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Rank and Response:

A Field Experiment on Peer Information and Water Use Behavior

Syon P. Bhanot∗

April 17, 2015

Abstract

Perception of social rank, or how we perform relative to our peers, can be a powerful motivator. While

research exists on the e�ect of social information on decision making, there is less work on how ranked

comparisons with our peers in�uence our behavior. This paper outlines a �eld experiment conducted with

5,180 households in Castro Valley, California, which used household mailers with various forms of peer

information and social rank messaging to motivate water conservation. The experiment tests the e�ect of

a visible social rank on water use, and how the cooperative and competitive framing of rank information

in�uences behavioral response. Di�erence-in-di�erence and matching methods reveal sizable treatment

e�ects of the mailers on household water use (reductions of 13-17 gallons per day, depending on mailer

version). However, households with relatively low or high water use in the pre-treatment period responded

di�erently to information framing. We �nd that neutrally-framed rank information caused a �boomerang

e�ect� (i.e., an increase in average water use) for low water use households, but this e�ect was eliminated

by competitive framing. At the same time, competitively-framed rank information demotivated high

water use households, increasing their average water use further. This result is supported by evidence

that the competitive frame on rank information increased water use for households who ranked �last� in

the peer group - a detrimental �last place e�ect� from competitive framing.

∗Harvard Kennedy School. Email: syon_bhanot@hksphd.harvard.edu. I would like to thank Richard Zeckhauser, Brigitte
Madrian, and Michael Norton for their guidance and advice. Additionally, I want to thank Alberto Abadie, Hunt Allcott,
Dan Ariely, Gary Charness, John List, Tim McCarthy, Duncan Simester, Monica Singhal, and seminar participants at the UK
Behavioral Insights Team, UCSD, and Harvard for their feedback. A special thanks is also due to Ora Chaiken, Chad Haynes,
and Peter Yolles, without whom this work would not be possible. Finally, I want to acknowledge Peter Hadar, Shahrukh Khan,
and especially Vivien Caetano for their excellent work as research assistants at various stages during this project. Note that
the most up-to-date version of this paper is always available through the following link: http://goo.gl/AlWbex
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1 Introduction

Research in psychology and behavioral economics has consistently demonstrated that our social surroundings

a�ect our behavior and that we are in�uenced by how we compare to our peers (Schultz et al., 2007;

Grisevicius et al., 2008; Beshears et al., 2014; Fehr and Gintis, 2007). Traditionally, economists studying

decision making have focused less on these social motivators and more on �nancial ones. However, �nancial

incentives are unable to change behavior in some contexts, either because pricing is not salient or because

behavioral elasticities are low (Ferraro et al., 2011; Allcott, 2011; Olmstead and Stavins, 2007). In these

cases, it may be bene�cial to stimulate behavior change with social motivators, like the desire to attain a

high rank relative to our peers (Tran and Zeckhauser, 2009). In this paper, we present an experiment that

tests the e�ect of social rank on behavioral response, and explores how the framing of peer information can

in�uence this response.

Experimental researchers have studied how social information can alter behavior in a variety of contexts,

including energy conservation, voting, and savings (Allcott, 2011; Gerber et al., 2008; Kast et al., 2012;

Beshears et al., 2014).1 Most interventions have provided individuals with information on the average

performance of a broader social group, with mixed results. Allcott (2011), for example, �nds that showing

individuals how their energy use compares to the mean of both their most e�cient neighbors and all of their

neighbors reduces electricity consumption in the average household by over 2%. However, other research

suggests that sharing peer information can lead to socially undesirable behavior. Beshears et al. (2014) �nd

that the provision of peer information about savings for retirement can reduce savings rates by demotivating

low-performers. John and Norton (2013) document a related phenomenon in the context of workplace

exercise �walkstations.� They �nd that people tend to converge to the bottom performer, exercising less at

walkstations when given information about the low rates of use by others. Another set of studies on the

use of social information to in�uence alcohol abuse on college campuses �nd no discernable e�ect of such

messaging on overall outcomes (Wechsler et al., 2003; Clapp et al., 2003; Gran�eld, 2005).

One limitation of existing work is that it does not disentangle the various motivating and demotivating

elements of social information, and does not isolate those that are central to behavioral responses. When

social information works, is it because the information primes our competitive drive or because it stimulates

our cooperative spirit? The literature also does not say a great deal about peer comparisons, explicit rank

1Beshears et al. (2014) identi�es a number of additional studies in this space, noting that, �providing information about
peers moves behavior towards the peer norm in domains such as entrée selections in a restaurant, contributions of movie ratings
to an online community, small charitable donations, music downloads, towel re-use in hotels, taking petri�ed wood from a
national park, and stated intentions to vote (Cai, Chen, and Fang, 2009; Chen et al., forthcoming; Frey and Meier, 2004;
Salganik, Dodds, and Watts, 2006; Goldstein, Cialdini, and Griskevicius, 2008; Cialdini et al., 2006; Gerber and Rogers, 2009).�
(Beshears et al., 2014, 1)
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information, or heterogeneities in their motivational e�ects. How do ranked comparisons to speci�c people

who are �like us� motivate us di�erently than aggregate social comparisons? We hope to o�er insights into

this question.

In this paper, we outline a natural, randomized �eld experiment that tests how peer information in�uences

behavior.2 The experiment was conducted with a partner �rm in California, which works with local utilities

to reduce water use at the household level through household mailers and other outreach campaigns. In the

experiment, we used mailers with di�erent forms of peer information and social rank messaging to motivate

reductions in household water use. Through the experimental design, we can address existing theories about

how peer information, peer comparison, social rank, and the framing of behavioral messaging can in�uence

behavior. The goal of this study is to provide insights that contribute to an improved, coherent theory about

social information and its potential for heterogenous e�ects.

Our results suggest that while social information can reduce water use, peer ranking and framing can have

detrimental impacts on behavior. Speci�cally, we �nd overall water use reductions in the range of 13-17

gallons per day in response to a four-piece mailer campaign containing di�erent peer information and social

rank content. However, we �nd evidence of heterogeneity in treatment e�ects from rank information. In

particular, households that were low water users prior to the experiment showed a �boomerang e�ect� (i.e.,

an increase in water use) from rank information, except when a competitive frame was included. This result

is consistent with Garcia et al. (2006), who posit that recieving high rankings can spur competitiveness

in a way that makes people less likely to �boomerang.� However, the competitive frame had detrimental

e�ects on the behavior of households that were high water users prior to the experiment, demotivating them

and increasing their water use on average. Further analysis of rankings suggests the existence of a �last

place e�ect,� whereby competitively-framed rank information led to an increase in water use by the worst

performer in the peer group - a movement away from the social norm. We believe this stems from the

potentially demotivating power of peer information, in line with the results on peer information and savings

in Beshears et al. (2014).

The paper proceeds as follows. Section 2 provides background on existing work, related theories, and the

policy context for this intervention. Section 3 provides details on the experiment. Section 4 presents the

2We refer to four forms of behavioral messaging in the paper: social information, peer information, peer comparison and
social rank. We de�ne and distinguish between them as follows. Social information is the broadest category, referring to any
messaging containing information about the behavior of others. Peer information is a subset of social information, referring to
messaging that conveys information about a given individual's behavior and information about their peers (people �like them�).
This term encompasses information conveyed either at the aggregate level (�here's how your peers performed on average�) or
in a more detailed manner (�here's how you performed relative to a similar household�). Peer comparison is a subset of peer
information, referring to the display of the speci�c outcomes of an individual and their peers, provided explicitly at an individual
level. Finally, social rank refers to messaging that informs individuals of their hierarchical position among peers.
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empirical methods used to analyze the data from the experiment. Section 5 provides results. Section 6

provides a brief discussion and concludes.

2 Background

Water conservation provides an important context to test the e�ects of social information, since individual

water use behavior is both important to change and di�cult to in�uence. Water leaks provide a useful

illustrative example. In a 1999 study, the American Water Works Association Research Foundation found

that nearly 14% of household water use comes from leaks.3 The leak problem is di�use - the EPA estimates

that roughly 10% of homes have leaks that waste 90 or more gallons of water each day.4 Fixing a leak can

signi�cantly reduce a household's water use. Yet few households seem to be �xing their leaks.

The absence of such e�orts can be partly explained by the human tendency to only process salient informa-

tion.5 Water leaks are generally invisible, requiring professional assistance to �nd and �x.6 This salience

problem is further compounded by the relatively low price of water - the average family in the United States

spends only 0.5% of household income on water and sewage bills.7 Given the lack of salience and the low

price, it is not surprising that the price elasticity of water is low. Olmstead and Stavins (2007) estimate a

water price elasticity of -0.33 and point to an earlier analysis by Espey et al. (1997) that placed 90 percent

of all estimates between 0 and -0.75. More recent estimates in California in Lee and Tanverakul (2015) �nd

elasticities in the -0.2 to -0.5 range, suggesting that water prices would have to increase signi�cantly in our

experiment's target areas to have a major impact on water conservation decisions.8

Households are also unlikely to change their water use without knowledge of what constitutes �good� and

�bad� water consumption behavior in their community. Generally, households do not receive such infor-

mation. However, social information interventions may o�er a solution, by providing a reference point for

individuals to evaluate their water use.9 There is evidence that providing social information in this way

can be a simple and low-cost means of changing behavior (Jessoe and Rapson, 2014; Dickerson et al., 1992).

3Mayer and DeOreo (1999)
4WaterSense (2015)
5This concept is known as �bounded attention� in the behavioral sciences and was popularized by Daniel Kahneman (see ?).
6American Water has a 'Leak Detection Kit' online that outlines common indoor leaks in detail and how to �nd them.

American Water is in partnership with EPA's WaterSense program, and their guide to �nding and �xing leaks illustrates how
di�cult �nding and �xing such leaks can be.

7United States Environmental Protection Agency and Water (2009)
8In Allcott (2011), providing social norms and information decreased energy use by roughly the same amount as a 11-20%

increase in price.
9Another potential danger of not providing households with such information is heuristic decision-making, which has been

studied in the energy conservation literature (Gillingham et al., 2009). When households do not have enough information about
their energy use, they may rely on heuristics to determine their energy consumption, which a number of experiments found led
to miscalculations of use and overconsumption (Kempton et al., 1992; Kempton and Montgomery, 1982).

4



Given this, we designed our experiment to explore the in�uence of social rank and peer information in the

context of a water conservation mailer program.

2.1 Existing Theories on Rank and Response

A number of important theories from social science literature might explain how social rank and peer in-

formation a�ect behavior � with very di�erent predictions. A brief discussion of these theories and their

predictions is presented here.

2.1.1 Social Norms Theory

Social norms theory predicts that peer information, including social rank, motivates behavior change because

it provides a social standard to follow. Most notably, the theory of social comparison processes presented in

Festinger (1954) suggests that social comparison occurs when objective, non-social standards are unavailable.

This could lead individuals to evaluate their opinions and abilities by comparing themselves to others - and to

take action to reduce any found discrepancies. Furthermore, Festinger argues that individuals are most likely

to compare themselves to, and more likely to reduce discrepancies when compared to, people who are similar

to them.10 Schultz et al. (2007) similarly state that social information can send the message that �being

deviant is being above or below the norm.�11 Social norms theory then implies that providing individuals

with rank information would cause their outcomes to compress towards the displayed social norm.

In recent years, there have been an increasing number of experimental tests of these theories. For example,

Schultz et al. (2007) conducted a �eld study with several hundred households in San Marcos, California, using

door hangers with aggregate-level social information on energy use to motivate energy reduction. They �nd

that social information caused high energy use households to decrease their energy use, but encouraged

low energy use households to increase energy use. On the one hand, this implies a desirable response to

social information from low-performing individuals. However, it also predicts a detrimental response from

high-performers, referred to as the �boomerang e�ect.�

The boomerang e�ect hypothesis has its roots in the psychology of motivation. Proponents of the e�ect

suggest that a favorable social comparison provides a license for high-performing people to behave worse

(Clee and Wicklund, 1980). For example, telling individuals that most people in their workplace do not

put in overtime sends the message that putting in overtime is unnecessary. The boomerang e�ect has been

10For a discussion on the speci�c variables relevant for comparison (e.g. expertise, similarity and previous agreement), see
Suls et al. (2002).

11Schultz et al. (2007), p. 430
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documented in some interventions focused on social rank, but there is a relative shortage of experimental

evidence on the e�ect (Fischer, 2008). In this experiment, we explore how framing and context might

in�uence the boomerang e�ect.

It is important to note that any observed compression towards the mean could be attributed to mean

reversion, which can happen in any experimental setting in the absence of messaging with social norms

(Kahneman, 2011). We must be careful when assessing interventions using social rank information to ensure

that we do not confuse mean reversion with responses to social norms, particularly in the short run. Using a

randomized experiment that varies whether subjects are exposed to speci�c social norms information helps

us distinguish between these e�ects.

2.1.2 Motivation E�ects

Academic literature on motivation and self-e�cacy suggests a third possibility: that individual outcomes

will widen away from the mean, as those who rank well among their peers will work harder to improve and

those who rank poorly will �give up.�12 There is a rich body of research underpinning this prediction in

the social sciences. Research with children has shown that our beliefs about our abilities are in�uenced by

what others tell us.13 If we feel � or are told � that we are good at an activity, we are more likely to engage

in it, whereas we avoid activities for which we feel ill-equipped (Bandura, 1977).14 Research in exercise

and sport performance has shown that verbally reciting instruction messages that convey positive beliefs

improves ensuing performance outcomes (Shelton and Mahoney, 1978). This suggests that individuals with

positive beliefs about their ability may set higher goals for themselves and try harder to achieve them. This

is commonly attributed to the view that �high e�cacy� people view di�cult or new tasks as challenges rather

than threats (Bandura, 1994; Yim and Graham, 2007).

Individuals with low-e�cacy (those who receive low-rankings), on the other hand, may quit once they learn

of their poor rank (Hagger et al., 2002). Beshears et al. (2014) found that low-savings individuals were

discouraged by information about peers' savings rates, which the authors attributed to the discouraging

e�ects of upward social comparison. This response, now commonly referred to as the �what the hell e�ect,�

was also identi�ed in dieters by Polivy and Herman (1985). The authors found that once a dieter exceeds

their caloric intake goal for a single day, they proceed to eat signi�cantly more calories than the goal. In

short, they perceive their performance as a failure and respond by �binging� on food.

12For a summary of literature in this area, see the Pajares chapter in (Pajares, 1997).
13?
14Educational research has notably used this theory to suggest that teacher e�cacy, or a teacher's belief in his or her ability

to bring out the best in students, has powerful e�ects on student achievement, student motivation, and teacher behavior
(Tschannen-Moran and Hoy, 2001).
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The prediction of demotivated low-performers also �nds support in loss aversion, which posits that a given

loss a�ects the psyche more than an equivalent gain (Kahneman and Tversky, 1979). In this context,

a poor performance relative to the social norm may be perceived as a �loss,� and the worst-performing

individuals may feel demotivated by the impossibility of catching up. The high emotional weight of losses

may therefore bring �loss demotivation.� Taken together, the what-the-hell e�ect, self-e�cacy theories, and

loss demotivation suggest that providing information on social rank may cause the spread of outcomes to

widen, with on the top inspired to try harder and those at the bottom giving up.

Figure 1 provides a simple visual of the various predictions of behavioral response to rank and supporting

theories outlined here.

Figure 1: Rank Response Predictions and Supporting Theories

Predicted Response to Rank Supporting Literature/Theories

Top Performers Improve Self-e�cacy (Bandura, 1977, 1994) and Rank Competition

(Garcia et al., 2006)

Top Performers Worsen Social comparison (Festinger, 1954) and Social norms (Clee and

Wicklund, 1980; Schultz et al., 2007)

Bottom Performers Improve Social comparison (Festinger, 1954) and Social norms (Clee and

Wicklund, 1980; Schultz et al., 2007)

Bottom Performers Worsen Self-e�cacy (Bandura, 1977, 1994), Demotivation (Hagger et al.,

2002; Beshears et al., 2014; Polivy and Herman, 1985), �Loss

Demotivation� (based on Kahneman and Tversky (1979))

2.2 Social Messaging Frames

Literature in psychology, behavioral economics, and marketing has reliably found that the framing of in-

formation can alter behavior (Winter, 2008). While existing work has not explored framing in the context

of social rank speci�cally, there are related results that provide testable predictions. For example, Schultz

et al. (2007) argue that the �boomerang e�ect� can be counteracted if an injunctive message, which conveys

social approval or disproval, is included. The authors found that low energy users receiving an injunctive

message maintained their low use rates, while those who did not su�ered a boomerang e�ect.15 Similarly,

Allcott and Muillainathan (2010) attribute the lack of a boomerang e�ect in their experiment to the use of

similar injunctive messaging.

15In Schultz et al. (2007), the injunctive message used was a �happy face� if they consumed less than the social average and
a �sad face� if they consumed more than the social average.
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In this experiment, we use both competitive and cooperative frames to explore the nuances of how social

information in�uences behavior, building on past work. For example, in an experiment exploring the e�ect

of negative and positive frames of cooperative messaging on behavior, Cialdini et al. (2006) found that

positive framing of cooperative messaging encouraged people to cooperate. Conversely, negatively-framed

cooperative messaging provided people with a justi�cation for their own bad behavior. Other research

suggests that cooperative frames can back�re when there is no widespread rule adherence, as individuals

might use the cooperative setting to free ride (Tauber, 1972; Olson, 1965).

Framing social comparison as a competition, through status rewards such as medals, can also be powerful.

Online and social media giants like Foursquare, Overstock, Yelp, and Wikipedia all use non-�nancial status

rewards to motivate users. These rewards prime our competitive desire to obtain a higher social rank, and can

serve as a form of personal a�rmation that increases self-e�cacy (Antin and Churchill, 2011). Furthermore,

Garcia et al. (2006) argue that ranking may itself drive competitiveness, �nding that individuals are most

competitive when they or their competitors are highly ranked. They also argue that degree of competition

between rivals �depends on their proximity to a meaningful standard.�16 Therefore, amongst top performers,

rankings and competitive framing may mutually reinforce in a way that motivates positive behavior change.

Meanwhile, we might expect low-performing individuals to change their behavior to avoid �being last,� partic-

ularly if they are close to the margin, due to �last place aversion� (Kuziemko et al., 2014). However, research

on goal-setting and attainment suggests that the use of competition and rank can also be demotivating. For

example, both Beenen et al. (2004) and Harding and Hsiaw (2014) suggest that individuals may do worse if

they feel that their target goals are unachievable. Similarly, Little (2012) �nds that competitive frames can

demotivate individuals if they reinforce patterns of failure.

Overall, there is little consensus on the relative value of cooperative versus competitive framing (Little, 2012;

Qin et al., 1995; Kohn, 1996; Julian and Perry, 1967). While this experiment will not resolve these debates,

it contributes experimental evidence in a speci�c context that can inform further research on the use of

cooperative and competitive frames to motivate behavior change.

2.3 Policy Context

Water use is a serious issue in many parts of California.17 In a statement in April 2014, the Director of

the California Department of Water Resources Mark Corwin said, �We're already seeing farmland fallowed

16Garcia et al. 2006, p. 970
17President Barack Obama declared in a February 2014 visit, �As anybody in this state could tell you, California's living

through some of its driest years in a century. Right now, almost 99 percent of California is drier than normal - and the winter
snowpack that provides much of your water far into the summer is much smaller than normal.� (See Obama (2014))
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and cities scrambling for water supplies. We can hope that conditions improve, but time is running out

and conservation is the only tool we have against nature's whim.�18 The ongoing crisis in California brought

President Barack Obama to the state as well. In public remarks in Los Banos in February 2014, President

Obama stated, �everybody, from farmers to industry to residential areas [... is] going to have to start

rethinking how we approach water for decades to come.�19

This is not a problem unique to California. At present, roughly one billion people worldwide lack access

to safe drinking water. Increasingly, experts warn that this persistent shortage of water resources will

have rami�cations not only for human health and the environment, but for political stability and national

security.20 Based on the notion that small e�orts at reduction can have major impacts, water conservation

e�orts have focused on the overuse of water at the household level. California Governor Jerry Brown has

used this approach to address the current water crisis in the state, saying, �every day this drought goes on

we are going to have to tighten the screws on what people are doing.�21

Some argue that directly restricting water use or raising prices may be the answer, but these two options have

�aws. Government-imposed restrictions on water use may make individuals less enthusiastic about conserving

water, undermining long-run behavior change (Lynne et al., 1995; Watson et al., 1999). Furthermore, a

report by the Pioneer Institute concludes that such programs can also be expensive, especially considering

that empirical evidence regarding their aggregate e�ects is mixed (Olmstead and Stavins, 2007). Price-

based approaches and subsidies are similarly underwhelming. Hunt Allcott argues that they are politically

infeasible, �in practice a large drain on increasingly-limited public funds,� and di�cult to evaluate (Allcott,

2011, 1082). The problem of price inelasticity discussed earlier also means that the impact of price-based

regulation would be limited. This suggests a possible role for behavioral interventions in water conservation

policy.

3 Experiment Overview

3.1 Motivating Literature for Experiment Design

With this �eld experiment, we seek to understand the mechanisms of social information e�ects, and how

framing a�ects behavior change. The basic design features of the experiment draw and build on existing

studies on social information, including in the water conservation context (Petersen et al., 2007; Davis, 2011;

18Thomas and Carlson (2014)
19Obama (2014)
20Community (2012)
21Nagourney and Lovett (2014)
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Allcott, 2011; Ferraro and Price, 2013; Allcott and Rogers, 2014). We extend existing work by framing peer

information using both cooperative and competitive frames in some of our treatment groups. These frames

were chosen to prime di�erent elements of social information, which we argue might in�uence individuals

di�erently. For example, cooperative frames motivate behavior change by inducing norm compliance, whereas

competitive frames motivate behavior change by making an action seem valuable (Fehr and Gintis, 2007; ?).

Additionally, households received multiple mailers in this experiment, which is uncommon in the literature.

Most existing experimental work on water conservation has used single mailers sent to households (Ferraro

et al., 2011; Ferraro and Miranda, 2013). Furthermore, studies that do use multiple mailers in other contexts

tend not to address the e�ect of additional mailers (Karlan and Zinman, 2009; Bertrand et al., 2010). One

exception is Allcott and Rogers (2014), which �nds that households responded to repeated mailer treatments

over two years, with some decay in e�ects when mailers ceased. In this paper, we assess both the short- and

long-term impacts of the treatment during the experimental period.

3.2 Experimental Design

3.2.1 Partners

My research partner for this �eld experiment was a �rm based in California that works directly with public

water utilities to promote more e�cient water use by California homeowners.22 The �rm sends a personalized

mailer, called a Home Water Report (HWR), to households every two months. The HWRs are transmitted

either electronically or through traditional mail, and incorporate messages designed to engage customers and

reduce water use.23 Through the utilities, the �rm tracks water use and customer engagement over time.

The public utility partner in the study was a local water provider that serves a subset of homes in the greater

San Francisco Bay area. The utility provided the water use data for analysis of the experiment's impact.

3.2.2 Subjects

We conducted the �eld experiment in Castro Valley, a town of 60,000 residents in Alameda Country, Cal-

ifornia, roughly 15 miles southeast of Oakland. Subjects in the study were residents of 5,180 single-family

households in the C2A pressure zone in Castro Valley, who receive water through the public utility.24 The

visuals in Appendix 1 show the speci�c location of both Castro Valley and of the C2A pressure zone within

22The �rm will remain anonymous in this paper.
23Approximately 10% of customers receive the Home Water Report by email, with the rest receiving paper mailers.
24A �pressure zone� is a geographical area de�ned by the public utility based on the area's elevation above sea level. A map

of these pressure zones in Castro Valley is visible in the Appendix 1.
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Castro Valley speci�cally. Prior to the start of this experiment, the �rm was already working with roughly

4,000 households in the other pressure zones in Castro Valley. This study speci�cally targeted households

in the C2A pressure zone, who were being added to the existing base of Castro Valley customers. This is

critical - all those receiving mailers in the study received the Home Water Report for the �rst time.

3.2.3 Study Design

The 5,180 households in the experiment were �rst subdivided into 20 �cohorts� based on two categorical

variables: 1) outdoor irrigable area; and 2) the number of occupants in the household. There were four

possible irrigable area sizes for a household (small, medium, large, and extra large), with irrigable area

computed by the �rm using real estate data on lot size and home footprint from DataQuick. There were

�ve possible household occupant �buckets� (1, 2, 3, 4, and 5+). Therefore, with four possible �irrigable area�

values and �ve possible �occupant� values, there were 20 cohorts of households in the experiment. Chart 1

in Appendix 3 outlines the number of households in each of the cohorts.

Every household was then individually assigned a random subset of four households in their cohort, referred

to as their �water group.� Using the cohorts ensured that homes were only paired with homes with roughly the

same water needs. Importantly, a water group was assigned for all households in the experiment, including

those receiving the control mailer. This allowed us to use the control group directly to analyze the e�ects of

ranking, group performance, and other characteristics of the peer comparison. Speci�cally, we can consider

what control households �would have� received as a peer comparison, had they been assigned to receive one.

Finally, once households had been assigned a water group from within their cohort, households were randomly

assigned to one of the four experimental mailer groups in the study - a control mailer group (the �In-Sample

Control� group) and three treatment mailer groups (the �Rank,� �Team,� and �Competitive Rank� treatment

groups). The treatment and control groups are outlined in detail in section 3.2.4. Each of these groups

received up to four Home Water Reports over the course of the experiment, but with di�erent information

in the treatment area, as outlined below.25 This mailer was delivered to each household in the experiment

every two months, by postal mail or email. Households in each experimental group got the same version

of the mailer each time (in other words, a household assigned to the �Rank� treatment group received up

to four �Rank� treatment mailers). A sample HWR is included in Appendix 2, with the �treatment area�

labeled.

25Some homes did not receive all four mailers because of logistical issues or asynchronous timing of water delivery and water
readings.
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A few things are worth noting about this setup. First, each of the households was linked with unique water

use outcomes � each water meter is associated with a single household unit. There is no complication from

shared housing units with a single water bill. Second, all groups discussed so far received the Home Water

Reports, which contained information about water use above and beyond what was randomly assigned to

the treatment area. This information, which included a �WaterScore� driven by overall data on mean water

use in the town, would likely have had an e�ect on water use independent of the experiment treatments.

This is true for both the treatment mailer groups and the control mailer group. While this can be controlled

for in the analysis to some extent, data was also collected from a neighboring town within the public utility's

coverage area to serve as an additional control group (the �Out-of-Sample Control� group). This data enables

us to assess the e�cacy of the mailers compared to the counterfactual of not receiving any mailers. Third,

each individual household's water group was unique - just because household A was assigned a �water group�

consisting of households B, C, D, and E, this did not (and in fact rarely) meant that household A appeared

in B, C, D, or E's water group, due to the randomization at the individual level. Fourth, note that each

household's water group consisted of homes in the same cohort but not necessarily in the same treatment

group. So while the rest of a given household's water group are certain to be in the same �number of

occupants� category and the same �irrigable area� category, the rest of the group was unlikely to be receiving

the same �treatment� as that household.

3.2.4 Treatments and Controls for In-Sample Households

Households in the sample were randomly assigned to receive one of four di�erent mailer versions, which

di�ered in the information displayed in the �Treatment Area� of the mailer, as labeled in Appendix 2. Figure

1 below displays the control and three treatment mailer versions.
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Figure 1: Control and Treatment Mailer Versions

Households assigned to the In-Sample Control group received the standard HWR, with a �Got water ques-

tions?� insert in the treatment area. Note that no information about the water group was transmitted to

households in the In-Sample Control, nor was the household made aware that any comparison water group

had been created.

Households in the Rank treatment group received an HWR with a ranked comparison in the treatment area.

This treatment provided a simple social comparison for informational purposes, with neutral framing.

Households in the Competitive Rank treatment group received an HWR with a competitively-framed ranked

comparison in the treatment area. This treatment provided the same social comparison as in the Rank

treatment, but with a competitive frame (using �Go for the Win!� messaging and a ribbon icon), to assess

the e�ect of priming a competitive instinct to encourage behavior change.

Households in the Team treatment group received an HWR with a cooperatively framed �Team Challenge�

in the treatment area. Note that the Team treatment did not include information on social rank or peer

comparison within the water group, but emphasized the group as a collective (and provided a comparison of

the household's water group with other water groups). As a result, subjects in this treatment did not know

the precise water use of the other homes in their water group, though they would have been able to deduce
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how their personal water use di�ered from that of their team by comparing the team average to their own

usage (available elsewhere in the HWR).

Finally, since the In-Sample Control group shown above received mailers, it was important to have a second

control group in the experiment that was not sent any mailers. For logistical and administrative reasons, it

was not feasible to have this control group in the experimental location itself. Therefore, 2,880 households

from the nearby Dingee pressure zone were used as an �Out-of-Sample Control� group for the experiment.26

3.2.5 Timeline

The experiment began in November 2012. The �rm sent out the �rst mailers at the end of November, using

October 2012 meter reads. The �rm then sent three additional mailers, with the same treatment/control

messaging, in January 2013 (based on December 2012 meter reads), March 2013 (based on February 2013

meter reads), and May 2013 (based on April 2013 meter reads). Households in the experiment that had

meter reads ouside of the four key meter read months (October 2012, December 2012, February 2013, or

April 2013) did not receive a experimental mailer in the month that followed their read.

3.3 Data and Baseline Characteristics

We collected the data for this study from the �rm, who obtained it through their partnership with the

public utility. Two types of data were collected. First, we collected water use data for the households in the

experiment, for the periods before and during the experiment. Second, the �rm provided us with data on

the characteristics of the households in the study, which they obtained both from the public utility and from

independent data sources including DataQuick.

3.3.1 Descriptive Data and Baseline Characteristics

We observed data from all 5,180 experimental households in Castro Valley, of which 4,265 received all four

experimental mailers. Chart 2 in Appendix 3 outlines the number of households in each treatment and

control group, and the number of households in each group that received all four mailers. In addition, we

observed data for 2,880 additional households from the neighboring Dingee area to serve as the Out-of-Sample

Control. Table 1 shows demographic information for both In-Sample and Out-of-Sample households. The

In-Sample households' demographics are presented both broken up by treatment, and overall. Note that

26The Dingee pressure zone (code B5A) spreads across parts of the Berkeley/Piedmont/Oakland area. All homes in Dingee,
with the exception of a small number of homes in the pressure zone that had received mailers as part of a prior �rm pilot, were
used as the Out-of-Sample control group.
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the Out-of-Sample households di�er from the In-Sample households in these measurables, which is expected

since they are in di�erent areas. The Out-of-Sample homes and properties are, on average, slightly larger

and older than the In-Sample homes, and used more water than the In-Sample homes in the 2012 months

prior to the experiment.

3.3.2 Pre-Treatment Water Use Trends

Meter read technicians from the water utility measured water use every two months (the key reads for this

experiment were in December 2012, February 2013, April 2013, and June 2013). Most meters used CCF

units for water use (1 CCF = 100 cubic feet of water = 748 gallons), and the CCF reads were converted

into a �gallons per day� (GPD) measure by the public utility. The mean water use in the In-Sample area (as

well as in the Out-of-Sample Control area) prior to the experiment, measured in GPD, is visible in Table 1.

Additionally, Appendix 4 provides a graphic of the water use trends in the two areas prior to the experiment.

Notice the key role that seasonality plays in water use; water use is higher in the summer than in the winter.

Because of this, we used month �xed e�ects in certain speci�cations to control for seasonal trends.

Note that while mailers were sent on the same date for all households in each mailing cycle, households

did not have meter reads on the same date. As a result, there is some variance in how many days a given

household was treated by a single mailer. For example, some households would have received the mailer in

the week before their next meter read while others received it in the week after their previous meter read.

This is not an uncommon issue, having appeared in similar experiments using read-based mailers, including

Allcott (2011). Successful randomization deals with this issue to some extent, in that there is no correlation

between treatment and meter read cycle, meaning that on average each condition's households was �treated�

by a given mailer cycle for the same fraction of the period post mailing.

3.3.3 Randomization Check

Some recent research questions the need for randomization checks in experiments (Mutz and Pemantle (2011),

for example). However, in this instance randomization checks are warranted for two main reasons. First,

the randomization process itself was conducted by the �rm and not the researcher. Though the �rm has a

track record of experimentation and a strong background in randomization procedures, a check is needed to

ensure that there was no systematic error in randomization. Second, some households were dropped after

randomization but prior to study implementation. In particular, 355 households did not receive a mailer

despite being assigned to one of the treatment or control groups, for logistical reasons (the subject moved

from the property, the address was not veri�ed, etc.).
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To test the balance of the samples on these observed demographic characteristics, we run a regression of

the various demographic characteristics (written as yi below) on dummy variables for the three treatment

groups (written as Tm with m ranging from 1-3 for the three treatment groups, below), omitting the In-

Sample Control. We also compute f-test statistics to determine joint signi�cance. The econometric model is

as follows:

yi = β0+
∑3

m=1 βm(Tm)i + ε

Table 2 presents the results from these regressions. Note that none of the f-statistics and associated p-values

suggest joint signi�cance for the coe�cients, suggesting that randomization resulted in balanced treatment

and control groups.

3.3.4 Handling Outliers

The primary outcome measure in a given water read cycle, GPD, had occasional extreme values. We remove

outliers from the analysis on both the high and low ends. First, households occasionally register a GPD of

zero for a given read period. This is generally because household members are either not at home during

the read period, or because their water use is so low that it fails to register on the water meter. In all

household water use data (8,060 households, including the 2,880 Out-of-Sample Control households), only

135 households had a zero GPD reading for at least one meter read period after October 2011 (the relevant

period for the di�erence-in-di�erences analysis used in this paper), and 90 households in the In-Sample area

had at least one zero reading during the experimental period (December 2012 - June 2013). To prevent

these low values from in�uencing the results, we conduct our analyses without these zero GPD observations,

depending on the periods being analyzed in a given speci�cation.27

Second, there were a few meter reads that were far above normal values. One observation in particular was

dramatically in excess of normal levels (over 120,000 GPD for a single household read - the median value

of mean household water use in 2011 was 193.68 GPD). The utility identi�ed these high reads as meter

malfunctions or abnormalities. To deal with such outliers on the upper tail of the distribution, we use 5,000

GPD as a cuto� for a single meter read to de�ne excluded outliers. In total, three households in the data

had a read in excess of 5,000 GPD in a read period after October 2011, and two households had a read above

this threshold during the experimental period.

27For any analysis that used only post-experiment, In-Sample group data (means comparisons across In-Sample groups and
the place e�ects analysis, for example), only those GPD reads of zero after the experiment was initiated were excluded. However,
for di�erence-in-di�erences analysis using both In-Sample and Out-of-Sample data from the year prior to treatment as a �pre�
period, any household with a zero GPD reading in any single read after October 2011 was excluded.
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4 Empirical Methods

In this experiment, subjects received multiple treatment mailers. The information in the treatment area

of the mailers di�ered by treatment group, as did the information displayed in the non-treatment sections

of the mailers. As a result, we must use a variety of econometric methods to analyze the experiment and

its e�ects. Also, the distinction between the In-Sample and Out-of-Sample Control groups is important, as

comparisons between the treatments and the two control groups require di�erent interpretations. In this

section, we outline the econometric strategies used for answering di�erent research questions in the data.

4.1 Average Treatment E�ects: Di�erence-in-Di�erences, Matching, and Re-

gression

We estimate the average treatment e�ect in three ways. First, we use the Out-of-Sample Control group to

determine overall mailer e�ects in the short and long run, using a di�erence-in-di�erences approach. Second,

we test the robustness of the di�erence-in-di�erences results using nearest-neighbor matching. Finally, to

assess the impact of the di�erent treatment mailer versions on household water use behavior, we use regres-

sions that compare means across treatments while controlling for relevant variables, then disaggregate the

analysis using past water use.

4.1.1 Di�erence-in-Di�erences (In-Sample vs. Out-of-Sample)

The �rst question we seek to address is whether the HWR mailers, including the control mailer, in�uenced

water use. To do this, we use a neighboring pressure zone as an Out-of-Sample control and perform two

types of analysis. First, we use a di�erence-in-di�erences approach.28 The �parallel trends� assumption

needed for di�erence-in-di�erences analysis seems credible given the data from the pre-treatment period.

The pre-experiment mean water use in the two areas is visible in Appendices 4 and 5, which provide visuals

to justify the parallel trends assumptions.

As the image in Appendix 4 shows, one concern may be that the gap in mean water use between the In-

Sample and Out-of-Sample areas was larger in the summer than in the winter. Therefore, when using the

di�erence-in-di�erences approach, we looked at the matching month or months for each household in the

year before and the year after the treatment to control for the seasonal water use di�erences between the

areas. We �rst restrict the analysis to the �rst meter read after the initial mailer (December 2012) to the

28This is necessary because the Out-of-Sample and In-Sample areas di�er in observable characteristics and water use patterns.

17



read from the same month a year prior to treatment (December 2011). Using this approach enables us to

handle di�erential seasonality and attain something closer to the requisite �parallel trends,� as is visible in

chart (A) in Appendix 5. The econometric speci�cation is as follows:

GPDi = β0+[
∑4

m=1 βm(Tm)i ∗ (Post)] + [
∑8

m=5 βm(Tm)i] + β9(Post) + ε

In this speci�cation, �Post� is a dummy variable for whether or not the reading was from December 2012. The

β1,β2,β3, and β4 coe�cients serve as di�erence-in-di�erence estimators of the causal impact of the mailers

on water use. Note there are four treatment dummies here (In-Sample Control, Rank, Competitive Rank,

and Team), with the Out-of-Sample Control the omitted group. Furthermore, no household characteristic

controls are used, as these variables did not vary within a household over time in the data.

We then repeat this approach using the mean water use in each household in all relevant pre- and post-

experiment periods.29 Speci�cally, we use the mean household water consumption in the December 2012,

February 2013, April 2013, and June 2013 meter reads as the post-experiment water use outcome. We then

collect data on the water use of these households in the matching months pre-experiment (from the December

2011, February 2012, April 2012, and June 2012 reads), and compute a mean for each household in the four

pre-experiment reads. By doing this, we obtain a pre- and post-experiment mean that aggregates multiple

meter reads.30 We then run the above regression speci�cation for a di�erence-in-di�erences estimator using

the overall mean water use, to approximate an overall e�ect of the mailers. This approach helps us deal

with the seasonality issue across the treated and control areas, and strengthens the justi�cation for the

parallel trends assumption (as visible for this speci�cation in chart (B) in Appendix 5). Furthermore,

it acknowledges the inherent issues with serial correlation in di�erence-in-di�erences estimators raised by

Bertrand et al. (2004), improving our faith in the standard errors of our estimates.31

4.1.2 Matching Estimators (In-Sample vs. Out-of-Sample)

To check the robustness of the above di�erence-in-di�erences results, we compute average treatment e�ects

using a matching framework. Speci�cally, we use nearest-neighbor matching to match individual households

in the In-Sample area (who all received mailers) to households in the Out-of-Sample area (who did not

receive mailers). The matching is based on the water use of the households in the four water reads prior to

29Recall that most households received all four treatment mailers.
30When all four reads were not available either pre- or post- experiment for a given household, the mean for any matching

pre/post months that were available was used instead.
31The authors write, in reference to the serial correlation problem in many di�erence-in-di�erences estimation, �collapsing

the data into pre- and post-periods produce consistent standard errors, even when the number of states is small.� (see Bertrand
et al. (2004))
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the experiment, and three household characteristics that are plausibly linked to water use (home size, lot

size, and exact matching to the number of occupants in the home). The outcome variables in this analysis

are water use in the �rst period after mailer initiation (to estimate the short-run e�ect) and mean water use

over the four periods following mailer initiation (to estimate the long-run e�ect).32 When appropriate, these

matching estimators use the bias adjustment procedure outlined in Abadie and Imbens (2002) and Abadie

et al. (2004), which adjusts for di�erences in matches in �nite samples. Also, both Euclidian distance and

Mahalanobis distance are used as matching metrics, though in the paper we present the matching results

using Mahalanobis distance only.33

4.1.3 Regression for Means Comparison (In-Sample)

To determine whether mailer version in�uenced water conservation behavior, we use regressions that compare

mean water use across mailers after the initiation of the treatment, in two ways. First, we compare mean

water use in the �rst period (from the meter read following receipt of the the �rst mailer) across treatment

groups. Second, to provide an estimate of the long-run di�erences in water use across treatment mailers, we

compare mean water use for all post-treatment periods across conditions.

The econometric speci�cation for this comparison is a regression of water use by the household (measured in

gallons per day) in the relevant periods on dummy variables for the three treatments, and is visible below:

GPDi = β0+
∑3

m=1 βm(Tm)i + ε

We also run these regressions with controls for home characteristics (lot size, home square footage, and the

number of bathrooms, bundled below as %i). This speci�cation is shown below:

GPDi = β0+
∑3

m=1 βm(Tm)i + %i + ε

Importantly, we disaggregate the analyses to determine whether the average treatment e�ect di�ers across

conditions based on past water use. Speci�cally, we classify households as being �low� or �high� water users

using data on water use in the pre-experiment reads in 2012. Low-use households are de�ned as those in

the bottom third of water use within each irrigable area category, and high-use households are de�ned as

those in the top third within each irrigable area category. By assessing water use within the irrigable area

32For this analysis, homes for whom one or more meter reads in the four pre and post periods was missing were excluded.
This reduced the number of households in the analysis from 4,908 to 4,109 for the various in-sample treatment households, and
from 1,668 to 1,426 for the out-of-sample control households.

33The match results based on Euclidian distance show similar e�ects, and will be made available through the online appendix.
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classi�cations, we are able to control for the di�erences in water needs based on property size, which allows

for large homes with e�cient residents to still be classi�ed as �low� users.

This diversity of approaches helps us address theories about the di�erential e�ect of framing on household

response to peer information, capturing heterogeneities in treatment e�ects that a simple average treatment

e�ect will miss. The critical speci�cations center on identifying if certain mailer versions were more or less

e�ective for households with �high� or �low� water use, pre-experiment. This allows us to test the hypotheses

around potential �boomerang� or �what-the-hell� e�ects in social comparison messaging.

4.2 Ranking E�ects

In the Rank and Competitive Rank treatments, which both displayed social rank information relative to

four peers, each possible rank position can be viewed as a distinct treatment. In other words, a ��rst place�

Competitive Rank mailer may enduce a di�erent response than a �last place� Competitive Rank mailer. This

feature of the experimental setup allows us to explore and test theories about social rank and its in�uence

on behavioral response. We do this using two di�erent econometric strategies.

4.2.1 Restrict Focus to Last/First Place Mailers Only

First, we treat each mailer and the household's water use in the ensuing period as a distinct treatment/outcome

pair. This requires a model of behavioral response whereby a household's behavior in the period following

a mailer is a direct response to the content of that mailer and is independent of the content of previous

mailers. From the perspective of maintaining randomization, this is not an issue with the �rst mailer and

subsequent behavior. However, since we use multiple mailers per household in the analysis, this does threaten

our identi�cation by moving away from pure randomization. This is because the content of previous mailers

may have in�uenced household response to subsequent mailers.

There are precedents for this approach to assessing the impact of multiple treatments in existing research. For

example, Doherty and Adler (2014) argue that mailer e�ects in a political campaign context are short-lived.

The authors suggest that individual level responses can be considered in the period immediately following

a given mailer, as timing may be more important to outcomes than mailer quantity. Additionally, Allcott

and Rogers (2014) �nd evidence of cycles of signi�cant backsliding in the weeks immediately following social

information mailer receipt, using data from Opower's Home Energy Reports. A similar sort of backsliding

here could lead to near-total decay of mailer e�ects by the end of a single period post-mailer.
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One could also justify this approach, as Bertrand et al. (2010) do, using the behavioral concepts of �System

I� and �System II� thinking (Stanovich and West, 2000). That is, the receipt of a given mailer (and the social

information contained in the mailer) can have two e�ects. First, in the short run it can cause an intuitive,

System I response in the household, whereby the speci�c information in the mailer has an immediate e�ect

on behavior. Second, in the long run they may invoke a System II impact, whereby the mailer causes

deliberative changes in behavior (such as replacing household �xtures). It is plausible that in our data, the

short-run, System I response would be more visible than the long-run, System II impacts of any previous

mailers.

While we feel this analytical technique is justi�able in this case, we attempt to control for potential biases

from repeat mailer exposure by using �xed e�ects for the number of mailers seen prior to the read in question.

These controls do not signi�cantly change our results. We feel this justi�es our identi�cation assumption

that the impact of a given mailer on behavior is primarily restricted to the period immediately following

that mailer's receipt, and is independent of prior messaging.

To assess the rank e�ects econometrically, we look at all mailer/outcome pairs for households that �nished

in �last place� in that speci�c mailer, and regress household water use on the treatments. We only do this

for the In-Sample Control, Rank, and Competitive Rank treatments, as the Team treatment does not have

any visible ranking. Note that households in the In-Sample Control group are assigned to water groups,

but information about their group is never displayed to them. Consequently, �last place� homes in the two

treatment groups can be compared to would-be �last place� homes in the In-Sample Control group. The

In-Sample Control group is the omitted group in the regression, leaving regression coe�cients that represent

treatment e�ects of Rank and Competitive Rank mailers for �last place� homes. We then repeat this analysis

for ��rst place� households. Since there are multiple observations for each household in the sample in this

analysis, we cluster standard errors at the household level. The speci�cation is shown below.

GPDijk = β0 + β1(TRank)i + β2(TCompRank)i + β3(MailerGPDijk) + %i + δj + γijk + ρk + εijk

Note that the speci�cation includes controls for household water use displayed (in gallons per day) in the

mailer (MailerGPDijk), household demographics (lot size, home size, and bathrooms, captured by%i), month

�xed e�ects (δj), WaterScore �xed e�ects (γijk), and �xed e�ects for the number of mailers seen prior to the

observation mailer (ρk).
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4.2.2 Rank E�ects Amongst Middle Third of Water Users

A second approach to evaluating rank e�ects is to restrict attention to homes in the middle third of water

users pre-experiment, whose water use was around the mean given their irrigable area. Due to the random

assignment of water groups, some of these households had a water group composed of relatively low or high

water users. Therefore, there is variation in rank position amongst these homes that is not a function of

their actual water use behavior. We exploit this variation and run the following speci�cation, which uses

data from all mailers received by individuals in the middle third of water use and includes interaction e�ects

for rank position (1st, 2nd, 3rd, 4th, or 5th) and treatment (Control, Rank, Competitive Rank):

GPDijk = β0 + [
∑3

m=1(
∑5

n=1 βm,n(Positionn)ijk ∗ (Tm)i)] + β15(MailerGPDijk) + %i + δj + γijk + ρk + ε

The 14 interaction terms will reveal whether or not there is a di�erential impact of rank position based on

mailer version, which will help us identify any evidence for a �last place e�ect� or ��rst place e�ect� in the

Rank and Competitive Rank treatments (note that all In-Sample Control households are unaware of their

social rank position and therefore serve as an e�ective control group). Again, this speci�cation controls

for household water use displayed in the mailer (MailerGPDijk), lot size, home size, and bathrooms (%i),

month �xed e�ects (δj), WaterScore �xed e�ects (γijk), and �xed e�ects for the number of mailers seen prior

to the observation mailer (ρk). Standard errors are again clustered at the household level.

5 Results

5.1 Overall Mailer E�ects: Di�erence-in-Di�erences and Matching

We begin by using the Out-of-Sample Control group to assess the impact of the four experimental mailers

(the In-Sample Control, Rank, Team, or Competitive Rank treatments) on water use. The short-run results,

which focus on the read following the �rst mailer (December 2012) compared to the same month in the

previous year, suggest that the experimental mailers did not have a signi�cant e�ect on water use in the

short run. These results are visible in Table 3, in both linear and log forms, and in the tables below. We

also compute matching estimators as described in section 4.1.2. The matching results suggest a greater

short-run decrease in water use than the di�erence-in-di�erences estimators (particularly when matching

was done using only one match). However, when we use four matches instead of one, the e�ect sizes are

smaller. Taken together, we conclude from these results that the mailers had minimal impact in the short run.
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For convenience, we present the short-run ATE estimates from the di�erence-in-di�erences and matching

analyses, in both level and log form, in Figure 2 below.

Figure 2: Short-Run ATE Estimates (for the �rst period post-mailer initiation, December 2012)

Di�erence-in-

Di�erences

Matching (1

match)

Matching (4 matches,

bias adjusted)

In-Sample Control Mailer 1.65 GPD

(0.81%)

-21.52 GPD ***

(-6.09%) ***

-8.49 GPD *

(1.41%)

�Rank� Mailer 4.24 GPD

(1.36%)

-19.84 GPD ***

(-4.80%) **

-7.41 GPD *

(1.55%)

�Team� Mailer 4.26 GPD

(0.24%)

-21.22 GPD ***

(-6.38%) ***

-6.92 GPD

(1.60%)

�Competitive Rank� Mailer 2.11 GPD

(0.41%)

-22.62 GPD ***

(-6.46%) ***

-15.45 GPD ***

(-0.55%)

The results for the entire experimental period, however, suggest that the di�erent mailers reduced water use

by 13-17 gallons per day, or around 3%. The reduction in water use in the linear regression was statistically

signi�cant at the 95% level for the In-Sample Control (16.17 GPD) and Rank (16.28 GPD) mailers, and at

the 90% level for the Team mailer (14.62 GPD) and the Competitive Rank mailer (13.44 GPD). However,

none of the log speci�cations are signi�cant (though the estimates are all in the 3-5% range). Table 4

shows these results. To verify the di�erence-in-di�erences estimates, we compute average treatment e�ects

using matching as described in section 4.1.2. We present the overall ATE estimates from the di�erence-in-

di�erences and matching analyses, in both level and log forms, in Figure 3 below.
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Figure 3: Overall ATE Estimates (Estimates for all post-mailer initiation reads, December 2012-June 2013)

Di�erence-in-

Di�erences

Matching (1

match)

Matching (4 matches,

bias adjusted)

In-Sample Control Mailer -16.17 GPD **

(-3.36%)

-27.87 GPD ***

(-7.84%) ***

-12.09 GPD ***

(0.58%)

�Rank� Mailer -16.28 GPD **

(-3.35%)

-31.48 GPD ***

(-8.08%) ***

-17.87 GPD ***

(-0.66%)

�Team� Mailer -14.62 GPD *

(-4.59%)

-23.61 GPD ***

(-6.00%) ***

-9.83 GPD ***

(1.61%)

�Competitive Rank� Mailer -13.44 GPD *

(-3.23%)

-24.14 GPD ***

(-6.70%) ***

-9.56 GPD ***

(1.03%)

These results suggest that the initial mailer with social information failed to spur signi�cant behavior change

in the short run, but over time the mailers did in�uence behavior. It is possible that the e�ects observed

here are artifacts of a breakdown in the parallel trends assumption underlying the analysis. However, given

the past data on the trends in water use in the In-Sample and Out-of-Sample areas and our approach of

aggregating means in the pre- and post-periods, we are relatively con�dent that the observed patterns capture

genuine conservation e�orts on the aggregate in response to the initial mailers.

The most interesting result here is that the Competitive Rank mailer was the least e�ective across speci�ca-

tions. This hints at possible underlying di�erences in how individuals responded to the mailers, particularly

the Competitive Rank mailer. We explore explanations for these di�erential impacts in the next section.

5.2 Across Mailer Di�erences: Means Comparisons with Regression

Having found evidence that the mailers do in�uence behavior, we now set aside the Out-of-Sample Control,

and look only at the households that did receive mailers, to explore di�erences in behavioral response across

mailer versions.

5.2.1 Aggregate Means Comparison Regressions

Tables 5 and 6, along with the visuals in Appendix 6, present the results of the regressions of water usage

on treatments for all in-sample groups. The goal of this analysis is to estimate the average treatment e�ect

of each version of the mailer relative to the control mailer, which featured no social information except for
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the �WaterScore� on the left hand side of the mailer. Table 5 presents regressions using water use in the �rst

period following experiment initiation as the outcome variable, and Table 6 presents the regressions using

mean water use in all periods following experiment initiation as the outcome variable. Appendix 6 provides

charts displaying the average treatment e�ect estimates from these analyses.

The results show no strong evidence of a di�erential impact across mailers in the short run or overall. The

only statistically signi�cant result (at the 90% level) is that the Competitive Rank mailer performed worst,

increasing water use by 8.19 GPD relative to the control mailer overall (Table 6, model (2)). The similarity

in e�ect across mailer versions is not surprising, since this analysis treats receipt of any version of a given

mailer as part of the same treatment, whether or not you performed well or poorly in the displayed peer

comparison. In other words, a household receiving a Competitive Rank mailer and �nding themselves in

��rst place� in the ranking is, in this analysis, grouped with a household receiving a Competitive Rank mailer

and �nding themselves in �last place.� It is likely that these two types of households will have very di�erent

responses to the Competitive Rank mailer. More analysis is therefore needed (and follows in section 5.3).

However, this is still a signi�cant result from a policy perspective. No mailer version is inherently better than

the other, in terms of its average e�ects. This suggests that a policymaker seeking to make a blanket decision

on which form of messaging to use in a water mailer across a large population cannot expect one type of

messaging to work better. Instead, a targeted approach that considers disaggregated treatment e�ects may

prove most e�ective in reducing overall water consumption.

5.2.2 Disaggregation by Past Water Use

We next repeat the analysis, but disaggregate based on a key, visible covariate - past water use. By doing

so we can determine if certain mailer versions were more e�ective for households with high or low water use

habits.34 Tables 7-14 show the output from these regressions, while Appendices 7A, 7B, 8A, and 8B provide

visuals, as noted below.

The results suggest that the Rank treatment increases water use amongst households with low water use

prior to the experiment, relative to the control mailer. The e�ect is mostly from the impact of the mailers

in the �rst post-mailer period, where the Rank treatment increased water use by 12.02 GPD relative to the

control mailer, statistically signi�cant at the 95% level (Table 7, model 3, and Appendix 7A, chart (i)). It

is instructive to compare the Rank and Competitive Rank mailers directly as well, since the only di�erence

between these mailer versions was the framing around social rank information. When compared directly with

34�High�/�low� users were de�ned as being in the top/bottom third of water users within their irrigable area category in the
pre-experiment period in 2012. See section 4.1.3 for more.
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the Rank mailer, the Competitive Rank mailer is associated with 14.22 GPD lower household water use in the

�rst period - 10.3% less than the Rank mailer (Table 8, models 2 and 4, and Appendix 7A, chart (ii)). When

looking at the mean water use during all periods following the initiation of the experiment, however, the

detrimental e�ect of the Rank mailer relative to the control mailer is smaller and not statistically signi�cant

(3.85 gallons per day more than the control, around 3.0% higher water use when a log-level regression is

used, visible in Table 9, models 2 and 4, and Appendix 7B, chart (i)). However, the di�erence between the

Rank and Competitive Rank mailers remains signi�cant at the 90% level, with the Competitive Rank mailer

associated with 7.15 GPD lower household water use than the Rank mailer over the entire experimental

period (visible in Table 10, model 2, and Appendix 7B, chart (ii)).

This is a notable result - there is evidence of a �boomerang e�ect� for low-water-use households from rank

information, but one that is counteracted by a competitive frame. Note that this e�ect comes solely from the

peer comparison, and not the other social information on the mailer, which is controlled for in the regression.

One possible explanation for this �nding is that the Rank treatment's neutral messaging does not provide

su�cient incentive for e�cient households to continue conservation e�orts. The Competitive Rank treatment

mailer provided peer comparison and social rank as well, but did so with an added competitive motivation,

which arguably prevents the boomerang e�ect observed for households receiving the Rank mailer.

Meanwhile for households with high levels of water use pre-treatment, the treatment e�ects are di�erent,

and less statistically compelling. As Tables 11 and 12 demonstrate, the mailers were similarly e�ective in the

short run. While the Team treatment performed slightly worse than the other two treatments, this di�erence

was not statistically signi�cant (Table 11, models 3 and 6, and Appendix 8A, chart (i)). When we look at

the mean water use in all periods following the �rst mailer, in Tables 13 and 14, we see that the Competitive

Rank mailer performs worse than the other mailers, increasing mean water use by 13.28 GPD relative to

control mailer (Table 13, model 2, and Appendix 8B, chart (i)) and by 15.89 GPD relative to the Rank

mailer (Table 14, model 2, and Appendix 8B, chart (ii)). The second result is statistically signi�cant at

the 10% level, and equates to roughly 4.0% higher water use than the Rank mailer when using the log-level

speci�cation (Table 14, model 4).

This is suggestive of a competitive framing e�ect for high water use households that is the exact opposite

of that for low water use households - while competitive framing of rank information had a positive e�ect

on low water use households (preventing a boomerang e�ect), it seemed to increase water use in high water

use households. This could be because it is demotivating to perform poorly in a competitive comparison

with your peers. Note that the higher water use relative to the control group was not observed in the Rank

treatment (Table 13, model 2) - the competitive framing seems to be the key element.
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5.3 Ranking E�ects

In assessing the e�ect of speci�c rankings, we focus on �rst and last place in particular. We begin by

restricting analysis to the following mailers and subsequent outcomes: 1) households receiving �rst/last

place rank messaging in the Rank and Competitive Rank treatments; and 2) households receiving the Control

mailer who �would have� ranked in �rst/last had they been shown a displayed rank. We use regressions to

estimate the e�ect of displayed ��rst� and �last� place messaging on behavior following mailer receipt using

data from all experimental mailers, and we cluster standard errors at the household level. The full results

on ranking e�ects are in Tables 15 and 16.

The main result in this analysis is the existence of a persistent and strong �last place e�ect� for households

in the Competitive Rank treatment (Table 15). Speci�cally, households ranked last in the Competitive Rank

treatment show higher post-mailer water use than households in the In-Sample Control who would have been

in last place had they seen their position (17.85 GPD more water use than the In-Sample Control mailer,

visible in Table 15, model 4). This e�ect is also signi�cant in comparison to the last-placed individuals in

the Rank treatment.35

The results suggest that priming a sense of competition makes social rank information demotivating for

people who perform worst in the displayed rank. This is especially interesting because the Competitive

Rank treatment does not seek to prime negative thoughts about poor performance in the household - it

actually encourages a last place household to improve in an e�ort to attain 4th place.

The evidence for a comparable ��rst place e�ect� is not as compelling. As model 4 in Table 16 shows, the

visible ��rst place e�ect� in a simple speci�cation without controls disappears with the inclusion of controls.

For robustness, we use the second approach outlined in 4.2.2, restricting analysis to only those homes in

the middle third of water users. We estimate the e�ect of rank here by interacting treatment and rank to

determine if there was a di�erential response to rank position by treatment. Table 17 presents the results

of this regression, and Appendix 9 provides a visual depiction of the coe�cients on the interaction terms by

treatment and position (because it was necessary to omit a coe�cient, Control households in 3rd position

were omitted to generate the images). While not statistically signi�cant, the clear message from this analysis

is that the Rank and Competitive Rank treatments seem to consistently drive up water use for households

in last place.

When these results are coupled with the earlier results showing that the Competitive Rank mailer performed

worst on aggregate, a clear story emerges. The competitive framing discourages high water users, particularly

35The Rank treatment seems to cause a smaller �last place e�ect� of its own relative to the control when a log-level speci�cation
is used, however.
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those individuals who �nd themselves in �last place� in a displayed rank. These individuals perform worse

than they would have had they not seen the rank information. Simultaneously, the competitive frame has a

smaller positive impact on low water users. However, the detrimental e�ects of the competitive frame (on

the high water users) outweigh any positive impacts (on the low water users), meaning that on aggregate

the Competitive Rank mailer performs worst of all mailer versions used.

6 Discussion and Conclusions

Our experiment provides insights on some important underlying drivers of behavioral response to social

information and peer comparison. First, the experiment replicates existing work on social information by

showing that mailers using this information can reduce water use (by roughly 13-17 gallons per day in this

study). Overall, the experiment �nds that the di�erent frames used in the mailers (neutral, competitive, and

cooperative) had minimally di�erent e�ects on water use, with the competitively-framed mailer performing

marginally worse. However, this aggregate comparison of mailers masks more interesting results on the

underlying mechanisms of rank and response.

The most robust results come from the disaggregated analysis of treatment e�ects, and the analysis of speci�c

rank e�ects. The analysis shows that the display of a neutrally-framed peer comparison with four similar

homes caused a �boomerang e�ect� in water-e�cient households, increasing the households' water use relative

to the control. Interestingly, this boomerang e�ect was eliminated by the inclusion of a competitive frame.

This result was bolstered by weak evidence that receiving a ��rst place� ranking in a competitively-framed

mailer led to greater water conservation for a household. Though this ��rst place� result was not statistically

signi�cant, the results together are supportive of a conclusion that high acheivers thrive (or, at least, do not

struggle) in competitive settings, and may need competition to avoid boomerang e�ects from explicit rank

information.

However, the competitive framing of rank information had large demotivational e�ects on water-ine�cient

households. These households responded poorly to the competitively-framed rank information, more than

o�setting the bene�cial e�ects of the competitive framing on high achievers. Furthermore, it appears that

rank e�ects play a signi�cant role here as well. The results show that households who �nish in �last place�

in a competitively-framed rank comparison were demotivated, and increased their water use relative to both

the control and the neutrally-framed rank information. Interestingly, this implies that this demotivation

e�ect is primarily driven by the competitive frame (rather than by the low ranking).
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These results have direct implications for the competing theories related to rank and response. This exper-

iment �nds that in competitive settings, the theories on motivation and self-e�cacy seem more consistent

with observed behavior, with top performers holding steady while poor performers worsen. This supports

the existence of a �what-the-hell e�ect� (Polivy and Herman, 1985), and also is consistent with the opposi-

tional reactions to peer information found by Beshears et al. (2014) in the savings context. Furthermore, the

�nding that rank information o�sets the boomerang e�ect for top performers is consistent with Garcia et al.

(2006). However, without the competitive frame, simple rank information seems to encourage a behavioral

response that is more in line with social norms and social comparison theories, with �boomerang e�ects� for

top performers the clearest result. This provides some structure to existing theories on rank and response,

and suggests that the framing of peer comparisons and social rank is key to their success or failure.

The implication of these �ndings for public policymakers and �nudgers� seeking to promote conservation

behavior is mixed. On the one hand, there seem to be bene�ts from social information overall. The mailers

did in�uence behavior on the aggregate. However, the experiment also reveals some potential pitfalls of

social information, namely that it can demotivate poor performers in a way that has detrimental e�ects on

their water use. This leads to important follow up questions. What types of social information are best

to motivate those who are performing poorly? Why does a competitive frame prevent backsliding for top

performers and to what extent is this context-dependent? Further research is needed to better understand

the observed e�ects and what forms of social messaging are needed to negate those e�ects.

On the whole, experiments of this form o�er a compelling way to develop public policy for water conservation.

Exploring messaging and developing innovative ways to convey information to individuals and households

can increase the salience of water use, cost, and environmental impact, and lead to changes in aggregate

water use outcomes. Follow up research could extend this work in a number of ways. First, the �last place

e�ect� outlined here could be tested in a randomized setting with a larger sample size. Second, studies could

explore increasing the salience of water cost and how to frame messaging around water bills to increase

its signi�cance to households. Third, future research needs to explore how low-cost messaging can be used

to promote major household behavior change. In some ways, water conservation su�ers from an �energy

paradox� as outlined in Ja�e and Stavins (1994).36 That is, undertaking repairs that reduce water use

may have signi�cant long-run �nancial bene�ts for households, but the upfront cost and mental e�ort may

prevent households from pursuing them. While behavioral nudges using social information might provide

cost-e�ective and environmentally-signi�cant savings, further work should explore the use of behavioral

36Note: Allcott and Taubinsky extended this �energy paradox� into electricity conservation as the �lightbulb paradox� in
Allcott and Taubinsky (2014).
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science to in�uence household decision making on the big changes, like the replacement of water-hungry

appliances, which could reduce water use signi�cantly in the long run.
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Appendix 1

i. Experiment Location

ii. Pressure Zones

37



Appendix 2

38



Appendix 3

Chart 1:

1 Occupant 2 Occupants 3 Occupants 4 Occupants 5+ Occupants

Small 350 867 1,381 577 255

Medium 131 264 605 324 131

Large 21 31 81 36 16

Extra Large 12 22 37 17 13

Chart 2:

Number of Households (total) Number of Households receiving

all four treatment mailers

Control Group 1,308 1,091

Treatment #1: Rank 1,288 1,050

Treatment #2: Team 1,284 1,056

Treatment #3: Competitive

Rank

1,300 1,068

39



Appendix 4
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Appendix 5

Chart (A)

Chart (B)
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Appendix 6: Average Treatment E�ects (Treatment Mailers Relative to the Control Mailer)

A) First Post-Mailer-Initiation Period Only (Dec. 2012) - Standard Error Marked

B) Mean of all Post-Experiment Periods - Standard Error Marked
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Appendix 7A: Average Treatment E�ects (Treatment Mailers Relative to the

Control Mailer) - Low Water Users

First Post-Mailer-Initiation Period Only (Dec. 2012)

i. All Treatments - Standard Error Marked

ii. Competitive Rank and Rank Treatments Only - Standard Error Marked
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Appendix 7B: Average Treatment E�ects (Treatment Mailers Relative to the

Control Mailer) - Low Water Users

All Post-Experiment Periods (Mean Gallons Per Day)

i. All Treatments - Standard Error Marked

ii. Competitive Rank and Rank Treatments Only - Standard Error Marked
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Appendix 8A: Average Treatment E�ects (Treatment Mailers Relative to the

Control Mailer) - High Water Users

First Post-Mailer-Initiation Period Only (December 2012)

i. All Treatments - Standard Error Marked

ii. Competitive Rank and Rank Treatments Only - Standard Error Marked
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Appendix 8B: Average Treatment E�ects (Treatment Mailers Relative to the

Control Mailer) - High Water Users

Mean of all Post-Experiment Periods

i. All Treatments - Standard Error Marked

ii. Competitive Rank and Rank Treatments Only - Standard Error Marked
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Appendix 9: Coe�cients from Interactions of Treatment and Rank Position

(Table 17)

Middle-Third (Pre-Experiment) of Water Users Only; Control 3rd Place Omitted; Clustered

Standard Errors Marked with Bars

i. Control

ii. Rank

iii. Competitive Rank
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Table 1: Demographic Variables by Treatment Group

Control Mailer Rank Mailer Team Mailer Comp. Rank Mailer Out-of-Sample Control

Home Size (sqft.) 1650.5 1627.5 1628.0 1622.2 1976.2
(561.7) (533.4) (544.0) (538.3) (932.2)

Lot Size (sqft.) 7503.7 7320.8 7657.0 7376.4 8655.2
(4390.9) (3615.7) (4821.9) (5175.4) (9397.3)

Year Home Built 1958.0 1957.5 1957.4 1957.4 1954.3
(13.81) (13.46) (13.24) (13.05) (27.71)

Number of Bedrooms 3.129 3.110 3.160 3.109 3.181
(0.725) (0.735) (0.759) (0.757) (0.968)

Number of Bathrooms 2.071 2.055 2.049 2.022 2.311
(0.827) (0.859) (0.832) (0.833) (1.066)

Mean Water Use (Pre-Exp 2012) 229.7 231.0 230.5 236.1 304.0
(129.6) (136.9) (141.3) (136.9) (264.5)

N 1308 1288 1284 1300 2880

Means, with standard deviations in parentheses
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Table 2: Randomization Checks

(1) (2) (3) (4) (5) (6)
Home Size Lot Size Year Built Bedrooms Bathrooms Pre-Treat Mean Water Use

Rank -25.26 -203.9 -0.565 -0.0185 -0.0147 0.859
(23.04) (169.4) (0.575) (0.0309) (0.0354) (5.264)

CompetitiveRank -29.98 -120.7 -0.651 -0.0172 -0.0475 5.912
(23.09) (202.6) (0.564) (0.0312) (0.0346) (5.253)

Team -19.68 163.6 -0.564 0.0352 -0.0135 0.853
(23.36) (196.3) (0.572) (0.0315) (0.0349) (5.374)

Observations 4485 4485 4485 4445 4518 5090
R2 0.000 0.001 0.000 0.001 0.000 0.000

Standard errors in parentheses

This table presents the regressions of various household characteristics on dummies for the three treatment groups (Rank, Competitive

Rank, and Team), as a randomization check using in-sample data.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 3: Di�erence-in-Di�erences: Dec 2011 (Pre-Treat) vs. Dec 2012 (Post-Treat)

(1) (2)
GPD Log GPD

Control*Post 1.650 0.00808
(8.539) (0.0355)

Rank*Post 4.237 0.0136
(8.567) (0.0357)

Team*Post 4.261 0.00241
(8.823) (0.0352)

CompRank*Post 2.107 0.00407
(8.514) (0.0353)

Control -50.20∗∗∗ -0.207∗∗∗

(6.004) (0.0251)

Rank -52.49∗∗∗ -0.216∗∗∗

(5.940) (0.0251)

Team -51.70∗∗∗ -0.204∗∗∗

(5.873) (0.0247)

CompRank -48.53∗∗∗ -0.190∗∗∗

(5.907) (0.0249)

Post -17.41∗∗ -0.0887∗∗∗

(6.970) (0.0241)

N 12658 12658
R2 0.024 0.022

Standard errors in parentheses

This table presents di�erence-in-di�erences regression results comparing the water

use of the In-Sample and Out-of-Sample groups. The pre-period is the Dec 2011 read

and the post-period is the Dec 2012 read, the period after the �rst experimental

mailer was sent. Regressions without controls are presented, in both level-level

and log-level forms.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 4: Di�erence-in-Di�erences: Pre-Treat Mean vs. Post-Treat Mean

(1) (2)
Mean GPD Log Mean GPD

Control*Post -16.17∗∗ -0.0336
(7.958) (0.0324)

Rank*Post -16.28∗∗ -0.0335
(7.939) (0.0323)

Team*Post -14.62∗ -0.0459
(8.539) (0.0320)

CompRank*Post -13.44∗ -0.0323
(8.103) (0.0325)

Control -46.55∗∗∗ -0.172∗∗∗

(5.348) (0.0229)

Rank -47.32∗∗∗ -0.175∗∗∗

(5.355) (0.0228)

Team -47.08∗∗∗ -0.166∗∗∗

(5.378) (0.0224)

CompRank -43.45∗∗∗ -0.157∗∗∗

(5.397) (0.0227)

Post 14.58∗∗ 0.0369∗

(6.489) (0.0223)

N 13164 13164
R2 0.027 0.018

Standard errors in parentheses

This table presents di�erence-in-di�erences regression results comparing the water use of the In-Sample

and Out-of-Sample groups. The pre-period water use measure is the mean household water use in the Dec

2011, Feb 2012, Apr 2012, and Jun 2012 reads and the post-period is the mean household water use in the

Dec 2012, Feb 2013, Apr 2013, and Jun 2013 reads. Regressions without controls are presented, in both

level-level and log-level forms.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 5: Means Comparison: Water Use in the First Post-Mailer Period (In-Sample Only)

(1) (2) (3) (4) (5) (6)
GPD GPD GPD Log GPD Log GPD Log GPD

Rank 0.774 5.270 4.598 0.000105 0.0279 0.0227
(4.767) (5.027) (4.438) (0.0256) (0.0267) (0.0227)

Team 0.427 2.743 4.306 -0.00547 0.00991 0.0198
(5.199) (5.448) (4.893) (0.0255) (0.0268) (0.0227)

CompetitiveRank 1.751 2.148 -2.051 0.00595 0.00732 -0.0123
(4.719) (4.825) (4.109) (0.0255) (0.0267) (0.0223)

Lot Size 0.00427∗∗∗ 0.00489∗∗∗ 0.0000111∗∗∗ 0.0000156∗∗∗

(0.000874) (0.000717) (0.00000248) (0.00000230)

Num Bathrooms 5.512∗ 2.576 0.0581∗∗∗ 0.0385∗∗

(3.109) (2.676) (0.0184) (0.0151)

Home Size (SqFt) 0.0269∗∗∗ 0.0229∗∗∗ 0.000120∗∗∗ 0.0000979∗∗∗

(0.00562) (0.00477) (0.0000303) (0.0000247)

Constant 175.5∗∗∗ 86.97∗∗∗ 74.15∗∗∗ 4.980∗∗∗ 4.572∗∗∗ 4.553∗∗∗

(3.266) (8.422) (7.262) (0.0180) (0.0366) (0.0320)

Observations 5041 4440 4414 5039 4439 4414
R2 0.000 0.054 0.237 0.000 0.038 0.306
Read Month Fixed E�ects No No Yes No No Yes
WaterScore Fixed E�ects No No Yes No No Yes

Standard errors in parentheses

This table �rst presents three regressions (1-3) that compare water use in the �rst period following mailer initiation in the in-sample

groups only. The following three regressions (4-6) present the same results using a log-level speci�cation. The controls used are for

household characteristics, the WaterScore that households observed on the �rst mailer, and Read Month.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 6: Means Comparison: Water Use in All Periods (In-Sample Only)

(1) (2) (3) (4)
Mean GPD Mean GPD Log Mean GPD Log Mean GPD

Rank -0.740 2.398 -0.00413 0.0172
(4.356) (4.427) (0.0227) (0.0234)

Team 1.391 2.894 -0.00426 0.00799
(5.063) (5.105) (0.0228) (0.0237)

CompetitiveRank 6.194 8.194∗ 0.0107 0.0189
(4.616) (4.663) (0.0234) (0.0243)

Lot Size 0.00628∗∗∗ 0.0000150∗∗∗

(0.00163) (0.00000254)

Num Bathrooms 7.061∗∗ 0.0487∗∗∗

(3.127) (0.0156)

Home Size (SqFt) 0.0285∗∗∗ 0.000135∗∗∗

(0.00541) (0.0000253)

Observations 5041 4440 5039 4439
R2 0.000 0.100 0.000 0.057

Standard errors in parentheses

This table �rst presents a simple means comparison of mean water use in all periods following

mailer initiation in the in-sample groups only. The subsequent regression controls for household

characteristics. The next two regression repeat the analysis, using a log-level speci�cation.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 7: Low Water Users in the First Post-Mailer Period (In-Sample Only)

(1) (2) (3) (4) (5) (6)
GPD GPD GPD Log GPD Log GPD Log GPD

Rank 9.213∗∗ 12.18∗∗ 12.02∗∗ 0.0485 0.0776∗ 0.0780∗

(4.655) (5.139) (5.165) (0.0404) (0.0428) (0.0427)

Team -0.423 -0.0609 0.815 0.00199 0.00479 0.0168
(3.391) (3.607) (3.612) (0.0384) (0.0411) (0.0408)

CompetitiveRank -1.730 -2.461 -2.208 -0.0251 -0.0339 -0.0251
(3.437) (3.528) (3.534) (0.0389) (0.0411) (0.0408)

Lot Size 0.000740 0.00104∗ 0.00000494 0.00000710
(0.000616) (0.000619) (0.00000497) (0.00000499)

Num Bathrooms 4.083∗ 4.027∗∗ 0.0546∗ 0.0543∗∗

(2.091) (2.044) (0.0280) (0.0274)

Home Size (SqFt) 0.00105 0.00129 0.00000373 0.00000865
(0.00365) (0.00361) (0.0000500) (0.0000492)

Constant 95.42∗∗∗ 80.75∗∗∗ 86.62∗∗∗ 4.425∗∗∗ 4.279∗∗∗ 4.364∗∗∗

(2.418) (5.537) (5.654) (0.0274) (0.0600) (0.0595)

Observations 1651 1446 1434 1649 1445 1434
R2 0.005 0.015 0.036 0.002 0.013 0.034
Read Month Fixed E�ects No No Yes No No Yes
WaterScore Fixed E�ects No No Yes No No Yes

Standard errors in parentheses

This table �rst presents three level regressions (1-3), with di�erent controls, providing means comparisons of water use in the �rst period

following mailer initiation amongst households who were low water users in advance of the experiment. This means that they were in the

lowest third of water users in their irrigable area category in the 2012 months that preceded the experiment. The next three

regressions (4-6) provide the same results in log-level form. The controls used are for household characteristics, the WaterScore that

households observed on the mailer, and the meter read month.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 8: Low Water Users in the First Post-Mailer Period (Rank and CompRank Only)

(1) (2) (3) (4)
GPD GPD Log GPD Log GPD

CompetitiveRank -14.64∗∗∗ -14.22∗∗∗ -0.111∗∗ -0.103∗∗

(5.216) (5.211) (0.0436) (0.0435)

Lot Size 0.000329 0.000643 0.00000291 0.00000532
(0.000592) (0.000588) (0.00000607) (0.00000603)

Num Bathrooms 1.834 1.941 0.0295 0.0321
(2.583) (2.548) (0.0321) (0.0315)

Home Size (SqFt) 0.00625 0.00606 0.0000892∗ 0.0000855∗

(0.00504) (0.00502) (0.0000522) (0.0000516)

Constant 92.22∗∗∗ 95.13∗∗∗ 4.289∗∗∗ 4.352∗∗∗

(9.324) (9.002) (0.0849) (0.0850)

Observations 716 708 716 708
R2 0.015 0.044 0.020 0.036
Read Month Fixed E�ects No Yes No Yes
WaterScore Fixed E�ects No Yes No Yes

Standard errors in parentheses

This table �rst presents two regressions (1-2) providing a simple means comparison of water use in the �rst

period following mailer initiation amongst households who were low water users in advance of the experiment.

This means that they were in the lowest third of water users in their irrigable area category in the 2012

months that preceded the experiment. The subsequent regressions (3-4) provide the same result in log-level

form. The controls used are for household characteristics, the WaterScore that households observed on

the mailer, and the meter read month.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 9: Low Water Users in All Post-Mailer Periods (In-Sample Only)

(1) (2) (3) (4)
meanGPDall meanGPDall lnmeanGPDall lnmeanGPDall

Rank 2.166 3.850 0.0110 0.0298
(3.613) (3.925) (0.0335) (0.0357)

Team -2.658 -2.532 -0.0150 -0.0121
(3.286) (3.526) (0.0325) (0.0349)

CompetitiveRank -2.974 -3.255 -0.0362 -0.0400
(3.400) (3.604) (0.0340) (0.0362)

Lot Size 0.000834∗∗ 0.00000676∗∗

(0.000358) (0.00000343)

Num Bathrooms 3.402∗ 0.0338
(1.932) (0.0210)

Home Size (SqFt) 0.00194 0.0000279
(0.00327) (0.0000364)

Observations 1651 1446 1649 1445
R2 0.002 0.013 0.001 0.012

Standard errors in parentheses

This table �rst presents two level regressions (1-2) of water use in all periods following mailer initiation on

the mailer treatments for households who were low water users in advance of the experiment (this means

that they were in the lowest third of water users in their irrigable area category in the 2012 months

that preceded the experiment. The two regressions that follow (3-4) provide the same results in log-level

form. Regressions 2 and 4 use demographic controls.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 10: Low Water Users in All Post-Mailer Periods (Rank and Competitive Rank Only)

(1) (2) (3) (4)
meanGPDall meanGPDall lnmeanGPDall lnmeanGPDall

CompetitiveRank -5.140 -7.150∗ -0.0472 -0.0697∗

(3.536) (3.913) (0.0343) (0.0373)

Lot Size 0.000719 0.00000489
(0.000571) (0.00000551)

Num Bathrooms 0.943 0.0199
(2.387) (0.0255)

Home Size (SqFt) 0.00600 0.0000793∗

(0.00465) (0.0000439)

Observations 827 716 827 716
R2 0.003 0.012 0.002 0.016

Standard errors in parentheses

This table presents both log (1-2) and level (3-4) regressions of mean water use in all periods following mailer

initiation amongst households who were low water users in advance of the experiment (this means that they

were in the lowest third of water users in their irrigable area category in the 2012 months that preceded

the experiment.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 11: High Water Users in the First Post-Mailer Period (In-Sample Only)

(1) (2) (3) (4) (5) (6)
GPD GPD GPD Log GPD Log GPD Log GPD

Rank -5.248 -2.275 -0.453 -0.0269 -0.0175 -0.0122
(10.11) (11.04) (10.83) (0.0327) (0.0347) (0.0340)

Team 1.731 4.287 6.950 -0.0105 0.000372 0.00947
(12.19) (12.80) (12.44) (0.0324) (0.0337) (0.0332)

CompetitiveRank -4.986 -4.691 -6.061 -0.0158 -0.0134 -0.0130
(9.650) (10.01) (9.432) (0.0306) (0.0323) (0.0316)

Lot Size 0.00637∗∗∗ 0.00611∗∗∗ 0.0000127∗∗∗ 0.0000122∗∗∗

(0.00115) (0.00105) (0.00000222) (0.00000213)

Num Bathrooms -10.41 -8.805 -0.0187 -0.0138
(6.762) (6.743) (0.0202) (0.0200)

Home Size (SqFt) 0.0306∗∗∗ 0.0319∗∗∗ 0.0000927∗∗∗ 0.000102∗∗∗

(0.0108) (0.0104) (0.0000305) (0.0000291)

Constant 267.8∗∗∗ 187.6∗∗∗ 147.0∗∗∗ 5.482∗∗∗ 5.262∗∗∗ 5.105∗∗∗

(6.845) (14.41) (21.10) (0.0224) (0.0422) (0.0505)

Observations 1692 1459 1454 1692 1459 1454
R2 0.000 0.067 0.078 0.000 0.045 0.068
Read Month Fixed E�ects No No Yes No No Yes
WaterScore Fixed E�ects No No Yes No No Yes

Standard errors in parentheses

This table �rst presents three level regressions (1-3), with di�erent controls, providing means comparisons of water use in the �rst period

following mailer initiation amongst households who were high water users in advance of the experiment. This means that they were in the

highest third of water users in their irrigable area category in the 2012 months that preceded the experiment. The next three

regressions (4-6) provide the same results in log-level form. The controls used are for household characteristics, the WaterScore that

households observed on the mailer, and the meter read month.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 12: High Water Users in the First Post-Mailer Period (Rank and CompRank Only)

(1) (2) (3) (4)
GPD GPD Log GPD Log GPD

CompetitiveRank -2.709 -5.111 0.00350 -0.000215
(10.78) (10.45) (0.0335) (0.0330)

Lot Size 0.00502∗∗∗ 0.00501∗∗∗ 0.00000963∗∗∗ 0.00000956∗∗∗

(0.00100) (0.000985) (0.00000194) (0.00000200)

Num Bathrooms -17.46 -16.06 -0.0318 -0.0328
(10.68) (10.02) (0.0283) (0.0273)

Home Size (SqFt) 0.0479∗∗∗ 0.0467∗∗∗ 0.000127∗∗∗ 0.000136∗∗∗

(0.0179) (0.0165) (0.0000452) (0.0000412)

Constant 181.3∗∗∗ 139.3∗∗∗ 5.238∗∗∗ 5.127∗∗∗

(17.24) (19.64) (0.0534) (0.0600)

Observations 746 745 746 745
R2 0.079 0.093 0.044 0.063
Read Month Fixed E�ects No Yes No Yes
WaterScore Fixed E�ects No Yes No Yes

Standard errors in parentheses

This table �rst presents two regressions (1-2) providing a simple means comparison of water use in the �rst

period following mailer initiation amongst households who were high water users in advance of the experiment.

This means that they were in the highest third of water users in their irrigable area category in the 2012

months that preceded the experiment. The subsequent regressions (3-4) provide the same result in log-level

form. The controls used are for household characteristics, the WaterScore that households observed on the

mailer, and the meter read month.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 13: High Water Users in All Post-Mailer Periods (In-Sample Only)

(1) (2) (3) (4)
meanGPDall meanGPDall lnmeanGPDall lnmeanGPDall

Rank -1.126 -2.999 -0.00473 -0.00565
(8.211) (8.447) (0.0251) (0.0255)

Team 11.31 11.69 0.0196 0.0203
(11.25) (10.78) (0.0256) (0.0261)

CompetitiveRank 9.934 13.28 0.0224 0.0344
(8.513) (8.479) (0.0254) (0.0258)

Lot Size 0.00955∗∗∗ 0.0000171∗∗∗

(0.00309) (0.00000383)

Num Bathrooms -8.389 -0.0277∗

(5.749) (0.0149)

Home Size (SqFt) 0.0290∗∗∗ 0.000102∗∗∗

(0.00972) (0.0000235)
Observations 1692 1459 1692 1459
R2 0.002 0.172 0.001 0.108

Standard errors in parentheses

This table �rst presents two level regressions (1-2) of water use in all periods following mailer initiation

on the mailer treatments for households who were high water users in advance of the experiment (this

means that they were in the highest third of water users in their irrigable area category in the 2012

months that preceded the experiment. The two regressions that follow (3-4) provide the same results in

log-level form. Regressions 2 and 4 use demographic controls.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 14: High Water Users in All Post-Mailer Periods (Rank and Competitive Rank Only)

(1) (2) (3) (4)
meanGPDall meanGPDall lnmeanGPDall lnmeanGPDall

CompetitiveRank 11.06 15.89∗ 0.0271 0.0399
(8.455) (8.310) (0.0256) (0.0260)

Lot Size 0.00650∗∗∗ 0.0000140∗∗∗

(0.000914) (0.00000378)

Num Bathrooms -14.76∗ -0.0338
(7.967) (0.0218)

Home Size (SqFt) 0.0490∗∗∗ 0.000137∗∗∗

(0.0128) (0.0000347)

Observations 875 746 875 746
R2 0.002 0.177 0.001 0.112

Standard errors in parentheses

This table presents both log and level regressions of mean water use in all periods following mailer

initiation amongst households who were high water users in advance of the experiment (this means

that they were in the highest third of water users in their irrigable area category in the 2012

months that preceded the experiment.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 15: Last Place E�ect: Using All Post-Treatment Periods

(1) (2) (3) (4)
GPD GPD GPD GPD

Rank 9.297 2.552 1.014 1.347
(10.48) (7.385) (6.009) (6.087)

Competitive Rank 29.88∗∗∗ 21.00∗∗∗ 18.94∗∗∗ 17.85∗∗∗

(10.92) (7.441) (5.957) (5.957)

prev_GPD 0.448∗∗∗ 0.608∗∗∗ 0.588∗∗∗

(0.0444) (0.0457) (0.0509)

Lot Size 0.00305∗∗∗ 0.00211∗∗∗ 0.00226∗∗∗

(0.000570) (0.000525) (0.000540)

Num Bathrooms -2.511 1.888 1.623
(5.594) (4.729) (4.664)

Home Size (SqFt) 0.0269∗∗∗ 0.0156∗∗ 0.0168∗∗

(0.00799) (0.00669) (0.00662)

Constant 286.7∗∗∗ 77.84∗∗∗ -71.64∗∗∗ -86.57∗∗∗

(7.634) (12.23) (16.41) (13.87)

Observations 3161 2731 2731 2727
R2 0.005 0.298 0.494 0.497
Read Month Fixed E�ects No No Yes Yes
Mailers Seen Fixed E�ects No No Yes Yes
WaterScore Fixed E�ects No No No Yes

Clustered standard errors in parentheses.

This table presents regression results comparing the e�ect of the Neutral and Competitive

treatments for 'last place' households on subsequent water use. The omitted group here is

households in the In-Sample Control who 'would have' been in last place in their groups

had they seen a ranking in their mailer. Standard errors were clustered at the household

level.
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Table 16: First Place E�ect: Using All Post-Treatment Periods

(1) (2) (3) (4)
GPD GPD GPD GPD

Rank -10.16∗∗ 1.269 1.154 2.578
(4.670) (3.609) (3.340) (3.391)

Competitive Rank -12.69∗∗∗ 0.0177 -0.0711 1.008
(4.597) (3.645) (3.463) (3.485)

prev_GPD 0.731∗∗∗ 0.810∗∗∗ 0.892∗∗∗

(0.0366) (0.0354) (0.0419)

Lot Size 0.00116∗∗ 0.00105∗∗ 0.00101∗∗

(0.000504) (0.000457) (0.000452)

Num Bathrooms 1.350 2.288 2.207
(2.450) (2.244) (2.214)

Home Size (SqFt) 0.0104∗∗ 0.00878∗ 0.00746
(0.00502) (0.00466) (0.00459)

Constant 128.1∗∗∗ 21.85∗∗∗ -20.76∗∗∗ -36.83∗∗∗

(3.064) (7.359) (7.793) (8.675)

Observations 2948 2649 2649 2649
R2 0.004 0.217 0.341 0.344
Read Month Fixed E�ects No No Yes Yes
Mailers Seen Fixed E�ects No No Yes Yes
WaterScore Fixed E�ects No No No Yes

Clustered standard errors in parentheses.

This table presents regression results comparing the e�ect of the Neutral and Competitive treatments

for '�rst place' households on subsequent water use. The omitted group here is households in the

In-Sample Control who 'would have' been in �rst place in their groups had they seen a ranking in

their mailer. Standard errors were clustered at the household level.
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Table 17: Di�erential Impact of Rank by Treatment (Control 3rd Place Omitted)

(1) (2) (3)
GPD GPD GPD

Control 1st Place -7.053 -0.920 0.988
(6.292) (5.685) (5.848)

Control 2nd Place -3.765 -5.892 -5.542
(5.117) (4.750) (4.788)

Control 4th Place 2.543 2.158 2.542
(5.941) (5.379) (5.393)

Control 5th Place -3.339 -7.189 -6.488
(7.787) (7.076) (7.098)

Rank 1st Place -8.378 -4.129 -2.587
(6.549) (5.934) (6.034)

Rank 2nd Place -10.47∗∗ -6.774 -6.156
(5.078) (4.565) (4.590)

Rank 3rd Place -7.628 -5.335 -5.090
(5.175) (4.748) (4.775)

Rank 4th Place -2.882 -5.641 -5.209
(5.450) (4.853) (4.890)

Rank 5th Place 12.09 9.293 10.00
(8.202) (7.472) (7.511)

Comp. Rank 1st Place -10.25∗ -7.027 -5.194
(6.044) (5.682) (5.842)

Comp. Rank 2nd Place -9.333∗ -7.082 -6.495
(4.996) (4.639) (4.666)

Comp. Rank 3rd Place -10.55∗∗ -8.157∗ -7.878∗

(5.131) (4.751) (4.767)
Comp. Rank 4th Place -3.106 -4.824 -4.464

(5.929) (5.323) (5.359)
Comp. Rank 5th Place 10.90 7.997 8.618

(8.828) (7.852) (7.917)
Constant 134.4∗∗∗ 34.77∗∗∗ 36.30∗∗∗

(5.724) (7.502) (7.719)

Observations 4553 4121 4121
R2 0.101 0.398 0.398
Read Month Fixed E�ects No Yes Yes
Demographic and Mailer Number Fixed E�ects No Yes Yes
WaterScore Fixed E�ects No No Yes

Clustered standard errors in parentheses.

Regressions include only the middle third of water users, based on pre-experiment 2012 water use.

Regressions omit Control 3rd Place households.
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