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Abstract

External validity is an integral part of empirical work and has become a central theme in
recent debates over the usefulness of randomized field experiments and the merits of structural
vs. reduced form approaches. While there is substantial evidence of the value of experimental
relative to non-experimental estimates (e.g. Lalonde 1986), there is little quantitative evidence
on the external validity of experimental estimates because experiments are rarely implemented
in multiple settings. This paper exploits a remarkable series of 14 nearly-identical energy con-
servation field experiments run by a company called OPOWER, involving 550,000 households
across the U.S. Despite the availability of potentially-promising individual-level covariates, we
show that differences in observable characteristics explain very little of the variation in treat-
ment effects across populations. Furthermore, we show that the electric utilities that partner
with OPOWER differ systematically on characteristics that are correlated with the treatment
effect, providing evidence of a "partner selection bias" that is analogous to biases caused by
individual-level selection into treatment. We present suggestive but quantitative evidence that

partner selection bias may exist in other domains.
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1 Introduction

Since Lalonde (1986) and related work, economists have focused efforts on experimental and quasi-
experimental research designs to estimate treatment effects that are "internally valid" to the ex-
perimental setting. Treatment effects can vary within and across settings, however, and the experi-
mental setting is typically not the only setting of interest. The ability to infer treatment effects out
sample has become a central question in recent debates over the merits of structural vs. reduced
form empirical work (Angrist and Pischke 2010, Nevo and Whinston 2010) and of randomized
controlled trials (Deaton 2010, Heckman 2010, Imbens 2010, Rodrik 2009). Although "external
validity" is central to this discussion of when and how to use field experiments, there is little
quantitative evidence of its importance in any domain.

We focus on one particular aspect of external validity: how well treatment effects can be gener-
alized across heterogeneous populations and economic environments. Under a strong definition of
external validity, treatment effects could be extrapolated from one setting to another if observable
differences are taken into account. Just as individual-level outcomes vary on unobservables, how-
ever, treatment effects may vary on unobservables. Under a weaker definition of external validity,
unobservables may vary across settings, but one could infer the distribution of possible treatment
effects by running many experiments in a random sample of potential settings. Just as individual
units select into treatment, however, experimental sites may themselves be selected.

As in Lalonde (1986), testing internal validity requires one setting where a consistent estimator
is available, and involves comparing a set of proposed estimators to that consistent estimator.
Testing external validity in our two senses requires a set of internally-valid estimators of the same
parameter in different settings. To test the stronger version of external validity, one extrapolates
between settings and tests for whether unobservables generate excess variance between predicted
and actual treatment effects. Explicitly testing the weaker version is not possible because we do
not observe the distribution of treatment effects across non-experimental settings. However, just as
individual-level selection into treatment on observables suggests selection on unobservables (Altonji,
Elder, and Taber 2005), one can test whether experimental and non-experimental settings vary on
observable factors that correlate with the treatment effect.

We take advantage of a remarkable opportunity to quantify the importance of external validity
in one domain: a series of 14 nearly-identical randomized field experiments involving more than
one-half million households in different sites across the United States. The experiments are run by a
company called OPOWER, which mails Home Energy Reports to residential electricity consumers
that compare their energy use to that of their neighbors and provide energy conservation tips.
Although we use these programs to make a broader scientific point, the generalizability of this
program’s effects to potential future sites is of great specific interest to environmental economists
and policymakers. This is due to a proliferation of new regulations mandating energy conservation,
spurred partially by concern over climate change and high energy prices, which will force additional

utilities across the country to decide whether to adopt the program.



We begin by introducing a formal model of external validity. The model begins with the standard
individual-level framework of potential outcomes and treatment effects, as in Rubin (1974), and
captures selection into treatment using a simple generalized Roy framework that draws on Heckman
and Vytlacil’s (2005, 2007) Marginal Treatment Effect approach. We then aggregate to the site
level, where potential partner sites have different potential outcomes depending on whether they
adopt and evaluate a program. The site-level decision of whether to adopt the program closely
resembles the individual-level decision of whether to select into treatment.

The model formalizes our two notions of external validity. Under the stronger notion, results
from one Sample site generalize to any other Target site after controlling for differences in the
distributions of observables. This requires an assumption called "unconfounded location" (Hotz,
Imbens, and Mortimer 2005). Under the weaker notion of external validity, there is no bias on
average when extrapolating from many Sample sites that have adopted and evaluated the treatment
to many Target sites that have not. This weaker notion requires a weaker assumption, which we call

" which allows unobservables to vary across sites but requires

"expectation unconfounded location,'
that selection be independent of these unobservables.

We then turn to the OPOWER programs as one empirical test of these assumptions. Average
Treatment Effects vary by 240 percent across the 14 existing experiments, an amount which is both
statistically and economically significant. Compared to other settings of interest to economists,
however, one might expect relative success at using observable population characteristics to explain
this variation. This is because the treatment is almost exactly the same across experiments and
because we observe a large set of covariates which theory predicts could moderate treatment effects.

We use "Sample" data from each of the 14 experiments and adjust for observable differences
in population characteristics in an effort to predict average treatment effects in each of the 13
other "Target" populations. Our first adjustment procedure is to estimate the treatment effect in
the Sample as a linear function of observed covariates, then predict the treatment effect given the
different covariate means in the Target. Our second procedure uses Inverse Probability Weights to
reweight the Sample population to resemble the Target population on observables. Using these two
procedures, we compare the ATEs predicted using Sample data to the experimentally-estimated
ATEs in the Target populations. The unconfounded location assumption is rejected: the predicted
and true Target ATEs differ with 90 percent confidence about 50 percent of the time.

We then test the assumption of "expected unconfounded location." Including the 14 initial
experiments and future contracted programs, the company has 47 partner electric utilities in 21
states. These partners were drawn from the larger population of nearly 1000 utilities in the U.S. We
show that there is selection on observables: OPOWER’s partners tend to have different ownership
structure, are larger, and tend to be in wealthier states with stronger environmental regulation.
Furthermore, within the 14 experiments where results are available, there is statistical evidence
of "partner selection bias": selection probabilities conditional on observables are systematically

correlated with treatment effects. This suggests that the average ATE for sites that have adopted



the program is likely not an unbiased measure of the average ATE for sites that have not.

As with Lalonde’s (1986) analysis of experimental vs. non-experimental estimators, the OPOWER
field experiments are only one example in one setting. The precise magnitudes of the difficulties
in generalizing OPOWER’s results surely cannot be generalized to other settings. To provide one
additional data point on the conceptual issue of partner selection bias, we turn to microfinance. We
examine the characteristics of microfinancial institutions (MFIs) that have partnered to carry out
randomized trials with three large academic initiatives: the Jameel Poverty Action Lab, Innovations
for Poverty Action, and the Financial Access Initiative. We show that partner MFIs differ from
the average MFI on characteristics that might be associated with effects of various treatments,
including for-profit status, size, experience, share of borrowers that are female, and average loan
size. Because microfinance field experiments study a variety of different "treatments," we do not
correlate selection probabilities with treatment effects as we do for the OPOWER experiments.
The microfinance example, however, provides additional suggestive evidence that partner selection
bias is not unique to OPOWER.

Our analysis cannot be used to argue that randomized field experiments are not useful and im-
portant in this context. We show that the non-experimental approaches to evaluating the OPOWER
programs that would necessarily be used in the absence of experimental data perform dramatically
worse than experimental estimators in the same population. Perhaps more interestingly, non-
experimental estimates from the correct Target population also perform substantially worse than
treatment effects predicted for the Target using experimental data from different Sample popula-
tions. Thus, while one would not argue against internal validity, our analysis does suggest that
external validity merits attention and rigorous treatment. In the conclusion, we discuss several
forms that this might take.

1.1 Related Literature

The literature that most directly motivates our analysis are recent debates of the merits of "struc-
tural" vs. "reduced form" approaches and the role of randomized evaluations in generating useful
new knowledge. One factor precipitating this debate is the increasing popularity of randomized
field experiments in economics, perhaps most prominently in development economics, but also in
behavioral economics, labor, education, environmental economics, and other fields.

While the debates have many facets, external validity has been a central issue. Imbens (2010)
writes, "Much of the debate between structural and causal approaches ultimately centers on the
weight researchers put on external validity versus internal validity of a study." Rodrik’s (2009)
main criticism of development microeconomics is that its practitioners "have to recognize that the
utility of randomized evaluations is restricted by the narrow and limited scope of their application."
Similarly, a fundamental part of Deaton’s (2010) argument is that randomized trials are "too narrow

and too local to tell us "what works" in development."



Duflo (2004), Duflo, Glennerster, and Kremer (2007), and others discuss several classes of threats
to a study’s external validity. Randomized trials may suffer from Hawthorne effects, in which the
subjects behave differently because they know they are being studied. Subjects who choose or
are allowed to select into randomized trials may differ from the population of interest. Fven if
experimental participants are randomly selected from a population, that population may itself be
different from other populations of interest. Features of the "economic environment" may vary
across settings, such as the unemployment rate in job training programs or the weather in energy
conservation programs. Treatment fidelity may be questionable, for example because scientific
projects are "gold plated" or because programs must be adapted in order to be implemented at
scale. Furthermore, when programs are scaled, there may be general equilibrium effects.

The OPOWER setting isolates the impact of two of these factors: differences in population
and differences in economic environment. This is because OPOWER’s programs are implemented
as natural field experiments, meaning that most subjects do not know they are being studied,
entire populations are treated, eliminating selection into the experiment, and the treatment is
implemented at large scale and is almost completely identical across locations, reducing concerns
about treatment fidelity.

The opportunity afforded by OPOWER to study the generalizability of experimental results
across sites is unusual, but not unique: our analysis connects to a small literature that compares
impacts of programs implemented at multiple sites. In development economics, there are several
published multi-site randomized evaluations. Banerjee, Cole, Duflo, and Linden (2007) evaluate a
remedial education program carried out in two Indian cities, Vadodara and Mumbai. The effects
are similar for math across the two cities but stronger for language in Vadodara, which the authors
attribute to the fact that more students in Mumbai already had basic reading skills. Chattopadhyay
and Duflo (2004) examine an Indian policy, which was implemented as a randomized trial, that
reserved additional spaces on village councils for women. They compare effects from two districts in
different parts of the country, showing that women invest more in public goods more closely linked
to women’s interests in both locations, although those interests vary between the two locations.
Miguel and Kremer (2004) and Bobonis, Miguel, and Sharma (2006) carry out similar health
interventions in Kenya and India and find qualitatively similar results.

As one weakens the definition of what a "similar" treatment is, there are increasingly large
literatures that compare "similar" treatments in different settings. For example, Aigner (1984)
compares demand parameters from a number of related electricity pricing randomized experiments.
Card, Kluve, and Weber (2009) carry out a meta-evaluation of 97 studies of labor market policies.
Holla and Kremer (2009) survey evidence from a number randomized trials on the effects of price
on access to education and health care in developing countries. Meyer (1995) draws lessons from
unemployment insurance experiments carried out in different parts of the U.S. There are many
other examples, including studies of class size reductions, returns to education, and the effects of

military service (Angrist and Pischke 2010).



Quasi-experimental parameter estimates can also be compared across locations or across groups
to whom different instruments are "local." For example, Angrist, Lavy, and Schlosser (2010) com-
pare the effects of multiple different instruments that act on different populations to estimate the
causal link between the quantity and quality of children.

The papers most closely related to ours analyze job training programs implemented across
multiple sites in the U.S. during the 1980s. The Job Training Partnership Act (JTPA) of 1982
implemented job training programs at 600 sites, of which 16 were implemented as randomized
trials.! Although they were claimed to "represent the diversity of the program," the experimental
sites were those that agreed to participate out of more than 200 that were originally approached
(Hotz 1992). Even if the 16 sites were representative of the broader population of sites, Heckman
and Smith (1997) simulate that because of the substantial variability in effects across sites, the
aggregate experimental impact estimates would have differed substantially depending on which set
of sites were evaluated.

Hotz, Imbens, and Mortimer (2005) analyze the Work INcentive (WIN) job training program
implemented at four separate locations in the 1980s. They are relatively successful at using observ-
able characteristics to extrapolate treatment and control outcomes for most subgroups that they
examine. Dehejia (2003) and Hotz, Imbens, and Klerman (2006) examine the Greater Avenues
for Independence (GAIN) job training program, which was carried out in six California counties.
Both papers use observables to control for differences in economic factors and population charac-
teristics between sites in order to determine whether the Riverside County site, which emphasized
a particular method of job training called "Labor Force Attachment," was more effective.

Within this job training literature, there is thus an apparent disagreement over the generaliz-
ability of results of randomized evaluations. The JTPA analyses would lead one to believe that
even 16 randomized trials are insufficient to know a program’s expected impact. The WIN and
GAIN analyses, on the other hand, lead one to believe that unexplained differences between any
pair of sites might be attributed to a specific element of program design.

The three WIN and GAIN studies, as well as others that formally or informally use observables
to generalize or extrapolate treatment effects, involve a subtle conceptual contradiction. The studies
evaluate randomized trials that were run because unobservable factors confound non-experimental
comparisons of treatment and control group outcomes within a population. However, the studies
assume that unobservable factors do not confound comparisons of treatment effects across popula-
tions. While these three studies are explicit about these assumptions and present suggestive tests

that they are valid, these studies are unusual in the rigor they apply to extrapolation.

'The official Department of Labor evaluation (Bloom et al. 1993) illustrates a common tension that empirical
researchers face between being cautious about external validity and claiming that the study has produced generalizable
knowledge. The authors write (page 73) that the sites and participants "resemble [sites] and their participants
nationally and also include much of their diversity." In an appendix, however, they caution that "we make no claims
about the national representativeness of the impact estimates" (page 295). Despite this word of caution, the impact
evaluation’s results were an important justification for Congress in cutting national JTPA program funding by 80
percent (Heckman and Smith 1997).



Deaton (2010), citing Cartwright (2007a), highlights this issue. He draws a contrast "between
the rigor applied to establish internal validity - to establish the gold standard status of RCTs - and
the much looser arguments that are used to defend the transplantation of the experimental results
to policy. For example, running RCTs to find out whether a project works is often defended on the
grounds that the experimental project is like the policy that it might support. But the “like” is
typically argued by an appeal to similar circumstances, or a similar environment, arguments that
depend entirely on observable variables. Yet controlling for observables is the key to the matching
estimators that are one of the main competitors for RCTs and that are typically rejected by the
advocates of RCTs on the grounds that RCTs control not only for the things that we observe but
things that we cannot."

The next section uses a formal model to bring this issue to life, showing that unobservables and
selection problems that have received significant attention in discussions of internal validity have

direct analogues at the population level that affect external validity.

2 Model

In this section, we write a simple model of potential outcomes, selection into treatment, and average
treatment effects. We start by reviewing a simple individual-level model that builds on the Rubin
(1974) Causal Model and incorporates generalized Roy-style selection into treatment similarly to
Heckman and Vytlacil (2005, 2007). The review is useful for comparison, as we then build a

population-level model of average treatment effects and selection into programs and evaluations.

2.1 Individual-Level Model

There is a population of individual units indexed by i. Of interest is a binary treatment that affects
observed outcome Y;. Each individual unit has two potential outcomes, Yi; if exposed to treatment
and Yp; if not. For simplicity, we assume that Y; is a linear and additively-separable function of

observed and unobserved characteristics X; and Z;:

Yoo = BXi+({Z; (1a)
Yii = (a+B8)Xi+(v+)Z (1b)

Individual 7’s treatment effect is the difference in Y; between the treated and untreated states:

i =Y — Yo, = aX; +7Z; (2)



Individuals incur some positive or negative net cost C; of treatment and weight outcome Y in
their objective functions by weight w. Denoting T; € {1,0} as the treatment indicator variable, the

individual selects into treatment if the net benefits are positive:

T, = 1(wri—C;>0) (3a)
= Hw(aX; +vZ;) — C. > 0} (3b)

Comparing the mean outcomes of treated vs. untreated units gives:

E[Y|T, = 1] — E[Yy|T, = 0] = E[ri|T; = 1]
+ B(E[X|T; = 1] = B[X;|T; = 0]) + ((E[Z|T; = 1] — E[Zi|T; = 0]) (4)

The right hand side of the first line is the Average Treatment Effect on the Treated. The second
line is selection bias. The first term in the second line is a function of observables X, which can
be controlled for. The second term is a function of unobservables Z, and it equals zero only under

the assumption of unconfoundedness (Rubin 1990):

T; L (Yii, Yoi) | X (5)

Of course, if assignment to treatment is governed by equation (3a) with non-zero w and -,

unconfoundedness does not hold, and an internally-valid estimator of the ATT is not available.

2.2 Population-Level Model

We now present an analogous model of potential partners at different sites that decide whether
to take up a program. In the OPOWER context, this is intended to describe a set of sites with
decisionmakers who choose whether to enroll their populations in the program. In other contexts,
this could reflect an NGO that decides whether to evaluate an existing program with a randomized
trial. Assuming for simplicity that the population is treated with equal probability, the treatment
effect at site r depends on the observable and unobservable characteristics X;, and Z;. of the

individuals within the site’s population:

Tr = aBE[ X |r) + YE[ Zir|r]



Potential partners incur some positive or negative net cost C, of adopting or evaluting the
treatment and weight outcomes Y, in their objective functions by weight w. Denoting T, € {1,0}

as the site-level indicator variable, the partner adopts the program if net benefits are positive:

T, = 1{wr,—C,>0} (6a)
= Hw(aE[Xi|r] +vE[Ziy|r]) — Cr > 0} (6b)

Suppose there is a Sample population r = s where the treatment has been implemented using
a randomized trial, and we wish to generalize treatment effects to a Target site r = g. The Target

treatment effect is:

Ty = aE[ X |r = g| +vE [ Zip|r = g] = 75
+ a(E[Xir|r = g] = E[Xir|r = s]) + Y(E[Zir|r = g] — E[Zi|r = s]) (7)

The far right hand side of the first line is the Average Treatment Effect in the Sample. The
second line reflects the difference between Target and Sample ATEs. The first term is a function

of observables X, which can be controlled for. The second term is a function of unobservables Z.

2.3 Assumptions for External Validity

When extrapolating from one Sample to one Target population, an unbiased estimator can be
constructed under the assumption of unconfounded location (Hotz, Imbens, and Mortimer 2005).

Using fr(Z) to denote the marginal distribution of Z in site r, this is:

f(Z) = f4(Z) (8)

This assumption is simply that unobservables are balanced between Sample and Target. Some
analyses explicitly or implicitly assume location unconfoundedness, including the analyses of the
GAIN job training program that attribute differences in outcomes between Riverside County and
other sites only to an emphasis on Labor Force Attachment.

In many contexts, one expects that unobservables vary across sites, and location unconfound-
edness is unrealistically restrictive. Imagine, however, that one could draw a random sample of

many sites and estimate the treatment effect in each. The distribution of treatment effects in the



set of experimental Sample sites would equal the distribution of treatment effects in the Target
sites where no experiment had been run. This motivates the assumption of expected unconfounded

location:

T, L f+(2) (9)

This assumption is simply that the distributions of unobservables are balanced between the set
of treated and untreated sites. If equation (6a) determines selection of sites into treatment, expected
location unconfoundedness holds under one of two conditions. First, it holds if 7 is constant across
sites. In most situations, including with OPOWER, this not the case. Second, it holds if selection
is driven only by C' and C is independent of unobservables that influence the treatment effect:
w=0and Z 1 C. When the assumption is violated, we call this "partner selection bias." We test
for partner selection bias in the OPOWER context in Section 5.

The covariance between C' and 7 determines whether partner selection is positive or negative.
Potential partners that are capable of running effective programs and have receptive populations
might also be most capable of and interested in randomized trials. This "cherry-picking" of exper-
imental partners would generate positive selection. Alternatively, potential partners that might be
most capable and interested could also be running other substitute programs or could have already
treated the parts of their population with the highest 7;. This form of "diminishing returns" would
generate negative selection.

Consider the class of situations where expected location unconfoundedness holds but location
unconfoundedness does not. There are two interpretations. We could say that we have a biased
estimator when we extrapolate from one Sample to one Target. Alternatively, we could imagine
taking the limit in the sense of extrapolating between many pairs of Sample and Target sites. The
average estimand over many extrapolations would be unbiased, but the usual standard errors would
not reflect the true variance in the extrapolation errors because they do not reflect variance in f (Z)

across sites. We explore these issues empirically in Section 4.

3 Experiment Overview

Our empirical example is a series of randomized field experiments run by a company called OPOWER.
The "treatment" in these experiments is to mail Home Energy Reports (HERSs) to residential elec-
tricity consumers, with the goal of causing them to conserve energy. A substantial body of work
studies or comments on these experiments, including Allcott and Mullainathan (2010), Ayres, Rase-
man, and Shih (2009), Costa and Kahn (2010), Davis and Wagner (2011), and Violette, Provencher,

and Klos (2009). These programs have also been extensively covered in the popular press and are
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at the forefront of a shift in the energy industry toward "behavior-based" (instead of "technology-
based") energy conservation programs that are evaluated using randomized controlled trials. All-
cott (2010) provides a comprehensive program evaluation, including a more detailed background,
interpretation of the effects, and a discussion of economic and policy issues.

The Reports have two key components. The Social Comparison Module, which is illustrated in
Figure 1, compares the household’s energy use to its 100 geographically-nearest neighbors that have
similar house sizes and heating types. The Action Steps Module, illustrated in Figure 2, includes
energy conservation tips targeted to the household based on its historical energy use patterns and
observed characteristics. This presentation was directly inspired by academic work by Nolan et al.
(2008) and Schultz et al. (2007) showing that providing information on social norms caused people
to reduce energy use. OPOWER takes a population of utility customers, randomizes them into
Treatment and Control, and sends Reports to the Treatment group on a monthly, bimonthly, or
quarterly basis.

Aside from the frequency with which the Reports are mailed, the treatment is almost identical
across the sites we study. The envelope and the Home Energy Report it contains are branded
with each local utility’s name, and there are minor presentational differences over time, within an
experiment, and across experiments. Because these differences are so small, it is likely that the bulk
of the unexplained variation in treatment effects across experiments results from differences in the
population and from differences in the economic environment such as weather-driven variability in
energy use patterns, not by differences in the Reports.

When interpreting differences in ATEs across experiments, it is worth keeping in mind that this
treatment is quite consistent compared to other experiments of interest in economics. For example,
job training programs take very different forms at different sites (Dehejia 2003), Hotz, Imbens,
and Klerman 2006). Similarly, variation in teacher quality complicates the ability to generalize the
results of programs to reduce class size or provide additional teachers.

As of the end of 2010, OPOWER has contracts to work with 47 utilities in 21 states, as mapped
in Figure 3. While the partners are spread throughout the country, they tend to be concentrated
along the West Coast, the upper Midwest, and the Northeast - areas of the U.S. that are wealth-
ier, better educated, often vote democratic, and have stronger environmental regulation. Among
OPOWER’s partners are 30 regulated Investor-Owned Utilities (IOUs), nearly all of which are
subject to mandatory energy conservation targets called Energy Efficiency Resource Standards
(EERS). OPOWER also has contracts with 13 municipal utilities and three local electricity "coop-
eratives." These 16 utilities are non-profits whose goals may include saving money for consumers
or environmental conservation.

As of October 2009, experiments had begun at 10 of these sites, giving at least one year of
post-treatment data. Three more locations had begun pilots but were deemed too small to include
randomized control groups, so they are excluded from the present analysis. At four of the ten sites,

the populations were divided into sub-populations with higher and lower baseline usage, and the
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Treatment groups in the high-usage subpopulation were sent HERs with higher frequency. As a
result, our analysis considers 14 separate "experiments" at these ten "sites."

Table 1 provides an overview of the start date and size for each experiment. In total, we observe
nearly 20 million monthly electricity bills at 550 thousand households. OPOWER has contractual
obligations to keep some of its partners’ identities confidential, so we mask utility names and
locations and number the experiments from 1 to 14. Experiment pairs 1 and 2, 4 and 5, 10 and 11,
and 13 and 14 are the four involving different customer subpopulations at the same site.

The Average Treatment Effects (ATEs) for each experiment are calculated using a difference-in-
differences estimator with household fixed effects v; and month-by-year dummies p,,,,, with robust

standard errors clustered by household:

Yit = 7T Pt + 7 Pit + iy + Vi + €t (10)

In this equation, Pj;; is a post-treatment indicator variable and Y;; is household ’s average
daily electricity consumption for period ¢, normalized by control group average post-treatment
consumption.

As documented by Allcott (2010), the estimated ATEs are not very sensitive to different speci-
fications of control variables and fixed effects. The estimated ATEs are shown in Table 2. Notice
that in experiments 2, 3, and 9, the population or subpopulation was randomly assigned between
monthly, bimonthly, and/or quarterly frequencies, while all other experiments involved only one
frequency.? The unweighted mean ATE across experiments is a 2.06 percent reduction in electricity
use. The ATEs vary by a factor of 2.4, from 1.37 percent to 3.32 percent.

Utilities typically compare energy conservation programs based on a particular measure of
cost effectiveness: cents of program cost to the utility per kilowatt-hours of electricity conserved.
OPOWER has provided confidential pricing data, which varies by the frequency of treatment. Using
these pricing data and each experiment’s percent average treatment effect and average electricity
consumption per year, we calculate cost effectiveness using the same formula as Allcott (2010).
The unweighted mean cost effectiveness is 3.30 cents/kilowatt-hour. As shown in Table 2, cost
effectiveness varies across experiments by a factor of 4.2, from 1.27 to 5.36 cents/kilowatt-hour.

A key motivating stylized fact is that the variation in ATEs and cost effectiveness across exper-
iments is both statistically and economically significant. ATEs are statistically different with 90
percent confidence in over half of the experiment pairs. While some variation in treatment effects
is associated with the frequency of receiving Reports, Table 2 shows that there is still substantial
variation within frequency across experiments.

Perhaps the most fundamental measure of the economic significance of variation in treatment

effects is whether it influences whether the treatment will be adopted or not. Each electric utility has

2In some of the more recent experiments, letters are sent each month for the first several months of the program
and bimonthly or quarterly after that.
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an energy conservation target, a budget constraint or profit maximization objective, and a portfolio
of different energy conservation programs that it can fund. These programs been estimated to cost
between 5.5 and 6.4 cents per kilowatt-hour (Arimura, Newell, and Palmer 2009) or between 1.6
and 3.3 cents per kilowatt-hour (Friedrich et al. 2009).> Whether an HER program has cost
effectiveness at the lower or upper end of the range for existing experiments therefore has has
important implications for whether a utility would partner with OPOWER, and for the size of the
project they would implement.

In this case, external validity is more than an academic question: electric utilities around the
country are grappling with this very issue. If a utility partners with OPOWER and the savings
are less than expected, the utility risks falling out of compliance with regulatory requirements.
If realized savings are more than expected, the utility could have reduced expenditures on other

energy conservation programs.

4 Extrapolation on Observables

In this section, we test the ability to extrapolate from each of the 14 OPOWER experiments to
each of the other 13 experiments, controlling for observable characteristics that vary across popula-
tions and are correlated with the treatment effect. We describe the individual-level characteristics
available, estimate their correlations with the treatment effect, describe the two methodological
approaches to extrapolation that we employ, and present results. We will conclude that individual-
level observables explain very little of the variation in treatment effects across experiments. Instead,

this variation is driven by unobserved factors.

4.1 Data

This study benefits from exceptionally good household-level data, which improves the likelihood
that we might be able to use these data to explain differences in treatment effects across locations.
OPOWER, and the utilities they work with, gather demographic data for each customer from sur-
veys, public records, and private-sector marketing data providers. In addition, we have augmented
the household-level data with Census Tract-level information from the 2000 U.S. Census. Although
we observe a larger universe of covariates, we focus on a smaller set of covariates that are more
likely to be associated with the treatment effect.

Table 3 details the means and standard deviations of the house occupant characteristics that
we consider. "First Comparison" is a normalized measure of the household’s baseline energy usage

compared to its neighbors, as presented to them on the first Home Energy Report they receive.

3The Friedrich et al. (2009) analysis is published by energy efficiency research and advocacy organization called
the American Council for an Energy Efficient Economy. It relies on electric utilities’ estimates of cost effectiveness,
which often use a non-experimental, accounting-based method of program evaluation called the "deemed savings
approach." Some analysts believe that these estimates could be biased toward zero.
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Zero corresponds to the mean of the neighbor distribution, and households with higher values used
less energy. As detailed in Allcott (2010), theory predicts that responses to these social comparisons
depend on how individuals compare to their neighbors, and the treatment effects vary substantially
with baseline energy usage. As documented in Costa and Kahn (2010), households that vote De-
mocratic, donate to environmental groups, or voluntarily purchase renewable energy have stronger
treatment effects. The next three variables in Table 3 are tract-level average characteristics which
we hypothesized could be associated with these sorts of "cultural" differences that moderate the
treatment effect.

Table 4 details the house characteristics we use. These include variables known to be associated
with energy use, and thus perhaps the marginal cost of energy conservation, including whether
the household has electric heat, whether the house has a pool, type of dwelling (single family or
multi-family), and the size, in thousands of square feet. Because older houses have less insulation
and are more "drafty," they take more energy to heat and cool, and additional motivation for or
information about energy conservation could have differential effects by house age. Finally, renters
have less incentive to invest in the house’s energy efficiency, so we consider whether the house
is rented or owner-occupied. Some characteristics are not observed at all sites; for example, we

observe House Value only in experiments 3, 9, 12, 13, and 14.

4.2 Empirical Approach

The goal of this section is to take data from a Sample population s and predict a treatment effect
T4 in Target population g, controlling for differences in distributions of observable characteristics
between the two populations. We use two standard approaches, parametric extrapolation and

reweighting using Inverse Probability Weights.

4.2.1 Parametric Extrapolation

The parametric extrapolation approach is straightforward: we estimate heterogeneous treatment
effects in the Sample as parametric functions of observable characteristics, then fit predicted treat-
ment effects onto the Target population given its different characteristics. The estimating equation

is:

Yie = (aXi) - TiPit + (BXi) - Pit + iy + vi + €it (11)

In this equation, o and 8 are row vectors and X; is a column vector that includes household
characteristics and a constant. Standard errors are robust and clustered by household ¢. This gives
an estimated parameter matrix «, with variance-covariance matrix ‘7&. Assuming linearity and

unconfounded location, the treatment effect in the target population g is predicted by adjusting
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the estimated treatment effect in Sample 75 for the difference in mean characteristics between

Target and Sample:

Tg=Ts+0a(Xy—Xy) (12)

In this equation, X, and X, are column vectors of mean characteristics in the Target and
Sample populations.

The Sample population ATE 74 and standard error 7, are estimated using equation (10) above.
The standard error of the Target ATE can be computed using the Delta Method:

Vo (X —X5) (13)

4.2.2 Inverse Probability Weighting

The Inverse Probability Weighting approach is fundamentally due to Horvitz and Thompson (1952).
Intuitively, we household weights w; that, when applied to the Sample Population, make the Sample
resemble the Target on observable characteristics. We then estimate the treatment effect using
Sample data in Weighted Least Squares using weights w;. The appeal of the IPW approach relative
to parametric extrapolation is that it does not require that the treatment effect be a linear function
of observables.

The Inverse Probability Weights w; are calculated by first pooling all Sample and Target house-
holds into one dataset and estimating the probability that a household is in the Target conditional
on observables: Pr(G; = 1/X;). In a slight abuse of language, we call this a "propensity score,"
although it is a probability of being in Target instead of Sample, not a probability of being in
Treatment instead of Control. We estimate the propensity score using three approaches: a linear
probit model and two Series Logit Estimators, as suggested by the work of Hirano, Imbens, and
Ridder (2003).* In the first Series Logit specification, we index characteristics by j or k and in-
clude each characteristic X;; and interactions with each of the other characteristics, X;; - X;;. In
the second specification, we include the same characteristics and interactions plus squares of each
characteristic.

Denoting the normal and logistic cumulative density functions by ® and A, respectively, our

three estimators are:

4The Series Logit Estimators are inspired of Hirano, Imbens, and Ridder’s (2003) discussion of estimating Pop-
ulation Average Treatment Effects under unconfoundedness when part of the population is treated and propensity
scores are strictly between zero and 1. They derive an estimator of the treatment effect and show that it achieves the
semiparametric efficiency bound when the propensity score is estimated using a Series Logit Estimator of appropriate
order. Our setting is different, as we have a Sample population that is treated with known probability and a Target
where none have been treated and the outcome variable may not be observed. We are not aware of analogous results
about the efficiency of the Series Logit Estimator in our setting.
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Probit:  Pr(Gi=1|X;) =& | ) 60X, (14a)
ii

Series Logit 1:  Pr(Gi =11X;) = A [ > [ 0;X5 + > 0. Xi; X (14Db)
L J k\j
Series Logit 2: PI‘(GZ = 1|Xz) =A Z erij + GJJXIQJ + Zeijl]sz (140)
J k\j

As discussed by Crump et al. (2009) and others, estimators of Average Treatment Effects
perform poorly in finite sample when the propensity scores are close to zero or one. This will also be
true when we extrapolate from Sample to Target. We address this using two trimming approaches.
The first approach is to eliminate observations ¢ such that the propensity score distributions in
Sample and Target have common support. The second approach is to keep only observations with
0.1 < Pr(G; = 11X;) < 0.9.5

The fitted Inverse Probability Weights w;|X; are:

_ Pr(@; = 1]X))
1 - Pr(G; = 1|X))

(15)

wi\Xi

The Target ATE is then estimated with Sample data and weights w;, using estimating equation
(10) above.

4.3 Conditioning Variables

We have not yet discussed which observable characteristics X we condition on in extrapolating from
Sample to Target. Asymptotically, one would use all observed covariates and possible subgroups.
In finite sample, however, one would not.

For intuition, consider first the parametric extrapolation case. Asymptotically, one would con-
dition the estimated Sample treatment effect on all observed covariates. In finite sample, however,
the correlation of some variables with the treatment effect may be imprecisely estimated, and ex-
trapolating based on an imprecisely-estimated model can actually worsen the predictions. In our
application, for example, parametric extrapolation using all observed covariates produces wildly

inaccurate out-of-sample predictions.

>This "90/10" trimming rule is suggested by the results of Crump et al. (2009), although we recognize that this
result was derived in the context of traditional propensity score matching.
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Extrapolating with Invese Probability Weights in finite sample produces a similar problem. The
observable characteristics can be used to generate large number of subgroups, each with different
CATEs and IPWs. In finite sample, the more subgroups, the smaller the group size, which makes
the IPWs and CATEs more and more imprecisely estimated. In addition, there are some variables
that are only weakly correlated with the treatment effect, meaning that their predictive value is
limited, whose distributions in Target and Sample have little overlap. In terms of eliminating bias,
one gains little from using these variable to calculate the IPWs, and the efficiency costs are high,
as the IPWs give low weight to the large number of observations where there is low overlap, and
very high weight to the small number of observations that do overlap. One can imagine a limiting
case where a variable has zero overlap between Sample and Target, but one might still consider it
sensible to try to extrapolate using IPWs if that variable has sufficiently small correlation with the
treatment effect in the Sample.

One approach to this problem would be to develop a procedure using cross-validation to deter-
mine the optimal set of variables on which to weight and extrapolate. Instead, we use an approach
which is more ad-hoc but more closely approximates what is often done in practice: we extrapolate
only on variables that theory predicts could moderate the treatment effect, where there is empirical
evidence across multiple experiments that these variables are associated with the treatment effect,
when that variable has a statistically-significant correlation with the treatment effect in the Sample
population, and if there is sufficient overlap between Sample and Target such that the estimates
do not become unduly noisy.

To implement this approach, we began by limiting to the set of occupant and house character-
istics that one might theoretically expect to be correlated with the treatment effect, as described
in Section 4.1 above. We then estimate equation (11) above for all characteristics available in each
of the experiments. We proceed only with the set of variables that are statistically significantly
positively correlated with the treatment effect in three or more experiments, with a ratio of at least
three-to-one of significant positive correlations to significant negative correlations, or statistically
significantly negatively correlated with the treatment effect in three or more experiments, with a
ratio of at least three-to-one of significant negative correlations to significant positive correlations.
Our threshold for statistical significance is 90 percent confidence in a two-sided test.

Tables 5 and 6 present these estimates for experiments 1 to 14. First Comparison, the indicator
for Electric Heat, House Age, and the indicator for whether the house has a pool are the four
variables that meet the condition above. First Comparison has the clearest correlation with the
treatment effect: households that use more energy than their neighbors conserve more after receiv-
ing the reports. Electric Heat, House Age, and Pool are associated with larger treatment effects
in absolute value, consistent with a theoretical prediction that these households have lower-cost
opportunities to reduce electricity use.

In each pair of experiments where we extrapolate from a Sample to a Target, the set of variables

used for extrapolation is further restricted from those four. First, the variable must be observed
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in both experiments. Second, the variable must be statistically significantly associated with the
treatment effect in the Sample population in the same direction as the association typically observed.
Third, in order to avoid excessive imbalance in the IPWs, we eliminate any variables on which there
is little overlap between Sample and Target. Specifically, this is done by calculating the propensity
that an observation drawn from the Sample and Target population is in the Target, based only one
individual covariate. We use that covariate for weighting only if the mean propensity score in the

Sample is greater than 0.43.

4.4 Results

Table 7 presents the results of our extrapolation procedures. We use a total of 16 procedures.
Seven are "Linear" parametric procedures. The first does not trim the populations. In the next
six, we estimate the propensity scores using the three different estimators (Probit, Series Logit
1, and Series Logit 2) and trim using the two trimming approaches (Support and 90/10). The
next nine procedures use IPWs, combining each of the three propensity score estimators with no
trimming and with the two trimming approaches.

We extrapolate from each of the 14 experiments to each of the other 13 experiments, for a
total of 182 observations. For each extrapolation, we find the difference between 74|(X,, Xy, Ys)
and 74|(Xgy,Y,). This difference is summarized in the "Error" columns. Because the trimming
procedures do not substantially change the mean characteristics Yg and X, the linear extrapolation
results are similar without trimming and under the different trimming procedures. Trimming does
reduce Root Mean-Squared Error (RMSE) slightly, however, for the linear estimators, and the
best-performing estimator is the linear extrapolation with 90/10 trimming. The IPW estimators
have comparably low MSE if and only if 90/10 trimming is used.

The error reflects both experiment-specific unobservables and sampling error in the Sample and
Target estimators of 74,. Under the assumption of unconfounded location, the error is due only to

sampling error, and the test statistic for equality of the two estimated ATEs is:

ol (Xs, X, Ys) = T4|(Xg, Yy)

(16)

Under unconfounded location, these test statistics take the standard normal distribution, and
equality of the two estimated ATEs should be rejected with 90 percent confidence ten percent of
the time. As shown in Figure 4, these statistics have variance visibly wider than the standard
normal. The standard deviation of these statistics is presented in the next to last column of Table
7; for the best-performing procedures it is over 2. The last column of table 7 shows that even for
the best-performing prcedures, equality of the ATEs is rejected with 90 percent confidence in 47

percent of cases. Figure 5 shows the magnitude of the prediction errors by comparing them to
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the distribution of Target treatment effects. This illustrates that there is economically-significant
variation when generalizing across experiments which is unexplained by observables.

The last row of Table 7 shows the performance of non-experimental estimators. In these spec-
ifications, we estimate the treatment effect in using only Treatment group data from the Target
population, using a difference estimator that conditions on differences in weather between the pre-
and post-treatment periods. This estimator’s RMSE is substantially larger than the RMSEs from
the best-performing procedures that extrapolate internally-valid estimators from other Samples.
This result underscores why our analysis cannot be used to argue against the importance of ran-
domized trials in this context.

The key takeaway from this section is that despite the fact that the treatment is highly consistent
across experiments and we observe a potentially-promising set of observable characteristics that
could moderate the treatment effect, there are statistically and economically significant unexplained

differences in treatment effects. In this application, unconfounded location does not hold.

5 Partner Selection

Unconfounded location is a strong assumption which might hold in few applications. In this sec-
tion, we test the weaker assumption of expected location unconfoundedness by examining whether
average treatment effects are correlated with selection probabilities. We detail the observable char-
acteristics of OPOWER partners relative to other utilities, estimate selection probabilities, and
show that these selection probabilities are robustly correlated with treatment effects. We will con-
clude that there is a "partner selection bias" that biases the results of existing projects relative to

those that could be expected in future implementations.

5.1 Partner Data

In order to examine selection into partnerships with OPOWER, we gathered a dataset of electric
utility characteristics. Our sample includes the 939 electric utilities in the U.S. with more than
10,000 residential customers. There are another 2100 utilities that are smaller, most of which are
rural cooperatives or small firms in states with competitive retail electricity markets, but we omit
these because OPOWER has no partners with fewer than 10,000 residential customers. About five
percent of utilities operate in multiple states. In order to properly model how state and local policies
affect utilities’ decisions, we actually define our observations at the level of a state-by-utility.

We focus on characteristics that could be correlated with selection into treatment and/or the
site’s treatment effect. These could include the utility’s ownership structure (Cooperative, private
"Investor-Owned Utility," Municipal, or Other Government), average residential energy usage, num-

ber of residential consumers, and prices. These variables were all gathered from a regulatory filing
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called Energy Information Administration (EIA) Form 861. An existing focus on energy conserva-
tion and green energy would presumably increase selection probability and be correlated with the
population’s receptiveness to the treatment. We therefore include the utility’s spending and total
estimated effects of energy conservation programs and the percent of customers that have voluntar-
ily enrolled in "green pricing programs" that sell renewably-generated energy at a premium price,
also from Form 861.

Similarly, utilities with customer populations that are higher-income, better educated, and more
liberal might be more interested in and responsive to the treatment. We thus include state-level
average income, the percent of residents with a college degree, and the percent of voters that voted
for a Democratic candidate for the House of Representatives in elections between 2000 and 2008.
These three variables are from the U.S. Census (2010a, 2010b, 2010c). Finally, since state energy
regulation has been an important driver of OPOWER’s business, we include whether the state
has an Energy Efficiency Portfolio Standard (EERS), using data from the Pew Center on Global
Climate Change (2010). Using data from the the U.S. Department of Energy (2010), we also
include whether the state has a Renewables Portfolio Standard (RPS), which is a policy similar
to the EERS that requires utilities to purchase a given percentage of its energy from renewable
generation sources such as wind, solar, or geothermal facilities.

Column 1 of Table 8 presents the means and standard deviations of each of these characteristics
across the 939 utilities in the sample. Columns 2 and 3 show the same statistics for OPOWER’s
45 partners and 894 non-partners, respectively. Column 4 tests whether the characteristics are
balanced between the two groups. Eleven out of 15 are unbalanced with more than 90 percent
confidence, and an F-test easily rejects the hypothesis that the observables are jointly uncorrelated

with partner status. There is clearly selection on observables.

5.2 Correlations with Treatment Effects

For there to be selection bias, observables associated with the selection probability must also be
associated with the treatment effect. Column 1 of Table 9 shows the correlation of each utility-level
characteristic with the average treatment effect in the 14 experiments where we have an estimated
ATE. Recall that the treatment reduces energy demand, so "stronger" ATEs are more negative.
Column 1 shows that the ATE is statistically significantly stronger for Cooperatives, less strong for
10Us and utilities with larger customer bases, stronger in states that are richer and better educated,
but less strong in states with more democratic voters. The standard errors in this column, as well as
the standard errors in the last row of the table to be discussed momentarily, are heteroskedasticity-
robust, clustered by utility, and account for the standard error in the estimated ATE (Murphy and
Topel 2002).°

The second through fifth columns of Table 9 present probit regressions that estimate partner

5 More precisely, our regression is:
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selection probabilities as linear functions of observables. IOUs and Municipal utilities are statisti-
cally significantly more likely to partner with OPOWER, relative to Coops and utilities owned by
Other Government entities. Utilities with lower average energy usage per residential customer are
less likely to partner with OPOWER. Larger utilities in states with EERS regulations and higher
median income are more likely to partner. Across the four columns, the magnitudes and statisti-
cal significance of these correlations are highly robust to including different subsets of observable
characteristics.

The bottom rows of the table are the key results. These present the coefficient of a regression
of the average treatment effect on the fitted selection probability for the 14 experiments where we
have ATEs. This coefficient is statistically-significant in three of the four columns, and consistently
positive with magnitude of around 2. Again recalling that larger treatment effects are more negative,
this means that a ten percentage point increase in selection probability is associated with about
a 0.2 percentage point smaller ATE. There is robust evidence of negative selection: utilities whose
observable characteristics make them more likely to partner with OPOWER actually have smaller
treatment effects.

Figure 6 plots the graph of average treatment effects vs. fitted selection probability, using the
fit from Column 2 of Table 9.

5.3 Related Example: Microfinance Experiments

We suspect that the potential bias caused by partner selection is not limited to the OPOWER
example. As one further example, we consider what types of microfinancial institutions (MFIs)
partner with US-based academic organizations to do randomized field experiments. Unlike with
OPOWER, here we do not have average treatment effects for different MFIs, and indeed many
microfinance field experiments test more nuanced hypotheses instead of straightforward impact
evaluations.

Microfinance is a convenient area to examine partner selection for three reasons. First, it is a
domain of interest to a number of mainstream economists. Second, there are many microfinance

field experiments with many partners. Third, there is a centralized global database of microfinan-

?7‘ :BIXT+5O+6T (17)

Denote by 8% the heteroskedasticity-robust standard error, clustered by utility. X is the 14-by-2 matrix formed by

combining the characteristic vector with elements X, and a vector of ones. Denote by V, a 14-by-14 diagonal matrix
with element {r,r} being the standard error of the estimated treatment effect in experiment r. Our standard error
estimator is:

7 =a3+{1 0} (X0 XV XXX {é} s
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cial institutions (MFIs) that both contains relevant partner characteristics and defines the set of
potential partners.

The database we use is called the Microfinance Information Exchange (MIX), which includes
information on the characteristics and performance of 1903 MFIs in 115 countries. We consider
characteristics that might be correlated with the outcomes of different field experiments, including
Non-Profit status, the age of the organization, number of borrowers, percent of borrowers who are
women, average loan balance, MFI expenditures per borrower, ratio of borrowers to staff members,
and repayment rates. Of course, the characteristics correlated with the treatment effect will vary
depending on the treatment, whether it is the presentation of consumer credit offer letters as in
Bertrand et al. (2010), variation in consumer loan interest rates as in Karlan and Zinman (2009),
or the opportunity to take out a microfinance loan as in Banerjee, Duflo, Glennerster, and Kinnan
(2009). Table 10 presents descriptive statistics.

For each MFT in the database, we then determined whether it had partnered with major aca-
demic groups to carry out a randomized experiment. This was done using the lists of partners on
the Jameel Poverty Action Lab, Innovations for Poverty Action, and Financial Access Initiative
websites. Roughly two percent of MFIs listed on MIX have partnered with one of these groups on
randomized controlled trials.

The first column of Table 11 shows the unconditional correlation of each MFI characteristic
and whether an MFI is an experiment partner. Columns 2-5 of the same table present various
probit regressions of the "experiment partner" dummy variable on various sets of characteristics.
The correlations are robust, although the significance levels vary across columns 1-5: experimental
partners are more likely to be for-profit, larger, and older. They seem to have more women borrowers
and smaller average loan balances, both of which could affect repayment rates. Partner MFIs also
have more borrowers per staff member and, relatedly, lower cost per borrower, although these are
marginally significant. A final correlation, which is also marginally statistically significant, suggests
that partner MFIs have less Portfolio at Risk, which corresponds to better 30-day repayment rates.
Across set of included characteristics, a Chi-Squared test clearly shows that partner MFIs are

selected on observables.

6 Conclusion

While external validity has long been of concern to empiricists in economics and other fields, there
have been few opportunities to quantitatively assess the ability to generalize effects of similar
treatments across settings. This paper exploits a remarkable opportunity by analyzing a series of
nearly-identical energy conservation field experiments run by OPOWER in a number of different
sites across the U.S. We document significant heterogeneity in treatment effects across sites and
show that observable population characteristics explain very little of this variation. Furthermore,
we show that the electric utilities that partner with OPOWER, differ from those that do not on
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observable characteristics that correlate with the treatment effect, suggesting a negative selection
into the experiments. The data in this setting reject location unconfoundedness and expected
location unconfoundedness, the assumptions required for our two notions of external validity.

While our quantitative results are specific to this set of energy conservation experiments, we
argue that two messages are of general interest. First, unobservables at the individual level that
affect internal validity have received more attention than unobservables at the population level or
in the economic environment that affect external validity. In some settings, these unobservables can
substantially affect policy conclusions. Second, randomized experiments can suffer from a partner
selection bias mathematically analogous to biases from selection of units into treatment. This can
systematically bias experimentally-estimated effects away from the effects that would be realized
by partners that do not select into treatment.

What are the implications? First, these results by no means argue against internally-valid
estimators. For example, although the OPOWER. experiments are not externally valid in our two
senses, internally-valid estimators from other Sample sites predict true ATEs at a Target site far
better than non-experimental estimators from the same Target. Second, when treatment effects
are difficult to generalize, these results suggest the importance of internally valid estimators in the
"Target" population of policy interest. For example, each of the OPOWER experiments is at a site
where the ATE is of interest per se, as the partner utility decides whether to continue running the
program. If the effects of large-scale social programs are of interest, this means that it is especially
important to implement the program with a randomized trial, as was done with Mexico’s Progresa
conditional cash transfer program.

Third, in presenting results of completed projects, researchers can clearly define whether there
is a different or larger Target population of policy interest and provide quantitative descriptive
statistics and qualitative discussion of how it might differ from the Sample in ways that moderate
the treatment effect. Similarly, researchers can discuss how the economic environment and the
treatment itself might vary across settings or be different in a setting of particular policy inter-
est. Fourth, researchers can attempt to carry out similar field experiments in multiple locations.
The locations would ideally be chosen to lie in different parts of the distribution of factors that
moderate the treatment effect. Finally, some have argued that "mechanisms" are more easily gen-
eralized across sites and domains than average treatment effects for specific projects (Deaton 2010,
Ludwig, Kling, and Mullainathan 2010). If this were the case, researchers can focus on identifying

mechanisms upon which policy decisions hinge and designing empirical studies to tease them out.
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Tables

Table 1: Overview of Experiments

Experiment N

Number Region Start Date Households Treated Obs

1 Urban Midwest July, 2009 37,484 18,790 1,264,375
2 Urban Midwest July, 2009 56,187 28,027 1,873,482
3 Rural Midwest January, 2009 78,273 39,024 3,421,306
4 Suburban Mountain October, 2009 11,612 7,254 394,525

5 Suburban Mountain October, 2009 27,237 16,947 914,344

6 West Coast October, 2009 24,940 23,906 570,386

7 Rural Midwest April, 2009 17,889 9,861 794,457

8 Urban Northeast September, 2009 49,671 24,808 1,712,530
9 West Coast October, 2008 79,229 34,893 3,121,879
10 West Coast January, 2009 25,211 5,570 985,148

11 West Coast January, 2009 17,849 3,852 672,629

12 West Coast September, 2009 39,336 19,663 671,990

13 West Coast March, 2008 59,666 24,761 2,543,372
14 West Coast April, 2008 24,293 9,903 1,036,768
Combined March, 2008 548 877 267,259 19,977,191
Table 2: Experimental ATEs and Cost Effectiveness

Experiment ATEs (%) CE (c/kWh)

Number Monthly BiMonthly Quarterly Monthly BiMonthly Quarterly
1 -1.83 (0.2) - - 2.03 (-0.22) - -

2 - -1.4 (0.19)  -1.37 (0.19) - 4.09 (-0.56) 3.8 (-0.53)
3 -2.87 (0.18)  -2.48 (0.3)  -2.23 (0.21) 3.11 (-0.2) 2.5 (-0.3) 2.25 (-0.21)
4 - -2.7 (0.44) - - 1.82 (-0.3) -

5 - - -1.64 (0.33) - - 5.36 (-1.08)
6 - -2.47 (0.25) - - 3.67 (-0.37) -

7 - -3.32 (0.54) - - 1.28 (-0.21) -

8 - -1.63 (0.15) - - 3.67 (-0.34) -

9 -1.96 (0.14) - -1.49 (0.2) 4.02 (-0.29) - 2.99 (-0.4)
10 -1.39 (0.34) - - 4.47 (-1.09) - -

11 - - -1.44 (0.51) - - 5.33 (-1.89)
12 - -1.9 (0.21) - - 2.26 (-0.25) -

13 -3.14 (0.37) - - 2.12 (-0.25) - -

14 - - -1.84 (0.43) - - 4.7 (-1.1)

Mean -2.24 -2.27 -1.67 3.15 2.76 4.07

Standard errors in parenthesis.
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Table 3: Occupant Descriptive Statistics by Experiment

Experiment — First Comparison Tract Mean Age Tract Median Income ($000s)  Tract Pct White
1 -1.28 (1.88) 50.5 (5.3) 84.5 (30.3) 0.85 (0.21)
2 -0.47 (1.17) 49.4 (5.7) 68.2 (25.9) 0.76 (0.3)
3 -0.05 (1.41) 45.1 (2.4) 62.2 (9.4) 0.96 (0.02)
4 -1.08 (1.55) 43.9 (4.2) 56.2 (16.5) 0.91 (0.04)
5 0.3 (0.93) 43.3 (4.4) 50.5 (16.6) 0.9 (0.05)
6 -0.3 (1.23) 50.3 (3) 49.5 (21.6) 0.66 (0.1)
7 0.09 (1.11) 52.9 (2.1) 38.8 (6.5) 0.95 (0.07)
8 -0.28 (1.26) 51 (2.7) 65.9 (23) 0.93 (0.1)
9 -0.26 (1.18) 47.2 (3.5) 71.5 (19.8) 0.8 (0.09)
10 0.05 (1.35) 55.3 (8) 43.8 (12.8) 0.79 (0.14)
11 0.27 (1.24) 57 (7.5) 42.1 (16.6) 0.81 (0.15)
12 -0.41 (1.63) 48.1 (3.5) 54.1 (13.8) 0.72 (0.22)
13 - 48.5 (3.2) 51.5 (11.2) 0.73 (0.16)
14 - 48.6 (3.4) 48.4 (10.8) 0.71 (0.17)

Experiment-level means. Standard deviations in parenthesis.

Table 4: House Descriptive Statistics by Experiment

Expr  1(FElec Heat) House Age Value ($000’s) 1(Pool) 1(Rent)  1(Single Fam) Sq Feet (000s)
1 - 44.6 (20.6) - - 0.05 (0.2)  0.89 (0.32) 2.76 (1.27)
2 - 48.6 (18.2) . - 0.1 (0.27)  0.75 (0.44) .

3 - 31.6 (28) 394 (139) - ; ; 1.66 (0.45)
4 0.2 (0.35)  23.4 (15.3) ; - 0.23 (0.42)  0.87 (0.34) 2.25 (0.76)
5 0.11 (0.22)  26.5 (17.9) : - 0.36 (0.48) 0.7 (0.46) 1.91 (0.53)
6 - 59.2 (16.7) . 0.1 (0.31)  0.35 (0.4) 0.5 (0.5) 1.69 (0.52)
7 0.31 (0.46) ; ; - 0.05 (0.21) ;

8 58.7 (36.5) ; 0.02 (0.15)  0.06 (0.22) ; 2.03 (0.72)
9 0.07 (0.25)  31.2 (15.6) 361 (176) ; 0.03 (0.16) ; 2 (0.67)
10 - 27.1 (15.3) . 0.37 (0.48)  0.01 (0.08) 1 (0) 1.95 (0.67)
11 - 28.6 (6.6) ; 0.06 (0.23) 0.08 (0.27) 1.74 (0.51)
12 0.17 (0.38)  65.1 (25.4) 437 (293) - 0.06 (0.22) ; 1.83 (0.77)
13 0.32 (0.47)  34.1 (16.4) 229 (149)  0.28 (0.45)  0.01 (0.1) - 1.84 (0.6)
14 0.12 (0.32)  43.1(20.9) 174 (117)  0.04 (0.19) 0.01 (0.09) _ 1.49 (0.43)

Experiment-level means. Standard deviations in parenthesis.
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Table 5: Heterogeneous Treatment Effects 1

Expr 1 Expr 2 Expr 3 Expr 4 Expr 5 Expr 6 Expr 7
(1) (2) 3) (4) () (6) (7)
TxPost 0.4 -.85 19.52 3.34 1.00 1.99 1.28
(2.67) (1.90) (6.45)*** (13.31) (8.28) (5.95) (16.52)
TxPostxFirstComp 0.92 0.3 1.14 -.36 1.59 1.71 1.96
(0.23)** (0.21) (0.22)** (0.58) (0.66)**  (0.45)***  (0.54)***
TxPostxCMeanAge 0.06 -.02 -.24 =17 0.08 -.04 -.18
(0.04) (0.03) (0.06)** (0.14) (0.08) (0.15) (0.28)
TxPostxCMedianIncome 0.005 -.0004 -.03 -.04 0.004 -.004 0.03
(0.01) (0.008) (0.02)* (0.04) (0.03) (0.02) (0.1)
TxPostxCPctWhite -2.33 -.88 -8.85 5.50 -6.32 -2.01 4.57
(1.11)** (0.69) (6.23) (17.57) (10.01) (4.06) (6.39)
TxPostxElecHeat -.26 -2.96 -1.60
(1.55) (1.96) (1.29)
TxPostxHouseAge -.02 -.0003 -.004 -.06 0.03 0.008
(0.01)* (0.01) (0.006) (0.04) (0.02) (0.02)
TxPostxHouseValue -.002
(0.002)
TxPostxPool -2.22
(1.14)*
TxPostxRent 1.02 0.07 0.74 -45 0.79 3.82
(1.42) (0.75) (1.41) (0.98) (0.69) (2.32)*
TxPostxSingleFam 0.48 -.15 -.51 -1.90 -1.22
(0.8) (0.47) (1.51) (1.02)* (0.82)
TxPostxSqFt -.68 0.53 0.29 0.06 -.20 -.21
(0.34)** (0.31)* (0.51) (0.59) (0.63) (0.78)
Obs. 1055639 1574206 3262622 394525 914344 570375 750187
R? 0.2 0.29 0.18 0.07 0.07 0.23 0.24
F statistic 2348.78 5372.74 3674.49 549.61 827.23 1071.49 340.51

* kKRR Different from zero with 90%, 95%, and 99% confidence, respectively. Standard errors in
parentheses, robust and clustered by household. Dependent variable is electricity consumption, normalized
by average control group consumption in the Post period. All specifications include month-by-year dummies,

household fixed effects, and interactions of the X variables with the Post-treatment indicator.
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Table 6: Heterogeneous Treatment Effects 2
Expr 8 Expr 9 Expr 10 Expr 11 Expr 12 Expr 13  Expr 14

(1) (2) (3) (4) (5) (6) (7)
TxPost -7.32 -.87 -.52 5.20 4.53 -8.40 -2.54
(3.03)** (2.16) (2.94) (5.56) (3.51) (2.61)*** (4.80)
TxPostxFirstComp 0.68 1.39 0.13 1.11 1.03
(0.22)**  (0.21)*** (0.39) (0.8) (0.37) %
TxPostxCMeanAge 0.13 -.03 -.15 -.24 -.06 0.17 0.03
(0.06)** (0.05) (0.08)* (0.16) (0.07) (0.06)*** (0.11)
TxPostxCMedianIncome -.006 0.02 -.02 0.03 -.04 -.01 -.005
(0.008) (0.009)* (0.04) (0.04) (0.02)** (0.02) (0.04)
TxPostxCPctWhite -.60 0.71 8.93 11.40 1.67 1.32 4.17
(2.02) (1.73) (4.89)* (8.24) (1.24) (1.19) (2.25)*
TxPostxElecHeat -.76 -1.11 -1.96 -2.38
(0.58) (0.65)* (0.4)*** (1.21)**
TxPostxHouseAge 0.006 0.007 0.02 -.05 -.01 -.04 -.05
(0.004) (0.01) (0.03) (0.08) (0.01) (0.01)***  (0.02)***
TxPostxHouseValue -.002 0.0005 0.0007 -.006
(0.002) (0.001) (0.001) (0.003)*
TxPostxPool 0.15 -.89 -6.78 -1.33 0.5
(0.97) (0.85) (4.07)* (0.39)*** (1.93)
TxPostxRent 1.22 -.90 =77 -.27 -1.82 1.76
(0.77) (0.96) (3.36) (1.13) (1.53) (3.02)
TxPostxSingleFam -.39
(2.04)
TxPostxSqFt 0.01 -.26 0.37 -.94 -.56 -.46 -.15
(0.28) (0.38) (1.16) (1.41) (0.43) (0.39) (0.85)
Obs. 1712495 3121879 985148 672629 640133 2543372 1036784
R? 0.14 0.24 0.54 0.3 0.35 0.24 0.25
F statistic 1808.33 2450.86 1365.09 404.43 779.55 3889.49 1466.32

* kKRR Different from zero with 90%, 95%, and 99% confidence, respectively. Standard errors in
parentheses, robust and clustered by household. Dependent variable is electricity consumption, normalized
by average control group consumption in the Post period. All specifications include month-by-year dummies,

household fixed effects, and interactions of the X variables with the Post-treatment indicator.
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Table 8: Partner Characteristics

All Partners Non-Partners Difference

Mean: 1(Coop) 0.48 0.07 0.50 -0.43
SD (and SE): 1(Coop) (0.50) (0.25) (0.50) (0.04 )™=

1(Investor-Owned Utility) 0.18 0.62 0.16 0.46
(0.39) (0.49) (0.37) (0.07 )™=

1(Municipal) 0.25 0.27 0.25 0.02

(0.43) (0.45) (0.43) (0.07)

1(Other Government) 0.04 0.02 0.04 -0.02

(0.19) (0.15) (0.20) (0.02)

Average Usage (MWh/year) 12.41 9.43 12.56 -3.13
(3.41) (2.39) (3.39) (0.37 )™

EE Spending (/cust.-yr) 15.38 25.10 14.89 10.20

(138.16) (29.68 ) (141.43) (6.45)

Energy Conservation (kWh/cust.-yr) 25.30 48.33 24.14 24.19
(178.14) ( 69.87 ) (181.84) (11.97 )

Pct Green Pricing 0.72 1.58 0.67 0.90

(4.98) (3.89) (5.02) (0.60)

Price (cents/kWh) 10.59 12.21 10.51 1.70
(3.20) (4.08) (3.13) (0.61 )™=

State Has EERS 0.57 0.93 0.55 0.39
(0.50) (0.25) (0.50 ) (0.04 )"

State Has RPS 0.52 0.84 0.50 0.34
(0.50) (0.37) (0.50 ) (0.06 )=

State Median Income (1000’s) 49.31 55.87 48.98 6.89
(6.84) (5.51) (6.73) (0.84 )=

State Pct College Degree 25.99 29.49 25.82 3.68
(4.43) (3.82) (4.38) (0.58 )™=

State Pct Democrat Voters 49.09 55.46 48.77 6.69
(9.36) (8.61) (9.28) (1.31)"

log(Residential Customers) 3.66 5.69 3.56 2.13
(1.26) (1.63) (1.15) (0.24 )"

N 939 45 894

F Test p-Value 0.000 ***
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Table 9: Selection and Associations with ATE

Corr with ATE ~ Probit 1 Probit 2 Probit 8 Probit 4
1(Coop) -0.86 0.65
(0.33 )** (0.67)
1(Investor-Owned Utility) 0.90 0.63 0.47
(10.20 )*** (0.57) (0.28 )
1(Municipal) -0.15 1.20 0.88
(0.31) (0.58 ) (0.26 )***
1(Other Government) -0.48 0.12
(0.35) (0.74)
Average Usage (MWh/year) -0.11 -0.05 -0.08 -0.07
(0.13) (0.03)* (0.02 )% (0.02 )
EE Spending (/cust.-yr) 0.008 0.000
(0.008 ) ( 0.000 )
Energy Conservation (kWh/cust.-yr) 0.003 0.000
(0.002 ) ( 0.000 )
Pct Green Pricing -0.063 0.012
(0.052) (10.009 )
Price (cents/kWh) 0.046 -0.008
(10.049 ) (0.026 )
log(Residential Customers) 0.27 0.519 0.447 0.448
(10.08 )*** (0.086 )***  (0.071 )*** (10.056 )***
State Has EERS 0.42 0.90 0.61
(0.35) (028 )*  (0.26 )**
State Has RPS 0.26
(0.28)
State Median Income (1000’s) -0.085 0.060 0.039 0.051
(0.042 )** (0.022 )*** (0.011)**  (0.011 )***
State Pct College Degree -0.011 -0.044
(0.063 ) (0.039 )
State Pct Democrat Voters 0.020 0.013 0.005 0.007
(10.009 )** (0.010) ( 0.006 ) (10.006 )
N 10 938 939 938 938
F Test p-Value 0.000 0.000 0.000 0.000
Psuedo R2 0.397 0.333 0.176 0.352
Coefficient: ATE on Fitted Probability 1.89 2.09 2.133 1.868
SE (Murphy—Topel) (0.42 )*** (0.45 )*** (14.818) (10.468 )***

Standard errors in Column 1 are robust and account for the standard error in the estimated ATE (Murphy

and Topel 2002). Standard errors in Columns 2-5 are robust.
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Table 10: MFI Summary Statistics

Variable Mean Std. Dev. Min. Max. N
1(Non-Profit) 0.63 0.48 0 1 1804
MFT Age (Years) 13.99 10.43 0 115 1824
Borrowers (109) 0.06 0.4 0 7.54 1597
Pct Women Borrowers 0.62 0.27 0 2.12 1516
Av Loan Balance ($000’s) 1.42 3.07 0 64.09 1593
Cost per Borrower ($000’s) 0.18 0.19 0 1 1352
Borrowers/Staff Ratio (10%) 0.13 0.21 0 5.07 1589
Pct Portfolio at Risk 0.08 0.12 0 1 1551
1(JPAL, IPA, or FAI Partner) 0.02 0.13 0 1 1903

Notes: Currencies are in US dollars at market exchange rates. Percent of Portfolio at Risk is the percent

of gross loan portfolio that is renegotiated or overdue by more than 30 days.

Table 11: Microfinance Partner Selection

Individual Correlation Probit 1 Probit 2 Probit 3 Probit 4

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

1(Non-Profit) -.022 -.45 -.54 -.49 -.60
(0.077)** (0.16)** (0.17)%** (0.16)*** (0.18)***

MFT Age (Years) 0.0014 0.02 0.02 0.02 0.03
(0.0004)*** (0.007)*** (0.007)*** (0.007)***  (0.006)***

Borrowers (10°) 0.11 0.39 0.37 0.37 0.4
(0.03)*** (0~1)*** (0‘1)*** (0.1)*** (0‘11)***

Pct Women Borrowers 0.021 0.54 0.32

(0.014) (0.28)* (0.34)

Av Loan Balance ($000’s) -.0019 -.20 -.12

(0.00058)*** (0.07) % (0.09)

Cost per Borrower ($000’s) -.050 -.33

(0.012)*** (0.54)

Borrowers/Staff Ratio (10%) 0.044 0.13

(0.028) (0.26)

Pct Portfolio at Risk -.023 -.57

(0.017) (0.66)

Const. -2.15 -2.45 -1.97 -2.23
(0'13)*** (023)*** (0.14)*** (0'3)***

Obs. 1557 1477 1553 1269

Psuedo R2 0.15 0.16 0.17 0.2
Prob>Chi2 0.000019  0.0000107  1.99e-06 1.89e-09

Dependent variable: 1(JPAL, TPA, or FAI partner). *, ** ***: Different from zero with 90%, 95%, and

99% confidence, respectively. Standard errors in parentheses.
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Figures

Figure 1: Home Energy Reports: Social Comparison Module

Last Month Neighborhood Comparison | Last month you used 15% LESS

electricity than your efficient neighbors.

YOU

EFFICIENT
NEIGHBORS

ALL NEIGHBORS

504 kwh*

596

* kWh: A 100-Watt bulb burning for 10 hours uses 1 kilowatt-hour.

1,002

YOUR EFFICIENCY STANDING:

P | GREAT ©Q©

Goon @

SELCW AVERAGE

Figure 2: Home Energy Reports: Action Steps Module

Action S‘teps | Persohalized tips chosen for you based on your energy use and housing profile

Quick Fixes
Things you can do right now

Smart Purchases
Save a lot by spending a little

Great Investments
Big ideas for big savings

[ Adjust the display on your TV
MNew televisions are originally
configured to look best on the
showroom floor—at a setting
that’s generally unnecessary for
your home.

Changing your TV's display
settings can reduce its power
use by up to 50% without
compromising picture quality.
Use the “display” or “picture”
menus on your TV: adjusting the
“contrast” and “brightness”
settings have the most impact
an energy use.

Dirmming the display can also
extend the life of your television.

SAVE UP TO

$ 1 OPERTV PER YEAR

[ Install occupancy sensors
Have trouble remembering to
turn the lights off? Occupancy
sensors automatically switch
them off once you leave a
room—saving you worry and
money.

Sensors are ideal for rooms
people enter and leave
frequently (such as a family
room) and also areas where a
light would not be seen (such as
a storage area).

Wall-mounted models replace
standard light switches and they
are available at most hardware
stores.

SAVE UP TO

$30 PER YEAR
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[] save money with a new clothes

washer

Washing your clothes ina
machine uses significant energy,
especially if you use warm or hot
water cycles.

In fact, when using warm or hot
cycles, up to 90% of the total
energy used for washing clothes
goes towards water heating.

Some premium-efficiency
clothes washers use about half
the water of older models, which
means you save monegy. SMUD
offers a rebate on certain
washers—visit our website for
more details.

SAVE UP TO

$30 PER YEAR



Figure 3: Map of OPOWER Locations

Figure 4: t-Statistics vs. Standard Normal

t-Statistics vs. Standard Normal

——Standard Normal

— Actual t-Statistics

t-Statistic
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Figure 5: ATEs and Extrapolation Errors

ATEs and Extrapolation Errors
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Figure 6: Selection Probability and ATE

Selection Probability and ATE
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Fitted Selection Probability
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