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a b s t r a c t

Rationally inattentive consumers tend to apply simplified heuristics when making decisions.

We test the hypothesis of rational inattention in the context of residential water usage where

water bills typically account for a small fraction of household expenditures and only attract

casual attention. We begin by rigorously testing whether or not residential water customers

exhibit evidence of rational inattention. We then propose a heuristic water demand model

to explore the decision-making of rationally inattentive consumers and validate the model

by comparing the model with the discrete-continuous choice model on attentive and fully

informed decision makers in out-of-sample predictions.

© 2018 Elsevier Inc. All rights reserved.

1. Introduction

Economists often assume that consumers are rational and always make optimal decisions to achieve their goals. Many deci-

sions involve trade-offs among several decision attributes of different importance and impact. Consumers usually do not opti-

mize perfectly because they may not give the same attention to all attributes. One reason for inattention is that acquiring

complete information is costly and making comprehensive calculations including all attributes may not be worthwhile. Inatten-

tive decision-making does not contradict the rationality assumptions that economists often invoke. Instead, it seeks to illustrate

that consumers rationally focus on decision attributes that are most likely to improve their utility. A recent example given by
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Sallee (2014) discusses rational inattention in choosing energy efficiency of durable goods.1

The purpose of this paper is to examine whether or not consumers are rationally inattentive when making decisions on

residential water consumption. There are several plausible reasons why consumers are rationally inattentive when making

decisions concerning water usage. First, water bills account for a fraction of household expenditures; hence consumers have

little incentive to monitor and manage their water usage carefully. Second, most residential water rates are priced with the

increasing block price (IBP) schedule. IBP schedules involve normally a series of quantity thresholds and increasing marginal

prices, and consumers may not be able to find complete information about the complicated pricing scheme on their monthly

water bills. In this paper we seek indirect evidence on how consumers allocate attention — spending time monitoring and

managing water usage or focusing on other endeavors.

Whether or not residential water customers are rationally inattentive is very important for developing consumer-side water

conservation policies. Water conservation policies, especially those that emphasize water pricing as a conservation tool, assume

typically that consumers respond to marginal prices. The effectiveness of price-based policies may be attenuated if consumers

are rationally inattentive. It is necessary for public water utilities and private water companies to have a good understanding of

their customers’ behavior before introducing pricing policies intending to encourage water savings.

In this paper we use a relatively long panel of residential water customers from Sun City, a suburb of Phoenix, AZ to confirm

the hypothesis that consumers are rationally inattentive to water usage via two novel tests, and then to explore behavioral

explanations of the findings through a structural empirical model. The first test is the “bunching” test in which we measure

whether there are disproportional increases of water usage around the IBP thresholds. The intuition behind the bunching test is

that consumers who use slightly more than the threshold level at which the marginal price increases have incentives to reduce

their over-the-threshold water consumption. The second test is to examine consumers’ responses to a once-and-for-all change

in IBP rates implemented by the private water company servicing Sun City in the sampling period. The policy change simulta-

neously reduces all IBP thresholds and increases marginal prices of certain blocks, leading to distinct percentage increases in

marginal prices for different usage levels. Evidence of inattention from our tests is similar to that from recent studies of residen-

tial electricity usage (Shin, 1985; Borenstein, 2009; Ito, 2014) and residential water consumption (Ito, 2013; Wichman, 2014;

Clarke et al., 2017).2

Behavioral economics literature suggests that consumer inattention is in general caused by consumers applying simplified

heuristics to complicated decision problems (Ito, 2014; Wichman, 2014; Congdon et al., 2011). Accordingly, we propose a struc-

tural water demand model based on heuristic decision rules for inattentive consumers. In the behavioral structural model,

instead of examining complete information about the pricing policy, water consumers concentrate on bill differential (current-

month bill minus previous-month bill) and usage differential (current-month usage minus previous-month usage). We compare

out-of-sample predictions from the behavioral model with those from the well-established discrete/continuous choice (DCC)

model that assumes consumers are attentive to water consumption. The behavioral model performs better in the comparison.

This paper contributes to a very recent stream of literature in studying consumer perceptions of price in the residential water

and electricity market. In addition to rigorously testing consumers’ reaction to prices, this paper introduces a heuristic water

demand model to explore potential decision-making of rationally inattentive consumers. This paper also remotely contributes

to the general rational inattention literature, most of which focus on markets for durable goods. This paper adds to a recent

stream of empirical literature in studying rational inattention for inexpensive goods such as toll and electricity.

From a policy perspective, our findings relate to the discussion of using price and non-price strategies to encourage con-

sumers to conserve water (Olmstead, 2009; Mansur and Olmstead, 2012; Wichman et al., 2016). Pricing policies in residential

water markets are often predicated on the assumption that consumers are attentive and respond accurately to price changes.

Findings from this paper suggest that a simple usage-based pricing policy, in which a customer, well aware of the penalty of

overuse, determines the quantity he/she plans to use and pays a lump-sum fee to consume no more than the chosen quan-

tity, can be a better water conservation policy. Findings of the paper also support another policy recommendation of providing

inattentive consumers with timely and frequent information about their water usage. The impact of such information provision

solutions has been quantified in some recent field experiments (Jessoe and Rapson, 2014; Attari et al., 2014). Finally, our results

suggest that carefully designed non-price strategies based on consumers’ decision-making may also be effective (Allcott, 2011;

Allcott and Rogers, 2014).

2. Data

The primary data consist of a monthly panel of residential water customers from January 2005 to November 2010 and are

provided by Arizona American Water, a private water company subject to regulation by the Arizona Corporation Commission.3

These data contain 6909 billing addresses of single-occupancy houses from Sun City, a retirement community located in the

1 More general rational inattention literature includes Gabaix (2014) in microeconomics and Reis (2006) and Sims (2003) in macroeconomics. Some very

recent studies in electricity and water market includes Houde (2014), Gilbert and Zivin (2014), Sexton (2015), Ito (2013, 2014), Wichman (2014, 2017), and

Wichman et al. (2016).
2 Not all empirical studies accord with insensitivity to marginal prices. Nataraj and Hanemann (2011) found high-volume consumers respond to changes in

marginal price after the introduction of a new price block. Baerenklau et al. (2014) suggests that marginal price may drive consumption for different subpopu-

lations.
3 Arizona American Water was acquired by EPCOR USA in 2012.



X. Wang et al. / Journal of Environmental Economics and Management 92 (2018) 344–359346

Fig. 1. Sun City IBP rate (rate change on June 2008).

Phoenix, AZ metropolitan area. Sun City has a higher concentration of “seniors” (residents over the age of 65) whose income

levels and property values are lower than those of the rest of Phoenix. According to the 2010 US Census, the senior population

(over 65 years of age) percentage of Sun City was 74.9%, the median household income was $36,365, the average household size

from 2012 to 2016 is 1.66, and the median value of owner-occupied housing was $114,000. Corresponding figures for the rest

of Phoenix were: 8.4%, $47,326, 2.86, and $163,400. The outdoor watering season in Phoenix is year-around and summer water

frequency is higher than winter, according to the Landscape Water Guideline4 from the City of Phoenix. However, we conjecture

that the season watering may be less pronounced in Sun City due to its relatively low income compared to the rest of Phoenix.

Many low income households tend to have gravel instead of grass in their yards and choose desert plants.5

In Sun City, there are no smart water meters. The water company agents record water meter readings of individual billing

address at the end of every billing period which ranges from 25 to 35 days. The monthly water bill includes only the integer part

of water meter readings and left the residual part to the future billing period. Water used in Sun City is rounded to the nearest

thousands of gallons. The bill generating process makes monitoring and managing water consumption difficult for customers.

During the sample period of six years from January 2005 to November 2010, Sun City customers had a three-block IBP rate.

After approval by the Arizona Corporation Commission, the IBP rate changed once on June 1, 2008 as displayed in Fig. 1. Before

the change, there were two block thresholds at 4 kgal and 18 kgal (1 kgal=1000 gallons). The marginal prices per kgal were

$0.72, $1.10 and $1.33 from lowest block (block 1) to the highest (block 3). The monthly fixed charge was $6.33. After the

change, the new thresholds were reduced to 3 kgal and 10 kgal. The new marginal prices were $0.72, $1.32 and $1.69 from block

1 to block 3 respectively, while the monthly fixed charge increased to $7.99. The changes in marginal price and relocation of

thresholds together lead to a more substantial rise of marginal price at 4 kgal and from 11 to 18 kgal.

The billing address from each customer was matched with an address from the Maricopa County Assessor’s Office 2010

database. The Assessor’s data include information on assessed home values, size of indoor living area, and lot size. These vari-

ables are time invariant but vary across households. We acquire our weather data from the Arizona Meteorological Network.6

Following the water demand literature, the weather variable we choose is evapotranspiration, which is determined by solar

radiation, wind speed, humidity and temperature (Brown, 2014). Since consumers’ monthly billing days varied from 25 to 35

days, we matched daily evapotranspiration to the start and end dates for each customer. Table 1 reports the summary statistics

of key variables. The average monthly water bill in our sample is $14.08, which accounts for roughly 0.4% of median household

income.7 There is a modest decline in average water consumption and increase in the monthly bill after the change of IBP rate.

3. Testing inattention in water consumption

The purpose of this section is to test the hypothesis whether consumers are attentive in water consumption by examining

their responses to changes in marginal prices and other IBP information. Our first test is the “bunching” test, which will be

elaborated in detail in the following, and the second test is to examine consumers’ responses to the policy change of IBP rates

implemented on June 1st, 2008.

4 See https://www.phoenix.gov/waterservicessite/Documents/Landscape%20Watering%20Guidelines.pdf for more details.
5 See https://www.zillow.com/sun-city-az/ for some examples.
6 More details at https://cals.arizona.edu/azmet/.
7 Calculating using the 2010 U.S. Census median household income data for Sun City.

https://www.phoenix.gov/waterservicessite/Documents/Landscape%20Watering%20Guidelines.pdf
https://www.zillow.com/sun-city-az/
https://cals.arizona.edu/azmet/
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Table 1

Descriptive statistics.

Variable Nt Nobs Unit Mean Std Dev Min Max

Monthly Bill 71 490,539 $ 14.08 4.72 7.05 44.81

Monthly Bill (Before/Winter) 10 69,090 $ 12.42 3.62 7.05 33.85

Monthly Bill (Before/Spring/Autumn) 21 145,089 $ 12.83 3.86 7.05 33.85

Monthly Bill (Before/Summer) 10 69,090 $ 13.80 4.47 7.05 33.85

Monthly Bill (After/Winter) 7 48,363 $ 14.97 4.62 8.71 44.71

Monthly Bill (After/Spring/Autumn) 15 103,635 $ 15.56 5.11 8.71 44.81

Monthly Bill (After/Winter) 8 55,272 $ 16.29 5.68 8.71 44.81

Monthly Usage 71 490,539 kgal 7.17 3.66 1 25

Monthly Usage (Before/Winter) 10 69,090 kgal 6.84 3.37 1 25

Monthly Usage (Before/Spring/Autumn) 21 145,089 kgal 7.22 3.58 1 25

Monthly Usage (Before/Summer) 10 69,090 kgal 8.11 4.10 1 25

Monthly Usage (After/Winter) 7 48,363 kgal 6.49 3.28 1 25

Monthly Usage (After/Spring/Autumn) 15 103,635 kgal 6.90 3.57 1 25

Monthly Usage (After/Summer) 8 55,272 kgal 7.39 3.89 1 25

Evapotranspiration 71 490,539 mm 6.45 2.81 1.5 12.27

Evapotranspiration (Winter) 17 117,453 mm 2.92 0.63 1.5 6.04

Evapotranspiration (Spring/Autumn) 36 248,724 mm 6.42 1.85 1.9 10.49

Evapotranspiration (Summer) 18 124,362 mm 9.83 0.85 6.35 12.27

Assessed Home Value 71 490,539 $1000 106.5 30.7 25.9 601.1

Indoor Area Size 71 490,539 1002 ft 15.39 3.58 7.9 43.82

Outdoor Area Size 71 490,539 1002 ft 9.14 2.91 0.32 91.79

Note: Before and after refers to before and after the change of IBP rate. Nt refers to number of monthly billing periods. Nobs refers to number

of observation. For each month, number of household is 6909. The minimum of usage is 1 kgal and maximum is 25 kgal. We truncated

household with 0 kgal monthly usage due to the concern that there might be change of house ownership or vacancy. We drop household

with more than 25 kgal monthly usage due to the concern that there might be mechanism problem of the water pipe.

Fig. 2. “Bunching” test.

3.1. “Bunching” test

The “bunching” test originated in the literature on progressive income taxation (Saez, 2010; Chetty et al., 2011) and has been

applied to studies in residential electricity and water market recently by Borenstein (2009) and Ito (2013, 2014). The bunching

test is implemented by observing whether there is a disproportional increase in the distribution of consumers in the vicinity of

each IBP kink. The rationale is that consumers who use slightly more than the kink level have incentives to reduce their over-

the-kink water consumption due to a higher marginal price above the kink. In conducting the bunching test, we first calculate

consumers’ average water consumption. Then we check visually for spikes in the distribution of consumers in the neighborhood

of the kinks as depicted in Fig. 2. Considering the date of the price changes and seasonality in water consumption, we check for

bunching at several different times of the year.

Fig. 2 suggests that there is no strong visual evidence of bunching either before or after the rate change. There are a few minor

jumps in the distributions, but none appears to occur around the IBP thresholds. We also examine bunching in three distinct

seasons — summer, winter, and spring/autumn — because of pronounced seasonality in water consumption (see Appendix 1).

There is virtually no visual evidence of bunching in the seasonally disaggregated graphs. In addition to visual checks, bunching

can be tested statistically by calculating the elasticity of usage distribution with respect to the increasing marginal price at the
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kink. Following Saez (2010) we calculate the point estimate and standard error of the elasticities at different kink points. None

of the elasticities is statistically different from zero,8 indicating no bunching.

The absence of bunching indicates that consumers either respond with nearly zero elasticity to marginal prices or respond

to a smoothed “perceived price” instead of marginal prices (Ito, 2014). Although our estimates of elasticities are nearly zero,

we suspect consumers respond to “perceived price” instead of marginal prices because of overall reductions in water con-

sumption after the change of prices. To confirm this conjecture, we employ another test using the change of IBP rate in next

section.

3.2. Test using the change of IBP rate

Our second test exploits the change of IBP rates in Sun City after June 2008. The rate change resulted in disproportional

changes of marginal prices at distinct intervals of consumption. The marginal price was not affected at the lowest usage level

from 1 to 3 kgal. For higher levels of consumption, the marginal prices increased disproportionately: 84.7% at 4 kgal, 20.9% for

5 to 10 kgal, 53.6% for 11 to 18 kgal, and 28% for 18 kgal and above. If consumers respond to higher marginal prices, those who

experience the largest hikes would reduce their water consumption the most. We therefore hypothesize that customers who

consume an average of 4 kgal with an 84.7% increases in marginal price and consume 11 to 18 kgal with marginal price increase

of 53.6% will reduce their consumption more than other customers. If consumption of 4 kgal is primarily for indoor usage, the

ability to reduce water usage may be limited.

We start by grouping consumers into different usage levels to implement the test. The grouping follows two steps. First,

we calculate each consumer’s average usage level before the change of the IBP rates. We then assign every consumer to the

closest integer usage level to her average usage. This grouping allows us to test if the degree of reduction in water consumption

matches the degree of increase in marginal prices. We measure the change by comparing pre-change and post-change water

consumption using regression. Seasonality is addressed by carefully studying each season separately.9 We also add household

fixed-effects to control for the household heterogeneity. The following fixed-effects model for each usage group j is estimated

using OLS:

cijt = PostChange · 𝜆 + Xijt · Ξ + 𝜇i + 𝜖ijt , for each group j. (1)

In equation (1), we use i, j, t to index consumers, usage groups and time respectively. cijt is the water consumption. PostChange

is the dummy variable with value 1 if it is after change of IBP rate. The parameter 𝜆 captures change of usage. Xijt are control

variables including weather information and 𝜇i is household fixed-effects. Normally, a full set of year and monthly dummy

variables could be included as well to control for any exogenous time trend. We did not include time dummies because each

household’s billing period is not identical (ranges from 25 to 35 days due to Sun City’s manual meter reading process). Equation

(1) is not a difference-in-difference estimator because there is no control group in our sample. We use a set of control variables

(Xijt) including weather fluctuation, house attributes and household fixed-effects (𝜇i) to control for heterogeneity across house-

holds and time. Detailed estimation results are included in the Appendix 2. For ease of interpretation, we plot the estimated

percentage change of usage after the rate change (constructed using 𝜆 divided by the pre-change average usage of each group)

along with the corresponding 95% confidence interval in Fig. 3 to test our hypothesis. The percentage change of marginal price

is displayed on the right axis to aid the comparison.

Fig. 3 indicates that after the rate change, consumers averaging 4 kgal of usage consumed slightly more water in the summer

(4%) and winter (2%) but reduced water consumption in spring and fall by 2 percent. Consumers with 11–18 kgal average water

consumption reduce their water consumption more than those with lower average consumption; however, we cannot find

similar evidence when comparing these customers to those with higher average consumption, at least in the summer. In sum,

evidence from the test using the percentage changes in marginal prices suggests that consumers may not be attentive to changes

in marginal prices.

4. Heuristic structural water demand model

The two tests in Section 3 reject the hypothesis that consumers in our sample are attentive. Behavioral economics lit-

erature suggests that inattention is caused by consumers using simplified heuristics for decision-making in complex prob-

lems. This section describes our heuristic water demand model based on the cause of inattention. The description includes

the modeling concepts, the empirical representation, and a comparison to the DCC model, which assumes that consumers are

attentive.

8 The elasticity estimates are as follows with standard errors in parentheses: 0.023(0.02) at the lower threshold of 4 kgal before the rate change; −0.02(0.027)

at the lower threshold of 3 kgal after the rate change; and−0.013(0.033) at the higher threshold of 10 kgal after rate change. The elasticity at the higher threshold

of 18 kgal before the rate change could not be calculated owing to the limited number of consumers at that level.
9 Since water consumption has strong seasonality, we study summer (including May, June, and July), winter (including November, December, and January),

and combined spring and autumn (including rest months) separately. The number of pre-change vs. post-change monthly billing periods are 10 vs. 8, 10 vs. 7,

and 21 vs. 15 for summer, winter, and combined spring and autumn, respectively.
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Fig. 3. Test of response to marginal price.

4.1. Modeling concept

Inattentive consumers because they have chosen not to monitor water consumption with full attention. Instead, inattentive

consumers use water bill information to do a simple cost and benefit analysis to approximate optimization. Specifically, the cost

and benefit analysis includes calculations based on two pieces of information: bill differential (a function of current bill minus

previous bill, denoted by △billi
t
) and usage differential (a function of current usage minus previous usage, denoted by △usagei

t
).

The ideal situation is achieved when the utilities of the two differentials respectively, are equal.

We characterize inattentive consumers’ heuristic decision rule as a two-step sequential decision on future water consump-

tion with the current bill information. We focus on future instead of current consumption because by the time the current bill

arrives, the current billing cycle is over. The first decision is a direction decision made at the end of the current billing cycle, and

the second decision is an adjustment made once the future billing cycle starts; consumers begin adjusting their future water

consumption given the direction decision. The adjustment decision is affected by the weather conditions and varies across dif-

ferent types of real estate characteristics. More specifics on the heuristic structural demand model are provided in the following

subsection.

4.2. Empirical specification

Assuming linear forms for the two utility functions U(△billi
t
) and U(△usagei

t
), the heuristic decision-making can be facili-

tated by defining net utility (NU) as follows:

NUi
t = (𝛽 ·△billit − 𝛼 ·△usagei

t) + 𝛾 · Wi
t + ui

t. (2)
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In equation (2), Wi
t

is the weather condition constructed as the difference of weather condition between current and previous

month. ui
t

is the error term of direction decision. We assume that the direction decision error ui
t

is distributed independently

and identically (i.i.d) with a standard normal distribution N(0, 1). Parameters of interests are 𝛽 and 𝛼, of which the statisti-

cal significance measure the degree of inattention. Inattentive consumers’ practical objective is then to adjust NU to a small

interval (V,V) containing zero. V and V capture the threshold effects of selecting different directions, not a direct measure of

degree of inattention. The percentage of households falling into the three categories — “underused”(U(△billi
t
) < U(△usagei

t
)),

“optimized”(U(△billi
t
) = U(△usagei

t
)), and “overused”(U(△billi

t
) > U(△usagei

t
)) — are demarcated by the two thresholds. In

order to “optimize” future water consumption, “underused” (“overused”) consumers have incentives to use more (less) in the

future, while “optimized” consumers tend to remain at current level. Consumers’ first-step direction decision for future bill

(di
t+1

) is:

di
t+1

=

⎧⎪⎨⎪⎩
1 (“Using More”) −∞ < NUi

t < V

2 (“Remaining Same”) V < NUi
t < V

3 (“Using Less”) V < NUi
t < ∞

(3)

We model the direction decision as the intention of selecting different directions, which is translated into the second-step

adjustment decision as the probability of choosing different directions. Taking an “underused” customer water for example, her

U(△billi
t
) is lower than U(△usagei

t
), i.e., spending more on water is still preferable, so she has a higher probability of consuming

more in the future. This empirical specification shares similarities with traditional ordered probit model (Greene and Hensher,

2010).

For the second-step adjustment decision, inattentive consumers adjust their future bill from current bill conditioning on the

direction choice k. The empirical specification is:

billi
t+1

= (𝜃k + Ψk · Zi
t+1

) · billit + 𝜖k
it
, (4)

where k= 1, 2, 3 for di ,t+1 = 1, 2, 3, respectively. We choose the bill amount instead of usage level as adjustment variable because

the bill amount is easier for consumers to perceive10. In equation (4), the future bill is a percentage change from current bill. The

percentage change contains a constant 𝜃k and a variant component Ψk · Zi
t+1

. The constant 𝜃k captures the average percentage

change for the kth direction. We incorporate this constant term because adjustment in water consumption is not always contin-

uous, but sometimes discrete such as when using certain home appliances from “full load” to “half load” or using “water saving

mode”. The variant component Ψk · Zi
t+1

is included to control for the weather conditions in the future period and households’

real estate conditions. 𝜖k is adjustment error for the direction k.

The two-step decision is connected by assuming direction error u and adjustment errors 𝜖k are jointly distributed as:

⎡⎢⎢⎢⎢⎢⎣

u

𝜖1

𝜖2

𝜖3

⎤⎥⎥⎥⎥⎥⎦
∼ N

⎛⎜⎜⎜⎜⎜⎝

⎡⎢⎢⎢⎢⎢⎣

0

0

0

0

⎤⎥⎥⎥⎥⎥⎦
,

⎡⎢⎢⎢⎢⎢⎣

1 𝜌1𝜎1 𝜌2𝜎2 𝜌3𝜎3

· · · 𝜎2
1

0 0

· · · · · · 𝜎2
2

0

· · · · · · 0 𝜎2
3

⎤⎥⎥⎥⎥⎥⎦

⎞⎟⎟⎟⎟⎟⎠
(5)

where 𝜌k is the correlation between direction error and adjustment error at the kth direction. Since we normalized direction

error to 1, the adjustment errors 𝜎k are automatically normalized based on direction error. The above error assumption is a

simplified version, a more general assumption of error structure can be implemented as well in this framework. The estimation

of this model can be jointly done by maximum-likelihood.11 Given direction decision k, the log-likelihood for ith individual on

the future (t + 1) decision can be written as:

LLi,t+1 =
3∑

k=1

I{di,t+1=k} log L̃k
i,t+1

(6)

L̃k
i,t+1

= 1√
2𝜋

·
exp(− (sk)2

2
)

𝜎k

· [Φ(rk) − Φ(nk)] (7)

where I{ ·} is an indicator function and

sk =
billk

i,t+1
− (𝜃k + ΨkZi,t+1 · billi,t)

𝜎k

, rj =
Bk − 𝜌ksk√

1 − 𝜌2
k

, nj =
Ak − 𝜌ksk√

1 − 𝜌2
k

(8)

10 Monthly bill and usage shares a one-to-one correspondence under IBP.
11 For practitioners, control function can be applied and our model can be estimated following the two-step approach. We use joint estimation here in order

to improve the efficiency of the estimation.
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and

⎧⎪⎨⎪⎩
A1 = −∞, B1 = V − [(𝛽 ·△billi

t
− 𝛼 ·△usagei

t
) + 𝛾 · Wi

t
] (“Using More”)

A2 = B1, B2 = A3 (“Remaining Same”)
A3 = V − [(𝛽 ·△billit − 𝛼 ·△usagei

t) + 𝛾 · Wi
t], B3 = ∞ (“Using Less”)

(9)

4.3. Comparison between our model and DCC model

The DCC model originates from the literature associated with non-linear budget set (Burtless and Hausman, 1978; Hausman,

1985; Moffitt, 1986, 1990) and discrete/continuous demand estimation (Hanemann, 1984; Dubin and McFadden, 1984). Here

we compare our model to two very recent applications in residential water demand from Olmstead et al. (2007) and Olmstead

(2009). The construction of both models follows a two-step procedure. In our model, consumers first choose a direction for

the future bill by the end of current billing cycle, then adjust future bill from current bill once the future billing cycle starts. In

the DCC model, consumers first choose which block of IBP to locate, then choose optimal usage level within the chosen block.

Although the two models share similar structure, the amount of information consumers possessed are significantly different.

In our behavioral model, the decision variables are the modest information appearing on monthly bill statement: the total bill

amount and the amount of water used. To relate to other water demand literature, the bill information customers used for

decision making is a simplified version of average price, because it does not require consumers to divide the monthly bill by

monthly usage. In the DCC model, the decision variables are the detailed information of IBP structure including all marginal

prices and block thresholds. The DCC model reflects attentive consumers’ decisions, while our model seems more appropriate

for inattentive consumers.

5. Empirical results

The purpose of this section is to examine whether or not our heuristic water demand model can represent the behavior of

Sun City consumers. Our estimations use only the subsample before the change of IBP rate. The post-change subsample is left

out intentionally to test the out-of-sample predictive power of our model. We also estimate the DCC model as a benchmark

to compare to our model in out-of-sample predictions. This section presents the coefficient estimates first, then discusses two

out-of-sample tests designed to evaluate the predictive power of our model.

5.1. Estimation results

Table 2 reports the estimates from our model. In the direction decision, our choice of weather variable is the difference in

evapotranspiration between current and previous month. In the adjustment decision, the control variables include weather

condition (evapotranspiration) and household real estate information (assessed home value, indoor area size, and outdoor

area size). In the absence of individual household income data, we rely on the assessed home value as a proxy for household

income.

The coefficients in Table 2 are as expected. For the direction decision, consumers balance between current bill differen-

tial and usage differential to “optimize” their future water consumption. The △billi
t

is negatively related to the probabil-

ity of using more water in the future, whereas the △usagei
t

is positively related. Hotter, drier weather conditions as mea-

sured by a more substantial difference in evapotranspiration, increases the probability of using more water in the future. The

(V,V) are located around zero, echoing inattentive consumers’ practical objective to adjust NU into a small interval containing

zero.

For the adjustment decisions, the variables of interest are the parameters capturing the percentage change based on the

current bill. For consumers deciding to “using more”, “remaining same” and “using less”, their future bills are approximately

105%, 100% and 76% of the current bill. Interestingly, consumers make larger adjustments when they decide to cut water con-

sumption.12 For other control variables, a drier weather (a higher evapotranspiration) leads to a larger adjustment for “using

more” case and a smaller adjustment for “using less” case. Consumers with higher income (proxied by assessed home value)

make larger adjustment when they decide to consume more, while making smaller reductions when they decide to consume

less. Other variables such as indoor and outdoor area size are used as control variables. Their interpretation is not clear because

the these two variables only measure the size. The same indoor area could have lower water demand if water-saving appliances

and fixtures have been installed. Similarly, outdoor water demand depends on the kind of landscaping chosen. Other estimates

such as standard error and correlation are within reasonable range.

We conduct a robustness check based on the hypothesis that consumers with different income levels may have radically

different behavior due to different budget constraints. We separate the whole sample into three segments (the lowest 25%,

12 We also estimate a restricted model where the percentage change for “using more” and “using less” are set to be symmetric. Using the results from two

versions of models, we conduct a likelihood-ratio test, rejecting the hypothesis that the percentage change is symmetric.
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Table 2

Estimates from our model.

Variable Coefficient Estimates Std. Error

Direction Decision

△billi
t

0.165*** 0.012

△usagei
t

0.052*** 0.013

Difference in Weather −0.074*** 0.001

Tolerance low (V) −0.315*** 0.003

Tolerance high (V) 0.326*** 0.003

Adjustment Decision

“Using more”

Weather ∗ Current bill 0.006*** 0.141× 10−3

Home Value ∗ Current bill 0.215× 10−3*** 0.199× 10−4

Indoor Area ∗ Current bill 0.002*** 0.182× 10−3

Outdoor Area ∗ Current bill 0.853× 10−4 0.144× 10−3

Current bill 1.052*** 0.003

“Remaining Same”

Weather ∗ Current bill 0.74× 10−7*** 0.474× 10−8

Home Value ∗ Current bill −0.280× 10−8*** 0.138× 10−9

Indoor Area ∗ Current bill 0.103× 10−6*** 0.315× 10−8

Outdoor Area ∗ Current bill −0.279× 10−6*** 0.419× 10−8

Current bill 1+ 0.158× 10−5*** 0.823× 10−7

“Using less”

Weather ∗ Current bill 0.002*** 0.126× 10−3

Home Value ∗ Current bill 0.150× 10−3*** 0.141× 10−4

Indoor Area ∗ Current bill −0.002*** 0.153× 10−3

Outdoor Area ∗ Current bill 0.141× 10−3 0.111× 10−3

Current bill 0.759*** 0.002

Other Variables

𝜎1 2.364*** 0.007

𝜎2 0.978× 10−5*** 0.693× 10−6

𝜎3 2.151*** 0.017

𝜌1 −0.384*** 0.008

𝜌2 −0.170*** 0.037

𝜌3 0.628*** 0.008

Note: we use the pre-rate-change subsample for this estimation. This subsample is a balanced panel

including 41 billing periods for 6909 households. The total number of observation is 283,269. We use

*** to denote significance level at 1 percent, ** at 5 percent, and * at 10 percent.

Table 3

Estimates from DCC model.

Variable Coefficient Estimates Std. Error

Price −0.797*** 0.021

Income (Assessed Home Value) 0.049*** 0.002

Weather 0.030*** 0.343× 10−3

Indoor Area Size 0.019*** 0.316× 10−3

Outdoor Area Size 0.011*** 0.102× 10−2

Constant 0.791*** 0.026

𝜎𝜂 0.112× 10−9 0.011

𝜎𝜖 0.525*** 0.327× 10−3

Note: we use the pre-rate-change subsample for this estimation. This subsample is

a balanced panel including 41 billing periods for 6909 households. The total number

of observation is 283,269. We use *** to denote significance level at 1 percent, ** at

5 percent, and ∗ at 10 percent.

the medium 50%, and the highest 25%) based on households’ assessed home values to estimate our model separately for each

segment. The results for the robustness checks are reported in Appendix 3. Our main results persist for all three disaggregated

segments. Because the June 2008 rate change coincided with the onset of the recession, we conduct another robustness check by

estimating our pre-rate-change model omitting data for 2008.13 Our parameter estimates for the shorter panel period are essen-

tially the same as those from the longer period, suggesting the impacts of the recession had little effect on water consumption

behavior of Sun City residents.

We then estimate DCC model following exact procedures on Olmstead et al. (2007) and Olmstead (2009). Most coefficient

estimates in Table 3 are as expected, except the structural error terms. In Olmstead et al. (2007) and Olmstead (2009), the error of

13 We would like to thank an anonymous referee for alerting us to the possibility of a confounding of the effects of the recession with those of the rate change.
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Table 4

Simulated elasticities.

Model Price Elasticity Coefficient Std. Error Income Elasticity Coefficient Std. Error

Our Model −0.829 0.119 0.026 0.011

DCC Model −0.789 0.007 0.049 0.424× 10−3

Note: The standard deviation for elasticities are calculated with bootstrap. We take 100 bootstrap sample, each with

100,000 observations.

Fig. 4. Performance test using statistics.

consumer heterogeneity (𝜎n) is higher than the optimization error (𝜎𝜖). However, the error of consumer heterogeneity is smaller

in our sample. The small magnitude may be caused by the fact that our sample is from a single community, whereas Olmstead et

al. (2007) and Olmstead (2009) included multiple communities, which generates higher heterogeneity among consumers. We

found similar results in Dale et al. (2009) and Szabo (2015).

Much of the water demand literature focuses on the price elasticities. We simulate price and income elasticities using both

models. The results are reported in Table 4. For our model, we simulate 1% change in current marginal price and current income

variable (assessed home value) to get price and income elasticity estimates, respectively. For the DCC, the elasticities are sim-

ulated through the approach suggested by Olmstead (2009). The standard deviations of elasticities for both models are both

bootstrapped with 100 bootstrap samples, each with 100,000 observations drawn from the whole sample. The price elasticities

from both models are within the range from −1.64 to +0.33, suggested by Arbués et al. (2003), and a range from −1.63 to −0.33,



X. Wang et al. / Journal of Environmental Economics and Management 92 (2018) 344–359354

Fig. 5. Test of response to marginal price. Note: For low and high usage group, DCC results are out of current range in the graph. To keep the graph clear, the values out of

the range are all trimmed to 50 or -50.

suggested by recent structural estimates.14 The income elasticities from both models are lower than a range from 0.12 to 0.18,

suggested by Olmstead et al. (2007) and Olmstead (2009). Use of assessed home value as a proxy for income may be a source of

differences in income elasticities.

5.2. Model performance test - comparing predicted water consumption

Using estimation of both models from the pre-change subsample, we simulated one-month-ahead monthly water consump-

tion. The simulator of our model is discussed in Appendix 4. For DCC model, we use the simulator from Olmstead (2009)

(Appendix). Using the simulated monthly water consumption, we calculate some major statistics (mean, median, 25th per-

centile, and 75th percentile) in every month for comparison. The pre-change periods (before June 2008) is a comparison for

in-sample prediction, while the rest (after June 2008) for out-of-sample prediction. The results for different statistics are plotted

in Fig. 4.

According to Fig. 4, predictions from our behavioral model are overall close to the actual data. This result is consistent with

all four major statistics that we calculated for both in-sample and out-of-sample predictions. The major difference between our

prediction and the actual data occurs in the first month after the change of IBP rate. The change of IBP rate increases the water

bill in Sun City generally due to higher marginal prices and higher fixed charge. Based on our model, a higher bill increases the

14 Only the structural estimates using US residential water data is reported. For other applications using data from the developing countries, please refer to

Szabo (2015) for more details.
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probability of using less water in the future, leading to a sharp decline. After the bill information updated later, the prediction

from our model closely approximates the actual consumption. The main differences between our behavioral model and the DCC

model are in the 25th and 75th percentiles. The differences in the mean and median are hard to tell.

5.3. Model performance test - response to the rate change

Our second test is to examine if prediction from our model can represent consumers’ response to the rate change. We use

equation (1) again for this test. The only difference is that we replace the post-change usage by the simulated data from our

model. We construct percentage change estimates using the parameter 𝜆 dividing the pre-change group average consumption.

We plot the estimates and their corresponding 95% confidence intervals in Fig. 5 for comparison. We repeat the same process

using simulated usage from DCC model to be our benchmark. The seasonality is addressed by studying different season sepa-

rately. The percentage of households within each usage level is measured on the right axis to aid the comparison.

Fig. 5 indicates our heuristic model has good predictive power. There is no statistical difference between our model predic-

tion and the actual data in 5, 10, and 10 usage levels for summer, winter, and combined spring and autumn, respectively. The

consumers included in these usage levels account for 36%, 17%, and 30% of the entire sample. We also calculate a less restricted

measure by calculating the maximum gap between the confidence intervals of our model and the actual data.15 The gap is

within 10% difference for 11, 16, and 12 usage groups for summer, winter, and combined spring and autumn, respectively. The

corresponding consumers included in these usage levels are 81%, 92%, and 86% of whole sample. For DCC model, the prediction

has no statistical difference to the actual data for only one usage level in all three scenarios we studied. Both models predict

significant increases in the 4 kgal and less groups’ water usage after the rate change. This anomaly is indeed driven by weather

effects. The average annual evapotranspiration from 2005 to 2010 are 5.94, 6.04, 6.27, 6.34, 6.42, and 6.24 (mm) respectively.

The general increase in evapotranspiration leads to higher predicted usage when price is unchanged.

6. Conclusions

In this paper we employ two novel tests on a dataset containing 6909 billing addresses of single-occupancy houses from

Sun City, AZ to confirm the hypothesis that water consumers are rationally inattentive. Built upon the literature of behavioral

economics, the structural model we developed explains the decision process of inattentive consumers. We validate the behav-

ioral structural model by comparing out-of-sample predictions from the model with those from the DCC model, which has been

widely used in modeling water consumption of attentive consumers.

Empirical findings from the paper contribute to the literature of behavioral economics and the causes of inattention revealed

in the structural model have important policy implications. Findings from the paper indicate that when consumers are inatten-

tive, a pricing policy will likely be effective in conserving water only when it is simple and transparent. One example of the case

is the simple usage-based pricing employed in many industries including telecommunications and automobile leasing. In these

industries, a consumer signs a contract with a service provider to purchase and use an “ideal” quantity within a period of time

and at a lump-sum cost. An over-use penalty in the form of a flat rate is enforced and the purchase quantity can be adjusted

periodically. The entire policy is boiled down to two variables — the lump-sum cost of a purchase quantity and the penalty rate

of overuse — for consumers to be informed of and for service providers to optimize.

Several caveats regarding the results of our study are in order. First, the data used in this study contain mainly senior residents

living in a specific area and do not include thorough information on the residents’ real estate properties. However, it is an

interesting and important research question to investigate whether or not inattentive behavior and the causes identified in

the paper can be found with data containing households with different socio-demographic background and having specific

information on water usage from different home appliances and types of landscaping. Second, the heuristic decision rule we

used to build the structural model is just one of many potential decision mechanisms. For different settings, alternative decision

rules may be more appropriate.

Appendix.

Appendix 1. Bunching test for different scenarios

This section presents “bunching” test for six different scenarios based on seasonality and the timing of change of IBP rate in

our sample. All the results are included in Fig. 6.

15 Our measure is max(|lclOur − ucl|, |lcl− uclOur|), where ucl, lcl are 95% confidence intervals for percentage change using actual data in Fig. 5. uclOur , lclOur are

defined similarly for our model.
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Fig. 6 Detailed “bunching” test in different scenarios.

Appendix 2. Detailed estimation of Equation (1)

This section summarizes the estimates of equation (1). There are three versions of results, the only difference is the data

used for the post-change periods. We use actual data, simulated water consumption from our model, and simulated water

consumption from the DCC model in three different columns. Here we report the percentage change of usage caused by the

change of IBP rate, which is constructed by dividing the parameter 𝜆 in equation (1) to the average pre-change usage in each

usage group. The results are reported in Tables 5–7.

Table 5

Usage change (summer).

Usage Nhh Nobs Actual Data DCC Model Our Model

Coefficient Std. Error Coefficient Std. Error Coefficient Std. Error

1 5 90 0.13 0.116 4.06*** 0.071 0.94*** 0.160

2 81 1458 0.12*** 0.032 2.27*** 0.016 0.51*** 0.032

3 273 4914 0.12*** 0.015 1.31*** 0.008 0.31*** 0.014

4 498 8964 0.04*** 0.009 0.73*** 0.006 0.13*** 0.008

5 697 12,546 −0.01* 0.007 0.40*** 0.005 0.04*** 0.007

6 821 14,778 −0.04*** 0.006 0.18*** 0.004 −0.02*** 0.005

7 818 14,724 −0.05*** 0.006 0.02*** 0.004 −0.06*** 0.005

8 835 15,030 −0.09*** 0.005 −0.11*** 0.004 −0.11*** 0.005

9 728 13,104 −0.10*** 0.005 −0.20*** 0.004 −0.13*** 0.005

10 604 10,872 −0.11*** 0.006 −0.28*** 0.004 −0.15*** 0.005

11 484 8712 −0.13*** 0.006 −0.34*** 0.004 −0.18*** 0.005

12 324 5832 −0.15*** 0.007 −0.39*** 0.005 −0.20*** 0.006

13 273 4914 −0.14*** 0.008 −0.45*** 0.005 −0.22*** 0.007

14 154 2772 −0.16*** 0.009 −0.48*** 0.007 −0.23*** 0.009

15 125 2250 −0.17*** 0.010 −0.52*** 0.007 −0.24*** 0.009

16 92 1656 −0.16*** 0.011 −0.55*** 0.007 −0.25*** 0.009

17 58 1044 −0.16*** 0.013 −0.56*** 0.008 −0.25*** 0.011

18 21 378 −0.17*** 0.018 −0.59*** 0.012 −0.27*** 0.015

19 13 234 −0.21*** 0.024 −0.61*** 0.014 −0.30*** 0.020

20 4 72 −0.24*** 0.032 −0.63*** 0.022 −0.31*** 0.033

Note: Before Rate Change (Nt=10) vs. After Rate Change (Nt=8). The coefficient here is calculated as dividing 𝜆 from equation (1) by the

pre-change average water consumption of each usage group. We use *** to denote significance level at 1 percent, ** at 5 percent, and ∗ at 10

percent.
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Table 6

Usage change (winter).

Usage Nhh Nobs Actual Data DCC Model Our Model

Coefficient Std. Error Coefficient Std. Error Coefficient Std. Error

1 10 160 0.27*** 0.085 2.81*** 0.046 0.45*** 0.068

2 149 2384 0.20*** 0.022 1.55*** 0.011 0.37*** 0.022

3 403 6448 0.07*** 0.012 0.80*** 0.006 0.18*** 0.011

4 673 10,768 0.02** 0.007 0.40*** 0.004 0.09*** 0.007

5 946 15,136 −0.03*** 0.006 0.13*** 0.003 0.03*** 0.005

6 1076 17,216 −0.04*** 0.005 −0.05*** 0.003 0.00 0.005

7 1037 16,592 −0.06*** 0.005 −0.17*** 0.003 −0.02*** 0.005

8 838 13,408 −0.06*** 0.005 −0.27*** 0.003 −0.03*** 0.005

9 608 9728 −0.10*** 0.006 −0.34*** 0.004 −0.07*** 0.005

10 428 6848 −0.13*** 0.007 −0.41*** 0.005 −0.11*** 0.006

11 297 4752 −0.13*** 0.008 −0.46*** 0.005 −0.13*** 0.007

12 193 3088 −0.19*** 0.010 −0.50*** 0.007 −0.18*** 0.009

13 114 1824 −0.16*** 0.011 −0.54*** 0.008 −0.16*** 0.011

14 67 1072 −0.20*** 0.015 −0.57*** 0.010 −0.20*** 0.013

15 35 560 −0.22*** 0.020 −0.60*** 0.012 −0.22*** 0.019

16 22 352 −0.24*** 0.025 −0.63*** 0.014 −0.26*** 0.022

17 8 128 −0.28*** 0.035 −0.63*** 0.020 −0.31*** 0.031

18 4 64 −0.21*** 0.054 −0.68*** 0.020 −0.23*** 0.040

19 0 0

20 0 0

Note: Before Rate Change (Nt=9) vs. After Rate Change (Nt=7). The coefficient here is calculated as dividing 𝜆 from equation (1) by the

pre-change average water consumption of each usage group. We use *** to denote significance level at 1 percent, ** at 5 percent, and ∗ at 10

percent.

Table 7

Usage change (spring & autumn).

Usage Nhh Nobs Actual Data DCC Model Our Model

Coefficient Std. Error Coefficient Std. Error Coefficient Std. Error

1 2 70 0.23** 0.091 2.84*** 0.063 0.67*** 0.084

2 89 3115 0.09*** 0.022 1.82*** 0.011 0.38*** 0.022

3 277 9695 0.05*** 0.010 1.02*** 0.006 0.20*** 0.009

4 587 20,545 −0.02*** 0.006 0.56*** 0.004 0.08*** 0.005

5 869 30,415 −0.02*** 0.004 0.27*** 0.003 0.05*** 0.004

6 1005 35,175 −0.04*** 0.004 0.06*** 0.002 0.00 0.004

7 1000 35,000 −0.06*** 0.004 −0.08*** 0.002 −0.03*** 0.003

8 965 33,775 −0.07*** 0.004 −0.19*** 0.002 −0.05*** 0.003

9 717 25,095 −0.08*** 0.004 −0.27*** 0.003 −0.07*** 0.004

10 521 18,235 −0.10*** 0.004 −0.35*** 0.003 −0.09*** 0.004

11 358 12,530 −0.12*** 0.005 −0.41*** 0.003 −0.12*** 0.005

12 223 7805 −0.13*** 0.006 −0.45*** 0.004 −0.12*** 0.006

13 143 5005 −0.12*** 0.007 −0.50*** 0.005 −0.12*** 0.007

14 83 2905 −0.16*** 0.009 −0.53*** 0.006 −0.16*** 0.009

15 44 1540 −0.17*** 0.012 −0.55*** 0.008 −0.17*** 0.012

16 19 665 −0.22*** 0.016 −0.59*** 0.011 −0.22*** 0.016

17 4 140 −0.17*** 0.031 −0.58*** 0.023 −0.17*** 0.031

18 3 105 −0.08** 0.033 −0.64*** 0.021 −0.10*** 0.031

19 0 0

20 0 0

Note: Before Rate Change (Nt=20) vs. After Rate Change (Nt=15). The coefficient here is calculated as dividing 𝜆 from equation (1) by the

pre-change average water consumption of each usage group. We use *** to denote significance level at 1 percent, ** at 5 percent, and ∗ at 10

percent.

Appendix 3. Results of robustness check

This section reports the results of the robustness check for our model in Table 8. This robustness check is designed to address

the concern that consumers with different budget constraints may have dramatically different behavior in water consumption.

Our major results hold for all three income groups.
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Table 8

Robustness check of our model.

Variable Low Income Group

Avg Home Value=$73, 712

Nhh=1723

Median Income Group

Avg Home Value=$104.512

Nhh=3459

High Income Group

Avg Home Value=$143, 060

Nhh=1727

Coefficient Std. Error Coefficient Std. Error Coefficient Std. Error

Direction Decision

△billi
t

0.400*** 0.007 0.194*** 0.002 0.505*** 0.001

△usagei
t

0.310*** 0.003 0.084*** 0.002 0.429*** 0.001

Difference in Weather −0.079*** 0.013 −0.044*** 0.002 −0.004*** 0.003

Tolerance low (V) −0.333*** 0.087 −0.277*** 0.003 −0.255*** 0.005

Tolerance high (V) 0.332*** 0.068 0.353*** 0.002 0.356*** 0.006

Adjustment Decision

“Using more”

Weather ∗ Current bill 0.009*** 0.003 0.005*** 0.152× 10−3 0.003*** 0.309× 10−3

Home Value ∗ Current bill −0.646× 10−3*** 0.480× 10−4 0.001*** 0.164× 10−3 −0.617× 10−3*** 0.683× 10−4

Indoor Area ∗ Current bill 0.002*** 0.001 −0.354× 10−3 0.492× 10−3 −0.002*** 0.409× 10−3

Outdoor Area ∗ Current bill 0.001 0.002 −0.696× 10−3* 0.357× 10−3 0.921× 10−4 0.226× 10−3

Current bill 1.054*** 0.084 1.020*** 0.018 1.232*** 0.012

“Remaining same”

Weather ∗ Current bill 0.473× 10−5 0.162× 10−4 0.369× 10−6*** 0.567× 10−8 −0.147× 10−7 0.322× 10−7

Home Value ∗ Current bill 0.234× 10−6 0.352× 10−5 −0.536× 10−7*** 0.204× 10−8 0.334× 10−7 0.633× 10−9

Indoor Area ∗ Current bill −0.342× 10−5 0.329× 10−5 0.245× 10−6*** 0.171× 10−7 0.122× 10−7 0.957× 10−8

Outdoor Area ∗ Current bill −0.184× 10−5 0.764× 10−5 0.659× 10−7*** 0.763× 10−8 −0.287× 10−6*** 0.352× 10−7

Current bill 1+ 0.166× 10−4*** 0.450× 10−3 1+ 0.419× 10−6*** 0.154× 10−6 1− 0.156× 10−5*** 0.399× 10−6

“Using less”

Weather ∗ Current bill −0.002** 0.001 0.003*** 0.186× 10−3 0.005*** 0.328× 10

Home Value ∗ Current bill 0.394× 10−3 0.529× 10−3 0.643× 10−3*** 0.86× 10−4 −0.363× 10−3*** 0.189× 10−4

Indoor Area ∗ Current bill −0.008 0.022 0.736× 10−3** 0.356× 10−3 0.002*** 0.264× 10−3

Outdoor Area ∗ Current bill −0.002 0.013 0.003*** 0.253× 10−3 −0.768× 10−3*** 0.194× 10−3

Current bill 0.832** 0.364 0.628*** 0.008 0.704*** 0.005

Other Variables

𝜎1 2.295*** 0.027 2.244*** 0.016 2.393*** 0.019

𝜎2 0.34× 10−3 0.001 0.273× 10−4*** 0.684× 10−6 0.251× 10−4*** 0.399× 10−5

𝜎3 1.881*** 0.045 1.925*** 0.006 2.214*** 0.01

𝜌1 −0.55 0.343 −0.315*** 0.044 −0.463*** 0.023

𝜌2 −0.351*** 0.128 0.574*** 0.005 −0.151*** 0.009

𝜌3 0.741∗ 0.41 0.575*** 0.004 0.658*** 0.008

Note: we use the pre-rate-change subsample for this estimation. This subsample is a balanced panel including 41 billing periods for all 6909 households.

We use *** to denote significance level at 1 percent, ** at 5 percent, and ∗ at 10 percent.

Appendix 4. Our simulator of expected water consumption

This section describes our one-month-ahead simulator of expected water consumption. Since our model is constructed using

water bill, we simulate the expected bill and then convert it to the quantity of water consumed. The bill and water consumption

share a one-to-one correspondence under IBP. In the following specification, all the parameter estimates are denoted with hat.

The expected bill is:

E(billi,t+1 ∣ △usagei
t
,△billi

t
,Wi

t
, Zi

t+1
, billi

t
) =

3∑
k=1

billi
t+1

(k) · Pr(di
t
= k) (10)

where

billi
t+1

= (𝜃k + Ψ̂kZi
t+1

) · billi
t
+ 𝜌k𝜎k ·

𝜙(Â
k
) − 𝜙(B̂k)

Φ(B̂k) − Φ(Â
k
)

(11)

and

Pr(di
t
= k) = Φ(B̂k) − Φ(Â

k
) (12)

and
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⎧⎪⎪⎨⎪⎪⎩

Â
1
= −∞, B̂1 = V̂ − [(𝛽 ·△billi

t
− 𝛼 ·△usagei

t
) + �̂� · Wi

t
] (“Using More”)

Â
2
= B̂1, B̂2 = Â

3
(“Remaining Same”)

Â
3
= V̂ − [(𝛽 ·△billit − 𝛼 ·△usagei

t) + �̂� · Wi
t], B̂3 = ∞ (“Using Less”)

(13)

After simulating the bills, we convert the results into the usage for further analysis.
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