a 

diverse set of non-price DSM tools along with water prices to assess the impact that OERs 

have on water demand. 

I explore these questions with a rich household-level panel dataset from six North 

Carolina municipalities that spans 30 months from July 2006 to December 2008.  The total 

number of observations (i.e. month-household pairs) used in the analysis is 40,346 spanning 

1,368 households over six utilities.  The period of study is characterized by substantial 

variation in marginal prices and quantitative water use restrictions over time and across 

utilities.  It also exhibits variation over time in weather variables and encompasses a period 
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of drought that extended from the summer of 2007 to the spring of 2008.  This variability 

allows for potentially more reliable estimation results. 

My dissertation is organized as follows.  The second chapter develops the LC-DCC 

model and estimates it along with the conventional DCC specification to examine whether 

the new framework provides improvements to the model fit.  Several specifications of the 

LC-DCC are estimated using multiple subsets of the data to examine robustness of the 

model’s findings.  Estimation results indicate that the LC framework had the intended effect 

of improving model fit as measured by information criteria.  Furthermore, the results suggest 

that household characteristics affect their responses to price and non-price DSM measures.  

Larger-sized, lower-income households as well as those with installed irrigation systems 

have higher price elasticities but do not reduce their water use in response to non-price DSM 

measures.   On the other hand, higher-income households are more responsive to voluntary 

non-price DSM measures, while mandatory water restrictions are ineffective in reducing 

water consumption.   

The third chapter provides a comparison of the structural and reduced-form 

approaches to water demand estimation while incorporating individual effects.  The structural 

approach is represented by the LC-DCC model while the reduced-form approach is 

represented by an IV model.  The results suggest that the discrepancy in estimated price and 

income elasticities between approaches is at least partially attributable to the fact that the IV 

model accounts for the panel nature of the data while the DCC model does not.  The 

inclusion of temporal correlation among observations belonging to each household using the 
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LC framework results in bridging the gap found between estimates of price and income 

elasticities across methods.  

Finally, the fourth chapter is policy-oriented and examines the effects of imposing 

mandatory and voluntary OERs has on water demand.  I employ a reduced-form IV fixed 

effects (FE) model as well as a structural LC-DCC model to verify robustness of the results.  

Results of the reduced-form models suggest that voluntary OERs have an overall effect of 

reducing water demand by 2.7 – 5 percent while mandatory OERs have a perverse effect and 

raise water use by 3.2 – 4.9 percent. 
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CHAPTER 2 : A LATENT CLASS, DISCRETE-CONTINUOUS CHOICE MODEL 
OF RESIDENTIAL WATER DEMAND 

 
 

1. Introduction 

  Estimating residential demand for water has been the focus of considerable research 

over the past four decades.  Associated with increasing water scarcity is a corresponding rise 

in the need for conservation, prompting utilities to adopt more extensive and increasingly 

complex price and non-price demand-side management (DSM) tools.  Effective design and 

implementation of DSM strategies necessitate parallel development of techniques capable of 

reliably examining their impact on water demand.  Consequently, much research has been 

dedicated to developing water demand models and examining the reliability of various 

estimation techniques with the purpose of estimating the price elasticity of demand or 

assessing the effect of non-price water use restrictions.  

The widespread application of nonlinear pricing schemes is one factor that has 

raised demand modeling issues widely investigated in the literature.  Issues include: 1) price 

endogeneity resulting from the simultaneous determination of prices and quantities; and 2) 

modeling unobserved preference heterogeneity.   

Relatively few structural models of water demand have been developed to account 

for block-rate pricing structures and their inherent price endogeneity.  Of these, the discrete-

continuous choice (DCC) model has been applied most frequently (Hewitt and Hanemann, 

1995; Olmstead et al., 2007; Olmstead, 2009; Baerenklau et al., 2014).  Additionally, 

Miyawaki et al. (2011) developed a random coefficient model of water demand, and Strong 
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and Smith (2010) formulated a preference-based model that estimates the structural 

parameters of the direct utility function.1  

Modeling unobserved heterogeneity is an important issue since consumer 

heterogeneity has potentially strong impacts on how effective a policy change will be as well 

as on its distributional repercussions (Timmins and Schlenker, 2009).  To model preference 

heterogeneity structural studies of water demand have included sociodemographic 

characteristics either as continuous or dummy variables.  Employing a structural model, 

Miyawaki et al. (2011) assumed that heterogeneity follows a continuous distribution and 

included random and fixed effects in their models to capture it.2  Making similar 

distributional assumptions, the DCC model includes two error terms, one of which depicts 

unobserved preference heterogeneity.  However, whereas random and fixed effects account 

for the panel nature of the data, the two-error approach of the DCC model does not.  The 

latter approach assumes all observations are weighted equally and does not account for the 

likely temporal correlation among observations belonging to a single household, leading to 

potentially large downward biases in estimated standard errors (Moulton, 1990; Antweiler, 

2001; Cameron and Trivedi, 2005). 

An alternative method of modeling unobserved preference heterogeneity, and one 

which accounts for the panel nature of the data, is the latent class (LC) approach.  In contrast 

to the models discussed above, the LC model assumes that heterogeneity follows a discrete 

                                                
1Reduced-form models were also widely applied in the literature but are not reviewed here since they are 
outside the scope of this chapter. 
 
2 The model formulated by Miyawaki et al. (2011) is DCC in nature but differs from the specification 
developed by Hewitt and Hanemann (1995).  Miyawaki et al. (2011) estimate a random coefficient model using 
a Bayesian approach, whereas the conventional DCC model is estimated using maximum likelihood (ML). 
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distribution and that the population is comprised of several latent groups or classes that have 

relatively homogenous preferences.  Individuals are then probabilistically assigned to these 

groups based on their observable characteristics.   

LC models have several advantages.  As a nonparametric approximation of an 

arbitrary preference distribution,3 they do not impose ad hoc assumptions about the shape of 

the distribution.  They also allow estimated coefficients to vary across classes instead of 

unrealistically imposing the same estimated parameters across all individuals.  Also, because 

the number of classes assumed is finite, the model allows for tractable estimation and more 

targeted policy implementation towards households with similar demographic characteristics 

(Pérez-Urdiales et al., 2014). 

Despite the advantages of the LC framework, to my knowledge only Pérez-Urdiales 

et al. (2014) have applied it to water demand estimation, using a reduced-form approach.  

Consequently, the main objective of this chapter is to introduce temporal correlation into the 

structural DCC model through random effects whose distribution can be approximated 

through a latent class (LC) framework.  Additionally, the model allows for varying estimated 

coefficients of the structural variables across classes.  The proposed LC-DCC specification 

serves two important functions.  The first is that it represents an additional method of 

modeling time-invariant unobserved preference heterogeneity to the DCC model, thereby 

improving model fit as measured by information criteria.  The second is that it accounts for 

                                                
3 Nonparametric here refers to the number of classes, however the LC method is a semiparametric one since 
parametric models are assumed for individual classes (Cameron and Trivedi, 2005). 
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the panel nature of the data by allowing for correlation in the unobserved determinants of 

choice across time.4  

The results in this chapter imply that the LC-DCC specification outperforms the base 

DCC model as measured by information criteria.  Additionally, the LC-DCC also produces 

price elasticities more consistent with results previously reported in the literature.  Depending 

on the LC-DCC specification and the sub-sample used, unconditional price elasticity is found 

to range from -0.244 to -0.414 while unconditional income elasticity lies in the range (0.158 

– 0.188).  The results suggest that price elasticities are higher among households that have 

lower incomes, larger sizes, and installed irrigation systems.  Moreover, higher-income 

households are more responsive to non-price water use restrictions than lower-income 

households, though only voluntary measures were found to have a significant effect on water 

demand.  Surprisingly, mandatory restrictions were found to be insignificant regardless of 

model specification or data sample used.  This suggests a need to further break down 

mandatory restrictions into different types, which may shed more light on their effect on 

water consumption. 

The rest of the chapter is organized as follows. Section two provides a theoretical 

background for the DCC model in terms of its underlying logic as well as its econometric 

specification.  Section three provides a description of the LC structure and its implementation 

within the context of the DCC framework.  Section four describes the data and section five 

                                                
4 An important point to note is that since this chapter employs a structural approach, the marginal, and not the 
average, price will be used.  The use of marginal price is consistent with economic theory and while some 
empirical studies have found average price to be more influential in driving consumer demand (Borenstein, 
2009; Ito 2011; Ito, 2013), others have found marginal price more effective (Nataraj and Hanemann, 2011; 
Baerenklau et al., 2014). 
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reports the estimation results of the models. Finally, section six concludes and suggests 

policy implications and future research questions. 

 

2. Theoretical Background 

2.1. The Discrete Continuous Choice (DCC) model 

The DCC model was first introduced by Burtless and Hausman (1978) and Hausman 

(1985) for modeling labor supply in the context of nonlinear tax schedules and was first 

applied to water demand estimation by Hewitt (1993) and Hewitt and Hanemann (1995) for a 

two-block increasing block (IBP) pricing structure.5  The model provided two major 

contributions to the water demand literature.  First, it allowed structural estimation of water 

demand that accounted for the price endogeneity associated with nonlinear pricing structures.  

Second, it improved modeling unobserved determinants of choice by including two error 

terms to make the distinction between unobserved household preference heterogeneity on the 

one hand and optimization and measurement errors on the other.  

2.1.1. Nonlinear budget sets and the DCC model 

Nonlinear budget constraints arise when a commodity is not purchased at a fixed, 

exogenous price.  Examples include the imposition of increasing- or decreasing-block price 

(IBP or DBP) structures such as those commonly implemented by water utilities.   When the 

water price scheme is an IBP, the budget set is convex and the budget constraint is concave.6  

                                                
5 The DCC model was theoretically formulated for representing consumption demand issues by Hanemann 
(1984) and then thoroughly generalized in Moffitt (1986, 1990). 
 
6 With a decreasing block pricing (DBP) structure, an added complexity is that the budget set is nonconvex.  
The complexity of the nonconvex budget set case arises from the fact that even with well-behaved and strictly 
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One potential problem within this context is that a change in a variable that underlies the 

budget constraint such as prices and hence a change in the constraint itself may cause 

demand to “stick” at the kink point or conversely to shift to another point on the constraint 

(Moffitt, 1986).  Another complication with IBPs is price endogeneity, whereby the 

determination of price is based on the level of consumption. 

The complexities associated with nonlinear budget constraints have motivated a good 

deal of academic research regarding estimation methods and model specification.  The OLS 

estimation method, being linear in parameters, has often produced implausible estimates (i.e. 

positively signed price elasticities and negatively signed income elasticities) that are biased 

and inconsistent with nonlinear price schedules (Dubin, 1982; Moffitt and Nicholson, 1982; 

Megdal, 1987).  When IBPs structures are in place, higher levels of water use result in higher 

marginal prices, creating price endogeneity.  Since the OLS framework does not account for 

this, a positive price coefficient often arises.  Conversely, nonlinear least squares (NLS) and 

maximum likelihood (ML) methods generate estimates that are consistent and asymptotically 

both normal and efficient (Moffitt, 1986).7   

2.1.2. Theoretical basis of the DCC framework 

The DCC formulation is the first structural model specified to account for the features 

of block-rate pricing.  Strongly consistent with neoclassical tradition, the model assumes that 

                                                                                                                                                  
convex preferences, there might not exist a unique tangency between the indifference curves and the budget 
constraint, but rather multiple tangencies.   In this chapter, I only model the case of increasing block structures, 
as well as uniform pricing, and do not deal with the case of decreasing block rates.  For a description of the 
latter case, see Moffitt (1986) and Hewitt (1993). 
 
7 Using a Monte Carlo experiment, Megdal (1987) shows that the ML estimates greatly outperform those of the 
OLS method in the case of a one-kinked budget constraint with a convex budget set. 
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consumers respond to marginal prices and maximize their utility while possessing full 

information regarding the price structure.  To model nonlinear pricing, the model breaks 

down consumption decisions into two simultaneous components: 1) a discrete choice of 

which block or kink point to consume at; and 2) a continuous choice of which point on a 

segment to locate.  In the remainder of this section, I will briefly present the formulation of 

the DCC model in the case of a convex budget set while a more detailed derivation is 

presented in Appendix B. 

By breaking down consumption choice into discrete and continuous components, the 

DCC model makes the distinction between conditional demand, where consumption is 

constrained to remain within a particular segment or at a kink point, and the individual’s 

overall unconditional demand, which encompasses both discrete and continuous components.  

The model also distinguishes between unobserved preference heterogeneity, which is 

assumed to affect the household’s discrete (and hence continuous) choice and stochasticity 

resulting from impercipience due to optimization and measurement errors, which only affect 

the continuous choice. 8, 9  More details about the two error terms and their effect on demand 

will be presented in the econometric specification section below. 

                                                
8 Perception error incorporates factors that are sources of error to both the household and the econometrician, 
namely optimization and measurement errors.  Despite households having planned optimal water consumption 
levels, their actual consumption may differ due to leaks or other unanticipated events, leading to optimization 
error.  Measurement error, on the other hand, refers to the inability of the analyst to accurately observe actual 
consumption levels or the incorrect measurement of water consumption.  The two sources of error are combined 
due to the fact that they are both caused by impercipience and by the infeasibility of distinguishing them 
separately.   
 
9 The fact that the heterogeneous preferences error term drives the discrete choice accounts for the systematic 
correlation between the error term and regressors, which precludes the use of linear regression methods for 
estimation.  A higher value of the error term is more likely to result in the choice of a higher segment, which in 
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To shed light on the difference between conditional and unconditional demand, 

Error! Reference source not found. illustrates a household’s consumption decision-making 

process for a two-block IBP case.  Let w1  denote the upper bound of block 1 and the lower 

bound of block 2, p1  and p2 the marginal prices in blocks 1 and 2, respectively, w the 

demand for water, x the demand for all other goods (numeraire), y income and  !y1  and  !y2

virtual income in the two blocks. 10  Let  w1
* Z, p1, !y1;θ( )  be the household’s optimum 

consumption in block 1, where Z is a matrix of sociodemographic characteristics, and 

θ = δ ,α ,γ( )  is a vector of the unknown parameters of the utility function, namely the 

parameters of price, virtual income and the Z matrix, respectively.  Conditional on 

consumption in block 1, if the household’s water demand lies in the range[0,w1] , then its 

conditional and unconditional demands are equal and the household locates at point A.  If, 

however, conditional demand in block 2 is greater than w1  (point C), while conditional 

demand in block 2 is less than w1 , both of which are unattainable then the household 

consumes at the kink point w1  at point B, which becomes the unconditional demand after 

adjusting for the stochastic error term.  
                                                                                                                                                  
turn is associated with higher (lower) virtual incomes and marginal prices when the price structure is IBP (DBP) 
(Moffitt, 1986). 
 
10 Virtual income refers to the subsidy (tax) to income in an IBP (DBP) structure equal to the difference 
between what the household actually pays and what it would have paid if all units had been purchased at the 
marginal price. It is defined as: 

 !yk = y + dk  

d =
0                           if   k = 1

(pj+1 − pj )wk    if   k >1
j=1

k−1

∑
⎧
⎨
⎪

⎩
⎪
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Figure 2.1: Utility-maximization under an IBP structure 

 

2.1.3. Econometric specification of the DCC model  

A popular functional specification assumed for demand in the DCC model is the 

power form (Burtless and Hausman, 1978; Hewitt and Hanemann, 1995; Olmstead et al., 

2007; Olmstead, 2009; Baerenklau et al., 2014), which after taking logarithms is as follows: 

lnwit = Zitδ +α ln pit + γ ln yit +ηi + ε it                                      (1.1) 

Eq. (1.1) includes the aforementioned error terms where ηi  represents unobserved 

preference heterogeneity and ε it  depicts optimization and measurement errors, or what 

Hewitt and Hanemann (1995) have coined “perception error”.  The reason for the lack of a 

𝑦
𝑝!!  w 

y unattainable	consumption 

C 
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heterogeneous preferences error term in the continuous choice part of demand at the kink 

points is that consumption at these points is supported by a wide range of virtual prices 

(Hewitt, 1993).11  At a block boundary point, any marginal rate of substitution between the 

prices of the two adjacent budget segments is consistent with utility maximization and so a 

variety of utility functions generate optimal solutions at that point.  In the presence of convex 

budget sets, this would theoretically lead to observation-clustering and a spike in the 

frequency distribution of consumption levels at boundary points (Moffitt, 1986).12 Recent 

empirical evidence to the contrary in the energy and water demand literature (Ito, 2011; Ito, 

2014) suggests that perception errors may in some cases work to smooth observations over 

the budget constraint and offset the potential clustering effects of the heterogeneity error 

term. 

The log likelihood function when the observations include both uniform price (UP) 

and IBP structures is (time subscripts have been removed for brevity): 

lnL = ln 1
2π

exp(−(sit )
2 / 2)

σ v

⎛
⎝⎜

⎞
⎠⎟t=1

T

∑
i=1

L

∑

       + ln

1
2π

exp(−(sitk )
2 / 2)

σ v

⎛
⎝⎜

⎞
⎠⎟
Φ(ritk )−Φ(nitk )( )

k=1

K

∑ +

1
2π

exp(−(uitk )
2 / 2)

σε

⎛
⎝⎜

⎞
⎠⎟k=1

K−1

∑ Φ(mitk )−Φ(pitk )( )

⎡

⎣

⎢
⎢
⎢
⎢
⎢

⎤

⎦

⎥
⎥
⎥
⎥
⎥

t=1

T

∑
i=L+1

N

∑
                  (1.2)

 

                                                
11 This point is demonstrated in Eq. 8 in Appendix B. 
 
12 The two error terms have different effects on the distribution of the data points.  The measurement error 
results in the uniform distribution of the observations over the budget constraint.  Conversely, the preference 
heterogeneity error causes the bunching of observations at the kink point in the case of a convex constraint and 
the dispersing of the data away from the kink point in the nonconvex case.  Consequently, in the case of a 
convex budget set, there is a positive relationship between the degree of clustering around the kink point and the 
relative importance of preference heterogeneity variance in allocating observations (Moffitt, 1986). 
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where Φ is the standard normal cumulative distribution function  

K is the total number of blocks 

N is the total number of observations 

T is the total number of time periods 

v =η + ε  pk = (lnwk − lnwk
*(.)) /ση  ρ = corr(v,η) =ση /σ v  

rk = (pk − ρsk ) / 1− ρ 2
 sk = (lnwi − lnwk

*(.)) /σ v   

mk = (lnwk − lnwk+1
* (.)) /ση   uk = (lnwi − lnwk ) /σε   

nk = (mk−1 − ρsk ) / 1− ρ
2  

 

The first term on the right hand side represents the UP case for L observations, while 

the terms in the square brackets depict likelihoods for households facing IBP structures.  The 

first term in the square brackets accounts for interior block solutions while the second 

summation represents the likelihoods of locating at the kink points.  

To shed light on how the model accounts for price endogeneity, we first note that it is 

the household’s decision that results in the co-determination of quantity consumed on one 

hand and marginal price and the difference variable on the other.  This consumption decision 

is based on observable variables, which are directly incorporated into the model, and 

unobservable factors, which can be further disaggregated into heterogeneity and perception 

errors.  It is heterogeneous preferences that drive the discrete choice and therefore induce 

correlations between the error term and marginal price (and accompanying virtual income).  

The model accounts for this endogeneity through its explicit modeling of the discrete choice 

(Hewitt and Hanemann, 1995).  The problem is confounded by the presence of the stochastic 
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perception term which places a wedge between observed and planned consumption and 

hence causes there to be no certainty regarding which block (and associated marginal price 

and virtual income) was actually planned by the household, i.e. no sample separation in the 

discrete choice.  The model accounts for this by differentiating between the two sources of 

error and incorporating all marginal prices and virtual incomes into the analysis. 

2.1.4. The DCC model in the literature 

Following Hewitt and Hanemann (1995), Pint (1999) applied the model to more than 

two blocks, and Waldman (2000, 2005) presented a generalized theoretical framework for 

modeling K blocks.13  Rietveld et al. (2000) applied the model to the Indonesian water sector 

and conducted a welfare analysis of shifting from an IBP structure to a UP one.  Olmstead 

(2002) and Olmstead, Hanemann and Stavins (2007) used the model to examine the 

difference between price elasticities under different pricing structures as well as deriving a 

formula for computing unconditional price elasticities.14  Olmstead (2009) compared the 

DCC and IV approaches using a Monte Carlo approach.15  More recently, Baerenklau et al. 

(2014) applied the model to examine the effect that alternative rate structures may have on 

                                                
13 Waldman (2000) assumed additive error terms, which did not preclude a nonzero likelihood of obtaining 
negative water consumption values. Consequently, Hewitt (2000) modified Waldman’s (2000) generalization 
with the aim of ensuring non-negative demand levels.  Note that if the error terms are lognormally-distributed 
and enter the model multiplicatively, a nonzero likelihood of infeasible consumption levels is ruled out (Hewitt, 
2000). 
 
14 Estimated price coefficients in the model are conditional elasticities, the condition being that the household 
remains within the same consumption block.   
 
15 The IV specification used by Olmstead (2009) was a two-stage generalized least squares (GLS) random-
effects model for panel data. 
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water consumption as well as to investigate whether households respond to marginal or 

average prices. 

Despite being capable of structurally modelling nonlinear budget constraints, current 

DCC models suffer from a serious drawback when applied to panel data.  They assume that 

unobserved determinants of choice are independently and identically distributed (iid) across 

cross sections and time periods.  While it is reasonable to assume that the consumption levels 

of different households are uncorrelated with the inclusion of enough control variables (e.g. 

weather), independence across billing periods seems implausible for a single household’s 

water use.  There are unobservable characteristics that most likely influence a household’s 

water use decisions across time, causing error terms for each household to be temporally 

correlated.  The iid assumption in this context, where error terms are positively correlated 

within households, is likely to generate downward biases in the estimated standard errors and 

overestimated t-statistics (Moulton, 1990; Antweiler, 2001; Cameron and Trivedi, 2005).  

One method of modeling unobserved preference heterogeneity for panel data is the LC 

model, which is described in the next section.16 

                                                
16 Strong and Smith (2010) have also argued that the DCC model, as described in this section, is not well-
qualified to assess the effect of large changes in marginal prices, and hence the welfare impacts of these 
changes, in the presence of kinked budget constraints.  They base their critique on the argument set forth by 
Bockstael and McConnell (1983) stating that Marshallian demand functions are not uniquely defined in the 
presence of nonlinear budget constraints.  However, I do not conduct a welfare analysis in this chapter and so 
this point is not pertinent for this paper.  
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2.2. The Latent Class (LC) Model 17  

First suggested by Heckman and Singer (1984) in the context of duration modeling, 

the LC model assumes that unobserved preference heterogeneity follows a discrete or finite 

mixture distribution.  This distributional assumption is based on the idea that the population 

from which the sample is drawn is composed of a finite number, J, of classes and that each 

individual’s preferences are drawn from only one of these classes.  Class membership is not 

known by the researcher and the objective of the LC model is to probabilistically assign 

individuals to each class based on observable characteristics.   

The LC formulation is represented by a probabilistic linear combination of the 

individual probability density functions of the J classes, denoted by f1(.), f2 (.),..., fJ (.) , where 

each class accounts for a share π j  ( j = 1,..., J )  of the total population.  The mixing 

distribution, g(.), may be specified as 

 g(wi | xi ,β,π j ) = π j (vj ) f j (wi | xi ,vj ,β )
j=1

J

∑                          (1.3) 

where 

 

xi are the independent variables, 

 

β are the structural parameters, 

 

v j  are the 

estimated discrete support points of the mixing distribution and f .( )  is the joint likelihood 

for individual i's choices.18  Variation across classes can be accounted for through one or 

more parameters varying randomly across classes.  Eq. (1.3) depicts variation of just the 

                                                
17 This section lays out the formulation of the LCM based mainly on the work of Greene (2001) and Cameron 
and Trivedi (2005).   
 
18 If unobserved heterogeneity were assumed to follow a continuous distribution, as opposed to the discrete case 
presented here, the sum in Eq.1.3 would be replaced by an integral over the density of the heterogeneity 
distribution (or more generally, that of the missing data) (Train, 2005). 
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intercept but variation could also extend to some or all slope parameters where the structural 

parameter notation in Eq. (1.3) would be replaced by 

 

β j  (Nagin and Land, 1993; Greene, 

2001). 

For convenience, most LC applications specify class membership probabilities as 

multinomial logit probabilities that sum to one (Nagin and Land, 1993; Greene, 2001).  

Moreover, these probabilities can be made functions of individual characteristics, 

 

zi  (Bhat, 

1997; Greene, 2001), so that 

π ij =
eθij

eθij
j=1

J

∑
 , θij = γ j zi                                 (1.4) 

where 𝜃! is normalized to zero.  The log likelihood function in this case could be expressed 

as: 

 LL(β,π |w) = log π j f j (w;µ j )
j=1

J

∑
i=1

N

∑                                 (1.5) 

Maximization of the likelihood function generates estimates for the structural 

parameters as well as the prior probabilities, or shares.  Note that Eq. (1.5) defines the 

likelihood function as the weighted average of the class likelihoods (defined by the 

exponential value of Eq. (1.2) for each class) where the weights are class probabilities.  It is 

Eq. (1.5) that will be maximized using MLE.19     

                                                
19 Application of the maximum likelihood approach to Eq. (5) can either be done directly or with the use of the 
expectation-maximization (EM) algorithm.  In this paper, implementation of the EM algorithm did not provide 
significantly different estimation results than the direct maximization approach and so direct optimization 
results are presented. 
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In the recent water demand literature, the LC framework was employed by two 

studies.  Pérez-Urdiales et al. (2014) estimated a reduced-form, two-stage, LC model using a 

control function approach to account for price endogeneity.  Justes et al. (2014) applied a LC 

multinomial logit model to examine the effect consumers’ characteristics have on their 

valuation of different water uses.  However, neither study used a DCC modeling approach. 

2.3. Price elasticities and mean attribute values 

In a UP structure, the estimated price coefficient of a log-log model is the 

unconditional price elasticity.  However, in the presence of an IBP structure, the estimated 

price coefficient of the model is the conditional price elasticity, conditional on the household 

remaining within the same budget segment.  Olmstead (2002) and Olmstead et al. (2007) 

provide the derivation of the unconditional price elasticity.  Using the formula below, they 

calculate expected unconditional demand before and after imposing a simulated one percent 

change in all block prices (along with the implied change in virtual income) and then 

calculating the percentage change in demand as the price elasticity. 

Define 

 

pk and  !yk = y + dk as the marginal price and virtual income in block k, 

respectively, 

 

wk  as the upper bound of block k and the lower bound of block k +1, and 

assuming that the heterogeneity error term η is normally distributed, the expectation of the 

unconditional demand function in the presence of IBPs (the expected consumption level of 

the household), W, can be written as: 
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W = w pk , !yk( )eσε

2 /2π k
*

k=1

K

∑ + wke
σε
2 /2λk

k=1

K−1

∑  

where π k
* = Φ lnbk

ση

−ση

⎛

⎝⎜
⎞

⎠⎟
− Φ lnak

ση

−ση

⎛

⎝⎜
⎞

⎠⎟
, k = 1,...,K( )

                         (1.6) 

 λk = Φ lnck
ση

⎛

⎝⎜
⎞

⎠⎟
− Φ lnbk

σ n

⎛
⎝⎜

⎞
⎠⎟
, k = 1,...,K −1( )   

  ak ≡ wk−1 /w pk , !yk( )  

  bk ≡ wk /w pk , !yk( )  

  ck ≡ wk /w pk+1, !yk+1( )  

 

The first term on the RHS represents the sum of consumption levels within each 

block weighted by the probability that the consumer chooses to consume within that block 

and the second term denotes the same concept but for the boundary or kink points.  This 

formula is used to find the unconditional price elasticity under the assumption of a one-class 

population.  To compute the unconditional elasticity for n latent classes, I will apply the 

formula for each class separately and then take a weighted average of class elasticities, where 

class shares are the weights. 

To find the mean value of each attribute z in each class, Bhat (1997) uses the 

following formula: 
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zj =
π ij zii∑
π iji∑                    (1.7)

 

3. Data 

I exploit a rich panel dataset from six North Carolina municipalities that encompasses 

1,368 households and spans 30 months from July 2006 to December 2008.  The 

municipalities are Chapel Hill (OWASA), High Point (HP), Charlotte-Mecklenburg (CMU), 

Hendersonville (HEND), Greenville (GUC) and Fayetteville (FAY).  Monthly household 

billing data were collected from the utilities and a random sample of the households with 

complete billing records was selected for a phone survey conducted by the Agricultural 

Statistics Division of the N.C. Department of Agriculture and Consumer Services in August 

and September of 2009.  The 43-question survey elicited responses regarding water-use 

habits, conservation views, lawn health conditions in addition to demographic 

characteristics.20  Phone numbers as well as household income data were purchased from a 

private vendor, InfoUSA.    

The data are characterized by considerable spatial and temporal variation.  Spatially, 

the municipalities are scattered across the state as shown in Figure 2.2.  Additionally, the 

period of study is characterized by the occurrence of a drought that extended from May 2007 

through the rest of the year to April 2008. 21  This contributes to the temporal variation in 

weather variables, water use, as well as price and non-price DSM strategies implemented to 

                                                
20 The survey questionnaire is available upon request.   
 
21 Details of the drought can be found at http://climate.ncsu.edu/climateblog?id=161  
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address the drought.  Appendix A1 displays a heat map of drought severity for the six 

municipalities during the period of study.   

 
Figure 2.2: Map of North Carolina cities and counties included in the dataset.  
Polygons on the map indicate the counties where the six utilities are located.  Circles mark the cities/towns 
served by the utilities and their radii show the relative population of each city/town based on the Census 2014 
population estimates.  Thus, city circle markers are not drawn to scale. 

 
 

Combining household-level billing, water use, demographic, and survey response 

data with utility-level climate variables as well as price and non-price DSM tools, this dataset 

provides an excellent platform on which to examine drivers of water demand.   In what 

follows, I will describe each component of the data starting with household-level variables 

and then moving on to utility-level characteristics and policy measures.   

Household-level features include billing and water use data as well as demographic 

and survey response variables for single-family detached houses in the six municipalities.  

Monthly household billing data includes indoor and outdoor water use figures, where the 

former is broken down into water and sewer usage.  Outdoor water consumption figures are 
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only available for households with metered irrigation systems.  Figure 2.3 shows average 

monthly household water consumption by utility for the period of study.  Not surprisingly, 

water usage is higher during the summer months in all municipalities, especially during the 

2007 drought.  FAY, in particular, exhibits higher levels of summer water use compared to 

other utilities. 

Table 2.1Error! Reference source not found. reports mean demographic statistics 

by utility.  Examination of the data reveals variability among municipalities in several 

dimensions.  Mean monthly income, house value, and house area are highest in OWASA 

($15,326, $355,162, and 2900 ft2, respectively) and lowest in FAY ($7,856, $148,726, and 

2200 ft2, respectively).  

Figure 2.4 plots average monthly water consumption by income quartile.  It is 

apparent that higher incomes lead to increased water consumption, but this discrepancy is 

much more pronounced during the summer months.  This suggests that income may have a 

more influential positive effect on outdoor water use, which is more discretionary and 

concentrated in summer months, compared to its effect on indoor use. 
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Figure 2.3: Mean monthly water consumption by utility 

 

Table 2.1: Mean demographic characteristics and water use of households by municipality 

Variable/Utility Units CMU FAY GUC HEND HP OWASA 
Income ‘000$ 11.32 7.86 8.77 9.74 9.68 15.33 
House area ‘000 ft2 2.6 2.2 2.4 2.5 2.7 2.9 
Lot size acres 0.6 0.7 0.6 1 0.6 0.6 
Home value ‘000$ 245.43 148.73 186.79 280.25 195.06 355.16 
HH members  2.6 2.5 2.2 2.3 2.6 2.9 
Water_use ‘000 gallons 6.5 5.8 4.7 4.4 4.9 5.2 
Observations  737 8,588 3,626 5,476 6,016 5,761 
Share % 0.02 0.28 0.12 0.18 0.20 0.19 
 
 
 
Household-level characteristics included in estimation are virtual income, lot size, 

house area, number of household members as well as a dummy variable that indicates 

whether the household has an installed in-ground metered or non-metered irrigation system.  

Some of the variables are included as structural covariates while others enter into class 

probabilities.  More will be said about this in the estimation section. 
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Figure 2.4: Average monthly water consumption by income quartiles 

 
 

Utility-level data include weather variables, water pricing structures, and non-price 

DSM measures.  I use two weather variables in this analysis: 1) the monthly mean of daily 

maximum temperature and 2) lawn watering requirements.  The latter variable is calculated 

as effective precipitation subtracted from estimated evapotranspiration (ET), which is 

considered indicative of plant moisture requirements.22  Maximum temperatures, ET and 

precipitation data were obtained from the State Climate Office of North Carolina.  Figure A.2 

plots the two weather variables by utility over the period of study.  Both maximum 

temperatures and watering requirements follow a similar temporal pattern that peaks during 

the summer months and drops during the winter months.  However, watering requirements 

                                                
22 ET was estimated using the FAO Penman-Monteith (FAO-PM) method.  Effective precipitation is the portion 
of rainfall that is actually utilized by plants after discounting deep percolation water and runoff water. This 
portion has been assumed in a study about North Carolina turfgrasses to be around 50 percent of actual 
precipitation (North Carolina Cooperative Extension Service, 2006) and so I use this percentage here.  
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exhibit more variability across municipalities compared to maximum temperatures which are 

more spatially correlated. 

Price data were compiled by the Environmental Finance Center (EFC) at the 

University of North Carolina (UNC) at Chapel Hill.  All prices are converted to nominal 

US$ per thousand gallons since some utilities use units of 100 cf.  Rate structures exhibit 

temporal and inter-utility variability.   Water prices incorporate three components: a fixed 

service charge, marginal price of sewage and marginal price of water.  Separate irrigation 

marginal prices and fixed charges were imposed on households with metered irrigation 

systems.   

The marginal price of sewer services in all utilities was uniform but GUC, CMU and 

OWASA had sewer caps during some or all of the study period, which had the effect of 

creating a decreasing block pricing (DBP) rate structure.  OWASA had a uniform water rate 

schedule until September 2007 after which a five-block IBP structure was imposed.  FAY 

had IBPs and HEND had DBPs throughout the study period.  HP enforced a DBP structure 

until September 2008 and then UP till the end of the study period.  CMU also had increasing 

water marginal prices but had the unique situation of including both increasing and 

decreasing overall block prices simultaneously because a sewer cap was in place.  

Non-price water use restrictions data were also compiled by the EFC and verified by 

the utilities.  I include two dummy variables depicting voluntary and mandatory water use 

restrictions.  The former include voluntary odd-even watering days as well as stage I 

restrictions which entail voluntary reduction of lawn-irrigation and car-washing.  The latter 

comprise stages II and III measures which involve progressive mandatory reductions in 
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water-intensive activities and subject violators to fines.  Table A.1 reports the imposition of 

different non-price water use restrictions for the six municipalities.  With the exception of 

GUC and HEND, all utilities at some point implemented odd-even watering days and 

enforced mandatory restrictions during one or more months.23  After the 2002 drought, FAY 

had implemented a seasonal, mandatory odd-even lawn watering system that ran every year 

from May 1st to September 30th.  This restriction continued throughout the period of study. 

Utility-level features included in the analysis are marginal prices, the weather and 

non-price water-use restriction variables mentioned above as well as a dummy variable 

indicating whether uniform prices are in effect.  This last variable is added since previous 

studies have found evidence that price elasticities are lower in uniform rate structures as 

compared to IBP schemes (Olmstead et al., 2007; Baerenklau et al., 2014).  Table 2.2 

displays the data summary statistics. 

As mentioned in the theoretical section, the lognormal distribution is assumed for the 

dependent variable.  This is a common assumption in the water demand literature and its aim 

is to account for the significant skewness observed in water use data.  Figure 2.5 displays 

histograms of the dependent variable’s distribution before and after log transformation.   

 

                                                
23 HP imposed stage 2 restrictions for 9 days in October 2007, but in this study was not deemed a significant 
enough period to take into consideration. 
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Figure 2.5: Histograms of water use and the natural logarithm of water use in households 

 
 
 

4. Estimation results 

This section reports the results of estimating the log-log demand function of the LC-

DCC model represented by Eq. (1.2) and (1.5) for observations of UP and IBP structures.  In 

addition to prices, virtual incomes, weather variables, and household characteristics, I include 

monthly and utility fixed effects in order to account for unobserved or unknown temporal and 

spatial characteristics or policies.   

Before estimating the LC-DC model, I first run a simple random effects panel data 

model to ascertain its unreliability in the presence of nonlinear pricing structures.  As 

expected, the estimated price coefficient captures the positive relationship between water 

consumption and block marginal prices and the model reports a positive, significant price 

elasticity of 0.64.24 

                                                
24 Results are available in Table A.3, Appendix A as Model 1. 
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Table 2.2: Variable description and summary statistics 

Variable Description Mean Std 
volume Water consumption ('000 gallons) 5.42 4.63 
base Fixed charges ($) 10.14 5.87 
mpu Uniform water marginal price ($/kgal) 5.86 1.89 
mp1 Marginal price in block 1 ($/kgal) 5.89 1.45 
mp2 Marginal price in block 2 ($/kgal) 7.12 1.61 
mp3 Marginal price in block 3 ($/kgal) 6.36 3.19 
mp4 Marginal price in block 4 ($/kgal) 9.13 4.51 
mp5 Marginal price in block 5 ($/kgal) 19.72 14.36 
b1 Upper boundary of block 1 ('000 gallons) 5.966 2.22 
b2 Upper boundary of block 2 ('000 gallons) 10.42 3.29 
b3 Upper boundary of block 3 ('000 gallons) 14.37 2.59 
b4 Upper boundary of block 4 ('000 gallons) 16.62 1.09 
Income Monthly income ($) 10,240 7,235 
Virtual income 1 Virtual income in block 1 ($) 10,230 7,234 
Virtual income 2 Virtual income in block 2 ($) 10,157 7,470 
Virtual income 3 Virtual income in block 3 ($) 10,879 7,990 
Virtual income 4 Virtual income in block 4 ($) 12,484 8,843 
Virtual income 5 Virtual income in block 5 ($) 14116 9428 

Max temp 
Monthly average of daily maximum 
temperature (°C) 22.20 7.8 

Lawn needs ET - (0.5 * rain) (in.) 2.46 2.17 

Voluntary WR 
Dummy variable = 1 for voluntary 
restrictions; 0 otherwise 0.20 0.40 

Mandatory WR 
Dummy variable = 1 for mandatory 
restrictions; 0 otherwise 0.34 0.48 

Irrigate 
Dummy variable = 1 if the household 
irrigates; 0 otherwise 0.17 0.38 

Uniform Dummy variable = 1 if UP; 0 otherwise 0.46 0.50 
House area House size ('000 sqft) 2.51 0.85 
Household size Members in households 2.51 1.17 
Lot size Lot size (acres) 0.57 0.28 
Observations 40,346   
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Subsequently, two specifications of the LC model are estimated.  The first assumes 

that variability across classes is captured through the intercept while the second specification 

allows some of the slope parameters to vary across classes.  In choosing the variables to 

include in determining probability of class memberships, I first try including all time-

invariant household characteristics.  Lot size was often insignificant and was therefore 

incorporated as a structural variable.  Variables included in class membership probabilities 

are monthly income, household size, and house area.  Consequently, household 

characteristics enter both derived demand and class probabilities parts of the LC-DCC 

formulation.25 

Several sets of starting values were used to verify the robustness of the results and 

ensure that a global optimum was reached.  Typically, in order to determine the optimal 

number of latent classes in the population, the LC model is estimated iteratively, sequentially 

increasing the number of classes by one.  In each iteration, the Bayesian Information 

Criterion (BIC) is calculated and the class is chosen where the criterion reaches a 

minimum.26  When only the intercept is allowed to vary among classes, a five-class model 

was found to produce the lowest BIC value as shown in Table 2.3 below. 

A surprising finding here is that the value of the log likelihood function is positive, 

both in the one-class and latent class models.  Though statistically possible, likelihoods are 

                                                
25 I tried adding age and education as determinants of class probabilities but they were insignificant in all 
classes so they were omitted from the model.  I also tried including utility dummy variables to examine whether 
housheolds in one particular class or other were concentrated in specific utilities.  Their estimates were also 
insignificant. 
 
26 Nylund et al. (2007) find that the BIC outperforms all other information criteria in correctly identifying the 
true number of classes for simulated data in a LC framework.  
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generally small positive numbers whose logarithmic value is negative.  In this model, a 

positive log likelihood value was a consistent finding in different model runs, using different 

starting values, model specifications and statistical packages.27  Michelsen et al. (1999) also 

find a positive log-likelihood value when using MLE to estimate the effect of non-price water 

conservation programs on water consumption.28   

 
 

Table 2.3: Log likelihood and BIC values of models with different numbers of classes 

Number of 
classes 

Log 
Likelihood BIC 

One class 3,045 -5,772 
Two classes 8,541 -16,732 
Three classes 11,987 -23,561 
Four classes 13,398 - 26,319 
Five classes 14,195 -28,289 
Six classes 14,192 -27,779 

 
 

The results of estimating the conventional, one-class DCC model, depicted in Eq. 

(1.2), as well as the LC-DCC, represented by Eq. (1.5), are presented in Table 2.4.  The first 

numerical column shows the results of the former while the last five columns display the 

results of the latter.  In all regression results tables for the remainder of this chapter, the 

covariance matrix of the estimated coefficients is estimated numerically using the 

                                                
27 The log likelihood function is not a standard cumulative distribution function (CDF) that is bounded by zero 
and one, or a probability density function (PDF) that is non-negative but rather a nonlinear mixture of CDFs and 
PDFs.  Consequently, in the presence of very small variances, the density may exceed one, which leads to a 
positive log likelihood value.  
 
28 The positive log likelihood issue seems to be a data-related rather than a model-related issue, since it seems 
to be an artifact of the distribution of the dependent variable.  When I standardize the dependent variable, the 
resulting log likelihood value is negative and parameter estimates have the expected signs.  However, due to the 
difficulty in interpreting parameter estimates in this case, I use the dependent variable in its original form.  
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“sandwich” formula, H
−1(s 's)H−1

, where H is the Hessian matrix and s = sht
v

t∑  where sht
v

is 

the likelihood gradient evaluated for the parameter v at observation ht for household h.  To 

obtain an empirical distribution for unconditional price and income elasticities, I use the 

Krinsky and Robb procedure.  I simulate 500 vectors of parameter estimates, where each 

vector can be expressed as: 

βsim = β̂ + Az   

where β̂  is the vector of estimated parameters, z  is a vector of random draws from 

a standard normal distribution, and A is the lower triangular Cholesky decomposition of the 

estimated variance-covariance matrix of the parameters.  For each simulated parameter 

estimate vector, I compute the unconditional elasticity then take the means and standard 

deviations of the computed elasticities, which are reported in the results tables. 

The results of the one-class model conform to expectations regarding the directional 

effects of the model covariates, though not all estimated coefficients are significant.  

Marginal price, though relatively small in magnitude, has a negative impact on water demand 

while income has a positive influence.  Not surprisingly, included weather variables lead to 

higher levels of water consumption.  Non-price water restrictions have a negative impact on 

water use, though only voluntary measures are significant.  Household characteristics aside 

from lot size have a significant positive effect on water demand.  Moreover, the results reveal 

that households with UP consume more water on average than those who face IBP structures.  

This last result is consistent with the findings of previous studies (Olmstead et al., 2007; 

Baerenklau et al., 2014) and potential reasons for this result are examined below.  The ratio 
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of heterogeneity error to perception error variability is 1.4, comparable to previously reported 

values by Hewitt and Hanemann (1995), Pint (1999), Olmstead et al. (2007), and Baerenklau 

et al. (2014) which were 2.32, 1.17, 3.03, and 2.83, respectively.  

The results of the five-class model reveal important differences compared to the base, 

one-class specification.  Foremost is the large improvement in model fit as shown by the BIC 

in Table 2.3.  Additionally, allowing the intercept terms to vary across segments lowers the 

variance in the heterogeneity error term to less than half its value in the base model.  

Consequently, the LC framework absorbs enough of the heterogeneity variance that it lowers 

the ratio of the two error terms to 0.45.   

Both estimated coefficients of price and income are considerably higher in the five-

class model.  Remaining structural covariates in the LC specification provide similar 

implications to the one-class model except that the estimated coefficient of lot size becomes 

significant.  The weighted average of unconditional price elasticities is -0.29 which is slightly 

lower than its conditional counterpart but still significantly higher than that of the base 

model.  Furthermore, the price elasticity estimate is identical to the median value found by 

Sebri (2014) in a meta-analysis of residential water demand studies using 638 price elasticity 

estimates.   
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Table 2.4: Maximum likelihood estimation results of the LC-DCC model 
Variable One class 

model 
Five class model 
First class Second  

class 
Third  
class 

Fourth class Fifth  
class 

Perception sd 0.327 ***  
(0.093) 

0.375 ***  
(0.02) 

Heterogeneity sd 0.464 *** 
(0.068) 

0.167 ***  
(0.046) 

Ln(MP) -0.085 * 
(0.05) 

-0.315 ***  
(0.04) 

Ln(Virtual income) 0.101 *** 
(0.018) 

0.207 ***  
(0.012) 

Max temp 0.026 * 
(0.014) 

0.071 ***  
(0.007) 

Lawn needs 0.018 *** 
(0.003) 

0.015 ***  
(0.002) 

Voluntary WR -0.021 *** 
(0.007) 

-0.022 ***  
(0.007) 

Mandatory WR -0.011   
(0.01) 

-0.015   
(0.01) 

Uniform 0.199 *** 
(0.019) 

0.187 ***  
(0.02) 

Lot size 0.042  
(0.043) 

0.084 **  
(0.035) 

Household size 0.171 *** 
(0.011) 

 

House area 0.07 *** 
(0.015) 

 

Irrigate 0.355 *** 
(0.048) 

 

Constant -0.093  
(0.177) 

-1.15 *** 
(0.116) 

0.131   
(0.123) 

0.623 *** 
(0.121) 

-0.236 * 
(0.121) 

-0.647 ***  
(0.119) 

       
Class probabilities 

Constant  Base class -3.157 *** 
(0.539) 

-4.631 *** 
(0.651) 

-1.998 *** 
(0.6) 

-0.779   
(0.654) 

Irrigate  1.644 *** 
(0.267) 

2.768 *** 
(0.331) 

0.554 *  
(0.311) 

0.423   
(0.312) 

Monthly income  -0.071 *** 
(0.023) 

-0.151 *** 
(0.034) 

-0.039 ** 
(0.02) 

-0.014   
(0.022) 

Household size  1.641 *** 
(0.213) 

1.823 *** 
(0.224) 

1.231 *** 
(0.218) 

0.541 **  
(0.249) 

House area  0.583 *** 
(0.187) 

0.761 *** 
(0.226) 

0.494 ** 
(0.201) 

0.333   
(0.216) 

       
Class share  0.085 0.293 0.104 0.314 0.203 
LL 2,860 14,195   
Sigma_n/ 
sigma_e 

1.4 0.45   

Unconditional price 
elasticity 

-0.083*** 
(0.00) 

-0.31 *** 
(0.039) 

-0.29 *** 
(0.034) 

-0.296 *** 
(0.036) 

-0.291 *** 
(0.034) 

-0.3 *** 
(0.036) 

Unconditional 
income elasticity 

0.099***  
(0.00) 

0.204 *** 
(0.011) 

0.191 *** 
(0.01) 

0.195 ***  
(0.01) 

0.191 ***  
(0.01) 

0.20 *** 
(0.01) 

Weighted average  
price elasticity 

 -0.294 *** 
(0.035) 

    

Weighted average 
income elasticity 

 0.193 *** 
(0.01) 

    

Significance levels: 0.01***, 0.05**, 0.1*.  Cluster robust standard errors are in parentheses for all estimated 
parameters with the exception of unconditional price and income elasticities.  In that case, the numbers in 
parentheses represent the standard deviation of the elasticities simulated using the Krinsky-Robb procedure.  
The estimated coefficients of the monthly dummies and utility fixed effects are not reported here for brevity.   
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Hewitt and Hanemann (1995), Olmstead et al. (2007) and Baerenklau et al. (2014) all 

find a similar relationship between conditional and unconditional elasticities.29  The 

estimated unconditional price elasticity in the five-class model is somewhat lower than 

previous reported DCC values like that of Hewitt and Hanemann (1995) [-1.57], Olmstead et 

al. (2007) [-0.33] or Baerenklau et al. (2014) [-0.58].  This may potentially be due to the high 

proportion of households that face UP schedules (60 percent).30  Olmstead et al. (2007) and 

Baerenklau et al. (2014) find that UPs yield lower price elasticities than IBPs.  Furthermore, 

heavy irrigating households in HP, HEND and GUC were removed, which may have 

introduced a downward bias in the price estimates since households where water bills 

represent a higher portion of income may be more responsive to price changes.  The 

estimated weighted average income elasticity, 0.2, is equal to the mean found by Sebri 

(2014) for 332 estimates of income elasticity in the literature.  Previous DCC estimates range 

from 0.05 (Baerenklau et al., 2014) to 0.187 (Olmstead, 2009). 

While class probability estimates shed light on their members’ characteristics, the 

overall specification does not provide information about class heterogeneity regarding the 

structural parameters of the model.  To gain more insight into heterogeneous class behavior, I 

allow all variables, with the exception of monthly and utility fixed-effects, to vary across 

classes.  In this specification, house area is insignificant when included in class probabilities 

                                                
29 Olmstead et al. (2007) demonstrate, however, that this need not be the case and that the unconditional 
elasticity may exceed the conditional one.   
 
30 The data used by Hewitt and Hanemann (1995) and Baerenklau et al. (2014) in their DCC model estimations 
only included IBP structures. 
 



 

39 
 

so I include it as a structural covariate.  Furthermore, results in Table 2.4  suggest that classes 

with a higher prevalence of installed irrigators are characterized by lower incomes, which is 

inconsistent with the data.31  Since this implies some heterogeneity in household 

characteristics in each class, I include the irrigation system dummy as a structural variable 

and only use income and household size as determinants of class probabilities.   According to 

the BIC, the four-class model provided the best fit to the data. The results are displayed in 

Table 2.5. 

In the four-class model, the weather variables are positive and significant in most 

classes and households with UP consistently consume more water.  House area has the 

expected significant, positive effect on water demand.  Non-price water use restrictions are 

generally not significant, with the exception of voluntary measures which have a negative 

effect on water use in the first and third classes.    

The estimated coefficients of marginal prices reveal differences across classes not 

apparent in the one-class model.  The coefficient is considerably higher in the fourth class 

followed by the second and first while the third segment is least responsive to price changes.  

Compared with the first three classes, the estimated coefficient of virtual income in the fourth 

class, the most price-responsive segment, is lower. 

Class probability estimated coefficients, which are mostly significant, reveal that 

compared to the base class, households in the fourth class are larger with lower incomes.  

Also included in this class are households with a higher prevalence of irrigation systems.  

Not surprisingly, these households represent the most price-responsive segments in the 

                                                
31 T-tests indicate that households with irrigation systems have higher mean incomes than those without. 
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sample.  Households in the second class exhibit similar characteristics, though to a lesser 

extent, and have the second highest price elasticity estimate.  The opposite holds true for the 

third-segment households, who have higher incomes (not significantly different than base 

class), smaller households and exhibit the smallest price elasticity.  

Voluntary water restrictions are only significant and negative for the two higher-

income groups with smaller households, while mandatory restrictions are insignificant across 

all groups.  The second class is the largest in size, with over 40 percent of the estimated 

sample while the rest of the segments are smaller in size.   

These results are generally consistent with the literature.  Mansur and Olmstead 

(2007) and Wichman et al. (2016) find that households with higher incomes are less price 

sensitive.  Ferraro (2013) finds that high-end users, presumably the wealthier, are less price-

elastic than low-end users. Furthermore, Mansur and Olmstead (2007) note that outdoor 

water uses are more elastic than the more non-discretionary indoor water uses.   

Lastly, Table 2.4 includes the unconditional price elasticities for each class.  They are 

all slightly lower than their conditional counterparts and their weighted average is -0.32.  

This estimate is close to that found by Olmstead et al. (2007), -0.33, who also include UP and 

IBP structures.  Unconditional income elasticities of different classes lie in the range (0.07 – 

0.23) with a weighted average of 0.155.  This is a reasonable estimate compared with 

previous structural DCC studies which range from 0.05 (Baerenklau et al., 2014) to 0.187 

(Olmstead, 2009). 
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Table 2.5: Maximum likelihood estimation results of the LC-DCC model, varying structural 
parameters 

Variable  LC-DCC four class model 
 First class Second class Third class Fourth class 
Perception sd 0.401 ***  

(0.009) 
Heterogeneity sd 0.109 ***  

(0.031) 
Ln(MP) -0.293 ***  

(0.055) 
-0.361 ***  
(0.061) 

-0.167 ***  
(0.065) 

-0.516 ***  
(0.085) 

Ln(Virtual income) 0.211 ***  
(0.033) 

0.154 ***  
(0.02) 

0.231 ***  
(0.045) 

0.077 ***  
(0.026) 

Max temp 0.047 ***  
(0.013) 

0.055 ***  
(0.014) 

0.046 ***  
(0.014) 

0.099 ***  
(0.015) 

Lawn needs 0.016 ***  
(0.004) 

0.022 ***  
(0.003) 

0.01   
(0.007) 

0.01 *  
(0.006) 

Voluntary WR -0.068 ***  
(0.013) 

-0.01   
(0.011) 

-0.042 *  
(0.024) 

0.028   
(0.02) 

Mandatory WR -0.038   
(0.023) 

-0.023   
(0.017) 

-0.005   
(0.033) 

-0.003   
(0.025) 

Uniform 0.209 ***  
(0.04) 

0.181 ***  
(0.031) 

0.134 **  
(0.065) 

0.108 *  
(0.065) 

House area 0.111 **  
(0.045) 

0.122 ***  
(0.046) 

0.158 ***  
(0.044) 

0.211 ***  
(0.051) 

Lot size -0.063   
(0.104) 

-0.005   
(0.093) 

-0.1   
(0.111) 

-0.026   
(0.123) 

Constant -0.683 **  
(0.282) 

0.308   
(0.255) 

-1.67 ***  
(0.376) 

1.413 ***  
(0.349) 

     
Class probabilities 
Constant Base class -0.594   

(0.448) 
0.169   
(0.365) 

-2.315 ***  
(0.468) 

Irrigate  0.573   
(1.328) 

-0.277   
(2.193) 

2.032 *  
(1.218) 

Monthly income  -0.043 **  
(0.022) 

0.03   
(0.025) 

-0.076 **  
(0.034) 

Household size  0.59 ***  
(0.169) 

-0.656 *** (0.197) 0.946 ***  
(0.162) 

Class share 0.277 0.418 0.12 0.185 
LL 13821  
Unconditional price 
elasticity 

-0.282 ***  
(0.05) 

-0.332 ***  
(0.053) 

-0.166 ***  
(0.063) 

-0.469 ***  
(0.071) 

Unconditional 
income elasticity 

0.202 ***  
(0.03) 

0.141 ***  
(0.018) 

0.226 ***  
(0.043) 

0.069 ***  
(0.024) 

Weighted average  
unconditional price 
elasticity 

-0.323 ***  
(0.046) 

   

Weighted average 
income elasticity 

0.155 ***  
(0.02) 

   

Significance levels: 0.01***, 0.05**, 0.1*.  Cluster robust standard errors are in parentheses for all estimated 
parameters with the exception of unconditional price and income elasticities.  In that case, the numbers in 
parentheses represent the standard deviation of the elasticities simulated using the Krinsky-Robb procedure.  
The estimated coefficients of the monthly dummies and utility fixed effects are not reported here for brevity.   
 

 

To get a better picture of the mean value of each variable used in class probabilities 

for each segment, I compute Eq. (1.7) for the model.  The results are displayed in Table 2.6 
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and conform to the implications of the estimated coefficient of class probabilities displayed 

in Table 2.5.   

Table 2.6: Mean variable values by class 

Variable First class Second class Third class Fourth class 

Irrigate 0.06 0.08 0.05 0.22 

Monthly income 10.2 9.62 10.69 9.74 

Household size 2.15 2.63 1.84 3.09 

 

 

5. Sensitivity checks 

In this section, I run two sensitivity checks for model results.  In the first, I estimate 

the model separately for different price structures, IBP and UP schedules.  In the second, I 

drop households with automatic irrigation systems. 

5.1. The LC-DCC model with only IBP observations 

To examine whether the low estimated price elasticity is affected by the high 

prevalence of observations with a UP structure and to remove potential sample selection bias 

resulting from excluding high-level water users in HP, HEND and GUC, I run the model 

separately for households facing an IBP.  In this context, I found that house area was 

consistently insignificant when included in the class probability parameters so I included it as 

a structural variable.  The four-class specification was found by the BIC to provide the best 

fit to the data and the results are displayed in Table 2.7. 

.   
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Estimated price coefficients are higher on average than when the full sample is used 

for all coefficients but the fourth class, where price has a small, weakly significant impact on 

water use.  The unconditional price elasticities are again slightly lower than the conditional 

ones and the weighted average elasticity, -0.414, is higher in magnitude than its full-sample 

equivalent.  Previous studies that have estimated the DCC model using only IBP-structured 

observations are Hewitt and Hanemann (1995), Olmstead et al. (2007), and Baerenklau et al. 

(2014), estimating unconditional price elasticity at -1.57, -0.59 and -0.58, respectively.  

Compared to these studies, the estimated value here is lower, even though the second class 

has an unconditional elasticity larger than those reported by Olmstead et al. (2007) and 

Baerenklau et al. (2014).  A potential cause is the inclusion of more non-price DSM tools in 

this analysis.  Baerenklau et al. (2014) only added a variable indicating the fraction of 

months when households were asked to restrict their water use while neither Hewitt and 

Hanemann (1995) nor Olmstead et al. (2007) incorporated any non-price use restrictions.  

Higher water prices are likely to be accompanied by the implementation of non-price DSM 

strategies, the exclusion of which may lead to overestimation of the price effect on demand.   

Non-price water use restrictions are found to not have a significant impact on water 

use while weather variables have the expected positive signs and are all significant.  As in the 

full sample, the class with the lowest income (though not significantly different from the base 

class), largest household size, and highest prevalence of irrigation systems has the highest 

price elasticity.   
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Table 2.8 reports mean attribute values for each class.  All variables are consistent in 

direction and relative magnitude with results reported in Table 2.7.   Based on the numbers in 

Table 2.6 and Table 2.8, it seems that the effect of household size on price elasticity is 

unambiguous: larger households are on average more price elastic.  The effects of income 

and irrigation seem to have opposing effects on price elasticity, with higher income leading 

to lower elasticity and higher irrigation leading to higher elasticity.  Since higher incomes in 

this dataset are associated with higher prevalence of irrigation systems,32 overall results seem 

to point to the heterogeneity of some characteristics in each class.   

As a point of comparison, I also run two versions of a random effects panel data 

model using only UP observations.  I first estimate the model while including observations 

originally facing a DBP structure and then drop them and only retain those observations with 

a UP schedule.  The estimated price elasticities are -0.04 and -0.05, respectively, though 

neither are significant.33  In either case, they are lower than the price elasticity displayed by 

households with IBP structures.  Olmstead et al. (2007) also find an insignificant price 

elasticity estimate when only including observations with uniform marginal prices. 

Similar to these results, Olmstead et al. (2007) and Baerenklau et al. (2014) find that 

price elasticity is higher in the presence of IBP structures compared to UP water schedules.  

Olmstead et al. (2007) notes that there are potentially several reasons for this.  One reason 

could be that IBP results represent long-run price elasticities, while UP estimates represent 

                                                
32 This conclusion is based on a t-test as well as a Wilcoxon–Mann–Whitney test. 
 
33 Results are displayed in Appendix A, Table A.3 as Models 2 and 3. 
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short-run elasticities which are typically smaller.  Given that the results in this analysis occur 

over roughly the same time frame, this is unlikely to be the case.   

 

 

Table 2.7: Maximum likelihood estimation results of the LC-DCC model (IBP only) 
Variable  LC-DCC four class model 
 First class Second class Third class Fourth class 
Perception sd 0.321 *** 

(0.051) 
Heterogeneity sd 0.3 *** 

(0.064) 
Ln(MP) -0.461 ***  

(0.054) 
-0.934 ***  
(0.148) 

-0.337 ***  
(0.051) 

-0.099 *  
(0.054) 

Ln(Virtual income) 0.186 *** 
(0.021) 

0.116 ***  
(0.042) 

0.251 ***  
(0.023) 

0.203 *** 
(0.013) 

Max temp 0.112 ***  
(0.016) 

0.162 ***  
(0.02) 

0.089 ***  
(0.014) 

0.085 *** 
(0.018) 

Lawn needs 0.025 ***  
(0.004) 

0.016 ***  
(0.006) 

0.017 ***  
(0.005) 

0.014 ** 
(0.007) 

Voluntary WR 0.014   
(0.022) 

0.005   
(0.037) 

-0.009   
(0.025) 

0.043   
(0.034) 

Mandatory WR -0.02   
(0.018) 

-0.018   
(0.029) 

-0.024   
(0.022) 

0.034   
(0.029) 

Home area 0.093 ***  
(0.019) 

0.229 ***  
(0.043) 

0.026   
(0.026) 

0.074 ** 
 (0.03) 

Constant 0.106   
(0.234) 

1.645 ***  
(0.473) 

-0.886 ***  
(0.242) 

-1.527 *** 
 (0.082) 

Class probabilities  

Constant  -1.405 ***  
(0.346) 

0.724 **  
(0.312) 

1.622 *** 
 (0.399) 

Irrigate  0.844 **  
(0.357) 

-0.966 *** 
(0.337) 

-1.735 *** 
 (0.465) 

Monthly income Base class -0.025   
(0.031) 

0.06 ***  
(0.019) 

0.11 *** 
 (0.022) 

Household size  0.235 **  
(0.106) 

-0.586 ***  
(0.142) 

-1.568 *** 
 (0.224) 

Class share 0.39 0.19 0.28 0.15 
LL 5429.3  

Unconditional price 
elasticity 

-0.413 *** (0.045) -0.801 *** (0.113) -0.314 ***  
(0.045) 

-0.098 * 
(0.052) 

Unconditional 
income elasticity 

0.168 *** (0.02) 0.1 *** (0.033) 0.238 ***  
(0.022) 

0.201 *** 
(0.012) 

Weighted average  
unconditional price 
elasticity 

-0.414 *** (0.039)    

Weighted average 
income elasticity 

0.179 *** (0.014)    

Significance levels: 0.01***, 0.05**, 0.1*.  Cluster robust standard errors are in parentheses for all estimated 
parameters with the exception of unconditional price and income elasticities.  In that case, the numbers in 
parentheses represent the standard deviation of the elasticities simulated using the Krinsky-Robb procedure.  
The estimated coefficients of the monthly dummies and utility fixed effects are not reported here for brevity.   
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Another potential source of discrepancy in price elasticities across rate structures is 

the portion of monthly income dedicated to the water bill.  If this portion is higher among 

IBP households, this could contribute to their higher observed elasticity estimates.  In the 

data, the water bill accounted for about 0.7 and 0.6 percent of monthly income in IBP and UP 

households, respectively.  Both a t-test and a Wilcoxon–Mann–Whitney test rejected the null 

of equal means against the alternative of the IBP water bill portion possessing a greater 

mean.  Thus, this may be a contributing factor to higher observed price elasticities. 

 

Table 2.8: Mean attribute values by class 

Variable First class Second class Third class Fourth class 

Irrigate 0.24 0.38 0.14 0.09 

Monthly income 9.78 9.76 10.86 11.88 

Household size 2.81 3.08 2.33 1.82 

 
 
 
The magnitude of prices in IBP versus UP structures could also cause elasticity 

discrepancies, where IBP prices are those belonging to the observed blocks of consumption.  

In this case, as well, both a t-test and a Wilcoxon–Mann–Whitney test rejected the null of 

equal means of monthly prices against the alternative of IBP prices possessing a greater 

mean.  Consequently, higher price magnitudes in IBP structures may be causing the observed 

higher price elasticities.  Similarly, I find that mean monthly income values are higher in UP 

observations compared with IBP ones.  As previously mentioned, evidence exists in the 

literature pointing to lower price sensitivity among higher-income households. 
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Olmstead et al. (2007) note other possible causes pertaining to the price structure, 

including its possible endogeneity.  There may be utility-level unobservable heterogeneity 

such as conservation measures and aridity which may affect price elasticities as well as the 

choice of price structure.  The authors were not able to rule out the presence of such 

influences.  In this analysis, given that the data only include six utilities I cannot rigorously 

rule out the endogeneity of price structure choice.  However, since all utilities lie within 

North Carolina, some factors such as aridity may not differ significantly between utilities.  I 

also include measures of non-price DSM strategies which may absorb some policy-related 

heterogeneity across municipalities.  Therefore, unobservables are not ruled out but may not 

play as important a role as they potentially do in other, more geographically scattered 

datasets such as the one used in Olmstead et al. (2007). 

An interesting point in the results is that they seemingly contradict a key finding in 

Wichman et al. (2016), who conclude that households with installed irrigation systems are 

unresponsive to prices.  However, they use average prices whereas this analysis employs 

marginal prices.  The extent to which different prices have on model results is not clear and 

not testable using the structural model, which requires marginal prices.  Furthermore, the 

authors only include households with non-metered irrigation systems whereas I include those 

with metered irrigators as well.  This suggests that the presence of a metered irrigator may 

induce the household to monitor their outdoor water use more closely given that they can see 

its separate usage and cost.34  This also suggests that using outdoor water use prices in 

                                                
34 I also confirm this by excluding households with metered irrigators and running the model.  The estimate 
coefficient of marginal price becomes insignificant. 
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particular may be more effective in influencing water demand than other price DSM tools.  

The importance of this point is stressed with the potential rise in the percentage of houses 

that have metered irrigation systems in North Carolina.  State law now necessitates the 

presence of separate meters to measure irrigation water use on any lands plotted after July 1, 

2009 (Orange Water and Sewer Authority, 2015).  Consequently, outdoor water use pricing 

structures may potentially play a vital role in reaching water conservation targets. 

5.2. Dropping households with irrigation systems 

In this section, I run a robustness check of the model results after dropping 

households with irrigation systems.  In addition to representing only 12 percent of the 

sample, for at least some of these households, the owner may have the irrigation system 

installed and then not take any subsequent actions regarding when to manually turn it on or 

switch it off.  Consequently, results may not accurately represent household decisions 

regarding price and non-price DSM policies.  Table 2.9 reports the results of estimating the 

models after dropping households with installed automatic irrigation systems, metered or 

non-metered.  

In the absence of irrigation systems, the estimated price elasticities are lower on 

average and only significant in two of the four classes.  For those classes where higher 

marginal prices lead to significantly reduced water demand, households are characterized by 

larger sizes and lower incomes.  This result is consistent with those implied by the estimated 

coefficients reported in Table 2.5 and Table 2.7.  Moreover, the weighted average 

unconditional price elasticity is insignificant.  
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Table 2.9: Maximum likelihood estimation results of the LC-DCC model including households 
with no irrigation systems 

Variable  LC-DCC three class model 
 First class Second class Third class Fourth class 
Perception sd 0.193 **  

(0.092) 
Heterogeneity sd 0.346 ***  

(0.054) 
Ln(MP) 0.078   

(0.184) 
-0.135 *  
(0.071) 

-0.071   
(0.092) 

-0.183 **  
(0.084) 

Ln(Virtual income) 0.135   
(0.168) 

0.114 ***  
(0.019) 

0.15 *** (0.021) 0.055 ** 
(0.028) 

Max temp 0.064   
(0.23) 

0.049   
(0.089) 

0.053   
(0.081) 

0.049  (0.088) 

Lawn needs 0.001   
(0.105) 

0.017   
(0.011) 

0.01   
(0.007) 

0.019 * 
(0.011) 

Voluntary WR -0.07 **  
(0.036) 

-0.017   
(0.015) 

-0.063 *** 
(0.017) 

0.001  (0.018) 

Mandatory WR 0.003   
(0.035) 

-0.017   
(0.016) 

-0.027  (0.025) 0.007  (0.028) 

Uniform 0.111   
(0.109) 

0.215 ***  
(0.032) 

0.195 *** 
(0.026) 

0.188 *** 
(0.053) 

House area 0.178 *  
(0.097) 

0.117 ***  
(0.014) 

0.132 *** 
(0.018) 

0.144 *** 
(0.021) 

Lot size -0.205   
(0.422) 

-0.036   
(0.04) 

-0.131  (0.098) 0.05  (0.052) 

Constant -1.3 ***  
(0.225) 

0.291   
(0.523) 

-0.583   
(0.42) 

1.293 ** 
(0.594) 

     
Class probabilities 

Constant  -0.951 ***  
(0.325) 

-0.163   
(0.339) 

-2.777 ***  
(0.316) 

Monthly income Base class -0.057 ***  
(0.018) 

-0.015   
(0.019) 

-0.09 ***  
(0.022) 

Household size  1.541 ***  
(0.23) 

0.754 ***  
(0.243) 

2.03 ***  
(0.232) 

Class share 0.085 0.447 0.253 0.215 

LL 14477  

Unconditional 
price elasticity 

0.091   
(0.18) 

-0.128 **  
(0.064) 

-0.065   
(0.088) 

-0.171 **  
(0.073) 

Unconditional 
income elasticity 

0.124   
(0.161) 

0.112 ***  
(0.018) 

0.148 ***  
(0.02) 

0.055 * 
(0.028) 

Weighted average  
unconditional price 
elasticity 

-0.103   
(0.078) 

   

Weighted average 
income elasticity 

0.11 ***  
(0.015) 

   

Significance levels: 0.01***, 0.05**, 0.1*.  Cluster robust standard errors are in parentheses for all estimated 
parameters with the exception of unconditional price and income elasticities.  In that case, the numbers in 
parentheses represent the standard deviation of the elasticities simulated using the Krinsky-Robb procedure.  
The estimated coefficients of the monthly dummies and utility fixed effects are not reported here for brevity.   
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6. Conclusions and future research 

In this chapter, I propose a LC-DCC approach to water demand estimation which 

accommodates the nonlinear price structure while accounting for the temporal correlation 

found in panel data between observations of each household.  Estimation results indicate that 

this framework improves model fit and absorbs a considerable fraction of unobserved 

preference heterogeneity compared to the base DCC specification.  The proposed approach 

also allows a distinction to be drawn between segments of the population based on 

observable household characteristics.  Low-income, large-sized households with irrigation 

systems are found to be more price-responsive but less inclined to abide by non-price water 

use restrictions.  This distinction could be useful when designing policies aimed at promoting 

water conservation.  

Price elasticities implied by the LC-DCC model under different model specifications 

and data subsets range from -0.10 to -0.41, which are reasonable given previous literature 

estimates.  Income elasticity estimates exhibit smaller variance and range from 0.11 to 0.19, 

which are also within the range found by previous studies. 

Though higher-income households respond to voluntary non-price DSM restrictions, 

a surprising result is that mandatory restrictions are found to be insignificant regardless of 

model specification or data sample used.  This suggests a need to further break down 

mandatory restrictions into different types, which may shed more light on their effect on 

water consumption. 

Other results of estimation include the positive effect that weather variables (average 

maximum temperatures and irrigation requirements) have on water use.  A similar impact is 
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estimated for the household characteristics of lot size and house area in the full sample.  

Mandatory non-price restrictions are shown to not have any significant effect on water use, 

while voluntary restrictions have a significant negative impact on the water demand of 

higher-income households. 

The results also imply that the presence of an installed irrigation system leads to 

higher price elasticity.  This is shown through the coefficients of class probabilities as well as 

the significantly lower price elasticity estimated after dropping households with irrigation 

systems.   

A useful extension of this application would be to use a dataset that includes a wider 

range of income levels and residential structures.  The data used in this chapter only 

incorporate single-family detached houses, where occupants on average belong to a higher-

income group than others living in more modest dwellings.  Thus, it may be inappropriate to 

generalize findings in this study to population strata with dissimilar characteristics than the 

ones included here.     
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CHAPTER 3 : RECONCILING STRUCTURAL AND REDUCED-FORM 
ESTIMATES FOR WATER DEMAND 

 
 

1. Introduction 

Nonlinear pricing structures are widely used by water utilities to address water 

scarcity and shortages.  Facing higher marginal prices for higher levels of water use, high-

end water users are incentivized to curb their consumption, especially for more discretionary 

water uses such as lawn irrigation and pool-filling.  These pricing schemes raise econometric 

challenges that need to be addressed when determining model specification and estimation 

methods.  Foremost among these challenges is price endogeneity caused by the simultaneous 

determination of price and quantity consumed.   

Academic studies have addressed nonlinearity through both reduced-form (Agthe et 

al., 1986; Deller et al., 1986; Nieswiadomy and Molina, 1988, 1989; Wichman et al., 2014) 

and structural approaches (Hewitt and Hanemann, 1995; Pint, 1999; Olmstead et al., 2007; 

Olmstead, 2009; Strong and Smith, 2010; Baerenklau et al., 2014; Szabo, 2015).  While both 

approaches account for price endogeneity, structural models have several advantages over 

simpler, reduced-form specifications.  One advantage is that they are consistent with utility 

theory and facilitate welfare analyses.  Another is that they address aspects of nonlinear 

budget constraints that reduced-form models do not.  These aspects include the possibility of 

switching consumption blocks as well as how to assign observations that lie at or in the 

neighborhood of the kink points (Olmstead, 2009).35 

                                                
35 Structural approaches also suffer from several drawbacks.  Details about the pros and cons of each approach 
will be discussed below. 
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In spite of possessing several advantages, structural applications have been rare in the 

water demand literature due to their complexity and more reliance on restrictive parametric 

assumptions.  The structural model most widely used by far is the discrete/continuous choice 

(DCC) model initially developed by Burtless and Hausman (1978) in the field of labor 

economics and first applied to water demand by Hewitt and Hanemann (1995).  A widely 

used reduced-form approach is the instrumental variables (IV) model.  One major difference 

between the two frameworks when modeling panel data is that the latter accounts for the 

temporal correlation that characterizes observations belonging to the same household, while 

the former assumes all error terms are iid across households and over time.  Not accounting 

for the panel nature of the data leads to downward biases in estimated standard errors and 

overestimated t-statistics (Cameron and Trivedi, 2005). 

Only two studies have compared the results of the two approaches in water demand 

estimation, Hewitt and Hanemann (1995) and Olmstead (2009), both using IV-two stage least 

squares (2SLS) and DCC specifications.  In both studies, estimates varied considerably 

across the two approaches.  Hewitt and Hanemann (1995) report estimates for an IV, 2SLS, 

and DCC models of 0.041, 0.002, and -1.899, respectively.  However, only the DCC 

specification generates a significant estimate. Olmstead (2009) estimates significant values of 

-0.292 and -0.641 for the IV and DCC specifications, respectively.   

However, a shortcoming of their comparisons is that only the reduced-form models 

account for time-invariant unobserved heterogeneity.  This raises an important question: are 

the differences they find driven by different modeling frameworks (structural versus reduced-
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form), or different treatments of unobserved heterogeneity (one which accounts for the panel 

nature of the data and one which does not)?   

This chapter provides a comparison of the structural and reduced-form approaches to 

water demand estimation while incorporating household effects.  To achieve this, I 

incorporate the structural DCC model in a latent class (LC) framework, which accounts for 

the panel nature of the data, and compare the results of the combined specification to those of 

IV models.  

The results suggest that the LC framework bridges some of the gap between 

estimated price and income elasticities across the two specifications.  While the IV price 

elasticity estimate is five times the magnitude of its DCC counterpart, this difference is cut 

down by more than half when comparing the IV estimate with the LC-DCC one.  Structural 

and reduced-form income elasticity estimates also converge when the structural model 

accounts for household effects.  This, in turn, may indicate that differences between the 

estimates reported by Hewitt and Hanemann (1995) and Olmstead (2009) was at least 

partially driven by the treatment of unobserved heterogeneity.  

2. Literature review 

Nonlinear budget constraints arise when a commodity is not purchased at a single 

exogenous fixed price.  In this context, pricing schedules are nonlinear and characterized by 

kink points that represent sudden changes in price.  A change in a variable that underlies the 

constraint such as prices and hence a change in the constraint itself may cause demand to 

“stick” at the kink point or conversely to shift to another point on the constraint (Moffitt, 

1986).  Furthermore, the nonlinearity of the budget set leads to the problem of price 
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endogeneity, whereby consumption decisions are simultaneously affected by and determine 

marginal prices. 

Model specification (structural or reduced-form) and estimation techniques need to 

address the modeling challenges posed by nonlinear pricing structures.36  Both reduced-form 

and structural approaches have been developed to account for the simultaneity of water price 

and demand and each approach has its merits and drawbacks.  Timmins and Schlenker 

(2009) and Chetty (2009) make the case that structural and reduced-form approaches are 

complementary in nature and that their usefulness will vary depending on the application and 

policy context in question.37   

The reduced-form, instrumental variables (IV) approach has been applied widely in 

the water demand literature (Agthe et al., 1986; Deller et al., 1986; Nieswiadomy and 

Molina, 1988, 1989; Wichman et al., 2014).  However, structural models have been used by 

relatively fewer studies due to their complexity (Hewitt and Hanemann, 1995; Pint, 1999; 

Olmstead et al., 2007; Olmstead, 2009; Smith and Strong, 2010; Baerenklau et al., 2014; 

Szabo, 2015).   

                                                
36 Estimation methods that are linear in parameters, e.g. OLS, have often produced implausible estimates (i.e. 
positively signed price elasticities and negatively signed income elasticities) that are biased and inconsistent 
with nonlinear price schedules (Dubin, 1982; Moffitt and Nicholson, 1982; Megdal, 1987).  Olmstead (2009) 
found a similar result using a panel data random effects (RE) model, which also generated a positive, significant 
price coefficient estimate.  Conversely, nonlinear least squares and maximum likelihood (ML) estimation 
methods generate estimates that are consistent and asymptotically both normal and efficient (Moffitt, 1986).  
Using a Monte Carlo experiment, Megdal (1987) shows that the ML estimates greatly outperform those of the 
OLS method in the case of a one-kinked budget constraint with a convex budget set. 
 
37 Timmins and Schlenker (2009) provide a useful literature review of the application of structural and reduced-
form approaches in the field of environmental and resource economics.  They provide examples of how both 
approaches can be used complementarily. 
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The goal of structural approaches is to estimate the parameters of behavioral 

functions, the components of which are used to build theoretical models driven by economic 

theory.  Structural modeling provides estimates of model primitives that can then be used to 

simulate counterfactual analyses regarding policy changes.  Therefore, such models are 

valuable in gauging the welfare effects and unintended consequences of policy changes, 

especially when there are nonlinear feedback effects where economic agents can re-optimize 

in response to these changes.  This, in turn, makes these models well-suited for making out-

of-sample predictions, as opposed to reduced-form methods (Timmins and Schlenker, 

2009).38  Structural methods may also be more efficient in dealing with nonlinear pricing 

structures since they are capable of modeling different aspects of piecewise-linear budget 

constraints and are consistent with utility theory.  As Timmins and Schlenker (2009) state, 

structural models are useful for the “explicit modeling of heterogeneity in preferences and 

budget constraints.”   

Drawbacks of structural modelling include heavy reliance on restrictive modeling 

assumptions, such as those pertaining to functional-form and distribution, which are 

sometimes untestable.  It is also difficult to identify all covariates that drive the dependent 

variable and not suffer from bias due to omitted variables.  With complex structural models, 

an error in one part of the model may spillover to other parts, compromising the reliability of 

its predictions (Timmins and Schlenker, 2009).  Moreover, estimation of structural models is 

                                                
38 Though this is usually true of structural models in general, Strong and Smith (2010) have argued that the 
DCC model used in this chapter is not well-qualified to assess the effect of large changes in marginal prices, 
and hence the welfare impacts of these changes, in the presence of kinked budget constraints.  They base their 
critique on the argument set forth by Bockstael and McConnell (1983) stating that Marshallian demand 
functions are not uniquely defined in the presence of nonlinear budget constraints.  However, I do not conduct a 
welfare analysis in this chapter and so this point is not pertinent. 
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computationally-intensive and further complicated by sensitivity to starting values, of which 

multiple sets need to be tried to ensure that the estimated results represent a global and not 

local optimum.   

For the purposes of this analysis, the DCC model in its application to panel data 

suffers from a limitation: it does not account for the temporal correlation between 

observations of each household.  Consequently, the model may underestimate standard errors 

and overestimate t-statistics (Cameron and Trivedi, 2005).   

The reduced-form approach, on the other hand, limits structural assumptions, 

produces consistent estimates for relevant parameters and is computationally inexpensive.  

By employing appropriate identification strategies of exogenous variation in lieu of 

attempting to structurally include all possible confounding factors, reduced-form methods 

may be more transparent in detecting the source of variation in the dependent variable and 

establishing causality.  Additionally, estimating reduced-form models does not run into the 

econometric issues surrounding local versus global optima (Timmins and Schlenker, 2009). 

Finally, in contrast to the structural DCC model, the reduced-form approach makes 

allowance for the temporal correlation between observations belonging to each household 

and does not therefore generate standard errors that are biased towards zero. 

However, reduced-form methods also suffer from several drawbacks.  The first is that 

their results are specific to the data being used and not suitable for making predictions 

concerning policy evaluations (Burtless and Hausman, 1978).  Establishing counterfactual 

simulations of policy changes necessitates the presence of estimated structural parameters 

that describe how economic agents respond to such policies (Timmins and Schlenker, 2009).  
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In modelling nonlinear prices, this approach does not account for all features of the 

associated piecewise-linear budget constraints, namely, the possibility of switching 

consumption blocks as well as block-assignation for observations that lie at or in the 

neighborhood of the kink points.  Another disadvantage that pertains to IV modelling is that 

model estimates are potentially sensitive to the choice of instruments with no rigorous test of 

which instruments are valid (Olmstead, 2009). 

For water demand estimation, two studies compare the results of the IV and DCC 

models, Hewitt and Hanemann (1995) and Olmstead (2009).  Both find a large discrepancy 

between the price elasticity estimates of the two models.  Hewitt and Hanemann (1995) 

report estimates for an IV, 2SLS, and DCC models of 0.041, 0.002, and -1.899, 

respectively.39  However, only the DCC produces statistically significant estimates. Olmstead 

(2009) estimates significant values of -0.292 and -0.641 for the IV and DCC specifications, 

respectively, with the DCC estimate being over twice the magnitude of the IV one.   

The estimated conditional income elasticities also differed across approaches in 

Olmstead (2009), with the DCC resulting in a significant conditional income elasticity of 

0.196 as opposed to an insignificant IV estimate of 0.683.  Hewitt and Hanemann (1995) find 

results that do not differ significantly across specifications (all lying in the range 0.16 – 0.18) 

although neither was significant. 

In a Monte Carlo comparison of the results of the IV and DCC models, Olmstead 

(2009) finds that both models generate considerable bias under different econometric 

                                                
39 A description of the reduced-form models used by Hewitt and Hanemann (1995) can be found in 
Nieswiadomy and Molina (1989). 
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specifications. The author conducts the Monte Carlo experiment under different assumed 

values for the standard deviations of the error terms and computes the mean bias, and average 

root mean square error for each set of values.  She finds that the source of variation in 

consumer behavior affects the relative performance of the models.  Under the assumption 

that household heterogeneity dominates random shocks in influencing water demand 

variation, the DCC model generates smaller bias in the price elasticity estimate and may be 

preferable. Conversely, if random exogenous shocks, such as weather variation, are the more 

influential factor, neither model outperforms the other in estimating price elasticity.40   

3. Water demand models 

The structural models used in this analysis are the DCC and latent class DCC (LC-

DCC) models while a random effects (RE) IV specification represents the reduced-form 

approach.  Although a Hausman test rejects the consistency of the RE model in this analysis, 

its use is motivated by the closer association of the RE specification to the structural DCC 

model.  Additionally, the comparison run by Olmstead (2009) was done using a RE model.  

As a robustness check, the results of the FE specification will also be examined.   

Since the DCC model is a special case of the LC-DCC formulation where the number 

of latent classes is restricted to one, I will only present a description of the LC specification.  

A more detailed description of the DCC and LC frameworks can be found in Chapter Two. 

                                                
40 For parameters other than price elasticity, Olmstead (2009) finds that the IV model produces less bias and 
may be more reliable. 
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3.1. The Latent Class Discrete Continuous Choice (LC-DCC) model 

For the LC-DCC model, I assume the following log-log specification for the demand 

function so as to be consistent with previous studies that have estimated the model (Hewitt 

and Hanemann, 1995; Pint, 1999; Olmstead et al., 2007; Olmstead, 2009; Baerenklau et al., 

2014): 

lnwit = Zitδ +α ln pit + γ ln yit +ηi +θt + ε it                   (3.1) 

Where wit is water demand of household i in month t, pit is marginal price, yit is 

virtual income, Zit is a matrix of sociodemographic characteristics, utility fixed effects, and  

θt  represents dummy variables for each month in the year (December is dropped as the base 

month).41,42   

The model is characterized by the presence of two error terms, a feature initially 

introduced by Burtless and Hausman (1978).  The first, denoted by ηi, represents unobserved 

heterogeneity of preferences among consumers that cannot be explained by observable 

factors and affects the household’s discrete and continuous choices.  The second, denoted by 

                                                
41 Virtual income refers to the subsidy (tax) to income in an IBP (DBP) structure equal to the difference 
between what the household actually pays and what it would have paid if all units had been purchased at the 
marginal price. It is defined as: 

 !yk = y + dk  

d =
0                           if   k = 1

(pj+1 − pj )wk    if   k >1
j=1

k−1

∑
⎧
⎨
⎪

⎩
⎪

  

 
42 Ideally, I would include 29 monthly fixed effects instead of eleven dummies to indicate seasonality.  
However, due to the complex nature of the model and the difficulties faced in achieving convergence, 
parsimony has to be considered.  This is especially true in the case of the LC structure, where the number of 
coefficients of be estimated is even larger than that of the one-class DCC model. 
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εit, depicts optimization and measurement errors, or what Hewitt and Hanemann (1995) have 

coined “perception error,” and only affects the continuous choice.  The two error terms are 

assumed to follow independent distributions since there is no reason to believe they would be 

generated by the same process. 

 Assuming the demand function of (3.1) and employing a LC framework, the log-

likelihood function is  

 

LL(β,π |w) = log π j f j (w;µ j )
j=1

m

∑
i=1

N

∑
                 (3.2) 

 
where π j  are class probabilities, m is the number of classes and f is the likelihood function.  

 Class probabilities are defined as 

  

 

π i j =
eθ ij

eθ ij

j=1

m

∑
 , θij = γ j zi , θm = 0                 (3.3) 

 
Where 

 

zi  is a vector of individual characteristics and γ j  are parameters to be 

estimated.  In a conventional DCC model, m = 1 and γ j  are equal to zero, thereby making all 

observations weighted equally with no temporal correlation between observations of the 

same household.   
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The likelihood function f is defined differently for households facing uniform prices 

(UP) and those facing IBP structures.43  Plugging in the likelihood functions in Eq. (3.2) 

yields the following log-likelihood function: 

 
 

lnL = ln 1
2π

exp(−(sit )
2 / 2)

σ v

⎛
⎝⎜

⎞
⎠⎟t=1

T

∑
i=1

L

∑

       + ln

1
2π

exp(−(sitk )
2 / 2)

σ v

⎛
⎝⎜

⎞
⎠⎟
Φ(ritk )−Φ(nitk )( )

k=1

K

∑ +

1
2π

exp(−(uitk )
2 / 2)
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⎛
⎝⎜

⎞
⎠⎟k=1

K−1

∑ Φ(mitk )−Φ(pitk )( )

⎡

⎣

⎢
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⎢
⎢
⎢

⎤

⎦

⎥
⎥
⎥
⎥
⎥

t=1

T

∑
i=L+1

N

∑
                  (3.4) 

 
where Φ is the standard normal cumulative distribution function  

K is the total number of blocks 

N is the total number of observations 

T is the total number of time periods 

v =η + ε  pk = (lnwk − lnwk
*(.)) /ση  ρ = corr(v,η) =ση /σ v  

rk = (pk − ρsk ) / 1− ρ 2
 sk = (lnwi − lnwk

*(.)) /σ v   

mk = (lnwk − lnwk+1
* (.)) /ση   uk = (lnwi − lnwk ) /σε   

nk = (mk−1 − ρsk ) / 1− ρ
2  

 

The first term on the right hand side represents the UP case for L observations, while 

the terms in the square brackets depict likelihoods for households facing IBP structures.  The 

                                                
43 The DCC model presented in this chapter does not allow for the non-zero probability of multiple optima 
associated with decreasing block pricing (DBP).   
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first term in the square brackets accounts for interior block solutions while the second 

summation represents the likelihoods of locating at the kink points.   The models are 

estimated in the R statistical software version 3.2.3 (R Core Team, 2015) using the maxLik 

package (Henningsen and Toomet, 2011).44 

3.2. The Instrumental Variables (IV) model 

The reduced-form IV model addresses endogeneity by instrumenting for marginal 

price and virtual income in the demand function, Eq. (3.1), since they both depend on the 

choice of consumption block.  The instruments include the logarithm of marginal prices at 

different water consumption levels chosen so as to exploit the full variation in marginal 

prices across utilities and time, while allowing for a consistent number of instruments across 

utilities.45,46 Other instruments are the logarithm of fixed charges paid at zero consumption as 

well as the other exogenous variables in the model.  First-stage regressions regress observed 

marginal prices and virtual incomes on the instruments, after which their predicted values are 

used in the structural equation Eq. (3.1).  

                                                
44 Other packages used for data mining are data.table (Dowle et al., 2015) and dplyr (Wickham and Francois, 
2015). 
 
45  This approach was used by Olmstead (2009). 
 
46 Water consumption levels here were chosen to represent the distinct values of the kink points of utilities over 
time.  The largest level is equal to the highest-valued kink point plus a small value to capture the marginal price 
of the highest block in the dataset. 
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The model is estimated using a two-stage Least Squares (2SLS) approach.  A RE, 

rather than a FE, model is estimated since this more closely resembles the DCC 

specification.47  Estimation is done in Stata 14 via the xtivreg package. 

4. Data  

The data used in this chapter are the same as used in Chapter Two, namely, a panel 

household-level dataset from six North Carolina municipalities spanning 30 months from 

July 2006 to December 2008.  The municipalities are Chapel Hill (OWASA), High Point 

(HP), Charlotte-Mecklenburg (CMU), Hendersonville (HEND), Greenville (GUC) and 

Fayetteville (FAY).  The dataset includes household-level water billing data, survey data, 

weather variables, and utility-level price structures and non-price water use restrictions.   

To make comparison plausible, the structural and reduced-form models are both 

estimated using the same dataset.  Since the DCC model, as specified above, is not suitable 

for modeling DBP structures, some households are dropped from the analysis.  The excluded 

households are those where the DBP structure is expected to be relevant, i.e., there is a 

reasonable possibility that a household may choose to consume on a block higher than the 

first.48 

The final dataset encompasses 1,368 households and includes 40,346 observations.  

Main summary statistics by utility are displayed in Table 3.1, while Table 3.2 displays the 

                                                
47 A Hausman test rejects the null of consistency in the RE model so the results of a FE model are used as 
robustness checks. 
 
48 This is done by removing households whose consumption at any one month is approximately half the level of 
the upper boundary of the first block.  While arbitrary, it would be reasonable to assume that there is no price 
low enough to prompt a household to consume double their highest level of consumption over 30 months.   
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description and summary statistics for the variables used in estimation.  For details on further 

alterations made to the data, the reader is referred to Chapter Two. 

     
Table 3.1: Mean demographic characteristics and water use of households by municipality 

Variable/Utility Units CMU FAY GUC HEND HP OWASA 
Income $ 11,323 7,856 8,768 9,739 9,675 15,326 
House area ‘000 ft2 2.6 2.2 2.4 2.5 2.7 2.9 
Lot size acres 0.6 0.7 0.6 1 0.6 0.6 
Home value $K 245.4 148.7 186.8 280.2 195.1 355.2 
HH members  2.6 2.5 2.2 2.3 2.6 2.9 
Water_use ‘000 gallons 6.5 5.8 4.7 4.4 4.9 5.2 
Observations  737 8,588 3,626 5,476 6,016 5,761 
Share % 0.02 0.28 0.12 0.18 0.20 0.19 

 
 
 

5. Model selection and diagnostics 

In the structural LC-DCC specification, the determination of the number of classes 

that best fits the data is done using the Bayesian Information Criterion (BIC), which indicates 

that a five-class specification provides the best fit.  To be more comparable to the RE 

reduced-form framework, only the constant term is allowed to vary across classes.  Whereas 

all household characteristics are included as derived demand structural variables in the 

traditional DCC model, most of them are added as determinants of class probabilities in the 

LC-DCC formulation.  

The covariance matrix of the estimated coefficients is estimated numerically using the 

“sandwich” formula, H
−1(s 's)H−1

, where H is the Hessian matrix and s = sht
v

t∑  where sht
v

is 

the likelihood gradient evaluated for the parameter v at observation ht for household h.  For 

unconditional price and income elasticities, the reported figures are the means and standard 
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errors of the estimates generated by the Krinsky-Robb procedure.  For more details on 

estimation of the structural model, the reader is referred to Chapter Two. 

 

Table 3.2: Variable description and summary statistics 

Variable Description Mean Std 
volume Water consumption ('000 gallons) 5.42 4.63 
base Fixed charges ($) 10.14 5.87 

mpu Uniform water marginal price 
($/kgal) 5.86 1.89 

mp1 Marginal price in block 1 ($/kgal) 5.89 1.45 
mp2 Marginal price in block 2 ($/kgal) 7.12 1.61 
mp3 Marginal price in block 3 ($/kgal) 6.36 3.19 
mp4 Marginal price in block 4 ($/kgal) 9.13 4.51 
mp5 Marginal price in block 5 ($/kgal) 19.72 14.36 

b1 Upper boundary of block 1 ('000 
gallons) 5.966 2.22 

b2 Upper boundary of block 2 ('000 
gallons) 10.42 3.29 

b3 Upper boundary of block 3 ('000 
gallons) 14.37 2.59 

b4 Upper boundary of block 4 ('000 
gallons) 16.62 1.09 

Income Monthly income (‘000 $) 10.24 7.24 
Virtual income 1 Virtual income in block 1 (‘000 $) 10.23 7.23 
Virtual income 2 Virtual income in block 2 (‘000 $) 10.16 7.47 
Virtual income 3 Virtual income in block 3(‘000 $) 10.9 7.99 
Virtual income 4 Virtual income in block 4 (‘000 $) 12.5 8.84 
Virtual income 5 Virtual income in block 5 (‘000 $) 14.12 9.43 

Max temp Monthly average of daily 
maximum temperature (°C) 22.20 7.8 

Lawn needs ET - (0.5 * rain) (in.) 2.46 2.17 

Voluntary WR Dummy variable = 1 for voluntary 
restrictions; 0 otherwise 0.20 0.40 

Mandatory WR Dummy variable = 1 for 
mandatory restrictions; 0 otherwise 0.34 0.48 

Irrigate Dummy variable = 1 if the 
household irrigates; 0 otherwise 0.17 0.38 

Uniform Dummy variable = 1 if UP; 0 
otherwise 0.46 0.50 

House area House size ('000 sqft) 2.51 0.85 
Household size Members in households 2.51 1.17 
Lot size Lot size (acres) 0.57 0.28 
Observations 40,346   
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For the reduced-form IV model, some diagnostic tests were first run to determine the 

most appropriate instruments to use.  I first start with a total of twenty excluded instruments, 

one of which is dropped due to collinearity.  Since a Hausman test rejects the null of 

consistency in the RE model, I employ a FE model to make use of Stata’s built-in commands 

to test for endogeneity of regressors as well as the satisfaction of the orthogonality conditions 

of the instruments.  This is done using the xtivreg2 package (Schaffer, 2010) which does not 

currently include RE models since it is a wrapper to the ivreg2 command (Baum et al., 2010).  

All estimated models, whether RE or FE, are estimated using robust standard errors that are 

clustered at the household level and account for heteroscedasticity. 

The Sargan-Hansen test is used to test overidentifying restrictions under the null 

hypothesis that the instruments are valid, meaning that they are orthogonal to the error term 

and are correctly excluded from the second-stage equation.  A failure to reject the null means 

that at least some of the instruments are correlated with the error term, i.e. endogenous 

(Cameron and Trivedi, 2005).  Using an iterative procedure of dropping instruments and 

conducting the Sargan-Hansen test, I exclude additional instruments and decide on a total of 

five instruments to be included in the first-stage regression and excluded from the second-

stage one (logarithm of fixed charges and marginal prices at consumption levels of 2, 5, 6, 

and 16 thousand gallons).  I also test the endogeneity of marginal prices and virtual incomes, 

both separately and combined, and reject the null that they can be treated as exogenous. 

Moreover, I test the model for under-identification and weak identification.  The 

former refers to a Lagrange Multiplier (LM), or matrix rank, test that examines whether the 

excluded instruments are correlated with the endogenous regressors.  Since the model here is 
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specified with cluster-robust standard errors, a Wald version of the Kleibergen-Paap (2006) 

rk chi-squared statistic is used under the null that the instruments do not identify the model.  

Rejecting the null means the model is identified.  Weak identification of the model refers to a 

weak correlation between the instruments and the endogenous regressors and is tested using a 

robust Kleibergen-Paap Wald rk F statistic under the null of weak identification.    I was able 

to reject the null in both tests, meaning that the instruments used lead to an identified model 

and that they are strongly correlated with the endogenous variables.  

To test under- and weak-identification in each endogenous regressor, I use the results 

of the first-stage regressions.  The test for under-identification of each endogenous variable 

uses the Angrist- Pischke (AP) first-stage regression chi-squared Wald statistic with the null 

that the endogenous variable is unidentified.  For testing weak identification of each 

endogenous variable, the AP first-stage F-statistic is used under the null that the variable in 

question is only weakly identified.  The null hypotheses of both tests were rejected for each 

endogenous variable. 

More details can be found in the ivreg2 package documentation (Baum, Schaffer and 

Stillman, 2010) as well as the xtivreg2 one (Schaffer, 2010).  After settling on the final 

instruments to be used, a total of five, I estimate a RE model to be compared against the 

structural specification. 49    

Two RE estimations are reported for the IV model.  The first is the generalized two-

stage least squares (G2SLS) developed by Balestra and Varadharajan-Krishnakumar (1987) 
                                                
49 Another set, comprised of seven instruments, also passed all diagnostic tests.  The implications of using this 
set as opposed to the one whose results are presented are very similar and so these results are not presented 
here. 
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and the second is Baltagi’s (1981) error components two-stage least squares (EC2SLS).  The 

inclusion of the latter is motivated by Baltagi and Liu (2009), who show that for a system of 

equations in a finite sample, the EC2SLS may be more efficient than the G2SLS.50    

6. Estimation results 

Table 3.3 reports the estimation results of a RE panel data model, the two RE IV 

models as well as the conventional DCC model.  Results of the first-stage regressions of the 

IV models are displayed in Appendix A (Table A.3– Table A.6).  As expected, the RE panel 

data model produces a biased estimate of the price coefficient, 0.7, which is positive and 

significant.  Even though many of the estimated coefficients are comparable across the two 

IV models, there are a few differences.  Most importantly is the significant and positive 

estimated coefficient of virtual income, 0.4, in the EC2SLS model, while it is insignificant in 

the G2SLS model.  A surprising result is that both lot size and house area are insignificant in 

both IV models. 

Remaining significant estimates all have the expected signs in the IV models, with 

weather variables exerting significant, positive effects on water consumption.  Households 

facing uniform prices consume more water than those facing IBP structures.  The installation 

of in-ground irrigation systems also lead to higher levels of water demand.  Voluntary and 

mandatory non-price water restrictions have a significant effect in reducing water use, though 

the estimated coefficient of mandatory restrictions in the 2SLS model is insignificant.   

                                                
50 EC2SLS includes more instruments than G2SLS.  Even though the extra instruments are redundant as per 
White’s (1986) definition and therefore provide no gains to asymptotic efficiency, Baltagi and Liu (2009) 
illustrate than in finite samples, there may be gains to efficiency.  For details on the EC2SLS estimator, see 
Baltagi (1981), Baltagi and Li (1992), and Baltagi and Liu (2009). 
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Since the estimated price and income coefficients in both the structural and reduced-

form approaches represent conditional elasticities, meaning that they are conditional on the 

household remaining in the same consumption block, it is appropriate to directly compare 

them.  Comparison of the estimates reveals that price and income elasticities of the DCC 

model, -0.09 and 0.1, respectively, though significant and plausibly signed, are much lower 

than the IV EC2SLS estimates (-0.4 and 0.4, respectively).51  The unconditional elasticities 

computed for the DCC model are included to provide a more accurate estimate of price 

elasticity which is unconstrained by the household’s block choice.  Remaining DCC 

estimates provide implications similar to those implied by corresponding values in the 

EC2SLS IV model, where only significant estimates are considered in the latter.   

In summary, the structural and reduced-form specifications generate similar 

implications regarding the determinants of household water demand that do not include 

marginal prices or virtual incomes.  For those two variables that are block-dependent, the 

DCC model produces estimates that are much smaller in magnitude than the IV specification, 

even though their signs are consistent with expectations.  The question then arises, what is 

causing these differences?  Is it the nature of the model (structural or reduced-form) or is it in 

how each model handles unobserved household heterogeneity (accounting for the panel 

nature of the data or not)?  If the latter is a contributing factor, then we would expect the LC 

framework to contribute to bridging these gaps.  The results of the LC-DCC model are 

displayed in Table 3.4. 

                                                
51 Since the G2SLS income coefficient estimate is negative and insignificant, only the EC2SLS significant 
estimate is considered on the reduced-form side. 
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. 

The estimated price and income elasticities of the LC-DCC model, -0.32 and 0.21, 

respectively, are much closer to the IV estimates compared to the DCC specification.  

Though still smaller than either IV model result, the estimated price elasticity of the LC-DCC 

model bridged the gap between structural and reduced-form estimates by more than half.  For 

income elasticity, we find that the LC-DCC model produces an estimate that is also much 

closer to its IV EC2SLS counterpart, which is the only significant reduced-form estimate. 

 

Table 3.3: Estimation results of the IV and DCC models 
Variable Panel RE IV 

G2SLS 
IV  
EC2SLS 

DCC 

Perception sd    0.327 ***  
(0.093) 

Heterogeneity sd    0.464 ***  
(0.068) 

Ln(MP) 0.723*** 
(0.046) 

-0.425*** 
(0.082) 

-0.443*** 
(0.078) 

-0.085 *  
(0.05) 

Ln(Virtual income) 0.090*** 
(0.019) 

-0.572 
(0.858) 

0.412*** 
(0.132) 

0.101 ***  
(0.018) 

Max temp 0.075*** 
(0.0054) 

0.063*** 
(0.006) 

0.064*** 
(0.006) 

0.026 *  
(0.014) 

Lawn needs 0.003* 
(0.002) 

0.018*** 
(0.002) 

0.018*** 
(0.002) 

0.018 *** 
(0.003) 

Voluntary WR -0.025*** 
(0.007) 

-0.020*** 
(0.007) 

-0.020*** 
(0.007) 

-0.021 ***  
(0.007) 

Mandatory WR 0.019** 
(0.009) 

-0.017 
(0.010) 

-0.017* 
(0.010) 

-0.011   
(0.01) 

Uniform 0.239*** 
(0.018) 

0.196*** 
(0.020) 

0.196*** 
(0.020) 

0.199 ***  
(0.019) 

Lot size 0.169*** 
(0.045) 

-0.082 
(0.102) 

0.011 
(0.051) 

0.042  
(0.043) 

House area 0.052*** 
(0.016) 

0.318 
(0.310) 

-0.037 
(0.050) 

0.07 ***  
(0.015) 

Household size 0.166*** 
(0.012) 

0.254** 
(0.101) 

0.140*** 
(0.019) 

0.171 ***  
(0.011) 

Irrigate 0.329*** 
(0.038) 

0.507** 
(0.215) 

0.263*** 
(0.051) 

0.355 ***  
(0.048) 

Constant -1.693*** 
(0.165) 

5.496 
(6.541) 

-2.026** 
(0.992) 

-0.093   
(0.177) 

LL    2860.14 
Unconditional price elasticity    -0.083 ***  

(0.00) 
Unconditional income 
elasticity 

   0.099 ***  
(0.00) 

Significance levels: 0.01***, 0.05**, 0.1*.  Cluster robust standard errors are in parentheses for all estimated 
parameters with the exception of unconditional price and income elasticities.  In that case, the numbers in 
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parentheses represent the standard deviation of the elasticities simulated using the Krinsky-Robb procedure.  
The estimated coefficients of the monthly dummies and utility fixed effects are not reported here for brevity.   
 
 
 

Remaining estimates of the LC-DCC structural variables coefficients provide 

implications similar to the DCC and IV models.  The estimated coefficients of class 

probabilities in Table 3.4 only compare each class relative to the base segment but are not 

directly comparable to the estimates of similar variables in the IV models.  As with the DCC 

framework, the LC-DCC model allows the estimation of unconditional price and income 

elasticities, which are also reported in Table 3.4. 

Since the Hausman test rejected the null of consistency in the RE model, I run a FE 

IV model to verify the robustness of the results.  The estimated price coefficient is -0.53 and 

is significant at the one percent significance level.  The FE model estimate of the virtual 

income coefficient is unrealistically high (126.6).  This may be caused by the fact that the FE 

specification does not model time-invariant characteristics and base income for each 

household is time-invariant in this analysis.  The only variation in virtual income comes from 

the Taylor-Nordin difference variable, which accounts for a very small percentage of virtual 

income.  When income is dropped, the estimated price coefficient becomes -0.59, also 

significant at the one percent significance level.  The results of the FE IV models, with and 

without virtual income, are reported in Table A.7.  Even though dropping income caused the 

estimated price coefficient to rise slightly, the implications of using the FE model do not 

change.   
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Table 3.4: Estimation results of the LC-DCC model 
Variable Five-class LC-DCC 

First class Second class Third class Fourth class Fifth class 
Perception sd 0.375 ***  

(0.02) 
Heterogeneity sd 0.167 ***  

(0.046) 
Ln(MP) -0.315 ***  

(0.04) 
Ln(Virtual income) 0.207 ***  

(0.012) 
Max temp 0.071 ***  

(0.007) 
Lawn needs 0.015 ***  

(0.002) 
Voluntary WR -0.022 ***  

(0.007) 
Mandatory WR -0.015   

(0.01) 
Uniform 0.187 ***  

(0.02) 
Lot size 0.084 **  

(0.035) 
Constant -1.15 *** 

(0.116) 
0.131  
(0.123) 

0.623 *** 
(0.121) 

-0.236 * 
(0.121) 

-0.647 *** 
(0.119) 

Class probabilities      

      

Constant  -3.157 *** 
(0.539) 

-4.631 *** 
(0.651) 

-1.998 *** 
(0.6) 

-0.779  
(0.654) 

Irrigate  1.644 *** 
(0.267) 

2.768 *** 
(0.331) 

0.554 * 
(0.311) 

0.423  
(0.312) 

Monthly income  -0.071 *** 
(0.023) 

-0.151 *** 
(0.034) 

-0.039 ** 
(0.02) 

-0.014  
(0.022) 

Household size  1.641 *** 
(0.213) 

1.823 *** 
(0.224) 

1.231 *** 
(0.218) 

0.541 ** 
(0.249) 

House area  0.583 *** 
(0.187) 

0.761 *** 
(0.226) 

0.494 ** 
(0.201) 

0.333  
(0.216) 

      

Class share 0.085 0.293 0.104 0.314 0.203 

LL 14195   

Unconditional price 
elasticity 

-0.31 *** 
(0.039) 

-0.29 *** 
(0.034) 

-0.296 *** 
(0.036) 

-0.291 *** 
(0.034) 

-0.3 *** 
(0.036) 

Unconditional income 
elasticity 

0.204 *** 
(0.011) 

0.191 ***  
(0.01) 

0.195 *** 
(0.01) 

0.191 *** 
(0.01) 

0.197 *** 
(0.01) 

Weighted average  price 
elasticity 

-0.294 *** 
(0.035) 

    

Weighted average 
income elasticity 

0.193 *** 
(0.01) 

    

Significance levels: 0.01***, 0.05**, 0.1*.  Cluster robust standard errors are in parentheses for all estimated 
parameters with the exception of unconditional price and income elasticities.  In that case, the numbers in 
parentheses represent the standard deviation of the elasticities simulated using the Krinsky-Robb procedure.  
The estimated coefficients of the monthly dummies and utility fixed effects are not reported here for brevity.   
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Regardless of the type of IV model used, RE or FE, the estimate of the LC-DCC 

model is closer than that of the base DCC price elasticity.  This suggests that when temporal 

correlation is structurally modeled, estimates of the reduced-form and structural approaches 

converge somewhat.  The degree to which they converge depends on whether the RE or FE 

model is assumed. 

7. Conclusions and future research 

Previous studies comparing structural and reduced-form approaches in water demand 

estimation have found differences in estimated price elasticities and, to a lesser extent, in 

estimated income elasticities.  However, a shortcoming of their comparisons is that only the 

reduced-form IV model accounted for the temporal correlation present between observations 

of each household.  Therefore, it is not clear whether the differences they found were driven 

by the difference in modeling approaches or the difference in how each model deals with 

unobserved heterogeneity.  To examine this question, I apply to the DCC model a LC 

framework which accounts for these correlations.  The aim of the proposed specification is 

thus to remove the differences across approaches in modeling temporal correlation among 

household observations. 

The results of this chapter suggest that the discrepancy in estimated price and income 

elasticities between approaches was at least partially attributable to the fact that the IV model 

accounts for the panel nature of the data while the DCC model does not.  The inclusion of 

temporal correlation among observations belonging to each household results in bridging the 

gap found between estimates of price and income elasticities across methods when a RE 

model represents the reduced-form approach.  Even when a FE model is employed, price 
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elasticity implied by the LC-DCC model is considerably closer to the reduced-form estimate 

as opposed to the base DCC model. 

A useful next step to this research would be to develop an extension of the DCC 

model which assumes that unobserved preference heterogeneity follows a continuous 

distribution instead of the discrete distribution assumed by the LC framework.  This is 

motivated by the fact that the RE model assumes a continuous distribution for unobserved 

heterogeneity so making the same assumption for the structural model will provide a more 

solid basis for comparison.  Alternatively, a reduced-form LC model could be constructed 

which would also assume that heterogeneity follows a discrete distribution and thus be more 

comparable with the LC-DCC specification.   
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CHAPTER 4 : THE EFFECT OF ODD-EVEN WATERING RESTRICTIONS ON 
HOUSEHOLD WATER DEMAND 

 
 
 

1. Introduction 

With the increasing scarcity in water resources, water utilities are adopting both 

supply-side enhancement and demand-side management (DSM) strategies.  Emphasis is 

increasingly placed on the latter primarily for two reasons.  First is the high cost of securing 

new water sources and supplies.  Second is the fact that peak demand occurs for only a few 

days or weeks during the summer.  To meet this demand, utilities would need to build costly 

additional capacity that would not be used during the rest of the year.  Consequently, 

encouraging consumers to reduce their water consumption especially during the peak 

summer months entails benefits not attainable by merely adding new water supplies (Gerston 

et al., 2002).   

Non-price demand-side management (DSM) strategies are frequently used by water 

utility managers to reduce water consumption.  Although economists argue that it is more 

economically efficient and cost-effective to use price as a means to promote water 

conservation, non-price measures and restrictions are popular instruments employed by water 

utilities (Olmstead and Stavins, 2007).52  Reasons cited for this are: (a) water is a basic 

necessity and should not be priced as an economic good; (b) water consumption has been 

shown to be price-inelastic, hence DSM strategies are ineffective for attaining water 

                                                
52 Empirical evidence for the superiority of the use of pricing for water use reduction has been found by Grafton 
and Ward (2008) for Sydney, Australia.  They find that the loss in Marshallian surplus from the imposition of 
quantitative restrictions is almost half the value of the average Sydney household’s water bill. 
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conservation53; and (c) using price measures is administratively difficult and politically 

unpopular (Renwick and Green, 2000; Olmstead and Stavins, 2007). 

Instead, various types of non-price DSM policies have been adopted.  Some take the 

form of public information and education programs while others include rebates for the 

installation of low water use fixtures.  Often, restrictions involve discouraging or prohibiting 

certain water-intensive activities such as car-washing and pool-filling.  Many non-price 

restrictions are targeted at curbing outdoor irrigation use in particular.  Landscape irrigation 

is the main driver behind peak summer water usage and the consequent strain placed on 

utilities’ infrastructure and capacity (Gerston et al., 2002).  In particular, Ozan and Alsharif 

(2013) find that pool ownership does not have a major influence on household water 

consumption and that outdoor water use is mostly accounted for by landscape irrigation.   

Alternating, odd-even restrictions (henceforth OER) are popular non-price DSM 

measures implemented for reducing outdoor water use.  This type of restriction is one where 

each house is allowed to irrigate on specific days of the week, often determined based on 

whether its address ends in an even or odd number.54  By limiting the amount of time 

households are allowed to water their lawns, this strategy aims to reduce overall water use.  

The implementation of OER may either be on a voluntary or mandatory basis. 

 However, as with other behavioral non-price DSM measures, OER may induce 

perverse effects.  Studies have found that adopting low-flow technologies may induce 

                                                
53  This is an erroneous assumption given the vast number of studies that have found a significant, negative 
price elasticity of demand.  Inelasticity of water demand only implies that the percentage decrease in demand is 
lower than the percentage increase in prices, not that demand is unresponsive to water prices. 
 
54 Usually, three days per week are allowed for each household, but could be two as was the case during several 
months in the Charlotte-Mecklenburg Utility in North Carolina, which is included in the dataset in this analysis. 
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consumer behaviors that at least partially offset the water savings caused by the more 

efficient appliances.  For example, empirical evidence has shown that low-flow showerheads 

may lead individuals to take longer showers and water-saving washing machines may induce 

more frequent clothes-washing  (Campbell et al., 2004; Olmstead and Stavins, 2007).  This is 

analogous to the rebound effect observed in household energy use.55 

Despite the frequent application of OERs, very little attention has been given to 

examining their effectiveness in terms of reducing water consumption.  Anecdotal evidence 

points to the fact that OERs work to increase water use (Gerston et al., 2002).  However, to 

my knowledge, only Castledine et al. (2014) and Viñoles, Moeltner and Stoddard (2015) 

have investigated the impact of more stringent OERs on water demand.56  They found that 

households that rigidly follow their prescribed irrigation schedules use more water than those 

who follow a more flexible watering schedule. 

The aim of this chapter is to assess the effectiveness of OERs, both voluntary and 

mandatory, on household water demand.  In particular, I investigate how residential water 

demand in six North Carolina municipalities responds to these restrictions during the period 

July 2006 – December 2008, using a household-level panel dataset.  The data are 

characterized by rich temporal and spatial variation as well as variability in implemented 

price and non-price DSM strategies.   

Since the data encompass nonlinear pricing schemes, this analysis uses models that 

account for the endogeneity issues arising from such structures.  To test the robustness of the 
                                                
55 For a review of the rebound effect, see Sorrell and Dimitropoulos (2008). 
 
56 Estimating the effect of OERs is not the main research question addressed by Viñoles et al. (2015), but is one 
of the covariates they control for. 
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results across econometric specifications, I employ both reduced-form and structural 

approaches.  On the reduced-form side, I estimate an instrumental variables (IV) model using 

a two stage least squares (2SLS) approach, into which I incorporate household and time fixed 

effects to control for unobservables.  For the structural approach, I use the latent class, 

discrete-continuous choice (LC-DCC) model developed in Chapter Two.   

Estimation results of the reduced-form models suggest that voluntary OERs are 

successful in reducing water demand by 2.7 – 5 percent while mandatory OERs have 

perverse effects and raise water use by 3.2 – 4.9 percent.  Results also suggest that mandatory 

OERs have larger perverse effects on water use among higher-income households and those 

with installed irrigation systems.  Voluntary OERs are found to also raise water use among 

higher income households but may be effective in reducing irrigation among average and 

lower income households. The results of the structural model suggest that OERs are mostly 

ineffective in reducing water demand. 

This chapter provides a significant contribution in that it examines the effect that 

mandatory and voluntary OERs have on water consumption while simultaneously 

incorporating prices and other non-price water use restrictions.  Thereby, this analysis 

represents an important extension to previous literature examining the effect of OERs.  

Castledine et al. (2014) and Viñoles et al. (2015) investigate these effects in Reno, Nevada 

for a short time span of a few months.  Compared with these papers, this analysis follows a 

different identification strategy and incorporates more spatial and temporal variability, which 

may potentially produce more widely applicable results.  
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This chapter is organized as follows. Section two reviews the literature about non-

price DSM tools in general and OERs in particular.  Section three reviews the econometric 

framework used in estimation while section four describes the data.  Section five presents a 

description of the model selection process and diagnostics.  Sections six and seven present 

model estimation results and robustness checks, respectively.  Finally, section eight 

concludes by suggesting policy implications and directions for future research. 

2. Literature review 

Several studies have examined the effects of non-price DSM policies on water 

demand.  With the diversity in the studies’ locations and the non-price restrictions they 

investigated, it is not surprising that their results have varied greatly.   

Several studies have found a significant impact of non-price DSM strategies on water 

demand.  Green and Archibald (1998) investigate the effects of the adoption of water-

efficient irrigation techniques as well as low-flow showerheads and toilets.  They find that 

these measures reduce water use significantly.  Renwick and Green (2000) examine the 

impacts of public information campaigns, distribution of free retrofit kits, water rationing as 

well as restrictions placed on outdoor, water-intensive activities.  Their findings suggest that 

these measures generated a significant reduction in water demand and that the effect of 

mandatory restrictions was much larger in magnitude than voluntary instruments.  Corral 

(1997) investigates the effects of an extensive array of non-price conservation measures in a 
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model that estimates discrete and continuous choices sequentially.57  The measures included 

the addition of information to the billing statement, distribution of flyers containing 

conservation measures, landscaping education provision, low-flow plumbing kits and rebates 

availability as well as quantitative voluntary and mandatory restrictions.  He concludes that 

landscaping education and mandatory water use restrictions were effective in reducing water 

consumption during a period of drought in the San Francisco Bay Area.  Bennear, Lee and 

Taylor (2013) examine the effectiveness of a high-efficiency toilet (HET) rebate program 

using a difference-in-difference approach.  They find that the installation of a HET is 

successful in reducing water consumption.  However, they find that the reduction attributable 

to the rebate program per se is limited compared to the overall effect. 

Other studies find that non-price DSM strategies may have a perverse effect on water 

use by inducing potential offsetting household behavior.  Campbell et al. (2004) examine the 

effect of several programs aimed at giving away water-efficient retrofit plumbing fixtures to 

households.  They find that the combined effect of all programs was a significant increase in 

water consumption.  Moreover, the offsetting behavior of increasing water use in the 

presence of water-saving technologies was present even in programs where consumers had to 

pick up the hardware.  Therefore, the results suggest that self-selection, intuitively perceived 

as a tendency towards water conservation, is not enough to overcome offsetting behavior.58  

Ozan and Alsharif (2013) run a simple comparative analysis to examine the effect of more 

                                                
57  The first step estimates the discrete choices represented by the proportion of households located in each price 
block using a multinomial logit model.  The second step uses the predicted shares in estimating the 
unconditional demand of the entire sample using maximum likelihood estimation (MLE). 
 
58 The authors do, however, find evidence that regulation mandating that all new and replacement fixtures meet 
low-flow criteria was successful in reducing household water use. 
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stringent water use restrictions, a transition from twice a week to once a week irrigation 

schedule in Tampa, Florida.  They find that this led to an increase in household water usage, 

more so among cited restriction violators than un-cited households.  The authors attributed 

this predominantly to a conflict between water usage laws and homeowners association rules, 

which require homeowners to maintain healthy-looking lawns.  Given that more stringent 

water use restrictions are enforced during times of drought, this is also when lawn watering 

requirements and water usage are higher. 

Gerston et al. (2002) empirically find that mandating OERs in several Texas cities 

had the effect of increasing water consumption.  They attributed this phenomenon to two 

factors.  The first was that some households did not correctly understand the law and thought 

they were required to water their lawns on their given days.  The other was the ‘seige 

mentality’ they found other consumers to have, in that they over-watered their landscapes on 

the days when they were allowed to. 

 Castledine et al. (2014) examine the effect of imposing watering day-of-week 

assignments on weekly peaks and water use.  Their dataset spans two months in the summer 

of 2008 then another two months in the summer of 2010.  In the earlier time period, 

households were assigned two watering days per week, a restriction that was relaxed to three 

days in 2010.  The authors use both the increase in allowed watering frequency and 

household noncompliance with assigned schedules as measures of flexibility, with emphasis 

on the latter.  They find that when households adhere to their assigned days, their weekly 

uses and peaks are considerably higher than when they follow a more flexible watering 
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schedule.59  They estimate that more rigid watering schedules lead to 20-25 percent higher 

weekly use and 30-40 percent higher weekly peaks.  The authors attribute this to two main 

reasons.  First, when irrigation is just permitted for a few days each week, a time gap is 

created during which the household may not water their lawn.  Consequently, they may over-

water as a safeguard against possible “dryness” during this gap, which may further lead to 

losses from evaporation and runoff.  Second, since the assigned days are predetermined and 

do not adjust to climatic conditions, households may be forced to water their lawns on days 

when water losses would be higher due to factors such as wind speed.  Using the 2008 

portion of the dataset used by Castledine et al. (2014), Viñoles, Moeltner and Stoddard 

(2015) also analyze the impact of watering day restrictions and reach similar conclusions.   

This chapter extends previous work and provides two main contributions. The first 

contribution pertains to the greater variability exhibited by the data employed in the analysis. 

Due to the short study periods and geographically-limited location, the data used by 

Castledine et al. (2014) and Viñoles et al. (2015) exhibit little variability in weather 

conditions (with the exception of wind speed) as well as no price variation.60   Conversely, 

the data used in this analysis are characterized by spatial and temporal variability and span a 

relatively longer time period.  A second extension of the work is in the definition of 

restriction “flexibility”.  Castledine et al. (2014) identify flexibility in watering patterns as 

proxied by households’ adherence to OERs.  The separation of OERs into voluntary and 

                                                
59 However, the authors find that higher watering frequencies unambiguously lead to higher water use levels. 
 
60 In the Castledine et al. (2014) paper, it is likely that prices changed between 2008 and 2010.  Despite the lack 
of price variability sufficient to distinguish price effects, household behavior may nonetheless be affected by 
price changes which would potentially generate biased results. 
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mandatory allows a more natural distinction to be made between flexible and rigid 

restrictions.  Moreover, from a policy standpoint the utility has more discretion over the 

nature of imposed OERs, voluntary or mandatory, compared to its ability to enforce 

compliance with its policies.   

3. Econometric framework 

In this chapter, I estimate a reduced-form, IV model to examine the impacts that 

OERs have on water consumption.  As a sensitivity check, I also estimate a structural, LC-

DCC model.  The IV specification is described in detail in Chapter Three while a detailed 

definition of the LC-DCC model is presented in Chapter Two.  Therefore, only a brief 

description is presented here and the reader is referred to these earlier chapters for a detailed 

review of the modeling framework. 

The demand function in both the reduced-form and structural models takes the log-

log form: 

 
lnwit = Zitδ +α ln pit + γ ln yit +ηi +θt + ε it                (6.1) 
 
 
Where Zit contains sociodemographic characteristics of household i in time t, p is 

marginal price, y is virtual income, ηi  represents fixed or random effects, andε it  is the 

model idiosyncratic error term.  The θt  term represents time fixed effects that differ across 

the reduced-form and structural models.  In the former, θt includes 29 dummy variables for 

each month in the period of study after dropping one.  In the latter, parsimony is an important 
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consideration so time fixed effects comprise eleven dummy variables representing month-of-

the-year. 

The reduced-form, IV specification is a 2SLS model that instruments for the 

endogenous, block-dependent marginal price.  The first stage regresses marginal prices on a 

set of instruments, and then the second stage regresses the logarithm of water use on 

predicted prices.  Instruments include the logarithms of fixed charges that are paid at zero 

consumption and marginal prices at different consumption levels.61  The choice of 

consumption levels as instruments is based on the maximum variation attainable through the 

block-pricing structures across utilities and over time.  The initial instruments chosen are at 

consumption levels (in ‘000 gallons) {2, 3, 5, 6, 7, 8, 9, 10, 11, 12, 13, 14, 15, 16, 17, 18, 20, 

22, 23}.  After running model diagnostics and testing the instruments for over-identification, 

some instruments are dropped.  More details will be provided in the model selection section 

below. 

The structural specification is a LC-DCC model which estimates the demand function 

under the assumption that the population is comprised of latent classes and each class is 

characterized by homogenous preferences.  Households are probabilistically assigned to each 

class based on their observable features.  Class probabilities are therefore specified as 

functions of household characteristics, whose parameters are estimated along with the 

structural parameters of the demand function.  The final log-likelihood function takes the 

form: 

                                                
61 This approach is used by Olmstead (2009) and is done to unify the number of instruments across utilities 
while exploiting the full variation in pricing structures. 
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where Φ is the standard normal cumulative distribution function  

K is the total number of blocks 

N is the total number of observations 

T is the total number of time periods 

v =η + ε  pk = (lnwk − lnwk
*(.)) /ση  ρ = corr(v,η) =ση /σ v  

rk = (pk − ρsk ) / 1− ρ 2
 sk = (lnwi − lnwk

*(.)) /σ v   

mk = (lnwk − lnwk+1
* (.)) /ση   uk = (lnwi − lnwk ) /σε   

nk = (mk−1 − ρsk ) / 1− ρ
2  

 

For the purposes of this chapter, the structural model suffers from two drawbacks.  

One major limitation of the model is its inability to account for the non-zero probability of 

multiple optimal solutions associated with decreasing block pricing (DBP).  This restricts the 

data which may be used to uniform pricing (UP) and increasing block pricing (IBP) 

structures.  Furthermore, higher numbers of classes entail increasing numbers of parameters 

to estimate.  Since the model is estimated using maximum likelihood (ML), parsimony is an 



 

87 
 

important consideration which constrains the feasible number of variables that may be 

incorporated into the analysis.   

Conversely, the IV model does not suffer from these restrictions and can account for 

DBP structures.  Moreover, the reduced-form approach provides greater flexibility in the 

inclusion of more variables such as interaction effects.  Despite possessing some limitations 

pertaining to price elasticity estimation, the IV model suffices for the purposes of this 

analysis.62  Olmstead (2009) conducts a Monte Carlo experiment and finds that the IV model 

produces smaller bias, on average, for parameters other than price elasticity.  Since the 

primary objective of this chapter is examining the effect of alternating watering day 

restrictions and not the estimation of price elasticity, the IV model may be preferable.  

4. Data 

The dataset comprises a monthly panel of household-level data spanning 30 

consecutive months from July 2006 to December 2008 in six municipalities throughout North 

Carolina; Chapel Hill (OWASA), High Point (HP), Charlotte-Mecklenburg (CMU), 

Hendersonville (HEND), Greenville (GUC) and Fayetteville (FAY).  Included in the data are 

household-level billing, water use, demographic, and survey response data63 as well as 

variables capturing utility-level weather conditions and price and non-price DSM policies.   

                                                
62 Limitations of the IV approach include the inability to account for block-switching, estimating only 
conditional price elasticity (whereby the households are restricted to remain in the same consumption block) 
and issues with allocation of households at or near kink points to the correct marginal price (Olmstead, 2009). 
 
63 Survey questions solicit respondents’ irrigation habits and equipment, attitudes towards conservation and 
different DSM policies as well as demographic information. 
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The models described in the previous section are estimated using two subsets of the 

data.  The first dataset includes households facing only uniform pricing (UP) or increasing 

block pricing (IBP) structures and are similar to those used in Chapters Two and Three.  As 

previously mentioned, the structural LC-DCC model developed in Chapter Two is 

incompatible with DBP structures, which precludes the inclusion of households that face 

decreasing prices.  This entails removing high-end users in HEND, HP and GUC where DBP 

schemes were in effect for at least some duration within the period of study, as well as most 

households in CMU.64  The decreasing nature of the pricing structures was imposed either by 

the presence of sewer caps or by decreasing marginal prices of indoor water use as higher 

levels of consumption are reached.65  More details about the criteria by which these 

households were dropped are presented in Chapter Two.  Sections 6 and 7 report the results 

of estimating the LC-DCC model along with several reduced-form models using this dataset.  

Since the exclusion of high-end users in some utilities may introduce sample selection bias 

into the results, Section 7 further relaxes the data restrictions and estimates reduced-form 

models using the entire dataset.   

The variables included in the models are similar to those used in previous chapters 

with a few exceptions related to non-price DSM policies, weather conditions, and the 

presence of irrigation systems.  Non-price DSM measures are broken down into more 

                                                
64 High users are defined as those whose consumption in any month represents 50-60 percent of the upper 
bound of the first block, i.e., any household which may reasonably consume in the second block or higher.  The 
objective is to retain only households for whom the price structure is effectively uniform over feasible 
consumption levels. 
 
65 More than 300 households from CMU were removed since they had a sewer cap which created a price 
structure that was a combination of DBP and IBP.  From the remaining utilities, 110 were removed either due to 
DBPs or sewer caps. 



 

89 
 

detailed categories to assess the impact that each has on water use.  Data for these measures 

were compiled by the Environmental Finance Center (EFC) at the University of North 

Carolina (UNC) at Chapel Hill and verified by the utilities.  Even though there is 

considerable heterogeneity among utilities in defining the stages of water shortage, general 

guidelines for the stages of water conservation can be deduced.  There are four broadly 

defined stages that represent increasing levels of severity starting at stage one which includes 

measures such as limiting lawn watering and car-washing and ending with stage four that 

includes the most stringent restrictions such as banning the use of drinking water for 

purposes other than maintaining public health, safety and wellbeing.  Whereas the first stage 

is voluntary, the other stages are mandatory and involve fines to violators (North Carolina 

Department of Environment and Natural Resources, 2013).   

During the period of study, no stage four restrictions were implemented.  However, 

some or all of stages one to three were implemented in each of the utilities at one period or 

another.  The imposition of different stages in the six utilities is displayed in Table A.1.  All 

utilities, with the exception of GUC and HP, had at some point enforced mandatory 

restrictions during one or more months.66, 67  OERs were implemented either on a voluntary 

or a mandatory basis.  OWASA and HP applied this DSM tool as a voluntary measure, 

though it was only implemented for one month in the former.  After the 2002 drought, FAY 

implemented a seasonal, mandatory OER that ran every year from May 1st to September 30th 

                                                
66 HP imposed stage 2 restrictions for 9 days in October 2007.  However, in this study this was not deemed a 
significant enough period to take into consideration. 
 
67 Wichman, Taylor and von Haefen (2016), who also use this dataset, differentiate non-price DSM policies 
into voluntary and mandatory.  In this analysis, a more detailed breakdown of these policies is allowed. 
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and this restriction continued throughout the period of study.  CMU also implemented a 

mandatory OER for one month during the drought and then for the last three months of the 

period of study.  The variables included in the study are five dummy variables representing 

stages one to three as well as mandatory and voluntary OERs.   

For weather, an additional variable is introduced to reflect the drought conditions that 

occurred during part of the study period.  The North Carolina Drought Management 

Advisory Council produces a weekly categorical index depicting the conditions facing each 

county that takes on values of D0 to D4. A value of D0 represents the situation of abnormally 

dry while values of D1 to D4 indicate conditions of moderate, severe, extreme and 

exceptional drought, respectively.  I construct a dummy variable that takes a value of one if 

the index takes values of Di {i = 1,…,4}, i.e. drought conditions are moderate to exceptional. 

Finally, a dummy variable is introduced to represent whether the household has an 

installed automatic irrigation system.  Since automatic systems are often operated by timers 

or weather sensors, they would not respond to policies without manual intervention.  On the 

other hand, they often entail heavier irrigation water use and hence may prompt households 

to respond to DSM measures.  Metered irrigators in particular may induce behavioral 

household changes for two reasons.68  One is that irrigation water use is metered separately 

which allows a household to better monitor their outdoor water usage, which could 

potentially lead to more water conservation.  The second reason, which may have the 

opposite effect, is that marginal prices for outdoor water use are lower than the combined 

water and sewer marginal prices of indoor use.  Thus, water use by metered irrigators is 

                                                
68 Wichman et al. (2016) do not incorporate households with metered irrigation systems in their analysis. 
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effectively less expensive that non-metered systems, which may encourage heavier irrigation.  

Accounting for the presence of either irrigation system type is hence important for assessing 

the effects of different DSM policies. 

 Summary statistics of the variables included in estimation for the restricted dataset 

comprising 1,368 households are reported in Chapter Two, Table 2.2.  For the full dataset 

which includes 1,811 households, summary statistics are reported below in Table 4.1.  Figure 

4.1 shows monthly mean consumption of indoor and outdoor water use for households with 

metered irrigation systems (2,517 observations of household-month pairs), where the two 

sources of use could be distinguished via their separate meters.  It confirms the empirical 

observation that outdoor water use during the summer months represents the larger share of 

household water consumption.  As expected, irrigation use is seasonal while indoor water 

use, which is mostly non-discretionary in nature, is more or less constant throughout the year.  

The exception is a slight peak of indoor water use in the summer of 2008. 

 

 
Figure 4.1: Monthly mean of household indoor and outdoor water use 
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Table 4.1: Summary statistics 
Variable Description Mean Std 
volume Water consumption ('000 gallons) 5.70 5.00 
base Fixed charges ($) 10.40 5.80 
mpu Uniform water marginal price ($/kgal) 7.20 2.00 
mp1 Marginal price in block 1 ($/kgal) 5.80 1.60 
mp2 Marginal price in block 2 ($/kgal) 6.00 2.30 
mp3 Marginal price in block 3 ($/kgal) 5.70 2.90 
mp4 Marginal price in block 4 ($/kgal) 8.20 3.80 
mp5 Marginal price in block 5 ($/kgal) 19.7 14.40 
b1 Upper boundary of block 1 ('000 gallons) 16.80 13.30 
b2 Upper boundary of block 2 ('000 gallons) 186 257 
b3 Upper boundary of block 3 ('000 gallons) 863 1,169 
b4 Upper boundary of block 4 ('000 gallons) 16.60 1.10 
inc Monthly income (‘000$) 10.42 7.31 
virt1 Virtual income in block 1 ($) 10.41 7.31 
virt2 Virtual income in block 2 ($) 10.16 7.03 
virt3 Virtual income in block 3 ($) 10.53 7.39 
virt4 Virtual income in block 4 ($) 11.25 7.93 
virt5 Virtual income in block 5 ($) 14.12 9.43 
temp Monthly average of daily maximum temperature (°C) 22.20 7.80 
Lawn needs ET - 0.5 * rain (in.) 2.50 2.20 
Stage1  = 1 if stage 1 restrictions in effect 0.20 0.40 
Stage2  = 1 if stage 2 restrictions in effect 0.14 0.35 
Stage3  = 1 if stage 3 restrictions in effect 0.04 0.20 
Oddeven_m  = 1 if mandatory OER in effect 0.21 0.41 
Oddeven_v  = 1 if voluntary OER in effect 0.04 0.19 
owasa Utility fixed effect 0.13 0.34 
guc Utility fixed effect 0.13 0.34 
hend Utility fixed effect 0.13 0.34 
cmu Utility fixed effect 0.20 0.40 
hp Utility fixed effect 0.17 0.37 
Irrigate  = 1 if hh has irrigation system 0.18 0.38 
Uniform = 1 if uniform pricing 0.10 0.30 
House area House size ('000 sqft) 2.55 0.87 
Household size Members in hh 2.53 1.17 
Lot size Lot size (acres) 0.57 0.28 
Drought  = 1 if drought > 1 2.09 1.82 
Irrigation  = 1 if metered irrigation system 0.11 0.31 
High-inc  = 1 if hh in top income quintile 0.19 0.40 
Observations 53,217   
Households 1,811   
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5. Model Selection 

For the structural LC-DCC model, model selection entails identifying the number of 

classes that best fits the model.  Consequently, I sequentially increment the number of classes 

by one and compute the Bayesian Information Criterion (BIC) to determine the number 

which provides the lowest BIC value.  For this analysis, the four-class model provides the 

best fit.  The covariance matrix of the estimated coefficients is estimated numerically using 

the “sandwich” formula, H
−1(s 's)H−1

 , where H is the Hessian matrix and s = sht
v

t∑   where   

sht
v

 is the likelihood gradient evaluated for the parameter v at observation ht for household h.   

Determining the reduced-form IV model that best fits the data requires deciding 

between a RE and a FE model as well as identifying the most appropriate instruments to use.  

A Hausman test is run to test the null hypothesis of consistency in the RE model using the 

xtivreg command in Stata 14.  Since the test strongly rejects the null, a FE model is estimated 

using the xtivreg2 command (Schaffer, 2010).  Estimation is done using robust standard 

errors that account for heteroscedasticity and are clustered at the household level. 

Some diagnostic tests are then conducted to verify endogeneity and identify the 

instruments.  The endogeneity of the marginal price is examined and the null hypothesis of 

exogeneity is rejected.  Since household income data is time-invariant in the dataset, income 

is not included as a covariate in the model.  Even though virtual income varies with changes 

in the Taylor-Nordin difference variable (Taylor, 1975; Nordin, 1976), this very slight 

variation leads to a negative and insignificant estimate for income (-8.71, standard deviation 

= 34.42).  Furthermore, the inclusion of income does not lead to a significant improvement in 
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model fit, as measured by R-squared, nor does it meaningfully change the implications of the 

rest of the estimated coefficients or their magnitudes. 

Furthermore, tests of overidentifying restrictions, weak- and under-identification are 

run to verify the soundness of the instruments and model.69  The final instruments used are 

the log of the fixed charges paid at zero consumption as well as marginal prices that prevail 

at consumption levels equal to: 2, 5, 6, and 16 thousand gallons.70 

6. Estimation Results 

6.1. The reduced-form IV model 

Table 4.2. presents the key estimated coefficients of estimating two specifications of 

the reduced-form FE IV model using data that only include UP and IBP structures.71  The full 

results are reported in Table A.8.  The base model (Model 1) contains only price and non-

price DSM variables as well as three weather variables representing maximum temperature, 

lawn watering requirements, and the drought variable defined above. The estimated 

conditional price elasticity, -0.53, is significant and has a plausible negative sign.  Maximum 

temperature is surprisingly insignificant, but lawn watering requirements have a positive, 

significant effect on water demand, which may be absorbing the effect of temperature.  

Households facing UP rates seem to use more water on average than those facing increasing 

marginal prices. 
                                                
69 For more details on the diagnostic tests for the IV model, see Chapter Three. 
 
70 These instruments are chosen for Section 6.1.  Whenever the data or price variable are changed in 
subsequently estimated models, the same diagnostic tests are run and the appropriate instruments are used. 
 
71 The models estimated here were also estimated using lagged marginal prices to verify robustness.  The 
results of using lagged marginal prices provide the same implications with regard to non-price DSM measures 
as those presented here.  Consequently, these results are not reported but are available upon request. 
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The estimated coefficients of non-price DSM measures reveal heterogeneity in the 

impact they have on water use.  The results suggest that voluntary OERs have the intended 

effect of reducing water use by 5 percent, while mandatory OERs have a positive but 

insignificant effect.  Voluntary stage 1 restrictions increase water consumption while 

mandatory stage 3 restrictions significantly reduce demand (see Table A.8). 

Better understanding the effects of OERs requires interacting these policies with 

household characteristics that may correlate with demand responsiveness.  The results of 

Chapter Two suggest that higher-income households may be less price-responsive but more 

likely to abide by voluntary non-price water use restrictions.  Furthermore, the presence of a 

metered irrigation system may allow the household to more closely monitor their outdoor 

water use and be more responsive to DSM policies.  Conversely, a household with an 

automatic irrigation system, metered or non-metered, may not pay any attention to their 

levels of water use.  Consequently, a priori the effects of irrigation systems on responses to 

OERs could go in either direction.   

Model 2 includes, in addition to the variables in the base model, several two-way 

interaction effects where OERs are interacted with household characteristics and drought 

conditions.  The model also includes three-way interactions between irrigation systems, 

drought, and the implementation of OER policies to examine the heterogeneous response of 

households with irrigation systems to mandatory OERs during periods of drought.  Voluntary 
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OERs were only implemented during times of drought so no interaction effects involving 

both variables are included.72 

 

Table 4.2: Estimation results of the reduced-form FE IV model with marginal prices, UP and 
IBP structures 

Variable Model 1 
Base FE  
 

 Model 2 
FE w/ 
interactions 

 No. of hh 
affected 
(%) 

Ln(MP) -0.532*** 
(0.104) 

 -0.498*** 
(0.099) 

  

Odd/even_M 0.017 
(0.017) 

0.017 -0.065*** 
(0.020) 

-0.063*** 467 
(34%) 

Odd/even_V -0.051*** 
(0.017) 

-0.050*** -0.040** 
(0.016) 

-0.039** 492 
(36%) 

High-inc * 
Odd/even_M 

  0.070 
(0.053) 

0.073 33 
(2.4%) 

High-inc * 
Odd/even_V 

  0.066** 
(0.029) 

0.068** 137 
(10%) 

Irrigation * 
Odd/even_M 

  0.182*** 
(0.040) 

0.200*** 68 

Irrigation * 
Odd/even_V 

  -0.147** 
(0.061) 

-0.137** 41 

Drought * 
Odd/even_M 

  0.091*** 
(0.017) 

0.095*** 467 
(34%) 

Drought * Irrigation * 
Odd/even_M 

  -0.06 
(0.05) 

-0.058 68 

Significance levels: 0.01***, 0.05**, 0.1*.  Cluster robust standard errors are in parentheses for all estimated 
parameters.  The estimated models include weather variables, other non-price water use restrictions, a dummy 
variable for weather the household faces a UP structure, as well as 29 monthly fixed effects (after dropping July 
2006), which are not reported here for brevity.  Coefficients of dummy variables are adjusted by 
coefadj = exp(coefest )−1 to enable interpretation of coefficients as elasticities (Halvorsen and Palmquist, 
1980). 
 
 
 

To examine the income effect, I interact a dummy variable indicating whether 

household income is in the top quintile of the sample with the watering restrictions.73  

                                                
72 Three-way interaction effects between odd-even restrictions, metered irrigators and income levels were also 
included but are mostly insignificant and therefore dropped.  The number of households where the interaction 
effects occur (dummy variable equals one) are very small, usually less than five, so results using these 
interaction effects would be highly questionable. 
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Another dummy variable is included to indicate whether a household has an automatic 

irrigation system.  The number of households with irrigation systems are 131, representing 

only 9.6 percent of the sample.  Given the relatively small percentage of households with 

irrigation systems in the sample, Section 7 reports the results of estimating the models after 

dropping them.   

The inclusion of interaction effects in Model 2 sheds light on heterogeneous 

household behavior based on their characteristics.  The results suggest that voluntary OERs 

lead to higher levels of water use among higher-income households compared to remaining 

households while mandatory OERs do not have a differential effect on households based on 

their income levels.   

Remaining interactive effects suggest that for households with automatic irrigators, 

mandatory OERs raise water use while voluntary OERs reduce it.  The differential impact of 

mandatory and voluntary restrictions may be due to the higher perceived flexibility afforded 

by the latter.  Households may restrict their outdoor water use to two or three days during the 

implementation of voluntary OERs, but may not adhere rigidly to the specific days they are 

assigned if their lawns do not require irrigation on those days.  Since households are not 

prohibited from watering their lawns on any day, they are not risking “dry” spells by 

forgoing irrigation on assigned days.  Conversely, in the presence of mandatory OERs, 

households may engage in offsetting behaviors by over-irrigating their lawns on allotted 

days.  Castledine et al. (2014) argue that forcing households to irrigate on certain days may 

                                                                                                                                                  
73 Additional variables interacting odd-even restrictions with lowest income quintile dummy variables were 
also included but both were insignificant and therefore were dropped. 
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induce them to over-water on their assigned days as a precaution against possible dryness 

during the rest of the week.  This is confirmed by the positive effect mandatory OERs have 

on water use during times of drought (see Table 4.2). 

An argument against households with irrigation systems responding to alternating day 

irrigation policies could be made on the basis that these irrigators automatically turn on or off 

with no intervention from the owner.  Furthermore, survey responses indicate that 60 percent 

of metered irrigators and 41 percent of non-metered irrigators in the sample have rain sensors 

or gauges, indicating that their operation may be dictated more by weather conditions than by 

DSM policies. However, the results of the survey also reveal that 35 percent of households 

with metered irrigators and 25 percent of those with non-metered irrigators additionally use 

other methods of irrigation such as rain barrels or cisterns, soak hoses or hand-watering using 

watering cans or garden hoses.  These irrigation methods require deliberate action on the part 

of the household and therefore may partially explain the difference in water usage during 

implementation of OERs.   

For remaining households with average- or lower- incomes and no automatic 

irrigation system, mandatory and voluntary OER measures are effective in reducing water 

use by 6.3 percent and 3.9 percent, respectively, in the absence of a drought.  One caveat 

with the results is that the percentage of the sample relevant in some of the interaction effects 

is quite small.  Therefore, the results may be more suitable to provide an overall picture 

rather than to give accurate elasticity estimates. 
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6.2. The structural LC-DCC model 

Table A.9 reports the results of estimating the structural LC-DCC model.  The signs 

of income and price estimated coefficients are plausibly signed and significant.  All 

significant estimated coefficients for stage 1 – 3 restrictions are negative.  However, none of 

the estimated coefficients of OERs are significant.  These results suggest that OERs do not 

achieve their goal of curbing water use. Due to the restrictions of including more variables in 

the model, it is difficult to incorporate interaction effects.  While the structural results are not 

identical to those of the reduced-form model regarding voluntary OERs, the general 

implications regarding mandatory OERs are similar: they are not effective as means to 

incentivize water conservation.   

 

7. Sensitivity checks  

In this section, I run sensitivity checks to verify the robustness of the results.   

7.1. Estimation using average prices 

 The issue of which prices consumers respond to has been an ongoing debate in the 

literature.  Several studies have found average price to be more influential in driving 

consumer demand (Borenstein, 2009; Ito 2011; Ito, 2013), while others have found marginal 

price more effective (Nataraj and Hanemann, 2011; Baerenklau et al., 2014).  As a robustness 

check, I run the reduced-form FE models displayed in Table 4.2 using average, rather than 

marginal, prices.  The results of the estimation are reported in Table 4.3. 

The use of average prices does not generally lead to different implications regarding 

the impact of OERs, with the exception of the non-multiplicative mandatory OER 
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coefficient.  In Model 1, the estimated coefficient is positive and significant but negative and 

insignificant in Model 2.  Compared to results using marginal prices, the significance across 

models for this coefficient is reversed.  The average effects of OERs, as suggested by Model 

1, is that voluntary OERs lead to a reduction of water demand by 4.6 percent, while 

mandatory OERs lead to an increase of 4.9 percent. 

 

Table 4.3: Estimation results of the reduced-form FE IV model with average prices, UP and 
IBP structures 

Variable Model 1 
Base FE  

Adjusted 
coefficient 

Model 2 
FE w/ 
interactions 

Adjusted 
coefficient 

No. of 
hh 
affected 
(%) 

Ln(AP) -0.435*** 
(0.127) 

 -0.442*** 
(0.118) 

  

Odd/even_M 0.048*** 
(0.014) 

0.049*** -0.014 
(0.015) 

-0.014 467 
(34%) 

Odd/even_V -0.048*** 
(0.014) 

-0.046*** -0.043*** 
(0.013) 

-0.042*** 492 
(36%) 

High-inc * 
Odd/even_M 

  0.056 
(0.0451) 

0.057 33 
(2.4%) 

High-inc * 
Odd/even_V 

  0.06** 
(0.023) 

0.061** 137 
(10%) 

Irrigation * 
Odd/even_M 

  0.171*** 
(0.035) 

0.186*** 68 
(5%) 

Irrigation * 
Odd/even_V 

  -0.111** 
(0.05) 

-0.105** 41 
(3%) 

Drought * 
Odd/even_M 

  0.052*** 
(0.015) 

0.053*** 467 
(34%) 

Drought * 
Irrigation * 
Odd/even_M 

  -0.025 
(0.041) 

-0.025 68 
(5%) 

Significance levels: 0.01***, 0.05**, 0.1*.  Cluster robust standard errors are in parentheses for all estimated 
parameters.  The estimated models include weather variables, other non-price water use restrictions, a dummy 
variable for weather the household faces a UP structure, as well as 29 monthly fixed effects (after dropping July 
2006), which are not reported here for brevity.  Coefficients of dummy variables are adjusted by 
coefadj = exp(coefest )−1 to enable interpretation of coefficients as elasticities (Halvorsen and Palmquist, 
1980). 
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7.2. Estimation using all price structures 

As previously mentioned, the data used in section 6.1 was restricted to uniform and 

increasing marginal prices since the structural model is unsuitable for estimation in the 

presence of decreasing marginal prices.  In this section, I estimate the reduced-form IV 

models previously defined (Models 1 and 2) using the entire dataset by incorporating DBP 

observations as well.   

 

Table 4.4: Estimation results of the FE IV models with marginal prices using the full dataset 

Variable Model 1 
Base FE  

Adjusted 
coefficient 

Model 2 
FE w/ 
interactions 

Adjusted 
coefficient 

No. of 
hh 
affected 
(%) 

Ln(MP) -0.726*** 
(0.086) 

 -0.686*** 
(0.083) 

  

Odd/even_M 0.031** 
(0.014) 

0.032** -0.048*** 
(0.017) 

-0.047*** 800  
(44%) 

Odd/even_V -0.040*** 
(0.016) 

-0.039*** -0.03* 
(0.016) 

-0.029* 528  
(29%) 

Odd/even_M 
* High-inc 

  0.07** 
(0.031) 

0.071** 112 
(6.2%) 

Odd/even_V 
* High-inc 

  0.058** 
(0.027) 

0.060** 148 
(8.2%) 

Odd/even_M 
* Irrigation  

  0.170*** 
(0.037) 

0.185*** 118 
(6.5%) 

Odd/even_V 
* Irrigation 

  -0.142*** 
(0.052) 

-0.132*** 48 
(2.7%) 

Odd/even_M 
* Drought  

  0.074*** 
(0.015) 

0.077*** 22 
(1.2%) 

Odd/even_M 
* Drought * 
Irrigation 

  -0.041 
(0.039) 

-0.040 118 
(6.5%) 

Significance levels: 0.01***, 0.05**, 0.1*.  Cluster robust standard errors are in parentheses for all estimated 
parameters.  The estimated models include weather variables, other non-price water use restrictions, a dummy 
variable for weather the household faces a UP structure, as well as 29 monthly fixed effects (after dropping July 
2006), which are not reported here for brevity.  Coefficients of dummy variables are adjusted by 
coefadj = exp(coefest )−1 to enable interpretation of coefficients as elasticities (Halvorsen and Palmquist, 
1980). 
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In this dataset, 218 households have automatic irrigation systems (12 percent of the 

sample), 91 of which are metered and 127 non-metered.  Results of the main coefficients’ 

estimates are displayed in Table 4.3, while Table A.10 reports the full estimation results.  

The results of Table 4.2 are robust to the expansion of the data to include all types of price 

structures, though the average effects implied by Model 1 are slightly lower.74  For the full 

dataset, results imply that voluntary OERs lead to a 3.9 percent reduction in water use and 

mandatory restrictions lead to a 3.2 percent increase.   

7.3. Estimation after dropping households with irrigation systems 

In this section, I run a robustness check of the effect of OERs after dropping 

households with irrigation systems.  With North Carolina state law now requiring the 

presence of separate meters to measure irrigation water use on any lands plotted after July 1, 

2009 (Orange Water and Sewer Authority, 2015), assessing household behavior in the 

presence of irrigation systems is important.  However, households with irrigators represent 

only 12 percent of the sample and for at least some of them, the owner may have the 

irrigation system installed then not take any subsequent actions regarding when to manually 

turn it on or off.  Consequently, results may not accurately represent household decisions 

regarding non-price DSM policies.  Table 4.5 reports the results of estimating the models 

after dropping households with installed automatic irrigation systems. 

 

 

                                                
74 Table A12 reports estimation results using the full dataset and average prices.  The results are consistent with 
those implied by using the dataset restricted to uniform and increasing marginal price schedules. 
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Table 4.5: Estimation results of the FE IV models with no installed irrigation systems 

Variable Model 1 
Base FE  

Adjusted 
coefficient 

Model 2 
FE w/ 
interactions  

Adjusted 
coefficient 

No. of hh 
affected 
(%) 

Ln(MP) -0.133* 
(0.076) 

 -0.134* 
(0.076) 

  

Odd/even_M 0.043*** 
(0.013) 

0.044*** 0.017 
(0.016) 

0.017 682 
(42%) 

Odd/even_V -0.027* 
(0.015) 

-0.027* -0.031** 
(0.015) 

-0.031** 480  
(30%) 

Odd/even_M * 
High-inc 

  0.02 
(0.031) 

0.020 75  
(5%) 

Odd/even_V * 
High-inc 

  0.0451* 
(0.024) 

0.046* 
 

128 
(8%) 

Odd/even_M* 
Drought  

  0.036** 
(0.014) 

0.037** 682  
(42%) 

Significance levels: 0.01***, 0.05**, 0.1*.  Cluster robust standard errors are in parentheses for all estimated 
parameters.  The estimated models include weather variables, other non-price water use restrictions, a dummy 
variable for weather the household faces a UP structure, as well as 29 monthly fixed effects (after dropping July 
2006), which are not reported here for brevity.  Coefficients of dummy variables are adjusted by 
coefadj = exp(coefest )−1 to enable interpretation of coefficients as elasticities (Halvorsen and Palmquist, 
1980). 
 

 

Conditional price elasticity is lower when households with irrigators are dropped. 75  

Model 1 estimation results suggest that the average effect of voluntary OERs is to reduce 

water use by 2.7 percent while mandatory OERs raise demand by 4.4 percent.  As with the 

full dataset, voluntary OERs have a significant, negative impact on water use for lower and 

average income households with no irrigation systems.  For higher-income households, the 

effect of voluntary OERs is to raise water use.  During times of drought, mandatory OER 

policies have a positive significant impact on water demand, whereas they have no 
                                                
75 A potential reason could be that outdoor water use, being more discretionary, is more variable than indoor 
use.  Mansur and Olmstead (2007) note that outdoor water uses are more elastic than indoor uses.   A reasonable 
assumption is that outdoor use accounts for a higher percentage of overall usage among households with 
automatic irrigators.  In the presence of price endogeneity, higher variability in consumption would lead to 
higher variability in marginal prices, potentially leading to a higher estimated elasticity. However, given that 
there is not enough information in this dataset to distinguish indoor and outdoor water use for any households 
without a separate meter for the latter, it would be difficult to make this assertion.   
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significant effect during normal weather conditions.  The remaining interactive effects 

confirm findings of the full dataset: OERs lead to higher levels of water use among higher-

income households even in the absence of irrigation systems.  

7.4. Average effects 

Estimation of reduced-form IV models in the previous sections suggest that 

voluntary OERs are successful in reducing water demand by 2.7 – 5 percent while mandatory 

OERs have a perverse effect and raise water use by 3.2 – 4.9 percent.  Estimated interaction 

effects coefficients imply OER impacts are heterogeneous and depend on household 

characteristics as well as weather conditions.  Using the full dataset and marginal prices, I 

estimate the effect of OERs disaggregated by household characteristics and whether a 

drought is in effect.  The results are displayed in Table 4.6. 

 

Table 4.6: Estimation results of the FE IV models with no installed irrigation systems 

 Voluntary OER Mandatory OER 
 Drought a No Drought Drought 
    
High-income, no 
irrigation system 

0.02 
(0.03) 

0.03 
(0.06) 

0.08*** 
(0.03) 

High-income, irrigation 
system 

-0.11 
(0.10) 

0.17 ** 
(0.09) 

0.23 *** 
(0.00) 

Lower & average 
income, no irrigation 
system 

-0.033 
(0.041) 

-0.04 
(0.04) 

0.02 
(0.02) 

Lower & average 
income, irrigation 
system 

-0.17* 
(0.10) 

0.11 
(0.09) 

0.17*** 
(0.06) 

* Standard errors in parentheses are calculated from a parametric bootstrap using 400 draws (Krinsky and Robb, 
1986).   

a Voluntary OERs were only implemented during periods of drought. 
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The results suggest that voluntary OERs significantly reduce water use among 

average- and lower-income households with irrigation systems by 17 percent.  Conversely, 

mandatory OERs have a strong perverse effect on water use, especially during droughts and 

among households with irrigation systems (increase of 8 - 23 percent).   

8. Conclusions  

This chapter examines the effect of imposing voluntary and mandatory OERs on 

household water demand.  I estimate reduced-form, IV models using marginal and average 

prices to verify the robustness of the results.  As a further sensitivity check, I also estimate a 

structural LC-DCC model using marginal prices.  Overall, the results suggest a differential 

impact of OERs depending on whether they are voluntary or mandatory.  Furthermore, their 

impacts are not homogenous across sampled households and differ based on both income 

levels and the presence of an automatic irrigation system.   

The results of the reduced-form models suggest that voluntary OERs have an overall 

effect of reducing water demand by 2.7 – 5 percent while mandatory OERs have a perverse 

effect and raise water use by 3.2 – 4.9 percent.  The differential impacts of both types of 

OERs may be explained by the higher flexibility afforded to households by voluntary 

restrictions.  By acting as a signaling mechanism to households regarding water shortages 

and the need for conservation, voluntary OERs simultaneously provide households with the 

ability to monitor their lawns’ watering requirements as well as weather conditions.  Their 

response may therefore be to reduce their water demand, only irrigate lawns when absolutely 

necessary and choose irrigation days and times that minimize water losses.  Conversely, by 

forcing households to irrigate on certain days, mandatory OERs may induce offsetting 
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behavior among households who may feel the need to “grab the chance” when they can and 

over-water their yards.  Moreover, assigned days do not accommodate weather conditions 

and may coincide with temperatures and wind speeds that lead to more runoff, evaporation 

and thus water loss. 

The estimated coefficients of interaction effects allow the deduction of general 

implications regarding heterogeneous effects of OERs on households.  First, mandatory 

OERs work to increase water demand during times of drought and among higher-income 

households as well as households with installed irrigation systems.  During normal weather 

conditions among lower and average income households, different modeling assumptions 

and data imply that they are either ineffective or they may be effective in reducing demand 

by up to 4.8 percent.  Since the target consumer of policy implementation, the heavy water-

user, is mostly represented by the higher-income group with irrigation systems, mandatory 

OERs may be better replaced by other price and non-price DSM policies.  

Voluntary OERs also lead to higher water demand among higher-income households.  

However, for households with metered irrigators and for lower and average income 

households, the results suggest that they are effective at leading to water conservation.  Since 

voluntary OERs were only implemented during times of drought in this analysis, and with 

the potential increase in the percentage of households with metered irrigators, voluntary 

alternating day water restrictions may be an effective policy among households with average 

incomes. 

One limitation of the data used in this analysis is that the number of households 

relevant to gauge some interaction effects is small, especially those involving the presence of 
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automatic irrigation systems.  Consequently, while the general policy recommendation is to 

avoid the use of mandatory OERs, especially during periods of drought, the elasticity 

estimates for their effect on households with irrigators should be taken with caution.   

Useful extensions to this analysis would be to use data that incorporates households 

with more heterogeneous income levels to better identify how each group responds to non-

price DSM measures.  Also, the inclusion of more households with metered irrigators would 

be beneficial given the ability to explicitly measure their outdoor water use as well as the 

possible increase in the percentage of households with these types of irrigation systems in the 

future.   
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CHAPTER 5 : CONCLUSIONS 
 

 

My dissertation seeks to address several research questions that inform theory and 

policy in the field of water economics.  Specifically, the previous chapters tackle residential 

water demand and employ multiple estimation methods with the goal of better understanding 

how households respond to price and non-price DSM policies.  The objectives of my 

dissertation are threefold.  First, I develop a latent class, discrete-continuous choice (LC-

DCC) model as an extension to the DCC model previously developed by Burtless and 

Hausman (1978) and Hewitt and Hanemann (1995).  The LC framework accounts for the 

temporal correlation found between observations belonging to each household, a feature not 

incorporated in the original DCC model.  Second, I examine the source of differences in 

estimated price elasticities previously found in the literature between reduced-form, 

instrumental variables (IV) models and structural DCC models.  Third, I investigate the 

effect of mandatory and voluntary odd-even restrictions (OER) on outdoor water use. 

The results provide important methodological contributions and policy implications.  

In the second chapter, the LC-DCC model leads to an improved model fit as indicated by the 

Bayesian Information Criterion (BIC) compared to the DCC specification.  Furthermore, 

estimates of the structural LC-DCC model suggest that household characteristics influence 

their response to price and non-price DSM strategies.  Higher-income households have lower 

price elasticities but may reduce their water consumption when voluntary water use 
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restrictions are implemented. 76   In contrast, lower-income, large-sized households and those 

with installed irrigation systems are more price responsive but less likely to comply with 

non-price restrictions.   

The third chapter results indicate that when the structural model accounts for time-

invariant heterogeneity by exploiting the panel nature of the data, it generates price 

elasticities that are closer to the reduced-form IV model compared with the traditional DCC 

specification.  Moreover, since the structural and reduced-form approaches converge into a 

relatively narrow range of values, this implies that true price elasticities are close to the 

estimates generated by the models for households facing increasing block pricing (IBP) and 

uniform pricing (UP) structures. 

The fourth chapter contributes to the literature examining the effect of non-price 

DSM policies and provides important policy implications regarding the implementation of 

OERs.   The results suggest that voluntary OERs have an overall effect of reducing water 

demand by 2.7 – 5 percent while mandatory OERs have an opposite effect and raise water 

use by 3.2 – 4.9 percent.  Since this perverse effect is more pronounced for heavy water users 

(higher-income households and those with irrigation systems), the results imply that 

mandatory OERs undermine the conservation effects of other DSM strategies that 

successfully reduce water use. 

My overall results in Chapters Two and Four suggest that outdoor water use is more 

elastic than indoor use.  Mean monthly water consumption of households with irrigation 

systems is nearly twice the amount of those without irrigation systems (9.8 versus 5.2 

                                                
76	Voluntary restrictions here refers to the entire suite of voluntary non-price DSM measures, not just OERs. 
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thousand gallons, respectively), suggesting that the former are higher users.77  Dropping 

households with irrigation systems results in considerably lower price elasticities in both the 

structural and reduced-form approaches.  Interestingly, the estimated price elasticities 

implied by the LC-DCC model and the FE IV model using marginal prices are very similar 

when these households are dropped (-0.10 and -0.13, respectively).78   

There are a few limitations with my analysis.  First, the data includes only detached, 

single-family houses, where occupants’ income levels are relatively high.  Consequently, the 

results derived from the analysis would only be reasonably applicable to households with 

similar characteristics.  Model estimation would benefit from the inclusion of households 

with higher variability regarding income levels and other characteristics such as type of 

dwelling.  Another data-related limitation is the small percentage of households with 

installed irrigation systems.  As results in Chapters Two and Four reveal, the presence of an 

irrigation system is a driving force that affects households’ responses to prices as well as 

non-price restrictions.  Therefore, an increase in their percentage would potentially lead to 

more substantial implications regarding their influence on household choices.  Finally, a 

shortcoming of the structural LC-DCC model is the difficulty in achieving convergence when 

many variables are included in the model.  This makes it difficult adding interaction effects 

                                                
77 Survey responses reveal that only 22 percent of households without irrigation systems water their lawns on a 
regular basis when there is no rain, while the corresponding percentage is 69 percent for those with installed 
systems.  Households that do not irrigate on a regular basis answered that they either did not water their lawns 
at all or only apply water only when things are just planted or plants are extremely stressed. 
 
78 The LC-DCC model estimate is taken from Chapter Two while the FE IV model estimate is taken from 
Chapter Four. 
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due to the in.  Interactions may provide a more direct method to examine the effect of DSM 

policies on households with specific characteristics.  

There are several potential directions for future research.  One is examining how 

households’ decisions for indoor water use differ from those pertaining to outdoor use.  This 

requires a large dataset that only includes households with metered irrigation systems to 

permit separate measurement of each source of use.  The advantages of this approach is that 

it allows estimating separate price elasticities and more reliably gauging the effect that 

outdoor water use restrictions have on reducing water consumption.  This is important given 

that water conservation policies often target outdoor use.  Furthermore, future technological 

advances in residential water meters that provide households with more details regarding 

their water use may facilitate the investigation of this issue. 

Another possible extension of the DCC model is to introduce fixed effects into its 

specification.  Unlike the LC framework, this model would assume that household 

unobserved heterogeneity follows a continuous distribution.  Moreover, this extension would 

also allow for temporal correlation among households’ observations and would thus avoid 

this shortcoming in the original DCC model. 

Finally, another direction for future research would be to provide a more direct basis 

for comparison between the structural and reduced-form approaches.  This could be done by 

developing a LC reduced-form model and comparing it with the LC-DCC specification.  

Alternatively, a structural RE, DCC model could be compared against its reduced-form IV 

counterpart. 
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APPENDIX A: FIGURES AND TABLES 
 
 

 
Figure A.1: Drought conditions by utility for the period July 2006 – Dec 2008 

* The index is on a scale of 0 to 5 where 0 depicts normal conditions and 5 represents 
exceptional drought conditions. 
 

The North Carolina Drought Management Advisory Council produces a weekly categorical 

index depicting the conditions facing each county that takes on values of D0 to D4. A value of D0 
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represents the situation of abnormally dry while values of D1 to D4 indicate conditions of moderate, 

severe, extreme and exceptional drought, respectively. To allow for a more clear illustration of 

drought conditions, this categorical index is transformed to a numerical one on a scale of 1 to 5 

corresponding to the D0-D4 values (0 will be used to indicate the absence of a drought advisory) and 

the monthly mean is taken.  These values are shown in Fig. A1 and demonstrate the severity of the 

2007-2008 drought. 
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Panel A. Utility-level monthly average of daily maximum temperature 

 
 

Panel B: Utility-level lawn watering requirements 

 

Figure A.2:  Monthly mean of maximum daily temperature and watering requirements by 
utility 
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Table A.1: Quantitative water use restrictions by utility for the period July 2006 – Dec 2008 
 OWASA  HEND GUC HP FAY PWC CMU 

Jul 06      Odd/even (M)  
Aug 06      Odd/even (M)  
Sep 06      Odd/even (M)  

Oct 06        
Nov 06        
Dec 06        
Jan 07        
Feb 07        
Mar 07        

Apr 07        
May 07      Odd/even (M)  
Jun 07      Odd/even (M) Stage 1 
Jul 07      Odd/even (M) Stage 1 
Aug 06      Odd/even (M) Stage 1 
Sep 07   

Stage 1 
(V) 

 Stage 1 (V)  + 
odd/even (V) 

Odd/even (M) Stage 2 + 
Odd/even 
(M) 

Oct 07 Stage 1(V)  + 
odd/even (V) 

 Stage 1 
(V) 

 Stage 1 (V)  + 
odd/even (V) 

Odd/even (M) Stage 3 

Nov 07 Stage 2 (M)  Stage 1 
(V) 

 Stage 1 (V)  + 
odd/even (V) 

Odd/even (M)  + Stage 
2 (M) 

Stage 3 

Dec 07 Stage 2 (M)  Stage 1 
(V) 

Stage 1 
(V) 

Stage 1 (V)  + 
odd/even (V) 

Odd/even (M)  + Stage 
2 (M) 

Stage 3 

Jan 08 Stage 2 (M)  Stage 1 
(V) 

Stage 1 
(V) 

Stage 1 (V)  + 
odd/even (V) 

Odd/even (M)  + Stage 
2 (M) 

Stage 3 

Feb 08 Stage 2 (M)  Stage 1 
(V) 

Stage 1 
(V) 

Stage 1 (V)  + 
odd/even (V) 

Odd/even (M)  + Stage 
2 (M) 

Stage 3 

Mar 08 Stage 3 (M)  Stage 1 
(V) 

Stage 1 
(V) 

 Odd/even (M)  + Stage 
2 (M) 

Stage 3 

Apr 08 Stage 1(V)  Stage 1 
(V) 

Stage 1 
(V) 

 Odd/even (M)  + Stage 
2 (M) 

Stage 2 

May 08 Stage 1(V)  Stage 1 
(V) 

Stage 1 
(V) 

 Odd/even (M) +   Stage 
1 (V) 

Stage 2 

Jun 08   Stage 1 
(V) 

  Odd/even (M) + Stage 1 
(V) 

Stage 2 

Jul 08   Stage 1 
(V) 

  Odd/even (M) + Stage 1 
(V) 

Stage 2 

Aug 08   Stage 2 
(M) 

  Odd/even (M) + Stage 1 
(V) 

Stage 2 

Sep 08   Stage 2 
(M) 

  Odd/even (M) + Stage 1 
(V) 

Stage 2 

Oct 08   
Stage 1 
(V) 

  Odd/even (M) Stage 2  + 
Odd/even 
(M) 

Nov 08   
Stage 1 
(V) 

  Odd/even (M) Stage 2  + 
Odd/even 
(M) 

Dec 08   
Stage 1 
(V) 

  Odd/even (M) Stage 2  + 
Odd/even 
(M) 

* V= Voluntary, M= Mandatory. An odd/even watering schedule is one were houses whose addresses ends in 
an even number are allowed to water their lawn on different days of the week from houses whose addresses end 
in an odd number.  Usually, two or three days per week are allowed for each household.   
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Table A.2: Estimation results of the random effects panel data model for IBP and UP structures 

Variable Model 1 Model 2 Model 3 
Ln(MP) 0.644*** 

(0.042) 
-0.040 
(0.063) 

-0.054 
(0.121) 

Ln(Virtual income) 0.102*** 
(0.020) 

0.104*** 
(0.022) 

0.138*** 
(0.034) 

Lawn needs 0.010*** 
(0.002) 

0.009*** 
(0.003) 

0.048*** 
(0.010) 

Max temp 0.059*** 
(0.005) 

0.051*** 
(0.007) 

-0.076*** 
(0.026) 

HH members 0.161*** 
(0.012) 

0.174*** 
(0.013) 

0.161*** 
(0.017) 

House area 0.074*** 
(0.017) 

0.061*** 
(0.018) 

0.049* 
(0.025) 

Lot size 0.218*** 
(0.046) 

0.111** 
(0.052) 

0.192** 
(0.076) 

Irrigate 0.287*** 
(0.049) 

0.441*** 
(0.064) 

0.436*** 
(0.076) 

Voluntary WR -0.033*** 
(0.007) 

-0.045*** 
(0.009)   

Mandatory WR -0.029*** 
(0.009) 

-0.136*** 
(0.021)   

Constant  -0.404** 
(0.197) 

-0.349 
(0.399) 

 

Observations 40,346 23,046 4,244  
Households 1,368 901 493  

 
* Model 1 includes households facing IBP and UP structures, Model 2 includes households 
facing UP schedules, including those that had DBP but were considered UP (see text for 
explanation), and finally Model 3 drop households that had DBPs in place.   
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Table A.3: First-stage regression results for log marginal price (G2SLS) 

Instrument Estimate 
(Robust SE) 

Max temp 0.001 
(0.001) 

Lawn needs 0.003*** 
(0.000) 

Voluntary WR 0.006*** 
(0.001) 

Mandatory WR 0.000  
(0.003) 

Uniform -0.031  
(0.021) 

Lot size 0.001  
(0.011) 

House area 0.005  
(0.004) 

HH members 0.015*** 
(0.003) 

Irrigate 0.027** 
(0.010) 

Log base charge -0.030*** 
(0.008) 

MP2 0.375*** 
(0.057) 

MP5 0.445*** 
(0.063) 

MP6 0.166*** 
(0.017) 

MP16 0.011  
(0.018) 

Constant 0.044** 
(0.022) 

Wald chi-squared statistic 799,902 
p-value  0.00 
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Table A.4: First-stage regression results for log virtual income (G2SLS) 

Instrument Estimate 
(Robust SE) 

Max temp 0.000  
(0.002) 

Lawn needs 0.000  
(0.001) 

Voluntary WR -0.003* 
(0.001) 

Mandatory WR -0.004  
(0.002) 

Uniform 0.019*** 
(0.006) 

Lot size -0.088*** 
(0.012) 

House area 0.359*** 
(0.004) 

HH members 0.116*** 
(0.003) 

Irrigate 0.234*** 
(0.009) 

Log base charge 0.060*** 
(0.008) 

MP2 -0.047*** 
(0.015) 

MP5 0.096*** 
(0.022) 

MP6 -0.039*** 
(0.009) 

MP16 -0.003  
(0.008) 

Constant 7.550*** 
(0.023) 

Wald chi-squared statistic 21,729 
p-value  0.00 
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Table A.5: First-stage regression results for log marginal price (EC2SLS) 
Instrument Estimate 

(Robust SE) 
Base_d -0.029* 

(0.016) 
MP2_d 0.373* 

(0.157) 
MP5_d 0.461*** 

(0.171) 
MP6_d 0.164*** 

(0.028) 
MP16_d 0.007  

(0.024) 
Base_m -0.001  

(0.002) 
MP2_m 0.097** 

(0.038) 
MP5_m 0.071* 

(0.038) 
MP6_m -0.068  

(0.090) 
MP16_m 0.062  

(0.045) 
Max Temp_d 0.001  

(0.001) 
Lawn needs_d 0.003*** 

(0.000) 
Voluntary WR_d 0.006*** 

(0.001) 
Mandatory WR_d 0.001  

(0.005) 
Uniform_d -0.031  

(0.059) 
Household members_d -0.788*** 

(0.029) 
Max Temp _m 0.004** 

(0.002) 
Lawn needs _m -0.026** 

(0.011) 
Voluntary WR_m -0.041** 

(0.018) 
Mandatory WR_m -0.070* 

(0.040) 
Uniform_m -0.144** 

(0.073) 
Lot size_m 0.000  

(0.001) 
House area_m 0.001** 

(0.000) 
Household members_m 0.002*** 

(0.000) 
Irrigate_m 0.004*** 

(0.001) 
Constant 1.813*** 

(0.075) 
Wald chi-squared statistic 346105 
p-value  0.00 
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Table A.6: First-stage regression results for log virtual income (EC2SLS) 
Instrument Estimate 

(Robust SE) 
Base_d -0.002*** 

(0.000) 
MP2_d 0.000  

(0.000) 
MP5_d -0.001*** 

(0.000) 
MP6_d 0.000* 

(0.000) 
MP16_d 0.000** 

(0.000) 
Base_m 0.063*** 

(0.022) 
MP2_m -0.227  

(0.240) 
MP5_m 0.056  

(0.236) 
MP6_m 0.031  

(0.809) 
MP16_m 0.164  

(0.419) 
Max Temp_d 0.000*** 

(0.000) 
Lawn needs_d 0.000** 

(0.000) 
Voluntary WR_d 0.000*** 

(0.000) 
Mandatory WR_d 0.000*** 

(0.000) 
Uniform_d -0.001*** 

(0.000) 
Household members_d 0.332* 

(0.201) 
Max Temp _m -0.029  

(0.027) 
Lawn needs _m 0.067  

(0.112) 
Voluntary WR_m -0.031  

(0.198) 
Mandatory WR_m -0.139  

(0.308) 
Uniform_m 0.278  

(0.638) 
Lot size_m -0.012  

(0.011) 
House area_m 0.058*** 

(0.004) 
Household members_m 0.020*** 

(0.003) 
Irrigate_m 0.027*** 

(0.009) 
Constant 9.510*** 

(0.597) 
Wald chi-squared statistic 1148 
p-value  0.00 
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Table A.7: Fixed effects IV models with and without the inclusion of virtual income 

Variable FE with virtual income FE without virtual income 
MP -0.528*** 

(0.037) 
-0.585*** 
(0.039) 

Virtual income 126.6*** 
(14.42)  

Max temp 0.059*** 
(0.005) 

0.064*** 
(0.006) 

Lawn needs 0.018*** 
(0.002) 

0.020*** 
(0.002) 

Voluntary WR -0.015*** 
(0.005) 

-0.020*** 
(0.005) 

Mandatory WR -0.007 
(0.007) 

-0.021*** 
(0.007) 

Uniform 0.269*** 
(0.014) 

0.190*** 
(0.012) 

Constant -1,131*** 
(214.7) 

2.013*** 
(0.181) 

Observations 40,346 40,346 
Households 1,368 1,368 
F-statistic 238.4 224.3 
Prob > F 0.00 0.00 
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Table A.8: Estimation results of the reduced-form FE IV model with marginal prices, UP and 
IBP structures 

Variable Model 1 
Base FE  
 

 Model 2 
FE w/ interactions 

 No. of hh 
affected 
(%) 

Ln(MP) -0.532*** 
(0.104) 

 -0.498*** 
(0.099) 

  

Max temp -0.002 
(0.014) 

 -0.004 
(0.013) 

  

Lawn needs 0.009*** 
(0.003) 

 0.008*** 
(0.003) 

  

Odd/even_M 0.017 
(0.017) 

0.017 -0.065*** 
(0.020) 

-0.063*** 467 
(34%) 

Odd/even_V -0.051*** 
(0.017) 

-0.050*** -0.040** 
(0.016) 

-0.039** 492 
(36%) 

Stage 1 0.028** 
(0.012) 

0.028** 0.027** 
(0.012) 

0.028** 1,365 
(100%) 

Stage 2 -0.002 
(0.016) 

-0.002 -0.023 
(0.0169) 

-0.023 929 
(68%) 

Stage 3 -0.07** 
(0.031) 

-0.067** -0.067** 
(0.031) 

-0.064** 259 
(19%) 

Uniform 0.121*** 
(0.022) 

0.129*** 0.117*** 
(0.022) 

0.124*** 901 
(66%) 

Drought -0.008 
(0.009) 

-0.008 -0.040*** 
(0.01) 

-0.039*** 1,367 
(100%) 

High-inc * 
Odd/even_M 

  0.070 
(0.053) 

0.073 33 
(2.4%) 

High-inc * 
Odd/even_V 

  0.066** 
(0.029) 

0.068** 137 
(10%) 

Irrigation * 
Odd/even_M 

  0.182*** 
(0.040) 

0.200*** 68 

Irrigation * 
Odd/even_V 

  -0.147** 
(0.061) 

-0.137** 41 

Drought * Irrigation 
 

  0.101*** 
(0.036) 

0.106*** 131 

Drought * 
Odd/even_M 

  0.091*** 
(0.017) 

0.095*** 467 
(34%) 

Drought * Irrigation 
* Odd/even_M 

  -0.06 
(0.05) 

-0.058 68 

Observations 40,345  40,345   
Households 1,368  1,368   
Adj. R

2
 0.010  0.021   

F-statistic 36.59  32.51   
Prob > F 0.00  0.00   
Significance levels: 0.01***, 0.05**, 0.1*.  Cluster robust standard errors are in parentheses for all estimated 
parameters.  The estimated models include 29 monthly fixed effects (after dropping July 2006), which are not 
reported here for brevity.  Coefficients of dummy variables are adjusted by coefadj = exp(coefest )−1 to enable 
interpretation of coefficients as elasticities  (Halvorsen and Palmquist, 1980). 
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Table A.9: Estimation results of the structural LC-DCC model, UP and IBP structures 
Variable LC-DCC Four class model 

First class Second 
class 

Third class Fourth class 

Perception sd 0.401 ***  
(0.056) 

Heterogeneity sd 0.096   
(0.247) 

Ln(MP) -0.299 ***  
(0.066) 

-0.312 ***  
(0.103) 

-0.181 ***  
(0.069) 

-0.518 ***  
(0.144) 

Ln(Virtual income) 0.22 ***  
(0.026) 

0.171 ***  
(0.022) 

0.218 ***  
(0.04) 

0.101 ***  
(0.039) 

Max temp 0.048 *  
(0.026) 

0.05 **  
(0.022) 

0.05 **  
(0.025) 

0.099 ***  
(0.025) 

Lawn needs 0.014 ***  
(0.005) 

0.019 ***  
(0.003) 

0.014 **  
(0.006) 

0.001   
(0.005) 

Odd/even_V 0.038   
(0.031) 

0.044   
(0.028) 

-0.026   
(0.089) 

0.049   
(0.079) 

Odd/even_M 0.019   
(0.031) 

0.021   
(0.022) 

-0.028   
(0.044) 

0.028   
(0.034) 

Stage 1 -0.084 ***  
(0.019) 

-0.039 ***  
(0.014) 

-0.011   
(0.06) 

-0.028   
(0.027) 

Stage 2 -0.054 **  
(0.027) 

-0.086 ***  
(0.025) 

0.026   
(0.042) 

-0.154 ***  
(0.04) 

Stage 3 -0.046   
(0.062) 

-0.14 *  
(0.085) 

0.154  
 (0.104) 

-0.142   
(0.128) 

Uniform 0.212 ***  
(0.034) 

0.18 ***  
(0.028) 

0.124 *  
(0.071) 

0.072   
(0.06) 

Lot size 0.008   
(0.105) 

0.071   
(0.076) 

-0.059   
(0.139) 

0.073   
(0.136) 

House area 0.102 ***  
(0.026) 

0.107 ***  
(0.023) 

0.159 ***  
(0.041) 

0.208 ***  
(0.029) 

Drought -0.003   
(0.015) 

0.036 ***  
(0.013) 

-0.049   
(0.036) 

0.058 **  
(0.023) 

Constant -0.757 ***  
(0.282) 

0.085   
(0.272) 

-1.531 ***  
(0.361) 

1.193 ***  
(0.434) 

Class Probabilities 

Constant 
 

 -0.717   
(0.606) 

0.278  
 (0.447) 

-2.348 *** 
 (0.52) 

Irrigate 
 

Base class 0.666   
(4.452) 

-0.424   
(4.726) 

2.156   
(4.764) 

Income 
 

 -0.043   
(0.057) 

0.028   
(0.056) 

-0.086   
(0.092) 

Household size  0.598 ***  
(0.114) 

-0.693 ***  
(0.259) 

0.932 ***  
(0.137) 

Class share 0.29 0.41 0.13 0.17 

Unconditional price 
elasticity 

-0.26 ***  
(0.078) 

-0.231   
(0.145) 

-0.168 ***  
(0.061) 

-0.339   
(0.267) 

Unconditional income 
elasticity 

0.188 ***  
(0.034) 

0.116 *  
(0.059) 

0.209 ***  
(0.044) 

0.061   
(0.054) 

Unconditional price 
elasticity (all) 

-0.25 **  
(0.124) 

 

Unconditional income 
elasticity (all) 

0.139 ***  
(0.043) 

 

LL 13902  

Significance levels: 0.01***, 0.05**, 0.1*.  T-statistics are in parentheses.  The estimated coefficients of the 
monthly dummies and utility fixed effects are not reported here for brevity.  December is the excluded monthly 
fixed effect and FAY is the excluded utility fixed effect.  
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Table A.10: Estimation results of the reduced-form FE IV model with average prices, UP and 
IBP structures 

Variable Model 1 
Base FE  

Adjusted 
coefficient 

Model 2 
FE w/ 
interactions 

Adjusted 
coefficient 

No. of hh 
affected 
(%) 

Ln(AP) -0.435*** 
(0.127) 

 -0.442*** 
(0.118) 

  

Max temp -0.011 
(0.011) 

 -0.012 
(0.011) 

  

Lawn needs 0.004* 
(0.002) 

 0.004* 
(0.002) 

  

Odd/even_M 0.048*** 
(0.014) 

0.049*** -0.014 
(0.015) 

-0.014 467 
(34%) 

Odd/even_V -0.048*** 
(0.014) 

-0.046*** -0.043*** 
(0.013) 

-0.042*** 492 
(36%) 

Stage 1 0.021** 
(0.009) 

0.021** 0.021** 
(0.009) 

0.021** 1,365 
(100%) 

Stage 2 -0.013 
(0.013) 

-0.013 -0.025* 
(0.014) 

-0.024* 929 
(68%) 

Stage 3 -0.039 
(0.024) 

-0.038 -0.038 
(0.024) 

-0.037 259 
(19%) 

Uniform 0.117*** 
(0.018) 

0.124*** 0.115*** 
(0.018) 

0.122*** 901 
(66%) 

Drought 0.007 
(0.009) 

0.007 -0.013 
(0.009) 

-0.013 1,367 
(100%) 

High-inc * 
Odd/even_M 

  0.056 
(0.0451) 

0.057 33 
(2.4%) 

High-inc * 
Odd/even_V 

  0.06** 
(0.023) 

0.061** 137 
(10%) 

Irrigation * 
Odd/even_M 

  0.171*** 
(0.035) 

0.186*** 68 

Irrigation * 
Odd/even_V 

  -0.111** 
(0.05) 

-0.105** 41 

Drought * 
Irrigation 
 

  0.072** 
(0.03) 

0.074** 131 

Drought * 
Odd/even_M 

  0.052*** 
(0.015) 

0.053*** 467 
(34%) 

Drought * 
Irrigation * 
Odd/even_M 

  -0.025 
(0.041) 

-0.025 68 

Observations 40,345  40,345   
Households 1,368  1,368   
Adj. R

2 
 0.321  0.327   

F-statistic 52.87  46.65   
Significance levels: 0.01***, 0.05**, 0.1*.  Cluster robust standard errors are in parentheses for all estimated 
parameters.  The estimated models include 29 monthly fixed effects (after dropping July 2006), which are not 

reported here for brevity. Coefficients of dummy variables are adjusted by coefadj = exp(coefest )−1 to 
enable interpretation of coefficients as elasticities (Halvorsen and Palmquist, 1980). 
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Table A.11: Estimation results of the FE IV models with marginal prices using the full dataset 

Variable Model 1 
Base FE  

Adjusted 
coefficient 

Model 2 
FE w/ 
interactions 

Adjusted 
coefficient 

No. of hh 
affected 
(%) 

Ln(MP) -0.726*** 
(0.086) 

 -0.686*** 
(0.083) 

  

Max temp -0.017 
(0.012) 

 -0.017 
(0.012) 

  

Lawn needs 0.009*** 
(0.00274) 

 0.009*** 
(0.003) 

  

Odd/even_M 0.031** 
(0.014) 

0.032 -0.048*** 
(0.017) 

-0.047 800  
(44%) 

Odd/even_V -0.040*** 
(0.016) 

-0.039 -0.03* 
(0.016) 

-0.029 528  
(29%) 

Stage 1 0.019* 
(0.0108) 

0.019 0.018* 
(0.011) 

0.019 1,808 (100%) 

Stage 2 0.001 
(0.014) 

0.001 -0.014 
(0.015) 

-0.014 1,277 (71%) 

Stage 3 -0.057*** 
(0.019) 

-0.055 -0.058*** 
(0.019) 

-0.056 592  
(33%) 

Uniform 0.088*** 
(0.017) 

0.092 0.080*** 
(0.017) 

0.083 566  
(31%) 

Drought 0.02** 
(0.009) 

0.020 -0.016* 
(0.01) 

-0.016 1,810 (100%) 

High-inc * 
Odd/even_M 

  0.07** 
(0.031) 

0.071 112 (6.2%) 

High-inc * Odd/even_V   0.058** 
(0.027) 

0.060 148 (8.2%) 

Irrigation * 
Odd/even_M 

  0.170*** 
(0.037) 

0.185 118 
(6.5%) 

Irrigation * 
Odd/even_V 

  -0.142*** 
(0.052) 

-0.132 48 
(2.7%) 

Drought * Irrigation   0.121*** 
(0.025) 

0.129 201 
(11.1%) 

Drought * Odd/even_M   0.074*** 
(0.015) 

0.077 22 
(1.2%) 

Drought * Irrigation * 
Odd/even_M 

  -0.041 
(0.039) 

-0.040 118 
(6.5%) 

Observations 53,217  53,217   
Households 1,811  1,811   
Adj. R

2
 0.02  0.03   

F-statistic 47.36  42.37   
Prob > F 0.000  0.000   

Significance levels: 0.01***, 0.05**, 0.1*.  Cluster robust standard errors are in parentheses for all estimated 
parameters.  The estimated models include 29 monthly fixed effects (after dropping July 2006), which are not 

reported here for brevity. Coefficients of dummy variables are adjusted by coefadj = exp(coefest )−1 to 
enable interpretation of elasticities as (Halvorsen and Palmquist, 1980). 
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Table A.12: Estimation results of the FE IV models with average prices using the full dataset 
Variable Model 1 

Base FE  
Adjusted 
coefficient 

Model 2 
FE w/ 
interactions 

Adjusted 
coefficient 

No. of hh 
affected 
(%) 

Ln(AP) -1.074*** 
(0.063) 

 -1.021*** 
(0.063) 

  

Max temp -0.014 
(0.009) 

 -0.015* 
(0.009) 

  

Lawn needs 0.007*** 
(0.002) 

 0.007*** 
(0.002) 

  

Odd/even_M 0.021** 
(0.010) 0.021** 

-0.007 
(0.012) -0.007 

800  
(44%) 

Odd/even_V -0.042*** 
(0.011) -0.041*** 

-0.043*** 
(0.011) -0.042*** 

528  
(29%) 

Stage 1 0.02** 
(0.009) 0.020** 

0.019** 
(0.008) 0.020** 

1,808 
(100%) 

Stage 2 -0.001 
(0.011) -0.001 

-0.006 
(0.011) -0.006 

1,277 
(71%) 

Stage 3 -0.079*** 
(0.015) -0.076*** 

-0.080*** 
(0.015) -0.077*** 

592  
(33%) 

Uniform 0.075*** 
(0.010) 0.078*** 

0.074*** 
(0.011) 0.077*** 

566  
(31%) 

Drought 0.035*** 
(0.007) 0.036*** 

0.021*** 
(0.007) 0.021*** 

1,810 
(100%) 

High-inc * Odd/even_M   0.041* 
(0.025) 0.042* 

112 
(6.2%) 

High-inc * Odd/even_V   0.048*** 
(0.018) 0.049*** 

148 
(8.2%) 

Irrigation * Odd/even_M   0.126*** 
(0.028) 0.134*** 

118 
(6.5%) 

Irrigation * Odd/even_V   -0.093*** 
(0.036) -0.088*** 

48 
(2.7%) 

Drought * Irrigation   0.097*** 
(0.019) 0.102*** 

201 
(11.1%) 

Drought * Odd/even_M   0.01 
(0.011) 0.010 

22 
(1.2%) 

Drought * Irrigation * Odd/even_M   -0.018 
(0.028) -0.017 

118 
(6.5%) 

Observations 53,217  53,217   
Households 1,811  1,811   

Adj. R
2
 0.489  0.478   

F-statistic 99.81  84.55   
Prob > F 0.000  0.000   

Significance levels: 0.01***, 0.05**, 0.1*.  Cluster robust standard errors are in parentheses for all estimated 
parameters.  The estimated models include 29 monthly fixed effects (after dropping July 2006), which are not 

reported here for brevity. Coefficients of dummy variables are adjusted by coefadj = exp(coefest )−1 to 
enable interpretation of elasticities as (Halvorsen and Palmquist, 1980). 
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Table A.13: Estimation results of the FE IV models with no installed irrigation systems 

Variable Model 1 
Base FE  

Adjusted 
coefficient 

Model 2 
FE w/ 
interactions  

Adjusted 
coefficient 

No. of hh 
affected 
(%) 

Ln(MP) -0.133* 
(0.076) 

 -0.134* 
(0.076) 

  

Max temp -0.030** 
(0.012) 

 -0.030** 
(0.012) 

  

Lawn needs 0.003 
(0.003) 

 0.003 
(0.003) 

  

Odd/even_M 0.043*** 
(0.013) 

0.044*** 0.017 
(0.016) 

0.017 682 
(42%) 

Odd/even_V -0.027* 
(0.015) 

-0.027* -0.031** 
(0.015) 

-0.031** 480  
(30%) 

Stage 1 0.001 
(0.010) 

0.001 0.000 
(0.010) 

0.000 1,607 
(100%) 

Stage 2 -0.029** 
(0.013) 

-0.028** -0.034** 
(0.014) 

-0.034** 1,136 
(71%) 

Stage 3 -0.025 
(0.018) 

-0.025 -0.024 
(0.018) 

-0.024 525 
(%) 

Uniform 0.097*** 
(0.016) 

0.102*** 0.094*** 
(0.016) 

0.099*** 517  
(33%) 

High-inc * 
Odd/even_M 

  0.02 
(0.031) 

0.020 75  
(5%) 

High-inc * 
Odd/even_V 

  0.0451* 
(0.024) 

0.046* 
 

128 
(8%) 

Drought 0.003 
(0.008) 

0.003 -0.01 
(0.01) 

-0.009 1,609 
(100%) 

Drought * 
Odd/even_M 

  0.036** 
(0.014) 

0.037** 682  
(42%) 

Observations 47,298  47,298   
Households 1,610  1,610   
Adj. R

2
 0.060  0.060   

F-statistic 42.47  39.68   
Prob > F 0.0  0.0   

Significance levels: 0.01***, 0.05**, 0.1*.  Cluster robust standard errors are in parentheses for all estimated 
parameters.  The estimated models include 29 monthly fixed effects (after dropping July 2006), which are not 

reported here for brevity. Coefficients of dummy variables are adjusted by coefadj = exp(coefest )−1 to 
enable interpretation of elasticities as (Halvorsen and Palmquist, 1980). 
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APPENDIX B: THE DCC MODEL 
 

 

The utility maximization problem can be formally presented by formulating the 

decision-making process, which consists of both the discrete and the continuous choices.79  

Assume that the household has already made its discrete choice, meaning which subset of the 

budget constraint to locate on.  Subsets comprise pricing blocks and kink points, with each 

subset itself being convex, even if the entire budget set is not.  Conditional on consuming 

within the budget subset k, the household then chooses the consumption level that maximizes 

utility.  This level is defined by the conditional ordinary demand function,  wk
*(Z, pk , !yk;θ ) , 

with the corresponding conditional indirect utility function,  Vk
*(Z, pk , !yk;θ ) .   

The objective is to model households’ unconditional demand functions and hence it is 

necessary to bridge the gap between conditional and unconditional demands for both possible 

cases of consumption: kink points (

 

w = wk ) and interior solutions in each block (

 

wk−1 ≤ w ≤ wk). Denote the ordinary demand function by 

 

w (.).  When consuming at a block 

boundary, the consumer is restricted to locate at exactly the kink point, which might not have 

been her choice in the absence of such a constraint.  Consequently, the relevant price to be 

considered is a virtual price, which would support this level of consumption.80, 81 To 

                                                
79 This section of the analysis will rely mainly on Hewitt (1993), Hewitt and Hanemann (1995) and Moffitt 
(1986, 1990). 
 
80 The concept of virtual prices for rationed goods was introduced by Rothbarth (1941) and reflects the prices 
that would make the constrained quantities optimum in an unconstrained setting. 
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voluntarily consume at the kink point, 

 

wk , the consumer would need to be faced with the 

virtual price p̂k , which can be found by implicitly solving the following equation:82  

  wk = w[ p̂k , !yk + ( p̂k − pk )wk;θ ]                (7.1) 

The conditional Marshallian demand and indirect utility functions are derived by 

using the virtual price as implicitly defined by Eq. (7.1) along with the income term 

 !yk + ( p̂k − pk )wk  in the ordinary demand and indirect functions. 

In considering the other case, namely 

 

wk−1 ≤ w ≤ wk, there are three possible outcomes 

when evaluating the ordinary demand function at the marginal price and virtual income that 

define block k, 

 

w k (.) .  The first case generates an interior solution, 

 

wk−1 ≤ w k (.) ≤ wk , in 

which case conditional and unconditional demands coincide and the utility-maximizing 

consumption level is simply given by  wk (pk , !yk;θ ) .  The second case is where 

 

w k (.) < wk−1, 

meaning that at the marginal price and virtual income of block k, the household would prefer 

to consume an amount less that the lower boundary of block k, which is unattainable and so 

the household consumes 

 

w = wk−1.  Conversely, evaluating the utility-maximizing ordinary 

demand may result in 

 

wk < w k (.), which is also unattainable and so the household consumes 

 

w = wk .  For the latter case, the relevant virtual price and income are defined as in Eq. (7.1).  

The same is applied for the case where 

 

w k (.) < wk−1, except that the left hand side is equated 

to 

 

wk−1. 
                                                                                                                                                  
81 Neary and Roberts (1980) state the sufficient conditions which ensure that there exist suitable prices which 
would support any consumption bundle, namely that preferences are convex, continuous and strictly monotonic 
for all commodity bundles. 
82 The relationship between rationed and unrationed ordinary demand functions is provided by Neary and 
Roberts (1980).  Rationed consumption is equivalent to unrationed consumption when the latter is evaluated at 
virtual prices and income (or virtual income in this case) that is supplemented by the term ( p̂k − pk )wk , which 
represents compensation to the household for being constrained.   
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The discrete choice is now to choose the subset that maximizes utility.  This is 

represented by the relationship between conditional and unconditional indirect utility, which 

regardless of budget set convexity is: 

V .( ) = max V1
*,...,VK

*{ }                  (7.2) 

Define the set of discrete choice indices a1,...,aK( ) , where 

 
ak Z, pk , !yk;θ( ) =

1 if Vk
* .( ) ≥Vj

* .( ), ∀ j = 1,...,K
0 otherwise
$
%
&

'&
              (7.3) 

If the budget set is strictly convex, then only one index has a value of one and there is 

a unique utility-maximizing solution to (7.2). If, however, the budget set is nonconvex, then 

there may not exist a unique solution and more than one index may take a value of one.  The 

relationship between the unconditional and conditional demands may thus be represented by 

the following two equations depicting the convex and nonconvex cases, respectively: 

w .( ) = ak .( )wk
* .( )

k=1

K

∑                   (7.4) 

w .( ) = wk
* .( ) |∀k s.t. ak .( ) = 1{ }                 (7.5) 

Previous studies such as Agthe and Billings (1980), Agthe et al. (1986), Billings and 

Agthe (1980) and Nieswiadomy and Molina (1989) that have used the marginal price plus the 

difference variable specification have basically estimated a version of Eq. (7.4) using least 

squares or instrumental variables estimation methods.  The implicit assumption made in this 

regard is that the observed consumption block is a deterministic indicator of the ak  terms, 

despite the fact that ak  are unobserved.  As will be made clear when stochastic error terms 
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are added, as long as error terms have nonzero variances, then the block on which observed 

consumption is located and that on which utility-maximizing consumption is located are not 

necessarily the same. They will only coincide when the error terms of the model are not large 

enough to induce a block-change in consumption.  As such, the size of the error term is 

correlated with the marginal price and virtual income, both of which are regressors, thereby 

violating the assumption of independence between regressors and error terms.  Ideally the ak  

terms, or the discrete choice, should be modeled. 

Returning to the notation of the utility-maximizing conditional demand function in 

block k to be

 

wk
*(Z, pk, ı y k;θ ), we can now map out the nonstochastic relationship between 

conditional and unconditional demands as: 

 

w =

w1
*(p1, !y1;θ )     if     w1

*(p1, !y1;θ ) < w1

w1                   if      w1 ≤ w1
*(p1, !y1;θ ) and w2

*(p2, !y2;θ ) ≤ w1

w2
*(p2, !y2;θ )    if      w1 < w2

*(p2, !y2;θ ) < w2

       "
wK

* (pK , !yK ;θ )  if      wK−1 < wK
* (pK , !yK ;θ )

$

%

&
&
&

'

&
&
&

            (7.6) 

The right-hand side expressions of Eq. (7.6) depict the conditions that determine the discrete 

choices while the left-hand side expressions represent the subsequent continuous choices.  

Hausman (1979) proves that in the case of convex budget sets with strictly quasi-concave 

underling preferences, if an interior optimum exists within a budget segment or at a kink 

point for a given θ, then this utility-maximizing choice is unique. 

 Now that the nonstochastic formulation of the model has been laid out, it is necessary 

to introduce a stochastic component to the model for the purposes of estimation, which we do 

in the next section. 
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Stochastic specification: two error terms 

One of the contributions of Burtless and Hausman (1978) is that they added to the 

labor supply model an error term to represent heterogeneity of preferences among consumers 

that cannot be explained by observable factors.  Consequently, they specified the model to 

include two error terms: one that represents heterogeneous preferences among households 

that are not accounted for by demographic characteristics, which will be denoted by η and 

another, denoted by ε, which represents what Hewitt (1993) and Hewitt and Hanemann 

(1995) have coined “perception error.”   

The heterogeneous preferences error term is meant to reflect factors that are 

unobservable to the econometrician but that are known to the household based on the premise 

that individuals are assumed to have correct knowledge of their own preferences.  As such, 

this error term allows different utility functions within a certain specification to be assigned 

to different individuals.  The η term is thus an error only to the analyst and it determines the 

household’s discrete choice and hence its continuous one.83  Perception error incorporates 

factors that are sources of error to both the household and the econometrician, namely 

optimization and measurement errors.  Despite households having planned optimal water 

consumption levels, their actual consumption may differ due to leaks or other unanticipated 

events, leading to optimization error.  Measurement error, on the other hand, refers to the 

inability of the analyst to accurately observe actual consumption levels or the incorrect 

                                                
83 The fact that the heterogeneous preferences error term drives the discrete choice accounts for the systematic 
correlation between the error term and regressors, which precludes the use of regression methods for estimation.  
A higher value of the error term is more likely to result in the choice of a higher segment, which in turn is 
associated with higher (lower) virtual incomes and marginal prices when the price structure is increasing 
(decreasing) block pricing (Moffitt, 1986). 
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measurement of water consumption.  The two sources of error are combined due to the fact 

that they are both caused by impercipience and by the infeasibility of distinguishing them 

separately.  The perception error term ε only affects the continuous choice. 

The introduction of the heterogeneous preference error term takes place by specifying 

one of the parameters of the utility function to be a function of both measurable individual 

characteristics plus a stochastic term.84  Thus, the chosen parameter can be decomposed into 

sociodemographic variables and their coefficients, , in addition to the stochastic term, η.  

A common choice among studies that have employed the DCC model is to randomize the 

constant of proportionality in the power form of the model (Burtless and Hausman, 1978; 

Hewitt, 1993; Hewitt and Hanemann, 1995; Olmstead et al. 2007), as will be shown below. 

Incorporating the two error terms to the model in order to identify a stochastic 

specification of Eq. (7.6) generates the form: 

 

w =

w1
*(p1, !y1;θ )+η + ε     if     η < w1 −w1

*(p1, !y1;θ )
w1 + ε                         if      w1 −w1

*(p1, !y1;θ ) ≤η ≤ w1 −w2
*(p2, !y2;θ )

w2
*(p2, !y2;θ )+η + ε    if      w1 −w2

*(p2, !y2;θ ) <η < w2 −w2 (p2, !y2;θ )
       "
wK

* (pK , !yK ;θ )+η + ε  if      wK−1 −wK
* (pK , !yK ;θ ) <η

&

'

(
(
(

)

(
(
(

            (7.7) 

The two error terms are assumed to follow independent distributions since there is no 

reason to believe they would be generated by the same process.  This assumption has been 

commonly made by studies employing this model but is not crucial to estimation (Moffitt, 

1986).  The separate econometric identification of the two error terms occurs as a result of 

                                                
84 In addition to this method, the introduction of heterogeneous preferences may be done by allowing household 
characteristics to determine the metric by which quantities consumed are measured such as by translating or 
scaling (Hewitt, 1993). 
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the fact that the η term affects both the discrete and continuous choices while the ε term only 

affects the continuous choice. 

The reason for the lack of a heterogeneous preferences error term at the kink points is 

that consumption at these points is supported by a wide range of virtual prices (Hewitt, 

1993).  At the kink point, any marginal rate of substitution between the prices of the two 

adjacent budget segments is consistent with utility maximization and so a variety of utility 

functions generate optimal solutions at the kink, a fact which theoretically leads to 

observation clustering at kink points in the case of convex budget sets and a spike in the 

frequency distribution of consumption levels (Moffitt, 1986).85  Given recent empirical 

evidence to the contrary in the energy and water demand literature, the presence of 

observation clustering should be examined on a case- by- case basis. 

The importance of the two-error structure is apparent when considering the predicted 

response of demand to a change in the budget constraint.  In the presence of only 

measurement error, the assumption is that there is only one utility-maximizing value for each 

estimated coefficient and hence only one optimal choice among all households given an 

initial value for the variables.  Not only is this an unrealistic assumption, but it also narrows 

household responsiveness to changes in prices.  For example, a change in the price of one 

segment would be predicted to have no effect on observations located on other segments. 

                                                
85 The two error terms have different effects on the distribution of the data points.  The measurement error 
results in the uniform distribution of the observations over the budget constraint.  Conversely, the preference 
heterogeneity error causes the bunching of observations at the kink point in the case of a convex constraint and 
the dispersing of the data away from the kink point in the nonconvex case.  Consequently, in the case of a 
convex budget set, there is a positive relationship between the degree of clustering around the kink point and the 
relative importance of preference heterogeneity variance in allocating observations (Moffitt, 1986). 
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This point is illustrated in Moffitt (1986).  Conversely, if only heterogeneity error were 

incorporated into the specification, the model would predict a much higher degree of 

clustering at the kinks than the actual data exhibits (Moffit, 1986; Hewitt, 1993).   

On examining Eq. (5.7), it is apparent that in the case of the kink point solution, the 

discrete choice depends on a range of values for η while the continuous choice on a 

particular value for ε.  Hence, in order to construct the likelihood function it is necessary to 

specify the joint distribution 

 

fη ,ε (η,ε) .  Since η and ε are assumed to be independent, then 

their joint distribution is just the product of their individual distributions so that the 

likelihood of a specific pair 

 

(η,ε)  is 

 

fη ,ε (η,ε) = fη (η) fε (ε) . 

For the interior segment solutions, the discrete choice also depends on a range of 

values for η but the continuous choice is based on a particular value of ν = η + ε and hence 

there are infinite combinations of the two error terms that would satisfy the relationship.  In 

this case, we need to specify the joint distribution of ν and η.  For both types of solutions, 

kink points and interior solutions, obtaining the likelihood requires integrating the joint 

distribution over a range of values of η as well as specifying the distributional assumptions 

of the error terms. 

The perception error is commonly assumed to follow the normal distribution with a 

zero mean such that .  It was previously mentioned that the heterogeneity of 

preferences is incorporated by randomizing a parameter of the demand function into 

individual components, deterministic and stochastic.  The researcher would have to justify 

the choice of which parameter to randomize.   Randomization could be in the form of 
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, in which case η is assumed to follow the normal distribution with a zero mean and unknown 

variance, , or it could be of the form  where η would be assumed to 

follow the lognormal distribution. 

The log likelihood function in this case can be written as: 

LL = log Pr w( )!" #$∑                   (7.8) 

where  

 

Pr w( ) = f v,η( ) v = w −w1
* p1, !y1;θ( ),η( )dη

−∞

η1

∫ +

f ε ,η( ) ε = w −w1 ,η( )dη
η1

η2

∫ + ...

f v,η( ) v = w −wK
* pK , !yK ;θ( ),η( )dη

ηK−1

∞

∫

 

where  u1 = w1 −w1
* p1, !y1;θ( )  

 u2 = w1 −w2
* p2, !y2;θ( )  

 uK−1 = wK−1 −wK
* pK , !yK ;θ( )  

  f v,η( )  is the bivariate normal density between v and η and f ε ,η( )  is the standard normal 

distribution. 

Since the assumption made is that both η and ε follow the normal distribution with 

zero means and unknown variances and are independent, the joint distribution of η and ν will 

also be normal.  Due to the independence of η and ε, namely that fη ,ε η,ε( ) = fη η( ) fε ε( )  
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and because kink point solutions are based on one value of ε but a range of values for η, the 

terms in Eq. (7.8) that depict kink point solutions can be expressed as fε ε( )Fη η( ) . 

Note, however, that η and ν will not be independent.  We will make use of the 

property of jointly dependent normally distributed random variables: 

fη ,v η,v( ) = fη|v η | v( ) fv v( )        (7.9) 

In other words, the joint distribution is factored into a normally distributed marginal 

pdf and a normally distributed conditional pdf, the latter of which is a function of the 

correlation coefficient between η and ν, ρ η,v( ) =ση
2 /σησ v =ση /σ v .  The variables in the 

terms representing interior solutions will be transformed according to the formulae governing 

the bivariate normal distribution.  Consequently, the first term of Eq. (7.8) can be written as 

 

1
σ v

φv
w −w1

* p1, !y1;θ( )
σ v

%

&'
(

)*
φη|v

η
ση

%

&
'

(

)
*

−∞

η1

∫ dη                   (7.10) 

where φ is the standard normal distribution and 

η1 =
w1 −w1

* .( )− ρ w −w1
* .( )( )

1− ρ 2
 

The marginal pdf can be placed outside of the integral, leaving the conditional pdf 

within the integral so that Eq. (7.10) can be expressed as the product of a marginal pdf and 

conditional cdf. 

It is now useful to make an assumption regarding the functional form of the demand 

function to illustrate the addition of error terms to the model as well as to derive the specific 

log likelihood function that will be used in estimation.  A popular functional specification 
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assumed for demand is the power form (Burtless and Hausman, 1978; Hewitt and Hanemann, 

1995; Olmstead et al., 2007) as follows: 

w = w* .( )exp η( )exp ε( )                     (7.11) 

w* p, y;Zδ ,α ,γ( ) = exp Zδ( ) pα yγ  

Since the error terms η and ε are independently normal, the terms exp(η) and exp(ε) are 

independently lognormal.86  Taking the log of both sides results in the following log-log form 

for the demand function87 

 lnw = Zδ +α ln p + γ ln y +η + ε                    (7.12) 

 The use of the lognormal distribution for water demand analyses is useful since water 

consumption is typically observed to be skewed to the right, rendering a symmetric normal 

distributional assumption inappropriate.  Since prices and incomes are not usually 

sufficiently skewed to account for the right-skewness of demand, the heterogeneity error 

term is assumed to be skewed, thus following the lognormal distribution.  The perception 

error term is also assumed to be skewed since its sources can mostly be expected to exhibit 

this.  For example, leaks and meter errors are typically highly skewed to the right, thus 

justifying the lognormal distributional assumption. 
                                                
86 The distributional assumptions for the error terms in the DCC model in the water demand literature are 
usually made based on the functional form of the demand function, in a way that induces the estimated value of 
the dependent variable to equal its mean.  Consequently, when errors enter the model additively, they are 
assumed to follow a normal distribution with a zero mean. Alternatively, if the error terms enter the demand 
equation in a multiplicative manner, they are usually assumed to follow a distribution such that the error terms 
are non-negative with means equal to one.  A suitable distribution often assumed is the lognormal distribution 
while imposing the aforementioned assumptions (Hewitt, 1993).  
87 The linear demand function with additive errors is  

w = Zδ +α p + γ y +η + ε  
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Given the demand function of Eq. (7.12), we can write the log-likelihood for the 

observations facing a uniform rate structure as:
 

 

 

lnL = ln 1
2π
exp(−(s)2 /2)

σ v

⎛ 

⎝ 
⎜ 

⎞ 

⎠ 
⎟ ∑
              

(7.13) 

where v =η + ε  s = (lnw − lnw*(Z, p, y;δ ,α ,γ )) /σ v   

Estimating the model when households face a uniform price schedule using OLS 

would generate the same results as when using MLE. 

If the households face an increasing block rate structure, the unconditional demand 

function can be expressed as: 

  

 

lnw =

lnw1
*(Z, p1, ı y 1;θ) +η+ε

           if  − ∞ < η < lnw1 − ln w1
*(Z, p1, ı y 1;θ )

lnw1 +ε
          if  ln w1 − lnw1

*(Z, p1, ı y 1;θ) < η < ln w1 − lnw2
*(Z, p2, ı y 2;θ)

lnw2
*(Z, p2, ı y 2;θ) +η+ε

         if  ln w1 − lnw2
*(Z, p2, ı y 2;θ) < η < ln w2 − lnw2

*(Z, p2, ı y 2;θ)
   M
lnwK −1 +ε
         if  ln wK −1 − lnwK −1

* (Z, pK −1, ı y K −1;θ) < η < ln wK −1 − lnwK
* (Z, pK , ı y K ;θ)

lnwK
* (Z, pK , ı y K ;θ) +η+ε

        if  ln wK −1 − lnwK
* (Z, pK , ı y K ;θ) < η < ∞

⎧ 

⎨ 

⎪ 
⎪ 
⎪ 
⎪ 
⎪ 
⎪ 
⎪ ⎪ 

⎩ 

⎪ 
⎪ 
⎪ 
⎪ 
⎪ 
⎪ 
⎪ 
⎪ 

           

(7.14) 

The corresponding log-likelihood function for the increasing block case is: 
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lnL = ln

1
2π

exp(−(sk )
2 / 2)

σ v

$

%&
'

()
Φ(rk )−Φ(nk )( )

k=1

K

∑ +
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(7.15) 

 

where  Φ is the standard normal cumulative distribution function 

 

v =η+ε  

 

tk = (lnwk − lnwk
*(.)) /ση  

 

ρ = corr(v,η) =ση /σ v  

 

rk = (tk − ρsk ) / 1− ρ
2  

 

sk = (lnwi − lnwk
*(.)) /σv  

 

mk = (lnwk − lnwk+1
* (.)) /ση  

 

uk = (lnwi − lnwk ) /σε  

 

nk = (mk−1 − ρsk ) / 1− ρ
2  

Since the sample includes some observations that face uniform prices while others 

face increasing block prices, the model to be estimated is the sum of the log-likelihood 

functions (7.13) and (7.15).  

 
  


