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tThis paper investigates the pri
e elasti
ity of residential water demand in the City of Santa Cruz, Californiausing household-level data from 1989 to 2003. Residential water 
onsumers fa
ed an in
reasing two-blo
kpri
ing system from 1989 to 1994, and an in
reasing three-blo
k pri
ing system from 1995 to 2003. Weestimate a 
onditional demand fun
tion using a two-stage-least squares (2SLS) approa
h, and �nd a pri
eelasti
ity of approximately -0.8. The 
onditional demand model assumes that a 
onsumer will remain inthe pri
e blo
k in whi
h she was observed, even if pri
es 
hange. We also estimate un
onditional pri
eelasti
ity using a dis
rete-
ontinuous 
hoi
e (DCC) model, whi
h allows 
onsumers to swit
h betweenblo
ks when pri
es 
hange. Unlike most previous studies, the DCC model predi
ts that demand is pri
eelasti
, with an un
onditional elasti
ity estimate of -1.04. The results of the DCC model indi
ate thatwater demand (espe
ially in the long run) may be more responsive to pri
e 
hanges than the 
urrentliterature suggests.I. Introdu
tionIn re
ent years, many water utilities have turned to in
reasing blo
k pri
ing (IBP) as a means of en
ouragingwater 
onservation. Under an IBP system, quantity 
onsumed is divided into �blo
ks�; in our study, the �rst8 units of water 
onsumed make up the �rst blo
k, units 9-40 make up the se
ond blo
k, and units above40 make up the third blo
k. Users are 
harged a 
ertain marginal pri
e for water 
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blo
k, and subsequently higher marginal pri
es for water 
onsumed in higher blo
ks. Consumers thereforemake both a dis
rete 
hoi
e (whi
h blo
k to 
onsume in, and thereby whi
h marginal pri
e they fa
e) anda 
ontinuous 
hoi
e (how mu
h water to 
onsume, 
onditional on being in a 
ertain blo
k). Conventionale
onometri
 methods for estimating pri
e elasti
ity, su
h as ordinary least squares (OLS), do not a

ount forthe simultaneous 
hoi
e of marginal pri
e and 
onsumption, and thus produ
e biased (and often positive)results.In this paper, we estimate pri
e elasti
ity using a two-stage-least-squares (2SLS) approa
h, whi
h esti-mates 
onditional water demand, and a dis
rete-
ontinuous 
hoi
e (DCC) maximum likelihood model, whi
hestimates un
onditional demand. The 
onditional demand (2SLS) model takes a 
onsumer's 
hoi
e of blo
k,and thus her 
hoi
e of marginal pri
e, as given. The elasti
ity estimate, therefore, assumes that even if pri
es
hange, ea
h 
onsumer will remain in the same blo
k in whi
h she is observed. This assumption may beplausible for small pri
e 
hanges, and for 
onsumers lo
ated far from the �kinks� (the points at whi
h thepri
e 
hanges). However, it is less plausible for larger pri
e 
hanges, and for 
onsumers near the kinks. Theun
onditional demand (DCC) model expli
itly looks at the 
onsumer's 
hoi
e of both blo
k and quantity.Like a dis
rete 
hoi
e model, the un
onditional demand model allows ea
h 
onsumer some probability of
hoosing ea
h blo
k, no matter whi
h blo
k she is observed in. The probability that she optimizes in anygiven blo
k 
an therefore 
hange when pri
es 
hange. The DCC model 
an thus be used to answer a farri
her set of poli
y questions than a 2SLS model. For example, it 
an be used to predi
t 
onsumer rea
tionsto a shift in the quantity at whi
h a blo
k begins, or the addition of a blo
k to the pri
ing stru
ture. Itmight also be used to design the optimal IBP stru
ture for a water manager's obje
tive, su
h as maximizingrevenue.This paper is one of only a handful to estimate un
onditional demand for residential water, and makesthe following 
ontributions to the literature. First, we use what may be the most extensive data set in theresidential water demand literature, in
luding all households served by the Santa Cruz Water Departmentover a 14-year period, with variation in pri
e levels both during and after the California drought. The 
ross-se
tional variation allows us to estimate how household 
hara
teristi
s su
h as housing density and householdsize a�e
t water use. The panel is important be
ause it allows us to avoid the omitted variable bias generallyasso
iated with 
ross-se
tional studies. Most previous studies of water demand use pri
e variation a
ross
ities to identify elasti
ity. However, we might expe
t 
ities that are more likely to have water shortages to sethigher pri
es, and to have more 
onservation-minded 
onsumers; this 
orrelation would 
ause our elasti
ityestimates to be biased upwards. Of the papers that do 
onsider pri
e 
hanges over time within a 
ity, many2



of these study pri
e 
hanges that o

ur during droughts, whi
h makes it di�
ult to separate the impa
tsof non-pri
e related 
onservation measures (su
h as rationing) from pri
e e�e
ts. In 
ontrast, our data setin
ludes pri
e in
reases and a 
hange in the blo
k pri
ing stru
ture after demand has stabilized following adrought, allowing us to more 
leanly identify pri
e elasti
ity. Se
ond, the IBP stru
ture in this paper a�e
tsmost households. The se
ond blo
k of many IBP systems is set so high that the average 
onsumer is nota�e
ted by the blo
k stru
ture. In 
ontrast, the average household in our data set 
onsumes 17 units ofwater every two months, and therefore falls into the se
ond blo
k. The un
onditional model is likely to bemore valuable for a data set in whi
h most of the households are a�e
ted by the blo
k stru
ture. Third, ofthe few papers that model un
onditional residential water demand, this is the only paper to fully exploitthe panel nature of the data. We use the panel to validate our assumptions about potential household �xede�e
ts in the 
onditional demand model before applying them in the un
onditional demand model.The rest of this paper is organized as follows: Se
tion 2 reviews the residential water pri
ing literature;Se
tion 3 presents an e
onomi
 model of demand under an IBP system; Se
tion 4 des
ribes the data; Se
tion5 develops the e
onometri
 models and presents results; and Se
tion 6 
on
ludes.II. Previous LiteratureThe literature on residential water demand is extensive, and many of the empiri
al studies are summarizedin two meta-analyses by Espey et al. (1997) and Dalhuisen et al. (2003). Most studies have found that waterdemand is inelasti
 to pri
e 
hanges, and the 
onventional wisdom has been that moderate pri
e in
reases
annot provide adequate demand management. However, IBP stru
tures have be
ome in
reasingly popularas a means of en
ouraging water 
onservation.Blo
k pri
ing stru
tures are also found in the labor and ele
tri
ity markets, and mu
h of the literature onIBP systems originated in these two �elds. One of the �rst issues to arise in estimating pri
e elasti
ities underan IBP system is whether marginal pri
e or average pri
e is more relevant in explaining demand. In a seminalarti
le on blo
k pri
ing, Taylor (1975) proposes that both the marginal pri
e of the last unit 
onsumed, andeither average pri
e or total pri
e for the infra-marginal units, should be in
luded in a spe
i�
ation forele
tri
ity demand. A 1976 
omment by Nordin argues that the theoreti
ally 
orre
t spe
i�
ation shouldin
lude the marginal pri
e of the last unit 
onsumed and a �di�eren
e� variable. The di�eren
e variable isde�ned as the di�eren
e between what a 
onsumer a
tually paid, and what she would have paid had everyunit been at the marginal pri
e of the last unit 
onsumed. The Taylor/Nordin spe
i�
ation of marginal3



pri
e and di�eren
e prompted a debate over whether 
onsumers rea
t to marginal pri
e and di�eren
e, oraverage pri
e. Two tests (Opalu
h, 1982 and 1984; Shin, 1985) have been developed to empiri
ally testwhi
h spe
i�
ation is most appropriate. Unfortunately, the test proposed by Opalu
h does not a

ount forthe simultaneous 
hoi
e of marginal pri
e and quantity, and therefore produ
es biased results. Shin's test,whi
h was originally developed for a de
reasing blo
k pri
ing system, does a

ount for this simultaneityusing an instrumental variable (IV) method; he estimates a �per
eived pri
e parameter� to test how the pri
eper
eived by the 
onsumer relates to the average and marginal pri
es she fa
es. Nieswiedomy and Molina(1991) modify the interpretation of Shin's test for an IBP system. However, they point out that the results ofthe test 
an be in
on
lusive. If the 
onsumer responds to only marginal pri
e or only average pri
e, then theper
eived pri
e parameter should equal 0 or 1, respe
tively. However, if the 
onsumer responds to marginalpri
e and di�eren
e, then the model makes no predi
tions about what the sign or magnitude of the per
eivedpri
e parameter should be. This paper 
ondu
ts a similar test in Se
tion 5, but the results are in
on
lusive.Sin
e the test fails to reje
t the Taylor/Nordin spe
i�
ation, we follow most of the re
ent water demandliterature, and pro
eed by using marginal pri
e and di�eren
e.Another issue to arise in the estimation of water demand under an IBP system is the simultaneous
hoi
e of marginal pri
e and quantity. A 
onsumer's 
hoi
e of quantity also di
tates her �
hoi
e� of marginalpri
e. Due to the nature of the IBP system, quantity and marginal pri
e are positively 
orrelated; therefore,regressing quantity on marginal pri
e will produ
e results that are biased upwards. Several IV2 methodshave been used in an attempt to address this simultaneity bias (Deller et al. 1986). One of the more 
ommonmethods is to use all of the blo
k pri
es as instruments for the marginal pri
e, and then to regress 
onsumptionon estimated marginal pri
e in the se
ond stage. Although IV methods 
an 
orre
t the simultaneity bias,they have several short
omings. First, even if pri
es 
hange, the 
onsumer is assumed to remain within theblo
k in whi
h she is observed, so the estimated elasti
ity is 
onditional on the dis
rete 
hoi
e. Se
ond,observations at the �kinks� (points at whi
h the pri
e 
hanges) must be assigned to a blo
k or dropped.Third, and perhaps most importantly for poli
ymakers, IV methods 
annot predi
t the e�e
t of 
hangingthe blo
k pri
ing stru
ture (Olmstead et al. 2005).The DCC model was developed to explain the simultaneous 
hoi
es of blo
k and 
onsumption in the laborliterature (Burtless and Hausman 1978), and was �rst applied to water pri
ing in a Ph.D. thesis (Hewitt 1993).The theory of the DCC model is dis
ussed in Se
tions 3 and 5. Only a handful of papers have previouslyused the DCC model to estimate residential water demand (Hewitt and Hanemann 1995; Olmstead et al.2We use the term �IV� here to refer to both instrumental variables and two-stage-least-squares (2SLS) methods.4



2005; Pint 1999; Rietveld et al. 1997) be
ause the model requires household-level 
onsumption data and is
omputationally expensive.A meta-analysis of water pri
ing literature indi
ates that the DCC model may provide higher elasti
ityestimates than IV models (Dalhuisen et al. 2003). For example, Hewitt and Hanemann (1995) apply theDCC model to water use data in Denton, Texas, and estimate a pri
e elasti
ity of approximately -1.5. Aslightly di�erent version of the data set was previously used in an IV analysis by Nieswiedomy and Molina(1989), who �nd that demand is pri
e inelasti
.IBP stru
tures are also 
orrelated with higher elasti
ity estimates. In their meta-analysis, Espey et al.(1997) �nd that the absolute value of pri
e elasti
ity is higher for 
ities with IBP stru
tures than for 
itieswith �at or de
reasing blo
k rate stru
tures. Olmstead et al. (2005) expli
itly 
onsider this link by using datafrom 11 
ities in the United States and Canada with �at and IBP stru
tures. The average pri
e elasti
ityfor the IBP 
ities is -0.61, while the average pri
e elasti
ity for the �at rate 
ities is -0.33. However, a 
ausallink between IBP stru
tures and higher elasti
ities has not been established.As dis
ussed above, this paper di�ers from the previous studies that model un
onditional demand inseveral ways. First, none of the previous studies have in
luded both the ri
h 
ross-se
tional and timevariation found in our data set. Rietveld et al. (1997) estimate elasti
ity based on a 
ross-se
tion of 220households, and Olmstead et al. (2005) estimate short-run elasti
ity using data from 1,082 households overa 1-year period. Our study avoids the typi
al omitted variable bias asso
iated with 
ross-se
tional studies,be
ause it in
ludes pri
e 
hanges within one 
ity over time. Hewitt and Hanemann (1995) use data from 121households over a 5-year period, and only in
lude houses with outdoor water use. Pint (1999) has a longerand larger panel, 
overing 599 households over 11 years. However, the pri
e variation in her data set o

urslargely during the 1987-1992 California drought. Sin
e she does not a

ount for drought-related, non-pri
e
ontrols, su
h as rationing, that o

ur at the same time as the pri
e in
reases, it is di�
ult to distinguish thee�e
ts of the pri
e in
reases from the e�e
ts of the non-pri
e 
ontrol measures. The data set in this paperin
ludes several pri
e in
reases that o

urred after demand had stabilized following the California drought,and purposefully ex
ludes the drought years in several spe
i�
ations in order to avoid potential bias fromnon-pri
e measures.Se
ond, the average household in our data set 
onsumes in the se
ond blo
k, and is therefore a�e
tedby the blo
k pri
ing stru
ture. The blo
k stru
ture in Hewitt and Hanemann (1995) begins at 27 CCF permonth, while the stru
ture in Pint (1999) begins at 14 CCF per month. Neither of these blo
k rates wouldhave a�e
ted the average household (whi
h 
onsumed 20 CCF and 13.5 CCF per month, respe
tively).5



Finally, of the studies that model un
onditional demand, this is the only one that fully exploits the panelnature of the data. Rietveld et al. (1997) use a 
ross-se
tion. While Olmstead et al. (2005) have multipleobservations from households over time, their data only 
over two two-week periods during one year, andtheir identi�
ation is largely based on 
ross-se
tional variation in pri
es. Hewitt and Hanemann (1995) andPint (1999) have longer panels, but neither takes advantage of the panel to test for household �xed e�e
ts.Pint (1999) does in
lude a �xed e�e
ts model; however, her �xed e�e
ts regression does not a

ount for thesimultaneous 
hoi
e of marginal pri
e and quantity, so the results are biased and re�e
t a positive 
orrelationbetween pri
e and 
onsumption over mu
h of the pri
e range. The nature of the DCC model (spe
i�
ally,the assumption of normally distributed errors) pre
ludes the use of �xed e�e
ts in estimating un
onditionaldemand. However, we estimate 
onditional demand using both random e�e
ts and �xed e�e
ts assumptions.The results of a Hausman test 
omparing the random and �xed e�e
ts spe
i�
ations support the randome�e
ts assumptions, whi
h we 
arry over to the un
onditional demand model.III. Deriving the Demand Fun
tionThis se
tion brie�y presents an e
onomi
 theory of demand under an IBP system, and is largely based onHanemann (1984), Hewitt (1993, Chapter 3) and Mo�tt (1986).Suppose that water has an in
reasing blo
k pri
ing s
hedule, with K blo
ks (k=1,....,K) and (K-1) �kinks�(quantities at whi
h the pri
e in
reases), as follows:
C(Q) =






P1Q

P1Q1 + P2(Q − Q1)
...∑K−1

j=1
Pj(Qj − Qj−1) + PK(Q − QK−1)

0 < Q < Q1

Q1 ≤ Q < Q2

...

Q ≥ QK−1

(1)where
Q=quantity 
onsumed
C(Q)=total 
ost of quantity Q
Qk=quantity at kink k
Pk=marginal pri
e in blo
k kWe 
an rewrite the payment s
hedule in terms of the di�eren
e variable, whi
h was introdu
ed in Se
tion 2.Ea
h blo
k or kink determines part of the budget 
onstraint, so we denote 
onsumption in blo
k or kink kas 
onsumption in budget subset k. Conditional on lo
ating in budget subset k, the payment s
hedule is

6



Ck(Q) =
k−1∑

j=1

Pj(Qj − Qj−1) + Pk(Q − Qk−1) =
k−1∑

j=1

(Pj − Pj+1)Qj + PkQ (2)Note that the left hand side of the above equation is the total amount paid by the 
onsumer, while these
ond term on the right hand side is the amount the 
onsumer would have paid had all units been pri
edat the marginal pri
e of the last unit 
onsumed. We de�ne the di�eren
e variable for budget subset k as
Dk = PkQ − Ck(Q) =

k−1∑

j=1

(Pj+1 − Pj)Qj (3)We 
an now rewrite the 
onditional payment s
hedule as
Ck(Q) = PkQ − Dk (4)The di�eren
e variable a
ts as a lump-sum 
hange in in
ome, and we de�ne virtual in
ome to be the sum ofa
tual in
ome (Y ) and di�eren
e (Dk) for budget subset k.Figure 1a shows an example of a budget 
onstraint for a 2-blo
k system. The a
tual budget 
onstraintis shown in dark lines. The kink (Q1) o

urs at the 
onsumption level where the marginal pri
e in
reases.The slope of the dark line below Q1 is based on the (lower) marginal pri
e in blo
k 1, while the slope of thedark line above Q1 is based on the (higher) marginal pri
e in blo
k 2. The dashed lines extend the pri
esfor blo
ks 1 and 2 beyond the quantities at whi
h they are relevant, for illustrative purposes. In
ome 
an beseen graphi
ally as the verti
al distan
e OA. The di�eren
e variable for a 
onsumer in blo
k 2 is representedby AB, and virtual in
ome is given by OB.
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The 
onsumer optimizes over water and a 
omposite good. Normalizing the pri
e of the 
omposite goodto one, and assuming the budget 
onstraint is binding, the 
onsumer's utility-maximization problem is
maxU(Q,X) subject to C(Q) + X = Y (5)where

Q = quantity of water 
onsumed
C(Q) =total 
ost of water
X =
omposite of other goods
Y =in
omeAs illustrated in Figure 1, the 
onsumer still fa
es a 
onvex, though oddly shaped, budget 
onstraint. Asusual, she optimizes where her indi�eren
e 
urve is tangent to the budget 
onstraint. In order to represent8



her optimization problem in a mathemati
ally tra
table manner, though, we break down her de
ision into adis
rete and a 
ontinuous 
hoi
e. The dis
rete 
hoi
e is whi
h budget subset to lo
ate in, and the 
ontinuous
hoi
e is how mu
h water to 
onsume, given a budget subset. We �rst 
onsider the 
ontinuous 
hoi
e,
onditional on the dis
rete 
hoi
e. Suppose the 
onsumer has 
hosen budget subset k, and thus fa
es thepri
e Pk and the virtual in
ome Y + Dk. The utility maximization then be
omes:
max U(Q,X) subject to PkQ + X = Y + Dk (6)Note that we have not 
onstrained the 
onditional demand to be in the budget subset k where the pri
e Pkand the virtual in
ome Y + Dk are relevant. Therefore, solving this utility maximization problem yields anun
onstrained (and therefore possibly infeasible) 
onditional demand fun
tion:

Q̃k =






Q̃(Pk, Y + Dk; θ)

Qk

for blo
k kfor kink point k (7)where θ represents other 
hara
teristi
s that a�e
t demand, su
h as demographi
 or weather variables.We now turn to the dis
rete 
hoi
e. Ea
h of the 
onditional demand fun
tions has an asso
iated 
ondi-tional indire
t utility fun
tion:
Ṽk =






Ṽ (Pk, Y + Dk; θ)

U(Qk, Y + Dk − PkQk)

for blo
k kfor kink point k (8)The 
onsumer 
hooses to 
onsume in budget subset k if Ṽk > Ṽj ∀j 6= k and if the 
onditional demand isfeasible (i.e., if the 
onditional demand for budget subset k, Q̃k, falls within the range where the pri
e Pkand the virtual in
ome Y + Dk are relevant). Mo�tt (1986) shows that we 
an 
ombine the dis
rete and
ontinuous 
hoi
es to get the 
onstrained (feasible) 
onditional demand for budget subset k :
Qk =






Qk−1

Qk

Q̃(Pk, Y + Dk; θ)

if Q̃(Pk,Y + Dk; θ) < Qk−1if Q̃(Pk,Y + Dk; θ) > Qkotherwise (9)Combining the feasible 
onditional demands for ea
h of the k budget subsets, we get the un
onditionaldemand fun
tion (Hewitt 1993):
9



Q =






Q̃(P1, Y + D1; θ)

Q1

Q̃(P2, Y + D2; θ)

...

Q̃(PK , Y + DK ; θ)

if Q̃(P1, Y + D1; θ) < Q1if Q̃(P2, Y + D2; θ) < Q1 < Q̃(P1, Y + D1; θ)if Q1 < Q̃(P2, Y + D2; θ) < Q2

...if Q̃(PK , Y + DK ; θ) > QK

(10)
The above derivation 
an be illustrated using the two-blo
k IBP system shown on Figures 1a and 1b.Consider a 
onsumer fa
ed with the pri
e of blo
k 1 for all units of water, not just those below Q1. Herbudget 
onstraint is represented by the dark line below Q1 (where there pri
e of blo
k 1 is the marginalpri
e) and the dashed line above Q1 (where a higher marginal pri
e is a
tually in e�e
t). She will 
hoose aquantity in blo
k 1 (point C on Figure 1a) if the usual optimum 
onditions are met at a point below Q1.Similarly, a 
onsumer fa
ed with the pri
e of blo
k 2 for all units of water will 
hoose a quantity in blo
k 2when the usual optimum 
onditions are met at a point above Q1 (point D on Figure 1a). Figure 1b showswhat happens when neither of these 
onditions is met. If the optimal 
onsumption at the lower pri
e (point
C ′ on Figure 1b) is greater than Q1, and the optimal 
onsumption at the higher pri
e (point D′ on Figure1b) is less than Q1, the 
onsumer will 
hoose to 
onsume at point E, the kink (Mo�tt 1986).IV. DataThe primary data set 
onsists of bi-monthly, household-level water 
onsumption and pri
e data for all single-family households served by the Santa Cruz Water Department from De
ember 1989 to November 2003. Theprimary data set is 
ombined with demographi
 and weather data.Consumption and Pri
e DataThe Santa Cruz Water Department served 18,402 single-family households between De
ember 1989 andNovember 2003. Approximately two-thirds of the single family households live in the City of Santa Cruz,while the remaining one-third live in surrounding suburbs and unin
orporated areas. The Water Department
harges higher rates to 
ustomers outside the City. It provides 
ombined water, sewer, and garbage servi
esto residents inside the City, but only water servi
es to those outside. Sin
e sewer rates are �at 
harges(not based on volume), we do not 
onsider them in this study. Households are billed every two months;approximately one-half of the households are billed in any given month.There were a substantial number of zero values for 
onsumption (89,150 out of nearly 1.5 million observa-tions, or almost 6%). A

ording to the water 
onservation manager at the Water Department, a 
onsumption10



value of zero indi
ates that no one was present in the house at the time. Some families only live in SantaCruz during 
ertain months of the year, or the house may have been uno

upied while on the market, or notyet 
onstru
ted (Goddard 2006). Therefore, we drop observations that had zero 
onsumption values.Although the data allow us to 
onstru
t a panel of water use for a given house over time, we are not ableto identify whether the same family lived at the same address over the entire period. Our assumptions aboutunobserved household heterogeneity (dis
ussed in detail in Se
tion 5) may be less appropriate if di�erentfamilies lived in the house during the period of interest. To investigate the potential extent of this problem,we turn to blo
k-group-level data3 from the 2000 Census. The Census indi
ates that between 57% and 91%of households in the relevant blo
k groups lived in the same house in 2000 as they did in 1995. Amongrenters, the average move-in date was 1995. However, we might expe
t that most single-family homes areowned; among homeowners, the average move-in date was 1987. Although these data are not 
on
lusive,they imply that the average single-family homeowner in Santa Cruz did not 
hange residen
e over the periodof interest. We therefore treat the data as a panel of households, ignoring the fa
t that the o

upants mayhave 
hanged over time.From 1989 to 1994, Santa Cruz had a 2-blo
k pri
ing stru
ture for water. Customers were billed bi-monthly, and there was a �xed 
harge. The marginal pri
e in blo
k 1 (units 1-8, where 1 unit=100 
ubi
feet=1 CCF) was lower than the marginal pri
e in blo
k 2 (units 9 and above). Pri
es for both blo
ks, aswell as the �xed 
harge, were in
reased in 1991, 1993, and 1995. In 1995, a third blo
k was introdu
ed forrevenue reasons, and to en
ourage water 
onservation. The kink between blo
ks 1 and 2 remained at 8 units,and the third blo
k started at 40 units. The marginal pri
e in blo
k 3 was approximately twi
e the marginalpri
e in blo
k 2. The rate in
rease was part of a three-year plan, whi
h also in
luded in
reases in the pri
esof all three blo
ks in 1996 and 1997. There were no nominal pri
e 
hanges between between 1998 and 2003.In terms of pri
e variation, there is a trade-o� to be made when using panel versus 
ross-se
tional data. Onone hand, the pri
e variation in 
ross-se
tional data is likely to be mu
h greater. Even though an individual
ity may 
hange its pri
es, the variation over time is not likely to be as great as the variation a
ross 
ities.In our data set, the pri
e of blo
k 1 varies by 36%, while the pri
e of blo
k 2 varies by 76%. Blo
k 3 isintrodu
ed, and the pri
e varies by approximately 22% afterwards. We might therefore be 
on
erned that ouridenti�
ation is based on a limited variation in pri
e. On the other hand, using a panel from one 
ity allowsus to solve the usual endogeneity problem that plagues 
ross-se
tional studies. We would expe
t 
ities that3A Census blo
k is a 
luster of households. A blo
k group in
ludes all blo
ks that start with the same 4-digit Censusidenti�
ation number. Ea
h relevant 2000 Census blo
k in
ludes (on average) 20 households in our sample, while ea
h relevant2000 Census blo
k group in
ludes (on average) 160 households in our sample.11



are more 
onservation-oriented, due to weather or other fa
tors, to have higher pri
es; we would also expe
t
itizens in those 
ities to adopt water-saving measures. Interpreting the variation in demand as 
aused bythe variation in pri
es a
ross 
ities is therefore likely to overstate pri
e elasti
ity. We argue that the abilityto avoid su
h endogeneity by using a panel from one 
ity outweighs the drawba
k of having a lower degreeof pri
e variation.The bi-monthly 
onsumption and pri
e data are summarized in Table 1. Pri
es are de�ated to January1990 US$ using the Bureau of Labor Statisti
s' Consumer Pri
e Index (CPI) for the San Fran
is
o-Oakland-San-Jose area, the nearest large metropolitan area to Santa Cruz (Bureau of Labor Statisti
s 2006). Table1 also in
ludes a variable 
alled �jurisdi
tion,� whi
h takes on a value of 1 if the household is inside the Cityof Santa Cruz, and 0 if it is outside.Demographi
 DataUsing Ar
Info Geographi
 Information SystemTM (GIS) software and TIGER/Line R© maps, ea
h house-hold was spatially mat
hed, or geo
oded, to the appropriate 1990 and 2000 Census blo
ks and blo
k groups.Out of 18,402 households, 265 
ould not be lo
ated and were dropped from the sample, leaving a total of18,137 households in the sample4.The Census data in this paper are from two types of surveys: Summary File 1 (SF1) and Summary File 3(SF3). The SF1 survey 
overs 100% of the population and in
ludes basi
 information su
h as age, ra
e, andhousehold size. The SF3 survey uses a 1-in-6 sample, and 
ontains more detailed demographi
 and housinginformation. For the 2000 Census, SF1 data are available at the blo
k level, while SF3 data are availableat the blo
k group level. The 1990 Census provides both SF1 and SF3 data at the blo
k group level. The18,137 households belong to 951 blo
ks and 114 blo
k groups in the 2000 
ensus, and 121 blo
k groups inthe 1990 Census. Sin
e the 
onsumption data span a period from 1989-2003, we use the average of the 1990and 2000 Census values. Table 1 summarizes the following Census variables:Number of Residents. We in
lude the median number of people in a household and expe
t, a priori, thatlarger households will 
onsume more water.Age of Residents. We in
lude the median age, as families at di�erent stages of life (e.g., families withsmall 
hildren vs. single people vs. the elderly) may have di�erent water use patterns.Household in
ome. We 
onstru
t bi-monthly household in
ome by dividing median annual in
ome by six.Assuming water is a normal good, we expe
t in
ome to be positively 
orrelated with water use.4Comparing water 
onsumption of the 265 dropped households to water 
onsumption of the remaining households did notindi
ate a signi�
ant di�eren
e between the two groups. 12



House age. We 
onstru
t this variable by subtra
ting the median year built from 19955. Modern housesmay use less water due to newer pipes and plumbing systems; however, modern houses may also have largerapplian
es that en
ourage more water use.Number of rooms and bedrooms. The median numbers of rooms and bedrooms are likely to be 
orrelatedwith house size and number of residents. We expe
t that water use will be positively 
orrelated with thenumber of rooms and bedrooms.Housing density. Large lots 
an signi�
antly in
rease outdoor water use, espe
ially during the summermonths. However, obtaining lot size data for over 18,000 households is prohibitively expensive. Therefore, weuse housing density as a proxy for lot size. We 
onstru
t this variable by dividing the number of householdsin a blo
k group by the area, whi
h is estimated using Ar
Info GIS TM software.Population density. We 
onstru
t this variable by dividing the number of people in a blo
k group by thearea. Higher population densities are likely to be 
orrelated with smaller lot sizes, indi
ating lower wateruse, as well as with larger numbers of residents, indi
ating higher water use.Fra
tion Owned. Although we might expe
t higher rates of home ownership among single-family house-holds than in the general population, we in
lude this variable as an imperfe
t measure of ownership toallow renters and owners to have di�erent water use patterns. It is 
onstru
ted by dividing the number ofhouseholds in a blo
k group that are owned by the total number of households.Weather DataTemperature, evapotranspiration (ETo), and rainfall data were 
olle
ted from the California IrrigationManagement Information System (CIMIS). Data from the DeLaveaga station, lo
ated near the 
enter ofSanta Cruz, are used from September 1990 to November 2003. The DeLaveaga station was not a
tive beforeSeptember 1990; therefore, data from the nearest station, Watsonville, lo
ated about 20 miles southeast ofSanta Cruz, are used from De
ember 1989 to August 1990. We expe
t temperature to be positively 
orrelatedwith water use. ETo is a measure of how mu
h water is lost to the atmosphere through evaporation andtranspiration. ETo and rainfall are likely to a�e
t outdoor water use, with demand in
reasing in ETo andde
reasing in rainfall.We also 
onstru
t a di�erent measure of temperature, in terms of degree days, from daily temperaturedata. We 
al
ulate ea
h day's 
ontribution to the total number of degree days that month by subtra
tinga baseline temperature (50◦F) from the average daily temperature. This measure, whi
h a

ounts for par-ti
ularly hot days during a month, may provide a better gauge of water needs than the monthly average5The year 1995 is used be
ause it is halfway between the two Census surveys.13



Table 1: Summary Statisti
sMean Std. Dev. Min MaxConsumption and Pri
e VariablesConsumption (CCFs) 17.16 13.01 1 887Blo
k 1 Pri
e (Jan. 1990 $) 0.60 0.09 0.43 0.77Blo
k 2 Pri
e (Jan. 1990 $) 1.38 0.24 0.79 1.83Blo
k 3 Pri
e* (Jan. 1990 $) 2.54 0.26 2.13 3.03Fixed Cost (Jan. 1990 $) 14.54 3.10 8.75 20.57Demographi
 VariablesJurisdi
tion (=1 within City) 0.63 0.48 0 1No. HH Members 2.11 0.35 0.5 4Age of All HH Residents 34.96 5.10 9.5 57Bi-Monthly In
ome (thousands of $) 6.34 1.92 1.81 16.67House Age (Years) 33.12 11.46 8 56No. Rooms 4.76 0.78 2 7No. Bedrooms 2.37 0.49 0.5 3Housing Density (houses/1000 m2) 1.08 0.64 0.001 7.12Population Density (people/1000 m2) 2.61 1.43 0.002 14.69Fra
tion Owned 0.59 0.19 0.01 0.95Weather VariablesAverage Temperature (degrees F) 55.75 4.83 45.9 73.43Maximum Temperature (degrees F) 67.66 5.95 58.15 88.58Degree Days (degrees F) 319.47 115.58 154.96 841.84Evapotranspiration (in
hes) 3.49 1.39 0.99 5.94Rainfall (in
hes) 2.67 2.92 0.00 14.16No. Observations* 1,470,062* Blo
k 3 did not exist prior to June 1995; therefore the number of observations is 930,304.temperature.Summary statisti
s for the weather data are presented in Table 1.V. Model Estimation and ResultsDue to the 
omplex nature of the un
onditional demand fun
tion (Equation 10), most of the water pri
ingliterature has fo
used on estimating 
onditional demand fun
tions. This paper begins by estimating a
onditional demand fun
tion with a 2SLS pro
edure frequently used in previous studies. We then estimateun
onditional demand using a DCC model.Estimating the Conditional Demand Fun
tion - A Two-Stage-Least-Squares ModelWe use a semi-log form for the 
onditional demand fun
tion for the ith household in time t :
Qkit = Pα

kite
κ+βDkit+X′

iγ+W ′

tδ+ω1dy+ω2ds+νit (11)where 14



Qkit=quantity of water demanded by household i in time t, 
onditional on being in the kth blo
k
Pkit=marginal pri
e fa
ed by household i in time t, 
onditional on being in the kth blo
k
Dkit=di�eren
e for household i in time t, 
onditional on being in the kth blo
k
Xi=ve
tor of 
ovariates of household i that do not vary over time (e.g., household size)
Wt=ve
tor of 
ovariates in time t that do not vary a
ross households (e.g., ETo)
dy=dummy ve
tor for year y
ds =dummy ve
tor for season s6
νit=error term for household i in time tWe begin by assuming that the error term (νit) is made up of: (1) time-invariant, household-level hetero-geneity (ci) and (2) a 
omponent that a�e
ts di�erent households di�erently over time (εit). Breaking downthe error into these two 
omponents, taking logs, and dropping the subs
ript k for notational ease, we have:

ln(Qit) = κ + α ln(P )it + βDit + X ′
iγ + W ′

tδ + ω1dy + ω2ds + ci + εit (12)We begin with an OLS analysis, whi
h requires that E(εit|Pit,Dit,Xi,Wt, dy, ds, ci) = 0∀ t = 1, ..., T and
E(ci|Pit,Dit,Xi,Wt, dy, ds) = E(ci) = 0 for 
onsisten
y. Spe
i�
ation (1) in Table 2 presents the OLSresults. The positive 
oe�
ient on pri
e (1.23) is signi�
ant and indi
ates that higher marginal pri
es are
orrelated with higher 
onsumption. However, as dis
ussed in Se
tion 2, higher draws of εit are 
orrelatedwith higher marginal pri
es. The stri
t exogeneity assumption is therefore violated.To over
ome this problem, we use a 2SLS method that is originally due to Wilder and Willenborg(1975), and that has been used in several previous papers on water demand (see, e.g., Hewitt and Hanemann1995; Nieswiedomy and Molina 1989). This method uses the �xed 
osts and blo
k pri
es set by the WaterDepartment as instruments for marginal pri
e and di�eren
e. The �xed 
osts and blo
k pri
es are 
orrelatedwith the marginal pri
e and di�eren
e fa
ed by a household. However, following the arguments of Taylor(1975) and Nordin (1976), they should not a�e
t demand other than through marginal pri
e and di�eren
e.At this point, we return to the question of whether the Taylor/Nordin spe
i�
ation is appropriate, or if
onsumers rea
t to average pri
e, as dis
ussed in Se
tion 2. We follow Nieswiedomy and Molina (1991) andimplement Shin's (1985) test for whether 
onsumers rea
t to average or marginal pri
e under an IBP system.Our results show that the per
eived pri
e parameter is greater than one. This implies that the 
onsumerdoes not rea
t solely to marginal pri
e; however, it is not 
lear whether she rea
ts to average pri
e, or tomarginal pri
e and di�eren
e. We therefore 
ontinue to follow the Taylor/Nordin spe
i�
ation of marginalpri
e and di�eren
e, although further work in this area may be justi�ed.6We in
lude time dummies for ea
h year (dy, to allow a time trend) as well as for ea
h season, a
ross all years (ds, to a

ountfor seasonality). However, due to the nature of the pri
e 
hanges, we 
annot in
lude a time dummy for every time period (e.g.,spring 1994). This issue is dis
ussed in more detail below. 15



Table 2: OLS and 2SLS Parameter Estimates(1) OLS (2) 2SLS (3) 2SLS (4) 2SLS (5) 2SLS (6) 2SLSMarginal Pri
e 1.232*** -0.292*** -0.775*** -0.764*** -0.821*** -0.809***(0.005) (0.042) (0.103) (0.087) (0.139) (0.144)Di�eren
e 0.0029*** -0.022*** -0.006 -0.007 -0.012** -0.012**(0.0001) (0.004) (0.004) (0.006) (0.005) (0.006)Degree Days -0.00003 0.00036 0.0002*** 0.0002*** 0.0002*** 0.0002***(0.0001) 0.0004 (0.00003) 0.00004 0.00004 0.00004Eto 0.065*** 0.111*** 0.122*** 0.123*** 0.11*** 0.11***(0.001) (0.003) (0.006) (0.007) (0.007) (0.007)Rainfall -0.004*** -0.012*** -0.011*** -0.011*** -0.014*** -0.013***(0.0002) (0.0006) (0.0006) (0.0005) (0.0009) (0.0009)Jurisdi
tion 0.26*** -0.093*** -0.267*** -0.228*** � �(0.005) (0.012) (0.023) (0.013)No. Residents � � � 0.035** 0.028 �(0.017) (0.021)Resident Age � � � 0.006*** 0.007*** �(0.001) (0.001)In
ome � � � -0.0003 0.013 �(0.011) (0.022)House Age � � � -0.004*** -0.001 �(0.0004) (0.001)No. Rooms � � � 0.038* 0.02 �(0.02) (0.035)No. Bedrooms � � � 0.009 0.048 �(0.021) (0.026)Housing Density � � � -0.31*** -0.261*** �(0.02) (0.043)Pop. Density � � � 0.11*** 0.091*** �(0.008) (0.017)Fra
tion Owned � � � 0.491*** 0.524*** �(0.042) (0.082)Constant 2.514*** 2.049*** 2.37*** 1.747*** 1.234*** �(0.007) (0.057) (0.051) (0.154) (0.138)Time Dummies Yes Yes Yes Yes Yes YesDrought Ex
luded No No Yes Yes Yes YesCity Only No No No No Yes YesFixed E�e
ts No No No No No YesSample Size 1,470,062 1,470,062 1,171,347 1,171,347 742,241 742,241F-Statisti
 6,918.61 4,918.66 3,964.26 3,071.33 1,928.32 471.60p-value 0.00 0.00 0.00 0.00 0.00 0.00Dependent variable is log of 
onsumption.***, **, and * represent 1%, 5%, and 10% signi�
an
e levels, respe
tively.Standard errors (in parenthesis) are 
lustered at the household level in Spe
i�
ation 1. Standarderrors are 
al
ulated by a non-parametri
 blo
k bootstrap, whi
h resamples a
ross households inSpe
i�
ations 2, 3, and 6, and a
ross blo
k groups in Spe
i�
ations 4 and 5.
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Table 3: 2SLS First-Stage Estimates(2) 2SLS (3) 2SLS (4) 2SLS (5) 2SLS (6) 2SLSln(MP) Di� ln(MP) Di� ln(MP) Di� ln(MP) Di� ln(MP) Di�Blo
k 1 Pri
e 1.390*** -15.116*** 0.782*** -16.499*** 0.792*** -15.813*** 0.780*** -22.72*** 0.78*** -22.993***(0.010) (0.259) (0.022) (0.552) (0.023) (0.548) (0.0517) (2.2571) (0.026) (0.663)Blo
k 3 Pri
e -0.027*** 2.238*** 0.011*** 1.528*** 0.011*** 1.503*** 0.006 1.748*** 0.006 1.739***(0.004) (0.112) (0.004) (0.112) (0.004) (0.112) (0.008) (0.382) (0.004) (0.127)Degree Days 0.0001*** 0.007*** 0.00007*** 0.006*** 0.00007*** 0.006*** 0.00007*** 0.006*** 0.00007*** 0.006***(0.000005) (0.0002) (0.000005) (0.0002) (0.0002) (0.0002) (0.0003) (0.0011) (0.000007) (0.0003)Eto 0.025*** 0.498*** 0.029*** 0.61*** 0.029*** 0.621*** 0.027*** 0.468*** 0.027*** 0.461***(0.001) (0.02) (0.001) (0.025) (0.001) (0.025) (0.002) (0.098) (0.001) (0.031)Rainfall -0.005*** -0.031*** -0.004*** -0.016*** -0.004*** -0.009** -0.004*** -0.019** -0.004*** -0.023***(0.0001) (0.004) (0.0002) (0.004) (0.0002) (0.004) (0.0003) (0.007) (0) (0.005)Jurisdi
tion 0.078*** -0.419*** -0.072*** -0.325*** -0.064*** -0.035 � � � �(0.0044) (0.113) (0.0063) (0.1629) (0.0067) (0.168)No. Residents � � � � 0.006*** 0.225 0.011 0.192 � �(0.006) (0.139) (0.022) (0.697)Resident Age � � � � 0.002*** 0.066*** 0.002 0.062* � �(0.00049) (0.010) (0.00145) (0.03341)In
ome � � � � -0.011*** -0.742*** 0.002 -0.445** � �(0.003) (0.06) (0.006) (0.213)House Age � � � � -0.001*** -0.036*** -0.0002 -0.03* � �(0.0002) (0.004) (0.001) (0.017)No. Rooms � � � � 0.021*** 2.256*** 0.005 1.397* � �(0.007) (0.176) (0.024) (0.723)No. Bedrooms � � � � 0.014** -0.08 0.013 0.025 � �(0.006) (0.141) (0.02) (0.461)Housing Density � � � � -0.086*** -1.364*** -0.073** -1.368** � �(0.01) (0.188) (0.031) (0.584)Pop. Density � � � � 0.034*** 0.291*** 0.027** 0.215 � �(0.004) (0.085) (0.013) (0.292)Fra
tion Owned � � � � 0.186*** 1.227*** 0.164* 0.79 � �(0.019) (0.388) (0.089) (1.528)Constant 0.599*** -20.767*** 0.496*** -22.472*** 0.304*** -29.303*** 0.195* -31.018*** � �(0.006) (0.161) (0.01) (0.251) (0.025) (0.63) (0.1) (3.726)Time Dummies Yes Yes Yes Yes Yes Yes Yes Yes Yes YesDrought Ex
luded No No Yes Yes Yes Yes Yes Yes Yes YesCity Only No No No No No No Yes Yes Yes YesFixed E�e
ts No No No No No No No No Yes YesSample Size 1,470,062 1,470,062 1,171,347 1,171,347 1,171,347 1,171,347 742,241 742,241 742,241 742,241F-Stat (all instr.) 7,805.13 2,503.08 1,829.24 619.16 1,275.47 435.47 1,200.21 184.23 1,059.92 343.91p-value (all instr.) 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00F-Stat (ex
luded instr.) 12,869.20 1,838.58 89.26 47.16 861.72 416.55 332.80 131.96 560.92 619.55p-value (ex
luded instr.) 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00Dependent variables are ln(marginal pri
e) and di�eren
e.***, ** and * represent 1%, 5% and 10% levels of signi�
an
e, respe
tively.MP=Marginal pri
e, Di�=Di�eren
eStandard errors (in parentheses) are 
lustered at the household level in Spe
i�
ations 1, 2, 3 and 6, and at the blo
k group level in Spe
i�
ations 4 and 5.
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There are four potential ex
luded instruments (the pri
e for ea
h of the three blo
ks and the �xed
osts) and only two endogenous regressors (marginal pri
e and di�eren
e). Therefore, it would be ideal touse all four instruments and 
he
k the validity of the the ex
lusion restri
tions with an over-identi�
ationtest. Unfortunately, three of the instruments (the pri
es for blo
ks 1 and 2, and �xed 
osts) are highly
orrelated. When all four instruments are in
luded, the �rst stage su�ers from multi
ollinearity, and thematrix of instruments 
annot be inverted. Therefore, we only use the pri
es for blo
ks 1 and 3 as ex
ludedinstruments7.We de�ne a ve
tor of instruments Zit = (P1t, P3t,X
′
i,W

′
t , dy, ds)

′ where P1t and P3t are the pri
es forblo
ks 1 and 3 at time t, respe
tively. For notational ease, let Zi = (Z ′
i1,...,Z

′
iT )′. In the �rst stage, we estimate

P̂it and D̂it by the following regressions:
Pit = κ1 + ZitΠ1 + ζit and Dit = κ2 + ZitΠ2 + υit (13)where we assume that E(ζit|Zi) = 0 and E(υit|Zi) = 0∀ t = 1, ..., T . In the se
ond stage, we assume that

E(εit|, Zi, ci) = 0∀ t = 1, ..., T and E(ci|Zi) = E(ci) = 0 and use the estimated values from the �rst stageregressions:
ln(Qit) = κ + α ln(P̂it) + βD̂it + X ′

iγ + W ′
tδ + ω1dy + ω2ds + ci + εit (14)Spe
i�
ation (2) in Table 2 shows the results of the basi
 2SLS, random e�e
ts regression. Now the 
oe�
ienton marginal pri
e is signi�
ant and negative (-0.29). Sin
e the 
onditional demand is in semi-log form, thisimplies that a 1% in
rease in marginal pri
e would produ
e a 0.29% de
rease in 
onsumption. All of the2SLS regressions show �rst strong stage 
orrelations between the ex
luded instruments and the endogenousregressors; results are presented in Table 3.Spe
i�
ation (2) in
ludes data from De
ember 1989 to November 2003. California experien
ed a severedrought from 1987 to 1992. During this time, the Water Department used various voluntary and mandatory
ontrols, in addition to pri
e in
reases, to redu
e water 
onsumption. At the height of the drought in 1990,a rationing program was implemented. Under this program, a typi
al single family was allo
ated 17 CCFevery two months; units above 17 CCF were subje
t to a $5/unit sur
harge for up to 10% over the limit,and a $25/unit sur
harge above that. In 1992, an ex
ess use fee was 
harged for units over 55 CCF8. Other7The �rst-stage partial F-statisti
s and partial R-squared values were 
al
ulated for ea
h of the three potential instrument
ombinations (blo
ks 1 and 3, blo
ks 2 and 3, �xed 
ost and blo
k 3). The F-statisti
 and R-squared values for the blo
k1/blo
k 3 
ombination were slightly higher than the others; therefore, this 
ombination of instruments was 
hosen.8Although these programs used pri
e in
entives to 
ontrol water use, they were not 
onsidered by the Water Department18



mandatory and voluntary non-pri
e water 
onservation programs were also implemented (Goddard 2006).Total monthly 
onsumption dropped steeply from mid-1989 to the end of 1990. Water use returned tomid-1989 levels, and began to stabilize, after the drought ended in 1992 (Maddaus Water Mgmt. 1998). Thedrought re
overy 
oin
ided with a steep rate in
rease. Therefore, although mu
h of the in
rease in water useduring this time might be attributed to a de
line in non-pri
e drought poli
ies, our analysis will in
lude apositive 
orrelation between marginal pri
e and 
onsumption during these years, and we would expe
t the
oe�
ient on marginal pri
e to be attenuated. Spe
i�
ation (3) therefore re-estimates the model using onlythe data from 1993-2003. As expe
ted, the pri
e elasti
ity is now more negative, at -0.78.Spe
i�
ations (4), (5), and (6) further re�ne the 2SLS model. Spe
i�
ation (4) in
ludes Census blo
k-group level data, 
orre
ting the standard errors for possible intra-blo
k-group 
orrelation. Spe
i�
ation(5) ex
ludes households outside the City of Santa Cruz. Households outside the City fa
ed a higher pri
ethan households inside the City; we might be 
on
erned that pri
e di�eren
es are 
orrelated with unobserveddi�eren
es between these two populations. On
e we restri
t ourselves to households within the City, we are nolonger 
on
erned that the ex
luded instruments - the pri
es of blo
ks 1 and 3 - are 
orrelated with unobserved,time-invariant heterogeneity be
ause all households within the City fa
ed the same pri
e s
hedule at thesame time. However, we might still be 
on
erned that some of our in
luded instruments - spe
i�
ally, theCensus blo
k-group level data on household 
hara
teristi
s - 
ould be 
orrelated with unobserved householdheterogeneity. Spe
i�
ation (6) addresses this issue with a �xed e�e
ts model, whi
h allows us to drop theassumption that E(ci|Zi) = E(ci) = 0. The pri
e elasti
ity estimate is robust to all of these spe
i�
ations,and remains between -0.76 and -0.82. We also perform a Hausman test to 
ompare the �xed e�e
ts estimatein Spe
i�
ation (6) to the random e�e
ts estimate in Spe
i�
ation (5)9. Note that Spe
i�
ations (5) and (6)are the same, expe
t that the time-invariant demographi
 
hara
teristi
s drop out of the �xed e�e
ts model.The Hausman test statisti
 is 0.00003, so we fail to reje
t the null hypothesis that the household �xed e�e
tsare un
orrelated with the instruments. We are therefore 
on�dent in ignoring potential �xed e�e
ts in ourun
onditional demand model.In Spe
i�
ations (2)-(6), the 
oe�
ients on the other parameters generally have the expe
ted signs,ex
ept for the di�eren
e and in
ome variables. Assuming that water is a normal good, we would expe
t bothto be rate in
reases, nor were they permanent, like the 1991 and 1993 pri
e 
hanges. The 1990 program, in parti
ular, wasimplemented as a rationing program, not a pri
e in
rease. We therefore distinguish between the 1991/1993 rate in
reases andthe 1990/1992 fees in this paper.9The random e�e
ts estimator in Spe
i�
ation (5) is unlikely to be fully e�
ient, so a simple Hausman test statisti
 is invalid.To a

ount for the intra-household 
orrelation in both models, as well as the intra-blo
k-group 
orrelation in Spe
i�
ation (5),the varian
e of the di�eren
e between the 
oe�
ients is estimated by a nonparametri
 bootstrap. Re-sampling is performed overblo
k groups for the random e�e
ts model and over households for the �xed e�e
ts model. The usual Hausman test statisti
 isthen 
al
ulated using the bootstrapped varian
e matrix (Cameron and Trivedi 2005, p. 718).19



di�eren
e and in
ome to be positively 
orrelated with 
onsumption. The 
oe�
ient on di�eren
e is negativein all of our 2SLS regressions, and signi�
ant in three of them. The 
oe�
ient on in
ome is not signi�
antin any spe
i�
ation, and swit
hes sign. However, we should interpret the 
oe�
ients on these variables with
aution. IBP theory predi
ts that the di�eren
e variable should a
t as a lump-sum 
hange in in
ome, andthus only virtual in
ome (in
ome plus di�eren
e) should enter the demand fun
tion. We separate the twovariables in this study be
ause it may be inappropriate to 
ombine the di�eren
e variable, whi
h varies byhousehold and month, with our proxy for in
ome, whi
h varies by blo
k-group and does not 
hange overtime. Sin
e this de
omposition is not entirely 
onsistent with utility theory (Hewitt 2000), the 
oe�
ientson di�eren
e and in
ome may not be e
onomi
ally meaningful.Spe
i�
ations (5) and (6) address 
orrelations between the instruments and time-invariant, householdheterogeneity. We now 
onsider potential 
orrelations between the instruments and unobserved, time-varying
omponents of the error term. While our time dummies 
ontrol for the average 
onsumption in a given year,as well as the average 
onsumption in any given season, a
ross all years, we 
annot 
ontrol for an unobservedsho
k during every time period. In
luding a time dummy for every season (su
h as spring 1994) in
orporatesso mu
h of the variation in our ex
luded instruments that the �rst stage regression is degenerate.As dis
ussed in the previous se
tion, the most important series of pri
e in
reases studied in this papertook pla
e between 1995 and 1997. The rate in
reases for 1995, 1996, and 1997 were approved on April 1,1995, and took pla
e as s
heduled in June of ea
h year. The fa
t that the rate in
reases were instituted inadvan
e by the Water Department gives us 
on�den
e that they were not imposed in rea
tion to unobservedfa
tors that a�e
ted demand. However, the rate in
reases may still be (unintentionally) 
orrelated with otherfa
tors that shifted demand.The most likely 
andidate for su
h an unobserved 
orrelation is weather. Figures 2a and 2b show that thesummer of 1995 was wetter than, but about as warm as, the average summer. Part of the lower-than-averagesummer 
onsumption in 1995 is likely due to lower outdoor watering needs, and we might be 
on
erned thatpart of the lower summer 1995 
onsumption may be inappropriately attributed to the 1995 rate in
rease.However, in order for su
h a 
orrelation to bias our results, two things would have to o

ur. First, the
orrelation between pri
e 
hanges and weather-indu
ed 
onsumption 
hanges would have to be 
onsistentlypositive or negative over time. We have no reason to think this is the 
ase; the summers of 1996 and 1997,during whi
h additional pri
e in
reases o

urred, were hotter and dryer than other summers, respe
tively.Se
ond, our weather variables would have to 
onsistently over- or underestimate the true weather. As arobustness 
he
k, we run Spe
i�
ations (5) and (6) using three di�erent measures of the temperature -20



average temperature, maximum temperature, and degree-days - to see if our results 
hange. The 
oe�
ienton marginal pri
e varies slightly a
ross these spe
i�
ations, but is generally robust to all three measures oftemperature. This result, and the robustness of our estimates in Spe
i�
ations (3)-(6), give us 
on�den
e inour estimate of 
onditional pri
e elasti
ity.
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Figure 2a: Evapotranspiration Minus Rainfall
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Figure 2b: Degree Days

Figure 2a shows ETo minus rainfall, a measure of net outdoor water needs, averaged over the June, July and August billingperiods. Figure 2b shows degree days, averaged over the same months.Estimating the Un
onditional Demand Fun
tion - A Dis
rete-Continuous Choi
e ModelIn the 
onditional demand model, the 
oe�
ient on marginal pri
e tells us by how mu
h demand de
reasesif we in
rease marginal pri
e by 1%, holding di�eren
e 
onstant, for all 
onsumers. However, this is notpre
isely what happens when we 
hange one or more pri
es under an IBP system. For example, we mightin
rease the pri
e of the third blo
k without 
hanging the �xed 
osts or the pri
es of blo
ks one and two.Taking 
hoi
e of blo
k as given, 
onsumers in the third blo
k will fa
e an in
rease in marginal pri
e withdi�eren
e un
hanged. However, 
onsumers in the �rst and se
ond blo
ks will not fa
e a marginal pri
e
hange. We might attempt to simulate this poli
y 
hange by only applying the marginal pri
e in
reaseto 
onsumers observed in the third blo
k and 
al
ulating the 
hange in expe
ted water demand. Su
h anestimate would still be in
omplete, as it ignores the fa
t that 
onsumers 
an swit
h between blo
ks.An un
onditional, DCC model 
an over
ome this di�
ulty by introdu
ing two separate error termsinto the demand equation. Burtless and Hausman (1978) �rst used a two-error, DCC model to estimatethe e�e
t of taxes on labor supply. The heterogeneous preferen
es error term, ε, a�e
ts the optimizationde
ision, be
ause it represents household preferen
es that 
annot be observed by the e
onometri
ian. It doesnot a�e
t the 
onditional demand at the kink points be
ause a variety of preferen
es support 
onsumptionthere. To illustrate this point, 
onsider Figure 1b. If the indi�eren
e 
urve that runs through point E weretilted slightly to the left or right, optimal 
onsumption would still be at the kink point. However, if the21



indi�eren
e 
urve through point D′ were tilted slightly, optimal 
onsumption would no longer o

ur at thatpoint. The per
eption error, η, arises after the optimization de
ision has been made. It 
an o

ur for avariety of reasons, in
luding measurement error in the dependent variable, su
h as misreading the watermeter. It therefore a�e
ts all of the 
onditional demands, in
luding those at the kinks (a water meter 
anbe misread just as easily for a 
onsumption of 40 CCF, at a kink point, as for a 
onsumption of 20 CCF, ina blo
k).The ε term allows a di�eren
e between predi
ted and observed 
onsumption, while the η term allowsobserved and a
tual 
onsumption to di�er. For example, we might predi
t, based on demographi
 andweather 
hara
teristi
s, that a household's optimal 
onsumption is 42 CCF (in blo
k 3). The householdmay have a positive draw of ε, so that it a
tually 
onsumes 45 CCF (in blo
k 3), and a negative draw of
η, so that we observe it at 39 CCF (in blo
k 2). The OLS model assigns the 
onsumer the lower (blo
k 2)marginal pri
e, and does not allow any probability that the 
onsumer was a
tually in blo
k 3, and made theoptimization de
ision while fa
ing the higher marginal pri
e. It therefore 
reates a 
orrelation between thenegative draw of ε + η and the lower (observed) marginal pri
e. The DCC model avoids this 
orrelation byassigning any household, no matter what blo
k it is observed in, a positive probability of having a
tuallybeen in any other blo
k, depending on its draw of error terms.We add the two error terms to the un
onditional demand fun
tion (Equation 10), using a 3-blo
k stru
-ture:

Q = η +






Q̃(P1, Y + D1, ε; θ)

Q1

Q̃(P2, Y + D2, ε; θ)

Q2

Q̃(P3, Y + D3, ε; θ)

Q̃(P1, Y + D1, ε; θ) < Q1

Q̃(P2, Y + D2, ε; θ) < Q1 < Q̃(P1, Y + D1, ε; θ)

Q1 < Q̃(P2, Y + D2, ε; θ) < Q2

Q̃(P3, Y + D3, ε; θ) < Q2 < Q̃(P2, Y + D2, ε; θ)

Q̃(P3, Y + D3, ε; θ) > Q2

(15)
We use the same fun
tional form for 
onditional demand as we used in the 2SLS model and follow the �nal2SLS, random e�e
ts spe
i�
ation, whi
h ex
ludes the drought years as well as households outside the City,and in
ludes Census 
ontrols. Let q be the log of observed demand, qk be the log of demand at kink point k,and q̃k = ln(Q̃k) = κ + α ln(P )k + βDk + X ′γ + W ′δ + ω1dy + ω2ds be the log of predi
ted, optimal demandin blo
k k (from now on, i and t subs
ripts are omitted to avoid 
lutter).We also assume that ε and η enter additively, are normally distributed, and are independent of ea
hother, so that η ∼ N (0, σ2

η) and ε ∼ N (0, σ2
ε ). The normality assumptions pre
lude us from in
luding simple22



�xed e�e
ts in the DCC model. However, the results of our 
onditional demand model give us 
on�den
e inignoring household �xed e�e
ts; the 
oe�
ients on marginal pri
e for our random and �xed e�e
ts modelsin Spe
i�
ations (5) and (6) were within 2% of ea
h other, and a Hausman test failed to reje
t that the �xede�e
ts were un
orrelated with the regressors.In
luding these assumptions and re-writing the right-hand-side of Equation 15, we get:
q =






q̃1 + ε + η

q1 + η

q̃2 + ε + η

q2 + η

q̃3 + ε + η

−∞ < ε < q1 − q̃1

q1 − q̃1 < ε < q1 − q̃2

q1 − q̃2 < ε < q2 − q̃2

q2 − q̃2 < ε < q2 − q̃3

q2 − q̃3 < ε < ∞

(16)
The expressions in the �rst 
olumn after the bra
ket in Equation 16 (e.g., q̃1 + ε + η) represent the
ontinuous 
hoi
e, while the expressions in the se
ond 
olumn (e.g., −∞ < ε < q1 − q̃1) represent thedis
rete 
hoi
e. Within a blo
k, ε + η a�e
ts the 
ontinuous 
hoi
e, while ε a�e
ts the dis
rete 
hoi
e (see,for example, the �rst line in Equation 16). Therefore, the probability of observing a parti
ular demand withinthat blo
k is the probability that we observe a spe
i�
 value of ε + η and a range of values for ε. Similarly,at a kink point, η a�e
ts the 
ontinuous 
hoi
e, while ε a�e
ts the dis
rete 
hoi
e (see, for example, these
ond line in Equation 16), so the probability of observing demand at that point is the probability that weobserve a spe
i�
 value of η and a range of values for ε. We 
an therefore write the probability of observinga parti
ular demand q as the sum of joint probabilities, whi
h gives us ea
h observation's 
ontribution tothe likelihood fun
tion:
Pr(q) = Pr (ε + η = q − q̃1,−∞ < ε < q1 − q̃1) + Pr (η = q − q1, q1 − q̃1 < ε < q1 − q̃2) + ...

... + Pr (ε + η = q − q̃3, q2 − q̃3 < ε < ∞) (17)
=

∫ q1−q̃1

−∞
f(ε+η,ε)(q − q̃1, ε)dε +

∫ q1−q̃2

q1−q̃1

f(η,ε)(q − q1, ε)dε + ... +

∫ ∞

q2−q̃3

f(ε+η,ε)(q − q̃3, ε)dε (18)We 
an use our independen
e and normality assumptions to simplify the joint distributions of (η, ε) and
(ε + η, ε). Sin
e ε and η are assumed to be independent, f(η, ε) = f(η)f(ε). Given our independen
e andnormality assumptions, the joint distribution of (ε + η, ε) is also normal, and 
an be fa
tored into marginal
(ε + η) and 
onditional (ε|ε + η) distributions. The 
omplete derivation of the log-likelihood fun
tion is not23



presented here; interested readers are referred to several previous publi
ations (e.g., Hewitt 1993, Waldman2000, Cavanaugh 2002) for more details. We de�ne ν = ε+η, σν = σε√
σε+ση

, and ρ = corr(ν, ε), and write thelog-likelihood fun
tion, summed over all households and time periods (as above, omitting i and t subs
riptsto avoid 
lutter):
lnL =

∑

i

∑

t

ln

[
1√

2πσν

exp

(−(q − q̃1)
2

2σ2
ν

)
Φ

(
q1−q̃1

σε
− ρ(q−q̃1)

σν√
1 − ρ2

)
+

1√
2πση

exp

(−(q − q1)
2

2σ2
η

)(
Φ

(
q1 − q̃2

σε

)
− Φ

(
q1 − q̃1

σε

))
+ ...

... +
1√

2πσν

exp

(−(q − q̃3)
2

2σ2
ν

)(
1 − Φ

(
q2−q̃3

σε
− ρ(q−q̃3)

σν√
1 − ρ2

))] (19)The �rst expression inside the log is the probability of being in blo
k 1 (0-8 CCF); the se
ond expressionis the probability of being at the �rst kink (8 CCF). Similar expressions for the se
ond blo
k and kink arenot shown, while the last expression is the probability of being in the third blo
k (40+ CCF). Starting at the2SLS parameter estimates from Spe
i�
ation (5) in Table 2, we maximize this log-likelihood fun
tion usingthe MAXLIK routine in GAUSS10, with the Berndt-Hall-Hall-Hausman (BHHH) des
ent method and theSTEPBT (polynomial �tting) algorithm for determining step length. The parameter estimates are presentedin Table 611.Table 6 also shows that the varian
e of the heterogeneous preferen
es error, σ2
ε , is approximately 5 timesas large as the varian
e of the per
eption error, σ2

η . This is 
onsistent with most previous DCC studies, andimplies that the unexplained varian
e of demand 
an be attributed more to household heterogeneity than tomeasurement error (Cavanaugh 2002; Hewitt and Hanemann 1995, Mo�tt 1986).The 
oe�
ient on marginal pri
e (-0.92) is the pri
e elasti
ity 
onditional on remaining in the same blo
k.We 
an also estimate the un
onditional pri
e elasti
ity be
ause the DCC model allows the probability ofbeing in ea
h blo
k or at ea
h kink to 
hange when the marginal pri
e 
hanges. We begin by 
al
ulatingthe expe
ted water demand for ea
h household a

ording to Equation 20. Interested readers are referred toCavanaugh (2002) for the derivation of this equation.10We would like to thank Sheila Olmstead for providing the GAUSS 
ode that served as a starting point for our programming.11Wooldridge (2002, pp. 404-410) notes that the partial maximum likelihood estimator is 
onsistent and asymptoti
allynormal under the standard identi�
ation and regularity 
onditions, even if the errors are 
orrelated within a blo
k group, or fora household over time. However, the standard errors must be 
orre
ted to a

ount for the panel nature of the data, as well asthe potential 
lustering due to the Census blo
k-group level data. This 
an be a

omplished by performing a non-parametri
blo
k bootstrap, whi
h re-samples a
ross blo
k groups. Due to the time ne
essary to 
omplete the bootstrapping pro
edure(the original 
onvergen
e took approximately 4 hours on a shared server), the standard errors presented in Table 6 have not yetbeen 
orre
ted, and are likely to be too small. Future work will in
lude 
orre
ting the errors.24



Table 4: DCC Parameter EstimatesMarginal Pri
e -0.920***(0.035)Di�eren
e -0.014***(0.0004)Temperature 0.0003***(0.00001)Eto 0.117***(0.003)Rainfall -0.015***(0.001)No. Residents 0.067***(0.004)Resident Age 0.005***(0.0003)In
ome 0.027***(0.002)House Age -0.002***(0.0001)No. Rooms 0.041***(0.004)No. Bedrooms 0.01**(0.004)Housing Density -0.27***(0.006)Pop. Density 0.067***(0.003)Fra
tion Owned 0.271***(0.012)Constant 1.864***(0.022)
σ

2

η 0.141***(0.012)
σ

2

ε 0.677***(0.003)Time Dummies YesDrought Ex
luded YesCity Only YesSample Size 742,241Mean Log-Likelihood -0.672*** and ** represent signi�
an
e at the1% and 5% levels, respe
tively.Standard errors are in parentheses.
25



E(q) = q̃1 exp(
σ2

η

2
) exp(

σ2
ε

2
)

[
1 − Φ

(
σε −

(
ln ( q1

q̃1
)

σε

))]
+

q1 exp(
σ2

η

2
)

[
Φ

(
ln ( q1

q̃2
)

σε

)
− Φ

(
ln ( q1

q̃1
)

σε

)]
+ ...

... + q̃2 exp(
σ2

η

2
) exp(

σ2
ε

2
)Φ

(
σε −

(
ln ( q2

q̃3
)

σε

)) (20)We simulate a 1% in
rease in the pri
e of ea
h blo
k, and 
al
ulate expe
ted water demand for ea
h householdat the new set of pri
es. The un
onditional pri
e elasti
ity (averaged a
ross all households), given a 1%in
rease in the pri
e of ea
h blo
k, is estimated to be -1.04.VI. Con
lusionBoth the 2SLS and DCC models indi
ate that long-run, 
onditional demand (i.e., assuming 
onsumers do notswit
h between blo
ks) is pri
e-inelasti
, with elasti
ity estimates ranging from approximately -0.76 to -0.92.However, using the DCC model, we 
an also 
al
ulate un
onditional pri
e elasti
ity, allowing 
onsumers toswit
h blo
ks when pri
es 
hange. Simulating a 1% pri
e in
rease in all three blo
ks in the DCC model yieldsan un
onditional pri
e elasti
ity estimate of -1.04.This paper's 
ontributions to the existing literature 
enter around the un
onditional demand model,whi
h has seldom been estimated. The results of the DCC model are important for two main reasons.First, as dis
ussed above, OLS estimates tend to understate pri
e elasti
ity under IBP systems. Our resultsadd to growing eviden
e that the usual 2SLS models may also underestimate pri
e elasti
ity. Demand-sidemanagement, through pri
e in
reases, may therefore be more e�e
tive than the 
urrent literature suggests.Se
ond, while a

urately estimating pri
e elasti
ity under an IBP system is important, the most powerfulfeature of the DCC model is the ability to simulate the e�e
ts of di�erent poli
ies. In Se
tion 5, we simulatedthe e�e
t of in
reasing the pri
e of ea
h blo
k by 1%. However, this is by no means the only poli
y 
hangewe 
an 
onsider. We might be 
on
erned that poorer households are paying too mu
h for basi
 water needs,while ri
her households have �wasteful� water use patterns su
h as watering their lawns during the day. Toaddress this issue, we 
ould simulate the e�e
ts of a de
rease in the blo
k 1 pri
e and an in
rease in the blo
k3 pri
e, or the addition of a fourth blo
k with a mu
h higher marginal pri
e. Future work might also in
ludedesigning optimal blo
k pri
ing stru
tures. For example, a water manager might seek maximize revenue,26



or to minimize use above a 
ertain threshold, subje
t to an minimum revenue 
onstraint. As more waterutilities turn to IBP systems, designing blo
k stru
tures that meet water managers' goals is an importantdire
tion for future resear
h.Referen
esBureau of Labor Statisti
s (BLS). A

essed on Mar
h 10, 2006. � Consumer Pri
e Index - All Urban Con-sumers. Area: San Fran
is
o-Oakland-San Jose, CA� <http://data.bls.gov/>.Burtless, Gary and Jerry Hausman. 1978. �The E�e
t of Taxation on Labor Supply: Evaluating the GaryNegative In
ome Tax Experiment.� Journal of Politi
al E
onomy 86(6): 1103-1130.California Irrigation Management Information System (CIMIS). A

essed on Mar
h 19, 2006.
<http://www
imis.water.
a.gov>.Cameron, Colin and Pravin Trivedi. 2005. Mi
roe
onometri
s. New York: Cambridge University Press.Cavanaugh, Sheila. 2002. Essays in Environmental E
onomi
s and Poli
y. Ph.D. Dissertation, HarvardUniversity.Dalhuisen, Jasper, Raymond Florax, Henri de Groot, and Peter Nijkamp. 2003. �Pri
e and In
ome Elasti
i-ties of Water Demand: A Meta-Analysis.� Land E
onomi
s 79(2): 292-308.Deller, Steven, David Chi
oine, and Ganapathi Ramamurthy. 1986. �Instrumental Variables Approa
hto Rural Water Servi
e Demand.� Southern E
onomi
 Journal 53(2): 333-346.Espey, M., J. Espey and W.D. Shaw. 1997. �Pri
e Elasti
ity of Residential Demand for Water: A Meta-Analysis.� Water Resour
es Resear
h 33(6):1369-1374.Goddard, Toby. Water Conservation Manager, Santa Cruz Water Department. Phone Conversations onMar
h 13, April 3, and June 16, 2006.Hanemann, W. Mi
hael. 1984. �Dis
rete/Continuous Models of Consumer Demand.� E
onometri
a 52(3):541-562.Hewitt, Julie. 1993. Watering Households: The Two-Error Dis
rete-Continuous Choi
e Model of Resi-dential Water Demand. Ph.D. Dissertation, U. C. Berkeley.Hewitt, Julie and W. Mi
hael Hanemann. 1995. �A Dis
rete/Continuous Choi
e Approa
h to Residen-tial Water Demand Under Blo
k Rate Pri
ing.� Land E
onomi
s 71(2): 173-192.Hewitt, Julie. 2000. �A Dis
rete/Continuous Choi
e Approa
h to Residential Water Demand Under Blo
kRate Pri
ing: Reply.� Land E
onomi
s 76(2): 324-330.Maddaus Water Management (in asso
iation with the Weber Group). Mar
h 1998. City of Santa CruzWater Demand Investigation. 27



Mo�tt, Robert. 1986. �The E
onometri
s of Pie
ewise-Linear Budget Constraints: A Survey and Ex-position of the Maximum Likelihood Method.� Journal of Business and E
onomi
 Studies 4(3): 317-328.Nieswiedomy, Mi
hael and David Molina. 1989. �Comparing Residential Water Demand Estimates un-der De
reasing and In
reasing Blo
k Rates Using Household Data.� Land E
onomi
s 65(3): 280-289.Nieswiedomy, Mi
hael and David Molina. 1991. �A Note on Pri
e Per
eption in Water Demand Mod-els.� Land E
onomi
s 67(3): 352-359.Nordin, John. 1976. �A Proposed Modi�
ation of Taylor's Demand Analysis: Comment.� The Bell Journalof E
onomi
s 7(2): 719-721.Olmstead, Sheila, W. Mi
hael Hanemann and Robert Stavins. 2005. �Do Consumers Rea
t to the Shape ofthe Supply? Water Demand Under Heterogeneous Pri
e Stru
tures.� In Submission.
<http://pantheon.yale.edu/ sm
77/>Opalu
h, James J. 1982. �Urban Residential Demand for Water in the United States: Further Dis
us-sion.� Land E
onomi
s 58(2): 225-227.Opalu
h, James J. 1984. �A Test of Consumer Demand to Water Pri
es: Reply.� Land E
onomi
s 60(4):417-421.Pint, Ellen M. 1999. �Household Responses to In
reased Water Rates During the California Drought.�Land E
onomi
s 75(2): 246-266.Rietveld, Piet, Jan Rouwendal, and Bert Zwart. 1997. �Estimating Water Demand in Urban Indonesia:A Maximum Likelihood Approa
h to Blo
k Rate Pri
ing Data.� Tinbergen Institute Dis
ussion Paper No.97-072/3. Tinbergen Institute, Amsterdam.Shin, John. 1985. �Per
eption of Pri
e When Pri
e Information is Costly: Eviden
e from ResidentialEle
tri
ity Demand.� The Review of E
onomi
s and Statisti
s 67(4): 591-598.Taylor, Lester. 1975. �The Demand for Ele
tri
ity: A Survey.� The Bell Journal of E
onomi
s 6(1):74-110.U.S. Census Bureau. Census 2000 and Census 1990, Summary Files 1 and 3. Generated by the authorusing Ameri
an Fa
t�nder. <http://fa
t�nder.
ensus.gov>.Waldman, Donald. 2000. �A Dis
rete/Continuous Choi
e Approa
h to Residential Water Demand Un-der Blo
k Rate Pri
ing: Comment.� Land E
onomi
s 76(2): 322-323.Wilder, Ronald and John Willenborg. 1975. �Residential Demand for Ele
tri
ity: A Consumer PanelApproa
h.� Southern E
onomi
 Journal 42(2): 212-217.Wooldridge, Je�rey. 2002. E
onometri
 Analysis of Cross-Se
tional and Panel Data. Cambridge: TheMIT Press.

28


