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A canonical example in economics of the difference between marginal and total value is the

diamond-water paradox. The high price of diamonds is derived from their rarity; whereas

the price of water is low due to its abundance, even though it is essential to sustain human

life. Scarcity, rather than abundance, better characterizes water availability for many people

and this dissertation studies how applied economic principles can be utilized to manage

water resources. The first chapter estimate the costs of water volatility in the agricultural

sector through a hedonic analysis of heterogeneous water rights. Security for water rights is

capitalized into the value of agricultural land, which informs the magnitude and distributional

welfare effects of droughts. Tests for an endogenous changepoint fails find a time-varying

price premium, indicating that the costs of increased water volatility due to climate change

are not manifested in agricultural property markets. The second and third chapters focus on

economic and behavioral incentives in urban municipal water demand. Chapter 2 presents a

disaggregated model of water demand to separately estimate intensive and extensive margin

demand elasticity. Identification is achieved through a novel method merging remotely sensed

satellite data on vegetative cover with water metering records. The time series of vegetative

cover captures changes in landscape over time and identifies the extensive margin elasticity

- a parameter that has only been estimated implicitly through the difference in short run

and long run demand. Households that maintain green lawns are less responsive to prices



than households either change landscapes or have a mixed landscape. Higher water rates

increase the probability of converting to low water-intensive landscapes, which in turn is a

major driver of long-run demand. The extensive margin with respect to changing landscapes

comprises 7%-48% of total elasticity for households with significant outdoor water use. The

final chapter examines the impact of non-pecuniary incentives stemming from the behavioral

economics literature on water demand. In a randomized field experiment social comparisons

are found to significantly decrease water demand with substantial heterogeneity both across

and within utilities. The utility with the highest average treatment effect saved three times as

much water in percentage terms as the utility with the lowest average treatment effect. Higher

users are more responsive to the program and there are important interactions between

social norms and existing utility conservation programs. Water resources face stress due to

population growth, rising incomes, and climate change and these stressors will only increase

in the future. This dissertation addresses several key issues in agricultural and residential

that aim to increase knowledge and aid public policy of managing water resources in times

of scarcity.
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Chapter 1

THE VALUE OF HETEROGENEOUS PROPERTY RIGHTS:
THE COSTS OF WATER VOLATILITY



2
1.1 Introduction

Research on the efficiency and distributional effects of water rights’ institutions in the

United States dates back to the inaugural issue of the American Economic Review [35]

and as noted in [90] these issues are still relevant today. Water rights west of the 100th

meridian in the United States are based on prior appropriation; a system where priority

is defined by first in time first in right. Property owners that first establish rights in a

water basin have senior rights that have priority in times of drought over junior rights that

were instituted at a later date. This contrasts to the riparian regime in most of the eastern

(and wetter) US that defines rights to reasonable use as tied to the land. [34] describes the

the economic implications of differences between the two sets of institutions. The riparian

regime includes legal uncertainty since new users along a water source may dilute the supply,

while prior appropriation suffers primarily from physical uncertainty due to the water supply

volatility. The complexity in the prior appropriation doctrine leads to costly adjudication,

present in almost all western states, to resolve conflicts regarding both the quantity and

priority of water rights.1 As described in [23] in the absence of a competitive market for

rights the appropriate system creates inefficiency due to the unequal sharing of risk between

property owners with junior and senior rights. Risk in water rights, particularly in areas

governed by the appropriative regime, is proportional to the water volatility in a watershed.

Thus the institutional setting directly links water supply volatility to the welfare loss. This

chapter models water volatility as the driver of a price premium for senior water rights in

agricultural property markets and estimates the magnitude of this premium in a hedonic

price model. In addition to estimating the value of senior water rights the hedonic model

informs policymakers on the distributional effects of water scarcity, since the majority of

costs associated with drought will fall on those that own junior water rights.

The obfuscation of property rights generates transaction costs impeding the efficient

reallocation of water through markets to address threats of water scarcity associated with

1Data available at http://www.judges.org/dividingthewaters/dtw-links.html.



3
climate change [90]. The requirement to put water to a beneficial use, the ”use it or lose it”

clause for most areas that follow prior appropriation, adds additional uncertainty that make

landowners reluctant to subject their water rights to the scrutiny necessary in a transaction

for water rights. There are concerns climate change will exacerbate the inadequate risk

sharing in agricultural water rights due to an increase in water volatility. Climate models

predict that regions around the world will face more variable water supplies; due to changes

in precipitation patterns and higher temperatures resulting in less water stored as snowpack.

In particular, the Western United States is expected to experience more frequent and severe

droughts in the summer the season of peak water demand [14]. Quantifying the heterogeneity

in water rights is crucial for determining the distributional impact from climate change, as

owners of low-priority rights will bear most of the costs of volatile water supplies. The value

of priority in water rights, referred to as seniority, is difficult to directly estimate through

water right transactions due the thinness of water markets. The goal of this paper is to

first estimate the value of security in agricultural water rights, and second, to test if the

premium paid for more secure rights increases over time in response to expectations about

water volatility associated with climate change.

The idiosyncrasies of water institutions and the paucity of quality data on rights present

challenges for a national or multi-state study on the economics of heterogeneous water rights.

The Yakima River Basin in central Washington provides a suitable case study due to the

dichotomous division of water rights in the basin and high quality data. High priority

(also referred to as senior or non-proratable) rights were established before 1905 while all

subsequently established rights are designated as junior (or proratable) and are subject to

curtailment when water supply falls short of total entitlements.2 There has never been

an incidence of curtailment of senior rights; thus priority effectively insulates farmers from

temporal shocks to the water supply. Downscaled climate models of the Pacific Northwest

predict that the annual variance of the region’s water supply will increase [135], resulting

2There are actually three levels of water rights, with tribal water rights having the highest level of priority.
However, in practice there has never been any conflict between senior water rights and tribal rights.



4
in more years where the region experiences water shortages. Water shortages that have

historically occurred in 14% of years will increase to 77% of years during the 2080s for the

IPCCs A1B scenario [135]. Shortages do not stem from a decrease in total precipitation;

rather climate change predominantly affects the water available during the irrigation season,

from April to September. Intra-annual variation is predicted to be more extreme, with a

higher percentage of rain falling during the winter. Lower volumes of snowpack will further

reduce water available for irrigation. If farmers expect that climate change impacts their

water resources, or will do so in the future, the value of land with senior rights will rise

relative to land with junior rights.

To evaluate the theory first I employ the hedonic price model to estimate the premium

associated with a senior water right. Next I test if the premium changes over time in

accordance with farmers belief about increasing water variability, potentially due to climate

change. Initial results indicate that the additional security associated with a senior water

right adds 9-12% of the value of a farm. There is no a priori designation for when climate

change begins to impact landowners expectations so I use a model with an endogenous change

point to test for a time varying premium on senior water rights. Results show that the change

point is at the end of the sample evidence that there really may not be a change point at

all. While this approach imposes parametric restrictions on the form of the time-varying

parameter it provides a starting point to test for behavioral response to climate change in

the property market. Incorporating survey or polling data provides a more flexible definition

of climate change and is left for further research. While this study focuses on the impacts in

the Yakima River Basin of central Washington, the phenomenon of increasing volatility of

water supply applies to many regions facing a changing climate, particularly those that rely

on snowpack as a source of water supply in the summer. The rest of the paper is organized

as follows. Section 1.2 presents a background of the literature and the study area, Section

1.3 introduces the economic model, Section 1.4 describes the data, estimation methodology

empirical results, and a policy application, and Section 1.5 concludes.
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1.2 Background

1.2.1 Existing Literature

The contribution of this paper is to value heterogeneous water rights and relate the

relative value of secure rights to water volatility. The first application of the hedonic price

model value to water rights was [37], who tests functional forms of the hedonic price function

to determine characteristics of the water market. Later studies estimate heterogeneity in the

value of water due to differences in the productivity of the land [51] and the ecological value

of in-stream flow [104]. However, there are no studies that estimate the impact of variations

in the right itself. Other research analyzing property rights with varying degrees of security

focuses on land rights in the developing world [67]. [90] presents qualitative analysis on the

appropriative rights system and its effects on the efficient allocation of water between and

within sectors. The economic literature on estimating the costs of a variable water supply

developed by [130] builds on the research of optimal groundwater extraction [24]. [130]

coin the phrase Stabilization Value (SV) to explain the benefits from fixing a variable water

supply at its mean. Research on the SV of water ranges from a static analysis outlining

the benefits to buffering surface water with groundwater to a dynamic stochastic general

equilibrium model [130, 42]. Production function approaches are appropriate in a setting

where the production function is static; but are biased if farmers change crops, irrigation and

fertilization technologies, or land use [97]. Alternatively, using property values to estimate

the effect of water supply volatility incorporates the potential of landowner adaptation to

changing economic and environmental conditions. [97] apply the Ricardian approach to

estimate the impact of climate variables on the agricultural sector to avoid the bias in

production function studies. The Ricardian approach utilizes the theory that land values

should reflect the discounted value of expected profits, and therefore land rents are capitalized

into farm values. National research on the economic value of water resources on agricultural

land focuses on average precipitation see [120, 41] among others. [96] add surface water and a
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measure for water variance as independent variables in the Ricardian approach and find that

surface water increases farm values while water variance depresses farm values. While these

articles rely on county level data, [121] use farm-level data in California to show that water

availability strongly capitalizes into farm prices. The Ricardian studies use spatial variation

to identity climate variables. Since the results are derived for a state or the entire country

they are more applicable in determining aggregate effects of climate change. Hedonic models,

in contrast, often limit the sample to a small geographic area such as one particular county.

This permits data with greater detail and inherently controls for factors that vary spatially

such as precipitation, average temperature, and institutions. In fact [121] intended to use

water rights to describe water access, but the system of water rights in California proved

too tortuous to obtain water rights data of sufficient quality. Conversely, hedonic models

explicitly value irrigation water or groundwater with micro-level data on water rights or

permits for digging wells [26, 37, 51, 104, 109]. There is evidence that pooling irrigated and

non-irrigated land is not appropriate in identifying the effect of climate on farmland values

since precipitation and temperature have very different impacts when land is augmented by

irrigation [120, 57]. An advantage of this research is that all land has access to irrigation,

and thus circumvents the differential effects of climate on irrigated and dryland agriculture.

1.2.2 Agriculture in the Yakima River Basin

The Yakima River Basin in Central Washington State provides an excellent test case

to examine the interaction of priority in water rights and water supply volatility because

landowners with junior rights bear the preponderance of the costs due to drought. The

Yakima River Basin is one of Washington’s largest agricultural producer, contributing close

to 20% of the state’s $9.2 billion worth of agricultural output in 2011.3 Much of the land

east of the Cascade mountain range in Washington State is very dry and relies on irrigation

for agriculture. The Yakima basin is therefore susceptible to severe economic losses from

3Data are available at http://agr.wa.gov/AgInWa/docs/126-CropProductionMap12-12.pdf - accessed
3/5/2013.



7
drought. The Yakima Basin Storage Alliance [133] estimates over $130 million in economic

losses from decreased agricultural production from the 2001 drought alone.4 The vast major-

ity of these losses fell on farmers with junior water rights, while farmers with senior rights still

received their full water allotment, allowing them to proceed with normal farming operations.

Increased frequency of severe drought years will diminish the relative value of farmland with

junior water rights. Rational landowners will react to threats to water volatility, and this

research tests whether they consider climate change as a real threat to their water supply.

The next sections describe the features of the Yakima basin, and motivate the use of water

rights to test for expectations of water supply volatility.

1.2.3 Water Supply in the Yakima Basin

The Yakima River basin contains parts of Kittitas, Yakima, and Benton County, though

Benton receives much of its water from the Columbia River [132]. Most of the precipitation

in the regions falls between October and March [131, 138], and this trend will increase in

the future based on climate models by [135]. The major water use in the region is irrigated

agriculture met predominantly by surface water. Five major reservoirs operated by the U.S.

Bureau of Reclamation (USBR) with a combined total capacity of 1.07 million acre-feet

(maf) serve six irrigation districts and a storage division that constitute the Yakima Project.

Below Parker Gage, the major control point of the Yakima Project, the water supply is

augmented by return flows from upstream use. The six irrigation districts served by the

Yakima Project represent over 80% of the total water entitlements in the Yakima basin

above Parker Gauge. This fraction increases when non-federally supplied irrigation districts

are included, justifying the use of irrigation districts to analyze the impact on the region’s

agricultural sector.

The USBR operates reservoirs with the joint goals of flood control and the provision

of irrigation water from April through September. Melting snowpack effectively acts as a

4Data are available at http://www.ybsa.org/agriculture.php - accessed 12/2/2012.



8
sixth reservoir typically allowing the USBR to wait until June to begin drawing down the

reservoirs for irrigation [131]. Warmer temperatures cause earlier snowmelt, preventing the

use of snowmelt during the irrigation season and reducing its substitutability with reservoir

water. Therefore the quantity and timing of snowpack is crucial to the water supply system

in the Yakima. Figure 1.1 illustrates historical deviations from mean withdrawals for each

irrigation district in the Yakima project separated by the priority of water rights. There is

a trend over time towards fewer withdrawals due to improvements in irrigation technology,

conservation, and crop choice. Total annual diversions are relatively stable until around 1970

but since the 1990s the basin experiences violent dips in water use due to severe droughts

that are particularly acute for the districts with a majority of junior rights. Kennewick

Irrigation District (KID) only has junior rights but their position below Parker Gage allows

some water to return in the form of recharge from upstream users as evidenced by smaller

declines in withdrawals during droughts. The figure displays how senior water rights insulate

landowners from water supply volatility, and motivates that the premium for this protection

may be a function of climate change expectations.

1.2.4 Water Rights in the Yakima Basin

The institutions governing water rights in Yakima River basin simplifies estimating the

costs of water volatility due to the dichotomous distinction of priority based on the date that

beneficial use was established. All rights established prior to 1905 are classified as senior, or

non-proratable, rights and all rights post-1905 are designated as junior rights, or proratable.

The law requires that senior right holders receive their full water allotment before honoring

any junior right. Therefore, when supply is insufficient to fulfill the total apportionment

of water rights in the basin senior right holders receive their entire water commitment,

and junior users divide the remaining water on a prorated basis. For example, consider 50

landowners with junior rights and 50 with senior rights where everyone has access to 1 ac-ft

per year. If the water supply is 80 ac-ft in a specific year all the landowners with senior rights
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Figure 1.1: Annual Deviations from Mean Diversions by District

Junior Rights Districts

Senior Rights Districts

Notes: Annual deviations from the mean are shown in percentage terms by irrigation district. TID and
SVID are identified as senior district while KRD, Roza and WIP are junior districts based on the Integrated
Plan (USBR 2012). Even though KID owns predominantly junior rights it receives recharge water from
withdrawals upstream and is therefore less susceptible to droughts. Data are from USBR via Chris Lynch.

get their full share (1 ac-ft each) while those with junior rights are prorated at 60% since the

50 junior landowners must split the remaining 30 ac-ft. The USBR determines the proration

level at the beginning of the irrigation season based on forecasts of the Total Water Supply

Available (TWSA), and adjusts the degree of prorating throughout the season in response

to changing weather conditions. From 1970-2005 junior rights experienced prorating in 13
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years whereas senior right holders have never been affected by prorating. Therefore junior

water rights holders are more susceptible to seasonal and annual variation and will bear the

majority of the costs due to climate change affects water volatility in the basin.

Approximately 55% of the surface water rights in the basin are proratable, leaving a

significant portion of farmers without water during a drought. Several irrigation districts

have all senior rights and some districts have a mix of both non-proratable and proratable

rights. I distinguish the districts with both types of rights based on the two reports from

the USBR [134, 132] that indicate Roza, KRD, and WIP all suffer severely from prorating

during drought years. The highest proportion of senior rights in these districts is Wapato

with 49% senior rights so I set this as the cutoff for a district that is defined as senior. This

cutoff conforms with the literature [135] that prorating is particularly damaging below 70%

and the fact that junior districts experience withdrawal reductions more than 30 below their

historical average in Figure 1.1. Table 1.1 shows the properties in our sample by irrigation

district with the percentage of non-proratable rights and a junior or senior designation for

the district. The sample matches up closely with the population of water rights with 52% of

properties having predominately junior rights.

In theory an active water market will alleviate some of the costs of water shortages

by distributing water from low-value uses to activities with higher marginal value. While

substantial gains to trade exist in years where junior water users suffer from severe prorating,

water transactions developed slowly and there is still not a well-functioning water market in

the region. Beginning in 2001 the Yakima basin initiated a water trading program during

emergency drought conditions, as declared by the state. However, two complications prevent

the operation of a competitive water market in the region. First, the necessary infrastructure

to transfer water between all interested agents does not exist and second, legal obfuscations

generate disinclinations to engage in trade. Water rights in Washington require the user

to establish beneficial use, and if water remains idle for five consecutive years an owner

relinquishes their right. Farmers are often hesitant to sell water because they need to prove
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they put the water to beneficial use if required to defend their right in court. Another concern

is that the examination of the water right during the transaction may reveal that the right

is not valid, or represents a smaller quantity of water than actively used by the farmer.

Table 1.1: Water Rights and Irrigation Districts

Name # of Sales % of Senior Rights Senior Designation

Ahtanum 23 100 Yes
Buena 6 100 Yes
Cascade 39 100 Yes
Columbia 30 100 Yes
Ellensburg Water 35 100 Yes
Kittitas Reclamation 186 6.9 No
Kennewick 201 7.8 No
Moxee-Selah 16 85.6 Yes
Naches-Selah 32 91.1 Yes
Roza 471 0 No
Sunnyside Valley 0 72.5 Yes
Union Gap 0 79.1 Yes
Wenas 14 0 No
West Side 0 75.8 Yes
Yakima-Tieton 0 65 Yes
Yakima-Wapato 268 48.7 No
Total 2,166 - 1,026

Notes: The table shows observations from each district by row and the type of water rights in
the columns. The sample has a slightly higher proportion (52%) of senior water rights than the
population (55%) in the basin.

1.2.5 Climate Change in the Yakima Basin

Water curtailments occur relatively frequently for junior water users, though when pro-

rating is above 70% of normal entitlements farmers can generally cope by changing variable

inputs and the timing of irrigation [135]. So even though all prorating has costs, the most

severe burden occurs in years where junior farmers receive less than 70% of their water

right. According to downscaled climate models by [135] precipitation will increase in the

cool months and decrease during irrigation season. Rising temperatures will decrease the
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snowpack available, exacerbating water shortages for the agricultural sector. Historically

severe prorating occurred in 14% of years, but this is predicted to increase to 27-77% de-

pending on the emissions scenario [135]. On the demand side rising temperatures will lead

to higher evapotranspiration rates, increasing the water requirement of crops between 3%

9.8%, depending on the area and study methodology [134]. In summary, climate changes will

exert pressure on water supply and demand through reduced precipitation during the irri-

gation season, earlier snowpack, and higher temperatures. Furthermore, rising water supply

volatility will increase the years where prorating goes below 70%, predominantly impacting

farmers with proratable water rights.

The Yakima River Basin Water Enhancement Program (YRBWEP) is evidence of the

regions focus on addressing water scarcity. Beginning in 2009 the USBR and the Washington

State Department of Ecology (ECY) began work on the YRBWEP with the goal of producing

a Final Water Resources Integrated Management Plan (henceforth Integrated Plan). In

addition to the two government agencies, members from the agricultural, environmental,

legal, real estate, municipal and tribal communities participate as stakeholders in dealing

with water scarcity in the region. If implemented, the Integrated Plan will cost between

$3.2-$5.6 billion, with a base estimate of $4 billion [133]. More than half of the expenditure

will go towards enhancing the basin’s storage capacity by constructing a new reservoir and

upgrading existing storage facilities. A benefit cost study estimates that augmenting water

resources through the Integrated Plan will increase irrigated agricultural production by $400

million in net present value. This value comes solely from eliminating losses for farmers

with junior water rights during droughts that cause less than 70% prorating under historical

hydrologic conditions [133]. The cost estimates are biased downward because changes in

water scarcity associated with climate change, and droughts resulting in prorating above 70%

do not enter into the calculation. Conversely, the estimates do not account for adaptation

such as crop switching or changes in irrigation technology, both of which ameliorate damages

from droughts. Using property values to estimate the benefit of secure water availability will
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improve the methodology to quantify the benefits of the Integrated Plan

1.3 Economic Model

I use the hedonic price model to estimate the implicit value of a senior water right in

the Yakima basin. [118] develops the hedonic price model in application to the residential

housing market, and Palmquist and coauthors [107, 108] extend the model to land used for

agricultural production. I derive the demand side of the market for agricultural land using

per-acre variable profits gross of land payments, πVt

πVt = ptft(Vt,X,W, α)− ct(Vt, α) (1.1)

where pt is a vector of crop prices at time t, and ft is the multiple output production function

at time t that depends on X, a vector of fixed attributes of the land, α, a farmer-specific

unobserved skill parameter, Wt, the water availability on the land at time t, and Vt, a vector

of variable inputs. The cost function, ct, depends on variable inputs and the idiosyncratic

skill parameter. A farmer chooses Vt to maximize profits for any combination of pt, fjt(),

X, W , and α, such that optimal profits can be expressed as,

π∗Vt = π∗Vt (pt,X,Wt, α) (1.2)

The maximum bid that a farmer pays for a specific piece of land for use at time t is

determined by the inputs of the profit function, as well as the desired net profits, πt.

θt(pt,X,Wt, α) = π∗Vt (pt,X,Wt, α)− πt (1.3)

By differentiating (3) it can be shown that ∂θt
∂Xi

=
∂π∗Vt
∂Xi

and ∂θt
∂W

=
∂π∗Vt
∂W

. The derivative of the

rental bid function is non-decreasing and concave in any desirable characteristic Xi and Wt,

given typical assumptions of the variable profit function [43]. In equilibrium the marginal
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increase in variable profits must equal the marginal increase in the bid function, which in

turn equals the rental price of land. The equilibrium rental schedule of land is an envelope of

the bid functions. While equation (3) describes the decision for renting land for one-period,

iterating the process into the future shows that the equilibrium sale price of land is equal to

the expected discounted sum of future variable profits. In this context the increase in the

market price, qt, from a marginal increase in any attribute X, or Wt, will be the change in

the discounted sum of expected current and future profits due to the extra amount of the

attribute.

qt(pt,X,Wt, α) =
∞∑
h=t

Eh
[
π∗Vh (ph,X,Wh, α)

]
e−βh (1.4)

Analyzing the bid function for a permanent purchase of land as opposed to a one period

rental iterates the process forward, where Θt is the bid for a permanent land purchase and

π̄t is the expectation of future net profits.

Θt(pt,X, πt,Wt, α) =
∞∑
h=t

Eh
[
π∗Vh (ph,X,Wh, α)

]
e−βh − π̄h (1.5)

In this forward looking model ∂Θt
∂Wt

=
∂
∑∞
h=t Eh[π∗Vh ]e−βh

∂Wt
; the marginal increase in the bid on

for land with better water resources equals the increase in the expected sum of discounted

profits due to the water. This setup models the farmers willingness to pay for secure water

supply according to their expectations of the change in future profits. The literature on the

stabilization value [42, 130] adds a theoretical background to the interpretation of a water

right as an attribute of the hedonic price function. Let the premium on a senior water

right S relative to a junior right J given all the characteristics of the property be defined as

E[P |X,S]−E[P |X, J ] = γ. Given that senior water rights are never prorated5, the premium

is equal to the revenue from a fixed quantity of water less the expected revenue from a variable

water supply as seen in equation (6). Where the distribution of water W ∼ g(µ, σ2) can be

described by its mean and variance , and π̃() is the profit function optimized with respect

5This is likely a valid assumption considering senior rights have never been prorated.
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to all other inputs conditional on W .6

γ =
∞∑
h=t

π̃∗Vh (µ)e−βh − π̃∗Vh (Wh)e
−βh (1.6)

Note that the expectation operator is only applied to the profit for a junior landholder since

their water input depends on the random variable W while senior landowners profits depend

on the constant µ. A Taylor series approximation of the junior landowner’s expected profit,

E[π̃∗Vt (Wt)], allows for the premium to be written as a function of the variance of the water

supply.

γ = γ(σ2) = −0.5π̃∗Vt
′′
(µ)σ2 (1.7)

This value is positive if the production function is concave in the water input, implying

a diminishing marginal value of water.7 Whether (7) holds in practice likely depends on

the setting, particularly the domain of π̃. In this setting it appears feasible due the public

discourse on the costs of water scarcity. The analysis does not rely on this assumption, but

rather is testing it directly by estimating γ as an attribute in the hedonic price with only the

traditional assumptions in the hedonic model. The key point is that if γ > 0 then ∂γ
∂σ2 > 0 is

likely; and estimating a time-varying premium is an indication of changing expectations of

water supply volatility.

1.4 Data & Estimation

1.4.1 Data

The primary data are sales of agricultural properties within an irrigation district located

in the Yakima River Basin obtained from assessor offices for Kittitas, Yakima, and Benton

6This assumption is relatively mild because the important aspect is landowners perceptions of the dis-
tribution of the water supply which are unlikely to encompass anything beyond the first two moments.

7This assumption is difficult to assess because the profit function may not be continuous in water. There
may be kinks where the water input causes the loss of a substantial portion of the crop or causes perennial
crops such as fruit trees to die. Additionally certain regions of the support may reflect changes in crop choice
or land use.



16
Counties in Washington State. The assessors office also provides sales, zoning, land use,

market improvements, and irrigation district boundaries. The sales data and the irrigation

district boundaries are both geo-referenced allowing each parcel to be placed within an

irrigation district using Geographical Information Systems (GIS) software; dropping sales

of parcels outside of irrigation districts. Using sales from irrigation districts alleviates the

problem of tracking distinct water rights for individual parcels. While most water rights

remain with a physical parcel of land it is possible for a landholder to sell all, or a fraction

of, a water right; obfuscating the link between a water right and parcel. Irrigation districts

hold rights and distribute water to their members, ensuring that a farmer within a district

receives the water benefits associated with the rights of the district. Complete data water

rights, including the priority date, for major irrigation districts in the region are publicly

available through the documentation of the Acquavella adjudication [142].

I use sales from 1990-2011 to increase the likelihood of capturing changing expectations of

water supply volatility. However, the long time horizon also poses challenges due to changing

market conditions over time. I spatially match soil characteristics from the Unites States

Department of Agriculture (USDA) SOILMART database to individual parcels using GIS.

The Consumer Price Index from the Bureau of Economic Analysis (BEA) normalizes all

monetary values to 2008 dollars. Distance to cities, major streams, and the Yakima River,

as well as spatial data of supplemental water rights are obtained from the Washington State

Department of Ecology (ECY) and generated through GIS. The additional water rights are

spread evenly across all irrigation districts and between those that have junior and senior

rights. These supplemental rights provide water to livestock and people on the farm, and

may be used to supplement water from the irrigation district, but are generally not enough

to sustain agriculture. Table reftab:datadescribe provides descriptions of variables used in

the regression models and Table 1.3 displays summary statistics for continuous variables and

sample percentages for binary variable.
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Table 1.2: Data Description

Variable Unit Description

Price-per-acre 2008 USD Dollar value agricultural sales divided by acres sold

Senior Water Right (Sr) Binary Dummy variable equal to one if a parcel lies within an
irrigation district with more than 50% senior water
rights

Residential Binary Dummy variable equal to one if there are any resi-
dential structures on the property

Groundwater Right Binary Dummy variable equal to one if a property has any
supplemental water rights in addition to rights from
the irrigation district

Rolling Avg 2008 USD The rolling average of all sales from the previous
twelve months normalized to 2008 USD

Acres Acres Total acres sold

Class 1-5 % The percentage of soil in each of five soil classifca-
tions where the classification determines the suitabil-
ity of the land for agriculture; lower classes are more
suited to agriculture, the best class being Class 1 and
the worst being Class 5

Improvements-per-acre 2008 USD This is the dollar value of infrastructure improve-
ments to the parcel since the last sale

Distance to City Miles Distance of the parcel centroid to the nearest major
city

Distance to Stream Miles Distance of the parcel centroid to the nearest major
stream

Inverse Distance to UGA 1/Miles One divided by the distance in miles of the parcel
centroid to the nearest urban growth area

Inverse Distance to River 1/Miles One divided by the distance in miles of the parcel
centroid to the Yakima River

Kittitas Binary Dummy variable equal to one if the parcel is in Kit-
titas County

Benton Binary Dummy variable equal to one if the parcel is in Ben-
ton County

Notes: These are descriptions of all of the variables that were deemed important from the Bayesian
Model Averaging and thus included in all regression models.
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Table 1.3: Summary Statistics

Variable Unit Mean Std.Dev. Min Max

Price-per-acre 2008 USD 7,054 5,971 516.6 29,647
Sr Binary 0.474 0.499 0 1
Residential Binary 0.295 0.456 0 1
Groundwater Right Binary 0.0854 0.28 0 1
Rolling Avg 2008 USD 6,331 2,047 1,948 13,390
Acres Acres 41.8 51.73 1 680.4
Class 1 % 0.381 0.383 0 1
Class 2 % 0.275 0.326 0 1
Class 3 % 0.186 0.283 0 1
Class 4 % 0.000502 0.0208 0 0.965
Class 5 % 0.156 0.276 0 1
Improvements-per-acre 2008 USD 3,593 4,903 0 29,756
Distance to City Miles 36.53 21.67 2.884 92.36
Distance to Stream Miles 1.981 1.613 0 8.123
Inverse Distance to UGA 1/Miles 54.19 316.5 0.0578 2029
Inverse Distance to River 1/Miles 0.881 5.691 0.0424 204
Kittitas Binary 0.125 0.33 0 1
Benton Binary 0.327 0.469 0 1

Notes: Similar to [51] observation are eliminated if they are less than 1 acre and greater than
$30,000 per acre. Class variables represent the percentage of each parcel that falls within that
class. Slope is the average slope of the entire parcel. For binary variables the mean represents the
proportion of observations for which the binary variable is equal to 1.

1.4.2 Econometric Model

I employ a Bayesian linear regression model with normal independent Gamma priors and

a general covariance matrix as employed by [86]. The regression function is y = Xβ + ε,

where y is the real log sale price per acre, X is a matrix of covariates, β is a coefficient

vector and ε is a heteroskedastic error term distributed ε ∼ N(0, σ2Ω). A Box Cox test

provides strong evidence for a log-linear model.8 The notation for any parameter θ follows

[86] where θ represents the prior value that is chosen by the analyst and θ̄ is the posterior

value as a function of the data and the prior. I use diffuse priors with zero mean and a

8[141] argue that the hedonic model may be mis-specified if there is potential for predicted values less
than zero. The minimum predicted log per acre farm value is well above one, suggesting that there is not a
cause for concern that the model will yield negative property values.
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wide dispersion suggesting little prior information on the parameters the full description of

the likelihood, priors, and joint posterior is available in the Appendix. This model produces

a joint posterior distribution that is not of standard form. To estimate the model I draw

directly from the conditional posterior distributions using the Gibbs sampler, a Markov Chain

Monte Carlo (MCMC) method, to generate consistent estimates of the joint distribution.

The Gibbs sampler sequentially draws from the full conditional posterior distributions of

defined blocks, updating all the conditioning values in each run of the Gibbs sampler. The

conditional posterior for β is the first block and is distributed multivariate normal, the second

block is σ2 with a gamma conditional posterior distribution, and Ω is estimated in the third

block, with the distribution depending on the assumptions of the error term. The conditional

posterior distributions for β and σ2 are given by

p(β|y, σ2,Ω) ∼ N(β̄, V̄ ) (1.8a)

p(σ2|y, β,Ω) ∼ IΓ

(
ν̄

2
,
ν̄s̄2

2

)
(1.8b)

where V̄ = (V−1 + σ−2X ′Ω−1X)−1, β̄ = V̄ (V−1β + σ−2X ′Ω−1Xβ̂(Ω)), ν̄ = n + ν, and

s̄2 = (y−Xβ)′Ω−1(y−Xβ)+νs2)
ν̄

. I do not impose direct structure on the form of heteroskedasticity,

but make parametric assumptions to aid in the computation. Specifically, I assume that Ω is

a diagonal matrix with the precision distributed independent gamma. The intuition is that

all error variances may be different, but they are drawn from the same distribution. The

mean of the distribution is assumed to be zero, a trivial assumption, and the variance of the

distribution is estimated within the model. This leads to two more parameters to estimate

as additional blocks in the Gibbs sampler.

p(λi|y, β, σ2, νλ) = Γ

(
νλ + 1

2

)
,

2

hεi + νλ
(1.9a)

p(νλ|y, β, σ2, λ) ∝
(νλ

2

)nνλ
2

Γ
(νλ

2

)−n
exp (−ηνλ) (1.9b)
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where η = 1

νλ + 1
2

∑n
i=1

[
ln(λ−1

i ) + λi
]
. The structure of the priors for Ω, shown in the

Appendix, leads to the errors being distributed as a student-t with mean zero, variance σ2

and degree of freedom νλ. The degree of heterogeneity depends onνλv, the scale parameter

in the distribution of λ, and is explicitly estimated within the model. Since the posterior

for νλ is not of a standard form I use the Metropolis-Hastings algorithm to draw from a

candidate generating function and then use an acceptance criteria to accept or reject a given

draw. Figure A1 in the Appendix shows the histogram for the posterior estimates of νλ

and the Metropolis-Hastings acceptance rate. The final model has four blocks in the Gibbs

sampler that draws from the joint posterior of p(β, σ2, λ, νλ|y). I employ Bayesian estimation

techniques for two reasons. The first is the ease of adding additional elements to the model in

the form of new Gibbs blocks, and the second is to alleviate omitted variable bias from mis-

specifying the empirical hedonic price function by using Bayesian Model Averaging (BMA).

BMA accounts for the uncertainty inherent in model selection by weighting coefficients by the

posterior model probabilities across all models. The posterior model probability for model i

as shown in[86] is

p(Mi|y) =
p(y|Mi)p(Mi)∑M

m=1 [(y|Mm)p(Mm)]
(1.10)

where y is the data, M is the total number of models, and p(Mi) is the prior for model i that

is set to 1/M for all models. There are 2k potential linear models with k candidate regressors,

making formal model selection computationally difficult as the number of candidate regres-

sors increases. In this setting the 25 candidate regressors lead to over 33 million potential

models and makes estimating and evaluating each unique model intractable. One form of

BMA developed by [114] takes advantage of Markov Chain Monte Carlo Model Composi-

tion (MC3) that precludes estimating each separate model and converges to the region with

the highest model posterior probabilities. The MC3 method selects new models by either

adding or removing a variable from the current model Mi and then assigning an acceptance

probability as a function of posterior probabilities that dictates whether the new model Mj

will replace the current model Mi given by p(accept new model) = min
[
1,

p(Mjy)

p(Miy)

]
.
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1.4.3 Results

Table 1.4 presents the results from the BMA model. The coefficients are weighted by

the posterior probabilities, and assigned a value of zero for models in which they do not

appear. The last column displays the count of how many times a variable is selected in

models that account for at least 1% of total posterior weight (a total of 15 models met this

criterion). While the results from the BMA can be interpreted directly it is also useful to

select a baseline model to see how it changes under certain scenarios that have economic

implications. Additionally, BMA is computationally intensive and becomes intractable for

more complicated models such as adding a Gibbs bloc for an endogenous changepoint. To be

conservative when selecting a base model I include all variables that show up at least once

in any model comprising at least 1% of the posterior mass in the BMA. I also include an

amelioration set of variables suggested by the prior literature. We can compare variants of

the base model to the base model itself and the BMA results. Since the Gibbs sampler uses a

Markov Chain process to draw from the joint posterior distribution it is important to ensure

that the effect of the initial values has disappeared. I perform several MCMC diagnostics

to test whether the Gibbs sampler has converged to the true joint posterior. First, as seen

in Table ?? in the Appendix looking at the autocorrelation in the draws suggests that by

5 lags the autocorrelation has mostly disappeared. Additionally, I perform the Geweke [62]

chi-square test for the equality of means in two separate intervals of the Gibbs draws. For

all parameters the p-values are greater than 10% failing to reject the hypothesis of different

means as displayed in Table A.2 in the Appendix.

The posterior distribution on the senior right variable reveals whether land with senior

water rights sells at a premium. A dummy variable identifies parcels in a district with access

to sufficient senior water rights to insulate them from water supply shocks. Table 1.5 shows

the estimates for the base model and Figure 1.2 displays the posterior distribution for the

senior water right with the dashed lines designating the 95% highest posterior density interval

the Bayesian analog to 95% confidence intervals. Variables that appear consistently in all
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Table 1.4: Bayesian Model Averaging

Variable Posterior Mean t-statistic t-probability Count in top 15 models

Constant 7.166056 79.159821 0 NA
Sr 0.095496 2.81305 0.004951 NA
Time 0.013288 11.741287 0 15
Time2 -0.000019 -0.586345 0.557705 4
Acres -0.002493 -7.632254 0 15
Improve 0.000041 11.905792 0 15
Slope 0.000013 0.005014 0.996 0
Rolling Avg 0.044642 0.657378 0.511007 4
Yield 0.000269 0.088185 0.929738 0
Class 1 0.000908 0.020276 0.983825 0
Class 2 0.000533 0.010417 0.991689 0
Class 3 -0.000033 -0.000556 0.999556 0
Class 4 0.003041 0.003906 0.996884 0
Class 5 -0.056869 -0.960185 0.337068 6
Dist City 0.000927 0.634151 0.526049 15
Dist UGA -0.000304 -0.04071 0.967531 0
Dist River -0.000191 -0.047907 0.961795 0
Dist Stream 0.00141 0.131781 0.89517 1
Inv Dist City 0.029193 0.042794 0.96587 0
Inv Dist UGA 0.000006 0.123553 0.901681 1
Inv Dist River -0.001001 -0.351012 0.725613 2
Inv Dist Stream 0 -0.00204 0.998372 0
Groundwater 0.024229 0.412568 0.679964 2
Residentail 0.15089 3.797551 0.00015 14
Kittitas 0.597486 8.045166 0 15
Benton 0.245797 3.538911 0.00041 15

Notes: Coefficients are weighted by the posterior odds probability and are zero when covariates do
not appear in a model. The last column displays the number of times a variable is selected in one
of the top 15 models that have at least 15 of the total probability mass. 110,000 initial draws were
taken with 10,000 omitted resulting in 100,000 draws.

top 15 BMA models have similar coefficients while those that do not appear as often are

drawn to zero in the BMA model.

In both the BMA model and the base model the mean of the posterior distribution for the

senior water right coefficient is positive and significant from zero at the 1% significant level.

The BMA model predicts a 9.5% increase in the price per acre of farmland, corresponding to
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Figure 1.2: Base Posterior Distribution for Sr. Water Right Coefficient

Notes: This is the posterior distribution for the senior water right coefficient in the base regression. Addi-
tional controls are shown in Table 3. 220,000 draws were taken in the Gibbs Sampler with the first 20,000
discarded. The points at the bottom are the raw draws and the dashed lines represent the 95% highest
posterior density interval.

$706 evaluated at the mean farmland value whereas the base model predicts values of 12.2%

and $861 respectively.9 The annualized value per acre-foot of water is approximately $10.09

in BMA and $13.08 and the base model, which fits in the context of [51] that finds that

an acre-foot of irrigation water ranges from $9-44. A key distinction is that in this study I

find that $10.09-13.08 is the range of values for more secure irrigation water suggesting it is

critical to account for heterogeneity in water rights. Additionally, the notion that irrigated

and non-irrigated land may respond differently to climate change is noted in [120], and makes

this study attractive by having a sample comprised exclusively of irrigated land. The other

parameters have intuitive results. The real per-acre value of land in the Yakima basin is

9The interpretation of the marginal effect of the coefficient on the dummy for senior water rights on the
per-acre sale price equals 100[exp(βD − 1)] as shown by [70].
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Table 1.5: Base Regression

Variable Posterior Mean Std Deviation t-statistic

Senior 0.122015** 0.034335 3.55361
Time 0.019463** 0.003204 6.07511

Time2̂ -0.0001** 0.000033 -3.0828
Acres -0.00263** 0.000345 -7.62564
Improvement 0.000043** 0.000004 11.95061
Rolling Avg 0.193034** 0.068329 2.82506
Class 1 0.248335 0.700075 0.35472
Class 2 0.2519 0.699176 0.36028
Class 3 0.240286 0.699997 0.34326
Class 4 0.74422 1.043965 0.71287
Class 5 0.037268 0.701178 0.05315
Distance City 0.001623 0.001472 1.10269
Distance Stream 0.022726* 0.010716 2.12068
Inv. Distance UGA 0.00011* 0.000051 2.1694
Inv. Distance River -0.00666* 0.002996 -2.22312
Groundwater 0.155692** 0.057715 2.6976
Residential 0.154672** 0.038647 4.00215
Kittitas 0.614138** 0.076476 8.03043
Benton 0.267071** 0.070776 3.77346
Intercept 5.529015** 0.896351 6.16836

Notes: The dependent variable is the natural log of the per acre sale price of a parcel. Class
variables represent the percentage of each parcel that falls within that class. Slope is the average
slope of the entire parcel. **, and * designate significance at the 1% and 5% level respectively.
Posterior distributions are based on a heteroskedastic error term with the degree of heteroskedas-
ticity estimates within the model. 220,000 initial draws were taken with 20,000 omitted resulting
in 200,000 draws.

increasing over time, where time is defined as quarters from the first observed sale. The

dummy for residential structures is positive and significant as is the coefficient for market

improvements on the land. I add the percentage of land in each soil class based on the

suggestion of [51] even though they do not show up in the top BMA models. As expected

based on the BMA results, the means of these variables posterior distributions are not

significantly different from zero.
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1.4.4 Robustness

An interesting result is the significance and magnitude of the mean of the distribution

for supplemental water rights in the base model the mean value of a supplemental right

at 15.6% is higher than the premium for senior rights. As explained earlier these rights are

mostly likely not the primary source of irrigation but offer some extra water in the form of

a stream, groundwater wells, or additional Yakima River surface water rights. According to

the theory the value of a senior right stems from insulating the landowner from water supply

shocks so the benefits of supplemental rights should be greater for those with junior primary

rights. Figure 1.3 shows the posterior distributions for the coefficient on supplemental water

rights for the sample divided by the priority of primary rights. The mean of the posteriors

suggest that supplemental rights add 0.8% and 25.5% to the farm values for senior and

junior rights respectively; however there is significant shared probability mass between the

two distributions. The finding that supplemental water predominantly benefits those with

junior primary rights supports the initial claim that water rights are heterogeneous and

priority insulates landowners from the effects of drought. It is important to consider the

economic significance of these results. There is a relatively equal proportion of land with

junior versus senior rights in the basin; and water supplied through irrigation districts is the

primary source of irrigation water. Meanwhile, only 8.5% of properties have supplemental

rights.10 The low prevalence of supplemental rights along with the rarity of successful new

water right applications in the regions suggest that supplemental rights play a limited role

in dealing with water scarcity in the region.

I also run regressions for separate counties in the sample and Table 1.6 displays the

posterior means along with the 95% highest posterior density intervals. One element that

stands out is that the posterior for senior rights has a mean close to zero for Benton County.

Recall that the biggest irrigation district in Benton County with predominantly junior rights,

10The proportion of supplemental rights on land with junior primary rights is 56%, slightly higher than
the 52% of properties with junior primary rights in the sample.
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Kennewick Irrigation District, has a more stable water supply than other junior districts due

to recharge from upstream users. So the county regressions further support the hypothesis

that the value of a senior water right is connected to the water supply volatility.

Figure 1.3: Posterior Distributions for Supplemental Water Right Coefficients

Notes: This is the posterior distribution for the supplemental right coefficient with all controls in the Base
regression except for senior, since the sample is pooled by senior vs. junior. Posterior distributions are based
on 220,000 draws in the Gibbs sampler with the first 20,000 omitted. The distribution with the solid is
the based on properties with senior primary rights, and the distribution with the dotted line is based on
properties with junior primary rights. Thick and thin vertical dashed represent the 95% highest posterior
density interval for the distributions with senior and junior primary rights respectively.

1.4.5 Policy Scenario

The Integrated Plan is a strategy to address water scarcity in the region as farmers face

droughts and the dearth of new water rights constrains developments. For agricultural pro-

ducers, enhancing storage capacity will decrease the volatility of water deliveries to junior

districts, making them more similar to senior districts. Using the estimates of the relative

premium for farmland with senior rights in calculating the benefits to the agricultural sector
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Table 1.6: County Regressions

Kittitas Yakima Benton

0.1135 0.2267 -0.0032
[-0.090-0.3173] [0.1404-0.3133] [-0.138-0.1325]

Notes: The first row is the posterior mean for the coefficient on a senior water right dummy, and
the second row is the 95% highest posterior density interval for that parameter. All controls in
the base result are included in the regressions except for the county dummies, which are perfectly
multicollinear.

from storage enhancement in the Integrated Plan provides an alternative to the production

function approach used by the USBR. I calculate the gains to agricultural production by

multiplying the per-acre premium for land with senior water rights by the irrigable acres

of land with junior rights. I only use land served by the Yakima Project since data are

readily available, making the results an effective lower bound on the benefits for the whole

basin. I believe this approach is justified since these districts represent a significant pro-

portion of total agricultural land and the estimates can be directly compared to the results

in the Integrated Plan. Using the hedonic approach the benefits from more secure water

rights range between $136 and $234 million depending on the using the BMA or base re-

sults and whether Kennewick Irrigation District is included. These results are significantly

lower than the $400 million estimate in the Integrated Plan suggesting an upward bias in

the production approach that does not account for landowner adaptation. This fits into the

general discourse that economic research does not fully permeate through to water policy.

Research suggests the relative benefits of more fluid water markets compared to large gov-

ernment funded infrastructure projects, but unfortunately policy has not caught up with the

economics (Olmstead, 2010). These calculations rest on the assumption that the premium

for land in senior districts is constant throughout the sample period. This assumption is not

valid if climate change alters landowners expectations about future water supply volatility

which we address in the next below.
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1.4.6 Non-Stationary Costs of Water Volatility

Establishing a climate change scenario is the first step in testing for changing expec-

tations about water volatility. The first approach assumes that severe droughts serve as

an information shock that, coupled with news and research about climate change, changes

landowners’ expectations. There have been two severe droughts that reduced prorating to

below 70% since the year 2000: in 2001 and 2005. I pool the data into two periods: pre-2005

and post-2005 and run regressions, and then repeat the process for pre and post-2001. Fig-

ure 1.4 shows the posterior distributions for the senior water right coefficient when pooling

the data before and after the two most recent major droughts. Using either drought to

partition the data indicates that the premium on a senior right may not be stationary as the

central tendency of the distributions shifts to the right in more recent years. However, there

is a significant shared probability mass between the two distributions suggesting that an ad

hoc approach to testing for climate change is not sufficient.

Since there is no established climate change treatment period I look to the data to find

evidence for dividing of the sample. This is akin to testing for parameter instability on

the coefficient on a senior water right, and follows the logic of models with a changepoint

commonly used with time series data. I augment the normal independent Gamma model

by adding an additional Gibbs block to estimate the full distribution for a changepoint

parameter. The methodology is used to test for a structural break in the time trend of U.S.

temperature (Li and Tobias 2011). First I order the data by sale date - it should be noted

that this is cross sectional data so there are multiple observations per time period. The

augmented model partitions the data dependent on θ. For our purposes X2(θ) will contain

all the same covariates as X1(θ) as well as an interaction term of the senior dummy with a

time trend, allowing for parameter instability in the coefficient on a senior water right.

yit|β, β̃, σ2, λ, νλ, X1(θ), X2(θ) ∼

 N(X1β, σ
2
i ) if t ≤ θ

N(X2β̃, σ
2
i ) if t > θ
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Figure 1.4: Posterior Distribution for Sr. Water Right Coefficient Pooled by Date

Notes: This is the posterior distribution for the senior right coefficient with all controls in the Base regression.
Posterior distributions are based on 220,000 draws in the Gibbs sampler with the first 20,000 omitted. The
distributions with solid lines in each pane are the based on the sample before the 2001and 2005 drought
respectively, and the dotted lines are based on the sample after the drought. Thick and thin vertical dashed
represent the 95% highest posterior density interval for the pre and post drought sample respectively.

Xj(θ) for j = 1, 2 denotes the full set of regressors under each regime, where

X1(θ) =



X1,1

X2,2

...

Xi,θ


and X2(θ) =



Xi+1,θ+1

Xi+2,θ+2

...

Xn,T


I use an uninformative uniform prior for θ, and since the θ is discrete-valued I can calculate

the unnormalized ordinates for θ ∈ {1, , T}. Normalizing the ordinates by dividing each

ordinate by the sum of all unnormalized ordinates produces a discrete valued distribution

from which I can draw values of θ. The prior for θ is simply 1/T , all other parameters are

as defined in the base model, and the posterior is given by
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p(θ|y) ∝ p(θ)|Dθ|−
1
2

[
νs2

2
+

1

2

(
y −X(θ)β

)′
D−1

(θ)

(
y −X(θ)β

)]−n+ν2
(1.11)

where D(θ) ≡ In + X(θ)VX
′
(θ). I select quarters as the unit of time because the posterior

is discrete and there are not many years, while using months requires significantly more

computation time. The results are robust to different units of time at low levels of draws

for the Gibbs sampler. The median of the change point parameter is 83 corresponding to

a change point in the third quarter of 2010. This is very close to the end of the sample

suggesting there the coefficient on the senior water is stable over time. Figure 1.5 shows

graph of the full set of frequencies of posterior estimates for θ.

Using a linear interaction after a certain time may be an overly simplistic methodology

to identify a climate change scenario; however it appears to be an appropriate starting point.

There are many factors that contribute to belief in climate change. Creating a continuous

or discrete index of climate variables may be more appropriate than a monotonic linear

approach. This will allow farmers to expectations of climate change to ebb and flow as

the conditions change. Discussions with employees at the USBR and irrigation districts

suggest that farmers are aware of snowpack and TWSA estimates. Regressions run with

lagged proration rates and TWSA estimates interacted with senior dummy do not produce

significant results. Another approach is to employ continuous measures of climate perceptions

such as surveys or opinion polls, and is left for future research.
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Figure 1.5: Posterior Estimates for Changepoint Parameter

Notes: Frequency counts for the posterior of the changepoint parameter that determines the quarter where
the senior right becomes time-varying. The horizontal axis represents the number of quarters from the first
sale in the sample. The control variables are the same as in the base regression model. The first 2778 draws
out of 27778 draws of the Gibbs sampler are omitted resulting in 25,000 draws.

1.5 Conclusion

Increasingly frequent demand and supply shocks from climate change are raising aware-

ness of water scarcity for agricultural producers in the Western United States. The aggre-

gate and distributional effects of water scarcity are intimately related to the institutions that

govern water rights. This paper quantifies the value of priority for senior water rights as a

mechanism to protect landowners against the effects of droughts. The central tendency of

the posterior distribution for senior water rights is significant under all specifications, and

comprises 9-12% of the per-acre value for the average farm in the Yakima Basin. Using the

estimates from the posterior distribution of the senior water right coefficient in a benefit cost

framework suggests that the methodology employed by the Integrated Plan overestimates
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the agricultural benefits associated with enhanced storage capacity in the basin. This finding

depends on the assumption that the full sample of housing sales is representative of farmer’s

expectations of climate change induced water scarcity. If farmers expectations changed since

1990, the coefficient on senior water rights will also change. More specifically, if farmers

respond to climate change by increasing the demand for water security, the premium paid

for land in districts with senior rights will increase. Pooling the samples based on recent se-

vere droughts suggests higher premiums for priority after the droughts. However, explicitly

estimating an endogenous changepoint does not support the hypothesis of a time-varying

premium. This research finds that while farmers in central Washington do pay for secu-

rity in agricultural water rights, expectations about changing water supply volatility are not

manifested in property markets. Further research can pursue the link between water volatil-

ity and the price of water security by exploiting cross sectional variation in water supply

volatility. As is often the case with studying water rights gathering high quality data and

finding regions with comparable institutions remains a challenge.
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Chapter 2

ESTIMATING WATER DEMAND ELASTICITY AT THE
INTENSIVE AND EXTENSIVE MARGIN:
THE ROLE OF LANDSCAPE DYNAMICS
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Abstract

Outdoor water use is a critical element of residential water demand with important implications for

long run demand, vulnerabilities to extreme drought, and infrastructure planning. This research

exploits a unique panel dataset of monthly water metering records and yearly remotely sensed

landscape choices for nearly 187,000 households over 12 years. I utilize changes in landscape to

empirically assess the role of outdoor water use, and estimate the price elasticity at the intensive

and extensive margin. Intensive margin elasticity is estimated through conditional demand func-

tions for households that maintain one type of landscape throughout the sample, while extensive

margin elasticity is calculated through a discrete choice model of landscape conversion. The three

major results are (1) elasticity for households with a commitment to maintaining green landscapes

is significantly lower in magnitude than the general population, (2) lagged and current prices in-

crease the probability of conversion from a green to dry landscape, and (3) landscape conversions

reduce consumption between 18-24%. For consumers with green landscapes the extensive margin

constitutes up to 48% of total elasticity, but there is a wide range depending modeling specification.
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2.1 Introduction

Complementary goods that use water as an input critically shape residential water demand.

These quasi-fixed goods play a similar role to sunk capital in the theory of the firm. Like a factory

or a fleet of cargo planes enables a firm to produce a final good and earn a profit, complementary

goods make up the capital stock through which consumers derive utility from water consumption.

Given an increase in the price of water the literature assumes [2, 29, 103] that consumers first make

behavioral adjustments before making large-scale investments to improve the efficiency of their

goods that use water as an input. Therefore the adjustment of the water capital stock represents

changes along the extensive margin and distinguishes the short and long run effects of changing

water prices. While explicit treatment of the capital stock has been studied in the energy and

gasoline markets there is little research devoted to changes in the water capital stock, primarily

due to data limitations.

In order to estimate changes along the extensive margin I augment a panel dataset of household

water metering records with satellite data to measure changes in landscaping, one of the most

critical complementary goods in residential water demand [12, 137]. The resulting dataset allows

this paper to analyze the role of landscape as a driver of demand parameters and quantify the

impact of water rates on landscape conversion decisions. Observing the capital stock concurrently

with consumption separates intensive and extensive margin elasticity; parameters often measured

implicitly through the difference between long and short run demand elasticity. Additionally, using

satellite data to measure landscape choices over time establishes a promising methodology for

estimating outdoor water demand. Many utilities’ conservation plans concentrate on outdoor use

due to the discretionary nature of outdoor water consumption, its role in shaping peak demand, and

the exhaustion of many indoor efficiency gains.1 The decision to maintain a lush green landscape,

or switch to drought-resistant vegetation, alters consumer responses to water rates and weather

conditions causing structural changes for demand in arid regions. Research suggests that long-

run price elasticity is greater in magnitude than short-run elasticity [2, 15, 39, 103] implying that

there are meaningful reductions in water consumption along the extensive margin by replacing

1One example of the penetration of indoor water efficiency is regulation at the federal and state level
that requires low-flow toilets to be installed in new construction.
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complementary goods such as turf lawn.

I estimate the impact of landscape dynamics by merging a time series of satellite data on

vegetative cover from Landsat TM5 at the parcel level to monthly water metering records and

structural characteristics of the house. The result is a novel panel dataset of water and landscape

for nearly 187,000 households over 12 years in Phoenix, AZ. Observing landscape choices over time

identifies consumers who maintain, or convert, their landscape. Estimating conditional demand

functions for those with no variation in landscape represents the intensive margin, treating a house-

landscape combination as the primary unit of analysis. Price elasticity is up to 26% and 51% lower

in absolute value for households that maintain a wet and dry landscape respectively compared to

the population with mixed or changing landscape. The wet group’s imperviousness to price stems

from the fixed commitment to a lush landscape. It is notable that the wet group is less elastic than

the general sample even though outdoor demand is relatively more price sensitive as evidenced by

[94] among others. In contrast, consistently dry households primarily use water indoors, and indoor

use is known to be less elastic than outdoor use [13, 95, 94]. The all-dry households also have one

less margin for adjustment compared to those with significant outdoor use. Furthermore, while all

groups consume more water during drought conditions, the response is significantly greater in the

wet group relative to the dry and mixed groups.

In a discrete choice model I estimate factors that impact the decision to convert from a wet to

dry landscape. Increases in current and lagged water rates significantly increase the probability of

conversion. Coefficients on lagged prices are larger in magnitude than current prices, suggesting that

the price mechanism is predominantly manifested through consumers’ past experiences of high water

bills. Neighbors’ landscape choices are also positive and significant determinants in the conversion

decision. This result reinforces anecdotal evidence of the importance of neighborhood effects that

lead to clusters of households transitioning to drought-resistant landscapes as social norms evolve.

The results demonstrate that price mechanisms, as opposed to commonly employed mandatory

watering restrictions, can effectively curtail outdoor water use; an outcome that economists have

shown improves social welfare [69, 94]. In fact, the impact of price on landscape conversions, the

extensive margin in this analysis, represents 7-48% of total price elasticity for households with

significant outdoor water use. The model also reveals the temporal dimension of water rates on



37
landscapes, and subsequently water consumption.

Key demand parameters such as the responsiveness to price and weather variables evolve as the

composition of residential landscapes changes. Since climate change is anticipated to increase the

probability of severe sustained droughts, it is critical to measure the distribution of green landscapes

and understand the heterogeneity of consumer response to policy interventions. Utilizing satellite

data adds depth to water demand estimation and informs policy makers about the long run effects

of rate increases and the potential impacts from climate change.

This paper is organized as follows. The next section reviews the relevant literature. Then,

Section 2.3 discusses the background and describes the data. Section 2.4 overviews the estimation

strategy the empirical results. Concluding remarks are offered in Section 2.5.

2.2 Existing Literature

The conventional treatment of the extensive margin in the water demand literature relies on the

assumption that households cannot fully respond to prices in the short term due to capital invest-

ments in complementary goods. Therefore the long run equilibrium, where full adjustment takes

place, encompasses changes along the extensive margin in addition to the intensive margin. Early

research employs various partial adjustment models, such as the flow-adjustment model that in-

cludes lagged consumption in the demand equation [18, 29, 40]. The long run elasticity is calculated

by dividing the price coefficient by one minus the autoregressive, or flow adjustment, coefficient.

[110] uses a maximum likelihood approach to overcome the simultaneity bias in increasing block

rate tariffs, and continues to apply the flow-adjustment coefficient to distinguish between long and

short time horizons. A structural model based on the water provider’s optimization problem by

[103] results in a dynamic panel data model that the authors estimate using GMM to address the

individual and time-varying heterogeneity. [15] employ an error correction model to estimate the

contribution of long-run adjustment in a dynamic short-term annual model using aggregate data.

In past studies the autoregressive coefficient is generally positive and less than unity, producing

values for long-run elasticity that exceed the short-run elasticity in absolute value. The insight

gleaned from the long-run water demand literature is that since long-run elasticity is larger in

magnitude than short-run elasticity important consumer responses to price must come at the ex-
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tensive margin. The partial adjustment models are appealing because they simply estimate both

short-run and long-run elasticities, but it also imposes structure on the adjustment process. [27]

suggest that partial adjustment models do not appropriately model large shocks, and [82] find that

a simultaneous equation model outperforms a flow adjustment model to model electricity demand.

The strategy here is to first control for important consumer durables, and then explicitly model the

demand for these durables.

As the study of allocating scarce resources, economics focuses a great deal of attention to

demand management in times of drought, see among others [69, 84, 94, 102]. There are multiple

studies that measure the efficacy of demand side management policies that come into effect during

water shortages. One of the most common command and control policies is limiting outdoor water

for lawns and gardens during times of drought. Estimates of the welfare gain from using prices as

opposed to mandatory restrictions range from $96 to $152 per household for a given season [69, 94].

Water managers face the challenge of quickly reducing demand under the constraint that baseline

water consumption is a function of the capital stock of complementary goods. The most important

consumer durable for both individual and aggregate demand during times of drought is the type of

landscape outside a home; evidenced by the multitude of command and control policies that target

outdoor water use [30, 69, 94, 116, 115]. In cities with an arid climate, such as the southwestern

United States, outdoor water use represents 50% or more of aggregate demand, of which up to 90%

is for landscape [12, 40]. Despite the importance of demand for watering landscape during drought

conditions, there is no research that directly incorporates landscape into water demand or models

the landscape conversion decision.

[15] highlight the importance of seasonality by showing that models estimated for each cal-

endar month are significantly different than the pooled model, and weather interactions have an

important effect on elasticity measures. Their results, as well as demand estimates from other

research [49, 39] suggests that pooling summer and winter periods together is inappropriate due to

the importance of seasonality. Additionally, outdoor water use is greatest during the summer peak

demand period, and consequently greatly influences infrastructure investments. Summer demand,

and more specifically outdoor water use, draws attention to the counter-cyclical nature of water

demand with negative supply shocks such as droughts correlated to positive demand shocks such
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as increased water requirements for lawns and pools. For these reasons, and the improvements in

indoor water efficiency, water managers are increasingly focusing conservation efforts on outdoor

water demand. This research exclusively models summer peak demand and develops an approach

to incorporate landscape as a proxy for outdoor use - the primary driver of seasonality in water

demand.

As climate change is expected to increase the frequency of drought it is crucial to recover demand

parameters for households with landscapes of varying water intensity. Even without any impacts

from climate change utilities need to develop resiliency plans for dealing with multi-year droughts.

This research adds to the literature by estimating the direct impact of price on the water-capital

stock. Apart from several studies using a pulse-flow dataset that distinguishes different end uses of

water [94, 106], outdoor water demand is not explicitly estimated. Prior studies use proxies such

as monthly dummies, or the difference between summer and winter consumption, to account for

outdoor use. This research shows that the key driver of outdoor use, and peak summer demand,

is the type of landscape in single-family homes. Data on water and landscape over time facilitates

a new methodology for explicitly estimating demand for households with different outdoor water

capital.

2.3 Background & Data

2.3.1 Water and landscape in Phoenix

Phoenix lies in a desiccant arid climate and its history is inextricably tied to importing water

from external sources. The Hohokam occupied what is now present day Phoenix for almost 2,000

years and built complex irrigation systems to smooth out short-run volatility in precipitation.

What happened to this early society remains a mystery, but some scholars believe they perished

from a long and severe drought a prescient tale for the region’s current inhabitants [11]. The

immense water infrastructure projects conducted by the Bureau of Reclamation in the early 20th

century enabled the development of a strong agricultural sector by securing water rights from the

Colorado via the Central Arizona Project, with additional water sourced from the Verde and Salt

Rivers via the Salt River Project. The experience of engineering solutions for water scarcity by

transporting and storing a vast volume of water has been replicated in many Western regions, and
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has allowed the rapid population growth to the southwestern United States. As of the decennial

census in 2010 Phoenix was the sixth largest city in the United States, with nearly 1.5 million

inhabitants and a metro area that includes 6 other municipalities with over 200,000 people. During

Phoenix’s transition into a major metropolis in the second half of the 20th century the water rights

freed up from converted agricultural land allowed residential developments to establish lush green

landscapes with immense water requirements. As water rates rise and the environmental issues

related to water scarcity become more prominent, households are beginning to convert their green

landscapes to drought-resistant native vegetation, known as xeriscape.

I focus on summer demand, defined as June through September, because it is the peak demand

period and the link between landscape and water is strongest during the hot dry months. Landscape

conversion normally takes place before May in order to avoid the extreme heat of the summer

months. Therefore, observations of the landscape at any point between May and September are

good indicators of the landscape for the summer season. Additionally, while summer landscape can

be viewed as an irreversible decision due to the high fixed costs of conversion; winter landscape

does not have the same features. Bermuda turf, the most common grass in the Phoenix area, lies

dormant in the winter and consumers need to reseed each season in order to have a green lawn in the

winter.2 Therefore some households that have a green lawn in the summer will appear dry in the

winter even if they have turf grass. The reverse situation is not true since dry summer landscapes

generally require ripping out turf grass, making summer landscape an appropriate measure of the

water capital stock.

Water rates in Phoenix consist of a monthly allotment subject to a small unit environmental

charge combined with a volumetric charge for all units above the allotment. Both the allotment and

price change within each fiscal year during the high, medium, and low demand periods. Consump-

tion, as well as price, generally increases from the low to medium and medium to high periods due

to both observed and unobserved factors. Grouping all periods together may lead to a positive bias

on elasticity parameters since higher prices are correlated with unobserved factors that increase

demand. The focus on the summer high demand exploits annual price variation, abstracting from

2Average yard size is approximately 7000 square feet (lot size less square footage of house). If half of
that the yard is turf and conversion costs range between $1.5-$2.5 per square foot, then conversion costs
range from $5,250-$8,750; from http://www.mesaaz.gov/conservation/convert.aspx.



41
the intra-annual variation that is confounded with demand shocks. Additionally, there is evidence

summer water demand is inherently different and lumping winter and summer demand together is

not appropriate [39, 49, 15].

2.3.2 Data

Data limitations constrain empirical studies of water demand. Many studies estimating long-

run demand use time series data aggregated for entire municipalities [15, 29, 100, 103]. Household

level datasets often have small sample sizes and are reused for different research applications [2,

18, 3]. The lack of data prevents researchers from observing important complementary goods

simultaneously with water consumption; a goal established early in the literature [3]. There are

five primary datasets that I merge together: water metering records, satellite data on vegetative

cover, weather data, structural housing characteristics, and census data. Monthly metering records

for 186,813 single-family homes in the City of Phoenix Water Department’s service area from 1998-

2009 measure water consumption. This rich dataset is a balanced panel containing over 26 million

observations. Since this period corresponds with the collapse of the housing market, using data

from active accounts ensures that landscape conversions are not merely the neglected lawns of

foreclosed homes.

The second primary dataset is a time series of satellite data obtained from the National Aero-

nautics and Space Administration’s (NASA) Landsat 5 Thematic Mapper series, henceforth referred

to as Landsat. Landsat data, publicly available for download from the USGS Glovis system,3 is a

valuable data resource used extensively in the natural sciences. However, Landsat is less common

in economic research and to my knowledge has never been merged with household-level water data.

The Landsat satellite captures reflected and emitted energy in six bands of the electromagnetic

spectrum as well as one thermal band. Landsat TM5 takes an image of the same location every 16

days with 30-meter resolution, but is often obstructed by clouds rendering the image unusable. The

Normalized Difference Vegetation Index (NDVI), one of the most frequent measures of vegetative

cover, serves as a proxy for landscape choices [1, 127, 128]. In the remote sensing literature there is

a meticulous debate over the best index to measure vegetative cover see among others [64, 78, 136].

3The web portal is available at http://glovis.usgs.gov/.
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NDVI is widely used and is appropriate as an introduction of remote sensing data into water de-

mand, thought the optimal index depends on the environment, the natural phenomena that is being

captured, and the collection instrument and is beyond the scope of this research.

Since Phoenix is an arid environment with few cloudy days I can acquire high-quality images

for each year in summer and winter. Each image represents an observation at one point in time and

there are several steps to process the data to ensure comparability over time and space, described

in detail in Section A.1 of the Appendix. The final landscape dataset is a panel where the cross-

sectional unit is geographical location and the time series is the year of an individual image. I

spatially merge the NDVI data to each parcel in the water consumption dataset using Geographic

Information Software (GIS)4. The size of each Landsat pixel is 900m2, which is slightly larger

than the average lot size of 861m2. Since the pixels do not perfectly match up with the parcels I

downscale the NDVI to 100m2 and take a spatially weighted average of the downscaled pixels. The

merging process introduces noise into the landscape variable and is representative of the tradeoff

between classification accuracy and scale when processing remote sensing data. While the remote

sensing literature focuses on precise and accurate classification, the purpose in this research is to

develop a proxy for landscape changes over time for a large geographical area.

Although there is a continuum of landscaping options in Phoenix the two overarching categories

are drought-resistant native plants, known as xeric, and lush green vegetation, usually comprising

turf lawn, defined as mesic. The key distinction for this research is that xeric is much less water-

intensive than mesic. Exact classification is not the primary concern; rather I develop a variable

that captures the general water requirements for landscaping at the parcel level. Since NDVI

captures the greenness of a given area, and water is required to maintain almost all vibrant green

vegetation in Phoenix, the index is appropriate for this coarse classification. For clarification, xeric

and dry will be used interchangeably to define low-NDVI landscapes as will mesic, green, and wet

for high-NDVI landscapes. In order to obtain accurate landscape classifications I compare quantiles

of NDVI, which ranges from -1 to 1, with the data from an widely-cited5 existing remote sensing

study [128]. NDVI performs well in classifying landscape at the tails of the distribution, and is less

4According to a confidentiality agreement with the City of Phoenix I merge the NDVI values at the
parcel level and then City officials attached it to an anonymous identifier representing a water account.

5As of 10/15/2015 Stefanov et al. (2001) had 282 citations in Google Scholar.
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accurate in the middle of the distributions. Table ?? displays the comparison of NDVI quantiles

with the classification of [128].

A limitation of validating the use of NDVI for landscape classification in this study is that data

in [128] are only available for one year, and the purpose of this research is to observe both water

and landscape over time. Comparing quantiles of NDVI over time is problematic because NDVI is

correlated with time-varying weather conditions; Figure ?? in the Appendix visualizes the problem

of using raw NDVI quantiles across years. In order to compare NDVI across years I regress NDVI

on weather variables to parse out the annual variation due to weather. Weather data are collected

from three sources: the National Oceanic and Atmospheric Administration’s National Climatic

Data Center,6 Oregon State Universitys PRISM Climate Group,7 and the University of Arizonas

AZMET Weather Data.8 There are advantages to each of the weather data sources. NOAA’s data

are one of the most commonly used weather data and are a natural starting point. The PRISM

data are delineated on a 4-kilometer grid and thus have much finer resolution than data from a

single, or several weather stations. The shortcoming of PRISM data is that only average monthly

minimum, maximum, and precipitation are available and vegetative growth is known to respond

non-linearly to weather. The AZMET data calculates evapotranspiration for the Phoenix area,

which measures a combination of the consumptive use of turf grass and evaporation. This has been

used in agronomy [10, 77] and water demand research [106, 102], and accounts for variables such

as wind speed and moisture deficit that specifically impact plant growth.

In order to improve comparability of NDVI values over time I normalize the NDVI to control

for fluctuations in weather condition. Section A.2 of the Appendix describes the normalization

procedure and presents results from the weather normalization regressions. Using the residuals

from the weather normalization regressions I create quantiles over the full distribution of normal-

ized NDVI. Each parcel is the merged to the normalized yearly NDVI quantiles, monthly water

metering records, structural housing characteristics, selected census demographic variables, and

weather variables. The resulting dataset is a panel with two sources of time-varying data. Water

6The data are available online at http://www.ncdc.noaa.gov/.
7The data are available online at http://www.prism.oregonstate.edu/.
8The data are available online at http://ag.arizona.edu/azmet/azdata.htm/.
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consumption, water rates, and weather all vary on a monthly level, whereas NDVI varies annually.

Static data include structural features of the house derived from assessor data and census data at

the tract and block level. The structural characteristics of the house are recorded at the time of

the sale and thus can vary over time, but the vast majority of the structural features of the house

remain constant during the sample9.

I form three groups based on the time series of satellite data: Wet, Dry, and Mixed. The Wet

and Dry groups contains households that, for every year in the sample, have a normalized NDVI

value above the 80th percentile or below the 30th percentile respectively10. The Mixed group makes

up the remainder of the sample and consists of those that converted from wet to dry landscapes,

converted from dry to wet, or have at least one normalized NDVI observation that lies between

the 30th and 80th percentiles. To clarify the notation, wet/dry are general descriptors or refer to

an observation at one point in time, whereas the capitalized versions Wet/Dry correspond to the

formal groups in the sample that are consistently wet or dry. Table 2.1 below provides summary

statistics for each of the three landscape groups.

In addition to the classification diagnostics with respect to the [128] study, merging the land-

scape data with water consumption records confirms that the satellite data performs well as a proxy

for landscape. Figure 2.1 shows the average historical consumption for the three groups. While all

groups have a cyclical dimension to consumption, seasonality is much stronger for the Wet group,

and in fact these households are the primary driver of peak summer demand. In the winter months

all three groups converge relative to the extreme differences in summer usage. To put these con-

sumption figures in perspective according to the EPA the average household consumption is 400

gallons per day. So while the Dry group uses about the average amount in the summer the Wet

group uses approximately twice the amount of water as the average U.S. household.

9For example only 0.8% of households in the sample either added or removed a pool.
10The results from the classification diagnostics in Section A.3 of the Appendix reveal that performance

of NDVI for dry extends out from the tails to a greater degree than for wet. For this reason, and in order to
obtain a relatively balanced group for wet and dry, I have non-symmetrical cutoffs for landscape classification.
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Table 2.1: Summary Statistics

Landscape Group
Variable Unit Mix Dry Wet

Yard % (of lot) 0.797 0.825 0.82
Year Built Year 1973 1975 1960
Pool % 0.343 0.298 0.428
Rooms # 6.065 5.638 6.454
Bathrooms # 2.162 1.981 2.304
House size Square feet 1,631 1,432 1,970
Lot size Square feet 8,934 9,961 13,325
Total Sales # 1.618 1.634 1.541
Sale Value 2000 USD 110,207 93,312 189,658
Same House as 1995 % 0.493 0.47 0.542
Household Size # 3.071 3.091 2.565
Renters % 0.145 0.187 0.142
College % 0.22 0.2 0.35
Median Income 2000 USD 52,236 49,284 61,428
Water Gallons per day 557 428 758

Observations - 6,937,962 780,455 844,308
Households - 143,112 16,079 17,598

2.3.3 Water rate structure

Before estimating water demand I describe the water rate structure in Phoenix and some of

the issues it raises in demand estimation. A graphical representation of the Phoenix’s water rate

structure is shown in Figure B.1 in the appendix. The total bill a consumer faces is wp1 if the

consumption is less than or equal to w̄, and [w̄p1 + (w − w̄)p2] if consumption is greater than w̄.

The marginal price a consumer faces depends on how much water she chooses to consume, creating

a simultaneity problem when estimating demand functions [71, 76, 105]. Since consumers only pay

p2 for the units above w̄ their total bill is less than the marginal price applied across all units. This

additional income relative to a linear price structure is referred to as virtual income, and equal

to w̄(p2 − p1). Virtual income and marginal price are endogenous since they are simultaneously

determined with the quantity of water consumed. A common approach to deal with the endogeneity

is to use the full rate structure as instruments since the variables are correlated with actual marginal

price and exogenous to the household [105, 106]. In this case this is the high block rate, the low

block rate, and the fixed charge. Phoenix has a zero profit constraint the fixed cost must decrease

when the marginal cost increases, provided that costs stay constant. This generates a negative
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Figure 2.1: Water Consumption by Landscape Group
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Notes: Wet and Dry groups are determined by those that were continuously above the 80th percentile and

below the 30th percentile of NDVI respectively. The Mix group is the remainder of the sample.

correlation between the fixed cost and the marginal price.

Phoenix is in a unique situation where the lower block is almost free, except for a small envi-

ronmental charge, and the majority of the volumetric charge comes from of the volumetric charge

in the second block. It is an open question whether consumers respond to the average or marginal

price; and the true measure of consumer response likely is heterogeneous and depends on the rate

structure [79, 102, 125]. In Phoenix the price signal primarily stems from the volumetric charge

in the second block, and it is possible that even consumers in the first block are responding to the

price in the second block. The first block is set at 10 ccf11 in the summer and the price in this

block ranges from $0.09-0.39 over the sample; yielding a maximal variable cost in the first block of

less than $4.00 per month. The structure of Phoenix’s water rate indicates that the appropriate

economic interpretation of elasticity might be to measure behavioral response to the marginal price

11One ccf is one hundred cubic feet and is approximately 748 gallons.



47
at the second block, regardless of the actual marginal price they face. Looking at the data, almost

80% of monthly observations are in the high block and fewer than .6% of households never visit

the high block.

One limitation in this study is that the primary source of variation is time series. Figure 2.2

displays the variation in both the fixed charge and the high block over the sample period. Many

studies use cross sectional variation [94, 106] and quasi-experimental approaches [80, 79, 84, 102] to

recover elasticity parameters because there is often more price variation across utilities than within

a utility over time. There are advantages to using restricting analysis to one utility that justify

the analysis for this setting. [106] bring up the concern of endogeneity for rate schedules as water

scarcity or environmental concerns relate to water use and also factor into rate structure. Changes

in consumption across different utilities may be the result of differences in rate structures as opposed

to the marginal price. Comparing satellite data from multiple geographic areas is difficult due to

differences in climate and characteristics of native vegetation. Many utilities offer various incentives

and rebates that obscure the pure price effect from responses to other policies. In Phoenix there

were no landscape rebates during the sample, which allows for a clean identification of the pure

water rate effect on landscape conversion. For these reasons I believe that using time series variation

is worthwhile, though cross-utility analysis that incorporates changes on the extensive margin is a

promising area for future research.
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Figure 2.2: Variation in Phoenix Water Rates
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2.4 Estimation Strategy

The goal of this paper is to estimate intensive and extensive margin elasticity. The ideal dataset

includes observable variation in all complementary goods, water consumption, and prices. I only

observe changes in landscape and therefore treat landscape as the water capital for each home.

Since landscape plays a major role in urban water demand this treatment is a useful foundation to

estimate extensive margin elasticity. To reiterate, changes in water consumption holding landscape

constant represents the intensive margin, while the change in consumption associated with convert-

ing landscape is the extensive margin. For notational simplicity I assume there are only two types

of landscape: wet and dry.12 Similar to [47] I disaggregate water consumption into conditional

probability weighted averages based on the landscape. In this setting average water consumption

is designated as E[w] = PdryE[w|dry]+PwetE[w|wet], where E[w|dry] and E[w|wet] are the expec-

12Note that these are not the same definitions as Wet and Dry, rather these are colloquial terms that
designate two general landscaping regimes.
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tations of water consumption given a dry and wet landscape; and Pdry, Pwet are the probabilities

of dry and wet landscapes. Equation (1) therefore divides aggregate elasticity into the probability

weighted averages of conditional elasticity and the landscape conversion term.

ε(E[w], pw) = ε(E[w|dry], pw)Pdry

(
E[w|dry]

E[w]

)
+ ε(E[w|wet], pw)Pwet

(
E[w|wet]
E[w]

)
+ ε(Pdry, pw)Pwet

(
E[w|dry]− E[w|wet])

E[w]

) (2.1)

The elasticity of x with respect to y is ε(x, y), w is the quantity of water pw is the price of

water. The first two terms are the probability weighted averages of the conditional elasticities for

dry and wet households respectively, and the last term captures the impact of price on landscape

conversions. There are two key insights in equation (1). First, heterogeneity exists in the intensive

margin elasticity based on the type of landscape, displayed as ε(E[w|dry], pw) and ε(E[w|wet], pw).

Second, the extensive margin elasticity measures the impact of price on the proportion of households

with dry landscapes, ε(Pdry, pw), scaled by the change in consumption associated with converting

from wet to dry, Pwet
E[w|dry]−E[w|wet]

E[w] . Estimating the separate elements of equation (1) requires

a time series for landscape to identify changes in landscape as well as households that preserve a

fixed landscape. Using the Wet and Dry groups I isolate changes in consumption for households

that maintain one type of landscape throughout the sample, thus defining the intensive margin.

Likewise the Mixed group consists of changes along the extensive margin that will be estimated in

a discrete choice model of landscape conversion.

Before estimating the conditional demand functions I perform model specification based on the

full sample pooled over all landscapes by estimating water demand presented in equation (2).

ln(wit) = α+ γln(pit) + βX ′it + νit (2.2)

Here wit is water consumption for household i at time t, pw,it is the price of water, Xit is vector

of controls, and νit is an idiosyncratic error term, where νit = µi + ξit. Table 2.2 compares the

demand estimation for random effects and fixed effects models either instrumenting for the observed
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marginal price or using the marginal price in the second block. The dependent variable is the log

of monthly water consumption, with panel cluster-robust standard errors as defined by [139].

In columns (1) and (2) the price variable is the log of the marginal price for the second block and

in columns (3) and (4) price is the log of observed marginal price instrumented with the full rate

structure to address the simultaneity of consumption as suggested by [105]. Net evapotranspiration

is a function of weather variables and quantifies the consumptive use of turf grass in the Phoenix

metro area net of recorded precipitation measured in millimeters per square foot. Temperature is

the average monthly maximum temperature, and PHDI is the Palmer Hydrological Drought Index

that serves as a proxy for drought conditions with lower values signifying more severe droughts.

Household level characteristics include the percentage of the lot that can be landscaped, the year

the house was built, a dummy for a pool, the number of bathrooms, and square footage of the

house.13 Household size and whether the same occupant lived in the house in 1995 are obtained at

the census block level from the 2009 5-year American Community Survey.

Comparing the results across specifications shows that there is not much variation in price

elasticity, or other parameter coefficients. Price elasticity is slightly higher in absolute value in the

IV model, as are the coefficients on temperature and net evapotranspiration. While random effects

is efficient, consistency rests on the assumption of no correlation between the random effect µi and

the static covariates. A cluster-robust version of the Hausman test [99, 32, 139] rejects the null

of no correlation, requiring the fixed effects model. In order to examine the differences between

modeling demand with the marginal price and the high block price I perform a cluster-robust

version of the Hausman test [139] to test for differences between these regression equations. While

the fixed effects equations in column (2) and (4) overall are significantly different from each other,

the price coefficient is not significantly different at the 10% level. It is important to consider the

interpretation of the two designations of marginal price. The elasticity using the observed marginal

price represents the change in consumption due to a change in price that a consumer actually

faces. Alternatively, employing the high block price the elasticity simply represents the response

to a change in the high block rate. It is intuitive that using observed price produces elasticities

of greater magnitude because it represents prices that affect consumers who consume below the

13The yard variable is created by subtracting the footprint of the house from the total square footage.
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Table 2.2: Specification for Water Demand

(1) (2) (3) (4)
VARIABLES RE FE RE FE

No-IV No-IV IV IV

ln Price -0.233*** -0.233*** -0.243*** -0.242***
(0.00667) (0.00667) (0.00842) (0.00841)

Time -0.0121*** -0.0121*** -0.0128*** -0.0129***
(0.000364) (0.000364) (0.000419) (0.000418)

Net Evapotransporation 0.0209*** 0.0209*** 0.0266*** 0.0266***
(0.000130) (0.000130) (0.000268) (0.000268)

Temperature 0.0237*** 0.0237*** 0.0275*** 0.0273***
(0.000100) (0.000100) (0.000189) (0.000188)

PHDI -0.00502*** -0.00502*** -0.00504*** -0.00504***
(7.74e-05) (7.74e-05) (9.97e-05) (9.96e-05)

Yard 1.896*** 2.088***
(0.0199) (0.0255)

Year Built -0.00353*** -0.00436***
(9.90e-05) (0.000129)

Pool 0.212*** 0.280***
(0.00266) (0.00399)

Bathrooms 0.0396*** 0.0417***
(0.00299) (0.00370)

House sq. ft. 0.000429*** 0.000497***
(3.49e-06) (4.84e-06)

Same House in 1995 0.192*** 0.229***
(0.00794) (0.0102)

Household Size 0.0843*** 0.120***
(0.00158) (0.00235)

Houshold Fixed Effects No Yes No Yes
Observations 8,564,134 8,564,134 8,564,964 8,564,961
Households 186,813 186,813 186,834 186,831

Notes: Dependent variable is the natural log of monthly household water consumption. For columns (1)
and (2) the price variable is the log of the marginal price for the second block and in columns (3) and (4)
price is the log of observed marginal price instrumented with the full rate structure to deal with simultaneity
with consumption. Household fixed effects are used in and robust standard errors clustered at the household
level are given in parentheses. *** p<0.01, ** p<0.05, * p<0.1

threshold. Since it is unclear which specification is preferable I report results from regressions with

both marginal price variables.
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2.4.1 Conditional demand functions

In order to capture the intensive margin elasticity and explore heterogeneity in demand param-

eters I estimate conditional demand functions defined by

ln(wlit) = αli + γlln(pit) + βlX ′it + ξlit (2.3)

Equation (3) is similar to equation (2) except that demand is conditional on landscape group

l = {M,D,W}, and I focus on the fixed effects model. The other terms include household fixed

effects αi, a vector of controls Xit, and an idiosyncratic error term ξit. The parameters of interest

are the values of γl for each of the landscape, interpreted as elasticities in the log-log specification.

Table 2.3 presents the results from the conditional demand functions, using both price specifications,

for the three landscape groups: Mixed, Dry, and Wet.

Table 2.3: Conditional Demand Functions

(1) (2) (3) (4) (5) (6)
Mixed Dry Wet Mixed Dry Wet

FE FE FE FE-IV FE-IV FE-IV

ln Price -0.248*** -0.127*** -0.213*** -0.266*** -0.122*** -0.184***
(0.00791) (0.0239) (0.0236) (0.0106) (0.0240) (0.0247)

Time -0.0129*** -0.0162*** -0.00154 -0.0140*** -0.0161*** -0.00169
(0.000464) (0.00131) (0.00128) (0.000555) (0.00138) (0.00152)

Net ET 0.0208*** 0.0194*** 0.0240*** 0.0268*** 0.0226*** 0.0294***
(0.000353) (0.000521) (0.000920) (0.000491) (0.000896) (0.00136)

Temp 0.0237*** 0.0195*** 0.0256*** 0.0277*** 0.0216*** 0.0281***
(0.000156) (0.000398) (0.000447) (0.000251) (0.000656) (0.000616)

PHDI -0.00530*** -0.00431*** -0.00338*** -0.00545*** -0.00410*** -0.00296***
(9.16e-05) (0.000273) (0.000262) (0.000122) (0.000307) (0.000311)

Obs 6,937,925 780,455 844,308 6,937,891 780,450 844,305
HHs 151,247 17,236 18,327 151,247 17,236 18,327

Notes: Dependent variable is the natural log of monthly water consumption, and conditional demand
functions for subsets of the sample determined by NDVI over time. For equations (1)-(3) price is specified
as the marginal price in the top block and columns (4)-(6) use the instrument for observed marginal price.
Household fixed effects are used in and robust standard errors clustered at the household level are given in
parentheses. *** p<0.01, ** p<0.05, * p<0.1

Since landscape remains constant for the Dry and Wet groups, households in these groups can
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only change indoor water use and the intensity of watering so the coefficients on price represent

intensive margin elasticity. Note in Table 2.3 that the Dry and Wet groups have lower point

estimates for elasticities in both specification relative to the Mixed group. Wald tests reveal that

these differences are significant at the 95% level for all combinations except the Wet-Mixed groups

in the non-IV specification (the price coefficients in columns (2) and (3)). Households in the Wet

group have a fixed commitment to maintain a green landscape that dampens their responsiveness

to rising water rates. The theoretical basis for this result can be traced back to [111] in his theory

of conditional demand and quasi-fixed goods. This is particularly noteworthy due to the extensive

literature that finds outdoor water use to be more price elastic than indoor use; and the Wet group

surely consumes a large amount of water outside in order for the satellite to detect substantial

vegetation. The Dry group’s relative inelasticity stems from removing one margin of adjustment,

namely outdoor water use; and because indoor use is less elastic than outdoor use. These results

reveal the degree of heterogeneity in water demand parameters due to landscape.

Several other comparisons between the conditional demand functions are noteworthy. The

coefficient on the yearly time trend shows that the Mixed and Dry group’s consumption is steadily

decreasing by approximately 1.5% per year, while the Wet group usage stays relatively flat over

time controlling for other factors. Across the country indoor water use has declined due to improved

efficiency in appliances and regulations that require low-flow toilets. These savings are manifested

in both the Mixed and Dry group, but outdoor water use dominates any indoor efficiency gains

for the Wet group. Similarly, the Wet group is significantly more responsive to both temperature

and net evapotranspiration than the Dry and Mixed group because more water is necessary to

sustain green plant life in hot dry conditions. It is interesting that the coefficient on PHDI, which

measures longer-term weather conditions, is larger for the Mixed group than either Wet or Dry.

Long-run drought conditions may prompt the Mixed group to change their landscape or at least stop

maintaining it a margin of adjustment not available to the Wet group. Issues of sample selection

arise in the conditional demand functions since their may be underlying differences, irrespective of

landscape, between the three groups. In the random effects specification I run a selection model

incorporating terms to correct for sample selection [74, 88, 122, 38]. These models produced similar

results to the simple random effects model, but when the sample selection terms drop out in the
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fixed effects model because they do not vary over time. Landscape in Phoenix is trending towards

more xeriscaping; probably due to changing environmental attitudes and rising water rates. As seen

in Table 2.3, as the proportion of households with dry landscapes increases overall water demand

will be less responsive to price and weather variables. In the next section I estimate a model of

landscape conversion to determine the role of price in the landscape decision, and the subsequent

impact on water demand.

2.4.2 Landscape conversion

The decision to convert a landscape from turf grass to native desert plants is a major investment

for a household. The benefits are a string of savings that come from lower water consumption as

well as reduced labor costs if the xeriscape requires less maintenance, as is often the case. Costs

of conversion consist primarily of the upfront fixed cost of the conversion; for example one set of

estimates from Las Vegas range from $1.37-1.93 per square foot [126]14. Landscape conversion is

treated as an irreversible investment since it is unlikely that a household would re-install grass

after an expensive xeriscape investment due to the high fixed costs. This is similar to the decision

to invest in residential energy efficiency [73, 117], development and land use [25, 119], technology

adoption [50], and plant exit decision [19].

Landscape is a highly visible feature of the house and landscape is capitalized at both the

household and neighborhood level. [83] find that living in a neighborhood with predominantly

green landscapes adds more value to a property than if the property itself has a green landscape.

Part of the value rests on the fact that green neighborhoods have lower nighttime temperatures a

valuable attribute in southwestern cities. Households in predominantly mesic neighborhoods that

convert their lawns to xeric landscapes free-ride on neighborhood-level amenities by avoiding the

expense of maintaining their own yard. I model the timing of landscape conversion as the product

of a household optimization problem such that a household chooses the time of conversion T to

minimize:

V =

∫ T

0
[ptW̄ + (mt − bt)]e−ρtdt+

∫ ∞
T

(1− θ)ptW̄e−ρtdt+Kte
−ρt (2.4)

14The [126] estimates are from 2001 and match up with those for the Phoenix area after accounting for
inflation. In 2010 dollars the conversion costs are $1.80-2.54, within the range of $1.50-2.50 reported for the
Phoenix area.
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where pt is the price of water at time t, W̄ is the water requirement for a green landscape, mt is

maintenance cost (outside of water costs) of a green landscape relative to a dry landscape, and bt is

the dollar value of the relative benefits of a mesic landscape compared to xeric There is a one-time

cost of Kt to convert a landscape, taken to be the numeraire, and I assume a conversion achieves

a proportional reduction in consumption by a factor θ. The discount rate is ρ and is less than

one. The first order condition to this optimization problem that dictates whether a household will

convert is

θpT W̄ + (mT − bT )− ρKT ≥ 0 (2.5)

If the water savings and non-water relative net costs exceed the discounted capital cost then a

household will convert. The term (mt − bt) captures the non-water component of the landscape

decision with bt representing the visual appeal and recreational value of a grass lawn15, whereas mt

consists of labor and material costs associated with landscape maintenance. This term is likely to

be negative for households that have not yet converted at the start of the sample. The non-market

benefits, bt, distinguish the landscape conversion decision from a conventional model of residential

investment in efficiency that exclusively focuses on minimizing expenditure. For example, outside

of the difference in energy costs consumers are likely indifferent between weather proofed windows

and old drafty windows. Another factor that in landscape conversions that does not necessarily

exist in other contexts is the role of social norms and attitudes. Neighbors’ decisions may alter

the decision to convert landscape since there may be pressure to either maintain a predominantly

green neighborhood, or to prove environmental credentials by adopting native desert vegetation.

As social norms evolve having a xeric landscape may become more socially acceptable and may

even become a desirable signal of environmental stewardship. Regardless of the direction of the

effect neighbors’ decisions likely play a role in the decision to convert from a wet to dry landscape,

and are therefore included in the model.

Landscape conversion is coded through observing a series of NDVI values over time. After

normalizing for weather as described in section A.2 of the Appendix, I generate quantiles of NDVI

to define either wet or dry landscape years. Since there is noise in the NDVI data I am conservative

15[83] estimate how green landscapes capitalize into housing prices and find that living in a green neigh-
borhood increases the monthly rental rate by over $100 for a green neighborhood and $17 for a green lawn.
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in defining a conversion as a sequence of at least two wet years followed by at least two dry years.

Through this sequence I can not only observe whether a household converted from wet to dry, but

also the year of conversion. The dependent variable, Cit, is equal to one if household i converts at

time t and is otherwise equal to zero. The price of water is observed as are the landscape choices

for each household and their neighbors. The fixed amount of water and the efficiency factor are not

directly observed but are likely a function of observable household characteristic such as the size of

the yard and household size. Similarly the elements that make up (mt− bt) are not observed, but I

do have data that can be used as proxies such as whether the house is owned or rented, neighbors’

landscape decisions, and the value of the home. Household level data for the fixed capital costs of

landscape conversion and variable landscape maintenance costs for both wet and dry landscapes are

not available. Therefore identification requires the assumption that water rates are not correlated

with these unobserved costs over time.

To estimate the model I separate the decision to convert into a deterministic and a random

component:

C∗it = xitβ + εit (2.6)

such that household i converts at time t if:

Cit =

 1 if C∗it > 0

0 otherwise.
(2.7)

I parameterize εit in equation (5) as type I extreme value leading to a panel data logistic regres-

sion. Since there are likely important unobserved variation at the neighborhood level, for example

homeowner association’s restrictions and social pressures, I use a multilevel model [61] that allows

for random neighborhood-level intercepts. The probability of conversion for household i at time t

is defined as:

P (Cit = 1) =
eαN+β′xit

1 + eαN+β′xit
(2.8)

where αN is a random neighborhood-level intercept for household i. I also run a version of

the model with both individual and neighborhood level random effects, and the main results do

not change substantively. The random effects logit model does not have a closed form solution
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and is therefore estimated through numerical quadrature simulation methods. Table 2.4 provides

the parameter estimates for the random effects logit model for landscape conversion. Since the

predicted probabilities depend on the random components I present the raw coefficients. These

coefficients represent the marginal change in the log odds ratio, or logit, for a unit change in xit.

The interpretation behind the coefficient’s magnitude depends on the probability of conversion,

which is very low in our sample. Since the logit is a monotonic transformation positive coefficients

increase the probability of conversion while negative coefficients have the converse effect.

Table 2.4: Landscape Conversion Random Effects Logistic Regression

VARIABLES (1) (2) (3) (3) (5)

Price 5.484*** 2.164** 4.826***
Price (t-1) 4.276*** -4.793*** 5.538*** -1.453*
Price (t-2) 19.58*** 18.71***
# Dry Neighbors 0.130*** 0.128*** 0.112*** 0.126*** 0.109***
House sold w/i 1 year 0.234*** 0.242*** 0.263*** 0.243*** 0.265***
Yard size 1.24e-05*** 1.24e-05*** 1.25e-05*** 1.24e-05*** 1.25e-05***
Rooms -0.0803*** -0.0804*** -0.0811*** -0.0805*** -0.0814***
Year Built -0.0121*** -0.0119*** -0.0105*** -0.0117*** -0.0102***
Pool 0.0334 0.0337 0.0346 0.0338 0.0349
House Price -2.08e-06*** -2.09e-06*** -2.23e-06*** -2.11e-06*** -2.25e-06***
% Renter Occupied -0.135 -0.130 -0.100 -0.127 -0.0928
% College Educated -0.0221*** -0.0223*** -0.0238*** -0.0224*** -0.0242***
Same House as 1995 0.336 0.334 0.330 0.334 0.333
Time 2.332*** 2.105*** 1.254*** 1.906*** 0.840***

Time2̂ -0.283*** -0.257*** -0.245*** -0.224*** -0.173***
Constant 22.37*** 20.23*** -11.96** 19.88*** -9.055**

log-sd -0.508*** -0.513*** -0.557*** -0.518*** -0.565***
SE of log-sd (0.0509) (0.0511) (0.0523) (0.0511) (0.0525)

Observations 876,665 876,665 876,665 876,665 876,665
Chi-Sq 584.1 576.7 520.3 572.6 511.8
Chi-Sq p-value 0 0 0 0 0

Notes: Observations after a conversion are dropped, since they are not able to convert twice in the sample.
Random intercepts are implicitly estimated at the neighborhood level; their log of their standard deviation
is reported. Chi-square statistic is the for the hypothesis test of ignoring the random intercepts and running
a pooled logit. Bootstrapped standard errors are reported in parentheses. *** p<0.01, ** p<0.05, * p<0.1

Examining the results in Table 2.4 shows that higher water prices increase the probability of

landscape conversion. I use the marginal price in the high block because this is the relevant price
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signal to those with significant water consumption for landscape. The various columns designate

different temporal dimensions of price variables. If a consumer bases their landscaping decisions on

their expected summer water costs (water rate increases are publicly listed on the City of Phoenix

website) then the current price is the appropriate price to use. However, it is plausible that high

water bills in the previous season drive landscape decisions; motivating lagged water rate as the

applicable price. In scenarios such as columns (2), (3), and (5) where more than one price variable

is included, one derives the total impact of price by the cumulative effect of the price coefficients. In

all scenarios the cumulative effect is positive and significant indicating that consumers do respond

to rising water rates by changing their landscapes.

Other variables also have interesting, and usually intuitive results. Having more neighbors

with a dry landscape significantly increases the probability of converting to from wet to dry.16

This reinforces anecdotal evidence from water managers at the City of Phoenix of clusters of

conversions at the neighborhood level. The positive coefficient on neighbors’ conversions suggests

that alleviation of social pressure from being an isolated xeric landscape, in a green neighborhood,

and/or evolution of social norms to favor water-efficient landscape, dominates the desire to free

ride on a neighborhood-level amenity. While the results associated with neighbors landscapes are

intriguing I caution full causal interpretation of these results as peer effects. The difficulty of

identifying peer effects is noted in [92, 93], and future research will explore whether neighbors

decisions have a causal effect the probability of conversion or if the results are driven observed or

unobserved correlation across space. The spatial pattern of conversion also has implications for

dealing with the urban heat island effect since there is a non-linear relationship between landscape

and nighttime temperatures.17 Houses that have been sold within one year also are more likely to

convert; probably because the new owner may have different landscape preferences than the seller.

Census blocks with a higher proportion of renters are less likely to convert, which is consistent with

the theory since they will recoup less of the costs of fixed investment if they plan to move in the

future. Interestingly, the size of the yard has a small and insignificant effect on conversion. Similar

16The twenty closest non-contiguous neighbors are used in order to avoid contamination in NDVI data
with direct neighbors.

17[66] shows that the change in nighttime temperature associated with converting one landscape from
mesic to xeric depends on the current composition of landscapes.
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to neighbors’ landscapes there are two opposing forces driving this effect; first a larger yard means a

higher fixed cost of conversion but at the same time will translate into higher future water savings.

Large expensive houses with pools may be less likely to convert since water bills likely make up a

smaller portion of their income. Chi-square tests for the random effects model over a simple pooled

logit model consistently reject the null that the random effects logit is appropriate suggesting that

the neighborhood level random intercept is an important criterion in the landscape decision.

A shortcoming to the random effects logit model is that it does not account for individual level

heterogeneity [31, 75]. To deal with any bias due to the idiosyncratic error term I also estimate

a fixed effects, or conditional, logit model. This model conditions the likelihood on the sum of

household decisions,
∑T

t=0Cit, so all households that do not have any variation over time drop

out. This restricts the sample to households that converted, and only parameters for time-varying

covariates can be estimated. The results from the fixed effects logit are displayed in Table 2.5. The

main results are the same for the time varying parameters, though, since there is a relatively small

proportion of conversions, direct comparisons across the random effects and conditional models are

likely inappropriate. The challenge of model comparison is exacerbated for logit models because

coefficients are only estimated up to a normalization that depends on the observed variation in

the independent variables. Still, it is promising that controlling for individual level heterogeneity

primarily changes the magnitude of the results, but not the sign.

In addition to the two sets of results in Tables 2.4 and 2.5, I estimate models based on a lower

threshold for conversions and without the weather normalization. The base estimation identifies

the string of conversions by classifying a wet and dry observation of NDVI above the 70th percentile

and below the 40th percentile respectively. I relax the classification to allow wet observations to be

above the 60th and dry to be below the 50th percentile, therefore identifying more conversions18.

Additionally, I define conversions without the weather normalization by classifying landscape ob-

servations based on yearly quantiles of NDVI. In this specification I focus on the placement of a

household within the distribution of NDVI for a given year. The advantage to this approach is it

eliminates the risk of mis-specification in the weather normalization stage, but it does not account

18Discussions with the City of Phoenix suggest that the initial classification is likely underestimating the
number of conversions, warranting an approach that increases the number of conversions.
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for the fact that the distribution of NDVI is likely changing over time due to a move towards xeric

landscapes. The same pattern of price and other key variables is exhibited across all the modeling

specifications and landscape classification procedures. The results are provided in Table A.3 of the

Appendix.

Table 2.5: Landscape Conversion Fixed Effects Logistic Regression

VARIABLES (1) (2) (3) (3) (5)

Price 12.34*** 12.50*** 13.28***
(0.774) (1.074) (0.942)

Price (t-1) -0.244 -5.759*** 7.439*** 3.453***
(0.749) (0.790) (0.525) (0.695)

Price (t-2) 10.84*** 9.428***
(0.969) (1.006)

# Dry Neighbors 0.303*** 0.303*** 0.279*** 0.275*** 0.250***
(0.00583) (0.00735) (0.00776) (0.00699) (0.00666)

House sold w/i 1 year 0.128** 0.127* 0.136** 0.132** 0.140**
(0.0598) (0.0672) (0.0573) (0.0618) (0.0657)

Time 2.540*** 2.551*** 2.028*** 1.441*** 0.919***
(0.108) (0.118) (0.131) (0.0415) (0.0645)

Time2 -0.384*** -0.385*** -0.360*** -0.200*** -0.171***
(0.0180) (0.0189) (0.0196) (0.00634) (0.00710)

Observations 32,760 32,760 32,760 32,760 32,760
Number of key 4,109 4,109 4,109 4,109 4,109
Pseudo-R2 0.270 0.270 0.276 0.261 0.267

Notes: Observations after a conversion are dropped, as they are not able to convert twice in the sample.
Random intercepts are implicitly estimated at the neighborhood level. Bootstrapped standard errors are
reported in parentheses. *** p<0.01, ** p<0.05, * p<0.1

2.4.3 Landscape conversions and water demand

The purpose of estimating a model for landscape conversion is ultimately to recover the extensive

margin elasticity and determine the impact of conversions on water demand. A simplistic approach

is to multiply the marginal change in the conversion probability by the difference of in average

consumption between the Wet and Dry group. A problem with this technique is that the Wet and

Dry groups may have fundamental differences because, by definition, they do not convert during

the sample. In order to estimate the impact of conversions on water demand I create a variable
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that designates whether household i experienced a conversion at time t defined by

LCit =

 1 if converted prior to time t

0 otherwise.

Augmenting the water demand model with LCit estimates the impact of conversion on consumption.

Incorporating conversions into water demand also provides a validation test for the conversion

classification by linking it back to water data. Since the NDVI data is relatively coarse there

is a concern that the landscape conversion model is actually picking up landscape decisions of

neighboring parcels instead of the parcel itself19. To test for this problem I also create a variable

for how many neighbors have converted their landscape. Neighbors’ conversions is simply defined

by the sum of conversions for non-contiguous neighbors of household i such that NLCit =
∑

n LCnt,

where n is a neighbor to household i I remove contiguous households from the sample of neighbors

because these observations may suffer from measurement error since the NDVI pixels can span

multiple parcels. I test this across all the specifications for classifying a conversion as discussed

above. The new water demand model is defined by:

ln(wit) = αi + γpit + βXit + LCit +NLCit + ξit (2.9)

Table 2.6 presents the estimates of conversions and neighbors’ conversions on water demand. Con-

versions have a negative impact on water consumption across all specifications and the magnitude

is not only statistically, but also economically, significant ranging from 17.9-23.8% of monthly wa-

ter demand. Similarly, neighbors’ conversions cause a statistically significant reduction in demand,

but the magnitude is roughly one-tenth of that for an actual household conversion. This is likely

due to the fact that the probability of converting increases when a household’s neighbors convert;

therefore neighbors conversions may act as a proxy for partial conversions that are not picked up

by the NDVI data.

These results, along with the parameter estimates from the landscape conversion model, permits

19This is unlikely because the immediate contiguous neighbors are removed when creating variables for
neighbors landscapes precisely to address this concern.
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Table 2.6: Water Demand and Landscape Conversions

VARIABLES (1) (2) (3) (3) (5) (6) (7) (8)
Price FE-IV FE-IV FE-IV FE-IV FE FE FE FE

Normalization Yes Yes No No Yes Yes no no
Classification 40/70 50/60 40/70 50/60 40/70 50/60 40/70 50/60

Conversion -0.223** -0.229** -0.238** -0.231** -0.175** -0.180** -0.187** -0.179**
(0.010) (0.009) (0.011) (0.008) (0.008) (0.007) (0.008) (0.006)

Neighbors -0.0257** -0.0264** -0.0267** -0.0233** -0.0211** -0.0208** -0.0218** -0.0182**
Conversions (0.00171) (0.00157) (0.00181) (0.001) (0.001) (0.001) (0.001) (0.001)

Observations 8,101,921 8,101,921 8,101,921 8,101,921 8,101,934 8,101,934 8,101,934 8,101,934
Households 174,216 174,216 174,216 174,216 174,229 174,229 174,229 174,229

Notes: Price treatment for IV instruments for marginal price, and GLS uses the high marginal price.
Normalization refers to whether the landscape classifications were based on weather normalized NDVI (Yes)
or raw NDVI (No). Classification designates the threshold for landscape being defined as either dry or wet
in a given year. Cluster robust standard errors are reported in parentheses. ** p<0.01, * p<0.05

calculation of extensive margin elasticity. I estimate extensive margin elasticity by simulating the

effect of a price increase on the probability of conversion and multiplying this by the change in

consumption associated with conversions. This is then compared to the intensive margin elasticity

for the Wet group from the conditional demand functions. I present a simple scenario for a 10%

increase in the price of water to generate the changes in consumption across both the intensive

and extensive margins. The predicted probabilities cannot be directly used for simulation because

they rely on the idiosyncratic term.20 Instead of predicted probabilities I use the coefficients to

determine the change in the log odds ratio similar to [73]. Since the initial probability is known I

can generate a new probability of conversion based on the price increase. The logit is a nonlinear

model and therefore the new conversion probability depends on the initial probabilities and values

of the dependent variable. For the initial values in the elasticity calculations I use the probability

of conversion excluding all households that are dry at the beginning of the sample, and the median

high block price.

Total elasticity is assumed to be the sum of intensive margin elasticity from the Wet group

estimated from equation (3) and the price-induced change in consumption from landscape conver-

20In the conditional logit this is not directly estimated, and in random effects model the random component
can be backed out but is estimated simultaneously with the coefficients and therefore is not appropriate for
use in simulations that change the independent variables.
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sion. Using the random effects specification produces an extensive margin elasticity that is 7-48%

of the total elasticity, depending on the number of lags used in the model. The model with price

lags of two years generates very high new probabilities resulting in the upper end of the range.

Parameters from the conditional logit generate extensive margin elasticity that comprises 16-43%

of total elasticity. It is important to remember that this definition of the extensive margin refers

exclusively to changes in landscape, and the intensive margin includes behavioral changes and in-

vestments in water efficient appliances inside the home. The wide range should provide cause for

caution in interpreting the precise magnitude of the effect, and is an important concern in using

logit parameters to identify the size of causal effects [98]. The important finding is that water

rates do increase the probability of landscape conversion and that landscape conversions have a

large impact on water use. The durability of price effects is a critical element of extensive margin

changes, since once a landscape is converted water savings will likely persist into the future.

These results suggest promise for incorporating satellite data capturing landscape choices in

modeling water demand. In order to put the landscape conversions in Phoenix into context I

overlay the spatial distribution of long-run changes in consumption with the prevalence of landscape

conversions. Figure 2.3 displays the quantiles for block-level changes in consumption, defined as

average consumption in 2008-2009 divided by average consumption in 1998-1999. Lower quantiles

represent area where water consumption dropped the most, whereas higher quantiles show regions

that did not experience much change in demand over the course of the sample. Consumption

is averaged over all houses at the Census block group level to preserve anonymity21. The map

visualizes the spatial heterogeneity of changes in consumption over time. The hatched regions of

Figure 2.3 represent census blocks where at least 5% of the houses in the sample converted their

landscape. The intense effect of landscape conversions on changes in long-run demand is striking in

Figure 2.3. Central and northeastern Phoenix had very few conversions and consumption in those

areas is relatively constant, or even slightly higher than 10 years ago. Conversely, western Phoenix

experienced many conversions and those areas reduced consumption by 20-30% over the course of

the sample. Figure B.6 in the Appendix shows the same data in percentage changes as opposed to

quantiles of percentage change. Observing the distribution of homes with water-intensive landscape

21For confidentiality concerns I drop all census block groups with fewer than 20 houses from the map.
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also provides a baseline for potential water reductions in the future. If most households have already

converted further reductions in outdoor use may not be feasible, suggesting that policies to address

water scarcity should focus on indoor use or augmenting supply.
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Figure 2.3: Landscape Conversions & Consumption over Time
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Notes: The shaded coloring are based on the average change in water consumption during the course of the

sample. Specifically it measures the average of consumption in 2008-2009 divided by average consumption in

1998-1999. Thus the lower quantiles have reduced consumption by more than the higher quantiles. Census

blocks with less than 20 houses in the sample are removed for confidentiality concerns. The hatched blocks

are where more that 5% of the households in the sample experienced landscape conversions.
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2.5 Conclusion

This paper examines the role of landscape dynamic in water demand by merging a time series of

satellite data with monthly water metering records. Jointly observing water demand and changes

in complementary goods over time enables estimation of demand elasticity on the intensive and

extensive margin. Prior research treats the extensive margin implicitly by examining the difference

in short and long run demand with the assumption that changes in the extensive margin can only

occur in the long run. As concerns of water scarcity increase it is critical to develop a deeper

understanding of demand as seen in energy economics [63, 68]. I examine the heterogeneity in

water demand due to an important complementary good by conditioning on landscape decisions

over time. Key differences exist between households across the landscape spectrum. Maintaining

either a wet or dry landscape decreases price elasticity, and households that maintain a green lawn

are more responsive to weather conditions.

In a discrete choice model I find that water rates increase the probability of converting from

water intensive vegetation to a xeric landscape. Landscape conversions have a significant impact on

demand; reducing consumption by up to 23%. Changes along the extensive margin may constitute

up to 48% of aggregate demand elasticity. There appears to be a strong social component to the

landscape choice, as the number of neighbors with a dry landscape is a strong predictor of landscape

conversions. As social norms evolve, and consumers sort to live close to like-minded people or

collocate along correlated unobserved heterogeneity, the pattern of conversion clusters is likely to

continue. There are important implications for clusters of conversions in a desert city as xeric

landscapes exacerbate the urban heat island effects in a highly nonlinear way. Establishing xeric

landscapes may lead to a tradeoff between water and energy conservation as hotter neighborhoods

use more energy for cooling. This highlights the notion that a green landscape provides direct

benefits and indirect benefits in arid regions.

Analyzing long-run changes in demand shows that those who maintain a green landscape have

a relatively constant trend in consumption over time, while areas that convert appear to be driv-

ing large scale reductions in demand. If, as expected, the transition of landscaping practices in

Phoenix lead to monotonic increases in xeric landscape there will be important implications for
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water demand. There will be smaller peaks in the summer and demand will be less responsive to

changes in water rates and fluctuations in the weather. Conversions smooth water consumption, but

also reduce the potential savings from outdoor water restrictions during droughts. Understanding

the stock of existing landscape, and speed of conversion, has enormous consequences for long and

medium run planning by quantifying the potential savings from outdoor use.

Introducing satellite data as a proxy for landscape is a promising development to understanding

water demand, and there are many rooms for advancement. While the data I use have a consistent

time series back to 1984 and are publicly available there are much higher resolution data that

will improve the accuracy of landscape classification, and can potentially identify specific types of

vegetation. Introducing multiple geographical locations introduces challenges when using remote

sensing data, but also adds cross sectional variation in water rates and utility policies, and thus

remains a propitious area of future research.
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Chapter 3

HETEROGENEOUS RESPONSES TO SOCIAL NORMS FOR
WATER CONSERVATION
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3.1 Introduction

Water utilities, particularly those in the Western United states, face pressure to meet rising

water demand. California, for example, has required that utilities reduce demand by 20% by 20201

and Texas recently adopted a $2 billion water infrastructure fund.2 To achieve these conservation

goals, water utilities are exploring every strategy in their arsenal. Incorporating social comparisons

into information campaigns is an attractive policy instrument aimed at changing consumer behavior

when the price mechanism is not feasible due to market structure or political concerns. Social

comparisons are particularly well-suited for markets where consumers may have difficulty optimizing

their level of use due to a lack of salience over personal consumption quantities, the costs of water

or energy saving investments, or the commodity’s price signal itself.

Relative information has the additional advantage of leveraging motivations that have been

extensively studied by psychologists and behavioral economists. This fits into a broader context of

applying behavioral economics in public policy by making relatively small, and seemingly innocuous,

changes to a decision framework such as changing the default option. Numerous examples of

behavioral economics in policy initiatives span food choice, retirement allocation, organ donation,

and utility demand. [46, 81, 16, 52, 45]. Opower, an early pioneer for social comparisons in utility

demand, sends households information comparing their energy consumption to a group of their

peers. Opower’s proven success, with almost fifty utility clients spanning six countries and saving

over 2.5 billion kilowatt hours, is a shining example of the new application of behavioral economics

to achieve environmental goals.3 Research on social norms for water consumption assesses how this

relatively new tool fits into the array of conservation options at the disposal of water managers

seeking to influence demand with a very different profile than energy.

We harness a rich dataset from WaterSmart Software, a clean technology company establish-

ing itself as the Opower of water, to analyze the effects of social norms as a water conservation

tool. WaterSmart is currently working with twelve utilities, in different stages of development.

Three began as randomized pilot programs and are mature enough for analysis. Randomized field

1See http://www.swrcb.ca.gov/water issues/hot topics/20x2020/ for more information.
2See http://openstates.org/tx/bills/83/SJR1/ for the full text of the bill.
3Information on Opower can be found at their website - http://opower.com/customers.
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experiments are an exciting area of economic research that addresses issues of endogeneity due

to selection into treatment in the data generating process; see among others [91, 72, 65, 87, 89].

The randomization process allows for simple estimation of average treatment effects with easily

defensible assumptions. This contrasts to using observational data that requires more stringent

assumptions and complicated econometric techniques to identify causal effects. Eliminating en-

dogeneity allows us to devote energy to understanding the mechanisms through which consumers

reduce consumption by analyzing the heterogeneity in treatment response.

Exploring heterogeneity uncovers the mechanisms through which the program reduces consump-

tion as well as identifies ways to improve the program’s performance and cost effectiveness. Our

results show that there is significant heterogeneity in the response to the program across initial

water use within pilots and stark differences in the average treatment effect (ATE) between pilots.

The pilot with the largest ATE, at 5.2%, saved three times as much water as the pilot with the

smallest. We relate the pattern in ATE magnitudes to general pilot differences in Section 3.5.

Within-pilot heterogeneity shows that baseline water consumption, defined as average water use

prior to the treatment, has the most significant and consistent effect on treatment response. Based

on quantile regressions and regressions that interact the treatment effect with baseline consumption,

households that use more water have a greater response to treatment in all three pilots. Households

that use high levels of water have a greater financial incentive to reduce consumption and may be

more able to significantly reduce consumption through low marginal cost mechanisms such as fixing

leaks and changing irrigation practices. Other conservation programs using social norms found a

similar pattern of results for both energy [5] and water [53].

The intra-pilot heterogeneity of baseline consumption is not reflected in the results for ATEs

across pilots. Though there are only three pilots to analyze, the magnitude of the ATE is in-

versely related to the average pilot-level consumption. The incongruence between the inter- and

intra-pilot effects of baseline water use is not surprising and lies in the nature of the social norm

campaign. The social norm message compares a household’s consumption to a group of peers with

similar determinants of water demand in the same utility. For households with similar, or lower,

consumption than their local peers the program may cause little, or negative, water savings due
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to the favorable normative message they receive.4 By design, the social norm message does not

influence consumer behavior through the relative water use between pilots. To explain inter-pilot

heterogeneity, differences in specific utility policies and the demographics of the customer base are

more relevant and will be discussed later.

While baseline water use influences the intra-pilot heterogeneity in treatment response in a

consistent way across pilots, this is not the case for ideology and housing values, which we use as

a proxy for income. The significant results for conditional average treatment effects (CATEs) from

interactions with ideology quintiles display a different role for within-pilot variation in ideology in

the separate pilots. Interactions with housing value quintiles only produce significant results for

the CATE in one of the three pilots.

We examine the mechanisms through which consumers reduce water use in response to the

social norm by examining the time pattern of savings and interactions with existing conservation

programs. Since monthly savings do not increase in the summer months the behavioral response

likely focuses on indoor water use. Different patterns across utilities imply that in some pilots

consumers make investments in consumer durables or establish permanent behavioral changes,

whereas in one pilot the savings appear to be transient even while messaging persists. Interacting

the social norm with existing conservation programs finds that social norms act as a complement

to existing programs. The social norm message contributes to higher participation rates in other

utility programs, which then contributes up to 20% of the average treatment effect assigned to the

social norm message.

This paper is organized as follows. The next section briefly discusses the motivations for the use

of information campaigns and social norm messaging over pecuniary mechanisms. The following

section presents the existing literature estimating the impact of social norm campaigns in the

context of utility use. Then, Section 3.4 discusses the background of WaterSmart, describes the

data, and provides details on the experimental design. Section 3.5 overviews the estimation strategy

and presents the empirical results. Section 3.6 provides plans for future research as we receive more

data. Concluding remarks are offered in Section 3.7.

4In other studies [5, 53] the categorical specification of the normative message did not cause low-use
household to increase consumption. In future research we hope to analyze the effect of the specific messages
through a regression discontinuity design similar to [5].
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3.2 Theoretical Background

Using social norms in public policy is a relatively recent development. Although a water utility’s

tariff structure is an important tool in managing demand, there are a number of reasons why

the study of non-pecuniary approaches is appealing. First, although some utilities incorporate

scarcity pricing into water rates the primary objective in designing rate structures remains cost

recovery. Those utilities that do account for scarcity may not fully price the complex risks to

water supplies associated with climate change. Second, even under the assumption that utilities

appropriately incorporate environmental externalities and increasing scarcity into price schedules,

many utilities face zero profit constraints that limit their ability to raise rates.5 In addition to

zero profit constraints, the public utilities that serve most major population centers may find it

difficult to raise rates due to concerns over equity and political backlash by constituents of local

governments. While the price mechanism is the most efficient way to reduce consumption, other

instruments must be considered when raising prices or introducing Pigouvian taxes is not feasible.

Command and control interventions, such as imposing mandatory restrictions on outdoor water use,

are a common alternative to raising water rates but are shown to reduce consumer welfare [69, 94].

In this policy climate water managers must seek alternative mechanisms to reduce demand .

Incorporating social comparisons into information campaigns is an attractive policy instrument

aimed at changing consumer behavior when the price mechanism is not feasible due to market

structure or political concerns. These benefits are augmented in settings where it is difficult for

consumers to optimize their level of use due to a lack of salience over personal consumption quanti-

ties, the costs of water or energy saving investments, or the commodity’s price signal itself. There

are reasons to suspect that consumers do not, or are unable to, choose their monthly water use

based on a careful maximization process. Given that the outlays on water generally comprise less

than 2% of household income, and that a proportion of water use will remain constant to fill basic

human needs, many consumers may not devote much attention to their water bill. The consumers

that do scrutinize their bills not only need to know the water intensity of various household ac-

5While utilities could restructure water rates to raise the marginal price while leaving the average price
unchanged, there is a debate whether consumers actually respond to the average or marginal price of water
[80, 102, 60, 125].
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tivities, but also how to translate complex rate structures into marginal costs. The complexity in

water rates may cause consumers to respond to average price instead of marginal price as suggested

by [80, 79]; leading to increased water use since the average price can be substantially lower than

marginal price in utilities with increasing block rates. [124] shows that automatic energy bill pay-

ments increase energy consumption by decreasing the salience of the price signal and [60] finds that

water utilities that do not present the marginal price on their bills have lower price elasticity. If

households are consuming at the optimal level prior to receiving a social comparison, the informa-

tion should have no effect on their water use. These studies, and the results of this paper, suggest

that salience matters, and information campaigns in water may work in part by bringing water use

to the forefront of consumer decision.

Relative information has the additional advantage of leveraging motivations that have been

extensively studied by psychologists and behavioral economists. [48] attempts to reconcile the divide

between theories in economics, where rational agents are ”pulled” by incentives, and sociology,

where agents are ”pushed” by their surrounding environment. [129] describe a third route between

these two extremes whereby agents still make rational decisions, but can be ”nudged” by changing

seemingly inconsequential elements in the choice environment. Comparing household use to a group

of peers establishes a baseline level of conventional consumption. Knowledge of this convention may

generate civic pressure to refrain from resource profligacy. Alternatively, discovering that personal

use levels are far above the convention may signal the availability of low cost investments to reduce

use. Recent research applies these ideas from behavioral economics to a range of public policy

objectives spanning food [46], organ donation [81], retirement savings [16], and several examples

within environmental economics [5, 52, 45]. Research on social norms for water consumption assesses

how this relatively new tool fits into the array of conservation options at the disposal of water

managers.

3.3 Existing Literature

A series of papers by Hunt Allcott and coauthors [7, 4, 5, 9, 8, 6] on various dimensions of

energy economics help establish a role and set of techniques for applied environmental economists

to investigate motivations explored in behavioral economics. Allcott’s work analyzing data from



74
Opower [5, 8, 9] parallels our research on water conservation. [5] finds that Opower’s program

of providing social comparisons along with technical information reduced energy demand by an

average of 2%. There is considerable heterogeneity in the treatment effect across the consumption

distribution, with the right tail experiencing the largest savings.

Allcott’s work on Opower serves as a template for the analysis since water and energy share

many common features. However, there are key differences between water and energy that warrant

studying the efficacy of social norms in the water sector. First, while many regions experience

seasonal peak demand in the summer for both energy and water, the marginal value of activities

driving the peak is likely different. Air conditioning, a major component of peak energy demand,

has significant health benefits in combating heat stroke [123]. Conversely, research shows that

summer demand due to discretionary outdoor use has higher demand elasticity than indoor use

[94, 140, 39, 49] suggesting a lower marginal value for activities shaping peak demand. Additionally,

while the challenge of peak energy demand is the cost of supplying daily maximum demand with the

most expensive energy production, water utilities are primarily concerned with seasonal demand

peaks that are correlated with stressed summer water supplies. Second, energy externalities are

primarily global in nature associated with climate change risks from greenhouse gas emissions;6

conversely, water consumption externalities such as groundwater exhaustion and reducing in-stream

flows for ecosystem services have predominantly local impacts. Consumers may be more receptive

to limiting externalities whose effects are concentrated within their region as opposed to providing

the global public good of emission reductions. Due to both the consumption patterns and localism

of environmental impacts, a priori, we may expect to see a different pattern of response to social

norms in energy and water.

Ferraro, Price, and Miranda [52, 53, 54] analyze an information campaign using social norms

in Georgia to reduce water consumption during a severe drought. [52] explicitly test the efficacy of

different combinations of technical information, an appeal to support a public good, and a social

comparison and find that a social comparison along with technical information is most effective in

reducing consumption. Investigations of the heterogeneity for the same program find that wealthy

6There are local health benefits from energy conservation associated with air quality depending on the
fuel source and location of power generation.



75
consumers with high water use are most responsive [53] and that the effect decreases over time

[54]. A major difference between that program and our study area is that WaterSmart applies a

continuous treatment over many months, whereas the Georgia program had only one mailing and

one follow-up. The dynamic effects of the program in Georgia are analyzed after the program is over,

while in our setting we investigate whether conservation gains from social norms are sustainable over

many treatment periods. Additionally, that project only encompassed one service area; so while

intra-program heterogeneity can be explored it is not possible to compare responses across various

regions. Lastly, the program was in response to a severe drought during which public perception

towards water consumption was likely heightened.

In assessing the efficacy of social norms as a water conservation tool it is essential to place

this instrument in the context of multiple concurrent policies, generally defined as demand side

management. Utilities provide home water audits to provide a personal recommendation for water

savings as well as offer rebates to replace toilets and washing machines and convert lawns to low-

water vegetation. Part of the attraction of social norms is that existing techniques are either not

cost effective or do not produce the necessary reductions in demand. [17] shows that rebates for

high-efficiency toilets do very little to incentivize new consumers; rather the policy merely rewards

or speeds up purchases that would naturally occur in absence of the rebate. [94] and [69] find

that outdoor watering restrictions implemented in arid regions or during extreme droughts cost

households over $100 per irrigation season. Past research finds that non-pecuniary programs are

less effective than price and mandatory restrictions [115] and that more research is needed to explore

policy interactions [116]. Section 3.4.3 goes into details on the existing conservation programs in

our study area and Section 3.5.4 conducts an empirical analysis of the interplay of social norms

with these programs.
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3.4 Background & Data

3.4.1 WaterSmart Software

WaterSmart Software7 (henceforth WaterSmart) is a clean technology company that contracts

with water utilities to reduce demand by providing consumers with Home Water Reports (HWR)

containing a social comparison of water use and technical advice. Additionally, WaterSmart assists

utility companies with the analysis and interpretation of water metering data. Utility companies

desire reductions in demand to offset costly temporary water purchases, delay investments in new

supplies, and meet regional or state objectives. Raising rates is often politically infeasible, and

incentive programs such as toilet rebates are expensive and may not meet goals of additionality

[17].

WaterSmart’s business model is to send customized Home Water Reports (HWR) with three

sections to customers. Some HWRs are mailed to households, while others are sent via email. The

main component is a social comparison that contrasts a household’s water consumption to that of

its peers and then provides a three-tiered qualitative WaterScore based on their relative position.

The second section is a list of three personalized recommendations for strategies to save water

and rebates available from the utility. Lastly, there is a space that offers incentives for signing up

for an online account for more detailed data on water use and additional water conservation tips.

Figure 3.1 shows an example of the HWR for an above-average home8. A sample of the additional

information available through the web portal is presented in Figure 3.2.

7Additional information on WaterSmart is available on their website
http://www.watersmartsoftware.com/ .

8The other categories are ”Good” and ”Wise” and are very similar to this HWR and are available upon
request.
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Figure 3.1: Home Water Report

Notes: Home Water Reports have WaterScores of ”Wise”, ”Good”, or ”Take Action”. The bottom panels
contain suggestions that are customized based on household data. The right ”Win $100” offers different
incentives or messages
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Figure 3.2: Online Web Portal

Notes: Online web portal is available to the treatment group and can be viewed as an additional ”opt-in”
treatment over the base treatment. It offers additional data on consumption, utility rebates, and technical
information to help reduce water consumption.
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3.4.2 Data

We combine several sources of data for the analysis. WaterSmart provides the water metering

records at the household level, as well as structural features of the house and treatment status

from three California utilities in pilot programs. Daily weather data is obtained from the National

Oceanic and Atmospheric Administrations National Climatic Data Center.9 We match households

to the nearest weather station with available temperature and precipitation data and aggregate

daily values within the irregular read periods of household water read observations.

Income data from the Census Bureau is not available at a fine enough geography to proxy

for household level income. Instead, we use block level median housing values from Zillow, an

on-line real estate company with a database of millions of homes and sales transactions across

the US.10 Lastly, we gather voting records from the Statewide Database hosted by the University

of California, Berkeley to create ideological indices capturing the environmental sympathies of

individual block groups.11 The Data Appendix (coming soon) details the process of creating a

working dataset through all the primary data sources, as well as quality assurance measures taken

before conducting the analysis.

We expect that environmental attitudes influence the manner in which households interpret the

social norm for water conservation. The Green Ideology Index (GII) is formed using six census

block level measures from the 2008 and 2010 California elections: the percent who voted Democrat

for U.S. Senator in 2008 and Governor in 2010, the percent who voted yes on ”pro-environment”

Propositions 7 (2008), 10 (2008), and 21 (2010), and the percent who voted no on Proposition

23 (2010), which would have suspended the state’s 2006 Global Warming Solutions Act.12 For

9We use the temperature and precipitation data from the Global Historical Climatology Network-
Daily (GHCN-D), which is publicly available to download at http://www.ncdc.noaa.gov/data-access/quick-
links#ghcn.

10http://www.zillowblog.com/research/2012/01/21/zillow-home-value-index-methodology/
11The data are publicly available at http://statewidedatabase.org/.
12Proposition 7 would have required California utilities to produce half their electricity from renewable

resources by 2025. Proposition 10 would have allocated $5 billion as cash incentives for high fuel economy and
alternative fuel vehicles and R&D for and education on renewable energy and alternative fuel technologies.
Proposition 21 would have increased vehicle license fees in the state by $18 in order to raise $500 million
a year dedicated to California State Parks. Proposition 23 would have suspended the Global Warming
Solutions Act of 2006 until the state’s unemployment rate decreased to 5.5% for four consecutive quarters,
a condition not met for decades.
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each measure, we assign a score of 100 to the top 0.1% of blocks with the greatest percentage

of individuals voting along green-friendly lines and a score near zero to the least green-friendly

census block. Averaging these ordinal scores together yields the GII and maintains the 0 to 100

scale across all of California (the greenest areas are consistently green across all votes). We match

individual households to the GII via their census block as a proxy for their own ideology under the

assumption that like-minded individuals tend to cluster around green-related amenities that cater

to their preferences.

3.4.3 Utilities

The three pilots provide an opportunity to estimate the effect of social-norm messaging in vari-

ous climates and within communities with different demographic characteristics. For confidentiality

concerns, we will refer to the utilities by the pseudonyms: Watertown, Aquaville, and Hydroburg.

footnoteWaterSmart partners with water utilities who prefer that their names are kept anony-

mous when presenting data on consumer water consumption. Table 3.1 illustrates basic differences

between the three pilots. Watertown and Aquaville are located in more moderate climates than

Hydroburg; therefore water demand exhibits a different seasonal component. Since seasonality in

water demand is primarily manifested through outdoor use, such as maintaining landscapes and

refilling pools, the mechanisms by which water conservation programs affect consumption may vary

by climate. The pilots also vary by average income and environmental ideology - both of which

have an effect on water consumption. Hydroburg, the warmest, richest, and least environmentally

conscious pilot has the highest baseline consumption. Watertown, the wettest, poorest, and green-

est pilot, consumes the least water on average. A priori, these differences across pilots lead us to

expect varied responses to WaterSmart’s social-norm messaging program. For example, [36] find

that the response to social norms in energy is different for liberals and conservatives. In the case

of income, more affluent consumers are more able to make larger water saving capital investments,

however poorer households have a stronger financial incentive to reduce consumption because their

water bill is a higher proportion of their disposable income.

The utilities also differ drastically in the characteristics of their service area. Aquaville has the

largest customer base, serving over 1 million people. Due to its size there is greater variation in both
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Table 3.1: Summary Statistics By Pilot

Pilot Water Use Temp (F) Rain (in) Income Home Value Green Index
Watertown 202 70 2.2 57,333 358,394 71
Aquaville 282 67 1.7 96,696 670,242 62
Hydroburg 348 72 0.8 120,943 815,231 34

Notes: The water use reported is baseline water consumption in gallons per day; Temperature is
the average monthly maximum temperature in degrees Fahrenheit; Precipitation is the monthly
average in inches, median income is averaged at the census block group, and the green index is
averaged at the census block.

climatic zones and demographic characteristics. Hydroburg is also a relatively large utility with

over 300,000 customers, while Watertown serves less than 10,000 people. In addition to differences

in the customer base, as evidenced in Table 3.1, utilities of such different sizes do not have the same

resources at their disposal. Luckily, they do have similar existing conservation programs. Table 3.2

shows the various conservation programs in the three pilots in addition to WaterSmart’s program.

All the utilities offer rebate programs, as well as other programs tailored to the community’s needs.13

The three utilities have very different rate structures that may influence treatment response

in different ways. Watertown has the simplest rate with a fixed cost and single volumetric charge

for the duration of the sample.14 Aquaville has a standard increasing block rate structure with

three tiers. The rate structure is relatively flat, with a 51% increase from the lowest to the highest

tier. Hydroburg has the most complicated and steepest rate structure. The rate is determined by

the percentage of water a household uses relative to an allocation - determined by irrigable area

and occupancy. The rate for the highest tier, reserved for consumption that is more than 200%

above allocation, is over 600% higher than the base rate providing a strong financial incentive for

conservation. Since the allocation acts as a signal for the appropriate level of use Hydroburg’s water

rate is structured to penalize households who use relatively more water than similar households.

Therefore social norm messaging that highlights relative consumption resembles Hydroburg’s rate

structure, and may have a different impact compared to pilots where the rate structure does not

13Hydroburg offers programs to address outdoor water use, while Watertown focuses on community en-
gagement.

14During the treatment period plans were in place to move to an increasing block rate tariff.
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reflect relative use. Since water demand is a function of utility-level policies, such as water rates

and conservation programs, as well as the demographics and preferences of the consumer pool, we

focus on the identification of treatment heterogeneity within pilots. Differences across pilots will be

left to qualitative assessments driven by the empirical results. We leave the analysis of interaction

between demand elasticity and social norms for future research.

Table 3.2: Utility Conservation Programs

Watertown Aquaville Hydroburg

Rebates
Toilets X X X
Clothes Washer X X X
Lawn Conversion X X X
Sprinklers X
Irrigation Controller X X

Technical Advice
Home Water Audits X X
Community Classes X

Notes: Only programs that are available from the utility are included. Some programs are ad-
ministered through regional bodies, and additional resources are available from state and regional
agencies.

3.4.4 Experimental Design

This section serves to describe the experimental design, defend the randomization process, and

motivate the ability to identify causal effects and estimate several measures of treatment hetero-

geneity. Randomization eliminates concerns over selection bias, but it is important to evaluate the

differences between the treatment and control group to determine the effectiveness of the random-

ization. Sample sizes, start dates, and the number of households treated in these pilots can be

found in Table 3.4. We did not have control over the randomization process and the sample sizes

are small enough to warrant inspecting the balance in observable variables across the treatment and

control groups. Table C.16 displays the difference in means and the associated p-values from t-tests

for several important variables. There are some variables that do have significant differences that

warrant further examination, the most important being baseline water use in Hydroburg. Ensuring
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balance over the observable variables that are expected to influence heterogeneity in the treatment

effect is an important prerequisite for an investigation into heterogeneous treatment effects. To

ensure balance we employ a matching algorithm, described in the Data Appendix. Household fixed

effects in our preferred specification will absorb all of the difference in household-level variables,

but it is still important to assess if the treatment and control group have the same trend over

time. Figure C.8 shows the time series of water use in gallons per day for both the treatment and

control groups. It is clear from the graphs that all the pilots have similar trends over time across

treatment status. This alleviates concerns about the significant difference in mean baseline water

use in the estimation of the average treatment effect for Hydroburg even without matching. (See

the Appendix for water use time series for each pilot in terms of year-over-year percentage changes.)

Table 3.3: Differences in Means Between Control and Treatment Groups

(a) Variables used to explore heterogeneity

Pilot Baseline Water Green Index Home Value Income
Aquaville -1.211 (0.861) 0.3 (0.48) -12,107 (0.946) -84 (0.77)
Hydroburg 13.89 (0) 2.7 (0.606) 109,701 (0.979) 3,337 (0.011)
Watertown -6.541 (0.993) 0.5 (0.195) -19,930 (0) -530 (0.21)

(b) Structural Features of the House

Pilot Sqft Lot Size Single Family Home Year Built
Aquaville -11 (0.753) -178.4 (0.116) 0 (0.112) 1.7 (0.538)
Hydroburg 208 (0.292) 217 (0.738) -0.015 (0) 8.5 (0.495)
Watertown -32 (0.123) -124.6 (0.854) -0.029 (0.126) 1.2 (0.079)

Notes: Values reported are the control mean minus the treatment mean. P-values for the difference
from zero are in parenthesis. Sqft is the square feet of the home, the Lot Size is measured in square
feet, Single Family Home is a proportion of the sample in a detached house, and Year Built is the
year the home was built. While we don’t use income explicitly to explore heterogeneity, the use of
home value is used as a proxy because of its finer geographical granularity.

One avenue for addressing heterogeneity that is gaining attention in both applied, and theo-

retical, literature is the estimation of quantile treatment effects (QTE) [55, 56, 5, 53, 22, 58, 59].

This is important for policymakers who want to know the type of households that are most respon-

sive to an intervention and whether a program may have the perverse effect on certain segments
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Figure 3.3: Baseline Water Use by Pilot
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Table 3.4: Sample Sizes

Pilot Start Date End Date N: Obs N: Post-Treat HHs Treated HHs
Watertown 2011-09-20 2013-01-01 44,822 16,266 2,575 992
Aquaville 2012-06-28 on going 93,664 18,583 3,096 1,547
Hydroburg 2012-07-01 on going 666,981 115,649 11,710 1,184

of the population. The aforementioned literature highlights some of advantages of unconditional

QTEs that provide inference on the marginal distribution of the outcome variable, as opposed to

the conditional distribution. The conditional quantile does not have the same interpretation as the

conditional mean, and in general the marginal distribution is more relevant in a policy context. The

interpretation of the QTE is subject to the rank preservation assumption that presumes treatment

assignment does not affect the relative ranking of households consumption. If the assumption holds

the process of treatment assignment does not systematically determine the consumption quantile

for a household. Assuming rank preservation holds a control household at a given quantile is an

appropriate counterfactual for the corresponding treated household. Therefore the QTE represents

quantiles of the treatment effect, and provides inference on the distribution of treatment effects

across households at different quantiles. Without this assumption, we can only interpret the re-

sults from quantile regressions as the QTE on the outcome distribution [55], which still may have

economic and policy relevance.

It is not possible to directly test this assumption, but the literature [20, 21, 44] suggests an ad hoc

assessment that examines the difference in means within quartiles across treatment status for key

variables.15 Many significant differences in means make the rank preservation assumption difficult

to justify since the distribution of observables that affect water demand vary across treatment

status. However, even good balance within quartiles does not prove that the rank preservation

assumption holds. Table 3.5 reports the p-values for difference in means for several variables within

quartiles for each pilot. 25% of the differences have p-values less than 0.05, suggesting that the

quantile treatment effects may provide a decent approximation for the quantiles of the treatment

effect. In the next section we present our estimation strategy and empirical results.

15All the variables in this test are pre-determined relative to treatment assignment, and this primarily
motivates that households at a given quantile have similar characteristics.



86

Table 3.5: Motivating the Rank Preservation Assumption

Pilot Quantile Baseline Water Green Index Lot Size Sq.Ft. Year Built
Aquaville 1.0 (0.352) (0.102) (0.013) (0.111) (0.146)
Aquaville 2.0 (0.003) (0.006) (0) (0.747) (0.138)
Aquaville 3.0 (0) (0.624) (0.001) (0.939) (0.131)
Aquaville 4.0 (0.742) (0.861) (0.109) (0.552) (0.959)
Hydroburg 1.0 (0) (0.303) (0.195) (0.001) (0.368)
Hydroburg 2.0 (0) (0.187) (0.895) (0) (0.04)
Hydroburg 3.0 (0.002) (0.001) (0.318) (0.086) (0.812)
Hydroburg 4.0 (0.262) (0.942) (0.581) (0.489) (0)
Watertown 1.0 (0) (0) (0.005) (0.127) (0.243)
Watertown 2.0 (0) (0) (0) (0.029) (0.273)
Watertown 3.0 (0) (0) (0) (0) (0.82)
Watertown 4.0 (0.782) (0.049) (0.415) (0.572) (0.149)

Notes: Table contains the p-values for difference in means between treatment and control groups
within each quartile. The rows designate a pilot-quartile pair and the the columns are variables
important to water consumption.

3.5 Estimation Strategy

3.5.1 Average Treatment Effects

The primary goal of this research is to estimate the average treatment effect and explore treat-

ment effect heterogeneity. Because households were randomly selected into treatment, a simple

t-test for difference in water use means after treatment between the treatment group and the con-

trol group provides a valid statistical tool for the analysis. However, water demand has a large

variance and in order to identify relatively small effect sizes with the conventional significance

levels we need to control for covariates.16 A Hausman test that is robust to heteroskedastic and

clustered standard errors as suggested by [28] provides evidence for the fixed effects model written

as

ln(wit) = αi + γTi × Pt + θPt + βX ′it + ξit (3.1)

16The conventional for a small effect size is 0.2 (standardized to the variance of the outcome variable)
and in our setting we are attempting to identify effect sizes on the order of 0.05, which is only possible while
controlling for covariates.
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where wit is water consumption for household i at time t, Ti is a dummy that identifies the treatment

group, Pt is a dummy for treatment period, Xit is a set of time-varying covariates, and ξit is an

idiosyncratic error term. In our regressions the covariates include the average number of rainy days

and cooling degree-days; as well as year-period fixed effects. Huber-White standard errors [139] are

clustered at the household level to account for serial correlation within a household over time. The

regression results for each utility are presented in Table 3.6.

Table 3.6: Average Treatment Effects

(1) (2) (3)
Watertown Aquaville Hydroburg

Treatment Effect -0.0534∗∗∗ -0.0313∗∗∗ -0.0170∗∗

(0.0146) (0.0119) (0.0073)

Rainy Days 24.1253 -0.3020∗∗∗ -8.5027∗∗∗

(19.8758) (0.0367) (0.3942)

Cooling Degree Days 0.2633 0.0067∗∗∗ 0.0013
(0.6321) (0.0009) (0.0047)

Constant 4.6138∗∗∗ 5.1315∗∗∗ 5.5719∗∗∗

(0.0972) (0.0130) (0.0046)

Household FEs Yes Yes Yes

Year-Period FEs Yes Yes Yes
Adjusted R2 0.157 0.251 0.190
Households 2,575 3,093 11,696
Observations 44,763 83,342 664,075

Notes: The dependent variable is the natural logarithm of water consumption in gallons per day.
Rainy days and cooling degree days are the average during the reading period, generated from daily
weather data. Robust standard errors clustered at the household level are reported in parentheses.
*** p < 0.01, ** p < 0.05, * p < 0.1

We find that sending home water reports reduces average monthly water use in the billing

periods after treatment by 5.34% in Watertown, 3.13% in Aquaville, and 1.70% in Hydroburg.17

The results from Table 3.6 display the differences in treatment response across pilots, and we

17 Relative effect of a dummy variable with estimated coefficient α in a log-linear regression is equal to
eα − 1 (Halvorsen and Palmquist, 1980).
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run a pooled regression with pilot-level interactions for all variables to test if these differences

are statistically significant. An F-test rejects the null for a constant ATE across pilots at the

1% level. In grouped F-tests between each pair of pilots we reject the null for equal ATEs for

Watertown and Hydroburg at the 5% level and for Hydroburg and Aquaville at the 10% level. In

determining whether to run a pooled model with pilot-level interaction terms we must evaluate

whether it is appropriate to pool the error term across all the pilots. One way to evaluate if

unobserved heterogeneity is equal across pilots is to examine the observed heterogeneity. All the

interaction terms for weather variables and many of the interactions for year-period fixed effects

are statistically significant. The presence of significant observed heterogeneity signals a likelihood

that unobserved heterogeneity such as utility policies and regional macro-level shocks exists that

will cause the error variances to differ across pilots. The results suggest that it will be difficult to

identify pilot-level effects in a pooled model, and therefore we restrict our econometric analysis to

within-pilot heterogeneity.

3.5.2 Durability

Our first foray into the heterogeneity looks at the treatment effect over time. Ex ante there are

several valid hypotheses explaining the dynamic pattern of consumer response to the treatment. One

potential pattern of results is that initially the program increases the salience of water consumption

and households make temporary behavioral adjustment to their use. In this setting, after an initial

strong response, the treatment effect will wane over the course of the program. Another conceivable

outcome is that the program induces capital investments or permanent changes in behaviors that

cause consistent reductions throughout the program. The series of period-level treatment effects

over time also provides insight into the mechanisms through which the HWRs cause consumers to

reduce water use, including the role of seasonality and outdoor water demand. Both [54] and [8]

examine the effect of social norm messaging after the treatment ceases. [8] distinguish ”durability”,

the effect over time during the treatment period from ”persistence”, how the effect remains after

treatment ends. They find that, in energy, the effect of social norms is both durable and persistent,

though the persistence wanes with time from the end of treatment. In [54] the social norm is only

sent in one summer so analysis of durability is not possible. They see a similar tapering in the
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persistence of the treatment effect over time as [8]. Our experimental design allows us to examine

durability but not persistence, because the control group also begins receiving the treatment (the

HWR) at the end of the experiment. In order to examine the durability of the treatment effect

within the active administration of the program we run separate regressions for each treatment

period. Thus the regression equation is now

ln(wit) = αi + γTi × Pt,h + θPt,h + βX ′it + ξit (3.2)

where h = 1, ...,H is a specific treatment period as opposed to the whole course of the program. In

this setting we drop all observations for other treatment periods, P−h, so that we compare a single

treatment period to all controls as opposed to other treatment periods. The results from equation

3.2 for all treatment periods and for each pilot are shown graphically in Figure 3.4. The left vertical

axis represents the coefficient and 95% confidence intervals and the horizontal axis is the series of

treatment periods over time. To highlight the interaction with seasonality we include average pilot-

level evapotranspiration, which measures the consumptive use of turf grass in millimeters, on the

right vertical axis.

The graphs reveal variation between pilots in the pattern of savings over the course of the

program. Note that Watertown and Aquaville have meters read every two months so each period

corresponds to two calendar months, whereas in Hydroburg the time series is observed every month.

The first home water report for each pilot is sent out in the middle of the reading period, after

the previous period’s data is processed in order to generate the metric on relative consumption.

Therefore, a portion of consumption in the first period is actually untreated, which attenuates the

treatment effect. This explains the smaller savings in the first period relative to most other periods

observed in all pilots. As a robustness check we re-run the regressions from equation 3.1 dropping

all observations in the first treatment period for each pilot. These ATEs, as seen in Table 3.7, are

very similar to the base regressions in Table 3.6 but are slightly larger in absolute value(-5.46%,

-3.31%, and -2.02% for Watertown, Aquaville, and Hydroburg, respectively).

The treatment effect for both Watertown and Aquaville is relatively stable after the first pe-

riod (Figure 3.4), suggesting that consumers either made early investments in water efficiency or
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Figure 3.4: Durability of Treatment Effects - Percentage
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Notes: The solid line is set of point estimates for a regressions on an individual treatment period. All data
from other treatment periods are omitted and all regressions contain household and year-period fixed effects
as well as weather controls. The dashed line represents the 95% confidence interval constructed from robust
standard errors clustered at the household level. The grey line, on the right vertical axis, is the average
maximum daily temperature in degrees Celsius for the pilot to highlight the correlation of individual-period
treatment effects and weather.
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Table 3.7: Average Treatment Effects: Exclude first period

(1) (2) (3)
Watertown Aquaville Hydroburg

Treatment Effect -0.0561∗∗∗ -0.0337∗∗∗ -0.0204∗∗∗

(0.0148) (0.0118) (0.0076)

Rainy Days 23.8145 -0.3048∗∗∗ -7.6478∗∗∗

(19.8971) (0.0370) (0.3997)

Cooling Degree Days 0.2959 0.0069∗∗∗ 0.0121∗∗

(0.6425) (0.0009) (0.0047)

Constant 4.8397∗∗∗ 5.1302∗∗∗ 5.5307∗∗∗

(0.0804) (0.0129) (0.0047)

Household FEs Yes Yes Yes

Year-Period FEs Yes Yes Yes
Adjusted R2 0.164 0.253 0.183
Households 2,504 3,092 10,490
Observations 42,394 80,845 589,030

Notes: The dependent variable is the natural logarithm of water consumption in gallons per day.
All observations from the first treatment period for each pilot are omitted. Rainy days and cooling
degree days are the average during the reading period, generated from daily weather data. Robust
standard errors clustered at the household level are reported in parentheses. *** p < 0.01, **
p < 0.05, * p < 0.1

established permanent behavioral changes. The treatment effect in Hydroburg took several months

to appear (perhaps because there was a lag between initially receiving the HWR and undertaking

conservation efforts), and then wanes over the treatment period. The treatment effect is essentially

zero in Hydroburg 11 or 12 months after the HWRs were first sent. This lack of durability in the

treatment in this pilot should not be confused with persistence; the HWRs continued to be sent to

households in Hydroburg through June 2013.

Learning whether the program is effective at reducing outdoor water use is critical. This is the

peak demand period and often corresponds with supply shocks. If the main saving mechanism was

in reducing outdoor water use we would expect a negative correlation between temperature and the

treatment effect because larger reductions in water use would correspond with higher temperatures.
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Examining the pattern of individual treatment effects in conjunction with the weather data indicates

that the social norm does not generate savings primarily through outdoor use (Figure 3.4). This

result is not surprising given that Watertown has the most moderate climate and relatively less

outdoor use than the other pilots. However, even in Hydroburg, the hottest and driest pilot, the

correlation is positive with peak savings in January- exactly the opposite result that would support

savings in outdoor water use. Similarly, the U-shaped curve for Aquaville suggests that more

conservation occurs in the winter months with peak savings occurring in March and April.

Though we control for seasonality with year-period fixed effects and weather variables, there

may be concern that the logarithmic transformation masks some of the aggregate savings in gallons.

Since water use is higher in the summer the same amount of gallons saved during the winter is

larger relative to average in percentage terms. In order to test the sensitivity to our specification

of the dependent variable we re-run the regressions in equation 3.2 with water use in gallons

per day. Investments made in indoor water efficiency during the winter should still be visible in

later summer months. The results are graphed in Figure 3.5. In Aquaville we observe a steadily

increasing treatment effect in absolute value (except for a slight decrease in July 2013), supporting

the notion that households gradually invest in water efficiency after receiving the HWR. However,

regressions on water as opposed to log water do not change the pattern in Hydroburg, suggesting a

different experience. The return to a zero treatment effect after several months suggests transient

behavioral savings as opposed to investments in efficient consumer durables. Hydroburg’s existing

rate structure already reflects relative water use and is very punitive for high relative water users.

Consumers in this pilot may have already made investments in water efficiency that were not yet

undertaken in the pilots with less aggressive rate structures.
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Figure 3.5: Durability of Treatment Effects - Gallons per day
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Notes: The solid line is set of point estimates for a regressions on an individual treatment period. All data
from other treatment periods are omitted and all regressions contain household and year-period fixed effects
as well as weather controls. The dashed line represents the 95% confidence interval constructed from robust
standard errors clustered at the household level. The grey line, on the right vertical axis, is the average
maximum daily temperature in degrees Celsius for the pilot to highlight the correlation of individual-period
treatment effects and weather.
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3.5.3 Treatment Effect Heterogeneity

There are many ways to explore the treatment effect heterogeneity for interventions using social

norms to promote sustainable behavior. [5] use quantile regression and interactions with baseline

electricity consumption quantile dummies, [53] explore the baseline consumption and differences

due to home prices, and [36] utilize voting data to examine differences in treatment effect due to

ideology. We build on the prior research by combining these approaches in a setting where we

observe considerable variation in both ideology and treatment response.

Quantile Treatment Effects

We estimate unconditional quantile regressions in the presence of covariates through the method-

ology of [56]. Estimating conditional quantile regressions in the vein of [85] is less appealing in a

policy framework when the unconditional distribution is of primary interest. Interpreting a coeffi-

cient from a quantile regression when conditioning on many variables is difficult and the results can

vary substantially depending on the data generating process [22]. Since our data measure water

use over time, the identification of the treatment effect requires controls for time varying covariates

through weather and time fixed effects.18 The widely employed estimator from [55] only introduces

covariates to remove selection bias in estimating quantile treatment effects, a problem that does

not exist in our case of random assignment into treatment. Therefore we use the estimator of [56]

in order to identify treatment effects by controlling for time varying covariates while still providing

unconditional quantile treatment effects, the quantiles of the treatment effect over the distribution

of all households under current assumptions.

The basic logic behind the estimator draws from the influence function (IF) describing the

influence of an individual observation on a given distributional statistic. A convenient feature is

that the recentered influence function (RIF) is simply the IF plus the distributional statistic; the

expectation of the RIF is the distributional statistic itself. In the case of quantiles the RIF for

the τth quantile is qτ + (τ − 1{Y ≤ τ}/fY (qτ ). The RIF regression function with covariates is

E[RIF, Y, qτ |X] = mτ (X), which [56] prove represents an unconditional quantile regression. Given

18If our samples sizes were larger we should be able to identify the treatment effects with a simple difference
in means, or difference in quantiles, but we require covariates to identify statistically significant effects.
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the assumption on the validity of the control group as a counterfactual the coefficient representing

the treatment effect can be interpreted as the QTE. With the rank preservation assumption, the

coefficient can be interpreted as the quantile of the treatment effect.

Even without the rank preservation assumption, learning about the difference in marginal dis-

tributions of water consumption between treated and untreated groups may be relevant to policy-

makers. One important clarification is that the estimator does not account for the panel structure

of the data and contains no household fixed effects. Exploring quantile treatment effect models

that incorporate the panel data structure and household fixed effects is left for future research and

will follow [112].

We estimate the QTE using the RIF approach at each quantile of water use from 0.05 to 0.95

in 0.05 intervals with standard errors that are robust to heteroskedasticity. Figure 3.6 shows the

results for the quantile treatment effects. The thick blue line represents the coefficient estimate

for the treatment effect at each quantile of water use. The thick red dashed lines are the 95%

confidence interval. The corresponding OLS estimates and 95% confidence interval are also shown

on the graph by the horizontal green dashed and dotted lines respectively. The QTE is relatively

constant across quantiles for Hydroburg. Aquaville and Watertown show a similar pattern to [5]

and [53] in that the QTE increases at the highest quantiles. Watertown is unique in that there is

a significantly non-zero QTE at low quantiles as well. This is a different pattern than seen in the

literature on the effect of social norms and argues for the effectiveness of social norms at the low

end of the consumption distribution. Another key finding is that at no point in the distribution is

the QTE above zero, which is important for policymakers cautious of provoking the perverse effect

of increased consumption in response to messages of relatively low water use.

In Figure 3.6 Watertown does experience savings at the lower end of the consumption distri-

bution with a significant QTE at tau = 0.1, however the results suggest that targeting large water

users will generate larger savings per household. Based on the empirical results WaterSmart is

concentrating an expansion in one pilot exclusively for high water users.19

19The targeted expansion is occurring in the population that does not have email addresses registered
with the utility company, requiring a more costly printed version of the HWR to be sent by conventional
mail as opposed to email.
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Figure 3.6: Quantile Treatment Effects
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Notes: The thick blue line is the estimate for unconditional quantile treatment effect by quantile in 0.05
intervals, with red thick dashed line representing 95% confidence intervals based on heteroskedastic-robust
standard errors. The OLS regression and 95% confidence intervals are the flat horizontal dashed and dotted
lines respectively. Pooled OLS is used for comparison, as opposed to the FE model, because the quantile
regressions do not account for the panel structure of the data.
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Conditional Average Treatment Effects

For a more intuitive regression model in addition to the unconditional quantile regressions above,

we interact the treatment effect with quintiles of baseline water consumption for each utility. These

regressions also attempt to parse out the effect of treatment across the distribution of water use,

but focus on conditional average treatment effects (CATE) for each quintile as opposed to QTE. In

this case the treatment effect of higher quantiles are only relevant for household types that populate

that end of the distribution. Baseline deciles are calculated by taking the average pre-treatment

household usage across the whole utility and ordering it into equal groups of five. We perform

a similar technique to create quintiles of the GII and housing values for each utility. Note that

higher quintiles of baseline consumption relate to higher baseline usage and higher GII quintiles

correspond to stronger environmental preferences. The regressions include all the variables as

presented in equation 3.1 in addition to interactions between the treatment effect and the quintiles

of water and GII. The regressions have the form

ln(wit) = αi + γTi × Pt +
5∑
d=1

δd(Ti × Pt ×Dd) + θPt + βX ′it + ξit (3.3)

where Dd is the dth quintile of either baseline consumption, the GII, or housing values. The

parameters of interest are the linear combination of γ and δd.

Table 3.8 shows the effect of treatment for households in different quintiles of baseline water

use. The estimates in Table 3.8 are for γ + δd, the linear combination of the treatment effect

and the interaction of the treatment effect with each quintile of baseline consumption.20 The

significance levels are determined by p-values from test for joint significance using F-statistics.

The full regression output is provided in Table C.18 in the appendix. In Watertown the highest

three quintiles are all negative and statistically significant, but the lower two quintiles are not

significant. This is an indication that the majority of savings comes from households with above

average water consumption. Similarly, Hydroburg has negative and significant coefficients on the

top three quintiles, but also has a positive coefficient on the second quintile. This suggests that

20The third quintile, containing the median, is the omitted category and in this case the raw coefficient
and stand error are shown.
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some households may actually increase consumption due to the treatment. For Aquaville the

only statistically significant quintile is in the middle of the distribution. The lowest quintile in

Aquaville is positive suggesting a similar relationship seen in the other pilots that the program is

less effective in households that start out using less water. This raises the question of whether the

social norms are effective for households that already are consuming below the average prior to the

intervention. This results are slightly different from those conclusions drawn from the unconditional

quantile regressions, with starker differences between the two methodological results for Aquaville

and Hydroburg.

Table 3.8: Heterogeneity: Baseline Water Use

Quintile 1 Quintile 2 Quintile 3 Quintile 4 Quintile 5
Watertown -0.00502 -0.0104 -0.0537∗ -0.0853∗∗∗ -0.110∗∗∗

(0.0289) (0.0233) (0.0237) (0.0211) (0.0195)

Aquaville 0.0213 -0.0345 -0.0732∗∗∗ -0.0361 -0.0366
(0.0225) (0.0219) (0.0195) (0.0191) (0.0210)

Hydroburg 0.0208 0.0439∗∗ -0.0509∗∗∗ -0.0449∗∗∗ -0.0415∗∗

(0.0192) (0.0158) (0.0138) (0.0132) (0.0149)

Notes: The coefficients reported here are the linear combinations of the coefficients from the
regression results in Table C.18. Robust standard errors clustered at the household level for these
linear combinations are reported in parentheses. Stars denote significance from F-tests evaluating
the difference of the linear combination from zero. *** p < 0.01, ** p < 0.05, * p < 0.1

Unlike the impact of baseline consumption, the effect of ideology and housing values on treat-

ment effect heterogeneity is not consistent across the three pilots. Tables 3.9 and 3.10 show the

linear combinations of of treatment effect and interaction terms for regressions based on quintiles

of the GII and housing values. Watertown displays relatively consistent CATE across all quin-

tiles of the GII and housing values, though there are insignificant effects at the second quintile

for both variables. Aquaville and Hydroburg show opposite effects for both variables, though the

interactions are generally insignificant and it is difficult to discern a trend. For ideology there

is a positive, but insignificant effect at the second quintile in Aquaville and the fifth quintile in

Hydroburg. Interpreting the results with caution due to the noise in the estimate, it appears that
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more environmentally-conscious households respond more to social norms in Aquaville while in

Hydroburg the least eco-friendly households are more responsive. One caveat is that the ideology

data are at the census block level as opposed to the household level as in [36].

In terms of housing values, which serve as a proxy for income, Aquaville has negative and

significant effects at the lowest two quintiles whereas Hydroburg has a significant effect at the fourth

quintile. The results from CATEs by housing value Aquaville are the starkest, and also contradict

the finding of [53] that households in expensive homes are more responsive. Overall it is difficult

to make any conclusions about how environmental ideology and housing values drive heterogeneity

in the response to treatment. Most of the interaction terms as seen in Tables C.19 and C.20 in the

Appendix are insignificant, and the trends run in opposite directions for Aquaville and Hydroburg.

This suggests that the biggest driver of heterogeneity is baseline water consumption. Another

issue is that we are only exploiting intra-pilot variation in ideology and housing values. There is

more variation across pilots for these two variables, and that may be part what is determining the

difference in magnitudes of the pilot-level ATEs. In a purely descriptive analysis however, the ATE

of social norm messaging in Hydroburg the most conservative and affluent area in our study, is

lower than that of the other two pilots. Watertown, the least affluent and most environmentally

friendly utility had the strongest ATE. We must note here that Hydroburg’s long standing rate

structures aggressively tied to relative water use confound even these descriptive conclusions.

Table 3.9: Heterogeneity: Ideology

Quintile 1 Quintile 2 Quintile 3 Quintile 4 Quintile 5
Watertown -0.0682∗∗ -0.0271 -0.0533 -0.0634∗ -0.0930∗∗

(0.0252) (0.0262) (0.0281) (0.0317) (0.0311)

Aquaville -0.0152 0.0196 -0.0458∗ -0.0258 -0.0516
(0.0211) (0.0215) (0.0231) (0.0225) (0.0291)

Hydroburg -0.0234 -0.0679∗∗∗ -0.0148 -0.0184 0.00879
(0.0167) (0.0163) (0.0156) (0.0171) (0.0210)

Notes: The coefficients reported here are the linear combinations of the coefficients from the
regression results in Table C.18. Robust standard errors clustered at the household level for these
linear combinations are reported in parentheses. Stars denote significance from F-tests evaluating
the difference of the linear combination from zero. *** p < 0.01, ** p < 0.05, * p < 0.1
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Table 3.10: Heterogeneity: Housing Values

Quintile 1 Quintile 2 Quintile 3 Quintile 4 Quintile 5
Watertown -0.0662∗ -0.0171 -0.0593∗∗ -0.0621∗∗ -0.0603∗∗

(0.0272) (0.0268) (0.0216) (0.0232) (0.0219)

Aquaville -0.0704∗∗ -0.0701∗∗ -0.0372 -0.0108 0.0196
(0.0232) (0.0252) (0.0216) (0.0185) (0.0170)

Hydroburg -0.0176 -0.0276 -0.0251 -0.0295∗ -0.00622
(0.0173) (0.0180) (0.0155) (0.0138) (0.0157)

Notes: The coefficients reported here are the linear combinations of the coefficients from the
regression results in Table C.18. Robust standard errors clustered at the household level for these
linear combinations are reported in parentheses. Stars denote significance from F-tests evaluating
the difference of the linear combination from zero. *** p < 0.01, ** p < 0.05, * p < 0.1

3.5.4 Interactions with Existing Conservation Programs

Since the HWRs provide information about utilities’ water conservation programs and generally

increase the awareness of water consumption, we may expect those in the treatment group to

participate in those programs at a higher rate. On the other hand, the deluge of information about

water conservation may inundate consumers and social norms may crowd out existing conservation

efforts. Using data on participation in conservation programs that spanned both the pre and post-

intervention periods, we estimate the impact of the social norm message on the probability of

engaging in an additional utility program.

In the three pilots only Watertown, the longest running pilot, had enough post-treatment par-

ticipation data to estimate a statistical model. We hope to get sufficient data from the other pilots

in the future.21 We estimate a logit model where the dependent variable is a dummy equal to

one if a household participates in a program in a given period and zero otherwise. We run several

specifications of the dependent variable. The first specification is to pool all the different programs

together to create a single indicator for participation, defined as all programs. We also create sep-

arate indicators for the completion of a home visit by an expert to provide personalized advice on

21Aquaville and Hydroburg had many observations that were missing a program participation date. We
will likely be able to run these models as the utilities enter recent participants into their database.
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water conservation, the receipt of a high-efficiency toilet rebate, or the receipt of a high-efficiency

clothes washer rebate.22 Since our goal is to assess the impact of the social norm campaign on

participation and we only observe 384 instances of program participation during our sample, we

simplify the temporal dimension to before or after treatment. Our regression then takes the form

of a difference-in-difference logit model where we control for any time and group level effects as well

as static household characteristics that may influence participation.

Pr(cli,t = 1|Xi,t) =
exp(βXi,t)

1 + exp(βXi,t)
(3.4)

where Xit = Ti+Pt+Ti×Pt+Zi. The treatment group and treatment period indicator are defined

as Ti and Pt respectively, i designates the household, time, t = {1, 2}, is pooled into pre and post

intervention periods, l specifies the type of conservation programs and Zi is a vector of household

characteristics.

The results from equation 3.4 are presented in Table 3.11 as marginal effects, with standard

errors calculated by the delta method. The treatment effect defined as Ti×Pt increases the proba-

bility of participation in conservation programs in the pooled specification as well as the completion

of a home water audit, but is statistically insignificant for each of the individual rebates. These

results provide evidence that social norms are a complement to existing programs and do not crowd

out other conservation efforts.

In order to connect increased participation rates to water use we estimate the impact of the

conservation programs on water demand. The regressions take the following form

ln(wit) = αi + γTi × Pt + π1C
l
i,t + π2C̃

l
i,t + θPt + βX ′it + ξit (3.5)

where C li,t is the cumulative sum of programs that household i has participated in at time t, for l

defined by the categories: all programs, home visit, toilet rebate, and clothes washer rebate. C̃ li,t is

the sum of programs for those in the treatment group that were initiated after the start of the social

norm campaign. Since households can participate in multiple programs of the same type C li,t and

22There are two programs, greywater systems and landscape conversion rebates, that are included in ”all
programs” category but not estimated separately due to the small number of observations.
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Table 3.11: Logit Regressions for Conservation Programs - Watertown

Pooled Rebates

(1) (2) (3) (4)
All Programs Home Survey Toilet Clothes Washer

Treatment Effect 0.1605∗∗∗ 0.1178∗∗∗ 0.0102 0.0001
(0.0359) (0.0363) (0.0140) (0.0085)

Treatment Group 0.0093 -0.0005 0.0019 0.0004
(0.0080) (0.0058) (0.0016) (0.0029)

Treatment Period -0.1381∗∗∗ -0.0308∗∗∗ -0.0484∗∗∗ -0.0339∗∗∗

(0.0161) (0.0090) (0.0146) (0.0079)

Single Family Home 0.0102 0.0021 0.0032 0.0002
(0.0094) (0.0053) (0.0020) (0.0040)

Bathrooms 0.0245∗∗∗ 0.0065∗∗ 0.0042∗∗∗ 0.0045∗∗

(0.0048) (0.0028) (0.0016) (0.0019)

Home Size (Sq. Ft.) -0.0017 0.0023 -0.0010 0.0013
(0.0098) (0.0055) (0.0020) (0.0040)

Year Built -0.0001 -0.0000 -0.0001∗∗ -0.0000
(0.0002) (0.0001) (0.0000) (0.0001)

Lot Size (Sq. Ft.) -0.0091∗∗ -0.0112∗∗∗ -0.0025∗∗ -0.0007
(0.0037) (0.0029) (0.0011) (0.0008)

Home Value 0.0075 0.0024 0.0005 0.0039∗∗

(0.0048) (0.0029) (0.0011) (0.0018)
Pseudo R2 0.0849 0.0859 0.156 0.106
Observations 4,015 4,015 4,015 4,015

Notes: The dependent variable is a dummy for participation in a given water utility conservation
program. The data are pooled temporally by pre/post WaterSmart intervention. The marginal
effects are reported along with standard errors obtained from the delta method.
*** p < 0.01, ** p < 0.05, * p < 0.1

C̃ li,t not only capture the presence but also the intensity of program participation. The term C̃ li,t,

essentially an interaction term, represents the marginal effect of the normative message on water

savings beyond the baseline impact of conservation programs and identifies whether information
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campaigns improve the efficiency of existing campaigns. [17] argues that conservation programs

like rebates do not pass the test of additionality because those that take advantage of rebates may

have undertaken the conservation activity regardless of the presence of the rebate. If a social norm

campaign prompts households to engage in a toilet rebate who otherwise would not have replaced

their toilet, then the conservation programs should be more effective in the population treated by

the social norm. Due to random assignment into treatment we do not expect differences in natural

appliance depreciation rates across groups. Therefore, if the social norm spurs additional program

participation it is likely that these are households that otherwise would not have replaced inefficient

appliances. In other words, a positive coefficient on C̃ li,t means that households that receive a

social norm utilize conservation programs more effectively than the untreated population. The

results from the regressions in equation 3.5 for each of the four specifications of water conservation

programs are presented in Table 3.12.23

In the pooled specification, participating in a conservation program reduces water use by almost

7%. Home surveys and toilet rebates each lead to a drop in consumption of over 10%. The clothes

washer program is not statistically significant on its own, but it is jointly significant with the

treatment interaction term at the 5% level. None of the interaction terms are statistically significant,

but there is still valuable information in the sign and size of the coefficients.24 Home surveys are

essentially an additional information treatment by providing households with tailored advice to

reduce consumption. The coefficient on the home survey interaction is positive but insignificant. It

is difficult to posit why an interaction of two information treatments would produce savings greater

than the sum of the parts. The sign of coefficients on toilet and clothes washer rebates is congruent

with the hypothesis that social norms attract households to appliance rebates that otherwise would

not have made those investments. However, the noise in the estimates require caution when making

the argument that social norms alleviate concerns over additionality in rebate programs. Examining

the results in Tables 3.11 and 3.12 together also demonstrates one of the methods through which

23While there is not a sufficient sample size post-treatment to report the regression results in this paper,
the conservation programs have a similar effect on water demand in Aquaville and Hydroburg. Tables
presenting those results are available upon request.

24The lack of significance on the individual treatment programs is likely due to the sparseness of post-
treatment participation data for each of the individual programs, whereas the coefficient on all programs is
combining positive and negative effects.
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Table 3.12: Interactions with Conservation Programs - Watertown

Pooled Rebates

(1) (2) (3) (4)
All Programs Home Survey Toilet Clothes washer

Treatment Effect -0.0501∗∗∗ -0.0500∗∗∗ -0.0530∗∗∗ -0.0534∗∗∗

(0.0147) (0.0147) (0.0146) (0.0147)

All Programs -0.0674∗∗∗

(0.0192)

Treat*All 0.0128
(0.0294)

Home Survey -0.1274∗∗∗

(0.0453)

Treat*Survey 0.0656
(0.0505)

Toilet Rebate -0.1146∗∗∗

(0.0382)

Treat*Toilet -0.0841
(0.0768)

Clothes Washer Rebate -0.0534
(0.0351)

Treat*Clothes Washer -0.0524
(0.0639)

Household FEs Yes Yes Yes Yes

Year-Period FEs Yes Yes Yes Yes

Weather Controls Yes Yes Yes Yes

Adjusted R2 0.158 0.158 0.158 0.157
Households 2,575 2,575 2,575 2,575
Observations 44,763 44,763 44,763 44,763

Notes: The dependent variable is the natural logarithm of water consumption in gallons per day. Robust
standard errors clustered at the household level are reported in parentheses. Each regression equation
includes a dummy variable if a household has participated in the conservation program by time t, as well as
an interaction of the conservation variable with the treatment effect. *** p < 0.01, ** p < 0.05, * p < 0.1

social norm programs cause reductions in water consumption - by increasing participation rates

in conservation programs. A back of the envelope calculation based on the coefficients in column
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(1) of Tables 3.11 and 3.12 suggests that approximately 20% of the ATE is due to participation in

additional utility conservation programs. This is a strain of research that is important to pursue as

data arrive from the other pilots. The interactions with existing programs may contribute to the

overall ATE in a utility and could help describe the variation in ATE across pilots.

3.6 Future Work

This research is a portion of the broader project on the role of information in municipal water

campaigns. WaterSmart is working with several other utilities that provide new opportunities for

research. Several of the utilities do not want to implement randomized field experiments in the

hopes of maximizing conservation gains immediately by targeting specific problem populations or

by providing universal access to the normative message. Analyzing the data for utilities target-

ing subsets of their customer base re-introduces selection concerns and the identification of suitable

control observations. This will be left for future research. An ongoing partnership with WaterSmart

also provides opportunities to set up randomized experiments testing alternative messages across

subgroups of those new pilots providing universal access. This has the same attractive features

of WaterSmart’s first three programs analyzed above by avoiding concerns of endogenous sample

selection. The results of this paper suggest that there may be conservation gains available by tar-

geting consumers to treatment based on their observables. Conducting a natural field experiment

will test if additional conservation gains can be achieved by targeting the message based on ob-

servables. There may be important interactions with water rates and normative messaging. These

are difficult to compare across utilities because there are many unobserved shocks that vary across

utility. Randomizing subgroups within a utility to exploit interactions between the social norms

and water rates is another promising area of research. We hope to explore several of these avenues

in future research.

3.7 Conclusion

Behavioral economic is a particularly attractive policy instrument to address environmental

externalities where using Pigouvian taxes is politically intractable. Municipal water demand is

a domain that must address issues of scarcity associated with rising populations, the exhaustion
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of cheap supply sources, and stronger demand for water devoted for ecosystem services. Climate

change is expected to increase the variability of supply and increase the probability of extreme

droughts. Zero profit constraints, concerns over equity, and the notion of access to water as a basic

human right, limit the ability for public utilities to manage demand through the price mechanism.

Utilities therefore seek a plethora of non-pecuniary demand side management practices. Among the

suite of options, information campaigns using social norms are gaining momentum as an effective

conservation instrument.

We analyze the data from three randomized field experiments that harness social norms as a

water conservation tool. There is significant heterogeneity in the treatment effects both within and

across pilots. While there are many dimensions that may impact response to treatment, we focus

on the distribution of water use, environmental ideology, and housing values as observable drivers

of heterogeneity. At an aggregate level Watertown, a small utility with a moderate climate and

low baseline water use experiences the largest ATE of 5.34%. This is statistically different than the

ATE for Hydroburg, with the smallest ATE of 1.7%. Interacting the treatment with quintiles of

the baseline consumption corroborates the results of other social norm campaigns that treatment

effects are largest for households with high baseline consumption.

Several results augment and address gaps in the prior literature. Contrary to [53] who find a

higher CATE for houses with assessed values above the median; the only significant heterogeneity

in terms of housing values that we observe shows that higher housing values is correlated with lower

savings. Across utilities there is monotonically decreasing relationship between average income and

the ATE. Though it is difficult to draw inference from the three aggregate results in our data,

this does provide evidence that social norms are effective with low-income households. We also

observe two effects of ideology that work in opposite directions. In Aquaville stronger environmental

preferences increase the CATE while in Hydroburg they correspond with smaller CATEs. In a

series of unconditional quantile regressions we find that Watertown exhibits a QTE larger than the

median at both the low and high end of the consumption distribution. Prior research [5, 53] finds

a monotonic relationship between consumption quantiles and the QTE. This opens the possibility

that social norms can be effective at reducing consumption for households that are already using

water efficiently. These households may be more conscious of the financial and/or environmental
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costs associated with water consumption.

In addressing the mechanisms of how WaterSmart’s HWR translate into water savings we look

at the time pattern of individual-period treatment effects. We find little correlation of the treatment

effect with weather variables that increase outdoor water use, suggesting that the HWRs do not have

a large impact on outdoor use. Rather, the durability of savings over time is consistent with indoor

water efficiency investments or systematic behavioral changes. Additionally, the time pattern of

water savings varies across utilities, which indicates that demographics, climate, and utility policies

affect the actions prompted by the normative message. One mechanism that we do identify is

increased participation rates in additional utility conservation programs. This contributes up to

20% of the ATE in Watertown and demonstrates that social norms act as a complement rather

than a substitute to existing conservation programs. To address water scarcity in the presence of

regulatory and political pricing constraints utilities are seeking new policy instruments to reduce

demand. Due to the heterogeneity in treatment response, both within and across pilots, utilities

must address underlying interactions in order to maximize the effectiveness of social norms as a

water conservation instrument.
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A.1 Bayesian Model Specification

The basic structure of the linear regression with a general covariance matrix is taken from Koop

(2003). The regression function is y = Xβ + ε, where y is the real log sale price per acre, X is

a matrix of covariates, β is a coefficient vector and ε is a heteroskedastic error term distributed

ε ∼ N(0, σ2Ω). I first outline the model with general covariance matrix σ2Ω, and then with the

restrictions I impose to aid estimation. The likelihood function is

p(y|β, σ2,Ω) = (2πσ2)−
n
2 |Ω|−

1
2

[
exp

(
− 1

σ2
(y −Xβ)′Ω−/frac12(y −Xβ)

)]
(A.1)

and the priors are

p(β) ∼ N (β,V) (A.2a)

p(σ2) ∼ IΓ

(
ν

2
,
νs2

2

)
(A.2b)

p(Ω) ∼ p(Ω) (A.2c)

Prior values are β = 0, V = 10002Ik, ν = 1, and s2 = 1−1000000. This leads to a joint posterior of

the following form

p(β, σ2,Ω|y) ∝ p(Ω)

[
exp

(
−1

2

[
1

σ2
(y −Xβ)′Ω−1(y −Xβ) + (β − β)′V−1(β − β)

])]
(

1

σn+ν−2

)
exp

(
ν

2σ2s−2

)
(A.3)

Since this posterior is not of standard form we draw from the conditional posterior distributions for

β, σ2, given in equation (8). I will not assume that I know the structure of the heteroskedasticity, but

will make some parametric assumptions to aid in the computation. The structure of Ω is given by
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the following priors Ω =



ω1 0 · · · 0

0 ω2 0
...

... 0
. . . 0

0 · · · 0 ωn


and λ ≡ (λ1, λ2, . . . , λ− n)′ ≡ (ω−1

1 , ω−1
2 , . . . , ω−1

n )′

p(λ) =
n∏
i=1

Γ(λi|1, νλ) (A.4a)

p(νλ) = Γ(νλ, 2) (A.4b)

We use a value of νλ = 15, and the conditional posterior for λi and νλ are given in equation (8).

Figure A.1 shows a histogram for the posterior estimates of νλ in the top panel and the M-H

acceptance rate in the bottom panel.

Figure A.1: Posterior Estimates for Heteroskedasticity Dispersion Parameter

Notes:The top panel is a histogram for the draws of the degree-of-freedom parameter, νλ, that determines

the form of heteroskedasticity in the base regression. The bottom graph shows the acceptance rate for the

Metropolis-Hastings algorithm.
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A.2 MCMC Convergence Diagnostics

The Gibbs sampler is an MCMC procedure where arbitrary initial values may bias the results.

There are several diagnostic tools used to assess the convergence of the Gibbs sampler to the true

joint posterior distribution, ensuring that the effect of the starting values has worn off. We employ

three tools that all indicate that the Gibbs sampler reached convergence. The I-statistic is the

ratio of the number of draws required for given accuracy level to the number of draws necessary

if the chain was i.i.d., developed by [113]. For an accuracy level of 1% the I-statistic is 1.047,

safely below the recommended threshold of 5. The autocorrelation of draws in the parameter chain

is another metric to determine if the Gibbs sampler is drawing from the true distribution. The

low level of serial correlation in the Gibbs draws as shown in Table A.1 provides evidence that

the draws represent and independent sample. Lastly we show the results for Geweke χ2 test for

equality in means for two regions of the Gibbs sampler we use the first 20% and the last 50%

of the Gibbs draws. If the Gibbs sampler reached convergence then any subset should represent

the true joint posterior and there should be no difference in parameter means for different regions.

Table A.2 shows the p-values for the χ2 test for the null of equal means. In all cases the test fails

to accept the null at the 90% level. These diagnostics tool suggest that the Gibbs sampler has

reached convergence; not a surprise given that running 220,000 draws with 20,000 burn-in draws is

extremely circumspect.
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Table A.1: MCMC Convergence Diagnostics - Autocorrelations for parameter chains

Variable Lag 1 Lag 5 Lag 10 Lag 50

Senior 0.129 -0.002 0 0
Time 0.146 -0.003 0.006 0.002

Time2̂ 0.126 -0.008 0.002 0
Acres 0.189 0.004 0.001 -0.003
Improvements 0.176 0.008 0.008 0.009
Rolling Avg 0.144 0.007 0.003 0.001
Class 1 0.028 0.002 0.002 0.003
Class 2 0.028 0.002 0.003 0.003
Class 3 0.028 0.002 0.002 0.003
Class 4 0.012 0.001 -0.001 0
Class 5 0.029 0.002 0.002 0.003
Distance City 0.126 0.001 0.001 0.001
Distance Stream 0.127 0 -0.003 0.002
Inv Dist UGA 0.142 0.003 0.001 0.002
Inv Dist Yak Riv 0.161 -0.001 0.004 0.003
Right 0.117 0.003 0 0
Residential 0.115 0.001 -0.004 0.001
Kittitas 0.137 0.001 0 0.002
Benton 0.128 0.002 0 0.001
Senior 0.129 -0.002 0 0

Notes: Autocorrelation measures of the posterior estimates based on the draws of the Gibbs
sampler. 220,000 initial draws were taken with 20,000 omitted resulting in 200,000 draws.
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Table A.2: Geweke Chi-square Test for Equality of Means

Variable NSE NSE 4% NSE 8% NSE 15%

Senior 0.8868 0.9231 0.9258 0.9221
Time 0.5542 0.6586 0.6529 0.6123

Time2̂ 0.7283 0.7314 0.716 0.6604
Acres 0.8886 0.9201 0.9238 0.9238
Improvements 0.1471 0.4905 0.4748 0.4434
Rolling Avg. 0.8088 0.8693 0.8708 0.8571
Class 1 0.6951 0.7084 0.6804 0.6245
Class 2 0.778 0.7867 0.7621 0.7191
Class 3 0.7679 0.7744 0.7517 0.7068
Class 4 0.5468 0.5438 0.5388 0.5182
Class 5 0.7487 0.7602 0.7345 0.691
Distance City 0.4681 0.5105 0.4703 0.3905
Distance Stream 0.8367 0.8584 0.8442 0.8369
Inv Dist UGA 0.6766 0.729 0.7411 0.7439
Inv Dist Yak River 0.6679 0.6425 0.5978 0.5735
Right 0.6345 0.6199 0.5521 0.4226
Residential 0.8324 0.8646 0.8659 0.8569
Kittitas 0.2728 0.3412 0.3022 0.1148
Benton 0.7977 0.8142 0.8173 0.786
Intercept 0.7737 0.7627 0.7389 0.6847

Notes: Results are p-values for the Geweke chi-square test for difference in means for two intervals
of Gibbs draws. I use the first 20% and the last 50% of draws as the two intervals. 220,000 initial
draws were taken with 20,000 omitted resulting in 200,000 draws.
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B.1 Water Rates in Phoenix

Figure B.1 shows the water rate structure in the City of Phoenix during the sample period.

Figure B.1: Phoenix Water Rate Structure
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Notes: The marginal price is p1 if consumption is less than w̄ and p2 when consumption is greater than w̄.

The total bill is the area under the line and never includes the shaded area.

B.2 Processing Landsat Data

The Landsat data is publicly available in a raw form and requires processing in order to apply

the data for analysis. Processing is particularly important when comparing two or more images

over time or across space. I follow the steps presented in [101] to process the Landsat data in Erdas

Imagine. The first step is to find valid scenes via the USGS Glovis system. I only select images with

less than 10% cloud cover and an overall quality score of at least 9 out of 10. I try to select at least

two scenes for each year in between the months of June and August, though some scenes are also

take from May and September. Combining data from two scenes helps to alleviate idiosyncratic

shocks due to weather. I end up with 25 scenes between the years of 1998 and 2009. I repeat the
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following steps for each of the 25 scenes.

Since the Landsat data is stored in separate bands I import the data and stack all the layers

on top of each other. Next, I subset the image to limit the geographic area to Phoenix metro.

Each Landsat scene is 185km x 117km so limiting the image to the study area greatly increases

computational speed and the digital space required for storage. Each image is registered to a base

image in order to reduce locational errors using 14 ground control points and ensuring root mean

squared errors of less than 0.1. This process ensures that all the images line up properly and that

a parcel has the same geo-reference in each image over time. In order to account for differences

in atmospheric reflectance and solar radiation I apply the Cos(t) method of radiometric correction

of [33]. Once theses steps are complete the images are suitable to be compared over time and I

calculate the Normalized Difference Vegetation Index (NDVI).

NDVI is the calculated from the visible and near-infrared bands in the Landsat data1. Healthy

green vegetation absorbs visible light and reflects infrared light so the difference performs well

in identifying healthy vegetation. The formula used to calculate the index is NDV I = (NIR −

V IS)/(NIR + V IS), where NIR is the near infrared band and V IS is the visible red band.

This formula results in an index ranging from -1 to 1 with higher values representing more robust

vegetation. A sample image of NDVI for the Phoenix metro area, along with the border of the

water utility’s service area is shown in Figure B.2. Figure B.3 shows an area just northwest of

Arizona State University to give an example of how different values of NDVI correspond to land

use features.

The NDVI data are then merged with parcel boundaries in Geographic Information System

software. Each pixel of the Landsat data is 30m x 30m and is often larger, or matches imperfectly,

with the parcel boundaries. An example of the problems that can arise from merging NDVI at

the parcel level are displayed in Figure B.4. It is clear that smaller parcels create challenges for

spatially merging NDVI data. To reduce the noise in the spatial merge I downscale each NDVI

pixel to nice 10m x 10m pixels and take the spatially weighted average of the pixels within the

parcel. The final results is a panel dataset at the parcel level that contains the time series variation

1More information on NDVI is available at
http://earthobservatory.nasa.gov/Features/MeasuringVegetation/measuring vegetation 2.php.
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of NDVI for each of the 25 Landsat scenes.
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Figure B.2: Phoenix Metro & NDVI Coverage

Note: This is the geographical sample space for the NDVI data, along withe the border of
the utility’s service area. There is a small section of northern Phoenix that is not captured
by NDVI but there is relatively little development there.
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Figure B.3: NDVI of Known Land Features

Water 

Golf Course 

Highway 
NDVI = -0.58 

NDVI = 0.14 

NDVI = 0.778 

Note: This is a sample area just northwest of Arizona State University, whose land use
features are known.

Figure B.4: Merging Parcels and NDVI

Note: The color gradient for the images is the same, but is purely for illustrative purposes.
Each pixel is 900m2 and is actually composed of nine 100m2 homogeneous pixels that improve
the spatially weighted average of parcel-level NDVI.
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B.3 Weather Normalization

While the processing steps described above alleviates concerns due fluctuations over time in how

the satellite captures images, I also need to account for the impact of natural variations in weather on

NDVI. Irrespective of human watering practices NDVI will vary based on the weather conditions

in the area. In order to minimize these variations and focus on the water-added component of

landscape I normalize the NDVI for weather. Since the images are taken at different times of

the month I match daily weather data based on the image date. From this I construct variables

representing weather conditions for each of the four weeks prior to the image. In addition since

Phoenix is very dry and often will not have rained within four weeks in the summer I generate a

variable for the number of days since the last precipitation event. Next I regress NDVI on these

weather variables and keep the residuals as weather-normalized values of NDVI.

Table B.1 presents the results of the weather normalizations with lags of up to four weeks.

I select residuals from the regression in column (4) as my preferred measure, though robustness

checks using other normalizations produce very similar results. The results in Table B.1 are mostly

intuitive with the cumulative effect of higher soil temperatures and evapotranspiration leading to

lower values of NDVI. Great precipitation generally increases NDVI and the longer dry periods

decrease NDVI. Overall weather explains between 10-14% of NDVI suggesting that most of the

variation is spatial, due to different landscaping practices across the city. The regressions appear

to maintain the spatial variation because analyzing the residuals shows that the standard deviation

in normalized NDVI within a given year is very similar to the the standard deviation of the raw

data. Figure B.5 shows the difference in the raw and normalized NDVI between two years. The

differences the overall NDVI is less discernible in the normalized NDVI, facilitating the comparison

of NDVI values across years.
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Table B.1: Weather Normalization Regression

VARIABLES (1) (2) (3) (4)

Max Soil Temp (1 week ago) -0.00415*** -0.00863*** -0.0101*** -0.0127***
(1.01e-05) (3.69e-05) (3.79e-05) (4.67e-05)

Max Soil Temp (2 weeks ago) 0.00402*** 0.00103*** 0.00694***
(3.53e-05) (4.15e-05) (6.15e-05)

Max Soil Temp (3 weeks ago) 0.00451*** 0.00329***
(3.70e-05) (5.47e-05)

Max Soil Temp (4 weeks ago) -0.00399***
(3.94e-05)

Total Rain (1 week ago) 0.00585*** 0.00381*** 0.00921*** 0.000613**
(7.14e-05) (9.21e-05) (0.000102) (0.000276)

Total Rain (2 weeks ago) -0.00301*** -0.000735*** -0.00312***
(1.92e-05) (3.29e-05) (7.81e-05)

Total Rain (3 weeks ago) -0.000890*** -6.05e-06
(1.12e-05) (1.47e-05)

Total Rain (4 weeks ago) -0.00128***
(1.51e-05)

Evapotranspiration (1 week ago) -0.000680*** 0.00197*** 0.00337*** 0.00147***
(1.24e-05) (1.62e-05) (1.81e-05) (2.17e-05)

Evapotranspiration (1 week ago) -0.00285*** -0.00239*** -0.00179***
(1.16e-05) (1.19e-05) (1.57e-05)

Evapotranspiration (1 week ago) -0.000942*** -0.00194***
(7.97e-06) (1.10e-05)

Evapotranspiration (1 week ago) -3.77e-05*
(2.02e-05)

Days Since Rain -0.000330*** -1.76e-05*** 5.80e-05*** -1.26e-05***
(1.64e-06) (2.36e-06) (2.61e-06) (3.24e-06)

Constant 0.317*** 0.332*** 0.270*** 0.470***
(0.000948) (0.000949) (0.00124) -0.00166

Monthlty Dummies Yes Yes Yes Yes

Observations 4,671,486 4,671,486 4,671,486 4,671,486
R-squared 0.119 0.132 0.138 0.147

Notes: Dependent variable is parcel-level NDVI for a given scene. Robust standard errors are in
parenthesis. ** p<0.01, * p<0.05
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Figure B.5: Differences in Raw and Normalized NDVI

Note: Color gradient is based on deciles of NDVI over the years 1998-2009 with darker colors
representing higher deciles.

B.4 Landscape Classification Diagnostics

In order to test the feasibility of using NDVI to classify different landscape varieties I compare

the quantiles of NDVI to data from a widely cited remote sensing paper. [128] classifies 11 different

types of land use for Phoenix using 1998 data, including mesic and xeric residential. I merge

the parcels with 1998 NDVI with the classification from [128] keeping all parcels identified as

either mesic or xeric. Table B.2 presents the percentage of parcels that were correctly identified

using various quantiles of NDVI. The columns show the thresholds for NDVI quantiles to make a

classification. Parcels with NDVI above the higher threshold are classified as wet in a given year

and parcels with NDVI less than the low threshold are defined as dry. Therefore decreasing the high

threshold and increasing the low threshold relaxes the conditions to observe a conversion. NDVI

does a relatively better job classifying dry landscapes and for that reason I use an asymmetric

threshold for defining landscape groups For example in the conditional demand models I designate

a the Wet group by households that have NDVI above the 80th quantile every year, and the

Dry group by households that have below the 30th quantile every year. The results in Table B.2

contribute to establishing a relatively less stringent threshold for the Dry group.
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Table B.2: Landscape Diagnostics

NDVI Quantiles 90/10 80/20 70/30 60/40

% Correct
Wet 82% 77% 73% 70%
Dry 91% 88% 84% 80%

Notes: The columns designate the quantile of NDVI to compare with wet and dry landscapes.
The higher quantile is used to determine wet parcels and the lower quantile designates dry parcels.
The percentage correct takes the data from [128] as the true value. We only compare single family
residential households that were classified as xeric or mesic.

B.5 Landscape Conversion Robustness

I do not have validation data to verify that my definition of a landscape conversion is indeed

correct. Adding landscape conversions into the water demand model provides some justification

that I am indeed identifying conversions, but I also perform robustness checks by using alternative

definitions of a conversion. The first check is to use the raw NDVI data to ensure that the weather

normalization process did not introduce and bias. In this setting I compare the household level

NDVI observation to the quantiles of the distribution of NDVI for the sample in that year. Next I

relax the threshold for classifying a yearly NDVI observation as either wet or dry. This translates

to a yearly NDVI observation that is above the 60th quantile being classified as wet as opposed

to the base case where the threshold is above the 70th quantile. Likewise the dry classification

is relaxed from being below the 40th quantile to below the 50th quantile. Table B.3 displays the

results from the fixed effects logit under all combinations for generation of the landscape conversion

variable. The columns represent regressions using different lags of the water rate, similar to Tables

4 and 5. All other control variables that are used in Table 5 are also present in these regressions,

and the coefficients are omitted to condense space. The different panels (a)-(d) represent different

designations of the landscape conversion variable as described above. Though the magnitudes do

vary somewhat the pattern sign of the coefficients is the same, and the relative magnitude across

equations is also consistent. This provides support that the landscape classification methodology

is not driving the results.
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Table B.3: Robustness of Landscape Conversion

(1) (2) (3) (4) (5)

(a) Normalization - 70/40

Price 12.34*** 12.50*** 13.28***
Price (t-1) -0.244 -5.759*** 7.439*** 3.453***
Price (t-2) 10.84*** 9.428***
Additional Controls Yes Yes Yes Yes Yes

(b) No Normalization - 70/40

Price 14.16*** 16.86*** 15.96***
Price (t-1) -3.528*** -7.268*** 7.180*** 3.321***
Price (t-2) 10.06*** 10.23***
Additional Controls Yes Yes Yes Yes Yes

(c) Normalization - 60/50

Price 8.697*** 9.366*** 8.455***
Price (t-1) -1.043 -3.625*** 5.980*** 2.844***
Price (t-2) 9.989*** 10.87***
Additional Controls Yes Yes Yes Yes Yes

(d) No Normalization - 60/50

Price 7.735*** 7.820*** 6.731***
Price (t-1) -0.117 -1.090 5.755*** 3.849***
Price (t-2) 6.223*** 7.497***
Additional Controls Yes Yes Yes Yes Yes

Notes: These are the same regressions for the fixed effect logit model of landscape conversion pre-
sented in Table 5. All other controls that appear in those regressions are included in all regression
in Table A.3. The columns represent regressions using different lags of price and panels (a)-(d)
designate different classification techniques for a landscape conversion. Normalization and No Nor-
malization designate whether the NDVI data was weather normalized. 70/40 and 60/50 correspond
to the low and high thresholds of NDVI quantiles that classify a yearly observation as wet or dry.
Bootstrapped standard errors are reported in parentheses. *** p<0.01, ** p<0.05, * p<0.1
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B.6 Raw % Changes in Consumption and Conversions

In Figure 2.3 I overlay landscape conversions with quantiles of changes in consumption over

time. Figure B.6 presents the same data in a different format. The color gradations now are the

percentage changes in consumption over the course of sample and the hatched regions represent

census blocks where at least 5% of the households in the sample converted their landscape from

wet to dry. The percentage change is calculated at the census block level and is the change from

the first two years of the sample to the last two years.
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Figure B.6: Landscape Conversions & Consumption over Time
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Notes: The shaded coloring are based on the average change in water consumption during the course of the

sample. Specifically it measures the average of consumption in 2008-2009 divided by average consumption in

1998-1999. Census blocks with less than 20 houses in the sample are removed for confidentiality concerns. The

hatched blocks are where more that 5% of the households in the sample experienced landscape conversions.
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Appendix C

APPENDIX FOR CHAPTER 3
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C.1 Pilots

WaterSmart partners with water utilities to send Home Water Reports, which provide infor-

mation to the household on their water use relative to a similar cohort of households as well as

personalized conservation recommendations. All of WaterSmart’s current pilot programs are with

California utilities; the names of these utilities have been disguised to protect the privacy of the

water utilities’ customers. Three of these programs have a randomized experimental design and

have been active long enough to analyze for a combined initial sample of 805,467 total water use

observations.1 WaterSmart’s first pilot, Watertown, has completed its experimental phase; all cus-

tomers in this utility have since begun to receive home water reports. The experiments in the

other two pilots are on going; water observations used in this paper for these pilots are as recent

as August 2013. Sample sizes, the date of the first home water report sent, experiment end dates,

and the number of households treated in each pilot can be found in Table C.1.

Table C.1: Initial Sample Sizes

Pilot Start Date End Date N: Obs N: Post-Treat HHs Treated HHs
Watertown 2011-09-20 2013-01-01 44,822 16,266 2,575 992
Aquaville 2012-06-28 on going 93,664 18,583 3,096 1,547
Hydroburg 2012-07-01 on going 666,981 115,649 11,710 1,184

C.2 Irregular Period Lengths and Staggered Reads

WaterSmart provides water meter reads for each household in their pilot program, though the

data are originally generated from the water utilities themselves. The individual utilities define

regularly spaced official read periods. For example, in Aquaville and Watertown, a new read period

begins every two months from an initial date of January 1st. Hydroburg, however, begins a new

official read period every month. With some exceptions, a water read is taken for each household

1This initial dataset is after very preliminary data cleaning. Observations before January 2008 have been
dropped due to the limited number of households with water reads spanning back before that time. We’ve
also dropped water read observations with extreme outliers: those beyond the median ±28×interquartile
range by pilot or those equal to zero.
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during every read period. For individual households however, the time period between one read

and then next, at which point the accumulation of water used since the last read is recorded, is

irregular.

Individual read period lengths are not uniform across households, even within a given pilot.

Table C.2 provides selected quantiles of period length by pilot. We determine what defines a short

or long period relative to the distribution of period lengths within the pilot. Currently, the high

end cutoff for each pilot is set by the median period length plus the inter-quantile range between

the 85th and 15th percentile. The low end cutoff is the median less this inter-quantile range. The

specific quantiles for these ranges were chosen by inspection of the distributions in Figure C.1.

These cutoffs are given in Table C.3 below. We consider short read periods to be a more serious

deviation from the norm and run versions of our regressions excluding them. We assume that a

utility must have had a reason, such as a leaking pipe, to return after a short period to take another

water read and restart the meter for the next period.

Table C.2: Period Length: high and low quantiles by pilot

Watertown Aquaville Hydroburg
0th 12.0 1.0 1.0
1st 54.0 35.0 27.0
5th 56.0 58.0 28.0
25th 60.0 60.0 29.0
50th 60.0 61.0 30.0
75th 63.0 62.0 32.0
95th 66.0 64.0 33.0
99th 66.0 67.0 35.0
100th 155.0 143.0 50.0

Figure C.2 shows the distribution of water reads across the days of the month on which the

meter was read by pilot. Notice that in Aquaville the density is much higher towards the end

of the month, whereas in Hydroburg and Watertown meter reads are centered near the middle

of the month. The staggered and irregular nature of bimonthly meter read periods leads to an

even month preference in Watertown, see Table C.4. Only a handful of treatment and control

observations are read during odd months. Due to the small number of these odd month meter
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Figure C.1: Period Length Distributions: Identifying short and long periods
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Table C.3: Short and long read periods relative to pilot

Pilot Cutoff: long period Cutoff: short period
Aquaville 64 58
Hydroburg 33 27
Watertown 67 53

reads, these observations are easily dropped. This avoids potential problems that may arise if the

water reads pulled during odd months are systematically different from reads taken during even

months.

Table C.4: Observation counts by month and pilot.

Control Observations Treated Observations
Month Aquaville Hydroburg Watertown Aquaville Hydroburg Watertown
1 4,050 6,626 9 4,046 6,540 9
2 4,215 6,646 2,612 4,184 6,551 2,884
3 3,961 6,676 4 3,954 6,563 2
4 4,423 6,690 2,606 4,379 6,591 2,874
5 4,031 6,716 0 4,007 6,605 1
6 4,503 6,708 3,479 4,450 6,607 3,823
7 4,025 5,628 7 4,046 5,542 7
8 3,827 5,641 3,475 3,758 5,560 3,821
9 3,310 5,642 1 3,302 5,572 1
10 3,784 5,664 3,440 3,746 5,580 3,776
11 3,219 5,673 1 3,201 5,594 3
12 3,639 5,682 3,402 3,604 5,606 3,738

The time based fixed effects are important to control the effect of seasonality on water use.

However, for pilots with bimonthly meter reads, if meters read on odd months are systematically

different from water reads drawn during even months in a way that is correlated to the treatment

group or other cross-sectional covariates of interest, then the year-month dummies will capture

some of this cross-sectional variation and corrupt the regression coefficients.

Fortunately, we can avoid these difficulties by instead using utility-defined reading periods.

Table C.5 shows that the number of readings are more balanced across reading periods.
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Figure C.2: Frequency of water reads by pilot and day of the month
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Table C.5: Observation counts by reading period and pilot.

Control Observations Treated Observations
Period Aquaville Hydroburg Watertown Aquaville Hydroburg Watertown
1 8,265 6,626 2,621 8,230 6,540 2,893
2 8,384 6,646 2,610 8,333 6,551 2,876
3 8,534 6,676 3,479 8,457 6,563 3,824
4 7,852 6,690 3,482 7,804 6,591 3,828
5 7,094 6,716 3,441 7,048 6,605 3,777
6 6,858 6,708 3,403 6,805 6,607 3,741
7 0 5,628 0 0 5,542 0
8 0 5,641 0 0 5,560 0
9 0 5,642 0 0 5,572 0
10 0 5,664 0 0 5,580 0
11 0 5,673 0 0 5,594 0
12 0 5,682 0 0 5,606 0

To further ensure balanced samples for panel regressions using year-period fixed effects, we

must ensure that each household has only one water read per year-period to avoid overweighting

the contribution of individual households during certain periods. Removing short periods will

remove many duplicates, but not all. We randomly drop one water read in each household-year-

period pair where there are duplicate observations. Table C.6 provides the number of additional

observations dropped to balance the panel samples.

Table C.6: Ensuring a balanced panel: identify multiple obs within year-period.

Pilot Total Obs Duplicates Duplicates (no short periods)
Aquaville 93,664 911 324
Hydroburg 666,981 1,995 927
Watertown 44,822 59 6

C.3 Matching Weather Data to Irregular Meter Read Periods

Given the use of year-period fixed effects, the inclusion of weather covariates is needed to control

for within read period variation in water use due to seasonality. This is especially necessary for bi-
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monthly pilots. However, given that meter reads are taken at different times throughout the month

and are of irregular lengths, matching water reads to monthly or even weekly weather would re-

quire many assumptions. We instead pull daily maximum temperature and daily precipitation from

National Oceanic and Atmospheric Administration’s National Climatic Data Center, specifically

from the Global Historical Climatology Network-Daily (GHCN-D) database. We match households

to the nearest weather station with available data. Then by looping through each irregular read

period, we find the average maximum daily temperature and the average daily precipitation. We

also estimate the average cooling degree days (CLDD; the accumulated degrees above 65 degrees

Fahrenheit) per day using the daily maximum temperature. We use an average measure of CLDD

since CLDD has a better predictive power than average temperature, and we also need to control

for the variation in period length, making CLDD per meter read inappropriate. With the same

argument we created the average number of rainy days (days with more than 0.01 inches of rain)

per day. Exploring other options and data sources, we collected daily evapotranspiration (ET) at

the zipcode level from the California Irrigation Management Information System (CIMIS) through

their Spatial CIMIS system. ET is the combined loss of water from evaporation and transpiration

(like evaporation but also the consumptive water use of plant tissues). For healthy plants including

turf grass and gardens, this water needs to be replaced each day. Figure C.3 provides the monthly

accumulation of ET from daily averages across the zipcodes covered by the respective pilots. The

variation in ET is driven more by solar radiation, relative humidity, and cloud cover, and less by

average daily temperature (Hidalgo et al., 2005). For this reason, we suspect it is a better measure

to use than average temperature. However, daily ET is missing for several full weeks and months in

Watertown, the utility with the fewest households and observations. See Table C.7 for the percent

of water reads with missing weather data. For this reason we use average CLDD and average days

with precipitation in meter reading periods in our regressions to control for within read period

variation in water use. See Figures C.4 and C.5 for pilot level time series of monthly averages of

temperature and precipitation. Table C.8 reports pilot level monthly averages of all weather data

collected.
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Figure C.3: Evapotranspiration
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Notes: Evapotranspiration (ET) is the combined loss of water from evaporation and transpiration (like
evaporation but from plant tissues). For healthy plants including turf grass and gardens, this water needs
to be replaced each day. The graph provides the monthly accumulation of ET from daily averages across
the zipcodes covered by the respective pilots. The variation in ET is driven more by solar radiation, relative
humidity, and cloud cover, and less by average daily temperature (SITE: Hidalgo et al. 2005). The
vertical dashed lines indicate the start of the program for each pilot. The solid line indicates the end of the
experiment for Watertown.



151

Figure C.4: Average Maximum Daily Temperature
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Notes: The graph provides the average daily maximum temperature in the given months across multiple
weather stations within the separate pilot locations. The vertical dashed lines indicate the start of the
program for each pilot. The solid line indicates the end of the experiment for Watertown.
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Figure C.5: Monthly Precipitation
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Notes: The graph provides the monthly accumulation of precipitation from the average daily precipitation
observed from multiple weather stations within the separate pilot locations. The vertical dashed lines indicate
the start of the program for each pilot. The solid line indicates the end of the experiment for Watertown.
In Dec 2010, Southern California experienced record storms causing flood and land slides.
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Table C.7: Percent of Water Read Observations Missing Corresponding Weather Data

Pilot Temperature Evapotranspiration Rain
Watertown 0.0 13.7 0.0
Aquaville 10.1 0.0 10.1
Hydroburg 0.1 0.1 0.1

Table C.8: Summary Statistics By Pilot: Baseline water use and monthly weather

Pilot Water Use (GPD) Temp (F) CLDD Rainy Days ET (in) Rain (in)
Watertown 202 70 138 5.5 3.5 2.2
Aquaville 282 67 49 7.0 3.7 1.7
Hydroburg 348 72 216 3.9 4.0 0.8

Notes: The water use reported is the mean gallons per day before for treatment across all house-
holds; Temperature is the average monthly maximum temperature in degrees Fahrenheit; CLDD
stands for cooling degree days and is the average sum of degrees exceeding 65 degrees per month;
Rainy days is the average number of days with more than 0.01 inches of rain per month; ET stands
for evapotranspiration and is the combined loss of water from evaporation and transpiration (like
evaporation but from plant tissues); Rain is the monthly average precipitation in inches.

C.4 Cleaning other outside data sources

We use block level median housing values from Zillow, an on-line real estate company with

a database of millions of homes and sales transactions across the US.2 This is meant to proxy

for household income which is only available at the block-group level from the five-year American

Community Survey. Also from Zillow’s extensive database, we pull median year built and lot size

at the census block level to replace missing values of these variables provided at the individual

level from WaterSmart. With the exception of lot size in Hydroburg, a vast majority of the values

used are at the individual level from WaterSmart. Table C.9 provides the percent of non-missing

observations of these covariates that were provided by WaterSmart. We clean all home feature

covariates by replacing values with missing if the value exceeds the median ±10×the standard

deviation within pilot.

The last external data source are voting records from the Statewide Database hosted by the

2See http://www.zillowblog.com/research/2012/01/21/zillow-home-value-index-methodology/ for infor-
mation over the Zillow Home Value Index.
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Table C.9: Percent of Non-missing Home Feature Data Provided by WaterSmart

Pilot Year Built Lot Size
Aquaville 99.8 99.8
Hydroburg 100.0 0.1
Watertown 90.6 92.5

Notes: The remainder of the non-missing data are referred from block level medians using the
Zillow datsbase.

University of California, Berkeley to create ideological indices capturing the environmental sympa-

thies of individual block groups.3 The Green Ideology Index (GII) is formed using six census block

level measures from the 2008 and 2010 California elections:

• the percent who voted Democrat for U.S. Senator in 2008 and Governor in 2010

• the percent who voted yes on Proposition 7 (2008), which would have required California

utilities to produce half their electricity from renewable resources by 2025

• the percent who voted yes on Proposition 10 (2008), which would have allocated $5 billion as

cash incentives for high fuel economy and alternative fuel vehicles and R&D for and education

on renewable energy and alternative fuel technologies

• the percent who voted yes on Proposition 21 (2010), which would have increased vehicle

license fees in the state by $18 in order to raise $500 million a year dedicated to California

State Parks

• the percent who voted no on Proposition 23 (2010), which would have suspended the state’s

2006 Global Warming Solutions Act until the state’s unemployment rate decreased to 5.5%

for four consecutive quarters, a condition not met for decades.

For each measure, we assign a score near 100 to the top 0.1% of blocks with the greatest

percentage of individuals voting along green-friendly lines and a score near zero to the least green-

friendly census block. To ensure data quality, we only assign and use scores to blocks with more

than thirty votes. Averaging these ordinal scores together yields the GII and maintains the 0 to

3The data are publicly available at http://statewidedatabase.org/.
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100 scale across all of California (the greenest areas are consistently green across all votes). To

ensure data quality, we only maintain score averages (index values) where the census block has at

least five of the six scores from the separate measures. We match individual households to the GII

via their census block as a proxy for their own ideology under the assumption that like-minded

individuals tend to cluster around green-related amenities that cater to their preferences.

Tables C.10 and C.11 provide pilot level summaries and data coverage for these descriptive

covariates.

Table C.10: Summary Statistics By Pilot: Baseline water use and HH characteristics

Pilot Water Use Green Index Income Home Value Year Built Lot Size
Watertown 202 71 57,333 358,394 1987 5,227
Aquaville 282 62 96,696 670,242 1952 5,600
Hydroburg 348 34 120,943 815,231 1994 5,100

Notes: The water use reported is the mean gallons per day before for treatment across all house-
holds; Green Index is the median Green Index across pilot households, ranging from 0 to 100.
The household index value is inferred from the Green Index of the census block. See the text for
the creation of the block level index; Income is the median income across households in the pilot
program. Individual household income is inferred from the average reported income in the census
block; Home value is the median home value across households in the pilot program. Individual
household home value is inferred from the median home value in the census block; Year build is the
median year homes were built across pilot households. When not provided by WaterSmart, year
built is inferred from the census block median; Lot size, in square feet, mirrors the logic of year
built.

Table C.11: Percent of Households Missing Data

Pilot Green Index Income Home Value Year Built Lot Size
Watertown 28.3 0.0 5.4 0.1 8.5
Aquaville 36.2 0.0 2.7 0.0 0.1
Hydroburg 22.3 0.1 12.1 0.1 13.9

Notes: Non-missing data for year built and lot size include those inferred from regional aggregates.
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C.5 Water Use

C.5.1 Distribution and Outliers

There are many gallons per day observations that seem beyond reasonable. Table C.12 provides

water use by pilot and by selected quantiles. We consider observations to be outliers, and run

versions of our regression results excluding them, if the gallons per day exceed the median + 8 ×

interquartile range (within pilot and season). The assumption is that this procedure only drops

water reads due to leaks or broken pipes and not the observations of heavy-handed water users.

The outlier counts and water distributions by season are given in Figure C.6. Table C.13 provides

seasonal average water use by pilot.

Table C.12: Water Use: High and low quantiles by pilot

Watertown Aquaville Hydroburg
0th 0 5 19
1st 16 25 48
5th 33 51 97
25th 89 123 199
50th 150 196 299
75th 250 338 434
95th 531 811 748
99th 967 1521 1169
100th 4484 5800 7012

Notes: Water use is reported in gallons per day.

Table C.13: Median Water Use by Season

Pilot Summer Winter Ratio
Aquaville 282.0 156.8 1.8
Hydroburg 374.0 249.3 1.5
Watertown 193.5 125.0 1.5

Notes: Water use is reported in gallons per day.

We also consider identifying outliers within households. In this case, there are too few within

HH and season observations as of now to determine without household outliers by season. Also,
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Figure C.6: Distributions of gallons per day by season
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within HH distributions are wider (less n) so we also dial back the requirement. By this we mean

that we consider daily water use to be too high or too low for the household if the water use exceeds

the household median gallons per day ±6× the interquartile range of the household. Table C.14

and C.15 provide the number of observations defined as outliers for each of the rules described

above as well as the number of observations identified under multiple rules.

Table C.14: Outliers in High Water Use (observation counts)

Pilot Tot Obs High 4
HH

High 4 Pi-
lot

High 4 Pilot
& High 4 HH

Aquaville 93,664 191 265 15
Hydroburg 666,981 821 812 73
Watertown 44,822 157 107 16

Table C.15: Outliers in Low Water Use (observation counts)

Pilot Tot Obs Below
20 GPD

Low 4 HH Below 20
Gallons &
Low 4 HH

Aquaville 93,664 217 18 6
Hydroburg 666,981 1 4 0
Watertown 44,822 1,007 13 9

C.5.2 Balance in Baseline Water Use Between Treatment and Control

In all three pilots, water accounts were randomly selected into the treatment group. A random-

ized field experiment facilitates estimation of the treatment effect by allowing us make the following

assumptions. First, no selection bias exists: the receipt of a Home Water Report must not depend

on the change in water use before and after treatment. Households in neighborhoods selected to

receive HWRs are no more likely than control households to invest in water saving infrastructure

or engage in conservation behaviors in the absence of treatment. This could mean that relative

to control households treatment households are equally susceptible to peer pressure, equally sym-
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pathetic to environmentalist causes, or equally lacking costly information on their costs of water

use reduction. Randomization ensures the independence between treatment and any observed or

unobserved covariates that may confound the estimation of treatment effects.

However, we may need to perform additional cleaning on the randomized pilots when analyz-

ing heterogeneity in the response to treatment according to home values, environmental idealism,

and pre-treatment water use. This is because randomization was not conducted within such sub-

groups, only across the entire population leaving room for imbalance within subgroups and potential

spurious correlations (Ferraro, 2013). Balance refers to the degree in which the covariates’ multidi-

mensional distribution of the treatment group resembles the multidimensional distributions of the

control group. With more than three covariates, it is very difficult to inspect these multi-dimension

distributions. Also, because balance is a property of the observed sample and not of of a hypothet-

ical population there is no hypothesis test for balance. While we can never be sure we’ve achieved

perfect balance, we can find evidence of imbalance by examining the first moments of individual

covariates. Table C.16 shows that baseline water use is significantly larger in the control group

than in the treatment by almost 14 gallons per day. Home values between treatment and control

groups are also significantly different in Watertown, but due to the smaller sample size, Watertown

is not a good candidate for matching procedures.

On Hydroburg, we employ a matching algorithm developed by Gary King4 to produce a control

sample as similar to treated households in pretreatment water use and select covariate space as

possible to reduce or eliminate the bias from imbalance between treatment and control groups. This

algorithm samples from the full set of control observations to minimize the distance in covariate

space between the sampled control set and the original treatment group. The specific covariates used

for matching are the same observed variables that would facilitate the controlled prediction of the

response variable, i.e. they directly effect the response variable as well as effecting treatment. In the

case of this analysis which employs Difference-In-Difference (DID) regressions to estimate impacts

on water, the response variable is ultimately water use after treatment. Important predictors

then include pre-treatment water use (captured by household average baseline water use as well

as seasonal averages in baseline water use), irrigable area, and year built (a proxy for the age

4Documentation can be found at http://gking.harvard.edu/files/gking/files/cem.pdf.
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Table C.16: Differences in Means Between Control and Treatment Groups

(a) Variables used to explore heterogeneity

Pilot Baseline Water Green Index Home Value Income
Aquaville -1.211 (0.861) 0.3 (0.48) -12,107 (0.946) -84 (0.77)
Hydroburg 13.89 (0) 2.7 (0.606) 109,701 (0.979) 3,337 (0.011)
Watertown -6.541 (0.993) 0.5 (0.195) -19,930 (0) -530 (0.21)

(b) Structural Features of the House

Pilot Sqft Lot Size Single Family Home Year Built
Aquaville -11 (0.753) -178.4 (0.116) 0 (0.112) 1.7 (0.538)
Hydroburg 208 (0.292) 217 (0.738) -0.015 (0) 8.5 (0.495)
Watertown -32 (0.123) -124.6 (0.854) -0.029 (0.126) 1.2 (0.079)

Notes: Values reported are the control mean minus the treatment mean. P-values for the difference
from zero are in parenthesis. While we don’t use income explicitly to explore heterogeneity, the use
of home value is used as a proxy because of its finer geographical granularity.

and water-intensity of appliances). While other covariates may also be important, this set is more

readily available for individuals in the Hydroburg pilot. Before running the algorithm, we drop

control households without sufficient observations to overlap with the observations drawn from the

treatment group.

QQplots help to illustrate the balance achieved by the matching algorithm and can be found in

Figure C.7.

After applying this matching algorithm the difference between treatment and control group

baseline water use remains, but the magnitude of this difference at the very least is reduced to only

0.151 gallons, see Table C.17.

We also need to assume there are no treatment spill overs between treated and non-treated

neighbors. The best we can do to avoid this in these random experiments is to drop the control

households who have somehow found their way to the WaterSmart web portal feature without

receiving their own HWR. This occurs for only a few households in Watertown. We know this

because WaterSmart provides information on their site traffic.
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Figure C.7: Quantile-quantile plots to explore effect of matching algorithm on balance
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Table C.17: Differences in Means Between Control and Treatment Groups for Hydroburg
after Matching

(a) Variables used to explore heterogeneity

Pilot Baseline Water Green Index Home Value Income
Hydroburg 0.151 (0) 2.1 (0.319) 98,329 (0.651) 2,796 (0)

(b) Structural Features of the House

Pilot Sqft Lot Size Single Family Home Year Built
Hydroburg 177 (0.204) 75 (0.88) -0.014 (0) 7.6 (0.843)

Notes: Values reported are the control mean minus the treatment mean. P-values for the difference
from zero are in parenthesis. While we don’t use income explicitly to explore heterogeneity, the use
of home value is used as a proxy because of its finer geographical granularity.

C.5.3 Water Use Time Series

Figures C.8 provides time series of water use in gallons per day and Figure C.9 provides time

series of year-over-year percentage changes in water use for each pilot.
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Figure C.8: Water Use by Pilot
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Figure C.9: Year-Over-Year Change in Water Use by Pilot
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C.6 Conditional Average Treatment Effects

This section presents the full output for regressions that interact the treatment effect with

covariates to identify heterogeneity in conditional average treatment effects. Tables C.18, C.19,

and C.20 contain the regression that produce Tables 3.8, 3.9, and 3.10 respectively that display

linear combinations for the treatment effect and the treatment effect interaction.

Table C.18: Heterogeneity: Baseline Water Use

(1) (2) (3)
Watertown Aquaville Hydroburg

Treatment Effect -0.0537∗∗ -0.0732∗∗∗ -0.0509∗∗∗

(0.0237) (0.0195) (0.0138)

TE*Quintile 1 0.0487 0.0945∗∗∗ 0.0716∗∗∗

(0.0338) (0.0274) (0.0234)

TE*Quintile 2 0.0433 0.0387 0.0947∗∗∗

(0.0291) (0.0269) (0.0206)

TE*Quintile 4 -0.0316 0.0371 0.0060
(0.0274) (0.0247) (0.0187)

TE*Quintile 5 -0.0561∗∗ 0.0366 0.0094
(0.0262) (0.0262) (0.0200)

Rainy Days 22.1677 -0.3019∗∗∗ -8.5055∗∗∗

(19.9632) (0.0367) (0.3943)

Cooling Degree Days 0.2068 0.0067∗∗∗ 0.0013
(0.6671) (0.0009) (0.0047)

Household FEs Yes Yes Yes

Year-Period FEs Yes Yes Yes
Adjusted R2 0.162 0.251 0.190
Households 2,232 3,091 11,696
Observations 43,541 83,340 664,075

Notes: The dependent variable is the natural logarithm of water consumption in gallons per day.
Robust standard errors clustered at the household level are reported in parentheses. Interaction
variables are the treatment effect multiplied by quintiles of water consumption averaged over the
entire pre-treatment period. The 3rd quintile is omitted, so the base effect can be interpreted as
the effect at the median of baseline consumption. *** p < 0.01, ** p < 0.05, * p < 0.1
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Table C.19: Heterogeneity: Ideology

(1) (2) (3)
Watertown Aquaville Hydroburg

Treatment Effect -0.0533∗ -0.0458∗∗ -0.0148
(0.0281) (0.0231) (0.0156)

TE*Quintile 1 -0.0149 0.0306 -0.0086
(0.0330) (0.0280) (0.0225)

TE*Quintile 2 0.0262 0.0654∗∗ -0.0531∗∗

(0.0338) (0.0284) (0.0222)

TE*Quintile 4 -0.0101 0.0200 -0.0037
(0.0383) (0.0291) (0.0228)

TE*Quintile 5 -0.0397 -0.0058 0.0236
(0.0377) (0.0344) (0.0258)

Rainy Days 25.7393 -0.3302∗∗∗ -8.2944∗∗∗

(24.1518) (0.0446) (0.4408)

Cooling Degree Days -0.1411 0.0075∗∗∗ -0.0030
(0.7071) (0.0011) (0.0049)

Household FEs Yes Yes Yes

Year-Period FEs Yes Yes Yes
Adjusted R2 0.162 0.290 0.203
Households 1,841 1,958 9,024
Observations 32,110 54,869 516,534

Notes: The dependent variable is the natural logarithm of water consumption in gallons per day.
Robust standard errors clustered at the household level are reported in parentheses. Interaction
variables are the treatment effect multiplied by quintiles of the green ideology index measured at
the census block level. The 3rd quintile is omitted, so the base effect can be interpreted as the
effect at the median ideology. *** p < 0.01, ** p < 0.05, * p < 0.1
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Table C.20: Heterogeneity: Housing Values

(1) (2) (3)
Watertown Aquaville Hydroburg

Treatment Effect -0.0593∗∗∗ -0.0372∗ -0.0251
(0.0216) (0.0216) (0.0155)

TE*Quintile 1 -0.0069 -0.0333 0.0075
(0.0308) (0.0294) (0.0229)

TE*Quintile 2 0.0422 -0.0330 -0.0026
(0.0304) (0.0310) (0.0234)

TE*Quintile 4 -0.0028 0.0264 -0.0044
(0.0273) (0.0259) (0.0204)

TE*Quintile 5 -0.0010 0.0568∗∗ 0.0189
(0.0262) (0.0248) (0.0217)

Rainy Days 25.2592 -0.3032∗∗∗ -8.9716∗∗∗

(20.2693) (0.0374) (0.4406)

Cooling Degree Days 0.4395 0.0068∗∗∗ 0.0168∗∗∗

(0.6802) (0.0009) (0.0050)

Household FEs Yes Yes Yes

Year-Period FEs Yes Yes Yes
Adjusted R2 0.162 0.255 0.210
Households 2,417 3,011 10,170
Observations 42,368 81,034 584,217

Notes: The dependent variable is the natural logarithm of water consumption in gallons per day.
Robust standard errors clustered at the household level are reported in parentheses. Interaction
variables are the treatment effect multiplied by quintiles of housing values averaged at the census
block level. The 3rd quintile is omitted, so the base effect can be interpreted as the effect at the
median average housing value. *** p < 0.01, ** p < 0.05, * p < 0.1
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