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Abstract.

We estimate neighborhood spillovers in energy consumption using data from Canada’s
largest residential energy retrofit program. Identification exploits variation in retrofit
timing by comparing neighbors of retrofitted homes with neighbors of “Almost
retrofitted” homes that completed a pre-retrofit audit but did not undertake upgrades. We
find that neighboring homes reduce natural gas consumption by 1.2% in the short run
and 1.4% in the long run, while electricity consumption falls by 1% in the long run.
Spillovers persist for more than a decade and are more than five times larger for highly
visible retrofits, suggesting conventional evaluations substantially understate program

benefits.
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1. Introduction

Economic outcomes often cluster geographically. Households living in close proximity
frequently exhibit similar investment choices and technology adoption decisions. A
central challenge in economics is determining whether these patterns arise because
individuals influence one another or because households sharing similar characteristics
and environments tend to live near one another (Manski, 1993; Brock and Durlauf,
2001; Hartmann et al., 2008). Understanding the extent to which local social interactions
shape economic behavior is important for both theory and policy. If households learn
from nearby neighbors, the impacts of public policies may extend beyond directly
treated individuals and generate broader neighborhood spillovers.

A growing literature documents peer effects in a wide range of settings, including
education, labor markets, financial decisions, technology adoption, and environmental
behavior (Sacerdote, 2001; Card et al., 2012; Dahl et al., 2014; Agarwal et al., 2021).
More recently, researchers have examined how local social interactions influence the
adoption of environmentally beneficial technologies such as solar photovoltaic systems,
hybrid vehicles, green electricity contracts, and energy-efficient housing investment
(Bollinger and Gillingham, 2012; Graziano and Gillingham, 2015; Heutel and
Muehlegger, 2015; Bigler and Janzen, 2023; Nauze, 2023; Tebbe, 2023; Huang, 2024).
These studies suggest that information transmitted through social networks can play an
important role in the diffusion of new technologies.

Residential energy retrofits provide a particularly useful setting for studying
neighborhood spillovers. Investments such as insulation, energy efficient windows, and

heating-system upgrades involve substantial upfront costs, uncertain returns, and



Downloaded from by guest on October 11, 2026. Copyright 2026

considerable variation in realized performance. Moreover, many retrofit activities are
highly visible to nearby households, creating opportunities for both observation and
word-of-mouth learning.

Despite growing evidence that environmental technologies diffuse through social
networks, much less is known about whether investments undertaken by one household
affect the subsequent energy consumption of nearby households. Most existing studies
examine adoption decisions, asking whether exposure to adopters increases the
likelihood of purchasing a technology. However, adoption is only an intermediate
outcome. From a policy perspective, the key question is whether these investments
ultimately generate reductions in energy use and emissions. Understanding how peer
effects translate into realized energy savings is therefore important for evaluating the full
impacts of environmental policies.

This paper provides novel evidence on the effects of home energy retrofits on
neighboring households’ energy consumption. We also provide evidence on the
mechanisms underlying these spillovers. Exploiting variation in retrofit visibility, we
show that highly visible investments generate spillovers more than five times larger than
less observable upgrades. This pattern is consistent with neighborhood learning and
information transmission playing an important role in shaping household energy use.

We combine administrative records from Canada’s largest residential energy
efficiency retrofit program with thirteen years of monthly natural gas and electricity
consumption data for approximately 20,000 single-family homes in a mid-sized
Canadian city. The data include detailed information on energy audits, retrofit activities,

property characteristics, and precise geographic locations, allowing us to examine how
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retrofit investments undertaken by one household affect the subsequent energy
consumption of nearby households.

Identifying causal peer effects is inherently challenging because neighboring
households often share similar preferences, face common local shocks, and sort into
neighborhoods nonrandomly (Manski, 1993; Brock and Durlauf, 2001; Hartmann et al.,
2008). To address these challenges, we exploit quasi-experimental variation generated
by staggered retrofit timing and estimate peer effects using a spatial difference-in-
differences framework. A central feature of our design is the ability to distinguish
between retrofitted homes and what we term “Almost retrofitted” homes. The latter
completed a pre-retrofit energy audit and received retrofit recommendations, revealing
an intention to invest in energy efficiency, but ultimately did not undertake upgrades.

This distinction allows us to construct a particularly credible counterfactual. By
comparing the energy consumption of households located near retrofitted homes to that
of households located near “Almost retrofitted” homes, we isolate the effect of exposure
to nearby retrofit activity from neighborhood characteristics associated with retrofit
interest alone. In addition, we test robustness by employing two alternative control
groups: (1) households matched on observable house characteristics, and (i1) the universe
of non-participating homes in the city.

Our empirical approach builds on a growing literature that exploits highly localized
spatial variation to identify peer effects and neighborhood spillovers (Towe and Lawley,
2013; Bayer et al., 2021; Irwin, 2021; Butts, 2021, 2023). While these studies identify
peer effects by contrasting hyper-local exposure with broader neighborhood exposure,

our setting allows for a refinement of the counterfactual through the comparison of
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neighbors of retrofitted homes to neighbors of “Almost retrofitted” homes, households
that revealed retrofit intention but did not complete upgrades. This intention-based
comparison helps net out unobserved environmental preferences, shared neighborhood
demand shocks, and correlated unobservables that may bias standard spatial exposure
designs.

We find economically meaningful and highly persistent neighborhood spillovers. In
our preferred specification, houses located near retrofitted homes reduce natural gas
consumption by approximately 1.2% in the short run and 1.4-1.5% in the long run, and
electricity consumption by roughly 1% in the long run, relative to neighbors of “Almost
retrofitted” homes. Estimates using less restrictive comparison groups are larger, up to
2.7% using the “naive” control group that includes all close neighbors of non-retrofitted
homes across the city. Remarkably, effects from our preferred specification persist for
more than a decade following the initial retrofit. Consistent with localized information
transmission, spillovers decline with geographic distance and increase with the number
of nearby retrofitted neighbors.

The pattern of results provides evidence regarding the mechanisms underlying these
spillovers. Most notably, highly visible upgrades, such as window replacements and
exterior wall insulation, generate substantially larger effects than less observable
investments such as furnace replacements. The magnitude of the spillover effect is more
than five times larger for visible retrofits. This pattern is consistent with neighborhood
learning and information transmission playing an important role in shaping household

behavior.
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This paper contributes to three strands of literature. First, it contributes to the
literature on residential energy efficiency, energy demand, and policy evaluation.
Previous research has primarily focused on estimating the direct effects of retrofit
programs on participating households (Fowlie et al., 2015, 2018; Papineau et al., 2025).
We show that residential retrofit programs also generate economically meaningful
indirect energy savings among neighboring households. These spillover effects imply
that evaluations based solely on direct treatment effects may underestimate the total
benefits of energy-efficiency policies. More broadly, our findings contribute to a
growing literature demonstrating that the social returns to public interventions can
exceed their private returns because of spillover effects (Duflo and Saez, 2003;
Angelucci and De Giorgi, 2009; Crepon et al., 2013).

Second, the paper contributes to the literature on peer effects, neighborhood
spillovers, and social learning. A growing body of research documents peer effects in
technology adoption, including solar photovoltaic systems, hybrid vehicles, and green
electricity contracts (Bollinger and Gillingham, 2012; Graziano and Gillingham, 2015;
Narayanan and Nair, 2013; Heutel and Muehlegger, 2015; Bigler and Janzen, 2023). We
extend this literature by showing that neighborhood spillovers are reflected not only in
technology adoption but also in realized household energy consumption. Furthermore,
we provide evidence on the mechanisms underlying these spillovers. Highly visible
upgrades, such as window replacements and exterior wall insulation, generate spillover
effects that are more than five times larger than less visible investments, highlighting the

importance of neighborhood learning and information transmission.
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Third, the paper contributes to the growing literature on identifying causal
neighborhood spillovers. Recent studies exploit highly localized geographic variation to
estimate spillovers in housing markets, financial decisions, and technology adoption
(Towe and Lawley, 2013; Bayer et al., 2021; Butts, 2023; Irwin, 2021). We introduce a
novel intention-based counterfactual by comparing neighbors of retrofitted homes with
neighbors of ”Almost retrofitted” homes, households that revealed an intention to invest
through a pre-retrofit audit but ultimately did not undertake upgrades. Combined with
staggered retrofit timing, this design provides a transparent framework for addressing
concerns related to reflection, correlated unobservables, and endogenous peer selection
while identifying persistent neighborhood spillovers that last for more than a decade.

The remainder of the paper is organized as follows. Section 2 describes the retrofit
program, Section 3 introduces the data, Section 4 presents the empirical strategy, Section
5 reports the results, Section 6 examines the channels of neighborhood spillovers,
Section 7 discusses the mechanisms driving energy savings, and Section 8 concludes.

2. Program Description

The ecoENERGY Retrofit for Homes program took place between 2007-2012, and aimed
at enhancing the energy efficiency of existing low-rise housing in Canada, and thereby
reducing emissions generated from energy consumption and contributing to a cleaner
environment. The primary goal of the program was to empower property owners with
valuable information to make informed decisions about energy retrofits for their homes,
while also offering financial incentives in the form of grants for energy-saving measures

(IEA, 2017).
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Initially, the program had a budget of 170 million to provide an average grant of
CAD 1,070 to approximately 140,000 homes. In 2009, as part of the Government of
Canada’s 2009 Economic Action Plan, an additional investment of CAD 300 million was
made, allowing an additional 200,000 homeowners to participate from 2009 to 2011. A
funding expansion of CAD 285 million was announced in 2010, and further investment
of CAD 400 million was allocated in the Government of Canada’s 2011 Budget (Natural
Resources Canada, 2012). In total, the ecoENERGY Retrofit for Homes initiative had
over 1 billion dollars in budget and assisted over 640,000 Canadians in improving their
homes’ energy efficiency.!

To deliver the program, a third-party system was employed, wherein organizations
licensed by Natural Resources Canada engage energy assessment services. These
organizations recruit and train energy advisors and quality control personnel, who
conduct local energy audits and provide homeowners with pre-retrofit assessments and a
checklist of recommended upgrades. Audit costs varied by location and dwelling size and
averaged approximately CAD 300 per audit. These audit costs were not reimbursed under
the program design at that time and households had 18 months to complete eligible
retrofits following the initial audit.

Rebates were provided according to a fixed, measure-specific schedule and were
capped at CAD 5,000 per household. Subsidy amounts were not calculated as a
percentage of total retrofit expenditures; instead, each eligible upgrade qualified for a
predetermined rebate amount. Appendix Figure C1 shows a page from the 2009 Grant
Table of the ecoENERGY Retrofit for Homes program illustrating the rebate-eligible

improvements for heating systems.
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After completing the retrofits, homeowners schedule a post-retrofit assessment and
verify the completion of retrofits. Based on the engineering simulations, it was projected
that the program would result in an average of 20% consumption savings and a reduction
of 0.75 mega-tonnes of greenhouse gas emissions in 2011-2012. The program targeted
existing low-rise housing, primarily single-family detached homes.

In a separate study, Papineau et al. (2025) examine realized energy savings from the
ecoENERGY Retrofit for Homes program and find that participating households reduced
total energy consumption by approximately 16% on average. Most of the savings
occurred in natural gas consumption, which declined by about 20% and persisted for up
to ten years. Whole-envelope retrofits reduced natural gas consumption by roughly 35%.
In contrast, electricity consumption declined more modestly, by 0—5%. The results
indicate that furnace replacements and wall insulation upgrades were the most effective
measures in generating sustained energy savings.

3. Data Sources

To study peer effects in home energy efficiency retrofits, we combine data from four
administrative sources covering the City of Medicine Hat, Alberta. Medicine Hat is a
mid-sized Canadian city located in the South Saskatchewan River Valley. During the
study period, the city had approximately 60,000 residents.’

In terms of population size, climate, and housing structure, Medicine Hat is
comparable to North American cities such as Bismarck, North Dakota and to Northern
European cities such as Rovaniemi, Finland or Ostersund, Sweden . Like these cities,
Medicine Hat is characterized by a predominantly low-density housing stock® and long,

cold winters with substantial reliance on natural gas for space heating. Median
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household income during the study period was slightly above the Canadian average.
Although Alberta is often viewed as more politically conservative than other Canadian
provinces, the ecoENERGY Retrofit for Homes program was federally administered and
implemented uniformly nationwide.

The first data set we use is the EnerGuide for Homes (EGH) database, which
provides comprehensive information on program participation and home audits for all
houses enrolled in the program. A total of 2,067 houses underwent one or more audits
between 2007 and 2012. Among these, 1,684 houses completed two detailed retrofit
audits, indicating that these homes undertook renovations, while 383 houses completed
only a pre-retrofit audit. The EGH database includes variables related to house
characteristics, recommended retrofits, predicted energy consumption, predicted energy
savings from recommended retrofits, and completed retrofits (available only for
retrofitted homes). Predicted energy consumption and savings, both before and after
retrofitting, were generated using the HOT2000 model, a building energy consumption
simulation software. The exact retrofit dates are not observed; however, we employ a
variable called “pre-retrofit creation date,” which indicates when the household file was
created in the database, to proxy for the retrofit date. Based on the program design and
discussions with program administrators, the actual retrofit date typically occurs a few
weeks after the recorded “pre-retrofit creation date.”

The second data source is property assessment data provided by city staff, which
includes various tax assessment variables at the property level. These variables
encompass information such as house type, house size, lot size, year of construction,

building condition, and the assessed value of the building.

10



Downloaded from by guest on October 11, 2026. Copyright 2026

The third data set contains monthly natural gas and electricity consumption data
obtained from the municipal utility, covering a 13-year period from 2007 to 2019. During
the study period, residential natural gas and electricity services in Medicine Hat were
provided by the municipally owned utility (now operating as MyHeat). Households in
our sample faced the same utility provider and a common pricing and regulatory
environment throughout the study period. Any changes in energy prices occurred
uniformly across the city and are absorbed by the calendar month fixed effects included
in our empirical specification. This data set includes consumption information for
approximately 20,000 single-family properties, representing nearly all houses within the
city. Using address-level matching, we merge these data with the EGH and property
assessment data to create a comprehensive panel
data set.*

The fourth and final data source consists of a city-wide geo-location database. Using
the address-level information from the merged EGH, tax assessment, and consumption
data, we generate the latitude and longitude coordinates for all single-family homes. This
geo-location database enables us to identify the closest neighbors to each house. By
matching addresses using full street addresses and postal codes, we merge the four data
sources to construct a comprehensive panel data set for all single-family homes in the
city of Medicine Hat.

4. Empirical Strategy
In this section, we discuss our main empirical strategy that utilizes the quasi-
experimental variation created by staggered adoption of energy efficiency retrofits

between 2008-2012 in the city of Medicine Hat.
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Peer Definition

The term “peers” encompasses a wide range of individuals, including friends, family
members, co-workers, and neighbors. In the context of our study, neighbors are particularly
relevant and measurable as a peer group.’ This is because the spillover effects of energy
efficiency programs may propagate through word of mouth and through visual observation of
retrofit activities, such as the presence of insulation trucks or construction crews at a
retrofitted house. By focusing on this observable and measurable peer group, our estimated
energy savings represent a lower bound of the overall peer effect.

Given this context, we define peers based on spatial proximity to the retrofitted
home. In our baseline sample, peers are defined as the two nearest neighbors, identified
using geographic coordinates for all single-family homes in the city (Kuhn et al., 2011).°

The treated group consists of the two neighbors located closest to each retrofitted
home. For our baseline control group, we consider the two neighbors located closest to
houses that completed only a pre-retrofit audit, which we refer to as “Almost retrofitted”
homes. These households demonstrated an intention to retrofit by completing a paid pre-
retrofit audit but did not proceed with the retrofit process for various reasons, such as
time or financial constraints. Appendix Figure A1 provides a visual illustration of how
the treated and control groups are identified.

In our sample, the average distance between a house and its two nearest neighbors is
approximately 19.4 meters, with distances ranging from near zero (in cases of shared or
nearly identical coordinates) to about 235 meters. The spatial proximity of neighbors is
also very similar across treated and control groups: the mean distance is approximately

19 meters for the treated group and 20 meters for the control group.

12
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A potential concern with the “Almost retrofitted” control group is that some of these
homes may have undertaken retrofits without completing a post-retrofit audit, and
therefore may not be recorded as official program participants. If this occurred, their
neighbors might have observed the retrofits and responded accordingly, thereby
experiencing peer effects. This would bias our estimated peer effects downward,
implying that the true effect may be larger than what we capture. A second concern is
that while neighbors to “Almost retrofitted” homes closely resemble neighbors to
retrofitted homes in observable characteristics, they may still have been indirectly
exposed to information about the program. For example, they may have concluded,
based on their neighbor’s experience, that the program was not worthwhile. This could
inflate observed peer effects if the control group becomes partially informed but decides
not to participate due to discouraging signals.

To address these potential concerns, we estimate peer energy savings using two
alternative control groups. The first is a matched control group constructed using tax
assessment data based on characteristics such as house type, lot size, building size, year
built, building condition, and assessment value. The second is a broader “naive” control
group that includes all close neighbors of non-retrofitted homes across the city.

To accurately measure the causal effect of proximity to an energy-retrofitted home,
we implement several data-cleaning procedures. First, we exclude houses whose two
closest neighbors have different retrofit statuses. For example, if the house to the right
completed a retrofit while the house to the left only underwent a pre-retrofit audit, we
remove this observation from the treated group. This restriction ensures a clear

distinction between the treatment and control groups. Second, we account for cases

13



Downloaded from by guest on October 11, 2026. Copyright 2026

where two spatially close houses eventually participate in the energy efficiency program.
To capture potential peer effects in program participation, we allow such cases except
when both houses appear to complete retrofits in the same month according to our proxy
retrofit date. In such cases, we exclude the observation from the treatment group because
the program structure requires a time lag, typically longer than one month, between the
decision to retrofit and the pre-retrofit audit, meaning that simultaneous retrofits cannot
reflect a peer effect. Finally, if a household is located next to two retrofitted homes with
different proxy retrofit dates, we classify the household as treated at the earliest of the
two retrofit dates. After implementing the data-cleaning procedures described above, the
sample size decreases from 2,067 candidate homes (1,684 retrofitted homes and 383
“Almost retrofitted” homes) to 1,686 homes. This corresponds to the exclusion of
approximately 18.4% of the initial sample.

Our final sample includes 1,438 retrofitted homes and 248 “Almost retrofitted”
homes. The treated group consists of 2,287 houses located near retrofitted homes, while
the control group includes 387 houses located near “Almost retrofitted” homes.
Appendix Figure A2 shows the spatial distribution of the treated and control homes
across the city. Table 1 presents summary statistics, including mean monthly natural gas
consumption of 292 m? and electricity consumption of 805 kWh, which constitute our
primary outcome variables. The sample focuses exclusively on single-family detached
homes, excluding mobile homes and apartments.

<<Table 1 about here>>

14
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Graphical Evidence: Event Study
We begin by presenting a graphical analysis of peer effects over time using an event
study framework. A key feature of our dataset is the ability to observe homes up to five
years prior and eleven years following a neighbor’s retrofit. This longitudinal structure
allows us to examine how energy consumption evolves for households neighboring a
retrofitted home relative to houses neighboring an “Almost retrofitted” home. The model
is:
Ciye = a; + Xp=*)1 Ay Post Neighbor Retrofit; ye_p + Vi + 8yc + €iyc [1]

In this specification, we aggregate monthly energy consumption data into calendar
quarters. The outcome variable, (Ciy), is the natural logarithm of quarter gas
consumption for house 7 in calendar quarter yc. The variable Post Neighbor Retrofiti is
a dummy variable equal to one if a house is close neighbor to a retrofitted home, and
zero before becoming a neighbor to a retrofitted home or if the house is part of the
comparison group. Similarly Post Neighbor Retrofitiy.—is a dummy equal to one for
quarter 4 before (4 < 0) or after (h > 0) her neighbor retrofitted her home and zero
before becoming a neighbor to a retrofitted home or if the house is a neighbor to an
“Almost retrofitted” home. y: and dyc are house fixed effects and calendar quarter fixed
effects, respectively. Observations are included for up to 47 quarters after and 21
quarters prior to the treatment quarter. As standard, the estimates are normalized by
omitting the quarter immediately before the neighbor’s retrofit quarter. Additionally, in
Appendix A, we present event study results aggregated at the annual level.

While two-way fixed-effects (TWFE) regressions, similar to equation(1), are

commonly used models for research designs involving staggered adoption, it has been
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demonstrated that these models yield consistent estimates only when certain assumptions
regarding the homogeneity of treatment effects are satisfied. A growing literature shows
that if treatment effects vary across different groups or over time, the two-way fixed-
effects (TWFE) estimator does not provide consistent estimates for the average treatment
effect on the treated (ATT) (De Chaisemartin and d’Haultfoeuille, 2020; Callaway and
Sant’ Anna, 2021; Goodman-Bacon, 2021; Sun and Abraham, 2021; Borusyak et al.,
2024). To address concerns regarding the reliability of the TWFE estimator, we present
our results using the alternative estimator introduced in Sun and Abraham (2021).
Baseline specification: Difference-in-Differences

The baseline model compares the effect of being a close neighbor to a retrofitted home
relative to being a neighbor to an “Almost retrofitted” home (i.e., a house that underwent
a pre-retrofit energy efficiency audit but did not proceed to a retrofit) on energy
consumption.

Our identification relies on two key assumptions. First, retrofitted and “Almost
retrofitted” homes are as good as randomly assigned. Second, their neighbors are also as
good as randomly assigned. To support the first assumption, Appendix Table B1 shows
that both groups are similarly distributed across the types of upgrades recommended
during the energy audit, indicating that retrofit decisions are unlikely to be
systematically related to unobserved factors.

For the second assumption, we incorporate two additional control groups: one based
on matching observable characteristics, and another that includes all other houses in the
city (discussed in Section 4.4). To further support the notion that treatment assignment

approximates randomness, Appendix Figure A3 illustrates the timing and pattern of

16



Downloaded from by guest on October 11, 2026. Copyright 2026

retrofit adoption, which occurs gradually and in a staggered manner over the program
period.

To estimate the causal peer effect, we employ a Difference-in-Differences (DiD)
approach using households located near either retrofitted homes or “Almost retrofitted”
homes. We refer to the sample of houses used in the baseline model as the “Almost
retrofitted” sample. The model includes monthly natural gas and electricity consumption
observations and is specified as follows:

Ciym = B Post Neighbor Retrofity,,m + Vi + 6ym + €iym [2]

where Ciym denotes the monthly natural gas or electricity consumption of house i in
year y and month m. Post Neighbor Retrofitin is a dummy variable equal to one if the
neighbor house completed both the pre- and post-retrofit audit (i.e., the neighbor
retrofitted the home), and zero before the neighbor house completed the retrofit or if the
neighbor completed only the pre-retrofit audit. y; accounts for unobserved, time-invariant
property characteristics (e.g., structure, size, vintage, insulation quality) as well as any
permanent attributes of the location, while J,» denotes calendar month fixed effects (e.g.,
January 2008, February 2008, etc.), which control for common time-varying factors such
as weather conditions, macroeconomic shocks, energy prices, and policy changes that
affect all households in the city in a given month. Because all houses in the city face the
same prices and weather conditions, additional spatial controls are unnecessary.’

The analysis includes house-month observations spanning up to eleven years after
and five years before treatment, with two-way clustering of standard errors at the house
and month-year levels. The parameter f is the main coefficient of interest and captures

how energy consumption changes in homes whose neighbors retrofitted their homes,
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after the proxy retrofit date, relative to homes whose neighbors “Almost retrofitted” their
homes.

Because retrofit adoption occurs gradually over time, treatment in this setting
follows a staggered adoption pattern. Recent work has shown that two-way fixed effects
(TWFE) estimators in staggered difference-in-differences designs may produce biased
estimates when treatment effects are heterogeneous across cohorts or over time (De
Chaisemartin and d’Haultfoeuille, 2020; Goodman-Bacon, 2021; Callaway and
Sant’ Anna, 2021; Sun and Abraham, 2021). In particular, the TWFE estimator can
assign negative weights to some treatment comparisons, potentially distorting the
estimated average treatment effect.

To assess the extent of this concern in our setting, we replicate the main results using
the interaction-weighted estimator proposed by Sun and Abraham (2021), which is
robust to treatment effect heterogeneity in staggered adoption settings. We also conduct
diagnostic tests following De Chaisemartin and d’Haultfoeuille (2020), which quantify
the distribution of weights underlying the TWFE estimator.

Because the data are observed at the house level, the fixed effects do not account for
changes in occupants over time. Residential mobility could attenuate estimated peer
effects if new occupants are less exposed to prior neighbor interactions. However, unless
migration is systematically correlated with neighbors’ retrofit timing, such turnover
would bias estimates toward zero rather than generate spurious positive peer effects.

To identify the causal impact represented by f, it is essential that houses in the
treatment and control groups exhibit similar pre-treatment trends in energy consumption.

We therefore compare pre-treatment energy consumption and housing characteristics

18
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including lot size, building size, assessment value, and year built between the two
groups. We employ a scale-invariant normalized difference measure, defined as the
difference in means across groups divided by the square root of the sum of their
variances, following Imbens and Wooldridge (2009).®

As a rule of thumb, normalized differences above 0.25 may indicate meaningful
imbalance, which can undermine the robustness of linear regression methods due to
sensitivity to functional form assumptions. Table 1 presents the balance statistics and
shows that the treatment and comparison groups are well matched in terms of both
energy consumption and observable housing characteristics. Notably, all normalized
differences fall well below the 0.25 threshold recommended by Imbens and Wooldridge
(2009), supporting the assumption of covariate balance.

Other Control Groups

In this subsection, we introduce two alternative control groups that help address
potential sources of bias that may arise when using the “Almost retrofitted” sample as
the primary control group.

First, participation in the ecoENERGY Retrofit for Homes program is not random;
rather, households self-select into the program. This self-selection may bias estimates of
energy savings if program participants differ systematically from non-participants in
ways that also affect energy consumption, for example, if they have older furnaces,
higher incomes, or stronger environmental preferences. While neighbors themselves do
not self-select into the treatment, concerns may arise if the characteristics that influence
program participation, such as income, housing conditions, or environmental awareness,

are spatially correlated across nearby households. In such cases, peer effect estimates
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could be biased due to correlated unobservables at the neighborhood level. This concern
is consistent with the idea of residential sorting described in Tiebout (1956), whereby
households choose neighborhoods based on shared preferences for local amenities,
services, and community characteristics, leading to clusters of similar households.’

Second, although “Almost retrofitted” homes resemble retrofitted homes in
observable characteristics, the neighbors of “Almost retrofitted” homes may still have
been indirectly exposed to information about the program. For instance, observing a
neighbor complete an audit but ultimately decide not to proceed with the retrofit may
signal that the program is not worthwhile. If such negative signals influence neighbors’
behavior, this could inflate the estimated peer effects in the preferred sample by making
the control group less responsive to the program.

To address these concerns, we construct two additional control groups. The first is a
matched control group created using nearest-neighbor matching without replacement
based on observable housing characteristics from the tax assessment data, including lot
size, building size, assessment value, building condition, building type, and year built.
The resulting “Matched” sample consists of 2,553 treated houses and 2,177 control
houses.

The second alternative control group is a broader “Naive” sample. In this
specification, the treated group consists of 2,554 houses that are the two closest
neighbors to retrofitted homes, while the control group includes 14,529 houses whose
closest neighbors never participated in the retrofit program.

To assess the validity of comparing outcomes between treatment and control groups

in these alternative samples, we conduct balance tests using normalized differences for
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pre-treatment natural gas and electricity consumption as well as key housing
characteristics (lot size, building size, assessment value, and year built). The results are
presented in Appendix Table B2 and Appendix Table B3 for the “Matched” and “Naive”
samples, respectively. The tables show that the treatment and comparison groups are
well balanced in both samples. In particular, all normalized differences fall well below
0.25, the threshold recommended by Imbens and Wooldridge (2009), suggesting that
observable characteristics are similar across groups.

To visualize peer effects over time using these additional control groups, we estimate
eventstudy specifications based on Equation 1.
S. Results
In this section, we present the results of the event study, followed by the estimated
average peer effects for the preferred sample and alternative control groups. We then
conduct robustness checks using our baseline specification.
Graphical Evidence: Event Study
We estimate Equation (1) to analyze the dynamic peer effects using the baseline “Almost
retrofitted” sample. Monthly energy consumption data are aggregated to the calendar
quarter level, covering up to 47 consumption quarters after treatment and 21 quarters
before. As is standard in the literature, the quarter immediately prior to treatment serves
as the reference period and is omitted from the analysis. To account for potential
treatment heterogeneity and the staggered adoption process, we also implement fully
dynamic estimators following Sun and Abraham (2021).

Results of the TWFE and the fully dynamic estimators following Sun and Abraham

(2021) shown in Figure 1 suggest that peer effects from home energy efficiency retrofits
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begin to manifest approximately five quarters after the initial treatment. This pattern
aligns with expectations, given the typical lag between exposure to neighbor activities or
information (through word of mouth or visible upgrades) and the decision to retrofit.
Importantly, the effects appear to persist over time, remaining in the -2% to -5% range
up to eleven years post-treatment. Additionally, Figure 1 highlights the seasonal
variation in gas consumption, reflecting Medicine Hat’s cold winter climate and the fact
that most retrofits are completed in the fall.

<<Figure I about here>>

The fully dynamic estimators following Sun and Abraham (2021) displayed in Figure
1 are nearly identical to the standard TWFE estimates, suggesting that treatment effect
heterogeneity is minimal in this setting. In other words, the similarity between the two
approaches indicates that the identifying assumptions underlying the TWFE
specification are unlikely to be violated in our context.

Appendix Figure A4 and Appendix Table B4 present the event study for annual data
using a version of Equation (1). We also include two placebo event studies. First, we
analyze the results for the control group only, neighbors of “Almost retrofitted”” homes.
As shown in Appendix Figure A5, these effects are statistically insignificant and close to
zero, suggesting no meaningful energy savings attributable solely to proximity when the
neighbor has not undergone a retrofit. Appendix Figure A6 provides a visual comparison
of the event study estimates for treated versus control groups.

Second, we conduct a placebo test by re-estimating the event study with a false
omitted category to verify that the observed effects are due to peer influence rather than

general improvements in energy efficiency. Appendix Figure A7 illustrates that if the
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omitted category is incorrectly chosen, the fifth year after the retrofit instead of the year
prior, no significant reduction in energy consumption is observed.

Baseline Specification: Difference-in-Differences

In this subsection, we present the results from estimating the DiD specification shown in
Equation (2) and using our baseline sample, the “Almost retrofitted” sample. Table 2
presents the causal effect of being a neighbor to a retrofitted home relative to being a
neighbor to an “Almost retrofitted” home on energy consumption in both levels and
natural logarithms of monthly natural gas and electricity consumption.

<<Table 2 about here>>

Because treatment adoption occurs at different points in time across households, the
standard two-way fixed effects (TWFE) estimator may produce biased estimates when
treatment effects are heterogeneous across cohorts or over time. To address this concern,
Table 2 also reports estimates using the cohort-specific difference-in-differences
estimator proposed by Sun and Abraham (2021), which is robust to heterogeneous
treatment effects in staggered adoption settings. We also report diagnostic tests following
De Chaisemartin and d’Haultfoeuille (2020), which quantify the distribution of weights
underlying the TWFE estimator.

The main independent variable is Post Neighbor Retrofit, which equals one after the
neighbor completes the energy efficiency retrofit and zero otherwise. Panel A in Table 2
shows the short-term results using consumption data up to the program termination year,
2012, while Panel B presents the long-term results using consumption data for up to
seven years after the program ended. Column (1) shows that close neighbors to a

retrofitted home consume approximately 3.5 cubic meters less gas per month after their
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neighbor undergoes an energy retrofit. This corresponds to a 1.2% reduction in monthly
gas consumption, as shown in Column (2). Panel B shows that the long-term estimates
are slightly larger, corresponding to a 1.4% reduction per month. Gas results are
statistically significant at the 1% level across both consumption measures.'”

For electricity consumption, Panel B in Table 2 shows a significant reduction of
around 10 kWh per month for neighbors of retrofitted homes, corresponding to
approximately 1% monthly electricity savings in the long run. However, we do not find
consistent electricity results with respect to significance and magnitude across the short
and long run. This is not surprising for two reasons. First, the city of Medicine Hat is
officially labeled “The Gas City”, and the majority of homes rely on gas for heating,
which represents the largest share of household energy consumption. Second, the
ecoENERGY Retrofit for Homes program primarily targeted improvements in space
heating and the thermal envelope of homes.'!

The Sun and Abraham estimates are very close in magnitude to the TWFE results.
For example, Column 2 in Panel B in Table 2 shows that the estimated reduction in
monthly gas consumption is 1.5% using the Sun and Abraham estimator, compared to
1.4% using TWFE. The similarity between the two estimators suggests that
heterogeneous treatment effects are unlikely to drive the baseline results. When
treatment effects are relatively stable across cohorts and over time, as appears to be the
case in this setting, the TWFE estimator and the Sun and Abraham estimator converge to
similar estimates.

To further assess the validity of the TWFE specification, Table 2 also reports the

magnitude of negative weights implied by the TWFE estimator following De
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Chaisemartin and d’Haultfoeuille (2020). In staggered adoption designs, negative
weights arise because already-treated units can serve as controls for units treated later in
time. This means that the TWFE estimator effectively combines treatment effects from
different cohorts using weights that may be negative, which can potentially bias the
overall estimate when treatment effects vary substantially across cohorts. In our setting,
the share of negative weights is relatively small, approximately 6% in the short-term
sample and about 13% in the long-term sample. Moreover, the close correspondence
between the TWFE and Sun and Abraham estimates suggests that these negative weights
do not materially affect the main conclusions of the analysis.

Implications for Program Energy Savings

Recent work by Papineau et al. (2025) documents a substantial gap between projected
and realized energy savings from the ecoENERGY Retrofit for Homes program. In
particular, they estimate that only about 61% of projected natural gas savings were
realized on average among participating households. For example, replacing a natural
gas furnace was projected to reduce annual gas bills by about $222 (26%), whereas the
realized reduction was approximately $92 (11%).

Our estimates suggest that retrofit programs may generate additional energy savings
through local peer spillovers that are not captured when evaluating participant
households alone. In our preferred specification, neighboring households reduce natural
gas consumption by approximately 1.2—1.5% following a nearby retrofit.

Using the average annual natural gas bill of $843 reported in Papineau et al. (2025),
this reduction corresponds to roughly $10-$13 in annual savings per neighboring

household. Given that our design identifies spillovers among the two closest neighboring
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homes, the implied additional savings amount to approximately $20-$25 per retrofit per
year. Relative to the realized annual savings of about $92 experienced by the retrofitting
household, these spillovers increase total program energy savings by roughly 20-30%.
While these calculations are necessarily approximate, they highlight that peer
spillovers can partially offset the gap between projected and realized energy savings and
suggest that program evaluations based solely on participating households may
underestimate the total energy savings generated by residential retrofit programs.
Other Control Groups
In this subsection, we examine the peer effects of home energy retrofits on energy
consumption using two alternative samples: the matched sample and the “naive” sample.
We begin by estimating the annual version of Equation (1) to examine the dynamic
treatment effect of being a neighbor to a retrofitted home in both samples. Figures 2 and
3 show that the estimated coefficients are consistent with the parallel trends assumption.
Across both samples, the pre-treatment coefficients are close to zero and display no
evidence of pre-trends. As expected, there is no significant change in natural gas
consumption during the neighbor’s retrofit year. Energy savings begin to emerge in the
first year following the neighbor’s retrofit and continue to grow in magnitude throughout
the post-treatment period, persisting for up to eleven years. Importantly, these effects are
robust across three different sample definitions, reinforcing the conclusion that home
energy efficiency retrofits generate long-term reductions in peer household energy
consumption.
<<Figure 2 about here>>

<<Figure 3 about here>>
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Consistent with Sun and Abraham (2021), the fully dynamic TWFE model estimated
via OLS provides unbiased estimates only under strong assumptions regarding treatment
effect homogeneity. Nevertheless, Figures 2 and 3 demonstrate that the TWFE event
study results remain robust to an alternative dynamic specification. Given our sample
definitions, particularly the matched sample, and the inclusion of fixed effects, most
houses should be observationally similar. For example, if two houses (A and B) have
similar characteristics such as age and size, and house A upgrades its gas furnace
resulting in a 10% reduction in energy consumption, house B installing the same furnace
should experience a similar reduction. Any systematic deviation would suggest the
presence of omitted variable bias. The results in Figures 2 and 3 show that the Sun and
Abraham estimates closely align with the standard TWFE models, providing additional
evidence that omitted variable bias is unlikely to drive the results.

Next, we estimate Equation (2) using the matched and “naive” samples and compare
the results with our baseline “Almost retrofitted” sample. These comparisons are
presented in Appendix Table B5 for natural gas consumption and in Table B6 for
electricity consumption. Columns (1) and (2) replicate the baseline results from Table 2.
Columns (3) and (4) present estimates using the matched sample, while Columns (5) and
(6) present estimates using the “naive” sample. For each specification, we report the
estimated effects on the natural logarithm of monthly gas consumption in both the short
and long term, the Sun and Abraham estimates and the magnitude of negative weights
implied by the TWFE estimator following De Chaisemartin and d’Haultfoeuille (2020).
Full estimation results for the matched and naive samples are provided in Appendix

Tables B7 and BS.
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Notably, the sample size increases substantially across the different samples due to
the larger control groups. The gas estimates in Appendix Table B5 are consistent across
all three samples in direction and statistical significance. The magnitude of the estimated
effect is approximately 1.7% using the matched sample and increases to about 2.7%
using the “naive” sample in the short run. On average, the estimates across all three
samples indicate a reduction of roughly
1.9% in the short run and 2.4% in the long run.

Examining the electricity results in Appendix Table B6, there is greater variability in
magnitude and statistical significance. The results show a significant average decrease of
about 1% in long-term electricity consumption among neighbors in the “Almost
retrofitted” and “naive” samples, while no statistically significant effect is observed in
the matched sample.

Heterogeneity Across Retrofit Cohorts

Although our main analysis pools all retrofit cohorts, it is informative to examine whether
the estimated peer effects differ according to the year in which the neighboring household
completed its retrofit. Table 3 reports cohort-specific estimates for retrofits completed
between 2008 and 2012. Because this analysis was not designed to identify the causal
effects of specific program events, the results should be interpreted as descriptive
evidence of treatment-effect heterogeneity. Nevertheless, it is useful to compare the
cohort estimates with major changes in the ecoENERGY Retrofit for Homes program
timeline. As shown in Appendix Figure A8, the program experienced several important
policy changes, including an unexpected suspension of new applications in 2010, a

subsequent renewal in 2011, and its final closure in 2012.
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Table 3 shows that the estimated peer effects vary across retrofit cohorts, ranging
from a statistically insignificant estimate of 0.2% for the 2010 cohort to 7.8% for the
2012 cohort. The absence of a significant effect for the 2010 cohort coincides with the
period of program uncertainty following the unexpected suspension of new applications,
while larger estimates are observed for the earlier and later cohorts. The cohort estimates
are also based on substantially different sample sizes. For example, the 2012 cohort
contains only 133 treated houses, compared with 1,417 in the 2009 cohort, resulting in
considerably larger standard errors and less precise estimates. Consequently, we view the
cohort-specific results primarily as descriptive evidence of treatment-effect
heterogeneity rather than as a causal assessment of how changes in program funding or
availability affected neighborhood spillovers.
<<Table 3 about here>>
Further Neighbors
In this subsection, we extend the analysis beyond the two closest neighbors to examine
whether peer effects persist when including more distant neighbors. Specifically, we
analyze two additional groups: the 3rd to 5th closest neighbors and the 6th to 10th closest
neighbors in terms of spatial proximity. This robustness check tests whether the observed
peer effects attenuate with increasing distance from retrofitted homes. If peer effects are
indeed present, their influence should diminish as spatial proximity decreases.

In our data, the average distance to the two closest neighbors is approximately 19.4
meters, with distances ranging from 0 to 0.235 km. For the 3rd to 5th closest neighbors,
the average distance increases to roughly 0.4 km, with distances ranging between 0.007

km and 0.281 km. The distance to the 6th to 10th closest neighbors ranges between
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0.012 km and 0.394 km. These distance ranges allow us to examine how the magnitude
of peer effects changes as neighbors become progressively farther away.

Column (1) of Table 4 reproduces the main result from estimating the TWFE
specification in Equation (2), using the two closest neighbors as the treated group.
Column (2) reports results when the treated group is defined using the 3rd to 5th closest
neighbors, while Column (3) considers the 6th to 10th closest neighbors. The estimated
effects become substantially smaller once neighbors beyond the two closest homes are
considered. Although one of the estimates for more distant neighbors remains
statistically significant, the coefficients are economically much smaller than those for the
two closest neighbors. Overall, the evidence suggests that spillover effects are
concentrated among the closest neighboring homes.
<<Table 4 about here>>

This pattern reinforces the idea that peer effects in energy consumption are highly
localized. The results suggest that information spillovers and social influence operate
primarily among very close neighbors, and fade as spatial distance increases. This
attenuation with distance further supports the identification strategy by indicating that the
estimated effects are unlikely to reflect broader neighborhood trends.

Different Definition of Neighbors

Thus far, neighbors have been defined based on geographic proximity using spatial
coordinates to identify the two closest homes. As a robustness check, we adopt an
alternative definition of neighbors proposed by Kuhn et al. (2011). Under this definition,
neighbors must share the same street name, have house numbers directly above or below

one’s own house number, and possess identical postal codes and street names. The key
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distinction between this definition and the baseline approach is the exclusion of
neighbors located behind or in front of the residence.

Using this alternative definition, we re-estimate Equation (2) using the “Almost
retrofitted” sample. The results are presented in Table 5. Panel A reports short-term
results using consumption data through the program’s termination year (2012), while
Panel B presents long-term results capturing effects up to seven years after the program
ended. Column (2) shows that homes with closely located street-based neighbors who
completed retrofits reduced their monthly gas consumption by approximately 1.3%. This
estimate is slightly higher than the 1.2% reduction obtained using the baseline neighbor
definition. The similarity in magnitude supports the robustness of the estimated peer
effects regardless of how neighbors are defined.
<<Table 5 about here>>
6. Channels of Neighborhood Spillover
In this section, we further reinforce the credibility of the identification strategy by
showing that the primary estimates capture plausible mechanisms through which peer
effects from residential energy efficiency retrofits may arise.

Word-of-Mouth and Social Norms

Word-of-mouth communication among close neighbors is a key channel through which
peer effects can arise. Frequent direct interactions and shared experiences facilitate the
exchange of information. Conversations about energy savings, improved comfort, or
reduced costs resulting from retrofits can create a ripple effect, encouraging more

households to adopt similar measures and energy-saving practices.
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Peer effects may also operate through social norms and behavioral responses.
Households may adjust their behavior when they observe environmentally friendly
actions taken by their neighbors, through imitation or conditional cooperation with
perceived community norms. While these mechanisms are intuitive and widely
discussed in the literature, they are inherently difficult to observe directly and cannot be
quantitatively measured in this context.

Visibility of Retrofits

The visibility of retrofits is a key factor influencing peer effects in this context. When
neighbors can visibly observe retrofit activities, these actions serve as a tangible
demonstration of energy-saving behavior, potentially sparking curiosity, social influence,
and motivation to adopt similar measures. Among the retrofits promoted by the
ecoENERGY Retrofit for Homes program, the most visible are window and door
upgrades and exterior wall insulation, both of which involve extended installation periods
and noticeable exterior changes. Conversely, upgrades such as gas furnace replacements
are less visible, as they are typically completed indoors within a short time by a single
technician.

To test the visibility hypothesis, we construct two sub-samples: one consisting of
neighbors of homes that completed highly visible retrofits (window or door upgrades
and exterior wall insulation), and another consisting of neighbors of houses that
completed only less visible retrofits (gas furnace upgrades). The results, shown in Table
6, strongly support the visibility mechanism. Neighbors of homes with visible retrofits
experience significantly larger energy savings, 7.5%, compared to only 1.4% for

neighbors of homes that completed less visible retrofits. This substantial difference
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highlights the importance of visibility as a channel through which peer effects operate in
the context of residential energy retrofits.

<<Table 6 about here>>

Intensity of Treatment

In this subsection, we examine homes for which either both or only one of the two
closest neighbors completed an energy efficiency retrofit. Given the importance of social
influence, word-of-mouth communication, and visibility, we hypothesize that peer
effects will be stronger when both neighboring houses undertake retrofits. Observing
multiple neighbors making this decision may reinforce the perceived benefits of
retrofitting through social pressure, conformity, or increased trust, thereby lowering
perceived costs and encouraging others to adopt similar actions.

The results, summarized in Table 7, support this hypothesis. Column (2) indicates
that houses with two retrofitted neighbors reduce their energy consumption by an
average of 2.3%, compared to a 1.3% reduction for houses with only one retrofitted
neighbor (shown in column (3)). These findings suggest that the magnitude of peer
effects in energy efficiency increases with the intensity of exposure within the
neighborhood.
<<Table 7 about here>>
7. Mechanisms of Energy Savings
To better understand the mechanisms underlying the estimated neighborhood spillovers,
we examine two channels. The first is increased participation in the ecoENERGY
Retrofit for Homes program, whereby exposure to a retrofitted neighbor encourages

additional households to undertake energy-efficiency investments. The second consists
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of behavioral and other non-program responses, such as adjustments in household
energy use or other energy-saving actions that do not involve formal participation in the
retrofit program.

Behavioral and Other Non-Program Responses

Behavioral and other non-program responses refer to energy-saving actions that occur
without formal participation in the ecoENERGY Retrofit for Homes program. These
responses may include behavioral adjustments, such as lowering thermostat settings,
reducing discretionary energy use, or adopting more energy-efficient habits, as well as
small-scale improvements that are not captured by the program records. Such responses
may arise through social learning, increased awareness of energy efficiency, or the desire
to emulate nearby households that have undertaken retrofits.

Consistent with evidence from the behavioral economics literature, norm-based
messaging and social comparisons can effectively encourage households to conserve
energy (Schultz et al., 2007; Nolan et al., 2008; Allcott, 2011; Ferraro et al., 2011;
Ferraro and Price, 2013; Allcott and Rogers, 2014). For example, Allcott (2011) show
that Home Energy Reports reduce electricity consumption by approximately 2%. The
magnitude of the peer effect estimated in this paper is comparable, suggesting that
neighborhood spillovers may induce meaningful reductions in household energy
consumption even in the absence of additional capital investments.

Program Diffusion Through Energy-Efficiency Investments
While behavioral responses may generate immediate reductions in energy consumption,
durable energy savings are often achieved through investments in energy-efficient

technologies. Previous studies have shown that repeated exposure to information and
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feedback, such as Home Energy Reports, can encourage households to upgrade furnaces,
improve insulation, or purchase more energy-efficient appliances (Allcott and Rogers,
2014; List et al., 2020).

To examine whether neighborhood spillovers increase investment in energy
efficiency, we conduct two complementary analyses. First, we estimate an OLS
regression in which the dependent variable is an indicator for receiving an energy audit
or completing a retrofit, and the key explanatory variable is the treatment indicator.
Second, we estimate the energy savings achieved by neighboring households that
subsequently participate in the ecoENERGY Retrofit for Homes program. The results are
reported in Appendix Tables B9 and B10.

Appendix Table B9 shows that treated homes are 6.5 percentage points more likely
to receive an energy audit and 5 percentage points more likely to undertake a retrofit.
These estimates likely represent lower bounds on neighborhood spillovers, as some
households may have adopted similar energy-efficiency improvements outside the
formal program after observing their neighbors, thereby avoiding the hassle costs
associated with program participation, such as scheduling pre- and post-retrofit audits,
satisfying technical eligibility requirements, and completing rebate application
paperwork (Fowlie et al., 2015; Marshall, 2015; Fowlie et al., 2021).

Turning to the energy savings of neighboring households that eventually participate
in the program, Column (1) of Appendix Table B10 shows that these households reduce
natural gas consumption by approximately 22% relative to treated neighbors who never
participate. Taken together with the estimated 5 percentage point increase in retrofit

participation, these findings suggest that increased program participation could account
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for a substantial share of the aggregate peer effect. While this comparison is illustrative,
it provides evidence that increased program participation is an important mechanism
through which neighborhood spillovers generate additional energy savings.

However, increased program participation does not appear to explain the entire peer
effect. To examine this directly, Appendix Table B11 re-estimates the baseline
specification after excluding all neighboring households that subsequently participate in
the ecoENERGY Retrofit for Homes program. Even among these program non-adopters,
exposure to a retrofitted neighbor continues to reduce natural gas consumption by
approximately 0.7%. This finding indicates that while increased retrofit participation
explains an important share of the estimated spillover, additional reductions in energy
consumption remain among households that never participate in the program. These
remaining savings are consistent with behavioral adjustments and other non-program
responses contributing alongside program diffusion to the overall neighborhood
spillover effect.

Additional evidence supporting the investment channel comes from heterogeneity by
building age. Because residential furnaces typically last 15-20 years in Canada, homes
constructed before 1995 were more likely to face furnace replacement decisions during
the 2008-2012 program period. If neighborhood spillovers partly operate by encouraging
energy-efficiency investments, stronger effects would be expected among older homes.
Consistent with this hypothesis, Appendix Table B12 shows that the estimated peer
effect is concentrated among older homes, with an implied reduction of approximately
1.4% in gas consumption. In contrast, the estimated effect for newer homes is small and

statistically insignificant. Although the difference between the two groups is only
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marginally significant, the results provide additional evidence that neighborhood
spillovers operate, at least in part, by encouraging investment in energy-efficient
technologies.

8. Conclusion

This paper shows that residential energy retrofit programs generate economically
meaningful benefits that extend beyond participating households. Using a quasi-
experimental difference-indifferences design and detailed household-level administrative
data, we find that proximity to a retrofitted home leads to persistent reductions in
neighboring households’ energy consumption. These spillover effects persist for more
than a decade, decline with geographic distance, increase with the number of nearby
retrofitted neighbors, and are strongest for highly visible retrofit activities. Together,
these findings are consistent with neighborhood learning and information transmission
playing an important role in shaping household energy use.

Our findings have important implications for the evaluation of residential energy-
efficiency programs. While recent evidence suggests that realized energy savings from
retrofit programs are often substantially smaller than engineering projections, most
evaluations measure only the direct energy savings achieved by participating
households. We show that residential retrofit programs also generate additional energy
savings among neighboring households through two complementary channels. Exposure
to a retrofitted neighbor increases the likelihood that neighboring households
subsequently participate in the retrofit program, while statistically significant reductions
in energy consumption remain even among households that never participate. These

findings indicate that neighborhood spillovers arise through both increased program
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participation and non-program energy-saving responses. Back-of-the-envelope
calculations suggest that accounting for these indirect effects increases realized program
energy savings by approximately 20-30% relative to estimates based solely on
participating households.

Although the estimated effects for any individual household are modest, their
cumulative impact across neighborhoods suggests that social interactions can
meaningfully enhance the effectiveness of residential energy-efficiency policies. Policies
that increase the visibility of energy-efficiency investments or facilitate information
sharing among neighbors, for example, through labeling, public recognition, or
neighborhood outreach, may amplify these spillover effects and encourage broader
adoption of energy-efficient technologies.

More broadly, our findings suggest that the benefits of residential energy-efficiency
policies extend well beyond participating households. Accounting for neighborhood
spillovers provides a more complete assessment of the social returns to residential retrofit
programs and highlights the importance of considering both direct and indirect responses
when designing and evaluating climate and energy policies. More generally, our results
suggest that policies promoting technology adoption may generate broader social benefits
through local interactions, implying that conventional policy evaluations may

systematically understate their total welfare impacts.
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Table 1: Summary and Balance Statistics: “Almost retrofitted” Sample

Pre-Treatment balance

Control group Treated group  Diff.

Monthly gas consumption (m3)

Mean 290.31 293.21 -2.9
(243.58) (256.17) 4.10
Normalized difference 0.01
Monthly gas consumption (log)
Mean 5.281 5.280 0.00
(0.94) (0.95) 0.01
Normalized difference 0.001
Monthly electricity consumption (kWh)
Mean 810.96 799.55 11.41
(472.80) (522.35) 8.3
Normalized difference -0.02
Monthly electricity consumption (log)
Mean 6.53 6.50 0.03%***
(0.62) (0.65) 0.1
Normalized difference -0.04
Lot size (m2)
Mean 735.49 632.77 102.73%**
(763.75) (244.77) 5.82
Normalized difference -0.13

Building size (m2)

Mean 131.15 116.50 14.64%**
(62.00) (41.36) 0.72

Normalized difference -0.20

Total assessment value (CAD)

Mean 314,696 275,858 38,838***

(183,855) (96,632) 1,812

Normalized difference -0.19

Year built

Mean 1984 1981 2.5%%%
(21) (20) 0.33

Normalized difference -0.09

Number of households 387 2,290
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Notes: Columns 1 and 2 report means for the control and treated groups in the “Almost
retrofitted” sample, with standard deviations in parentheses. Column 3 reports two-
tailed #-tests of mean differences, and Column 4 reports normalized differences. Values
below 0.25 indicate good covariate overlap (Imbens and Wooldridge, 2009). Gas and
electricity consumption are measured in the pre-treatment period. *** p <0.01, ** p <
0.05, * p<0.1.

Table 2: Peer Energy Savings: “Almost Retrofitted” Sample

Panel A: Short term (up to 2012)

Monthly gas (m3) Log monthly Monthly elec Log monthly

gas (kWh) elec
(1) (2) 3) “4)
TWFE
Post Neighbor Retrofit -3.436%**  _0.0]12%** -0.425 -0.004
(1.200) (0.004) (2.586) (0.004)
R-squared 0.745 0.839 0.606 0.548
Sun & Abraham
Post Neighbor Retrofit -3.800%**  _(.0]3%** 0.250 -0.003
(1.225) (0.004) (2.636) (0.004)
Sum of negative weights 0.06 0.06 0.06 0.06
(TWFE)
House fixed effects Yes Yes Yes Yes
Calendar month fixed effects Yes Yes Yes Yes
Number of observations 200,259 200,259 200,259 200,259
Number of houses 2,677 2,677 2,677 2,677
Panel B: Long term (up to 2019)
TWFE
Post Neighbor Retrofit -4.756%**  _(0.014%** -0.441%** -0.010%**
(1.016) (0.003) (2.299) (0.003)
R-squared 0.763 0.856 0.571 0.515
Sun & Abraham
Post Neighbor Retrofit -4.983%** (.01 5%** -8.107%** -0.010%**
(1.053) (0.003) (2.403) (0.003)
Sum of negative weights 0.13 0.13 0.13 0.13
(TWFE)
House fixed effects Yes Yes Yes Yes
Calendar month fixed effects Yes Yes Yes Yes
Number of observations 432,343 432,343 432,343 432,343
Number of houses 2,681 2,681 2,681 2,681
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Notes: The table reports estimates of Equation (2). Treated households are the
two closest neighbors of retrofitted homes; controls are the two closest neighbors
of “almost retrofitted” homes. Panel A reports short-term estimates through 2012;
Panel B reports long-term estimates through 2019. Columns (1)—(4) report gas
and electricity consumption in levels and logs. Post Neighbor Retrofit equals one
after the neighboring household completes a retrofit. TWFE specifications
include household and calendar-month fixed effects; the alternative specification
uses the Sun and Abraham (2021) estimator. “Sum of negative weights (TWFE)”
follows de Chaisemartin and d’Haultfoeuille (2020). Standard errors, in
parentheses, are two-way clustered by household and calendar month. *** p <
0.01, ** p <0.05, * p<0.1.

Table 3: Timing of Treatment

Log monthly gas consumption

2008 2009 2010 2011 2012
) ) () (4) ()

TWFE

Post Neighbor Retrofit -0.040%* -0.024%** 0.002 -0.024* -0.078%**
(0.015)  (0.007) (0.009) (0.012) (0.030)

R-squared 0.834  0.840 0839 0.842  0.829

Sun & Abraham estimator

Post Neighbor Retrofit -0.040%* -0.024%** 0.002 -0.024* -0.078%**

(0.015)  (0.006) (0.009) (0.012) (0.030)
Share of negative TWFE weights 0.02 0.03 0.00 0.00 0.00

House fixed effects Yes Yes Yes Yes Yes
Calendar month fixed effects Yes Yes Yes Yes Yes
Number of observations 20,668 108,018 33,334 28,951 9,288
Number of houses 268 1,417 458 401 133

Notes: The table reports estimates of Equation (2) for the “almost retrofitted” sample by
retrofit cohort. Columns (1)—(5) correspond to retrofit years 2008—2012. Treated
households are the two closest neighbors of retrofitted homes; controls are the two
closest neighbors of “almost retrofitted” homes. The outcome is log monthly gas
consumption, and Post Neighbor Retrofit equals one after the neighboring household
completes a retrofit. TWFE specifications include household and calendar-month fixed
effects; the alternative specification uses the Sun and Abraham (2021) estimator. “Share
of negative TWFE weights” follows de Chaisemartin and d’Haultfoeuille (2020).
Standard errors, in parentheses, are two-way clustered by household and calendar month.
% p<0.01, ** p<0.05, * p<0.1.
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Table 4: Mechanism: Further Neighbors

Ist - 2nd 3th-5th  6th - 10th
neighbor neighbor  neighbor
Log (monthly) gas
(1) (2) 3)
TWFE
Post Neighbor Retrofit -0.012%** -0.003 -0.006**
(0.005) (0.004) (0.002)
R-squared 0.839 0.839 0.835
Sun & Abraham estimator
Post Neighbor Retrofit -0.013%** -0.004 -0.006%***
(0.004) (0.004) (0.002)
Sum of negative weights 0.06 0.06 0.12
(TWFE)
House fixed effects Yes Yes Yes
Calendar month fixed Yes Yes Yes
effects
Number of observations 200,259 201,285 585,105
Number of houses 2,677 2,641 6,342

Notes: The table reports estimates of Equation (2) by distance from the retrofitted home.
Columns (1)—(3) consider the first-second, third—fifth, and sixth—tenth closest neighbors,
respectively. Controls are the corresponding neighbors of “almost retrofitted” homes.
The outcome is log monthly gas consumption, and Post Neighbor Retrofit equals one
after the neighboring household completes a retrofit. Results are reported using TWFE
and Sun and Abraham (2021) estimators. “Sum of negative weights (TWFE)” follows de
Chaisemartin and d’Haultfoeuille (2020). Standard errors, in parentheses, are two-way
clustered by household and calendar month. *** p <0.01, ** p <0.05, * p <0.1.
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Table S: Peer Energy Savings: “Almost retrofitted” Sample Using Same Street

Neighbors
Short term: up to 2012
Panel A Monthly gas Log monthly Monthly elec Log monthly
(m3) gas (kWh) elec
(1) (2) (3) 4)
TWFE
Post Neighbor Retrofit -2.768%* -0.013%** 9.889** -0.000
(1.60) (0.005) (3.371) (0.005)
R-squared 0.746 0.839 0.585 0.549
Sun&Abraham
Post Neighbor Retrofit -3.20%* -0.014** 9.218** -0.001
(1.646) (0.004) (2.636) (0.005)
Sum of negative 0.05 0.05 0.05 0.05
weights (TWFE)
House fixed effects Yes Yes Yes Yes
Calendar month fixed Yes Yes Yes Yes
effects
Number of
observations 110,400
Number of houses 1,517
Panel B Long term up: to 2019
TWFE
Post Neighbor Retrofit -3.054** -0.012%** 8.176** 0.007*
(1.334) (0.004) (2.996) (0.004)
R-squared 0.760 0.857 0.554 0.513
Sun&Abraham
Post Neighbor Retrofit -3.678** -0.0] 5% 7.610%** -0.005
(1.411) (0.004) (3.212) (0.004)
Sum of negative 0.12 0.12 0.12 0.12
weights (TWFE)
House fixed effects Yes Yes Yes Yes
Calendar month fixed Yes Yes Yes Yes
effects
Number of
observations 238,231
Number of houses 1,519
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Notes: The table reports estimates from Equation (2). The treated group consists of the
two closest neighbors to a retrofitted home, considering only neighbors located on the
same street, while the comparison group consists of the two closest neighbors to “almost
retrofitted”” homes. Panel A reports short-term results using data up to the program
termination year (2012), while Panel B reports long-term results using the full sample
through 2019. Columns (1)—(4) report monthly household energy consumption measured
as gas consumption (levels and logs) and electricity consumption (levels and logs). The
treatment variable Post Neighbor Retrofit equals one in all months following the
completion of a retrofit by a neighboring household. The first specification reports two-
way fixed effects (TWFE) estimates with household and calendar-month fixed effects.
The second reports the cohort-specific estimator of Sun and Abraham (2021). The row
“Sum of negative weights (TWFE)” reports the sum of negative weights implied by the
TWEFE estimator following De Chaisemartin and d’Haultfoeuille (2020). Standard errors
(in parentheses) are two-way clustered at the household and calendar-month levels. ***
p <0.01, ** p <0.05, * p<0.1.

Table 6: Visible vs. Less Visible Retrofits

Visible upgrades Less visible upgrades

Log monthly gas Log monthly gas
(1) (2)
TWFE
Post Neighbor Retrofit 0,075 %% -0.0]14%**
(0.022) (0.004)
R-squared 0.846 0.841
Sun & Abraham estimator
Post Neighbor Retrofit -0.083*** -0.014*
(0.024) (0.006)
TWFE negative weight share 0.00 0.03
House fixed effects Yes Yes
Calendar month fixed effects Yes Yes
Number of observations 32,197 125,171
Number of houses 458 1,715

Notes: The table reports estimates of Equation (2) for the two closest neighbors located
on the same street as the retrofitted home; controls are the two closest neighbors of
“almost retrofitted” homes. Panel A reports short-term estimates through 2012; Panel B
reports long-term estimates through 2019. Columns (1)—(4) report gas and electricity
consumption in levels and logs. Post Neighbor Retrofit equals one after the neighboring
household completes a retrofit. Results are reported using TWFE with household and
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calendar-month fixed effects and the Sun and Abraham (2021) estimator. “Sum of
negative weights (TWFE)” follows de Chaisemartin and d’Haultfoeuille (2020).
Standard errors, in parentheses, are two-way clustered by household and calendar month.
*xE p <0.01, ** p<0.05, * p<0.1.

Table 7: Intensity of Treatment

Preferred Treated by both Treated by 1
specification neighbors neighbor
Log monthly gas
(1) (2) 3)
TWFE
Post Neighbor Retrofit -0.012%** -0.023%** -0.013%%**
(0.004) (0.005) (0.005)
R-squared 0.839 0.840 0.840
Sun & Abraham estimator
Post Neighbor Retrofit -0.013** -0.023** -0.015%*
(0.003) (0.005) (0.0006)
TWFE negative weight 0.06 0.03 0.03
share
House fixed effects Yes Yes Yes
Calendar month fixed Yes Yes Yes
effects
Number of observations 200,259 100,408 127,188
Number of houses 2,677 1,247 1,817

Notes: The table reports estimates of Equation (2) using the “almost retrofitted” sample.
Column (1) uses the full treated sample; Columns (2) and (3) restrict the sample to
households with two and one retrofitted neighbors, respectively. Controls are the two
closest neighbors of “almost retrofitted” homes. The outcome is log monthly gas
consumption, and Post Neighbor Retrofit equals one after a neighboring household
completes a retrofit. Results are reported using TWFE with household and calendar-
month fixed effects and the Sun and Abraham (2021) estimator. “TWFE negative weight
share” follows de Chaisemartin and d’Haultfoeuille (2020). Standard errors, in
parentheses, are two-way clustered by household and calendar month. *** p <0.01,
**p<0.05,* p<0.1.
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Figure 1: Event Study Using “Almost retrofitted” Sample: Robust Estimators

Notes: The figure reports quarterly event-study estimates for the “almost retrofitted”
sample using the dynamic TWFE specification in Equation (1) and the Sun and Abraham
(2021) estimator. The outcome is log quarterly household gas consumption, and event
time is defined relative to the quarter in which the neighboring household completed a
retrofit. Standard errors are two-way clustered by household and calendar quarter.

Figure 2: Event Study Using the Matched Sample: Robust Estimators

Notes: The figure reports annual event-study estimates using the matched comparison
group and the dynamic TWFE specification in Equation (1) and the Sun and Abraham
(2021) estimator. The outcome is log annual household gas consumption, and event time
is defined relative to the year in which the neighboring household completed a retrofit.
The year preceding the retrofit is omitted. Dotted lines indicate 95% confidence
intervals. Standard errors are two-way clustered by household and calendar year.

Figure 3: Event Study Using the “Naive” Sample: Robust Estimators

Notes: The figure reports annual event-study estimates using the “naive” comparison
group and the dynamic TWFE specification in Equation (1) and the Sun and Abraham
(2021) estimator. The outcome is log annual household gas consumption, and event time
is defined relative to the year in which the neighboring household completed a retrofit.
The year preceding the retrofit is omitted. Standard errors are two-way clustered by
household and calendar year.
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Endnotes

1. Budget 2021 provided $4.4 billion for a new loan program called Greener homes
to help homeowners and affordable housing providers complete deep home retrofits.
This ongoing program has a very similar structure to the ecoENERGY Retrofit for
Homes program (Government of Canada, 2021).

2. Based on the 2011 federal census, the official population count during the study
period was 60,005 (The city of
Medicine Hat: City Clerk Department, 2012). The most recent population count as of
2021 was 63,271.

3. In 2021, single-detached homes accounted for 63% of the city’s 27,215 occupied
private dwellings.

4. Of the 2,067 houses in the EGH database, 200 could not be matched due to
address mistyping, missing property assessment data, or because they are located
outside Medicine Hat city limits, where utility data are unavailable.

5. Numerous studies have employed the term “peer effects” to denote neighbor
influence in situations where neighbors constitute the most relevant category of peers
(Bollinger and Gillingham, 2012; Noll et al., 2014; Bollinger et al., 2020; Wolske et al.,
2020; Agarwal et al., 2021).

6. As a robustness check, we alternatively define neighbors as houses located on
the same street with house numbers immediately above or below, and with identical
postal codes and street names, as discussed in Section 5.

7. As a robustness check, we re-estimate the baseline specification including
Forward Sortation Area (FSA) fixed effects, and FSA-by-month fixed effects. FSAs
correspond to the first three characters of Canadian postal codes and capture broader
neighborhood-level characteristics that may influence energy consumption.

8. Normalized differences are widely used in the literature to assess balance,
including in Havnes and Mogstad (2011), Jayachandran et al. (2017), Carlana (2019),
and Bandiera et al. (2020).

9. Tiebout sorting theory (Tiebout, 1956) posits that individuals choose where to
live based on their preferences for local public goods and services, resulting in relatively
homogeneous communities within cities.

10.  As arobustness check, we also estimate the baseline specification including
Forward Sortation Area (FSA) fixed effects, and FSA-by-month fixed effects. FSAs
correspond to the first three characters of Canadian postal codes and capture broader
neighborhood characteristics. The estimated peer effect remains virtually unchanged,
indicating that the results are not driven by unobserved neighborhood-level
heterogeneity.

11.  Although the program offered rebates for installing heat pumps, only three
homes installed heat pumps compared to roughly 1,000 homes upgrading their gas
furnace.
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