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Abstract

We test the ability of causal forests to improve, through selective targeting, the e�ectiveness
of a program providing repeated behavioral nudges towards household energy conservation.
The average treatment e�ect of the program is a monthly electricity reduction of 9 kilowatt-
hours (kWh), but the full distribution of responses ranges from -30 to +10 kWh. In a random
hold-out sample, selective targeting of treatment using the forest nearly quadruples the social
net bene�ts of the nudge program. In a parallel test where we train the forest on earlier waves
and use it for targeting in later waves with substantially di�erent sample characteristics, the
forest doubles social net bene�ts. Targeting using non machine-learning predictive models
also raises program net bene�ts signi�cantly, but the forest outperforms the best of these by
8-9 percent.
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Introduction

The rise of randomized controlled trials (RCTs) in economics has produced a wealth of evidence

on the average causal e�ect of a great number of social and private-sector programs.1 Yet such

programs often have widely divergent impacts across the treated population. Understanding how

di�erent subgroups respond to a given treatment has the potential to unlock large increases in

program e�ectiveness, by allowing for improved targeting of the existing treatment (that is, iden-

tifying whom to treat) as well as improved design of the treatment itself (e.g., tailoring treatment

for speci�c subgroups).

Machine-learning (ML) methods are an attractive option for estimating heterogeneous treat-

ment e�ects (Athey and Imbens, 2017). They o�er disciplined ways to search non-parametrically

for heterogeneity, and are especially useful when the researcher observes a large number of baseline

characteristics. They also o�er tools for minimizing over�tting and thus maximizing out-of-sample

predictive power. However, ML algorithms have traditionally been built for prediction of y from

x, rather than parameter estimation of treatment e�ects β (Mullainathan and Spiess, 2017). Con-

sequently, there is an active body of research on the use of ML algorithms for causal inference

(e.g., Imai and Ratkovic, 2013; Chernozhukov et al., 2018). Tree-based methods (Breiman et al.,

1984; Breiman, 2001) are one class of ML algorithms in which signi�cant progress has been made.

Athey and Imbens (2016) propose methods for causal estimation of conditional average treatment

e�ects (CATEs) from regression trees, which they denote �causal tree� estimators. Wager and

Athey (2018) extend these methods to the estimation of �causal forests.�

In this paper, we apply the causal forest algorithm to the evaluation of a series of large-scale

randomized experiments in household energy use. We predict treatment e�ects among 700,000

households and investigate the role of observed and unobserved household characteristics in de-

termining outcomes. To illustrate the value of forest-derived CATEs, we estimate the potential

welfare gains from selective targeting of treatment to maximize a social objective function. We

�rst train the causal forest on a random 50% sample and test performance in the other held-out

half. To investigate external validity, we then train a new forest on earlier experimental waves

in our sample and test performance in the held-out latter waves. Finally, we compare the gains

from using a causal forest to those from using a series of non machine-learning regression-based

methods.

Our results borrow from, build on, and add to an emerging literature on empirical machine

learning (e.g., Davis and Heller, 2017; Burlig et al., 2017; Kleinberg et al., 2018; Hussam et al.,

2020). Davis and Heller (2017) contribute an early application of the causal forest algorithm

to impact evaluation of a randomized experiment�in their case, a youth summer employment

1The list of RCTs in economics is far too long to detail here, but see, for example, Du�o et al. (2007).
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program. In comparison, we investigate the heterogeneous impacts of behavioral �nudges� towards

energy e�ciency and using a much larger (about 100x) sample. Our �ndings additionally relate

to a large literature on the treatment e�ects of behavioral nudges, which have wide application

ranging from water use (Ferraro and Price, 2013), to tax compliance (Kettle et al., 2016), to

charitable giving (Andreoni et al., 2017).

Our empirical setting is the retail electricity service territory of Eversource, the largest electric

utility in New England. Eversource's �agship behavioral energy e�ciency product is the Home

Energy Report (HER), a short, regular mailing that compares a customer's electricity (and natural

gas) consumption to that of similar, nearby households and provides information on ways to save

energy. Since 2011, the company has been experimentally rolling out HER programming in waves.

Our program evaluation leverages data from 15 experimental waves covering 902,581 Eversource

residential customers. We observe monthly household electricity consumption from 2013-2018 and

cross-sectional characteristics pertaining to homes and their occupants. This context is especially

ripe for estimation of heterogeneous treatment e�ects for three reasons: �rst, the large overall

sample size available to us provides greater statistical power than is normal in randomized control

trials (RCTs). Second, intuition and empirical evidence alike suggest that HERs likely induce a

wide variety of behavioral responses (Allcott, 2011; Costa and Kahn, 2013). And, third, the roll

out of the experiments across both time and geography provide an opportunity to test the external

validity of the methods.

Our central estimate of the pooled average treatment e�ect (ATE) across all HER program

waves�which we estimate via panel regression�is a reduction in monthly electricity usage of 9

kilowatt-hours (kWh), or 1 percent. This ATE is consistent with the lower end of the range of

existing estimates (Allcott, 2011; Ayres et al., 2013; Allcott, 2015). However, the pooled average

masks heterogeneity across waves and over time, because sample makeup varies across waves and

the household response to HERs evolves with repetition, respectively. Our event study of Ever-

source's HER program shows a steady increase in treatment-driven energy conservation throughout

program year 1. There is no evidence of attenuation of program impacts in years 2 and 3; if any-

thing, the reductions in electricity consumption continue to increase. The year-three pooled ATE

in our sample is -14 kWh, or -1.5 percent.

Our causal forest reveals signi�cant heterogeneity and potential for e�ciency improvements:

multiple modes are apparent in the distribution of predicted individual treatment e�ects, and

predictions range from -30 to +10 kWh per month (the latter being consistent with a �boomerang

e�ect� (Schultz et al., 2007; Bhanot, 2017; Byrne et al., 2018)). The most commonly-used house-

hold characteristics in the forest are baseline (that is, pre-treatment) consumption and home value,

which indicates that these variables in particular have signi�cant predictive power. However, the
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bivariate relationships between individual treatment e�ect and each of these variables are not lin-

ear; the forest captures predictive e�ects that may not be apparent in the results of conventional

regression models.

In our targeting exercise, we compare the monetized social net bene�ts of the actual HER

distribution to the net bene�ts of sending reports only to those households for which predicted

bene�ts exceed the marginal cost of sending reports. This exercise has three parts. First, we

grow a causal forest in a training sample of households and use the forest to predict household-

speci�c treatment e�ects in a hold-out sample. Second, we multiply these latter predictions by an

estimate of the social cost of electricity in Eversource's territory and add predictions of households'

willingness to pay for HERs based on Allcott and Kessler (2019) to yield household-level predictions

of the monetized social bene�ts of treatment. Third, we identify households whose predicted social

bene�ts exceed the marginal cost of treatment, estimate an actual average treatment e�ect in that

�targeted� subsample (using di�erence-in-di�erences), and use this ATE to calculate actual social

net bene�ts of targeting.

Our results suggest that with perfect foresight�that is, observing one year of pre-treatment

usage and two years of post-treatment usage�targeting with the forest nearly quadruples the

social net bene�ts of treatment relative to the actual HER rollout. This is because the forest �nds

far fewer households (27 percent, or nearly 55,000 households, fewer) that produce net bene�ts

than the actual number of treated households in the HER program. We compare these gains from

targeting using the forest to the corresponding gains from using four regression-based predictive

models. The simplest of these is a model that allows treatment e�ect to vary only with baseline

consumption, while the most complex includes treatment interactions with all characteristics,

their squares, and the product of each combination of characteristics. The forest outperforms all

of these, including the best competitor�the simple baseline consumption model�by eight percent.

The above results are based on the random splitting of our full sample into training and

hold-out subsamples with the same average characteristics, regardless of the empirical timing of

treatment. To simulate a more realistic targeting exercise, we next split our sample by timing

of treatment and use results from earlier waves (pre-2015) to predict and target in later waves.

This version of the exercise has the additional bene�t of shedding light on the external validity

of forest predictions, since, in our context, later waves have very di�erent average characteristics

from earlier ones. We �nd that targeting using the forest and data from earlier waves doubles

social net bene�ts relative to the actual rollout�less than when training and hold-out samples

were randomly drawn, but still a sizeable improvement. Once again, the forest outperforms the

non machine-learning prediction methods, by no less than nine percent in every case. All in all, our

results seem to suggest that causal forests can yield meaningful bene�ts through selective targeting.
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In identifying the households that do not produce social net bene�ts, forests also point to further

potential welfare gains available through tailoring of treatment to better promote privately and

socially bene�cial responses.

1 Empirical Context

The Home Energy Report (HER) was developed by Opower and rolled out via randomized control

trials in participating electric utility service territories beginning in 2008. The initial motivation

for the reports came from a �eld experiment in San Marcos, CA carried out by Schultz et al.

(2007), who found social norms messaging to be e�ective in reducing home energy consumption.

The Opower HER is characterized by two components. The �rst is information about absolute

and relative energy consumption. Usually, the HER lists a household's consumption in the last

month and compares it (numerically and graphically) to a sample of similar, nearby households.

In the context of social norm theory, peer-rank information can serve as a non-�nancial incentive

to �nudge� individuals towards socially desirable behavior. By providing a relevant reference point,

households are able to compare their behavior to that of others when no other social standard is

available, inducing convergence towards the displayed social norm (Festinger, 1954).2 See Figure

1 for an example Eversource HER.

The second component of the HER is a set of action steps�suggestions for how to conserve

energy, both through changes to a household's stock of energy-using durables and changes in

the use of that capital stock. Action steps can be made accessible through a customer portal

(as in Figure 1), or they can displayed directly in the report. Reports are generally sent out

either monthly or quarterly. Historically, the great majority of HERs have been delivered by

mail in hard-copy form, but Eversource has experimented with email HERs. Customers can and

(infrequently) do opt out of the HER program, but it is unclear how many households are aware

of the opportunity to do so.

There are several potential reasons why an electric utility may choose to send HERs to its

customers. Perhaps the most frequently discussed reason is compliance with energy e�ciency

standards, which, in 26 states, requires utilities achieve a certain amount of new cost savings

through energy e�ciency measures every year. HERs may provide a cost-e�ective way to comply

with such standards. Another reason to send HERs is to improve customer satisfaction by keeping

households informed about their bill and ways to potentially reduce it. Research on HER impacts

has, to date, focused almost exclusively on energy consumption rather than customer satisfaction,

perhaps due to limitations on the latter's data availability.

2The algorithm that identi�es �similar� households is an Opower trade secret, but we believe it is a function of,
at least, home location and home size.
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Figure 1: Eversource Home Energy Report

Source: Eversource.
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Allcott (2011) studies the electricity usage impacts of the �rst wave of Opower experiments and

estimates a short-run average treatment e�ect (ATE) of -2.0% (that is, a 2% monthly reduction in

electricity consumption).3 Ayres et al. (2013) concurrently study the e�ects of two other Opower

interventions and �nd ATEs of -2.1% and -1.2%, respectively (the latter is an aggregate estimate

for home electricity and natural gas usage). Allcott (2015) identi�es �site selection bias� in HER

experiments: using results from the �rst ten Opower experiments to predict results in the next 100

experiments signi�cantly overstates program e�ectiveness. Allcott and Rogers (2014) study the

long-run impacts of HERs and shed light on the time-pattern of a household response. Initially,

treated households reduce energy use right after receiving a report but slide back upwards over

time until receiving the next report. This �action and backsliding� pattern dissipates over time,

but the monthly conservation e�ect continues rising even after two years of repeated treatment.

Finally, the conservation e�ect is relatively persistent after reports are stopped: the decay rate of

the e�ect is 10-20% per year.

While it is intuitive that HERs' impact on actions, savings, and well-being will vary across

households, there is limited evidence of such heterogeneity. Allcott (2011) �nds that the treatment

e�ect varies with baseline electricity consumption: the top decile has an ATE of 6.3%, while the

bottom decile's ATE is statistically indistinguishable from zero. Ayres et al. (2013) similarly �nd

a positive correlation between baseline usage and HER-induced reductions in usage. Costa and

Kahn (2013) show that politically liberal households reduce energy usage in response to HERs

two to four times more than politically conservative ones. Byrne et al. (2018) identify boomerang

e�ects�that is, unintended positive treatment e�ects�among low baseline energy users as well

as households that overestimate their baseline energy use relative to others. Finally, Allcott

and Kessler (2019) elicit willingness-to-pay for HERs and identify signi�cant heterogeneity across

households. According to correspondence with Eversource, Opower's only strategy for targeting

customers for HER experimental participation is high baseline consumption.

1.1 Data

We combine three types of data in order to estimate the impacts of home energy reports: house-

hold monthly electricity consumption from Eversource; treatment assignment and timing of Ev-

ersource's HER experiments; and cross-sectional demographic and socioeconomic characteristics

of participants. Eversource's service territory is divided into four regions: Eastern Massachusetts,

Western Massachusetts, Connecticut, and New Hampshire. Some of its customers receive both

electric and natural gas service, while others receive only one or the other; Figure 2 maps the cov-

3In Allcott (2011)'s context, 2.0% is equivalent to 0.62 kilowatt-hours (kWh) per day. A reduction of this
magnitude could be achieved, for example, by turning o� a typical air conditioner for 37 minutes per day, or by
switching o� a 60-watt incandescent lightbulb for 10.4 hours per day.

7



erage of these services. We obtained monthly electricity consumption totals (in kilowatt-hours, or

kWh) for the universe of Eversource customer accounts (�households�) with residential electricity

service in the period from January 2013 to December 2017. The raw total number of accounts is

3,055,682.

Opower has run 26 waves of home energy report experiments in the Eversource electric service

area, with the earliest beginning in February 2011 and the latest beginning in January 2017. We

drop 11 waves that either (a) begin outside our �ve-year period of observation for household energy

consumption, (b) target natural gas customers, or (c) target households that have just moved

into new homes (who, in these waves, receive di�erent HERs that additionally vary over time).

This leaves us with �fteen waves with which to conduct our analysis. Table 1 details the timing,

location, and size of each wave that we use in our analysis. Twelve of these waves use the standard,

or �base,� Eversource treatment: a periodic, hard-copy mailed report showing the customer's

electricity consumption last month, average consumption among �similar� nearby households, and

a textual comparison of the two. Three program waves deviate from this standard treatment: one

of these replaces hard-copy reports with emailed ones; another exclusively covers households that

have previously received �home energy assessments� aimed at providing recommendations on how

to save energy; and the third targets households with, on average, signi�cantly lower incomes than

the norm for Opower. All waves use either monthly or quarterly report frequency.4

We drop households with outlier values of home square footage and number of rooms, house-

holds enrolled in multiple Opower waves, and households that own multiple properties. We further

limit our sample to those households for which at least 12 months of pre-experiment data and 12

months of post-experiment data are available. This leaves us with 902,581 households and a total

of 49,491,297 household-monthly observations.

We combine these consumption and treatment assignment data with cross-sectional home and

household characteristics from Experian, via Eversource. We include fourteen characteristics in

our analysis. To capture home attributes, we use home age, value, and square footage, as well

as number of rooms. To describe families, we use age of household respondent, the number of

adult residents, and an indicator for the presence of children. We further include indicators for

single-family occupancy and owner occupancy. Finally, we include average baseline consumption,

income, educational attainment, an index for �green awareness�, and an indicator for take-up of a

subsidized home energy assessment. We �ll in missing values of these characteristics using multiple

imputation (see Appendix D for details on this procedure).

Table 2 tests for covariate balance across treatment and control observations in our pooled

4Table 1 shows that treatment-control ratio varies signi�cantly across wave and is always at or above 50:50.
Opower chose such high treatment probabilities in order to meet its electricity savings goals while keeping the
number of waves low.
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Figure 2: Eversource service territory map

Source: Eversource.com.
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Table 1: Summary of experimental Home Energy Report program waves

Date Location Type N % Treatment

February 2014 New Hampshire Base 42,709 50
February 2014 Western Massachusetts Base 95,455 91.9
April 2014 Connecticut E-Delivery 85,360 83.3
April 2014 Connecticut HEA 11,883 66.4
April 2014 Connecticut Base 199,802 91.7
April 2014 Eastern Massachusetts Base 49,610 88.4

January 2015 Western Massachusetts Base 24,837 71.1
April 2015 New Hampshire Base 32,571 71.5

December 2015 Western Massachusetts Base 11,272 86.6
February 2016 Connecticut Base 137,896 88.1
February 2016 Connecticut Low-Income 16,981 53
February 2016 Eastern Massachusetts Base 59,892 76.5
March 2016 Connecticut Base 17,395 80.0
January 2017 Connecticut Base 69,517 75.9
January 2017 Eastern Massachusetts Base 47,401 62.8

Notes: �Base� indicates the standard Opower treatment. �E-Delivery� indicates an email-only treatment.

�HEA� indicates a sample of participants who have previously received a home energy assessment, aimed

at providing recommendations on how to save energy. �Low-Income� indicates a lower-income sample

of participants.
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analysis sample. Columns 1 and 2 present raw means for the characteristics that we use in our

main analysis. In column 3, we calculate the di�erence in means for each characteristic as the

coe�cient from a regression of the particular variable on the treatment dummy and a set of wave

�xed e�ects, with weights equal to inverse treatment probability by wave and standard errors

clustered at the household level. Only one characteristic (home value) exhibits a statistically

signi�cant di�erence across treatment and control (p = 0.07).5

2 Empirical Strategy

We use di�erence-in-di�erences regression, leveraging random assignment of households into treat-

ment and control groups, to estimate average Home Energy Report program e�ects on electricity

consumption. To test for heterogeneity in these e�ects and investigate the role of household char-

acteristics in predicting them, we use the causal forest algorithm, implemented with Tibshirani

et al.'s (2018) generalized random forest package. This algorithm yields a distribution of pre-

dicted, individual household impacts on consumption, as well as information about the use of each

characteristic in growing the forest from which those impacts are predicted.

2.1 Estimation of average treatment e�ects

We use our household-monthly panel data on electricity consumption to estimate the average

treatment e�ect via the following regression:

kWhiwt = α1 + α2Tiwt +Xiη + θi + ωwt + eiwt, (1)

where kWhiwt is electricity consumption for household i from program wave w in year-month t.

Tiwt is the binary treatment variable, Xi is a vector of household characteristics, and θi and ωwt are

household and wave-year-month �xed e�ects, respectively. We cluster standard errors by wave.

α2 is the coe�cient of interest�the average treatment e�ect in kWh per month.

With variation in the timing of wave start dates, we use an event study model to investigate

the evolution of HER impacts over time. The estimating equation is:

kWhiwt = β1 + Σ37
j=−12τ

jDj
iwt +Xiη + θi + ωwt + eiwt. (2)

Here, the index j denotes a time period relative to the event of interest �the beginning of treatment

5Appendix Tables B1-B4 report summary statistics separately for each of Eversource's four service regions, to
provide a glimpse of Opower's selection strategy. As a general rule, Opower appears to target households with
higher baseline usage, more wealth, and more education.
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Table 2: Average Characteristics and Treatment-Control Balance

Treatment Control Balance

Mean/SD Mean/SD Di�erence/SD

Baseline consumption (kWh) 849.685 745.597 0.110
(412.996) (376.888) (0.979)

Home value ($) 363,281.560 343,071.887 -2,062.288*
(370,144.602) (339,779.476) (1,071.788)

Home square footage 19.370 19.225 -0.014
(10.983) (11.226) (0.036)

Annual income 99,592.697 93,693.277 -226.122
(67,443.015) (65,175.334) (208.421)

Education (1-5) 3.211 3.138 -0.005
(1.238) (1.238) (0.004)

Number of rooms in home 7.060 7.046 -0.008
(2.142) (2.214) (0.007)

Year home built 1,968.271 1,969.043 0.037
(23.463) (23.613) (0.074)

GreenAware score (1-4) 2.144 2.158 -0.000
(1.135) (1.119) (0.004)

Renter (=1) 0.122 0.162 0.001
(0.328) (0.368) (0.001)

Single-family occupancy (=1) 0.850 0.811 -0.002
(0.357) (0.392) (0.001)

Child in home (=1) 0.475 0.461 -0.001
(0.499) (0.499) (0.002)

Participated in EA (=1) 0.335 0.380 0.000
(0.472) (0.485) (0.002)

Age 57.366 57.224 -0.028
(14.650) (14.911) (0.048)

Notes: Columns (1) and (2) display the mean of each listed household characteristic for the treatment

and control groups, respectively. Standard errors are listed beneath in parentheses. Column (3) checks

for balance between the control and treatment groups with respect to the given characteristic. Results

are from a linear regression of the characteristic on treatment status with wave �xed-e�ects and robust

standard errors. ∗ p < 0.01, ∗∗p < 0.05, ∗∗∗ p < 0.01.
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in the relevant wave. Dj
wt is thus a binary variable equaling one if an observation is in wave w, j

months after (or before) HER mailings begin in that wave, where j ∈ [−12, 37].6 We omit D0
wt�

corresponding to the month immediately preceding the start of mailings�from the estimating

equation, so that all coe�cients are interpretable as the monthly ATE relative to this month. We

employ the same �xed e�ects and clustering as in Equation 1.

2.2 Causal Forests

The causal forest algorithm (Athey et al., 2019) is an adaptation of random forests (Breiman,

2001) for the measurement of causal e�ects. Random forests are themselves an ensemble method

applied to classi�cation and regression trees (CART) (Breiman et al., 1984), which employ recur-

sive partitioning to split a sample into subgroups that maximize heterogeneity across splits. A

tree is a single run of recursive partitioning; a forest is a collection of trees, where each tree is

grown from a randomly drawn (bootstrapped) subsample of the data.

CART was originally developed for prediction of outcomes ŷ as a non-parametric function of

covariates. Athey and Imbens (2016) adapt CART for prediction of treatment e�ects β̂, enabling

the construction of valid con�dence intervals for these e�ects. Wager and Athey (2018) do the same

for random forests, establishing the consistency and asymptotic normality of their �causal� forest

estimators. Athey et al. (2019) nest causal forests in a �generalized random forest� framework;

we implement the causal forest algorithm using the generalized random forests (grf ) R package

(Tibshirani et al., 2018).

The basic building block of the causal forest is a regression tree. For a single tree, we start

by drawing a random subsample, without replacement, from the full cross-section of Opower

households. A single root node is created containing this random subsample. The root node is

split into child nodes, and child nodes are split recursively to form a tree. Splits are chosen to

maximize heterogeneity in subgroup ATEs, subject to penalties for within-node variance in ATEs

and treatment-control imbalance. If splitting a given node would not result in an improved �t,

that node is not split further and forms a �leaf� of the �nal tree (Tibshirani et al., 2018).

Conventional regression tree algorithms use the same dataset to both grow tree structure and

estimate ATEs at each node. Athey and Imbens (2016), however, show that this practice tends

to overstate goodness of �t with deeper and deeper trees; they introduce the practice of �honest

estimation�, in which the full random subsample is split in half, one subset is used to grow the tree

structure, and the other subset is used to estimate leaf ATEs. We employ this honest estimation

in our trees.

6We include 37 post-period months because some households begin being treated towards the end of the month
in which the program starts.
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Within-leaf ATE estimation in the generalized random forest package is implemented as a

cross-sectional, di�erence-in-means comparison between treatment and control group. To take

advantage of our panel data structure, we de�ne our dependent variable as the di�erence between

average monthly electricity usage in year X of the relevant HER program wave (where X ∈ 1, 2, 3)

and average usage in the year prior to wave start date. Additionally, and following Athey and

Wager (2019), we �orthogonalize� our dependent variable and treatment assignment by regressing

each of these on observable characteristics and wave �xed e�ects and recovering the residuals

(again using weights by inverse probability of treatment).

Figure 3 shows a sample causal tree constructed using data from the April 2014 Connecticut

�base� wave. The top node is the root: it contains 169,000 randomly chosen households, whose

ATE is -15.7 kWh. The �rst split is made at a baseline consumption (�pre_mean�) value of 1,706

kWh, and it creates two child nodes with di�erent size and CATE. The algorithm can (a) split on

the same variable in two successive branches, (b) split on di�erent covariates across branches at

the same level, and (c) stop branches at di�erent depths.

The terminal nodes, or leaves, report the estimated average treatment e�ect for households of

the corresponding type. For example, if we follow the right-most set of branches, households that

have baseline consumption less than 1,706, home square footage less than 1,680, and home value

greater than 270,000 have an ATE of +4.48 kWh. In this particular tree, the right-most leaf is

the only one with a positive ATE. The remainder of terminal-leaf ATEs range from -2.44 to -38.6

kWh.

We grow a forest consisting of 10,000 trees. In our causal forest, each tree is grown with a

di�erent random 50% subsample of households and a di�erent subset of available characteristics.7

The whole tree-speci�c procedure can thus be represented as follows:

1. Randomly draw (1) a sample of households and (2) a subset of available characteristics.

2. Randomly split the sample in half, creating a �training set� Str and �estimation� set Sest.

3. Using Str, grow a tree.

4. Match households in Sest to leaves of the tree, according to observed characteristics.

5. Estimate ATEs in each leaf using the matched observations from Sest in that leaf.8

For each of the 10,000 trees, we predict treatment e�ects for all households not used at all

in the tree-growing procedure (that is, not selected in Step 1 above). We thus obtain a large

number of predictions for each household (in expectation, 5,000). We aggregate these predictions

7The number of characteristics chosen varies by tree according to a draw from a Poisson distribution.
8Due to computational considerations, an approximate criterion is computed using gradient-based approxima-

tions of the in-sample conditional average treatment e�ect estimators of the child nodes.
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Figure 3: A sample causal tree
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Notes: The tree is constructed from the Connecticut �base� wave beginning in April 2014. The depen-

dent variable is the di�erence between average monthly electricity usage in program year 2 and the year

prior to program start. Reported numbers in each box are leaf-speci�c ATE (in kWh), the number (n)

of households falling into this leaf, and the corresponding proportion (in %) of total households used.
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into a single, central estimate of a household's treatment e�ect using adaptive neighborhood

estimation (Tibshirani et al., 2018). For each household i, we assign every other household a

weight corresponding to the frequency with which it falls into the same leaf as i. These weights

de�ne the forest-based adaptive neighborhood. We then estimate household i's treatment e�ect

as the weighted average of all other households' average predictions.

In addition to the size of the bootstrapped sample and the number of characteristics used, a

few other parameters in�uence the forest algorithm and thus the estimates that emerge from it:

minimum node size (a threshold number of observations in a node, below which no further splits

can be made); maximum split imbalance (between child-node treatment and control N); and the

penalty for split imbalance. For all of these parameters except minimum node size, we use the

default values provided by the generalized random forest algorithm. The distribution of household

treatment e�ect predictions is sensitive to minimum node size; we tune this parameter by training

forests with di�erent minimum node size values and choosing the value that minimizes R-loss (in

our case it is 1,500), as de�ned in Nie and Wager (2020).

3 Treatment e�ect estimates

3.1 Average treatment e�ects

Figure 4 displays ATE estimates in each individual Opower wave as well as for the full, pooled

sample. These results correspond to Equation 1. The pooled ATE is -8.85 kWh (per month), or

-1 percent. While this is somewhat lower than the ATEs found in earlier Opower experiments

(Allcott, 2011; Ayres et al., 2013; Costa and Kahn, 2013), the di�erence may be explained at least

in part by �site selection bias� (Allcott, 2015): earlier Opower experiments systematically targeted

areas and households with larger potential to reduce consumption. Wave-speci�c ATEs range in

magnitude from -1.6 to -17.7 kWh. The pooled ATE and 12 of the 15 individual program-wave

ATEs are statistically signi�cant at the �ve-percent level or lower.

While the timing and household makeup of each program wave likely explain some of the

heterogeneity in wave-speci�c ATEs, di�erences in the length of the post-period may also be a

part of the explanation. Figure 5�generated through estimation of Equation 2�sheds light on

how the consumption impact of HERs evolves over time, on average. In the 12 months prior to

program start date, none of the point estimates are statistically di�erent from zero. In months 1

and 2, too, there is no discernible impact on consumption. But from months 2 through 8, there

is a consistent, steep downward trend in average consumption. Month-speci�c point estimates

are statistically signi�cant beginning in month 4. The ATE in each successive year is larger than

that of the previous one. In sum, households take time to ramp up their response to reports but
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Figure 4: Average treatment e�ects, by wave: consumption

Pooled
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Notes: The y-axis denotes a speci�c wave (�Pooled� indicates all waves put together). The x-axis

measures the treatment e�ect. Error bars denote 95% con�dence intervals. CT = Connecticut; EMA

= Eastern Massachusetts; NH = New Hampshire; WMA = Western Massachusetts. All e�ects are

estimated using Equation 1 as described in Section 2.
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continue changing behavior into at least the third year of treatment.

Figure 5: Event study of pooled experimental waves: consumption
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Notes: The solid-line data points are event-study coe�cients from estimation of Equation 2. Dashed

lines indicate 95% con�dence intervals. D0
iwt�which corresponds to the month immediately preceding

program start�is omitted.

3.2 Conditional average treatment e�ects

Figure 6 depicts the distribution of household treatment e�ect predictions produced by the causal

forest. We plot separate distributions for each of the �rst three years of treatment.9 It is immedi-

ately clear from this graph that the distribution of treatment e�ects is multi-modal. In year 1 of

treatment, there is a large peak centered on -10 kWh, as well as an even larger, albeit narrower,

peak centered on zero. This zero peak implies that a signi�cant number of households don't ini-

tially respond to, or perhaps even read, their home energy reports. In years 2 and 3 of treatment,

both peaks progressively widen and shift away from zero. Households that respond by reducing

consumption appear to learn to do more of that over time, but a sizeable subset of the sample

(18 percent) is predicted to raise its consumption. The full range of predicted treatment e�ects

in Year 3 extends from roughly -40 to +10 kWh.

9Appendix Figure A1 depicts a single, aggregate distribution of predicted household treatment e�ects, calculated
across program years 1 to 3.
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Figure 6: Distribution of Predicted Treatment E�ects
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Notes: Each plotted distribution is a kernel density of household treatment e�ects in a speci�c year

(1, 2, or 3) of HER programming. The sample is �xed across years: only households with non-missing

consumption in all three post-years are included. Treatment e�ect predictions come from our causal

forest (Section 2.2).

What drives all this heterogeneity? Figure 7 plots the frequency of selected characteristics'

use as a splitting variable in the forest, conditional on being available (recall that only a random

subset of characteristics is considered in each tree). The six characteristics included in this �gure�

baseline consumption, home value, home square footage, the year in which a home was built,

income, and respondent's age�are the most frequently used. Among these, the �rst two are

easily the most common splitting variables. Baseline consumption is chosen as the initial splitting

variable in 90 percent of trees in which it is eligible. Home value catches up to baseline consumption

in frequency of use at the sixth split level. Beyond that point, these two attributes are used about

twice as frequently as the other four shown (20 percent of the time vs. 10 percent).

While frequency of use in tree growth provides some insight into the relative predictive power

of characteristics, it does not clarify how these characteristics are related to treatment e�ects. To

shed some light on these relationships, we zoom in on the two most frequently-used characteristics:

baseline consumption and home value. Figure 8 provides evidence on the relationship between

the empirical distribution of predicted treatment e�ects and each of these two attributes. Each

panel presents a scatterplot of individual values: the y-axis measures predicted treatment e�ect,

and the x-axis measures the attribute in question. We �t smooth, local polynomial functions to

each scatterplot's data.
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Figure 7: Usage of characteristics in the causal forest
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Notes: Each line plots, on the y-axis, the empirical likelihood of a speci�c characteristic being chosen

to de�ne a forest split at split level x, conditional on being available as a splitting variable (only a

random subset of characteristics are available for each tree). We show percentages for the six most

frequently-used characteristics: baseline consumption, home value, home square footage, home year

built, income, and age of household respondent. The underlying sample includes all households with

non-missing consumption in the year prior to program start and at least one of the �rst three years

following program start. The dependent variable in the forest is average consumption across the three

post years minus average consumption in the �rst pre year. See Section 2.2 for further implementation

details.

Figure 8: Predicted treatment e�ect vs. household type

Panel A. Baseline consumption Panel B. Home value

Notes: Each plotted point represents a household. In each panel, the x-axis measures the value of

the indicated household characteristic, while the y-axis measures treatment e�ect (TE) predicted by

our causal forest. Lines display the local smoothed polynomial relationship between ATE and the

characteristic. The sample includes all households with non-missing consumption in the year prior to

program start and at least one of the �rst three years following program start. The dependent variable

in the forest is average consumption across the three post years minus average consumption in the �rst

pre year. See Section 2.2 for further implementation details.
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Both panels of Figure 8 hint at the potential value of non-parametric prediction methods

like the causal forest. Relatively simpler predictive models may miss the non-linearity of the

relationship between treatment e�ect and baseline consumption, or they may miss the importance

of the home value variable altogether. Panel A exempli�es the potential for improved program

outcomes through selective targeting on observable characteristics. The overwhelming majority

of households with positive treatment e�ects have baseline consumption less than 800 kWh per

month; setting the threshold for program inclusion at this level would thus be predicted to avoid

nearly all boomerang e�ects. Meanwhile, the interpretation of the results in Panel B is more

nuanced. Home value, the second most frequently-used attribute in the forest, has almost zero raw

correlation with treatment e�ect. However, if one wanted to better understand the characteristics

of the very largest �reducers�, Panel B is helpful; such households are con�ned to the very bottom of

the home value distribution. Nobody with home value above 100,000 dollars is predicted to reduce

monthly consumption by more than 23 kWh, while the households below that dollar threshold in

some cases are predicted to reduce by 30-35 kWh.

4 Selective targeting of treatment

To further investigate the potential gains in program e�ectiveness from selective targeting, we

develop an exercise that simulates a planner's decisions about whom to treat going forward, based

on previously observed treatment e�ects. There are, of course, many possible objective functions

that a planner may seek to maximize; we focus here on maximizing aggregate social net bene�ts

produced by treatment. We note, however, that equity is an important component of the true

social welfare function. Thus, it is important to keep in mind what might be done for those who

do not receive this particular HER treatment (e.g., tailoring the treatment to make the reports

more valuable for this group, or increasing spending on other programs for this group (Reames

et al., 2018)).

For this exercise, we require estimates of three key values in addition to our treatment e�ect

predictions: the marginal cost of sending HERs; the social marginal cost of electricity (which

includes both generation costs and environmental externalities); and customer willingness-to-pay

(WTP) for HERs. Based on consultation with Eversource, we assume that the marginal cost

of HERs is $7 per household per year.10 For the social marginal cost of electricity, we use the

short-run estimate of Borenstein and Bushnell (2018) for the New England electricity region in

2016�$0.065/kWh. To estimate WTP for HERs, we borrow from Allcott and Kessler (2019), who

elicit WTP for HERs experimentally and report results from a regression of household-speci�c

10We acknowledge, however, that the true social marginal cost could be below the price charged to Eversource
by Opower.
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WTP on the logarithm of income, indicators for retirement, marriage, homeownership, and single-

family occupancy, and homebuyer's credit worthiness score. We use their regression coe�cients to

predict household-speci�c WTP in our sample, given the characteristics of each household. Our

data do not match up perfectly to theirs, but we do have measures of income, age, number of

adults in the household, homeownership, and single-family occupancy. We de�ne households with

a head-of-household that is older than 65 as �retired.� We de�ne households with at least two

adults living in the household as �married.� Allcott and Kessler (2019) do not report a constant

term for the regression but do report an average WTP. We thus use, as our own constant term,

the di�erence between their reported mean WTP and the �tted mean value in our data using their

regression coe�cients.

With these estimates, we can then compare the predicted social bene�ts produced by a given

household�here, the sum of its predicted WTP and the estimated social value of its predicted

electricity savings�to the marginal cost of sending the reports. Figure 9 graphically depicts

this comparison, by plotting the (reverse) cumulative distribution function (CDF) of household-

speci�c, predicted social bene�ts in each of the �rst three years of HER programming alongside the

(constant) marginal cost curve. In every year, the CDF crosses both the zero line and the marginal

cost line; that is, there are always households whose predicted responses to HERs translate to both

gross and net negative bene�ts, respectively.

Taken at face value, the graph suggests that sending only to households whose induced annual

social bene�ts exceed seven dollars would yield aggregate net bene�ts equivalent to the area

between the CDF and marginal cost curve, from their crossing point onwards. However, the CDF

here is composed entirely of �in-sample� predictions; that is, all of the households whose predicted

treatment e�ects are plotted in Figure 9 were used to grow the causal forest. To the extent that

the forest su�ers from over�tting, estimates of the net bene�ts of targeting calculated directly

from Figure 9 will be biased upwards.

We design our targeting exercise to address this issue, by building a predictive model using

one sample and testing the e�ectiveness of targeting in another. The full exercise consists of the

following steps:

1. Split the full set of available households into two: a training sample for estimating the model,

and a hold-out sample for evaluation of targeting.

2. Choose a predictive modeling method: causal forest, or non machine-learning regression.

3. Estimate the predictive model with the training sample.

4. Predict household-level treatment e�ects in the hold-out sample using the estimated model

and translate into social bene�ts.

22



Figure 9: The predicted cumulative distribution of HER-induced social bene�ts
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Notes: Each downward-sloping line is the reverse cumulative distribution function of annual social

bene�ts produced by households in a given HER program year, estimated via our causal forest. The

sample is �xed across years: only households with non-missing consumption in all three post-years are

included. The line labeled �MC = 7� denotes the estimated marginal cost of sending one year's worth

of HERs to a household.

5. Identify all households whose induced social bene�ts exceed marginal cost; this is the group

�targeted� for treatment.

6. Estimate an average treatment e�ect in the targeted group using di�erence-in-di�erences

regression.

7. Calculate aggregate social net bene�ts created in the targeted group and compare to those

of alternatives.

Choosing a modeling method in step 1 above allows us to test not only the performance of

the causal forest relative to Opower's observed treatment assignment, but also the performance

of the forest relative to simpler data-driven alternatives. We choose four non machine-learning,

regression-based alternatives to test, motivated by convention and prior knowledge of HERs' im-

pact. The �rst, and simplest, of these (which we denote �Baseline�) is a linear model in which

treatment e�ect is allowed to vary only with baseline electricity consumption. The sparseness of

this model means an electric utility could estimate it without the need for demographic, socioe-

conomic, or home attributes, and it also may lessen the risk of over�tting. Furthermore, baseline

consumption stands out as an important predictor of treatment e�ect in our work as well as that of

others before us (Allcott, 2011; Ayres et al., 2013). Anecdotally, Opower too targets high baseline
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electricity users, so that this �rst model can be thought of as a formal version of what is already

done in the �eld.

Each of our other three regression-based models builds successively on the previous one. Our

second (denoted �Linear�) model parameterizes treatment e�ect to vary linearly with all fourteen

of our household characteristics. Our third (�Parsimonious�) builds on the second by adding

interactions between treatment and the square of each characteristic. And our fourth (�Interacted�)

adds, on top of that, treatment interactions with the product of each pair of characteristics. We

specify all of these models so that estimation is as similar as possible to that of the forest. Thus,

we run cross-sectional regressions where the dependent variable captures a household's pre-post

di�erence in electricity consumption; in this exercise, we focus on post-year 2. We use the same

�orthogonalized� (or �residualized�) dependent variable and treatment assignment as are described

for the causal forest in Section 2.2.

In step 2 above, we try two di�erent ways of splitting the full sample into training and hold-out

groups. In the �rst, we split the full sample into two randomly, using one to grow the forest and

the other to simulate selective targeting. This splitting rule facilitates a test of whether the forest

would be accurate in a hold-out sample with the same average characteristics; we therefore think

of this �rst version of the exercise as a good evaluation of each model's internal validity. In the

second, we split the full sample by the timing of wave start date; the training sample is composed

of all households whose program wave started before 2015 (406,637 households), and the hold-out

sample is composed of those with wave start date in 2015 or 2016 (83,424 households).11 By using

earlier waves to predict outcomes in later waves, we better approximate the situation in which a

utility (or any other service provider) might �nd itself. In particular, the average characteristics

of the two samples are very di�erent in this second version of the test (see Appendix Table B5).

We thus view this version as shedding light on the external validity of each method.

Figure 10 depicts, for each of the two versions of the exercise described above, the absolute

performance of the �ve di�erent methods and the as-delivered Opower treatment assignment. As

displayed in Panel A, forest-based targeting in a random hold-out sample yields aggregate net

bene�ts equal to $979,517 in post-year 2, whereas the actual Opower program in that sample

produced only $260,271 in net bene�ts. This nearly four-fold (3.76x) increase in net bene�ts is the

result of the forest identifying approximately 55,000 fewer households to whom to send treatment,

relative to the actual Opower program. In particular, this number represents the aggregate e�ect

of switching 77,452 households from treatment to control, and 22,348 households from control to

treatment.

11We omit one wave in Western Massachusetts that begins in December 2015, because all other waves begin in
the �rst four months of a year, and omitting this wave thus reduces treatment e�ect variation coming from the
season of in which a wave starts.
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Figure 10: Social bene�ts of targeting, by predictive method
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Notes: Bars are estimated net bene�ts of sending a year's worth of HERs to only those households

predicted to yield social bene�ts exceeding the marginal cost of sending HERs. Bar labels denote the

model used to predict household-level bene�ts. Panel A depicts results from building all predictive

models with a 50% random sample of households and targeting in the other 50% �hold-out� sample.

Panel B depicts results from building all predictive models exclusively with households in HER waves

beginning in 2014 and targeting among waves beginning in 2015 or later. The sample includes all

households with non-missing consumption in the year prior to program start and in post-year 2. The

dependent variable in the forest is average consumption in post-year 2 minus average consumption in

the �rst pre year. See Section 4 for implementation details.

The forest also produces more net bene�ts than any of the alternative, non-ML predictive

models in this �rst version of the targeting exercise. Only the �Baseline� model comes close to

matching the forest's performance; the latter outperforms the former by 8.2 percent. Both of these

models do far better than the other three non-ML models. Including successively more predictors

in the regression-based models apparently leads to signi�cant over�tting in this case.

The aggregate net bene�ts of targeting are smaller in the second version of the exercise, depicted

in Panel B, as a mechanical result of their being far fewer households in the hold-out sample.

However, the forest still outperforms both the Opower benchmark and all four regression-based

models. The forest produces twice the net bene�ts of Opower's actual distribution in post-2014

waves. Again, the forest outperforms the best alternative by a little more than 8 percent (8.7),

but this time the best alternative is the �Parsimonious� model. In both versions, then, all �ve

targeting methods do signi�cantly better than Opower's actual program, and the forest produces

the largest aggregate net bene�ts of all targeting methods.12

12We present the results of three other targeting exercises in Appendix A. In each exercise, we estimate the
aggregate net bene�ts produced from targeting the top quantile (half, quartile, or decile) using each predictive
model.
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5 Conclusion

Machine learning holds great promise as a tool for high-resolution evaluation and prediction. In this

paper, we test that promise in the context of large-scale experiment promoting household energy

conservation. We leverage �fteen experimental waves covering more than 900,000 households, in

which the treatment is a periodic social comparison message designed to nudge households to

reduce electricity consumption. We use the causal forest machine-learning algorithm, an ensemble

method based on classi�cation and regression trees that has been adapted for causal inference.

The causal forest that we estimate reveals several facts about treatment e�ects in this context.

First, there is wide variation in responses to Home Energy Reports. The overall average treatment

e�ect is a nine kilowatt-hour monthly reduction in electricity consumption, but individual e�ects

range from -40 to +10 kWh. Second, there are multiple statistical modes, and these evolve

di�erentially over time. Those who reduce consumption in program year 1 tend to reduce even

more in subsequent years, while those who respond minimally or not at all to treatment in year

1 tend to raise consumption later on. Third, baseline consumption and home value are the

household characteristics most frequently used to grow the forest. Altogether, these facts illustrate

the potential for improved program e�ectiveness through targeting and tailoring of treatment.

To test this potential, we develop an out-of-sample prediction exercise that mimics the way

targeting may be done in the real world. The exercise allows us to compare the bene�ts of forest-

based targeting to those of the actual Opower distribution as well as non-ML based targeting. In

the internal validity version of this test�in which the training and hold-out samples are randomly

drawn�the forest produces nearly four times the aggregate social net bene�ts as the Opower

program and eight percent more bene�ts than the best non-ML predictive method. In the external

validity version of this test�where we train the predictive model on 2014 waves and target in

post-2014 waves (which are very di�erent)�the forest produces twice the bene�ts of the Opower

program and, again, eight percent more bene�ts than the best non-ML predictive method.

Our results show how causal forests can be used to improve program e�ectiveness and social

welfare through targeting. In addition, they point to the potential for even further welfare gains

through selective tailoring of treatment. Those whom targeting identi�es as undesirable to treat as

is are strong candidates to receive adjusted treatments or programming that meets their speci�c

needs. All told, we believe that high-resolution predictive methods like the forest are a useful

tool for improving cost e�ectiveness, social welfare, and distributional equity in a broad variety of

settings.
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Appendix A: Additional forest-based results

Figure A1: Distribution of Predicted Treatment E�ects: 3-Year Average
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Notes: The plotted distribution is a kernel density of predicted household treatment e�ects. The sample

includes all households with non-missing consumption in the year prior to program start and at least

one of the �rst three years following program start. The dependent variable in the forest is average

consumption across the three post years minus average consumption in the �rst pre year. See Section

2.2 for details.
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Figure A2: Estimated total net bene�ts produced by the top half of households, by method

Panel A. Training on a random sample
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Notes: Bars are estimated net bene�ts of sending a year's worth of HERs to only those households

predicted to yield social bene�ts in the top half of the distribution. Bar labels denote the model used to

predict household-level bene�ts. Panel A depicts results from building all predictive models with a 50%

random sample of households and targeting in the other 50% �hold-out� sample. Panel B depicts results

from building all predictive models exclusively with households in HER waves beginning in 2014 and

targeting among waves beginning in 2015 or later. The sample includes all households with non-missing

consumption in the year prior to program start and in post-year 2. The dependent variable in the forest

is average consumption in post-year 2 minus average consumption in the �rst pre year. See Section 4

for implementation details.

Figure A3: Estimated total net bene�ts produced by the top quartile of households, by method

Panel A. Training on a random sample
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Notes: Bars are estimated net bene�ts of sending a year's worth of HERs to only those households

predicted to yield social bene�ts in the top quartile of the distribution. Bar labels denote the model

used to predict household-level bene�ts. Panel A depicts results from building all predictive models

with a 50% random sample of households and targeting in the other 50% �hold-out� sample. Panel B

depicts results from building all predictive models exclusively with households in HER waves beginning

in 2014 and targeting among waves beginning in 2015 or later. The sample includes all households with

non-missing consumption in the year prior to program start and in post-year 2. The dependent variable

in the forest is average consumption in post-year 2 minus average consumption in the �rst pre year. See

Section 4 for implementation details.
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Figure A4: Estimated total net bene�ts produced among by top decile of households, by method

Panel A. Training on a random sample
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Notes: Bars are estimated net bene�ts of sending a year's worth of HERs to only those households

predicted to yield social bene�ts in the top decile of the distribution. Bar labels denote the model

used to predict household-level bene�ts. Panel A depicts results from building all predictive models

with a 50% random sample of households and targeting in the other 50% �hold-out� sample. Panel B

depicts results from building all predictive models exclusively with households in HER waves beginning

in 2014 and targeting among waves beginning in 2015 or later. The sample includes all households with

non-missing consumption in the year prior to program start and in post-year 2. The dependent variable

in the forest is average consumption in post-year 2 minus average consumption in the �rst pre year. See

Section 4 for implementation details.
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Appendix B: Additional summary statistics

Table B1: Summary Statistics for Connecticut

Total Unenrolled Enrolled Balance
(1) (2) (3) (4)

Monthly consumption (kWh) 667 459 942 0.31
(763) (892) (405) (1.25)

Home value ($) 328,597 298,403 364,200 -2,910*
(407,528) (408,132) (403,926) (1,742)

Home square footage 1,881 1,807 1,947 -1.56
(1,292) (1,501) (1,071) (4.94)

Annual income ($) 89,971 78,625 104,736 -564*
(67,346) (63,585) (69,215) (291)

Education (1-5) 3.01 2.85 3.22 -0.007
(1.25) (1.23) (1.24) (0.005)

Number of rooms in home 6.99 6.92 7.05 -0.014
(2.49) (2.87) (2.11) (0.010)

Year home built 1,969 1,966 1,971 0.020
(24) (25) (23) (0.112)

GreenAware score (1-4) 2.18 2.19 2.17 0.001
(1.11) (1.07) (1.16) (0.005)

Renter (=1) 0.171 0.240 0.102 0.003**
(0.377) (0.427) (0.302) (0.001)

Single-family occupancy (=1) 0.788 0.704 0.877 -0.003*
(0.409) (0.457) (0.329) (0.002)

Child in home (=1) 0.444 0.407 0.489 -0.002
(0.497) (0.491) (0.500) (0.002)

Participated in EA (=1) 0.298 0.301 0.294 -0.002
(0.457) (0.459) (0.456) (0.002)

Age 57.7 58.3 57.2 -0.064
(16.6) (18.3) (14.8) (0.071)

Observations 1,017,854 580,152 437,702

Notes: This table lists summary statistics for all HH in Connecticut (column 1), for HH that are not enrolled

in a HER program (column 2), for HH that are enrolled in a HER program and participated in a wave

with available pre-enrollment data (column 3). Column 4 checks for balance between treatment and control.

Baseline consumption for the unenrolled HH corresponds to average consumption for the entire analysis

period. Results are from a linear regression of the listed HH characteristic on treatment status with wave

�xed-e�ects and robust standard errors. ∗p < 0.1, ∗∗p < 0.05, ∗∗∗p < 0.01.
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Table B2: Summary Statistics for Eastern Massachusetts

Total Unenrolled Enrolled Balance
(1) (2) (3) (4)

Monthly consumption (kWh) 503 497 558 -1.01
(557) (578) (289) (2.39)

Home value ($) 592,696 591,035 607,259 -5,744
(443,623) (444,486) (435,717) (4,138)

Home square footage 2,060 2,071 1,973 -11.64
(1,926) (1,965) (1,611) (15.84)

Annual income ($) 97,388 96,721 103,486 353
(70,902) (70,775) (71,769) (597)

Education (1-5) 3.44 3.43 3.51 0.003
(1.27) (1.27) (1.29) (0.011)

Number of rooms in home 7.35 7.35 7.29 -0.053*
(3.09) (3.10) (3.05) (0.031)

Year home built 1,963 1,964 1,960 -0.023
(30) (30) (31) (0.329)

GreenAware score (1-4) 2.05 2.06 1.98 0.003
(1.09) (1.09) (1.08) (0.009)

Renter (=1) 0.216 0.220 0.188 -0.001
(0.412) (0.414) (0.391) (0.004)

Single-family occupancy (=1) 0.612 0.612 0.610 0.002
(0.487) (0.487) (0.488) (0.004)

Child in home (=1) 0.342 0.334 0.411 -0.001
(0.474) (0.472) (0.492) (0.004)

Participated in EA (=1) 0.290 0.280 0.371 0.000
(0.454) (0.449) (0.483) (0.004)

Age 56.3 56.4 55.5 -0.188
(17.2) (17.2) (17.1) (0.157)

Observations 922,802 832,851 89,951

Notes: This table lists summary statistics for all HH in Eastern Massachusetts (column 1), for HH that are

not enrolled in a HER program (column 2), for HH that are enrolled in a HER program and participated

in a wave with available pre-enrollment data (column 3). Column 4 checks for balance between treatment

and control. Baseline consumption for the unenrolled HH corresponds to average consumption for the entire

analysis period. Results are from a linear regression of the listed HH characteristic on treatment status with

wave �xed-e�ects and robust standard errors. ∗p < 0.1, ∗∗p < 0.05, ∗∗∗p < 0.01.
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Table B3: Summary Statistics for Western Massachusetts

Total Unenrolled Enrolled Balance
(1) (2) (3) (4)

Monthly consumption (kWh) 599 534 637 1.98
(1,273) (2,040) (347) (3.32)

Home value ($) 220,368 215,627 222,984 -1,538
(153,057) (173,478) (140,464) (1,500)

Home square footage 1,803 2,037 1,723 13.58
(1,465) (1,978) (1,232) (15.96)

Annual income ($) 67,663 60,280 71,917 -149
(52,110) (52,024) (51,682) (471)

Education (1-5) 2.82 2.69 2.90 0.010
(1.21) (1.20) (1.22) (0.011)

Number of rooms in home 6.93 7.58 6.70 0.005
(2.58) (3.24) (2.27) (0.028)

Year home built 1,961 1,959 1,962 0.149
(28) (30) (27) (0.300)

GreenAware score (1-4) 2.24 2.41 2.14 -0.013
(1.07) (1.03) (1.08) (0.010)

Renter (=1) 0.206 0.338 0.156 -0.000
(0.404) (0.473) (0.363) (0.004)

Single-family occupancy (=1) 0.819 0.704 0.866 -0.003
(0.385) (0.457) (0.340) (0.004)

Child in home (=1) 0.407 0.465 0.377 -0.007
(0.491) (0.499) (0.485) (0.005)

Participated in EA (=1) 0.417 0.397 0.426 0.003
(0.493) (0.489) (0.495) (0.005)

Age 57.5 49.9 60.1 0.075
(17.0) (17.7) (15.9) (0.166)

Observations 173,311 64,233 109,078

Notes: This table lists summary statistics for all HH in Western Massachusetts (column 1), for HH that are

not enrolled in a HER program (column 2), for HH that are enrolled in a HER program and participated

in a wave with available pre-enrollment data (column 3). Column 4 checks for balance between treatment

and control. Baseline consumption for the unenrolled HH corresponds to average consumption for the entire

analysis period. Results are from a linear regression of the listed HH characteristic on treatment status with

wave �xed-e�ects and robust standard errors. ∗p < 0.1, ∗∗p < 0.05, ∗∗∗p < 0.01.
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Table B4: Summary Statistics for New Hampshire

Total Unenrolled Enrolled Balance
(1) (2) (3) (4)

Monthly consumption (kWh) 558 505 795 -0.77
(442) (440) (364) (2.48)

Home value ($) 245,744 238,545 275,751 1,042
(166,378) (161,232) (183,283) (1,459)

Home square footage 1,885 1,844 2,017 1.79
(1,304) (1,370) (1,050) (8.94)

Annual income ($) 80,855 77,520 95,737 269
(57,082) (56,157) (58,780) (451)

Education (1-5) 2.95 2.91 3.14 -0.013
(1.13) (1.12) (1.17) (0.009)

Number of rooms in home 6.59 6.52 6.80 0.022
(2.29) (2.39) (1.95) (0.019)

Year home built 1,979 1,979 1,980 0.111
(24) (24) (22) (0.193)

GreenAware score (1-4) 2.29 2.32 2.19 0.001
(1.12) (1.11) (1.13) (0.009)

Renter (=1) 0.165 0.187 0.084 -0.000
(0.371) (0.390) (0.278) (0.002)

Single-family occupancy (=1) 0.795 0.768 0.896 -0.003
(0.404) (0.422) (0.305) (0.003)

Child in home (=1) 0.377 0.372 0.396 0.002
(0.485) (0.483) (0.489) (0.004)

Participated in EA (=1) 0.414 0.398 0.477 0.004
(0.493) (0.490) (0.499) (0.004)

Age 57.5 57.1 58.6 0.071
(15.3) (15.8) (13.5) (0.112)

Observations 393,075 321,699 71,376

Notes: This table lists summary statistics for all HH in New Hampshire (column 1), for HH that are not

enrolled in a HER program (column 2), for HH that are enrolled in a HER program and participated in a

wave with available pre-enrollment data (column 3). Column 4 checks for balance between treatment and

control. Baseline consumption for the unenrolled HH corresponds to average consumption for the entire

analysis period. Results are from a linear regression of the listed HH characteristic on treatment status with

wave �xed-e�ects and robust standard errors. ∗p < 0.1, ∗∗p < 0.05, ∗∗∗p < 0.01.
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Table B5: Summary Statistics for Training and Prediction Samples - Group 3

Training Hold-out

Mean Mean Di�erence

Home value ($) 373,917.884 392,921.314 -19,003.430***
(402,062.109) (351,003.166) (1,473.418)

Home square footage 19.610 20.056 -0.446***
(11.091) (14.690) (0.061)

Annual income 103,470.842 91,397.997 12,072.845***
(68,038.072) (65,449.361) (250.816)

Education (1-5) 3.266 3.172 0.094***
(1.231) (1.276) (0.005)

Num Adults 2.602 2.356 0.246***
(1.360) (1.358) (0.005)

Number of Rooms in Home 7.064 7.089 -0.026*
(2.167) (2.699) (0.012)

Year home built 1,969.490 1,969.215 0.275*
(24.675) (29.327) (0.126)

GreenAware score (1-4) 2.139 2.169 -0.030***
(1.142) (1.110) (0.004)

Renter (=1) 0.086 0.187 -0.101***
(0.281) (0.390) (0.001)

Single-family occupancy (=1) 0.882 0.737 0.145***
(0.322) (0.440) (0.002)

Child in home (=1) 0.450 0.467 -0.016***
(0.498) (0.499) (0.002)

Participated in EA (=1) 0.349 0.450 -0.100***
(0.477) (0.497) (0.002)

Age 57.964 55.493 2.471***
(14.534) (15.646) (0.063)

Baseline Consumption (kwh) 901.648 722.313 179.335***
(452.727) (368.487) (1.460)

F-test 935.309
(0.000)

N 406,637 83,424

Notes: Columns 1 and 2 display the mean of the listed household characteristic for the

training sample and hold-out sample, respectively. Standard deviations are listed be-

neath in parentheses. Column 3 reports the di�erence between the two sample means,

which we estimate via bivariate regressions, and robust standard error in parentheses.
∗p < 0.1, ∗∗p < 0.05, ∗∗∗p < 0.01. We additionally report an F-statistic and correspond-

ing p-value from a test of the joint signi�cance of the these di�erences.
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Appendix C: Multiple imputation

We use multiple imputation (MI) to �ll in missing values of household characteristics. We im-

plement MI through the multivariate imputation by chained equations (MICE) approach. The

process can be broken down into the following steps:

1. We de�ne a set of variables X1, . . . , Xn to be used in the imputation model. Every missing

value is �led in at random to act as a placeholder.

2. The placeholder values for the �rst variable with at least one missing value, X1, are returned

to missing and the observed vales of X1 are regressed on X2, . . . , Xn using a regression

model (e.g., linear, logistic) based on the data type of X1. Predictive mean matching (e.g.,

known-nearest neighbor) can also be performed.

3. The missing values of X1 are replaced by simulated draws from the posterior predictive

distribution of X1. In the remaining steps, X1 consists of the observed and imputed values.

4. Repeat steps 2-3 for the remaining n−1 variables where the value of each variable is updated.

For example, the next step would be to regressX2 is regressed on the newly imputed values of

X1 andX3, . . . , Xn and estimate missing values ofX2 with draws from its posterior predictive

distribution. A �cycle� is said to have passed when all variables have been imputed.

5. Repeat steps 2-4 for 20 cycles to stabilize the results. The placeholder values at the start

of each cycle are the imputed values from the previous cycle. A single imputed dataset is

produced at the end of all 10 cycles.

6. Repeat steps 1-5 M number of times. (White et al., 2011) suggests that a rule of thumb for

deciding M is that M should be a least equal to the percentage of incomplete cases in the

dataset.

38


	Empirical Context
	Data

	Empirical Strategy
	Estimation of average treatment effects
	Causal Forests

	Treatment effect estimates
	Average treatment effects
	Conditional average treatment effects

	Selective targeting of treatment
	Conclusion

