
This article appeared in a journal published by Elsevier. The attached
copy is furnished to the author for internal non-commercial research
and education use, including for instruction at the authors institution

and sharing with colleagues.

Other uses, including reproduction and distribution, or selling or
licensing copies, or posting to personal, institutional or third party

websites are prohibited.

In most cases authors are permitted to post their version of the
article (e.g. in Word or Tex form) to their personal website or
institutional repository. Authors requiring further information

regarding Elsevier’s archiving and manuscript policies are
encouraged to visit:

http://www.elsevier.com/authorsrights

http://www.elsevier.com/authorsrights


Author's personal copy

Resource and Energy Economics 35 (2013) 356– 379

Contents lists available at SciVerse ScienceDirect

Resource  and  Energy  Economics

jo urnal homepage: www.elsev ier .com/ locate / ree

Heterogeneous  treatment  effects  and
mechanisms  in  information-based
environmental  policies:  Evidence  from  a
large-scale  field  experiment�

Paul  J.  Ferraroa,∗,  Juan  José  Mirandab

a Department of Economics, Andrew Young School of Policy Studies, Georgia State University, PO Box 3992,
Atlanta, GA 30302-3992, United States
b Inter-American Development Bank, 1300 New York Avenue, N.W., Washington, DC 20577, United States

a  r  t  i  c  l  e  i  n  f  o

Article history:
Received 22 March 2012
Received in revised form 28 March 2013
Accepted 6 April 2013

Available online xxx

JEL classification:
D03
C93
L95
Q25

Keywords:
Program evaluation
Experimental design
Conditional average treatment effects
Quantile average treatment effects
Other-regarding preferences
Social norms

a  b  s  t  r  a  c  t

Policymakers  often  rely  on  non-pecuniary,  information-based  pro-
grams  to achieve  social  objectives.  Using  data  from  a  water
conservation  information  campaign  implemented  as  a  randomized
controlled  trial,  we  estimate  heterogeneous  household  responses.
Understanding  such  heterogeneity  is important  for  improving  the
cost-effectiveness  of  non-pecuniary  programs,  extending  them  to
other  populations  and  probing  the  mechanisms  through  which  the
treatment  effects  arise.  We  find  little  evidence  of  heterogeneous
responses  to  purely  technical  information  or  to  traditional  con-
servation  messages  that  combine  technical  information  and  moral
suasion.  In contrast,  norm-based  messages  that  combine  technical
information,  moral  suasion  and  social  comparisons  exhibit  strong
heterogeneity:  households  that  are  wealthier,  owner-occupied  and
use  more  water  are  more  responsive.  These  subgroups  tend  to  be
least  responsive  to  pecuniary  incentives.  We  find  no  evidence  that
any  subgroup  increases  their  water  use  in response  to  the  mes-
sages.  By  targeting  the  messages  to subgroups  known  to be  most
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responsive,  program  costs  could  be reduced  by  over  50%  with  only
a 20%  reduction  in  the treatment  effect.  Combining  theory  and  data,
we also  shed  light  on  the mechanisms  through  which  the  treatment
effects  arise,  which  has  implications  for  program  design  and  future
research on the  program’s  welfare  effects.

© 2013 Elsevier B.V. All rights reserved.

1. Introduction

Non-pecuniary, information-based environmental policy strategies have long been used to influ-
ence individual decision-making (e.g., Smith et al., 1990; Smith and Desvousges, 1990) and are growing
in popularity in all social policy fields (Thaler and Sustein, 2008; House of Lords, 2011). Such strate-
gies include norm-based persuasive messages, commitment devices, changes to default options and
the provision of technical information to lower transaction costs of information acquisition. Under
standard economic assumptions of perfectly informed, rational, self-interested agents, these strategies
should be ineffective. However, under behavioral theories that include other-regarding preferences
or bounded rationality, they may  be effective. A growing empirical literature in economics and psy-
chology suggests that such strategies can indeed affect policy-relevant behaviors (e.g., Bui and Mayer,
2003; Duflo and Saez, 2003; Jin and Leslie, 2003; Bjørner et al., 2004; Schultz et al., 2007; Goldstein
et al., 2008; Bennear and Olmstead, 2008; Allcott and Mullainathan, 2010a,b; Habyarimana and Jack,
2011).

In the context of environmental policies and programs, the conceptual and empirical foundations
of such strategies remain under-researched (Shogren and Taylor, 2008). A new literature uses ran-
domized controlled trials, which are rare in environmental economics (Greenstone and Gayer, 2009),
to test the impacts of non-pecuniary, norm-based messages on environmental outcomes such as
energy use (e.g., Ayres et al., 2009; Yoeli, 2009; Allcott, 2012; Costa and Kahn, 2013) and water use
(e.g., Ferraro and Price, 2013; Ferraro et al., 2011). These studies find that sending pro-social mes-
sages and social comparisons that contrast own  consumption to peer-group consumption can reduce,
on average, water and energy consumption. Moving beyond estimating average effects, however, is
important. Ideally, one would want to also understand the heterogeneity of responses across house-
holds (i.e., which subgroups are most responsive) and the mechanisms through which the messages
affect behavior.

Understanding the heterogeneous treatment effects of information-based programs yields at least
three policy and research-relevant insights. First, policy makers can use this information to more cost-
effectively target the treatments to subgroups that are most responsive (Heckman et al., 1997; Djebbari
and Smith, 2008). By targeting the subgroups that are most responsive, policy makers avoid wasting
money (and political capital) sending information to non-responsive subgroups or subgroups that may
react in ways contrary to the policy objective. This tailoring of messages to specific subgroups also helps
avoid information overload that can affect decision-making as these information-based approaches
grow in scope.1 Second, understanding heterogeneous responses helps strengthen the generalizability
and external validity of randomized controlled trials to different target populations (Angrist, 2004;
Manski, 2004; Hotz et al., 2005; Allcott and Mullainathan, 2010a,b; Imai and Ratkovic, 2013). The mean
effects of the same experimental design could be different when applied in other populations with
different distributions of observable characteristics. Third, by combining theory and information on
heterogeneous response, one can explore potential mechanisms through which the causal effects are
generated. As Deaton (2010) noted in his critique of the way in which randomized controlled trials are
done in economics, we need to move from determining whether a treatment is effective to determining

1 We  thank Associate Editor McKee for pointing this out.
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why it is effective.2 With a better understanding of mechanisms, information-based programs can be
better designed to improve their efficiency.3

We  study heterogeneity and mechanisms in the context of a large-scale field experiment that was
run in 2007 in partnership with a water utility in metropolitan Atlanta, GA, USA. To induce voluntary
reductions in water use during a drought, three types of messages were sent, at random, to households.
The three treatments comprised: (i) a tip sheet with information about reducing water consumption
(pure information message), (ii) a tip sheet and a personalized letter promoting pro-social behavior
(weak social norm message); and (iii) a tip sheet, personalized letter promoting pro-social behavior,
and a social comparison of the household’s water consumption with the median county consumption
(strong social norm message). Each treatment group comprised roughly 11,700 houses and the control
group comprised roughly 71,800 houses. Ferraro and Price (2013) report short-term average treatment
effects and Ferraro et al. (2011) report longer-term average treatment effects.

When estimating heterogeneous treatment effects from experimental or non-experimental data,
there is a substantial risk of labeling spurious correlations as conditional treatment effects. We  mit-
igate this risk through our experimental design and a multi-step framework that trades increasingly
stringent assumptions for increasingly precise characterizations of the heterogeneity. We  find little
evidence of heterogeneous responses to the pure information and weak social norm messages, but
strong evidence of heterogeneous responses to the strong social norm message: households that are
wealthier, owner-occupied and use more water are more responsive. These households are identified
in the literature to be least responsive to pecuniary incentives. In contrast to studies from the psychol-
ogy and behavioral economics literature that predict some users may respond to social comparisons
by increasing their use (e.g., Schultz et al., 2007), we  find no evidence that low users or any other
subgroups increase their water use in response to the messages.

We demonstrate how information on heterogeneous responses can be used to improve the pro-
gram’s cost-effectiveness through more precise targeting of messages using publicly available data.
With regard to mechanisms, the evidence suggests that norm-based messages induce behavioral
(variable-cost), rather than technological (fixed-cost), changes in outdoor water use and work through
social preferences, rather than by serving as signals of privately efficient behavior to boundedly ratio-
nal agents. The next section reviews the most relevant literature. Section 3 describes our methodology.
Section 4 describes the experimental design and data. Section 5 provides results.

2. Experiments with information-based environmental programs

A small number of experimental studies estimate the effects of pro-social and social comparison
messages on energy and water use. Schultz et al. (2007), Ayres et al. (2009), Allcott (2012), Costa
and Kahn (2013) and Yoeli (2009) focus on energy consumption, while Ferraro and Price (2013) and
Ferraro et al. (2011) focus on water consumption. Although the studies differ in terms of location
and the content and framing of the messages, the authors find that pro-social messages with social
comparisons reduce consumption.4

Only three studies examine heterogeneous treatment responses. Allcott (2012) runs a quantile
regression and Ferraro and Price (2013) examine how treatment responses vary as function of being
below or above the median use. Both studies report that larger users appear to respond more,
on average, to social comparison messages. Costa and Kahn (2013) use data from the California

2 Pawson and Tilley (1997) argue that 30 years of program evaluation in sociology, education and criminology has been
largely uninformative because it has focused on whether programs work, instead of on why  they work.

3 Evidence of heterogeneity also informs future non-experimental studies that use instrumental variable (IV) or panel data
estimators to estimate treatment effects from information-based strategies. For IV estimators, heterogeneity implies that the
estimates should be interpreted as local average treatment effects (LATE) rather than population average treatment effects (ATE).
For  panel data estimators, which typically assume homogenous treatment effects and use conditional variance weighting on
observables, heterogeneity implies that the coefficient on the treatment effect is likely under- or over-estimated, depending
on  the nature of the heterogeneity.

4 Studies on social comparisons without pro-social messages, however, have found no effect (see, for example, the review by
Fischer, 2008), suggesting that mixing both types of messages may  be necessary.
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OPower experiment to test whether responses vary with political affiliation (obtained for a sub-
sample from public records). A particular subgroup of Democratic households, on average, reduces
their consumption by 3.9%, whereas a particular subgroup of Republican households, on average,
reduces by 1.1%. These three studies do not examine the likely validity of assumptions required to
interpret the correlations as conditional causal treatment effects and do not examine heterogeneity
further. Moreover, these studies do not probe the mechanisms through which treatment effects are
generated.

3. Methodology

When exploring treatment effect heterogeneity, the subgroups are formed after the experiment
is implemented. Thus there is a substantial risk of finding statistically significant differences among
subgroups when no true treatment effect heterogeneity exists (Imai and Strauss, 2011). To mitigate
this potential bias, we use five complementary steps to estimate heterogeneous treatment effects.
First, prior to the analysis, we select only a few subgroups based on theory, field experience and
policy relevance. Second, we demonstrate that, although randomization was  not conducted within
these subgroups, our large sample size, combined with randomization within 390 small neighborhood
strata, generated within-subgroup balance in pre-treatment water use among treated and control
households. This balance suggests no systematic bias when drawing inferences from treatment-control
outcome contrasts within subgroups. Third, we  begin testing for heterogeneity with a nonparametric
approach developed by Crump et al. (2008), which tests for the presence of heterogeneity without
attempting to characterize the nature of the heterogeneity. Then we impose additional assumptions
and estimate quantile treatment effects (Firpo, 2007; Bitler et al., 2005, 2006, 2008; Djebbari and
Smith, 2008; Heckman et al., 2002). Finally, we isolate systematic variations among subgroups through
interactions terms between the treatment variable and other covariates.

3.1. Heterogeneity in treatment responses

To estimate heterogeneous responses, we select covariates (subgroups) that are observable to pol-
icymakers and that theory or empirical studies suggest could be important modifiers of the treatment
effects. We  wish to keep the number of covariates small to avoid charges of data mining. We  select (i)
two measures of previous water use, (ii) three household characteristics, and (iii) two neighborhood
characteristics. In our final analysis that uses multiple hypothesis tests, we adjust the Type I error rate
for sequential tests. We  present the covariates in the order we  believe reflects their policy-relevance,
and thus the order of the sequential tests.

Ferraro and Price’s analysis shows that previous water use predicts future water use. Moreover,
for utilities, previous water use is the easiest characteristic on which to target future messages.
We use the two variables used by Ferraro and Price (2013) in their treatment effect regressions:
June–November 2006 billed use (corresponds to May–October use, which is the main water use sea-
son) and April–May 2007 billed use (to reflect changes in landscaping prior to treatment assignment
in May  2007).

Mansur and Olmstead (2012) find that, as theory would predict, high-income households in urban
areas are less price-sensitive to changes in residential water prices. Whether such households are more
or less responsive to non-pecuniary approaches is an open empirical question. We  cannot observe
household income, but we can observe the fair market value of the home in the year in which the
treatment was assigned. Based on the high correlation between housing value and income, we use fair
market value as a proxy for income (and wealth).5

Davis (2012) shows that renters are significantly less likely to have energy efficient appliances, like
clothes washers and dishwashers. These results are consistent with the hypothesis that when tenants
pay the utility bills, landlords may  buy cheap inefficient appliances. In our sample, almost all renters

5 The 2007 American Housing Survey shows a high correlation (>0.90) between housing values and incomes, and thus we
believe it is reasonable to assume a similar or higher correlation between housing values and wealth.
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are directly billed (multi-dwelling structures, like apartment buildings, are not in our sample). With
regard to water conservation, owner-occupants have a greater incentive to invest in cost-saving water
conservation innovations that are capitalized into the value of the home. Owner-occupants may  also
have greater social connections to their neighbors and thus be more responsive to pro-social messages.
Rohe et al. (2001) posit that homeowners are more likely to participate in community activities and
might be more civically active because they have higher location-based investments (homes) than
renters, higher transaction costs associated with moving, and stronger expectations of staying in their
homes longer. DiPasquale and Glaeser (1999) offer evidence that homeowners are more likely to have
greater social capital than renters (e.g., homeowners are more likely to participate in solving local
problems, and more likely to be members of non-professional organizations).

Owner-occupants, however, may  have weaker incentives than renters to reduce water consump-
tion. For example, DiPasquale and Glaeser (1999) also found that homeowners are 12 percent more
likely to garden than non-homeowners. Furthermore, landscaping may  be detrimentally affected by
water conservation, which could affect home values (landlords may  be unable to shift this risk to ten-
ants). Ownership status is revealed by the owner’s homestead exemption status (only owner-occupiers
receive a homestead exemption).

The age of the home also reflects the scope and incentives for water conservation. Older homes,
on average, have older water-intensive capital (e.g., toilets), which are more cost-effective to replace,
and they are more likely to have repairable leaks.6

Environmental preferences of household occupants may  also affect treatment responses. We  can-
not observe environmental preferences, but survey evidence suggests that environmental preferences
vary with education levels and race (e.g., Greenberg, 2005). Because we  (and water utilities) cannot
observe education and race at the household-level, we  use measures of education (percent with bach-
elor’s degree or higher) and race (percent white) at the census block group. The average number of
households per block group in our sample is about 425 households.

Of course, other covariates may  moderate treatment effects in our experiment, such as risk or time
preferences. While they may  be relevant for theory, this kind of heterogeneity is less relevant for
policy makers because it is not easily observed. Recall, we  are not making claims that the observable
characteristics themselves cause the observed differences in treatment responses. Instead, we wish
to measure heterogeneous treatment responses conditional on observable characteristics, with which
policymakers can improve program targeting, gain insights into the external validity of experimental
results, and better understand the mechanisms through which the treatments operate.

3.2. Nonparametric tests

Crump et al. (2008) propose tests of two null hypotheses: the conditional average treatment effect
is equal to zero (Zero CATE) and the conditional average treatment effect is constant (Constant CATE).
We conduct both tests using all the subgroup covariates described in Section 3.1 and we  reject the null
for p-values less than 0.05. The Zero CATE null hypothesis states that the impact of a program is zero
on average for all subgroups. Testing this hypothesis is relevant for Treatment 1 (pure information),
which did not have a mean treatment effect different from zero, but which may  have had an impact
for some subgroups. For each of the other two treatments, which generated nonzero mean impacts,
the natural question is whether the treatment effects are constant across subgroup; i.e., the Constant
CATE null hypothesis. Crump et al. (2008) prove that both tests can be implemented through regression
analysis using an ordinary least squares (OLS) estimator.

The null hypothesis for the Zero CATE test is that the average effect for the subpopulation with
covariate values X is equal to zero for all values of X. The alternative hypothesis is that the average
effect for the subpopulation with covariate values X is different from zero for some values of X. To
test this hypothesis, we run an OLS regression for treated and control group separately controlling for
X. After obtaining the quadratic form of the difference of estimated coefficients vector (e(ˇ1 − ˇ0)),

6 We  do not explore heterogeneity conditional on lot size because lot size is highly correlated with fair market value.
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we divide it by the variance–covariance matrix (e(V1 + V0)). This test statistic follows a chi-square
distribution with k degrees of freedom:

e(ˇ1 − ˇ0)[e(V1 − V0)]−1e(ˇ1 − ˇ0)∼�2
(k)

The null hypothesis for the Constant CATE test is that the average treatment effect (ATE) for the
subpopulation with covariates values X is equal to the ATE for all values of X. The alternative hypoth-
esis is that the average effect for subpopulation with covariates value X is different from the ATE for
some values of X. To test this hypothesis, we run an OLS regression with treated and control groups
controlling for X. After obtaining the quadratic form of the estimated coefficients vector excluding the
constant term (ek−1(ˇ1 − ˇ0)), we divide it by the variance–covariance matrix excluding the constant
term (ek−1(V1 + V0)). The constant term is excluded because it represents the average effect for every-
body. This test statistic follows a chi-square distribution with k − 1 degrees of freedom (because the
constant term is excluded):

ek−1(ˇ1 − ˇ0)[ek−1(V1 − V0)]−1ek−1(ˇ1 − ˇ0)∼�2
(k−1)

Following Crump et al. (2008, p. 397), we select the model specification in three ways: (i) include
all covariates; (ii) ‘top down’ selection of covariates, where one starts with the full set of covariates and
sequentially (one by one) drops the covariate with the smallest t-statistic until all remaining covariates
have a t-statistic larger than or equal to 2 in absolute value; and (iii) ‘bottom up’ selection of covariates,
where, for each covariate, one runs K regressions with just an intercept and the covariate (K = number
of covariates), and then selects from this set the covariate with the highest t-statistic, after which one
runs, for each of the remaining covariates, K − 1 similar regressions, choosing the one with the highest
t-statistic, and continuing the process until no potential covariate has a t-statistic equal to or above 2
in absolute value. We  present results using the most flexible specification with higher degree order
terms of continuous variables (Crump et al., 2008).7

3.3. Quantile treatment effects

The nonparametric tests described in Section 3.2 provide evidence of whether heterogeneous
treatment effects exist, but do not characterize this heterogeneity. The next step is to impose some
parametric assumptions to begin characterizing this heterogeneity. Within a quantile regression
framework, we use estimates of the effects of the treatment on the outcome distribution, or quan-
tile treatment effects (QTE), to infer the presence of heterogeneous treatment effects. QTE show the
difference of two marginal distributions at different quantiles (Imbens and Wooldridge, 2009), �q,

�q = F−1
Y(1)(q) − F−1

Y(0)(q) (1)

rather than the quantile of treatment effect, �̃q,

�̃q = F−1
Y(1)−Y(0)(q). (2)

In other words, quantile regressions tell us about the effects on the outcome distribution, rather
than on households, which is sufficient to inform us about the presence of heterogeneous treatment
effects across quantiles of water use.

Although we do not need an estimate of the effects on households – i.e., the distribution of treatment
effects – to infer heterogeneity of causal effects, an estimate of this distribution could be useful to
policy makers. For example, one could use the distribution of treatment effects to infer the fraction
of the sample for which the treatments increased water use. To estimate this distribution, one needs
the joint conditional distribution of treated and untreated states (Heckman et al., 1997; Djebbari and
Smith, 2008). Randomized experiments, however, only provide the marginal distribution of treated

7 The tests were conducted using the command test condate for STATA, which is available at Oscar Mitnik’s website:
http://moya.bus.miami.edu/∼omitnik/.
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outcomes and the marginal distribution of untreated outcomes (which permit the estimation of the
ATE).

Nevertheless, under a rank preservation assumption, QTE estimate the distribution of treatment
effects (Firpo, 2007; Bitler et al., 2005, 2006, 2008). Rank preservation implies that household’s ranks in
the outcome distribution are the same regardless of whether they are assigned to treatment or control
groups (Bitler et al., 2008). If household ranks do not change under exposure to the treatment, the ranks
in the two marginal distributions from the experiment correspond. For example, the median outcome
in the treated distribution has as its counterfactual the median outcome in the untreated distribution
(and so on for all quantiles). The impact of the treatment on the distribution would thus be equivalent to
the distribution of treatment effects. Paraphrasing Angrist and Pischke (2009), assume, for example,
that a message lowers the bottom decile of the water use distribution. We  would not necessarily
know if someone who would have been a low user without the message is now using less water. We
know only that those who use less water with the message are using less water than bottom-decile
users would have used without the message. They may  not be the same users. In contrast, if the rank
preservation assumption holds, the same discovery would mean that the message reduces use among
users at the quantile being examined (e.g., the message reduced use among users in the bottom decile).

To test the rank preservation assumption, we  follow Bitler et al. (2005) and Djebbari and Smith
(2008) by using observable covariates of treated and control households. If these covariates vary
significantly between treated and control groups in a given quantile, the variation provides evidence
against the rank preservation assumption. Dividing our sample into quartiles, we  find that 25 percent of
the 84 possible combinations (7 covariates, 4 quartiles and 3 treatments) show statistically significant
differences (without adjusting for the multiple sequential tests, which would reduce the number of
null hypotheses rejected).8 These results suggest that some rank reversal may  be present based on
the covariates selected. In particular, households with high fair market value and high previous water
consumption may  have migrated down the outcome distribution when treated. We  conclude there is
support for viewing our QTE results as a useful approximation to the distribution of treatment effects.

3.4. Subgroup analysis

The nonparametric and quantile regression approaches do not specify which subgroups are most
responsive to treatment. Using the covariates in Section 3.1, a household is labeled as “high value” if
its value is above the median. For ownership status, the subgroups are owners and renters. We  explore
subgroup variation through interactions terms between the treatment variables and the high-value (or
owner) dummy  variables in a regression framework (Heckman et al., 1997, 2002; Djebbari and Smith,
2008). To guard against spurious findings, we first conduct an F-test to test the null hypothesis that
overall that there are no subgroup differences (Type I error rate = 0.05). If this hypothesis is rejected,
we look at each subgroup in turn, after adjusting the Type I error rate for sequential hypothesis testing
with a conservative Bonferroni adjustment (i.e., we take our pre-determined Type I error rate 0.05
and divide it by the number of tests; the null of no difference is rejected if p < 0.0075). Recall that
we are estimating causal effects conditional on observable characteristics, not making claims that the
observable characteristics themselves cause the observed differences in treatment responses.

4. Experimental design and data

The Cobb County Water System (CCWS) experiment comprised three treatment groups and one
control group (see Ferraro and Price, 2013 for the original treatment letters):

– Pure Information (Treatment 1): A ‘tip sheet’ listing different ways to most effectively reduce water
use.

8 Using the same test and data from PROGRESA, the Mexican conditional cash transfer program, Djebbari and Smith (2008)
rejected 30% and Lehmann (2010) rejected 31% of the possible combinations.
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Table 1
Pre-treatment descriptive statistics.

Variable (1) (2) (3) (4) (5) (6)
Technical
advice (T1)

Weak
social norm
(T2)

Strong
social norm
(T3)

Control F-Statistic p-Value

Water
consumption
June–November
2006a

58.286 58.012 58.381 58.142 0.20 0.90

Water
consumption
April–May 2007a

15.952 15.841 15.957 15.867 0.38 0.77

House’s fair
market value ($)

257,824 260,984 260,888 258,647 0.95 0.42

Age  of house 20.753 20.830 20.710 20.723 0.23 0.88
%  owner
occupiers

0.844 0.836 0.835 0.844 3.19 0.02

%  population 25
years ≥bachelorb

0.728 0.727 0.728 0.728 0.02 0.99

%  of households
whiteb

0.842 0.842 0.843 0.842 0.16 0.92

Sources: Experimental Data, 2007 Cobb County Tax Assessor Database, 2000 US Census.
a In thousands of gallons.
b At census block group level.

– Weak Social Norm (Treatment 2): The ‘tip sheet’ and a personally addressed letter from CCWS
officials encouraging water conservation.

– Strong Social Norm (Treatment 3): The ‘tip sheet’, the letter from CCWS officials encouraging water
conservation, and a social comparison that compared the household’s 2006 summer water use to
the median County household us. Summer season is from June to September, which is reflected in
July to October monthly bills.

In May  2007, the three treatments and control were randomly assigned (mailed) to all residential
customers who lived in their homes from May  2006 to April 2007 and used at least 20,000 gallons
during the 2006 summer watering season (about 80 percent of the population). Each treatment was
sent to roughly 11,700 houses, with roughly 71,800 houses serving as controls. For details about the
treatments and experimental design, see Ferraro and Price (2013) and Ferraro et al. (2011). Ferraro
and Price (2013) find that pure information (Treatment 1) had a small and statistically insignificant
effect, while the weak social norm message (Treatment 2) reduced water use by about 2.5 percent
(p < 0.01). In contrast, the strong social norm message (Treatment 3) reduced water use by almost
5 percent (p < 0.01). Ferraro et al. (2011) find that only the strong social norm message significantly
affects water in the following years; up to three watering seasons after treatment assignment, albeit
with smaller effects.

We  merged the experimental data with the 2007 County Tax Assessor Database and the 2000 US
Census (census block group) using home addresses as the merger link. Tax Assessor data provide
relevant information about fair market value, ownership status and the age of the home. The Census
provides data on race and education levels. We  matched 97 percent of the experimental sample to the
tax assessor data and 89 percent to the census data.

Table 1 presents descriptive statistics by treatment and control group for the pre-treatment period.
Columns (1)–(3) display mean values for households assigned to treatments 1–3. Column (4) displays
means for the control group. Columns (5) and (6) show the F-statistic and p-value from a test of the
null hypothesis that mean values are equal across treatment and control groups. With the exception
of ownership status, for which the mean differences are less than one percentage point, there are



Author's personal copy

364 P.J. Ferraro, J.J. Miranda / Resource and Energy Economics 35 (2013) 356– 379

Table 2
Mean on summer 2006 and F-test within subgroups (in thousand of gallons).

Subgroup (1) (2) (3) (4) (5) (6)
Treat 1 Treat 2 Treat 3 Control F-statistic p-Value

Previous water use
(June–November 2006)

Below Median 22.46 22.37 22.45 22.42 0.35 0.79
Above Median 57.48 57.60 57.36 57.40 0.06 0.98

Previous water use (April–May 2007) Below Median 27.91 27.24 27.32 27.51 2.04 0.11
Above Median 53.52 53.79 53.55 53.50 0.09 0.96

Fair  market value Below Median 31.04 30.15 30.37 30.36 2.70 0.04
Above Median 48.14 48.59 48.92 48.54 0.46 0.71

Ownership status Renter 38.75 38.65 38.98 38.66 0.06 0.98
Owner 39.75 39.42 39.71 39.61 0.24 0.87

Age  of home Below Median 41.79 42.05 42.35 41.86 0.42 0.73
Above Median 37.35 36.42 36.83 36.99 1.30 0.27

%  with higher degreea Below Median 33.54 33.59 33.66 33.73 0.14 0.93
Above Median 44.56 44.03 44.51 44.35 0.27 0.85

%  whitea Below Median 33.22 33.25 33.19 33.45 0.35 0.79
Above Median 44.88 44.36 44.84 44.60 0.29 0.83

Source: Experimental Data, 2007 Cobb County Tax Assessor Database, 2000 US Census.
a At block group level.

no statistically significant differences in pre-treatment variables (recall our sample is over 100,000
observations). These results support the claim that randomization was effective.

The treatments were not, however, randomized within the subgroups. Nevertheless, our sample
size is large, our randomization was done within small neighborhood groups and our subgroup set is
small. Thus we would expect that observable and unobservable characteristics that affect water use
would be well balanced between treatment and control groups within subgroups. To provide evidence
of this balance, we examine pre-treatment water use across the treatment and control groups within
each subgroup (see Table 2). For example, we test (F-test) whether pre-treatment mean water uses
across treatment and control groups are statistically indistinguishable from each other within the
group of renter-occupied households, then within the group of owner-occupied households, then
within the group of above-median fair market value households, then within the group of below-
median fair market value households, etc. With sixteen sequential tests and Type I error rate set to
0.05, we would expect approximately one of them to reject the null hypothesis of no difference through
chance alone at the p < 0.05 level. In no test is the null hypothesis rejected.

Table 3
Post-treatment water use descriptive statistics (in thousands of gallons).

Variable (1) (2) (3) (4) (5) (6) (7)
Technical
advice (T1)

Weak
social norm
(T2)

Strong
social norm
(T3)

Control Diff (1)–(4) Diff (2)–(4) Diff (3)–(4)

Post-treatment data
Summer 2007a 36.35 35.39 34.87 36.40 −0.05 −1.00** −1.53**

Summer 2008a 25.51 25.33 24.99 25.49 0.02 −0.17 −0.50*

Summer 2009a 27.78 27.38 27.18 27.42 0.36 −0.04 −0.24
Winter 07/08b 21.63 21.58 21.43 21.71 −0.08 −0.13 −0.28*

Winter 08/09b 21.83 21.57 21.63 21.79 0.04 −0.22 −0.16

Source: Experimental data.
a Summer season comprises July to October use.
b Winter season comprises December to March use.
* p < 0.05.

** p < 0.01.
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Table 4
Test of Zero CATE and Constant CATE (covariates with higher order terms).

Treatment 1

2007 (Zero CATE) 2008 (Zero CATE) 2009 (Zero CATE)

Top down selection of covariates 2 2 2
Bottom up selection of covariates 2 2 2
All  covariates 2 2 2
%  rejections of the null (p < 0.05) 100.0% 100.0% 100.0%

Treatment 2

2007 (Constant CATE) 2008 (Zero CATE) 2009 (Zero CATE)

Top down selection of covariates 1 0 2
Bottom up selection of covariates 0 0 2
All  covariates 0 0 2
%  rejections of the null (p < 0.05) 16.7% 0.0% 100.0%

Treatment 3

2007 (Constant CATE) 2008 (Constant CATE) 2009 (Constant CATE)

Top down selection of covariates 2 2 2
Bottom up selection of covariates 2 2 2
All  covariates 2 2 2
%  rejections of the null (p < 0.05) 100.0% 100.0% 100.0%

Note: These results are summarized from details in online Appendix 1. They represent the number of times that the null
hypothesis is rejected. For Treatment 1, we evaluate Zero CATE (2007, 2008, 2009). For Treatment 2 we evaluate Constant CATE
(2007) and Zero CATE (2008, 2009). For Treatment 3, we evaluate Constant CATE (2007, 2008, 2009). Online Appendices 2
and  3 show the results for the other two specifications (flexible dummy  and continuous variables without higher order terms,
respectively). See text for details.

Table 3 presents descriptive statistics by treatment and control group for post-treatment water use.
This analysis replicates and complements the results reported in Ferraro and Price (2013) and Ferraro
et al. (2011) with our slightly smaller sample. Columns (1)–(4) display mean values for treatment
and control groups. Columns (5)–(7) display differences with respect to the control group and the
statistical significance of these differences. In summer 2007, treated households consumed less water
than the control group, with the difference statistically different from zero for Treatments 2 and 3.9

In summer 2008, that difference remains significant only for Treatment 3. In summer 2009, none of
the treatment effects is significantly different from zero.10 In winter months, when most water use is
indoor water use, only the effect of Treatment 3 in 2007/2008 is statistically significant.

5. Results

5.1. Nonparametric tests

Given the mean effects of Treatment 1 in all years and of Treatment 2 beyond 2007 were statis-
tically indistinguishable from zero, we test whether the mean effects of these treatments are zero
for all subgroups in these years (Zero CATE Test; H0: CATE = 0). For Treatment 2 in summer 2007
and Treatment 3 in all years, we test whether the treatment effect is constant (Constant CATE Test;
H0: CATE = constant). Table 4 summarizes the results for the summer water seasons using the three

9 Ferraro and Price also show the differences among treatments are statistically different, as is the trend when they are
ordered in terms of water use as predicted by their theory (T3 < T2 < T1 < Control).

10 Ferraro, Miranda and Price increase the statistical precision of these 2008–2009 estimates by estimating a regression model
that  includes controls for other covariates that contribute to the variability of water use and the randomization strata, and find
an  effect for treatment 3 in 2009 at the 5% level.
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methods of covariate choice. Each panel shows the results for a specific treatment and each column
shows the number of times that the null hypothesis is rejected for a given year (p < 0.05).

For Treatment 1, the null hypothesis of zero CATE for all subgroups is always rejected. These results
imply that some subgroups may  have an average effect different from zero, corroborating Ferraro
and Price (2013) results: when excluding the top and bottom 0.25 percentile of the distribution, and
controlling for previous water use in a regression framework, Treatment 1 had a small (370 gallons)
yet statistically significant (p < 0.05) reduction in water use. However, when using other specifications
(e.g., without higher-order terms or with flexible coding of the covariates as dummy  variables), we
never reject the null hypothesis. Thus we conclude that there is evidence that some subgroups of the
experimental sample respond to Treatment 1, but we want to see whether the quantile regression
analyses corroborate this conclusion before pursuing a parametric analysis with interaction terms.

For Treatment 2, the null hypothesis of Zero CATE in 2008 is never rejected, but it is always rejected
for 2009 (yet like the results for Treatment 1, alternative specifications yield less consistent results).
With respect to the null of Constant CATE in 2007, the null hypothesis is only rejected one time out of
six tests, which we consider very weak evidence of heterogeneous treatment effects.

For Treatment 3, the null hypothesis of Constant CATE is always rejected (including with other
specifications). Thus we conclude there is strong evidence of heterogeneous treatments effects for
Treatment 3.11

5.2. Quantile regressions

The quantile graphs for each treatment over the three summer periods are depicted in Figs. 1–3.
Each graph plots the average treatment effect (dashed line), the QTE (solid line), and the respective
confidence intervals of these point estimates. For Treatment 1 (Fig. 1), most of the distribution lies
near the zero effect line for all three years without substantial heterogeneity. For Treatment 2 (Fig. 2),
heterogeneity is detected only in 2007 and only clearly apparent in the upper half of the distribution.
For Treatment 3 (Fig. 3), there is clear evidence of substantial heterogeneity in 2007, particularly for the
lower and upper parts of the distribution. Summer 2008 also shows heterogeneity in the upper part of
the distribution, but not as much as in the previous year. The impacts in 2009 are more homogenous.

Thus the results of the quantile regressions are consistent with the nonparametric tests: strong
evidence of heterogeneity in responses to Treatment 3, and weak or no evidence of such heterogene-
ity for the other two treatments. Together, the nonparametric tests (Section 5.1) and the quantile
regressions imply the following result regarding heterogeneous treatment responses:

Result 1. There is strong evidence of heterogeneous responses for Treatment 3 (strong social norm) in
2007 and 2008. The evidence for heterogeneous responses for Treatment 3 in 2009 and for Treatments
1 and 2 in all years is weak or non-existent.

If one assumes rank preservation (see Section 3.3 for evidence) and interprets Figs. 1–3 as approx-
imations of the distribution of treatment effects, they imply another finding:

Result 2. Assuming rank preservation, there is no evidence of an increase in water use as a result of
receiving a treatment message anywhere along the distribution of users. Treatment messages either
reduce water use or have no effect.

5.3. Subgroup analysis

Given the strong evidence in the previous two sections of heterogeneous treatment effects for
Treatment 3 (strong social norm), and the weak evidence for heterogeneous treatment effects for
the other two treatments, we focus the subgroup analysis on Treatment 3. Recall that in Section
4, we demonstrated that pre-treatment mean water use across treatment and control groups are

11 We  also ran all the tests using education and race measured at the census tract instead of the census block. For all tests and
all  treatments, the frequency of rejections does not change (results available upon request).
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Fig. 1. Quantile treatment effects for Treatment 1: pure information (summer 2007, summer 2008, summer 2009). Note:
Graphs plot quantile estimates and mean treatment effects across water use distribution. Dashed line depicts the average
treatment effect in a linear regression (OLS) framework, while dotted line represents its 95% confidence interval. Solid line
depicts the quantile treatment effect and the shadowed area represents its 95% confidence interval. Online Appendix 10 shows
rank  preservation test results.

statistically indistinguishable from each other within each subgroup. This result provides evidence
that randomization was effective at balancing household characteristics that affect post-treatment
water use across the treatment and control groups, permitting the analysis of subgroup treatment
effect heterogeneity.

In regression models that include the treatments, the subgroups, and all interactions of the treat-
ments and the subgroups, we reject the null hypothesis that the effect of Treatment 3 is the same in
all subgroups for 2007 (p < 0.001). For 2008 and 2009, we  cannot reject this null hypothesis (p ≈ 0.15).
As expected, we cannot reject the null hypothesis for any year for treatments 1 and 2. Thus we focus
on estimating individual subgroup effects for Treatment 3 in 2007. For completeness, we  present sub-
group analyses for all treatments, but caution the reader against interpreting any point estimates as
evidence of heterogeneous treatment effects for treatments 1 or 2.

Following Heckman et al. (2002), we simplify the presentation by running independent regres-
sions for each subgroup covariate. Table 5 presents the results. In the lower panel are the p-values
for a hypothesis test of no difference across subgroups within a treatment, unadjusted for repeated
hypothesis testing. If we adjust each p-value using the very conservative multiple-hypothesis testing
adjustment described in Section 3.4, we draw the same inferences. We also draw the same inferences
from the full regression with interaction terms.

Result 3. For Treatment 3 (strong social norm), greater responses are observed in households that
used more water in the past, live in more expensive homes and are occupied by owners rather than
renters.
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Table 5
Subgroup analysis for water consumption (summer 2007).

Dependent variable: Summer 2007

(1) (2) (3) (4) (5) (6) (7)
Previous water use
(June–November
2006)

Previous water
use (April–May
2007)

Fair market
value

Owners/rentersa Age of home % White % with higher
degree

Treatment 1 (technical
advice)

−0.320 (0.171) −0.136 (0.196) 0.171 (0.264) 0.399 (0.976) 0.121 (0.472) −0.550 (0.342) −0.551 (0.342)

Treatment 2 (weak social
norm)

−0.444* (0.185) −0.559** (0.197) −0.732** (0.268) −0.310 (0.777) −0.651 (0.442) −0.678 (0.352) −0.925* (0.371)

Treatment 3 (strong
social norm)

−0.653** (0.159) −0.722** (0.198) −0.772** (0.251) 0.248 (0.754) −1.533** (0.405) −1.421** (0.322) −1.100** (0.340)

Subgroup var. (high = 1) 27.45** (0.200) 27.22** (0.208) 16.54** (0.212) 2.634** (0.341) −4.275** (0.221) 9.694** (0.227) 8.642** (0.228)
Treat  1 × high subgroup

var.
0.445 (0.559) 0.420 (0.589) −0.415 (0.595) −0.530 (1.027) −0.294 (0.616) 0.894 (0.628) 0.876 (0.630)

Treat  2 × high subgroup
var.

−0.774 (0.519) −0.614 (0.541) −0.383 (0.552) −0.802 (0.835) −0.773 (0.570) −0.775 (0.587) −0.296 (0.588)

Treat  3 × high subgroup
var.

−1.994** (0.485) −2.176** (0.503) −1.406** (0.523) −2.101** (0.808) 0.0419 (0.543) −0.334 (0.555) −0.887 (0.560)

Constant  23.019** (0.064) 23.874** (0.075) 28.110** (0.097) 34.170** (0.320) 38.506** (0.165) 31.282** (0.130) 31.816** (0.134)
Observations 102,887 102,887 102,871 102,869 102,461 94,833 94,833
R2 0.22 0.25 0.08 0.01 0.01 0.03 0.02

p-Value equal impact T1 0.43 0.48 0.49 0.61 0.63 0.15 0.16
p-Value equal impact T2 0.14 0.26 0.49 0.34 0.18 0.19 0.61
p-Value equal impact T3 0.00 0.00 0.01 0.01 0.94 0.55 0.11

Note: All water consumption variables are in thousands of gallons.
Online Appendix 4 shows subgroup analysis results including all covariates together. Online Appendices 5 and 6 shows details for summer 2008 and summer 2009, for which the null
hypotheses that the treatment effect is the same in all subgroups cannot be rejected.
Robust standard errors in parentheses.

a In the case of owners (=1)/renter (=0), interaction terms are for owner group rather than high group.
* p < 0.05.

** p < 0.01.
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Fig. 2. Quantile treatment effects for Treatment 2: weak social norm (summer 2007, summer 2008, summer 2009). Note:
Graphs plot quantile estimates and mean treatment effects across water use distribution. Dashed line depicts the average
treatment effect in a linear regression (OLS) framework, while dotted line represents its 95% confidence interval. Solid line
depicts the quantile treatment effect and the shadowed area represents its 95% confidence interval. Online Appendix 10 shows
rank  preservation test results.

We  remind readers that the lack of strong evidence for heterogeneous responses to Treatments 1
and 2 (or to Treatment 3 in 2008 and 2009) from the combined analyses in the last three sections could
arise from a lack of statistical power. The average treatment effects are small for these two treatments.
Thus there may  be heterogeneous responses, but, despite our large sample size, we  cannot detect them.
Whether such responses are likely to be policy-relevant is an open question.

5.4. Targeting information campaigns

Ferraro and Price (2013) show that Treatment 3 is the most cost-effective treatment at a cost of $0.58
per thousand gallons reduced in 2007. They then demonstrate that by targeting only households at or
above the county median use for the previous summer, CCWS could obtain 88 percent of the original
reduction for 65 percent of the original cost.12 Could the information from Sections 5.1 to 5.3 be used
to further improve targeting?

First, Ferraro and Price’s analysis should be updated to reflect the treatment effects of the full 3-year
period: 36% of the total treatment effect occurs 2008–2009. Thus Treatment 3 is actually far more cost-
effective than their analysis implies: it costs $0.37 per thousand gallons reduced. If instead of targeting
households based on their use during the previous year’s summer, as in Ferraro and Price (2013), the
utility were to target households based on their use in the two months before the campaign, it could

12 Recall that approximately the bottom quintile of water consumers is not part of the experiment.



Author's personal copy

370 P.J. Ferraro, J.J. Miranda / Resource and Energy Economics 35 (2013) 356– 379

−
4.

00
−

3.
00

−
2.

00
−

1.
00

0.
00

1.
00

2.
00

T
re

at
m

en
t 3

 −
 S

um
m

er
 2

00
7

0 .2 .4 .6 .8 1
Quantile

−
4.

00
−

3.
00

−
2.

00
−

1.
00

0.
00

1.
00

2.
00

T
re

at
m

en
t 3

 −
 S

um
m

er
 2

00
8

0 .2 .4 .6 .8 1
Quantile

−
4.

00
−

3.
00

−
2.

00
−

1.
00

0.
00

1.
00

2.
00

T
re

at
m

en
t 3

 −
 S

um
m

er
 2

00
9

 0 .2 .4 .6 .8 1
Quantile

Fig. 3. Quantile treatment effects for Treatment 3: strong social norm (summer 2007, summer 2008, summer 2009). Note:
Graphs plot quantile estimates and mean treatment effects across water use distribution. Dashed line depicts the average
treatment effect in a linear regression (OLS) framework, while dotted line represents its 95% confidence interval. Solid line
depicts the quantile treatment effect and the shadowed area represents its 95% confidence interval. Online Appendix 10 shows
rank  preservation test results.

obtain 80 percent of the original reduction for 48 percent of the original cost ($0.23 per thousand
gallons reduced). If the utility were willing to sacrifice further reductions in use to achieve greater
cost-effectiveness, combinations of targeting could further increase cost-effectiveness to $0.20 per
thousand gallons reduced (e.g., target large water users who  own  their home). These possibilities
suggest another result:

Result 4. By targeting on households identified as being more responsive to treatment, the water
utility can reduce the overall program cost by over 50 percent with less than a 20 percent decline in
the total number of gallons reduced.

Environmental programs and policies often cause controversy because they are seen as regres-
sive: the relative burden of change is higher on poorer households. This problem is particularly
acute for pecuniary approaches because the poor typically have more elastic demand. The heteroge-
neous response analysis suggests a potential solution in the context of the non-pecuniary Treatment
3 intervention. By targeting only wealthier households (i.e., high fair market value of the home),
the utility could still achieve 60% of original reduction for about 48% of the original cost ($0.27
per thousand gallons reduced), and simultaneously avoid the politically charged controversy over
equity.

Other targeting strategies are also possible (e.g., determining the conservation reductions possible
if avoiding owner-occupied homes were deemed politically desirable). Combined with information
on the benefits from reduced water use, heterogeneous treatment effect estimates could be used to
determine an optimal targeting strategy.
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5.5. Mechanisms of the strong social norm message (Treatment 3)

Given that Treatment 3 had the largest, most persistent effect and the strongest evidence of het-
erogeneous treatment effects, we focus the mechanism analysis on it. Ideally we  would have designed
the experiment explicitly to test mechanism hypotheses (Ludwig et al., 2011) or would have direct
observations of the plausible mechanisms (e.g., the specific ways in which residents use water or
technologies installed). Like most randomized controlled trials, however, we  do not have these things.
Thus we rely on a combination of theory (i.e., substantive assumptions about behavior) and data to
eliminate rival mechanism explanations of the observed empirical patterns. Using this approach, we
present evidence with regard to three mechanism hypotheses:

(i) The treatment effects are driven mainly by continuous, behavioral changes with recurring costs
(e.g., watering outdoors less frequently or washing full loads of laundry or dishes) rather than
one-time, behavioral or technological investments (e.g., fixing leaks, buying new appliances)

(ii) The treatment effects are driven mainly by changes in outdoor water use rather than changes in
indoor water use; and,

(iii) The social comparison in the message affects behavior by highlighting social norms rather than by
sending signals about privately efficient behavior (i.e., highlighting cost-savings opportunities).

We explain the motivation and policy relevance of each mechanism hypothesis below.

5.5.1. Recurring behavioral changes versus one-shot technological investments
The first hypothesis is relevant for understanding the long-term effects of the program. This hypoth-

esis can be viewed as asking whether the home is treated or the home dwellers are treated. If the home
were treated (e.g., a leak fixed; an efficient irrigation system installed), one would expect on-site treat-
ment effects to persist after the current inhabitants depart. To examine this hypothesis, we  use three
pieces of information.

First, if households reduce water use mainly through one-shot investments (e.g., fix leaks, install
low-flow toilets), one would predict relatively constant treatment effects across years within seasons.
Yet, as indicated in Table 6, the effects wane over time within season (the same waning occurs also in

Table 6
Linear regressions of water seasons (with meter route fixed effects).

(1) (2) (3) (4) (5)
Summer 2007 Winter 07/08 Summer 2008 Winter 08/09 Summer 2009

Treatment 1
(technical
advice)

−0.237 (0.189) −0.121 (0.121) −0.0702 (0.166) 0.0335 (0.189) 0.241 (0.169)

Treatment 2 (weak
social norm)

−0.991** (0.171) −0.108 (0.122) −0.190 (0.184) −0.239 (0.181) −0.0604 (0.167)

Treatment 3
(strong social
norm)

−1.741** (0.166) −0.359** (0.129) −0.637** (0.161) −0.223 (0.181) −0.344* (0.162)

Water use from
June–November
2006

0.347** (0.013) 0.0258** (0.005) 0.127** (0.010) 0.038** (0.0091) 0.170** (0.011)

Water Use in Apr
and May  2007

0.829** (0.045) 0.335** (0.017) 0.414** (0.025) 0.237** (0.016) 0.427** (0.0251)

Constant 1.874 (1.595) 16.207** (0.736) 7.086** (0.841) 15.788** (0.720) 14.140** (1.156)

Observations 106,669 106,669 106,669 106,669 106,669
R2 0.63 0.13 0.25 0.02 0.33

Note: All water consumption variables are in thousands of gallons. Winter season runs from December to March billing. Summer
season runs from July to October billing.
Robust standard errors in parentheses.

* p < 0.05.
** p < 0.01.
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Table 7
Linear regressions: movers and non-movers (with meter route fixed effects).

(1) (2) (3) (4)

Summer 2007 Summer 2008

Movera Non-mover Movera Non-mover

Treatment 1 (pure information) −1.938 (1.058) −0.127 (0.192) −1.367 (0.968) −0.008 (0.169)
Treatment 2 (weak social norm) −1.329 (1.051) −0.970** (0.174) −0.357 (1.104) −0.175 (0.187)
Treatment 3 (strong social norm) −1.931* (0.959) −1.695** (0.169) 0.826 (0.999) −0.671** (0.163)
Water use from June to November 2006 0.226** (0.0293) 0.352** (0.0133) 0.124** (0.0322) 0.126** (0.0102)
Water use in April and May  2007 0.985** (0.0872) 0.817** (0.0462) 0.133* (0.0587) 0.423** (0.0259)
Constant −12.935* (5.905) 2.679 (1.622) 6.177* (2.424) 7.292** (0.861)

Observations 3667 102,811 3667 102,811
R2 0.53 0.64 0.22 0.25

Note: All water consumption variables are in thousands of gallons.
Robust standard errors in parentheses

a New residents between December 2007–September 2008.
* p < 0.05.

** p < 0.01.

spring months). Nevertheless, inter-year variations in other factors could also explain this observed
pattern.

Second, if households were to reduce water use mainly through one-shot, fixed-cost investments,
one would expect such investments to be more likely in older houses where such investments are
more cost-effective (e.g., they are more likely to have leaking pipes and older appliances; see Section
3.1). Table 5, however, shows that there is no difference in the responses between older and newer
houses.

The third and final test exploits the re-framing of the first hypothesis in terms of asking whether
the home or home dweller is treated. If one-shot, fixed-cost investments were driving reductions, the
treatment effects should not disappear when the message recipients move out of their homes. We
define “movers” as those households where the customer identification number changed between
December 2007 and September 2008. Table 7 shows that, in summer 2007, movers (who had not yet
moved) and non-movers reacted similarly to Treatment 3. In fact movers reduced a bit more than non-
movers: 1900 versus 1700 gallons (the difference is not statistically different from zero in a pooled
regression model). In summer 2008, however, Treatment 3 had a positive, but statistically insignificant,
effect on households in which the message recipients had moved out (the difference between movers
and nonmovers in a pooled regression model is statistically significant at p = 0.06).

Although none of these three observations by itself necessarily excludes one mechanism or the
other, when combined they suggest a fifth result:

Result 5. The evidence is consistent with the hypothesis that the effects of the strong social norm
message (Treatment 3) are driven mainly by behavioral changes with recurring costs rather than
fixed-cost investments in technology.

5.5.2. Outdoor versus indoor water use changes
The second hypothesis is relevant to understanding the environmental effects of the treatment.

Most of the indoor water used in Cobb County returns to the surface water system from which it
was drawn. Because of processes like evapotranspiration and infiltration, most of the outdoor water
used does not return on a time scale relevant for stream flow. Thus the environmental benefits from
conservation are much larger for outdoor water use. To examine this hypothesis, one would ideally
be able to observe outdoor and indoor water use separately, but Cobb County does not measure these
uses separately. So we must depend on two  observations.

First, theory and previous empirical evidence (e.g., Mansur and Olmstead, 2012) show that outdoor
water demand is more price elastic than indoor demand. A plausible prediction is that households
responding to the strong social norm message would likely first look to reduce water from outdoor
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Table 8
Linear regressions of July 2007, December 2007 and July 2008 (with meter route fixed effects).

(1) (2) (3)
July 2007 December 2007 July 2008

Treatment 1 (technical advice) −0.054 (0.0618) −0.050 (0.045) −0.067 (0.062)
Treatment 2 (weak social norm) −0.334** (0.0618) −0.057 (0.0453) −0.054 (0.062)
Treatment 3 (strong social norm) −0.548** (0.0618) −0.087 (0.0453) −0.220** (0.0623)
Water use from June to November 2006 0.103** (0.001) 0.008** (0.001) 0.036** (0.001)
Water use in April and May  2007 0.228** (0.002) 0.092** (0.001) 0.119** (0.002)
Constant −0.899* (0.386) −1.215** (0.283) 3.481** (0.389)

Observations 106,669 106,669 106,669
R2 0.56 0.15 0.19

Standard errors in parentheses.
* p < 0.05.

** p < 0.01.

use, just as they would respond to a price increase. Moreover, empirical evidence from psychology and
behavioral economics suggests that norm-based interventions are more effective when the behavioral
responses are visible to others (e.g., Yoeli, 2009). This evidence would imply that households would be
more likely to reduce outdoor water use because such responses are more visible to their neighbors.13

Second, treatment effects are largest in the months in which outdoor watering is typically observed.
The lowest consumption in Cobb County occurs in December, during the winter when, water utility
employees say, most use is indoor use. The highest consumption occurs in July, during the summer
when most outdoor watering occurs. In 2006, before the experiment was  implemented, the average
December consumption in our sample was 6007 gallons and the average July consumption was  11,470,
a 90 percent increase. We  thus believe a contrast of treatment effects in December and July captures
differences in indoor versus outdoor use.

Table 8 presents estimates of the average treatment effects for July 2007, December 2007, and
July 2008 from regressions that include the strata in which the randomization was  conducted (meter
routes) and pre-treatment water use variables. In July 2007 and July 2008, Treatment 3 has large and
statistically significant effects on water use, and the effect in July 2008 is half of the effect in July 2007.
In December 2007, however, the effect of Treatment 3 is small and statistically insignificant. Comparing
coefficients across regressions, the treatment effects in July 2007 or July 2008 versus December 2007,
the differences are statistically significant (p < 0.01 and p < 0.04, respectively).

To argue that these results do not imply most of the treatment effect comes through outdoor
watering, one would have to argue that only the effect on indoor water use wanes (thus the July 2008
effect is the same as the outdoor effect in July 2007). Such an argument contradicts the data. First, it
is hard to imagine how behavioral changes indoors (rather than technological changes) could have
accounted for half the water reduction observed in July 2007 when about 60 percent of indoor water
use is for toilets, washing and bathing.14 Second, the treatment effect from July 2009 is small and
insignificantly different from zero (−0.081, p = 0.23) and significantly different from the treatment
effect in July 2008 (p = 0.06). Thus one would have to argue that waning in the outdoor treatment
effects only started after July 2008, which seems implausible. We  therefore believe that the evidence
supports a sixth result:

Result 6. The evidence is consistent with the hypothesis that the effects of the strong social norm
message (Treatment 3) are driven mainly by changes in outdoor water use.

5.5.3. Social versus private preferences
The third hypothesis has not, to our knowledge, been raised in the literature on social comparisons.

Rather than working through social preferences, the social comparison may  work simply by conveying

13 We  thank a reviewer for pointing this out.
14 http://www.epa.gov/WaterSense/pubs/indoor.html.
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costly information about private costs and benefits. In an incomplete-information world with costly
information acquisition or boundedly rational agents, households may not be optimizing their water
use. The lack of a treatment effect from the information-only treatment (Treatment 1) suggests that
households already know how they can reduce water use. They may  assume, however, that adopting
(or disadopting) these practices would not be utility-maximizing given their beliefs about costs and
benefits. Yet when confronted with information about others’ water use, they may  update their beliefs
(e.g., “I didn’t know there could be gains from adopting these tips until I saw how my  use compared
to others’ use.”).

Thus the “social” comparison may  actually be a “private” signal. Rather than harnessing pro-social
preferences, the comparison helps self-interested, utility-maximizing agents get closer to the pri-
vately optimal water use pattern under complete information. We  focus on the social comparison,
rather than Treatment 3 in its entirety, because (1) Ferraro and Price (2013) showed that the tip
sheet had no detectable effect and that there were statistically significant differences across treat-
ments, and (2) Treatment 2 could only have affected behavior through social preferences. Thus we
can conclude that some of the effect from Treatment 3 arose from social preferences. The ques-
tion that remains is “Through what mechanism did the addition of the social comparison reduce
water use further?” Answering this question is relevant to unexplored topic of the welfare effects
of social comparison-based interventions: if they operate through self-interested preferences rather
than pro-social preferences, they are likely welfare-enhancing. If they operate through pro-social
preferences, they could be welfare-reducing (e.g., if social comparisons instill guilt, which lowers
utility).

To examine this hypothesis, we use three pieces of information. First, we take advantage of Cobb
County’s increasing block price structure and test for the presence of private preference-based mech-
anisms. The price per additional gallon of water use increased at two thresholds: 9000 gallons/month
(from $2.21 to $2.55/1000 gallons) and 16,000 gallons/month (to $2.88/1000 gallons). If private pre-
ferences motivate treatment responses, households that were using just above these threshold limits
in the pre-treatment summer period should, on average, be more likely to reduce their water use
post-treatment than households just below the threshold limits (because the expected cost savings
are higher for households above the threshold).

Using bandwidths of 500, 1000, 2000, 3000 and 4000 gallons around the threshold, we test whether
households just above the threshold respond more to the message than households just below the
threshold within the bandwidth. We  define “above the threshold” in two  ways: as a dummy  variable
and as a continuous variable (the difference between water use in summer 2006 and the threshold). We
estimate models both with and without the other subgroup-defining covariates. We  also re-estimate
all the models using only households who  were consistently above or below the threshold every
month in the previous summer (rather than above or below based on average monthly consumption
during the summer). Thus we estimate 52 regression models and summarize the results in Table 9.
In only three of them could we reject the null hypothesis of no difference between those above and
below the threshold within the bandwidth, and in these cases the sign of the estimated coefficient
was inconsistent with the hypothesis (in fact, for 34 of the 52 cases, the estimated coefficient was
inconsistent with the hypothesis).

Second, we combine the results from Sections 5.3, 5.5.1 and 5.5.2 with assumptions about
heterogeneous responses when private preferences motivate water use reductions. In Section 5.5.1,
we presented evidence consistent with the hypothesis that households respond to the treatment with
behavioral changes that have recurring costs. If this hypothesis were true and water reductions were
driven by private preferences, renters and owners should be equally likely to decrease water use to
save money because savings are immediate and not capitalized into the value of the house, as they
might be with one-shot, technology investments. In Section 5.5.2, we  presented evidence consistent
with the hypothesis that households responded to the treatment with reductions mainly in outdoor
water use. Such reductions could damage landscaping investments (and perhaps property values) and
in a private preference framework, one would thus predict owners to respond less to treatment. In
other words, if private preferences are driving decisions, we predict that owners should not respond
more to treatment. In contrast to this prediction, however, we observed in Section 5.3 that owners
are more responsive to the treatment (even after conditioning on all the other covariates).
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Table 9
Block price threshold regressions by treatment.

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)
9000  16,000 9000 16,000 9000 16,000 9000 16,000 9000 16,000

bw = 500 bw = 1000 bw = 2000 bw = 3000 bw = 4000

Measure 1: dummy  above threshold
Treat 1 × above bandwidth 0.878

(1.182)
−1.566
(3.691)

1.030
(0.835)

3.413
(3.523)

−0.0295
(0.597)

2.457
(2.200)

0.177
(0.511)

0.709
(1.786)

0.094
(0.460)

−0.095
(1.333)

Treat  2 × above bandwidth 1.849
(1.368)

−4.285
(3.440)

1.215
(0.905)

−2.140
(2.445)

−0.227
(0.605)

−0.930
(1.827)

−0.283
(0.521)

−0.819
(1.472)

−0.523
(0.474)

−0.631
(1.264)

Treat 3 × above bandwidth 2.409*

(1.084)
−4.336
(3.320)

1.345
(0.841)

−0.843
(2.437)

0.206
(0.634)

0.182
(1.779)

−0.276
(0.538)

1.582
(1.529)

−0.387
(0.486)

1.841
(1.195)

Other  covariates Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Measure 2: continuous variable, difference with respect to threshold

Treat 1 × dummy above BW × Diff. −0.356
(2.149)

7.621
(6.848)

−0.281
(0.761)

3.612
(3.425)

−0.595*

(0.258)
−1.968*

(0.815)
−0.230
(0.149)

−0.413
(0.476)

−0.161
(0.096)

0.108
(0.150)

Treat  2 × dummy above BW × Diff. −0.302
(2.695)

−1.061
(5.581)

−0.840
(0.846)

2.567
(1.936)

−0.242
(0.274)

0.0794
(0.845)

−0.193
(0.150)

0.172
(0.401)

−0.157
(0.103)

0.0897
(0.144)

Treat  3 × dummy above BW × Diff. −0.633
(2.046)

0.305
(6.214)

−0.430
(0.767)

1.499
(2.184)

−0.587*

(0.256)
0.307
(0.778)

−0.234
(0.150)

1.261**

(0.446)
−0.143
(0.098)

−0.107
(0.139)

Other  covariates Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Measure 3: dummy  above threshold for each month (rather than aggregated)

Treat 1 × above bandwidth n.a. n.a. n.a. n.a. 5.120 – −0.589 −2.066 1.905 −2.031
n.a.  n.a. n.a. n.a. (3.164) – (1.567) (6.462) (1.438) (6.307)

Treat  2 × above bandwidth n.a. n.a. n.a. n.a. 5.809 −3.616 1.307 −1.315 1.255 9.506
n.a.  n.a. n.a. n.a. (4.157) (12.50) (1.606) (6.180) (1.206) (11.39)

Treat  3 × above bandwidth n.a. n.a. n.a. n.a. 2.483 – 2.134 −2.212 0.870 −7.241
n.a.  n.a. n.a. n.a. (3.216) – (1.676) (11.00) (1.271) (6.219)

Other  covariates Yes Yes Yes Yes Yes Yes

Note: These results are summarized from details in online Appendices 7–9. Other covariates: fair market value, age of home, ownership status, % white, % with higher degree and each
term  of the interaction covariates. Results for Measure 3 with bandwidth of 500 and 1000 gallons are not available due to small samples.
Robust standard errors in parentheses.

* p < 0.05.
** p < 0.01.
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Table 10
Social norms or signal of privately optimal behavior (with meter route fixed effects).

Summer 2007

Treatment 1 (pure information) −0.0282 (0.320)
Treatment 2 (weak social norm) −0.898** (0.265)
Treatment 3 (strong social norm) −2.127** (0.264)
High proportion renters (=1 if >median) 0.113 (0.282)
High proportion renters × Treat 1 −0.219 (0.396)
High proportion renters × Treat 2 −0.144 (0.356)
High proportion renters × Treat 3 0.888* (0.351)
Water use from June to November 2006 0.335** (0.014)
Water use in April and May  2007 0.823** (0.052)
Ownership status 0.701** (0.189)
Fair  market value 1.79e−05** (3.12e−06)
Age of home 0.027* (0.011)
Constant −2.422 (1.799)

Observations 95,233
R2 0.64

Note: All water consumption variables are in thousands of gallons.
Robust standard errors in parentheses

* p < 0.05.
** p < 0.01.

Third, we assert that if private preferences for cost savings were driving reductions in water
use, then after holding owner/renter status constant, a change in the percentage of renters in the
neighborhood (census block group) should not influence the response of a household to Treat-
ment 3. The political science and economics literature cited in Section 3.1, however, suggests this
percentage may  affect a household for whom the social comparison is working through social pre-
ferences because neighborhoods with greater ownership rates have greater social connections. Thus
the norm created by the social comparison to neighbors is more relevant or salient for them. More-
over, we would not expect any such interaction between the proportion of households renting in
a neighborhood and Treatment 1 or Treatment 2 because there is no social comparison in these
treatments. Thus keeping these treatments in the model helps protect against spurious rejections
of the null hypothesis because of other factors that may  be correlated with an increase in renters
in a neighborhood. We  further protect against such rejections by adding previous water use, home
and homeowner characteristics and 390 neighborhood fixed effects (meter route strata) to the
model.

We define high-rental neighborhoods as those who  have a percentage of renters greater than
the median. We  then create interaction terms with a dummy  variable for above-median propor-
tion of renters and the treatment dummy  variables. Results are shown in Table 10. The interaction
term is positive and significantly different from zero for only Treatment 3. Holding ownership status,
home characteristics, previous water use and other neighborhood characteristics constant, house-
holds who receive Treatment 3 are more responsive in census block groups with low percentages of
renters.

Although none of these three observations by itself necessarily excludes one mechanism or the
other, when combined they suggest a final result:15

Result 7. The evidence is consistent with the hypothesis that the social comparison induces greater
water use reductions by highlighting social norms rather than by sending signals about privately
efficient behavior.

15 Additional evidence comes from a recent working paper in political science that uses the same experimental sample merged
with  voting behavior and presents results consistent with the hypothesis that internalized pro-social preferences promote action
for  the public good across behavioral contexts (Bolsen et al., 2012).
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6. Conclusions

Non-pecuniary, information-based strategies are increasingly being used to influence individual
decision-making to achieve policy objectives. Despite their increasing popularity, their conceptual
and empirical foundations remain under-researched. Although a growing number of scholars are
conducting randomized experiments to test information-based strategies, many only report average
treatment effects, thereby ignoring variation in the treatment effects. Moreover, none have attempted
to elucidate the mechanisms through which these strategies operate.

In experimental studies in which treatments are not randomized within subgroups, or in any
observational study, one must be cautious when estimating heterogeneous treatment effects. Unlike
many studies of heterogeneous treatment effects in social experiments, we reduce the risk of mis-
labeling spurious correlations as heterogeneous treatment effects by combining complementary
empirical approaches in an experiment with a large sample size and randomization conducted
within small neighborhood strata. These attributes afford us better statistical power and experi-
mental control in estimating heterogeneous treatment effects across observable subgroups in the
population.

In a study of an information-based environmental program to induce voluntary reductions in the
use of a common pool resource, we find strong evidence of heterogeneous treatment effects for a
message that augments pure technical information with pro-social language and social comparisons
(strong social norm message). In contrast, we  were unable to detect strong evidence of heterogeneous
treatment effects from pure information alone or pure information with pro-social language but no
social comparison (i.e., traditional conservation messages).

Furthermore, the results from a subgroup analysis and quantile regressions imply (assuming rank
preservation is a good approximation; see Section 3.3) that the information treatments either reduce
or have no effect on water use; they never increase it for any subgroups.16 This result has interesting
implications for the “boomerang” effect, a heterogeneous response predicted by social psychologists
whereby low resource users discover through the social comparison that they are low users and, in
response, increase their use (e.g., Schultz et al., 2007). To avoid this predicted response, OPower’s norm-
based, energy conservation program (Section 2) supplements its social comparisons with emoticons: if
a household’s energy use is below the average of its comparison group, it receives a green “smiley face”
that is assumed to prevent the boomerang effect. Despite the absence of emoticons in our experiment,
we find no evidence of a boomerang effect (perhaps because the negative framing of the household’s
percentile in this treatment acts as an injunctive norm).

With regard to mechanisms, the evidence suggests that the strong social norm message operates
through behavioral changes with recurring variable costs rather than one-shot, fixed-cost investments
(which makes the message’s effects more likely to wane over time), and through changes in out-
door rather than indoor watering (which increases the environmental benefits of the messages). We
also explore a third mechanism hypothesis that posits a rival explanation of how social comparisons
affect behavior: rather than operating through social preferences, they may  convey costly information
about privately efficient behavior to households with incomplete information. The evidence, how-
ever, is inconsistent with this rival explanation. Social comparisons do seem to work through social
preferences, which would have important implications for future attempts to estimate the full welfare
implications of information-based policies and programs (e.g., if the messages work by inducing guilt).

Our study has at least three policy implications. The first relates to the external validity of the CCWS
experiment: sites with poor households, many renters, or low water use may  not see as large of an
impact as Cobb County did from an information campaign that augments information and pro-social
language with social comparisons.

Second, making information about heterogeneous treatment effects available to decision makers
can greatly improve program cost-effectiveness. We  demonstrated that with improved targeting based
on observable household characteristics, the overall costs of the program could be reduced by over 50

16 Earlier versions of Costa and Kahn, 2013, for example, claimed Republicans increased their electricity consumption after
receiving a norm-based message.
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percent with less than a 20 percent decline in the aggregate impact. Targeting can also improve the
equity of outcomes or achieve other political objectives.

Third, as suggested by Ferraro and Price (2013), pecuniary and norm-based, non-pecuniary policies
may  be complementary. The strong social norm message had an immediate effect on water use in the
month after the message was sent and high-income households are most responsive to the message.
Thus in contrast to water conservation programs that use pecuniary incentives, for which average
responses are slow and high-income households are least responsive (e.g., Mansur and Olmstead,
2012), programs based on norm-based incentives work quickly and are most effective among high-
income households. Moreover, price changes are typically expected to lead to a persistent change in
the quantity demanded, whereas the evidence from this experiment suggests the effects of norm-
based approaches wane over time. Thus the two  approaches may  be preferred in different contexts
(e.g., a need to change short-term demand rather than long-term demand) and may  be complementary
when combined. Future experiments should directly test the hypothesis of complementarity between
the two approaches by randomly assigning pecuniary and non-pecuniary incentives, in isolation and
in combination (and, if possible, randomizing within subgroups of interest).

Appendix A. Supplementary data

Supplementary data associated with this article can be found, in the online version, at
http://dx.doi.org/10.1016/j.reseneeco.2013.04.001.
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