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Abstract
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1 Introduction

Investments in residential energy efficiency upgrades are a widely used strategy by poli-

cymakers for reducing energy consumption and emissions from the residential sector, which

currently amounts to 22% of the total annual energy use in the United States (U.S. EIA 2016).

Although the role of energy efficiency in curbing greenhouse gas emissions and addressing

energy security concerns is well-recognized, the use of price-based policies for encouraging

optimal energy use and adoption of energy-efficient technologies continues to face political

opposition, which is likely to persist in the near future in the United States. Moreover, there

is a continued discussion in the literature over why there might be an “energy efficiency gap”

slowing the diffusion of seemingly cost-effective energy efficiency investments, with plausible

explanations including lack of information or behavioral anomalies in processing information

(Gillingham and Palmer 2014). Increasing attention has therefore been given to non-price

interventions that serve to inform households about the cost savings possible under energy

conservation activities.

One such non-price intervention is a “residential energy audit,” which is often targeted

to lower-income households. An energy efficiency audit is a professional home assessment

that identifies the energy efficiency investments through which a household can reduce its

energy consumption and provides engineering estimates of the monthly savings associated

with these investments. The reduction in residential electricity usage among audit partici-

pants can be in excess of 5 percent, as shown by previous studies (Delmas, Fischlein, and

Asensio 2013; Alberini and Towe 2015). A growing body of literature, most recently summa-

rized by Gillingham and Palmer (2014) and Allcott (2016), has established that households

face uncertainty about the payoffs from investing in energy-using durable products due to

imperfect information about energy costs or product-specific attributes. In this regard, a

household’s decision to participate in an audit resembles information search behavior that is

associated with certain time and monetary costs (Holladay et al. 2016). Audit uptake would

therefore depend on how these search costs compare to the perceived individual gains from
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information acquisition.

According to recent evidence, audit participation rates remain low, with only about 4%

of the U.S. homeowners having completed an audit (Palmer, Walls, and O’Keeffe 2015).

In a field experiment, Fowlie, Greenstone, and Wolfram (2015) find very low audit uptake

(approximately 5% of their total sample) even in the absence of direct monetary costs,

possibly due to substantial time costs associated with the application process and the audit

itself. In line with this, the findings from a number of other studies imply that households

may be responding rationally to the perceived benefits and costs of the audit. For instance,

Holladay et al. (2016) and Allcott and Greenstone (2017) find that in instances where audits

are not offered free of charge, lowering audit prices leads to an increase in completion rates.

In addition, survey evidence by Palmer and Walls (2015) suggests that households may be

inattentive to energy issues, which would substantially lower their perceived expected benefit

from an audit and lead to low uptake. This is consistent with the findings of Holladay et al.

(2016), whose results suggest that informing households about their monthly electricity usage

relative to their neighbors (both in kWh and dollars) increases the probability of completing

an audit. Allcott and Greenstone (2017) also find a positive effect of providing residents

with information about the private and social gains from audits.

From a policy perspective, devising a sufficiently low-cost yet effective method to increase

audit uptake and capture the private and social benefits from reduced uncertainty in the

payoffs to energy efficiency investments promises to be an appealing solution. Based on

the above evidence, incomplete (or misperceived) knowledge of the expected benefits from

an audit is likely to be a deterrent to uptake. This suggests information provision as one

possible pathway to increasing audit participation. Specifically, information provision can

serve a dual role, by not only providing important details related to the audit, but also acting

as a “nudge” to encourage follow-through on the audit.

This paper examines the effectiveness of information provision in the particular stage

of the audit uptake process where a decision is faced on whether or not to complete an
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already scheduled audit visit. To the best of our knowledge, we are the first to examine an

intervention at this stage in the process. This is a particularly crucial phase, for the issue

of households reversing their initial decision to schedule an assessment visit appears to be

a substantial contributing factor behind the low uptake of energy audits. This was seen

in previous work (e.g., Fowlie, Greenstone, and Wolfram 2015) and is clearly seen in our

data, which are based on a series of energy efficiency outreach efforts by “Next Step Living”

(NSL), a major residential energy efficiency provider in New England. NSL campaigns in

Connecticut (CT) during 2014 faced customer attrition of more than 60 percent between the

scheduling and completion of a home audit.

In collaboration with NSL, we design and conduct a randomized field experiment in

order to examine the effect of information provision on the completion of scheduled energy

assessment visits. Specifically, we test the impact of a carefully-crafted written message

that combines the effects of social norms (information about the energy audits from other

residents in the community), salience (a reminder with information about the visit date and

time), and personal touch (a personalized and signed note). Our estimates imply a boost

in the audit uptake rate for the sample by 1.1 percentage points on a given day as a result

of the treatment. Finally, we combine data from the experiment with local demographic,

socioeconomic, and voting information in order to explore possible sources of heterogeneity

in our treatment impacts and better inform similar future efforts. Importantly, we find

two sets of results indicative of greater effectiveness in areas with plausibly stronger social

ties relating to clean energy. First, we find that our treatment is much more effective in

rural areas than larger population centers, consistent with the hypothesis of stronger social

networks in smaller communities. Second, we find evidence that our intervention is more

successful in communities with recent energy-related social campaigns.

Our work falls within a body of recent literature that uses field experiments to explore the

impact of informational treatments on audit uptake. The treatments in Fowlie, Greenstone,

and Wolfram (2015) and Allcott and Greenstone (2017) involve provision of direct informa-
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tion about the program (and its benefits) to potential participants.1 In terms of employing

information provision as a nudge by invoking social comparisons, our study is the closest

to Holladay et al. (2016), who conduct a field experiment in a medium-sized metropoli-

tan statistical area in the southeastern United States and find that social comparisons on

electricity consumption tend to be associated with higher participation in an energy audit

program. Our findings further support the use of social-norm based messages to encourage

audit completion.

A primary contribution of our paper arises from the stage in the audit process that we

examine, which is an important stage and different than the ones previously explored in the

literature. We provide evidence on the cost-effectiveness of nudges targeting individuals who

have already initiated this process by signing up for an audit. In contrast, previous work on

audits (e.g., Fowlie, Greenstone, and Wolfram 2015; Holladay et al. 2016) has found relatively

high costs of unsolicited nudges. This suggests that the timing of behavioral interventions

can be an important factor to consider in policy-making decisions. It further suggests that

such interventions may be more successful by focusing on those who are already “primed”

to respond (e.g., have already scheduled an audit) than those who are not.

Another important contribution above the previous literature stems from our focus on a

large study area with a correspondingly heterogeneous sample of households. In particular,

because our experiment draws from nearly the entire state of Connecticut, we are able to

exploit the heterogeneity in location and individual characteristics in order to determine

how different households respond to the information provided. This allows us to test several

hypotheses about heterogeneous treatment effects. The resultant analysis carries substan-

tial managerial and policy implications, as it offers more precise guidance on targeting the

treatment in a manner than reduces costs and maximizes effectiveness.

The rest of this paper is structured as follows. Section 2 provides background on nudges

and social norms, and their influence on consumer decisions. Section 3 describes the field

1In addition, Allcott and Greenstone (2017) also test the effect of behavioral and financial treatments.
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experiment, the data used in our analysis, and the empirical specification. Section 4 presents

the results and discusses their implications. Finally, Section 5 concludes.

2 Background: Nudges and Social Norms

Social norms represent individuals’ beliefs about what others within the social group approve

of and do. Psychology recognizes two types of social norms: injunctive and descriptive.

While injunctive norms refer to the beliefs of what others typically approve of (e.g., “you

should donate”), descriptive norms reflect the beliefs of what others typically do (e.g., “many

people donate”). From classic early social psychological studies (Sherif 1937) to more recent

works by Robert Cialdini and colleagues, research has shown that descriptive norms can be

an especially powerful persuasive tool by influencing an individual to act in a way that is

consistent with others in her social group.

Economic studies have tested the role of descriptive social norms in a variety of contexts,

including voting (Gerber and Rogers 2009), retirement savings (Beshears et al. 2015), chari-

table giving (Frey and Meier 2004; Shang and Croson 2009), and employee effort (Bandiera,

Barankay, and Rasul 2006). Recently, a rather substantial environmental economics lit-

erature has emerged with a focus on the use of social norms in the context of resource

conservation. A series of field experiments have demonstrated that well-crafted messages

offering peer comparisons–often referred to as “nudges” (Thaler and Sunstein 2008)–can re-

duce household consumption of electricity (Schultz et al. 2007; Nolan et al. 2008; Allcott

2011; Allcott and Rogers 2014) and water (Ferraro, Miranda, and Price 2011; Ferraro and

Miranda 2013; Ferraro and Price 2013; Brent, Cook, and Olsen 2015). The above findings

suggest that information campaigns built around social norms can be a potentially effective

low-cost policy alternative to price-based policies.

Social norms have also been examined in a context, similar to ours, where an individual

makes a decision about whether to honor a previous commitment. For instance, evidence
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suggests that peer pressure can serve as a commitment device in reaching a shared but

individual goal (e.g., Kast, Meier, and Pomeranz 2014). Clearly, a similar situation would

arise in the case of energy audits, if the goal is framed in terms of helping the environment.

More broadly, a meta-analysis by Lokhorst et al. (2013) recognizes two types of social norm-

based pressures to commit: external, due to fear of negative social reaction if one reneges

on their commitment, and internal, due to self-directed moral obligation to the social group.

Other channels through which social factors have been shown in the literature to influence

commitment in sequential decisions include invoking one’s sense of self-presentation (e.g.,

Sleesman et al. 2012), combining a reminder of one’s commitment at an earlier decision stage

with information about the fact that many others have followed through in a similar situation

(e.g., Burger 1999), and demonstrating through social comparisons how much others have

gained after committing (e.g., Hoelzl and Loewenstein 2005).

In view of this evidence, we design an informational treatment that incorporates descrip-

tive social norms. More specifically, we provide information to households with upcoming

audit visits about the total monetary savings and environmental benefits that have accrued

to other residents in the community who already participated in home audits. Based on the

above findings, we expect that a combination of behavioral factors–from social pressure to

sense of self-presentation in the community–should result in a positive effect of this nudge

on the probability of treated households completing their scheduled audits.

3 Experiment and Data

3.1 Experimental Design

The randomized field experiment employed in our analysis is coordinated with NSL. In 2013,

NSL began a community outreach campaign in CT, which was implemented through the

Energize CT Home Energy Solutions (HES) program, funded by ratepayers and administered

by the local electric utility. Applicants to HES receive a home audit at a subsidized rate of
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$75 for electric- or gas-heated homes and $99 for oil-heated homes, with generous rebates

available for recommended efficiency upgrades. NSL outreach targets customers through a

variety of strategies, including website, email/phone, events, door-to-door canvassing, and

neighbor/peer referral. Following initial contact, the next stage of NSL’s customer acquisition

process involves a home occupant scheduling a home audit for a particular date, usually about

three weeks from the date of scheduling. Once a customer schedules an audit, NSL refers to

them as a “lead.” The focus of our study is on these leads.

The experiment takes place between July 13, 2014 and September 21, 2014. During

this time, NSL was hosting informational events and actively canvassing for leads. At the

beginning of each week during this 71-day period, NSL compiled a list of leads with scheduled

audits between 16 and 22 days from that date. Each of these weekly lists can be thought

of as a “cohort” of leads. There are a total of 10 cohorts in our experiment. For each

cohort, the leads were randomly assigned into a control group or treatment group.2 Thus,

the experimental unit in the study is a lead.

The goal of the intervention is to convert the leads into HES audits. The treatment is

a personalized notecard, mailed to the individual’s address 14 days prior to the scheduled

assessment visit.3 Below is the language included on the card:

“Dear [customer name],

Thank you for taking the time to chat with me at the [event] on [date]. After a cold

winter and January’s rate hike, it seems like interest in the Home Energy Solutions program

has really picked up.

I checked after the event, and over [number of residents in lead’s town] residents have

participated so far this year, reducing the city’s carbon footprint by [...] tons of carbon and

saving families over $[...] annually.

2The random assignment is performed using the random number generator in Excel. For a small number
of leads in 9 ZIP codes, we identified a clerical error in the randomization, and thus we drop these from our
analysis. Our results are robust to the inclusion of these ZIP codes.

3NSL found that many cancellations occurred within 10 days of the scheduled visit, so the intention was
for the notecard to arrive just before this “high cancellation period.”
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Thanks for being one of these energy savers! I’m excited to hear from my colleagues how

your visit goes on [date] at [time].

Sincerely,

[NSL staff member who recruited the lead]”

Three key elements are present in the above language. First, a reference is made to

the number of residents from the lead’s community who participated in the program from

the beginning of 2014, and the total monetary and environmental benefits for the entire

community associated with those residents’ participation in the program. This is the part

of the notecard that invokes social norms and information about actual savings. Second,

a reminder of the exact date and time of the visit is included, thus making the upcoming

audit more salient. While all households in the experiment received an email reminder and

a phone call prior to the audit, it is possible that the reminder at the end of the note further

increased the salience of the upcoming audit. In addition, the language “excited to hear [...]

how your visit goes” also contributes to the salience by prompting the customer to create

a more concrete expectation or even mental visualization of the audit process.4 Lastly, the

notecard addresses the lead by name and is signed by the same employee who established

the initial contact with the lead. Behavioral studies (e.g., Garner 2005) have shown that a

personal touch, which serves as evidence that someone has invested their time to personalize

the request, is likely to elicit a stronger reciprocal feeling of obligation to comply with the

request. In our experiment, we expect this to increase the likelihood that the customer would

read the note and follow through with the audit. Through the notecards, we therefore test

the combined effect of three elements: social norms, salience, and personal touch.5

This leads to a number of hypotheses, which are tested in Section 4.

Hypothesis 1. The treatment increases the probability of audit completion.

Based on the discussion in Section 2, the social comparison would be expected to impact

4We thank an anonymous referee for making this point.
5We are unable to disentangle these three effects, which would require additional experimental arms and

would substantially reduce statistical power.
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the probability of audit uptake positively. Our intuition is that the reminder at the end of

the note and the personal touch are also likely to have a positive effect on the probability

of completing the visit, implying that all three effects of our treatment work in the same

direction.

In addition, we expect the impact of the notecard to vary across households and com-

munities, with some more receptive than others. We therefore examine the following three

hypotheses about the heterogeneity of the treatment effect.

Hypothesis 2a. Households with liberal political views are more likely to respond to the

treatment.

This hypothesis stems from work by Costa and Kahn (2013), who show that social norm-

based energy conservation nudges are more effective among voters registered as Democrats.

We would expect a similar finding in our setting.

Hypothesis 2b. The treatment is less effective for low-income households.

Since audits are not administered free of charge, one might expect that lower-income house-

holds face liquidity constraints that make them less receptive to the treatment. This is in

line with our earlier discussion of audit costs acting as a barrier to uptake.

Hypothesis 2c. The treatment is more effective in communities that experienced previous

campaigns designed to build social ties relating to clean energy.

This hypothesis stems from evidence that members of close-knit groups that are characterized

by more intense within-group interactions and stronger social ties are more likely to exhibit

pro-social behavior (e.g., Goette, Huffman, and Meier 2012) and are thus more prone to

respond to a social norm-based message.

3.2 Data

The data used in our analysis include all households with scheduled audit visits (i.e., leads)

between July 13, 2014 and September 21, 2014. As shown in the ZIP code map in Figure 1,
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our sample is quite heterogeneous with regards to location. It spans a number of different

areas across CT, with the southern and central part of the state being represented most

heavily. For each of the 323 households in the sample, NSL provides us with information

on the street address, type of home heating, name of staff member who recruited the lead,

date when the notecard was mailed, scheduled visit date, visit outcome, and subsequent visit

date(s) and outcome(s) for households who rescheduled the audit.

We draw individual-level political party affiliation data from the Office of CT’s Secretary

of the State (http://www.ct.gov/sots). We then match these data to our main dataset

using the individual addresses of the leads. We are able to match 298 out of the 323 addresses

in our sample and thus obtain the proportion of Democratic and Republic voters within

each of these households. For the remaining addresses in the sample, we use ZIP-level

voter registration averages. We use this information to construct a household-level binary

indicator variable for each party that takes a value of one if at least half of the members of

the household support the respective party.

Finally, we also obtain detailed demographic and socioeconomic data from Acxiom. This

includes household size and income, home value, as well as information about the age, race,

and education of the head of household. Detailed data are available at the household level

for 47 addresses in the sample and at the ZIP code level for the remaining addresses.

Table 1 presents descriptive statistics for the households in our sample stratified by

whether the household is treated or not. Quick inspection of these numbers suggests that

households that receive the notecard are more likely to complete a visit and take less time to

do so–our first suggestive evidence of an effect of the treatment.6 Looking across the other

available observables, it appears that the two groups are roughly similar. There are minor

differences: untreated households are more likely to occupy oil-heated homes (associated with

a higher audit price), treated homes tend to have higher percentage of Democratic voters

and lower percentage of Republican voters in the household, and untreated individuals are

6The relevant outcome in our experiment is the audit uptake rate. In Online Appendix A, we provide
more detail about the way that an audit is completed by different households in our sample.
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more likely to be of white/Caucasian origin, are slightly better educated, earn higher income,

and occupy more expensive residences. If any of the above minor differences in household

characteristics between the treated and control groups turn out to be systematic, this could

cast doubt on the proper random assignment of the treatment. To confirm that this is not

an issue, Table 2 examines the balance of covariates across the treated and untreated house-

holds in our estimation sample. The statistics suggest no statistically significant differences

between the two groups. Similarly, the normalized differences do not exceed 0.13 in absolute

value. This reassures us that the randomization was successfully performed.

It is also informative to compare the household characteristics in our data to the average

energy user in Connecticut. Note that we draw from a sub-population of households that have

already made an initial decision to schedule energy audits. We now utilize the demographic,

housing, socioeconomic, and voting data from our sample to determine the extent to which

this sub-population matches the average household in the state. As shown in Table 3, our

sample appears to draw more heavily from Democratic voters and from older and higher-

income populations relative to the state average. Oil heating and lower home values are also

more prevalent in our data. On the other hand, our sample is quite close to Connecticut’s

average household profile in terms of fraction of Republican voters, ethnic composition,

household size, and education.

The above discussion about our data is focused on the randomization, but it misses a key

feature of our empirical setting: the timing at which different households enter and exit. The

relevant measure of the success of our treatment is the probability of completing an audit,

which in turn depends on the size of the treatment and control groups. Recall that cohorts of

households become treated in a staggered fashion, and once a household completes an audit,

it is no longer appropriate to include them in either of the two groups. Thus, the treatment

and control groups evolve over time, making the usual simple comparison of means between

the two groups over the entire time period an unsuitable approach.

Instead, a more precise measure of the treatment effect compares audit completion rates
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across the two groups at different points in time. In this approach, timing becomes an

important factor. For example, we would not want to compare control households that still

have the possibility of completing an audit to treated households that have already completed

theirs, or vice versa. The former would understate, and the latter overstate, the uptake rate

in the treatment group. Similarly, we would not want to compare control and treatment

households before the treatment households receive the notecard.

Due to the evolution of the treatment and control groups over time, we will first present

some simple descriptive results directly from our data that begin to build evidence, and

then construct a panel dataset for estimating causal effects. The panel will have the unit of

observation as the household-day. Adding this time dimension allows us to nonparametrically

account for the evolution of the treatment and control groups over time, which can be thought

of as a sample selection problem.

Finally, although we know the exact date when a notecard is mailed by NSL, for our

panel dataset we need to make an assumption about the date it was received and read by

the household. In our baseline analysis, we assume that it takes 3 days for the notecard to

reach the respective customer.7

3.3 Descriptive Evidence

A quick look at the data already provides descriptive evidence of a treatment effect. Recall

that households become leads and enter the sample when they first schedule an audit and

exit the sample when they have completed their audit. Table 4 divides up our sample by

week to both show the evolution of the treatment and control group and to show the audit

uptake in the raw data. A clear finding is that the percentage uptake for treated households

is substantially higher than the uptake for the untreated households. For some weeks, such

as the weeks of August 11-August 17 and August 18-August 24, the differences in the audit

7This assumption is based on the estimated delivery window for first-class mail by the U.S. postal
service, which typically ranges between 1 and 3 days for local mail. See http://www.usps.com/ship/

mail-shipping-services.htm. We also run robustness checks varying this time window.
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uptake are dramatic (e.g., 15% compared to 2%).

Figure 2 graphically illustrates the daily difference in uptake over time in the raw data.

It displays the percentage of customers in each group that complete an audit on a given day

over the study period. With the exception of a few brief periods in July and at the beginning

and end of August, the “notecard” group clearly dominates the “no notecard” group in terms

of its audit uptake rate. Hence, the raw data suggest, both on average and within any given

week of the study period, a positive effect of the treatment on the probability of completing

an audit.

We perform a further set of descriptive analyses that do not address the timing issue we

discussed above. First, we simply examine the difference in the mean uptake rate between

the treatment and control households over the entire time period (recall Table 1). The

uptake rate for the treatment is 31% and for the control is 29%. The difference is in the

expected direction, but is not statistically significant (p-value for a one-sided test is 0.34).

Performing a similar cross-sectional analysis of uptake, in which we include additional control

variables to address possible confounding effects and improve precision of the results, yields

an estimated treatment effect of 7.3 percentage points (p-value for a one-sided test of 0.09).8

We interpret these results with caution due to the timing issues leading to sample selection

concerns.

We can go one step further by stratifying the sample by cohort, focusing only on the

treatment time period (i.e., the period after receiving the notecard), and examining the

uptake rate within each resultant sub-sample. This approach avoids comparing treated

households to controls that have completed their visits prior to the cohort’s treatment date.

Yet, the approach is still problematic in that it does not account for the exit of households

upon completion of an audit, thus implying that we would still be comparing leads within

the time window considered that have no possibility of receiving an audit to ones that

do. Furthermore, by stratifying by cohort, the sample becomes much smaller, leading to

8The control variables we include are all household characteristics from Table 2, along with a fixed effect
for the NSL employee who recruited the lead.
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considerable loss of statistical power. What we find in these cohort-level comparisons of

treatment and control is that all but one show a positive treatment effect, and four of

the positive effects are statistically significant. The values range from a negative (and not

statistically significant) 1.2 percentage point effect of treatment on cohort uptake to a positive

effect of 22 percentage points (significant at the 5% level).9

These simple analyses set the stage for our causal empirical analysis presented in the

next section.

3.4 Empirical Specification

We specify a discrete-time hazard model, in which the underlying hazard rate is a flexi-

ble function of duration. Hazard models are a class of survival models commonly used in

econometric studies when the dependent variable is the probability that an absorbing state

occurs (e.g., an audit occurs, leading a household to exit the sample).10 We specify a model

with time-varying covariates and fixed effects to control for unobserved heterogeneity in the

timing of the scheduled audit. In our experiment, households become treated at different

times. To accurately identify the causal treatment effect in such a setting, we employ a stag-

gered difference-in-differences approach, in which the pre-treatment and treatment periods

are captured by time dummies (e.g., Stevenson and Wolfers 2006).

The outcome variable is the probability of completing an audit Pizst, which we specify as

the following linear function:11

Pizst = µ(t) + αTi + βPTit + hz + vs + wt + dt + εizst, (1)

9Detailed results are presented in Appendix Table A1. They are again to be interpreted with caution due
to the possible sample selection problem discussed above.

10For examples of environmental economics studies that employ hazard models, see Kerr and Newell (2003),
Snyder, Miller, and Stavins (2003), and Lovely and Popp (2011).

11We specify our model as a linear probability model (LPM) rather than logit or probit due to the
computational advantage of the LPM, which is a key factor given the large number of fixed effects in our
analysis. For other similar studies that implement LPM to estimate a discrete-time hazard model, see Currie
and Neidell (2005), Currie, Neidell, and Schmieder (2009), and Knittel, Miller, and Sanders (2016).
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where i indexes the customer, z indexes the ZIP code, s indexes the staff member who

recruited this customer, and t indexes the date. As discussed in the previous section, house-

holds enter the sample after they become leads (or after the start date of the experiment,

if they were leads prior to that) and leave the sample if they complete an audit. Following

the standard modeling approach for discrete-time hazard models (e.g., Currie and Neidell

2005; Currie, Neidell, and Schmieder 2009; Knittel, Miller, and Sanders 2016), we include

a function µ(t) in (1) to approximate the baseline hazard rate as a measure of duration

dependence. In our analysis, we specify µ(t) as a polynomial in the number of days since

the date the household joined the sample. In addition, the dummy variable Ti indicates

whether the household belongs to the treatment group. Our key covariate is PTit, which

takes a value of one for the period after the treated household receives the notecard. The

coefficient of interest β measures the effect of treatment on the probability of completing an

audit on a given date and is identified through a difference-in-differences approach. As we

cannot verify whether a treated household has opened and read the notecard, we interpret

the estimated effect as an intent-to-treat estimate. Our empirical specification also controls

for a wide range of potential unobservables by including ZIP code, recruiting staff member,

calendar week, and day-of-week fixed effects, denoted by hz, vs, wt, and dt, respectively.

Finally, εizst is the idiosyncratic error term.

4 Results

4.1 Baseline Results

The model, specified in equation (1), is estimated using ordinary least squares, with the

dependent variable set equal to 1 on the day the customer completes an audit and 0 otherwise.

We model the time trend as a quadratic polynomial and later perform robustness checks

with other functional forms. Table 5 presents the results from a number of alternative

specifications of the empirical model. The estimated treatment coefficient β is statistically
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significant in all cases, which is consistent with Hypothesis 1. The estimates are also very

similar across the specifications, as expected in a properly randomized field experiment.12

Columns (1) and (2) in Table 5 show the results without controlling for time-invariant

unobservable factors. In principle, given that the randomization process in this experiment

is cross-sectional and at the individual household level, the estimated treatment effect should

not be biased by time-invariant heterogeneity. Nonetheless, it is possible that factors, such

as NSL employee skill and effort, which we do not randomize across, confound our results.

Hence, we include staff member fixed effects in our regression. We also add ZIP code fixed

effects to flexibly control for any potential differences in the composition of households across

regions. As shown in column (3), introducing these two sets of fixed effects leads to a slightly

lower estimate of the treatment effect. In addition, given that audits are priced differently

depending on heating type, we estimate another specification, in which we add an indicator

for oil-heated home. The result from this specification, shown in column (4), is identical

to our estimate in column (3), likely due to the randomization and the lack of substantial

variation in heating type within ZIP codes. Lastly, we also examine two additional model

specifications, in which we control more flexibly for time-varying unobserved effects. In the

first specification, we replace calendar week with date fixed effects to account for potential

day-to-day unobserved factors. As shown in column (5), this does little to change the

estimated treatment effect, indicating that calendar week fixed effects are quite effective at

capturing all location-invariant unobserved heterogeneity. Alternatively, we can also control

for unobserved factors that vary both across time and region. We do so by replacing the ZIP

code and calendar week fixed effects with ZIP-month fixed effects.13 As shown in column

(6), our estimates are still very similar, which is not surprising: given the relatively short

time horizon and conditional on controlling for week-specific effects, it is unlikely that the

temporal variation in region-specific unobservables would be significant.

12In addition, as shown in Appendix Table B1, the treatment coefficient estimate is very robust to excluding
the duration dependence polynomial function.

13Because of the large number of ZIP code-calendar week interaction terms (more than 1,000), we are not
able to use ZIP-week fixed effects.
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Our preferred model specification is the one presented in column (4) of Table 5. The

estimate in this specification implies that, conditional on a household not having completed

its audit until the current day, the probability of completing it on this day is 1.1 percentage

points higher if the household has received a notecard. We now utilize our data and the

regression output to calculate the effect of the treatment on the overall uptake during the

study period. For every household i in the data, we first compute the predicted daily

probabilities from the regression by setting Ti = 0 and PTit = 0 for each day t the household

remains in the sample. We then use these daily probabilities to obtain the probability of

completing an audit at some point during the study period.14 We repeat the same procedure,

this time setting Ti = 1, PTit = 0 for t up to 11 days prior to its first scheduled visit (i.e., the

date the notecard would have been received if treated), and PTit = 1 for all remaining t. For

each household, we thus have the predicted uptake for both states of the world: one in which

they are part of the control and one in which they are in the treatment group. Subtracting

the former figure from the latter provides a measure of the treatment effect. For the average

household in our sample, this difference is 0.065, implying a 6.5 percentage points higher

overall uptake for an average treated lead in this experiment.

4.2 Robustness Checks

We conduct a number of robustness checks, shown in Table 6. Our baseline estimate is 1.1

percentage points, which was obtained in column (4) of Table 5. First, we test the sensitivity

of our treatment effect estimate to the functional form of the duration dependence function.

As seen from the results in specifications I and II, our estimate is very robust to the use of a

higher-degree polynomial.15 In addition, as discussed earlier, due to the lack of information

about the precise date when the notecard is received and read by its recipient, our baseline

14The probability of completing the audit during any T -day period is 1 − π(T ), where π denotes the
probability of not completing an audit on any of these days. Let pt denote the probability of completing an
audit on a given day t, conditional on not having completed the audit until then. Then, π =

∏T
t=1(1− pt).

15In Online Appendix B, we also show that modeling the duration dependence function as a series of
splines yields very similar results.
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specification assumes a 3-day time window between mailing and receipt of the notecard.

As a robustness check, we extend this window to 6 days and find a treatment effect of

1.4 percentage points, which is close to our main result. As a further test, we make the

assumption that the cards are received and read within a day after being mailed. Even in

this case, the estimated treatment effect of 0.9 percentage points is still very similar to our

baseline estimate.

We also perform two robustness checks in which we include additional control variables

in our regression. In specification V, we add all voting, demographic, and socioeconomic

variables from Table 1 as controls. While the random assignment of the treatment should

eliminate any bias resulting from individual-specific heterogeneity (which is even further alle-

viated by the inclusion of ZIP-specific fixed effects), it is comforting to note that, even after

explicitly controlling for those household characteristics in specification V, our treatment

effect estimate remains almost unchanged. This is also consistent with our findings in Table

2, which indicated a very good balance across the control and treatment group.

Lastly, we estimate a specification in which we include a “lead-to-visit” control variable

to measure the number of days between the date a lead is recruited (i.e., enters the sample)

and their initial scheduled visit. This provides an additional control over the timing of

the treatment, which would depend on the length of the “lead-to-visit” window. As shown

in specification VI, even after conditioning on the “lead-to-visit” measure, our estimated

treatment effect is very similar to the baseline result.

4.3 Cost-effectiveness of the Treatment

We combine the estimated treatment effect with cost data from NSL in order to gain insight

into the cost-effectiveness of our intervention. NSL staff members were paid a total of $288

for their time over the course of the experiment. With 161 notecards mailed, this translates

into approximately $1.79 per card. After adding in the costs of the notecard ($0.12) and

postage ($0.49), total NSL expenses per treated household amount to $2.40. Hence, our
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estimate of a 6.5 percentage points increase in uptake due to the treatment implies a cost of

$36.90 for securing an additional audit through this intervention.

Through back-of-the-envelope calculations based on estimates from the literature and

average figures for Connecticut, we can obtain a rough value of the environmental benefits

from an audit. A meta-analysis of experimental studies by Delmas, Fischlein, and Asensio

(2013) derives a central estimate for the household’s post-audit energy savings of approx-

imately 5 percent. By combining residential energy use data from the State Energy Data

System (https://www.eia.gov/state/seds) with demographic data from the 2010-2014

wave of the American Community Survey, we obtain a value for the annual energy con-

sumption of an average CT household of 53,810 kilowatt-hours (kWh). This implies average

annual energy savings of 2,690 kWh from a completed audit. Converting these into lifetime

savings requires assumptions about the household’s long-term energy use patterns, appliance

lifespan and replacement decisions, and housing unit maintenance and length of occupancy.

We use a conservative estimate of 5 years of sustained energy savings, based on information

about wear and tear of homes and average life expectancy of certain energy-using durables

by InterNACHI (https://www.nachi.org/life-expectancy.htm).16 Finally, employing

the estimate of average emissions per kWh in the Northeast by Graff Zivin, Kotchen, and

Mansur (2014), we find that the lifetime energy savings from a completed audit result in

avoiding a total of 3.47 tons of carbon dioxide emissions.

The above estimates imply that the cost-effectiveness of our treatment in terms of carbon

dioxide emissions reduction benefits is $10.63/tCO2.17 Note that that this estimate is lower

than the IAWG (2013) central value of the social cost of carbon of $42/tCO2 (in 2014 dollars)

and also much lower than cost estimates for alternative carbon abatement programs (Johnson

2014) or renewable energy subsidies (Gillingham and Tsvetanov 2018) in the region. Thus,

our findings are qualitatively consistent with the notion that this particular nudge is a low-

16Alternatively, this could be viewed as equivalent to more prolonged savings that are decreasing over
time.

17Note this does not include environmental benefits from reduced criteria air pollutants.
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cost tool to reduce emissions, although the exact cost per ton value should be interpreted

with caution due to the number of assumptions involved in our calculations.

4.4 Heterogeneous Treatment Effects

We proceed to test Hypotheses 2a-c by estimating a number of additional specifications.18

First, we examine the impact of political views on the effectiveness of our treatment. We test

Hypothesis 2a with our data by augmenting the empirical model with indicators for support

of the Democratic and Republican parties and interactions between these indicators and the

treatment variable. The omitted group category is “independent.” Recall that the Democrat

and Republican indicator variables are defined as follows: each indicator variable equals 1 for

a given household if at least half of the household members are registered as supporters of the

respective party.19 Due to concerns that political affiliation may be correlated with household

characteristics, such as race and income, we include our complete suite of demographic and

socioeconomic controls in this regression.

As shown in column (1) in Table 7, support for either of the two major parties does not

have significant influence on the effectiveness of the treatment. The estimates of the coeffi-

cients on the interactions of treatment with party affiliation are not statistically significant.

The average treatment effects across supporters of the two parties are very close: 1 per-

centage point for Democrat supporters vs. 1.1 percentage points for Republican supporters.

Furthermore, a joint test fails to reject the equality of the treatment effects across the two

camps, with a p-value of 0.56. Hence, in contrast to the findings of Costa and Kahn (2013),

we find no evidence of heterogeneity in the treatment effects based on political ideology and

thus reject Hypothesis 2a.20

18Our findings hold even after dropping some or all of the time-invariant fixed effects (Appendix C).
19Under this definition, 14 households in the sample are categorized as both Democrat and Republican.

In Appendix C, we explore alternative definitions, such as one where the indicator variable equals 1 only if
all household members are affiliated with the respective party. We obtain very similar results.

20In addition, as shown in Appendix Table C1, political views do not appear to be an important driver of
audit uptake for the sample as a whole, with neither of the two coefficients on the standalone party affiliation
terms in the regression being statistically significant. The two coefficients are also not significantly different
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Heterogeneous treatment effects could also arise due to individual-specific factors, as

suggested by Hypothesis 2b. To examine how individual heterogeneity may affect the treat-

ment outcome, we augment our model to allow the treatment effect to vary by demographic

and socioeconomic household characteristics in our data. As in the earlier analysis, we also

include these variables separately as controls. In addition, because certain household char-

acteristics may be correlated with political views, we control for political party affiliation by

including the two party indicators, which are defined as before.21 The results are presented

in column (2) of Table 7. In line with Hypothesis 2b, we find evidence suggesting hetero-

geneity in the treatment effect across households with different income. In particular, the

treatment appears to be more effective among higher-income households. A 1% increase in

income for the average household in the sample results in a 0.02 percentage point boost in

the treatment effect. Furthermore, we find that the treatment effect also varies by household

ethnicity, with an estimated gap of 2.4 percentage points between the effect on Caucasian

and non-Caucasian households.

As stated in Hypothesis 2c, we anticipate that the effectiveness of our treatment also

depends on community-specific characteristics that influence the impact of the social norm-

based message in the notecard. For instance, the number of households with already com-

pleted energy audits that is referenced in the notecard would likely be higher in towns with

previous energy-related social campaigns. Notable examples of such campaigns include the

“Solarize CT” marketing program and a similar (firm-created) “CT Solar Challenge” mar-

keting program (Gillingham and Bollinger 2017; Gillingham and Tsvetanov 2018). These are

limited-time programs with group discount pricing for residential solar photovoltaic installa-

tions in participating towns, along with extensive promotion of word-of-mouth to disseminate

information about solar panels by members of the community. Hence, the presence of such

community-based programs points to higher awareness of energy and environmental issues

and potentially stronger social ties within the community. All of these are factors that could

from each other, with a p-value of 0.74.
21As shown in Appendix Table C2, dropping the political party controls leaves our results unchanged.

21



influence the effectiveness of our intervention. To test this, we interact the treatment vari-

able with an indicator for past Solarize or Solar Challenge programs in the respective town.

As shown in column (3) of Table 7, there is evidence of NSL leads in these towns responding

more positively to the treatment, with an average boost in “solar” towns of approximately

0.9 percentage points (statistically significant at the 10% level).22 This result is consistent

with our Hypothesis 2c, suggesting that towns which have experienced campaigns that built

social ties relating to clean energy are more responsive to the treatment.

Lastly, we can also test Hypothesis 2c by recognizing that the effectiveness of our social

norm-based intervention is likely to hinge on the perceived connection of the household with

their respective community. Recall that one of the key elements in the notecard language–

“Thanks for being one of these energy savers!”–targets individuals identifying with their

local community. This is more likely have an impact in smaller, closely-knit communities

than larger population centers, suggesting possible disparity in the treatment effects between

urban and rural communities. While there are a total of 19 municipalities in CT that are

historically identified as cities, some of them have current populations below 10,000 and

are less likely to represent truly urbanized areas. In order to ensure that we have a more

accurate urban proxy, we designate a household as being in an urban area if it is in one

of the 8 largest cities, each of which have population exceeding 70,000.23 We then re-

estimate our regression allowing for the treatment effect to vary based on this definition

of urban centers. As shown in column (4) of Table 7, there appears to be a considerable

gap between the effect of our treatment in urban versus rural areas.24 Specifically, the

notecard effectiveness is 1.2 percentage points higher in rural communities. As demonstrated

22Due to concerns about a potential correlation between town and resident characteristics, we also include
household demographic, socioeconomic, and voting controls in this regression. As shown in the Appendix,
dropping these controls does not affect the magnitude or significance of our estimates.

23These eight cities are Bridgeport, Danbury, Hartford, New Britain, New Haven, Norwalk, Stamford,
and Waterbury. These cities cover just over 80% of the sample. Population figures are obtained from
the 2010-2014 wave of the American Community Survey. For a complete list of CT towns and cities, see
http://portal.ct.gov.

24We also examine several other possible thresholds for designating an urban area, and find that our results
are quite robust to the exact threshold.
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in Appendix Table C3, this result is robust to excluding demographic, socioeconomic, and

voting controls from the regression. The estimates translate into an average treatment effect

of only 0.1 percentage points in urban centers versus 1.3 percentage points in more rural

areas. This implies potentially significant cost-savings and efficiency gains from refocusing

audit recruitment and retention efforts using this nudge towards smaller communities.

5 Conclusion

Political barriers to the widespread use of price-based policy instruments for encouraging

energy conservation and energy efficiency adoption have led to an increased interest in non-

price interventions as an alternative policy tool. This study focuses on residential energy

audits, which in theory are a promising example of such a non-price intervention, but in

reality appear to face major challenges in reaching and retaining customers. We consider a

particular stage of the customer acquisition process in a typical audit, namely the household

choice of whether to complete an already scheduled audit visit. This stage is particularly

important in that it exhibits considerable customer attrition and has not yet been examined

in previous studies of energy audits.

Using a natural field experiment, we explore the role of information provision as a nudge

targeted at increasing the uptake of initially scheduled audits. Specifically, we test the

joint effect of social norms, increased salience, and personal touch. Our results suggest

that a carefully crafted notecard which incorporates the above three effects can increase the

uptake probability for an average customer with a scheduled but not yet completed audit

by 1.1 percentage points on a given day. Back-of-the-envelope calculations suggest that this

intervention could present a more cost-effective carbon reduction approach than price-based

energy policies.

Interestingly, we find the treatment effect to be very similar across households with dif-

ferent political views. This suggests that, conditional on the decision to schedule an energy
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assessment visit, political ideology does not play a major role in the effectiveness of the treat-

ment. On the other hand, we find heterogeneity in the treatment effect based on household-

and community-specific characteristics. An important finding is that a nudge which exploits

the individual’s propensity to act in a way that is consistent with the social group can be

much more effective in rural areas than larger population centers. This implies that tar-

geting smaller communities in similar future interventions could substantially improve the

cost-effectiveness of the treatment. We find similar results for communities that already

built social ties relating to clean energy from previous campaigns.

Overall, our study finds considerable potential for the use of personalized social norm-

based reminders to households as a means of encouraging follow-through on the commitment

to a previously scheduled home assessment visit. This finding offers a viable marketing strat-

egy for residential energy efficiency providers to help improve their customer acquisition and

retention process. It also carries important policy implications, as it suggests a relatively

low-cost tool for enhancing audit effectiveness as part of the effort to improve energy con-

servation to reduce emissions. Note that, from a policy perspective, the success of such

intervention is assessed not only based on its impact on audit uptake, but also with regards

to the ultimate outcome of the audit. For instance, Palmer, Walls, and O’Keeffe (2015)

and Holladay et al. (2016) find that follow-up on audit recommendations can vary widely

across participants. Hence, a promising next step would be to examine the impacts of such

social norm-based informative nudges on audit follow-up and the decision to invest in energy

efficiency upgrades.
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Figure 1: Distribution of Sample Across CT
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Figure 2: Total Daily Audits as Percentage of Customers in Each Group
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Table 1: Descriptive Statistics

Treated households Untreated households
Variable Obs Mean Std. dev. Min Max Obs Mean Std. dev. Min Max
Completed audit 161 0.311 0.464 0 1 162 0.29 0.455 0 1
Days to complete audit 161 46.594 18.668 10 71 162 48.239 19.191 13 71
Oil-heated home 161 0.571 0.496 0 1 162 0.617 0.488 0 1
% Democrat voters 161 41.846 40.922 0 100 162 39.581 39.328 0 100
% Republican voters 161 16.29 30.408 0 100 162 20.786 33.141 0 100
Householder age 161 46.832 9.554 20 80 162 46.785 9.264 26 90
White/Caucasian 161 0.797 0.194 0 1 162 0.82 0.182 0 1
Household size 161 2.392 0.771 1 8 162 2.395 0.69 1 7
College degree or higher 161 0.34 0.218 0 1 162 0.379 0.225 0 1
Home value ($100,000’s) 161 3.022 2.706 0.521 23.435 162 3.313 3.491 0.658 27.529
Income ($1,000,000’s) 161 0.092 0.056 0.008 0.2 162 0.099 0.051 0.008 0.2

Note: All statistics are presented at the household level. “Completed audit,” “oil-heated home,” “college degree or
higher,” and “white/Caucasian” are dummy indicator variables. The “days to complete audit” variable is top-censored
for all households who do not complete their visit by the end of the 71-day study period.
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Table 2: Balance of Covatiates
Variable Treated Control Difference p-value Norm. difference
Oil-heated home 0.571 0.617 -0.046 0.403 -0.066
% Democrat voters 0.419 0.396 0.023 0.612 0.04
% Republican voters 0.163 0.208 -0.045 0.205 -0.1
Householder age 46.832 46.785 0.047 0.964 0.004
White/Caucasian 0.797 0.82 -0.023 0.267 0.087
Household size 2.392 2.395 -0.003 0.976 -0.002
College degree or higher 0.34 0.379 -0.04 0.107 -0.127
Home value ($100,000’s) 3.022 3.313 -0.291 0.403 -0.066
Income ($1,000,000’s) 0.092 0.099 -0.007 0.264 -0.088

Note: All statistics are presented at the household level. There are a total of 161 treated
households and 162 untreated households in the sample. The columns “Treated” and
“Control” display the sample means for the two groups. The columns “Difference” and
“p-value” show the differences in group means across treated and untreated households
and the corresponding p-values from a means t-test of these differences, respectively. The
column “Norm. difference” shows the normalized differences, calculated as the difference
in means, normalized by the standard deviation of the covariates, i.e., x̄T−x̄U√

s2x,T +s2x,U

.
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Table 3: Sample Characteristics vs. State Averages
Variable Sample Connecticut
% oil-heated homes 59.4 45.2
% Democrat voters 40.7 36.4
% Republican voters 18.6 20.1
Median age 46.3 40.3
% white/Caucasian 80.8 79.9
Household size 2.4 2.6
% college degree or higher 36 37
Median home value ($) 232,368 274,500
Median income ($) 86,108 69,899

Note: State voting registration data are obtained from
the Office of CT’s Secretary of State. All remaining
data for CT are from the 2010-2014 wave of the Amer-
ican Community Survey.
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Table 4: Treated and Untreated Households During the Study Period
Calendar week Treated households Untreated households

Households Audits % Households Audits %
Jul 14–Jul 20 5.1 0 0 122.2 0 0
Jul 21–Jul 27 15.1 3 20 149.6 7 5
Jul 28–Aug 3 25.6 2 8 168.6 2 1
Aug 4–Aug 10 40 4 10 182.9 6 3
Aug 11–Aug 17 53.3 8 15 180.2 3 2
Aug 18–Aug 24 60.3 8 13 186.9 8 4
Aug 25–Aug 31 71.6 5 7 180 6 3
Sep 1–Sep 7 91 3 3 160.7 6 4
Sep 8–Sep 14 103.4 8 8 142.3 5 4
Sep 15–Sep 21 113.3 8 7 120.5 5 4
Note: The number of treated and untreated households shown in the second
and fifth columns is an average for the respective calendar week. Because of
households being added to each group over time, as well as customers exiting
the sample after completing a visit (see Section 3), the average number for
a given week is usually not an integer. Completed visits refers to the total
number of completed audits over the course of the respective week.
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Table 5: Regression Results
Variable Specification

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

Treatment 0.012*** 0.012*** 0.011*** 0.011*** 0.010*** 0.010***
(0.002) (0.002) (0.003) (0.003) (0.003) (0.003)

Oil heating no no no yes yes yes
ZIP code fixed effects no no yes yes yes no
Staff member fixed effects no no yes yes yes yes
Duration dependence function yes yes yes yes yes yes
Calendar week fixed effects no yes yes yes no no
Day-of-week fixed effects no yes yes yes yes yes
Date fixed effects no no no no yes no
ZIP-month fixed effects no no no no no yes

Note: Dependent variable is an indicator for completed audit. Unit of observation is household-day.
Total sample contains 15,318 observations. Duration dependence function is a quadratic in number
of days since entering the sample. Standard errors are clustered at the ZIP code level. p < 0.1 (*),
p < 0.05 (**), p < 0.01 (***).
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Table 6: Robustness Checks
Variable Specification

Baseline I II III IV V VI

Treatment 0.011*** 0.011*** 0.011*** 0.014*** 0.009*** 0.011*** 0.009***
(0.003) (0.003) (0.003) (0.003) (0.002) (0.003) (0.003)

Oil heating yes yes yes yes yes yes yes
ZIP code fixed effects yes yes yes yes yes yes yes
Staff member fixed effects yes yes yes yes yes yes yes
Calendar week fixed effects yes yes yes yes yes yes yes
Day-of-week fixed effects yes yes yes yes yes yes yes
Duration dep. polynomial degree 2 3 4 2 2 2 2
Days until notecard received 3 3 3 6 1 3 3
Household characteristics no no no no no yes no
Lead-to-visit no no no no no no yes

Note: Dependent variable is an indicator for completed audit. Unit of observation is household-day. Total sample
contains 15,318 observations. Standard errors are clustered at the ZIP code level. p < 0.1 (*), p < 0.05 (**), p < 0.01
(***).
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Table 7: Heterogeneous Treatment Effects
Variable Specification

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

Treatment 0.011** 0.005 0.007* 0.013***
(0.005) (0.018) (0.004) (0.003)

Treatment×Democrat -0.001 - - -
(0.006)

Treatment×Republican 0.002 - - -
(0.006)

Treatment×age - 0.0003 - -
(0.0003)

Treatment×white - -0.024** - -
(0.011)

Treatment×household size - 0.0002 - -
(0.0035)

Treatment×college or more - -0.012 - -
(0.017)

Treatment×home value - -0.0004 - -
(0.0012)

Treatment×income - 0.187** - -
(0.086)

Treatment×solar campaign - - 0.009* -
(0.005)

Treatment×urban - - - -0.012***
(0.004)

Oil heating yes yes yes yes
Demographic controls yes yes yes yes
Socioeconomic controls yes yes yes yes
Political view controls yes yes yes yes
ZIP code fixed effects yes yes yes yes
Staff member fixed effects yes yes yes yes
Duration dependence function yes yes yes yes
Calendar week fixed effects yes yes yes yes
Day-of-week fixed effects yes yes yes yes

Note: Dependent variable is an indicator for completed audit. Unit of obser-
vation is household-day. The main effects are included in the regression, but
omitted above. Total sample contains 15,318 observations. Duration depen-
dence function is a quadratic in number of days since entering the sample.
“Democrat” and “Republican” are binary indicator variables equal to one for
a given household if at least half of the household members are registered as
supporters of the respective party. Omitted party affiliation group is “inde-
pendent.” Standard errors are clustered at the ZIP code level. p < 0.1 (*),
p < 0.05 (**), p < 0.01 (***).
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Online Appendix A: Visit Outcomes in the Sample

The focus of our analysis is on the uptake of audits for those who previously signed up
for them. In this appendix section, we provide more background information about the
process through which households in our sample reach the audit outcome and present some
descriptive evidence of the treatment effect on uptake.

Once a household has scheduled an audit visit, there are four different possible outcomes:
(i) complete the visit on the scheduled date: (ii) cancel the visit; (iii) reschedule for a later
date within our study period; or (iv) reschedule for a later date outside of our study period.
As shown in the left panel of Figure A1, about 23 percent of the households in our sample
complete the audit on the initially scheduled date. For the cases where the audit is not
completed on that date, the customer either cancelled or rescheduled. The outcome is
listed as “open” if the household rescheduled for a later date that lies outside of our study
period. Finally, we combine the outcomes in which the first scheduled audit is cancelled or
rescheduled for a date within our study period due to multiple instances in which customers
who cancelled the first scheduled audit contacted NSL to reschedule (11 percent of the cases
in our data). Almost 76 percent of the outcomes of the initial visit fall within this broad
category, which we then track further. As shown in the right panel of Figure A1, roughly 16
percent of these leads complete their audit on a later date within our study period.

Table A1 presents detailed results from our cohort-level comparisons of audit uptake rates.
There are 10 cohorts in the sample. The time horizon for each cohort begins in the week the
notecard was received by the cohort’s treatment group and ends once all treated households
have completed an audit or the end of the study period has been reached, depending on
which date comes first. The second and third columns in Table A1 show the difference
between the uptake in the treatment and control groups in each cohort (i.e., the implied
average treatment effect) and the p-value from a t-test of the means across the two groups.
We find statistically significant positive difference, indicating a positive treatment effect, for
cohorts 4, 5, 8, and 9.
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Figure A1: Audit Outcomes
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Note: Results based on a sample of 323 households.
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Table A1: Cohort-level Comparisons
Cohort Difference p-value

#1 0.138 0.435
#2 0.21 0.208
#3 0.031 0.812
#4 0.22 0.043
#5 0.181 0.069
#6 0.168 0.127
#7 -0.012 0.91
#8 0.168 0.029
#9 0.155 0.044
#10 0.014 0.789

Note: Each household within a weekly
cohort is represented by a single binary
outcome measure, which equals one if
the household completed an audit dur-
ing the time period considered and zero
otherwise. “Difference” is calculated by
subtracting the average outcome in the
control group from the average outcome
in the treatment group within each co-
hort. “p-value” displays the p-value from
a test comparing the means of the cohort’s
treatment and control group.

40



Online Appendix B: The Duration Dependence Function

In this appendix section, we demonstrate that our results are robust to the way we model
the duration dependence function.

Columns (1) and (2) in Table B1 display the treatment coefficient estimates without
controlling for duration dependence. Column (1) presents a parsimonious specification of
our model in which we do not control for any observable or unobservable factors other than
the assignment of the treatment. This is equivalent to removing the duration dependence
function from specification (1) in Table 5. Then, column (2) shows the treatment estimate
under our baseline specification, once again excluding the duration dependence function. In
both cases we obtain estimates very similar to the ones in columns (1) and (4) of Table 5,
indicating that our results are robust to excluding the duration dependence function.

Furthermore, we also show that, once the duration dependence function is included in
the model, our estimates are not impacted by the choice of functional form. In our baseline
specification we use a polynomial time trend, and, as shown in the robustness checks in
Section 4, the order of that polynomial does not affect the magnitude or significance of the
estimated treatment effect. Now, in column (3) of Table B1 we instead model the duration
dependence function as a linear spline function. We choose weekly break points for the series
of splines, i.e., break points after days 7, 14, 21, and so on. Once again, our estimate is quite
close to the baseline result of 1.1 percentage points.
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Table B1: Duration Dependence
Variable Specification

(1) (2) (3)

Treatment 0.012*** 0.013*** 0.010***
(0.002) (0.003) (0.003)

Oil heating no yes yes
ZIP code fixed effects no yes yes
Staff member fixed effects no yes yes
Duration dependence function no no yes
Calendar week fixed effects no yes yes
Day-of-week fixed effects no yes yes
Duration function form N/A N/A spline

Note: Dependent variable is an indicator for completed audit. Unit
of observation is household-day. Total sample contains 15,318 ob-
servations. Standard errors are clustered at the ZIP code level.
p < 0.1 (*), p < 0.05 (**), p < 0.01 (***).

42



Online Appendix C: Heterogeneity of the Treatment Effect

This appendix section provides a more complete set of regression results for the heterogeneous
treatment effect estimates. Further, it provides a robustness check by using a different
definition of party affiliation and dropping some or all of the demographic, socioeconomic,
and political controls.

In Tables C1-C3, we use two alternative definitions of the Democrat and Republican
indicator variables. In column (1) of each table, a party indicator variable equals 1 for a
given household, if at least half of the household members are registered as supporters of the
respective party. In column (2), the indicator variable equals 1 only if all household members
are affiliated with the respective party. As shown in Tables C1-C3, both definitions yield
very similar results. We therefore proceed to use the definition from column (1) throughout
our main analysis.

In particular, the output in Table C1 shows that the individual coefficients on the interac-
tions of treatment with party affiliation are not statistically significant under both definitions.
Furthermore, a joint test fails to reject the equality of the treatment effects across the two
political camps, with p-value of 0.56 in column (1) and 0.31 in column (2). The coefficients
on the standalone Democrat and Republican dummies are also not statistically significant
under either definition. Lastly, a joint test of the equality of these two dummy variable
coefficients yields p-values of 0.74 in column (1) and 0.96 in column (2).

Table C2 displays results with and without controlling for party affiliation. The first two
columns use the same definitions of party affiliation as the respective columns in Table C1.
Column (3) shows the estimates from a specification that does not include political view
controls. The results in all three columns are similar both in magnitude and significance.

Table C3 presents the heterogeneity in treatment effect estimates based on community
characteristics, such as past solar campaigns and population. The estimates for each of these
two characteristics are obtained under three specifications. The first two specifications use
the above definitions of the political view indicator variables. The third specification drops
all demographic, socioeconomic, and political controls. Again, the results are very robust
across these specifications.

Finally, Tables C4 and C5 replicate the regressions from Table 7, but drop some or all of
the time-invariant fixed effects. A potential concern is that, since the variation in household-
and community-specific characteristics is entirely cross-sectional, much of it may be absorbed
by the inclusion of too many controls and time-invariant fixed effects. Such overfitting could
potentially lead to Type I and Type II errors. The robustness checks shown in Tables C1-C3
already demonstrated that our estimates are strongly robust to the exclusion of demographic,
socioeconomic, and political controls. We now drop ZIP code fixed effects in Table C4, as
well as both ZIP code and staff member fixed effects in Table C5. As shown in Tables C4
and C5, all of our findings with regards to Hypotheses 2a-c still hold even after excluding
these time-invariant fixed effects.
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Table C1: Heterogeneity by Party Affiliation

Variable (1) (2)

Treatment 0.011** 0.011***
(0.005) (0.003)

Treatment×Democrat -0.001 -0.004
(0.006) (0.006)

Treatment×Republican 0.002 0.009
(0.006) (0.011)

Democrat 0.0006 0.0028
(0.0022) (0.0017)

Republican -0.0003 0.0025
(0.0030) (0.0039)

Oil heating yes yes
Demographic controls yes yes
Socioeconomic controls yes yes
ZIP code fixed effects yes yes
Staff member fixed effects yes yes
Duration dependence function yes yes
Calendar week fixed effects yes yes
Day-of-week fixed effects yes yes

Average Treatment Effect by Party Affiliation

Democrat 0.010*** 0.010***
(0.003) (0.003)

Republican 0.011*** 0.012***
(0.004) (0.004)

Note: Dependent variable is an indicator for completed
audit. Unit of observation is household-day. Total sam-
ple contains 15,318 observations. “Democrat” and “Re-
publican” are binary indicator variables. Omitted group
is “independent.” Duration dependence function is a
quadratic in number of days since entering the sam-
ple. Standard errors are clustered at the ZIP code level.
Standard errors for the average treatment effects are
computed using the Delta method. p < 0.1 (*), p < 0.05
(**), p < 0.01 (***).
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Table C2: Heterogeneity by Household Characteristics

Variable (1) (2) (3)

Treatment 0.005 0.004 0.005
(0.018) (0.018) (0.018)

Treatment×age 0.0003 0.0003 0.0003
(0.0003) (0.0003) (0.0003)

Treatment×white -0.024** -0.024** -0.024**
(0.011) (0.011) (0.011)

Treatment×household size 0.0002 0.0004 0.0002
(0.0035) (0.0035) (0.0035)

Treatment×college or more -0.012 -0.011 -0.012
(0.017) (0.016) (0.016)

Treatment×home value -0.0004 -0.0004 -0.0004
(0.0012) (0.0012) (0.0012)

Treatment×income 0.187** 0.184** 0.187**
(0.086) (0.086) (0.087)

Oil heating yes yes yes
Demographic controls yes yes yes
Socioeconomic controls yes yes yes
Political view controls yes yes no
ZIP code fixed effects yes yes yes
Staff member fixed effects yes yes yes
Duration dependence function yes yes yes
Calendar week fixed effects yes yes yes
Day-of-week fixed effects yes yes yes

Note: Dependent variable is an indicator for completed audit.
Unit of observation is household-day. Total sample contains 15,318
observations. Party affiliation variables in specifications (1) and
(2) defined as in respective columns in Table C1. Duration de-
pendence function is a quadratic in number of days since entering
the sample. Standard errors are clustered at the ZIP code level.
p < 0.1 (*), p < 0.05 (**), p < 0.01 (***).
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Table C3: Heterogeneity by Community Characteristics
Variable Solar campaigns Urban vs. rural

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

Treatment 0.007* 0.007* 0.007* 0.013*** 0.013*** 0.013***
(0.004) (0.004) (0.004) (0.003) (0.003) (0.003)

Treatment×solar campaign 0.009* 0.009* 0.009* - - -
(0.005) (0.005) (0.005)

Treatment×urban - - - -0.012*** -0.012*** -0.012***
(0.004) (0.004) (0.004)

Oil heating yes yes yes yes yes yes
Demographic controls yes yes no yes yes no
Socioeconomic controls yes yes no yes yes no
Political view controls yes yes no yes yes no
ZIP code fixed effects yes yes yes yes yes yes
Staff member fixed effects yes yes yes yes yes yes
Duration dependence function yes yes yes yes yes yes
Calendar week fixed effects yes yes yes yes yes yes
Day-of-week fixed effects yes yes yes yes yes yes

Note: Dependent variable is an indicator for completed audit. Unit of observation is household-
day. Total sample contains 15,318 observations. Party affiliation variables in specifications (1) and
(2) defined as in respective columns in Table C1. Duration dependence function is a quadratic in
number of days since entering the sample. Standard errors are clustered at the ZIP code level.
p < 0.1 (*), p < 0.05 (**), p < 0.01 (***).
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Table C4: Treatment Effects without ZIP Code Fixed Effects
Variable Specification

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

Treatment 0.012*** 0.006 0.009*** 0.013***
(0.004) (0.016) (0.003) (0.003)

Treatment×Democrat -0.002 - - -
(0.005)

Treatment×Republican 0.004 - - -
(0.006)

Treatment×age - 0.0002 - -
(0.0003)

Treatment×white - -0.02** - -
(0.01)

Treatment×household size - 0.0011 - -
(0.0032)

Treatment×college or more - -0.012 - -
(0.013)

Treatment×home value - -0.0001 - -
(0.0011)

Treatment×income - 0.143* - -
(0.078)

Treatment×solar campaign - - 0.008** -
(0.004)

Treatment×urban - - - -0.007*
(0.004)

Oil heating yes yes yes yes
Demographic controls yes yes yes yes
Socioeconomic controls yes yes yes yes
Political view controls yes yes yes yes
ZIP code fixed effects no no no no
Staff member fixed effects yes yes yes yes
Duration dependence function yes yes yes yes
Calendar week fixed effects yes yes yes yes
Day-of-week fixed effects yes yes yes yes

Note: Dependent variable is an indicator for completed audit. Unit of obser-
vation is household-day. The main effects are included in the regression, but
omitted above. Total sample contains 15,318 observations. Duration depen-
dence function is a quadratic in number of days since entering the sample.
“Democrat” and “Republican” are binary indicator variables equal to one for
a given household if at least half of the household members are registered as
supporters of the respective party. Omitted party affiliation group is “inde-
pendent.” Standard errors are clustered at the ZIP code level. p < 0.1 (*),
p < 0.05 (**), p < 0.01 (***).
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Table C5: Treatment Effects without ZIP Code and Staff Fixed Effects
Variable Specification

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

Treatment 0.014*** 0.005 0.009*** 0.014***
(0.004) (0.016) (0.003) (0.001)

Treatment×Democrat -0.004 - - -
(0.004)

Treatment×Republican 0.001 - - -
(0.005)

Treatment×age - 0.0003 - -
(0.0003)

Treatment×white - -0.021** - -
(0.01)

Treatment×household size - 0.0015 - -
(0.0031)

Treatment×college or more - -0.01 - -
(0.013)

Treatment×home value - -0.0007 - -
(0.001)

Treatment×income - 0.145* - -
(0.079)

Treatment×solar campaign - - 0.007* -
(0.004)

Treatment×urban - - - -0.008**
(0.004)

Oil heating yes yes yes yes
Demographic controls yes yes yes yes
Socioeconomic controls yes yes yes yes
Political view controls yes yes yes yes
ZIP code fixed effects no no no no
Staff member fixed effects no no no no
Duration dependence function yes yes yes yes
Calendar week fixed effects yes yes yes yes
Day-of-week fixed effects yes yes yes yes

Note: Dependent variable is an indicator for completed audit. Unit of obser-
vation is household-day. The main effects are included in the regression, but
omitted above. Total sample contains 15,318 observations. Duration depen-
dence function is a quadratic in number of days since entering the sample.
“Democrat” and “Republican” are binary indicator variables equal to one for
a given household if at least half of the household members are registered as
supporters of the respective party. Omitted party affiliation group is “inde-
pendent.” Standard errors are clustered at the ZIP code level. p < 0.1 (*),
p < 0.05 (**), p < 0.01 (***).
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