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Abstract

Utilizing a nearest-neighbor research design, I find that households exposed to

green neighbors within 0.1 miles are 1.8 times more likely to make their homes

greenwithin one year than the unexposed households. The exposure also increases

the likelihood ofmulti-property owners greenifying their faraway secondary prop-

erties, indicating households seek information from green neighbors. Green-peer

effects are stronger in counties experiencing higher green-home prices, utility sav-

ings, and regulatory incentives, but remain similar across counties varying in pro-

environmental preferences. An information-cost-based peer effect model rational-

izes the findings and emphasizes that aligning green subsidies with peer effects

can raise residential green investments.
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Energy efficient homes deliver both environmental benefits, such as lower greenhouse

gas (GHG) emissions, and potential financial gains, such as utility savings. Yet al-

most 98 percent of the single-family homes in the US remain non-certified for energy

efficiency in 2022. With the residential sector contributing almost 20 percent of the

annual GHG emissions (EPA, 2024), understanding the factors that facilitate or hin-

der households from investing in energy efficiency can help shape the global efforts

towards sustainability and achieving the emission reduction goals (IEA, 2019).

This paper focuses on the decision of households to adopt green technologies for

their homes. Investing in such green technologies is distinct from investing in other fi-

nancial assets because the pro-environmental outcomes are direct and immediate (e.g.,

reduced GHG emissions), a topic of interest to policymakers aiming to accelerate the

green transition. Moreover, while the financial assets come with well-developed ad-

visory and intermediary markets and are often the focus of popular discourse, much

less is discussed on how to invest in residential green technologies. These are lumpy

and irreversible investments, often financed also through debt. The decision is highly

idiosyncratic and informationally complex. It requires assessing the compatibility, ge-

ometry, and construction materials of the homes, microclimate, and local zoning and

utility tariff structure (California Energy Commission, 2008). The benefits are often

uncertain, complex to assess, spread over a long time horizon, and vary substantially

across areas. Not surprisingly, informational unawareness is one of the key reasons

that such investments are sparse.1

This paper is a step towards understanding how households overcome these infor-

mational challenges by utilizing peer networks. This is particularly relevant for resi-

dential green investments at least two reasons. First, peer network has been shown to

be an important source of information for households in making complex financial de-

cisions, such asmortgage refinancing and repayments (Maturana andNickerson, 2019;

W. B.McCartney and Shah, 2022; Gupta, 2019), property investment (Bayer et al., 2021;

Bailey, Cao, Kuchler, and Stroebel, 2018), and consumption (Bailey et al., 2022). I ex-

1 See Matisoff et al. (2016); Howarth and Andersson (1993); Ramos et al. (2015) and Giraudet (2020).
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amine the role of neighbor peers on the decision of households to invest in residential

green technologies, as households often rely on the real-life experiences and outcomes

of their neighbors when information from other sources is scarce or unclear. Second,

understanding the peer effect provides a promising tool for policymakers to enhance

the effectiveness of policies promoting sustainable practices.

In this paper, I build a simple model of peer effect in which peers reduce the cost of

information for households and empirically confirm the predictions in a causal man-

ner using a nearest-neighbor research design applied to a nationwide novel data on

green certifications of single-family homes. The empirical findings suggest that the

peer effect is unlikely to be solely driven by “keeping-up-with-the-Joneses” or conspic-

uous consumption preferences, the commonly offered explanations for peer effect. Fur-

ther analysis reveals that financial benefits are more important than green preferences

in motivating households to seek information from neighbor peers about investing in

residential green technologies. Finally, the distribution of regulatory incentives across

counties is not in line with the pattern suggested by the first best.

In the theoretical model, the modal decision of the households is whether to adopt

the costly but new green technologies for their homes. Households derive utility from

installing the technologies, and paying cost of installation and information. As the

number of neighboring peer households who have already adopted the technology

increases, the cost of information reduces. Furthermore, in areas where green technol-

ogy adoption is beneficial, households are incentivized to seek out localized informa-

tion about the costs and benefits. Therefore, the presence of more adopting neighbors

helps further reduce the uncertainty and assessment costs associated with these green

investments. Utilitymaximization in this environment yields two testable implications.

First, the larger the number of neighbors who have adopted green technologies in their

homes, the more likely is a focal household to do so, henceforth referred to as the green
peer effect. Second, this effect is heterogeneous across areas. The strength of peer effect

is stronger in areas where green homes enjoy additional potential benefits. Adding to

the model such households who have preference for green technologies (that is, those
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who gain additional utility from the adoption) suggests that adoptions are correlated

with the number of such households, but the strength of the peer effect is not. The

model also highlights that the level of adoption by households is not socially-optimum,

because households do not account for the (positive) effect of their adoption decision

on their neighbors. Such inefficiency could be reduced by subsidies targeted to areas

where the green-peer effects are stronger.

A causal examination of the neighborhood peer effect faces two key challenges.

First, the assignment of neighbor peers is rarely random; and second, the households

within a neighborhoodmay be exposed to some common but unobservable shocks that

confound the estimated effects (Manski, 1993). A nascent literature on causal neigh-

borhood peer effect addresses these challenges using nearest-neighbor research design

(Bayer et al., 2021, 2022; W. B. McCartney and Shah, 2022; Towe and Lawley, 2013;

W. McCartney et al., 2023). I follow the research design of Bayer et al. (2021). The idea

is to estimate the effect of green investment decisions by hyper-local neighbors (within

0.1 miles) on decisions of the focal households to do the same, while adjusting for the

investments occurring within the slightly broader neighborhoods of 0.3 and 0.5 miles.

It leverages two features of the single-family housing market. First, the thinness of the

housing market in a small neighborhood of 0.3 and 0.5 miles restricts a household’s

ability to freely select a specific block within 0.1 miles, resulting in the quasi-randomly

assigned neighbors. Second, household and property characteristics remain broadly

similar across such small areas (of 0.1 and 0.5 miles), making it unlikely that the esti-

mated difference in the investments are caused by some unobserved characteristics.

For the empirical analysis, I assemble a novel dataset on green certifications of

single-family homes nationwide from Green Building Registry. A green certificate is

an official recognition that a building or property meets specific environmental and

sustainability standards. I define a house to be green certified if its score (or rating cat-
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egory) exceeds that of an average US home, and use the certification status as a proxy

for investments in residential green technologies.2

I measure green exposure of a focal household as the number of neighbors within

d miles who green certified their homes for the first time in the past four quarters. Re-

gressing certification status of a focal household on its green exposure within (d =)

0.1 miles, while controlling for that within 0.3 and 0.5 miles, yields the causal esti-

mates of the effect of green peers. I find that one additional green neighbor within 0.1

miles raises the probability of a household also obtaining a green certificate by 1.8 times

within the subsequent year. This effect is sizable relative to the reported peer effects of

8% for property investments (Bayer et al., 2021) and 3.3% for refinancing (W. B. Mc-

Cartney and Shah, 2022). Also it is robust to the inclusion of granular fixed effects for

spatial (zipcode), temporal (year-quarter), and ownership (owner × property) char-

acteristics and a host of property and neighborhood controls. This finding is in line

with the information-induced green peer effect predicted by the model.

I further examine the mechanism by focusing on the green investments by multi-

property owners (MPOs) in their secondary properties located in faraway neighbor-

hoods. I find that the number of green neighbors located close toMPOs’ primary home

(where they currently live) has a positive effect onMPOs’ decision to green certify their

secondary properties. This suggests that MPOs receive information from their imme-

diate green neighbors and adopt green technologies in their secondary properties. This

pattern is also inconsistent with the alternative explanation that the positive effect of

immediate green neighbors may have been driven by some unobserved characteristics

of the neighborhood, such as green campaigns or actions of the property developers.

The faraway locations of the secondary properties also suggests that the peer effect is

unlikely to be solely driven by “keeping-up-with-the-Joneses” preference.

Two additional findings lend support to the information channel. First, the focal

households are more likely to choose the same green certificate and lender as cho-

2 In section 6, I document that (i) the zipcode-level number of certifications is positively correlated with
residential energy tax credits, which are claimable only for verified residential green improvements; and
(ii) green investments as proxied by certifications are financially beneficial.
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sen by their immediate neighbors (within 0.1 miles) than neighbors located slightly

farther away (0.1 to 0.5 miles), shedding light on the type of information sought by

the focal households. Second, the green-peer effect is stronger in areas with a higher

strength of local community interactions, characterized by stronger social ties, fewer

non-owner-occupied properties, and higher quality (measured as lower housing den-

sity) neighborly interactions. These findings highlight the role of ease of information

flow in driving the peer effect.

I also find that the green-peer effect is more pronounced in counties experiencing

statistically significant premium for green certified homes and also in counties that

have above-median utility savings potential (proxied by county-average HERS scores)

and above-median number of regulatory financial incentives to invest in residential

green technologies. At the same time, the effect is not statistically different across coun-

ties above and below the median share of households concerned about climate change

or across counties above and below the median per household electric vehicles pur-

chases. Moreover, the green-exposed households who green certify their properties

earn higher returns on housing transactions than the similarly-exposed households

who do not certify. Collectively these findings emphasize that households’ motivation

to seek information from peers about investments in residential green technologies is

largely shaped by financial motives than by green preferences, in line with the predic-

tions of the model.

An important policy implication of the model is that in presence of peer effects,

investments in residential green technologies would be lower than the first-best level

and targeting the investment incentives to areas with stronger peer effects would de-

liver more bang for the buck. Analyzing the distribution of green incentives across

counties reveals a disconnect. The number of regulatory incentives are not higher in

areas characterized by stronger peer effects.

Several aspects of this paper are novel. It is one of the first studies documenting

causal peer effects in household investments in residential green technologies. It is

also the first to apply the nearest-neighbor design on a national scale, which is a com-
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putationally intensive task.3 Furthermore, leveraging the unique features of housing

markets, it not only emphasizes the role of information transmission in peer effects but

also is able to empirically document (in section 6) that the effects are unlikely to be

driven by “keeping-up-with-the-Joneses” or conspicuous consumption preferences.

This paper contributes to the literature on information-induced peer effects

in household financial decisions. Peer effects have been shown in stock market

participation (Hong et al., 2004; Brown et al., 2008), property investment (Bayer

et al., 2021; Bailey, Cao, Kuchler, and Stroebel, 2018), refinancing (Maturana and

Nickerson, 2019; W. B. McCartney and Shah, 2022), repayments (Gupta, 2019), and

consumption (Bailey et al., 2022). I add to this literature by showing that households

use information from their neighbor peers to make informationally-complex decisions

to invest innovative green technologies in their residential properties.4 Peer effects

have also been shown for solar panels (Bollinger and Gillingham, 2012; Graziano

and Gillingham, 2015; Rode and Müller, 2021; Bigler and Janzen, 2023) and

residential landscaping (Bollinger et al., 2020), both of which are applicable only

to a subset of properties. My paper however examines the green technologies that

are comprehensive and applicable to nearly all properties and differs significantly in

terms of mechanism, empirical design and scope.5 My paper also complements Qiu et

al. (2016) who document spillovers in green certifications of institution-owned com-

3 Nearest-neighbor design in previous studies has been implemented on smaller geographies, such as
one county (W. B. McCartney and Shah, 2022), a few metropolitan statistical areas, (Bayer et al., 2021)
or one state (Bayer et al., 2022).
4 My paper is also related to the literature on home improvement (Montgomery, 1992; H. Choi et al.,
2014; Melzer, 2017) and specifically focuses on a proactive, environmentally-focused form of home im-
provement. Additionally, by using green certification as a measure, my paper provides a uniform way
to quantify green investments, setting it apart from themore subjective assessments used in other paper.
5 First, my paper focuses on how financial incentives influence peer effects in obtaining green certifica-
tions in housing markets, whereas other studies primarily examine the presence of spillovers in green
practices without addressing housing market conditions or financial benefits. Second, my paper uses a
nearest-neighbor design for causal estimates in local settings, as opposed to the OLS and IV methods in
Bollinger and Gillingham (2012); Bigler and Janzen (2023); Bollinger et al. (2020). Third, my paper an-
alyzes households’ decisions to invest in residential green technologies—an extensive margin outcome
of real property investments—while Bigler and Janzen (2023) focuses on electricity consumption, EV
adoption, and PV installation. They do not distinguish whether electricity consumption reduces due to
increased efficiency or due to cutting consumption. Similarly, they do not distinguish whether EV and
PV adoption is caused by demand-side factors (such as financial motives and green preferences) or the
supply-side factors (such as regulatory incentives and cheaper financing).
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mercial buildings. Insights from my paper are significantly distinct since households

are more likely to suffer from informational issues and financial constraints.

The paper also contributes to the literature on households’ pro-environmental de-

cisions. While environmental concerns have been shown to influence their decisions

on retirement portfolio (Anderson and Robinson, 2019), investment portfolio (D. Choi

et al., 2020; Fisman et al., 2023; Ilhan, 2020), and consumption (Gargano and Rossi,

2024), this paper focuses on their decisions to invest in residential green technologies

that directly reduce GHG emissions. Literature has highlighted the debate between

pro-environmental preferences and financial motives in driving households’ sustain-

able investments (Riedl and Smeets, 2017; Hartzmark and Sussman, 2019; Barber et al.,

2021; Bauer et al., 2021; Giglio et al., 2023). I document that investments in residential

green technologies is financially beneficial and financial motives play a larger role than

green preferences in driving peer effects.

The rest of the paper is organized as follows. Section 1 presents the theoretical

model. Section 2 describes the institutional background of residential green certifi-

cates, and Section 3 describes data and presents summary statistics. Section 4 illus-

trates the empirical strategy. Section 5 is centered on the results. Section 6 provides

additional analyses, and section 7 concludes.

1 Theoretical Framework
To guide the empirical analysis, I build a theoretical model of peer effects following

Boucher et al. (2024); Cornelissen et al. (2017) and Lee et al. (2021). In this model, the

key choice a household faces is whether to adopt green technologies gi ∈ {0,1} for his

or her house, where gi = 1 represents the adoption. The decision involves trading off

the benefits and the costs of the adoptions in a utility maximization framework. The

components of the model are described below.

A. Benefits
Adopting green technologies results in a utility gain for households from direct private
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benefits such as lower utility bills and increased comfort of green homes. As in Garbin

(2021); Lambotte et al. (2023) and Lee et al. (2021), this gain is assumed to be linear in

household- and neighborhood-level characteristics.6 The payoff a household receives

from adopting green technologies for his or her house is Πi(·):

Payoffi(gi) = [Πi(·)]gi, where Πi(·) =
M∑

m=1

βmxm
i +ui . (1)

Here m indexes the household- and neighborhood-level characteristics, and ui is unob-

servable (to the econometrician) characteristics of household i.

B. Costs
Households incur two types of cost to install green technologies. The first is an explicit

private adoption cost CP
i (·). It includes the costs such as the cost of material, labor, and

maintenance. For simplicity and in line with Lambotte et al. (2023) and Cornelissen et

al. (2017), this explicit private cost is assumed to be quadratic in the modal decision

variable gi:

CP
i (gi) =

1
2
κg2

i . (2)

The second type of cost is an implicit information cost that arises because house-

holds cannot install the technologies in their homes without first gaining awareness

about them and then assessing the potential private benefits and costs of the adop-

tions. Given that green technologies are new and not widespread, such information

costs become especially relevant for households.

This information cost consists of two components. The first component C1
i is the

cost of becoming aware about the existence of the technologies and acquiring general

information about the benefits and costs of the technologies (Xiong et al., 2016), also

known as awareness-knowledge (Rogers et al., 2014). Focal households incur cost F1

to acquire such general information. Social interaction with their neighbor peers who

have already adopted the technologies is a potential source of this information for focal

6 This term is similar to the private utility in Lambotte et al. (2023), individual productivity in Lee et
al. (2021), private deterministic component in Garbin (2021), and individual effects in Boucher and
Bramoullé (2020).
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households. Hence, the cost C1
i decreases as the number of peer adopters increases:

C1
i (gi,ggg−i) = F1gi−

ν1 ∑
j,i

g j

gi = F1gi− (ν1g̃−i)gi, where g̃−i =
∑
j,i

g j. (3)

The second component C2
i of the information cost results from the knowledge

specific to the broader neighborhoods and specific to the homes that focal households

need to acquire to estimate the net potential benefits of adopting the green technolo-

gies.7 Accordingly, conditional on broader-neighborhood-level assessment revealing

that adopting the technologies in these areas is potentially beneficial (Ka = 1), focal

households further undertake home-specific assessments. These assessments are

costly (F2) and uncertain. The assessment accuracy improves with the number of

neighbor peers who have already adopted the technologies, reducing the cost F2 as

follows:8

C2
i (gi,ggg−i) = Ka(F2− ν2g̃−i)gi. (4)

Overall, the total cost of adopting green technologies for a household i is:

Costi(gi,ggg−i) =CP
i (gi)+C1

i (gi,ggg−i)+C2
i (gi,ggg−i)

=
1
2
κg2

i +F1gi− (ν1g̃−i)gi+Ka(F2− ν2g̃−i)gi. (5)

C. Utility Maximization and Model Implications
The utility function of a household i is:

ui(gi,g−i) = Payoffi(gi) − Costi(gi,ggg−i)

= Πi(·)gi−

[
1
2
κg2

i +F1gi− (ν1g̃−i)gi+Ka(F2− ν2g̃−i)gi

]
= Πi(·)gi−

1
2
κg2

i −F1gi−KaF2gi+ (ν1g̃−i)gi+ (ν2Kag̃−i)gi. (6)

7 For example, the potential utility savings under HERS requires assessment of specific information
about the broader neighborhood characteristics such as local climate (measured at city or zipcode level),
ground reflectivity, building zone, and utility tariffs. Furthermore, the assessment is sensitive to the
home characteristics such as materials used in and geometry of walls, floors, attics, and roofs; HVAC
and water heating systems; and internal air circulation and leakages (California Energy Commission,
2008). In addition, the availability of the contractors and cost of installing the technologies vary across
broader neighborhoods (Dorsey and Wolfson, 2024).
8 Here the reduction in cost f2 is understood as the certainty equivalent of the assessment process.
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This utility function of focal households to adopt green technologies is shaped by the

neighbor peers who have adopted green technologies (g̃−i) in two distinct ways. First,

the peers act as a source of information by lowering the cost of becoming aware about

the green technologies (ν1g̃−i). Second, conditional on being located in areas that have

potential benefits of green technologies (Ka = 1), peers also lower the cost of learning

the localized information (ν2Kag̃−i).

The first-order condition (FOC) formaximization of this utility yields the following:

gi =
Πi(·)−F1−KaF2

κ
+
ν1+ ν2Ka

κ
g̃−i =

Πi(·)
κ
+
ν1
κ

g̃−i+
ν2Ka

κ
g̃−i.

Normalizing κ to one, the FOC becomes:

gi = [Πi(·) − F1 − KaF2] + ν1g̃−i + ν2Kag̃−i. (7)

Thus a utility-maximizing household i’s decision to adopt green technologies is linked

to the number of its green neighbor peers g̃−i through two sensitivity terms: ν1 and

ν2Ka. This leads to the following testable implications:

IMPLICATION 1 (Peer Effects due to Information Transmission): The decision of a focal
household i to adopt the green technologies depends on its neighbor peers who have already
adopted the technologies. The decision sensitivity of focal households to peers’ decisions (the
peer effect) is ν1.

IMPLICATION 2 (Heterogeneity in Peer Effects due to Financial Benefits): In areas
characterized by Ka = 1, the decision sensitivity of the focal household i to its peers g−i to adopt
green technologies increases from ν1 to (ν1 + ν2). Such areas are those where adopting green
technologies delivers additional financial benefits relative to other areas.

D. The Role of Green Preference in Adoption of Green Technologies
The model above accounts for the economic costs and benefits of adoption of green

technologies, but omits the possibility that the adoption decisions of households could

also be driven by non-financial objectives such as their preference for taking actions

related to sustainability or preventing global warming. I extend the model below to

account for such green preferences. The households with green preferences (pi = 1)
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are modelled to receive additional utility δ from adopting green technologies. The

utility function and the FOC (with κ normalized to one) are as follows:

Utility: ui(gi,g−i, pi) = [Πi(·)−F1−KaF2]gi−
1
2

g2
i + (ν1g̃−i)gi+ (ν2Kag̃−i)gi+ (δpi)gi. (8)

FOC: gi = [Πi(·) − F1 − KaF2] + ν1g̃−i + ν2Kag̃−i+δpi. (9)

The FOC suggests that household i’s decision to adopt green technologies is also linked

to their green preference pi through sensitivity term δ. This leads to the following

implications:

IMPLICATION 3 (Green Adoption Decisions andGreen Preferences): (i) A focal house-
hold with green preference is more likely to adopt green technologies than a focal household with-
out such preference. (ii) The decision sensitivity of focal households to peers’ decisions (the peer
effect) does not depend on their green preferences.

E. Social Optimum and Policy Implications under Peer Effects
In the presence of peer effects, the decision function of individual households do not

internalize the positive effect they have on the adoption decisions of other not-yet-

adopting households. Thus the level of adoptions remains below the socially optimum

level. To see this, consider a social planner who maximizes the sum of the utility of all

households by choosing g, the adoption decision g1,g2, . . .gn of each household i with

green preference pi. The social planner maximizesU(g,p) by choosing g as follows:

max
g
U(g,p) =

∑
i

ui(gi,g−i, pi), (10)

where utility ui(gi,g−i, pi) is from (8). The FOC below gives the socially optimal level

of adoptions:

go
i = [Πi(·) − F1 − KaF2] + ν1g̃−i + ν2Kag̃−i+δpi+

(ν1+ ν2Ka)
∑

j

(
g j
∂g̃−i

∂gi

)︸                             ︷︷                             ︸
non-internalized effect

. (11)

Comparing the FOC of the social planner with that of individuals from equation (9)

shows that the aggregate level of adoptions without intervention by social planner will

remain below the socially optimum level due to the non-internalized effect. This leads

to the following implication:
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IMPLICATION 4 (Policy Implications in Presence of Peer Effects): The aggregate adop-
tions are inefficient and below the socially-optimum level when households optimize individu-
ally. This inefficiency is higher when peer effects are stronger, for example, when ν1 is higher or
when Ka = 1. Allocating more subsidies to such areas reduces the inefficiencies.

2 Institutional Background
A green certificate, often referred to as a “green building certificate” or “sustainability

certification,” is an official recognition that a building or property meets specific envi-

ronmental and sustainability standards and is typically issued by recognized organiza-

tions. Such certifications commonly assess elements such as site, water, energy, indoor

air quality, materials, operation, and maintenance. For example, the Home Energy

Rating System (HERS)—the most popular certification program in the US—evaluates

various aspects of a home’s energy efficiency, including insulation levels, air leakage,

HVAC system performance, and overall energy consumption. The certification process

involves detailed requirements and on-site inspections to ensure accurate energy effi-

ciency assessments (California Energy Commission, 2008; The Department of Energy,

2010). As a result, meeting these standards usually requires significant investment in

green upgrades or remodeling, making green certification a valid proxy for residential

green investment. Figure I provides sample green certification reports of HERS and

HES programs.

This paper focuses on 15 residential green certification programs across the US,

including both nationwide and local certifications. Residential green certification ex-

perienced notable growth starting from 2010, as shown in Panel A of Figure II. As of

November 2022, these programs had certified about 1.5 million single-family prop-

erties. Panel B illustrates the spatial distribution of green certifications in terms of the

proportion of green-certified single-family properties across counties in 2022. Counties

in metropolitan areas exhibit a higher concentration of green-certified homes. Panel A

of Figure III provides the distribution of the residential green certification programs.

HERS comprises approximately 94% of all certified homes. Panel B of Figure III shows
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that utility savings are positively correlated with energy efficiency levels. Table I sum-

marizes the programs by geographical coverage, attributes evaluated, and builder in-

volvement. Among the 15 certification programs, six operate across the US and the

remainder operate regionally. Programs also vary widely across the attributes they

evaluate: some focus exclusively on overall home energy efficiency (e.g., HERS and

the Home Energy Score (HES)), while others adopt a more comprehensive approach

by also focusing on environmental performance and building materials (e.g., Earth

Advantage® Certifications).

Green certifications can be initiated either by builders or by homeowners. Builders

typically engage with certifying organizations throughout property construction or

renovation. After construction is completed, qualified raters assess the compliance

of the property. Homeowners often initiate the certification process through energy

audits and consultation for green renovations.

3 Data, Sample Construction, and Summary Statistics

3.1 Data
The main empirical analysis utilizes two datasets: property, deed and mortgage data

compiled by TheWarrenGroup (n.d.) from county records offices and green certificate

data from the Green Building Registry (GBR) (Earth Advantage Inc., n.d.). The prop-

erty data cover more than 155 million properties in the US and contain information

on their geolocations, addresses, and property characteristics such as year built, living

area, number of bedrooms, exterior materials, fuel type, heating system etc. The deed

and mortgage data contain 104 million records of housing and mortgage transactions

from 2018 to 2022. These include information such as the sale price, sale date, names of

buyers and sellers, sale type, mortgage details (e.g., type, amount, term, interest rate),

and the lender names. The GBR is the largest database of the green performance of res-

idential and commercial properties in the US, containing over 2 million observations.

From their website, I collected geolocations and addresses of the properties, as well

as the associated historical records of certification type, certifying entity, certification
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date, and green rating. Using the geolocations and addresses, I match the property,

deed, mortgage, and green certification data.

I also make use of the following datasets. To measure regulatory incentives for

green certifications, I use the Database of State Incentives for Renewables & Efficiency

(DSIRE). For climate-related beliefs and green preferences of households, I use the

Yale Climate Opinion Maps (Howe et al., 2015) and state EV registration data from

the Atlas EV Hub. Home improvement loan data is sourced by matching records from

housing and mortgage transactions with publicly data from the Home Mortgage Dis-

closure Act (HMDA) for the majority of transactions. I utilize community interaction

measures from Bailey, Cao, Kuchler, Stroebel, and Wong (2018), Chetty et al. (2022),

and Rupasingha et al. (2006, with updates) and a range of socioeconomic and demo-

graphic data from the U.S. Census, IRS SOI, and HUD.

3.2 Sample Construction

I process the green certification data by first examining each of the 15 certification pro-

grams and their scores (or rating categories). I then create an indicator—Green—to

uniformly represent the green certification status across these programs. This indi-

cator takes the value of one when the score (or rating category) assigned to a given

property under a given program exceeds that of an average US home.9 Table I pro-

vides thresholds for the scores (or rating categories) under each program. I define a

property to be green certified when it crosses the threshold under any of the programs

for the first time.

I broadly follow Bayer et al. (2021) to process the property transaction data. I cat-

egorize the property ownership into individuals, trusts, banks, business, government

and nonprofit organizations, and focus on the properties owned by individuals (house-

holds). I then exclude the following records: (i) if a property was subdivided and

9 Consider for example, the scores under theHome Energy Score (HES) Program. A score of 5 indicates
energy efficiency equivalent to that of an average US home, 10 indicates the top ten percentile, and 1
indicates the bottom 15 percentile (The Department of Energy, n.d.). I therefore assign properties rated
under the HES program to be green certified (Green= 1) if their scores are higher than 5.
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resold; (ii) if the house was sold for less than $1 or marked as a non-arms-length

transaction; (iii) if a house changed hands more than once within a single day; or

(iv) if there are potential data inconsistencies like a transaction year earlier than the

year the house was built. These steps result in information on more than 73.8 million

individual-owned single-family properties and respective ownership tenures. I then

utilize my university’s cluster-computing infrastructure to perform the computation-

ally intensive task of identifying neighboring properties within 0.1, 0.3 and 0.5 miles

of these properties. Since the aim of this paper is to examine the peer effects of green

neighbors, I remove those counties where none of the properties were ever green cer-

tified over the sample period from 2018 to 2022.

Having assembled the data on focal-neighbor property pairs and their green certifi-

cation status, I count quarterly, for every individual-owned focal property, the number

of neighboring properties (owned by individuals or otherwise) within 0.1, 0.3 and 0.5

miles that became green in the previous four quarters (inclusive of the current quarter).

I stack these quarterly counts in a focal household× quarter panel, where a focal house-

hold is removed from the panel one quarter after it becomes green. The panel consists

of 411,515,023 observations over the time period 2018–2022 about certification status

and green exposures of focal households on 30,451,754 unique single-family proper-

ties located in 1632 counties.

3.3 Summary Statistics

Table II reports the summary statistics for the main variables analyzed in this paper.

The average probability of a household green certifying their house in a given quarter

is 0.0032 percent. The average household has 0.05, 0.30 and 0.53 neighbors within a 0.1-

, 0.3- and 0.5- mile ring respectively who became green within the last four quarters.

Note that the mean of the variable Green (=10,000) reported for the property×year-

quarter-level observations also has the interpretation of a quarterly hazard rate, mean-

ing that 0.0429 percent of the households become green at a quarterly hazard rate of

0.0032 percent. A typical single-family property in the sample was built in the year

15



1975, has a living area of 1864.92 square feet, andhas 2.51 bedrooms. An average county

has 3.68 green financial incentives offered by both county and state governments, and

53.87% of the adults are somewhat/very worried about global warming. The average

housing density in a census tract is 2.07 residential properties per acre, and the average

annual price growth in a census tract is 4.52%. At the zipcode level, the mean adjusted

gross income per capita is $34,030.

4 Empirical Research Design
The main objective of this paper is to causally evaluate the effect of residential green

certifications in the immediate neighborhood on the likelihood of a household also

green certifying their house. Evaluating this is challenging due to two key endogene-

ity issues. First, households are not randomly assigned to specific neighborhoods, be-

cause they may sort into neighborhoods due to factors such as preferences, income,

and social networks. Second, neighborhood-level shocks may cause households to si-

multaneously make similar decisions.

To deal with these issues, I employ a research design that has been used widely

in the literature on causal neighborhood effects (Bayer et al., 2021; W. B. McCartney

and Shah, 2022; Towe and Lawley, 2013; W. McCartney et al., 2023). Referred to as the

nearest-neighbor research design, it estimates causal peer effects by focusing on the

impact of decisions by hyper-local neighbors locatedwithin 0.1miles, while controlling

for the same decisions made by two sets of neighbors located just slightly away, within

0.3 and 0.5 miles respectively.

This research design relies on two crucial assumptions. First, the assignment of

the immediate neighbors (within 0.1 miles) within slightly broader neighborhoods

(within 0.3 or 0.5 miles) is quasi-random. The single-family housing market is suit-

able for employing this design, because while property characteristics can vary widely

across broader neighborhoods, these tend to be remarkably similar within a small area,

as demonstrated later. Also, while households are very likely to prefer specific neigh-

borhoods, limited availability of properties for sale within such micro geographies di-
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minishes their ability to select a given property. Second, neighborhood social interac-

tions are more prevalent at hyper-local geographies (within 0.1 miles), since house-

holds tend to interact more with their next-door neighbors compared to those living

slightly further away. This is an implicit condition for finding a non-zero effect, in the

sense that if neighborhood interactions were not stronger at hyper-local geographies,

the estimated effect would be zero.

The first assumption about spatial similarity in household characteristics—such as

race, income, and price growth—have been argued to hold true within broader neigh-

borhoods (within 0.5 miles) by several studies (Bayer et al., 2008, 2021; Towe and Law-

ley, 2013; W. B. McCartney and Shah, 2022; W. McCartney et al., 2023). Nonetheless,

I verify whether property-level characteristics are similar within such neighborhoods

to alleviate the concern that differences in these characteristics explain the (green cer-

tification) decisions of the neighbor peers. I calculate the proportional difference in a

characteristic c of focal property i and its neighboring properties j locatedwithin a ring

(donut) of d miles as follows:

Proportional Diffcid =
ci−Avg(c j) j∈[d−0.1:d]

ci
, d ∈ {0.1,0.2, . . .0.5}. (12)

For a given characteristic c, Panel A of Figure V plots Proportional Diff cd, which is the

average of Proportional Diff cid across all properties i. The four property characteristics

are year built, living area (square feet), number of bedrooms, and building condition

(measured on an ordinal scale from 1 to 6, 1 being excellent and 6 being unsound).

The figure reveals that there are no jumps in the proportional difference with distance

in any of the four characteristics of the neighboring properties and focal properties,

corroborating the assumption that, within a small enough geographic scale, the nearest

neighbors appear to be quasi-randomly assigned.

While neighboring properties are spatially similar to the focal properties in terms of

the aforementioned characteristics, for the focal households to be influenced more by

their closer neighbors than their slightly farther away neighbors (to green certify their

properties), their exposure to green neighbors must increase substantially as their dis-

tance from the neighbors shrinks. To understand whether this pattern holds in the
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data, I plot in Panel A of Figure V the proportional difference in green exposure of

green-certified focal properties (G) and randomly selected non-green focal properties

(NG) with distance.10 We see that the proportional difference in green exposure re-

mains stable as the distance from neighbors decreases from 0.5 miles to 0.3 miles, but

it rises sharply as the distance decreases further to 0.1 miles. This suggests that house-

holds that green certified their houses experienced many more green certifications in

their close neighborhoods than those who did not certify.

4.1 Regression Specification

Following the key specification of Bayer et al. (2021), I use the following regression

specification for the nearest-neighbor research design:

Greenit = α+ β1×NG(≤ 0.1 mi) + β2×NG(≤ 0.3 mi) + β3×NG(≤ 0.5 mi) +θt+θ j+ϵit, (13)

where Greenit is an indicator that takes on a value of 10,000 if household i obtains the

very first green certificate for their property in quarter t. The independent variable of

interest is the exposure of focal household i to immediate neighbors’ green certifica-

tions within 0.1 miles, denoted as NG(≤ 0.1 mi). It is equal to the number of neighbors

within 0.1 miles who obtained green certificates within quarters t−3 : t. Similarly, the

remaining two green exposure variables—NG(≤ d mi), where d ∈ {0.3,0.5}—control for

green exposures at wider distance rings of d = 0.3 and 0.5 miles. The time subscripts

for these exposure variables are omitted for brevity. Note that the three exposures are

measured cumulatively, meaning that the outer rings are inclusive of the inner ring ex-

posures. Thus, the coefficient β1 measures the additional effect of the exposure occur-

10The green group G consists of all properties j which received green certification in year-quarter q.
The non-green group NG consists of the sample of properties constructed by randomly drawing (with
replacement) 50 non-green properties for every given green property j from group G in year-quarter
q. I re-index all properties in groups G and NG by i, and define the green exposure Exposureid of a
property i over a ring of d miles as the total number of neighboring properties within the d-mile ring that
became green during year-quarters (q− 3) and q. Here, q is the year-quarter a property i was assigned
to its respective G or NG group, and a ring of d miles refers to a donut of (d − 0.1) to d miles, where
d ∈ {0.1,0.2, . . .0.5}. I calculate the proportional difference in green exposure for a d-mile ring as follows:

Proportional Diff in Green Exposured =
Avgi∈G(Exposureid)−Avgi∈NG(Exposureid)

Avgi∈NG(Exposureid)
,

where Avg is the average across i calculated separately within group G and NG.
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ringwithin the closest ring beyond the effect of exposures occurring in 0 to 0.5miles. To

account for spatial and temporal unobservable factors, this specification includes fixed

effects represented by θt and θ j, and specific choices for these are detailed in the respec-

tive estimations in Section 5. Additionally, to account for local characteristics, I modify

Equation (13) by adding Property controlsit and Neighborhood controlsit as follows:

Greenit = α+ β1×NG(≤ 0.1 mi) + β2×NG(≤ 0.3 mi)+ β3×NG(≤ 0.5 mi)

+δ1Property controlsit +δ2Neighborhood controlsit + θt + θ j+ ϵit,

(14)

where property controls include property age, living area, # bedrooms, exterior mate-

rials, heat type and roof materials. Neighborhood controls include residential housing

density and annual housing price growth at census tract level, adjusted gross income

per person at zipcode level, number of regulatory green incentive programs and cli-

mate change concern at county level. Definitions of these variables are provided in

Table II.

5 Results

5.1 Baseline Results

I begin the analysis by visually analyzing the effect of green neighbors on green certi-

fication decisions of households. I plot in Panel B of Figure V the average probability

that households green certify their properties against the number of their neighbors

located at different distances who green certified their properties in the last four quar-

ters.11 We see in the figure, moving from left to right, that the probability of green

certification rises as the number of green neighbors located within a given distance in-

creases. More importantly, we also see that the effect is substantially larger when the

11Green neighbors located within d miles are defined as those who have green certified their homes in
the past year, where d is [0, 0.1], (0.1, 0.2], (0.2, 0.3], (0.3, 0.4], and (0.4, 0.5]. The number of green
neighbors is grouped in seven bins consisting of 0, 1, [2, 5], [6, 10], [11, 15], [16, 20], and greater than 20
neighbors. The average probability is calculated in quarter q for each bin and each distance ring d as the
ratio of the number of properties that are green certified for the first time in quarter q to the total number
of properties (in the respective bin and ring) that did not become green until quarter q−1. The mean of
these average probabilities across quarters is plotted in percentages on the y-axis. The neighbors across
different rings are counted independent of those located in other rings.
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number of green neighbors spatially closer to the focal households (within 0.1 miles)

increases than when the number spatially slightly farther away from the focal house-

holds (at 0.2, 0.3, 0.4, and 0.5 miles) increases. These patterns are consistent with the

idea that spatially closer green neighbors influence the green certification decisions of

households.

To understand the effect of green neighbors more rigorously, I use the regression

specification for the nearest-neighbor research design from Equation (13) and report

the results in Panel A of Table III. The coefficient on NG(≤ 0.1 mi) in column (1) is 0.66

and statistically significant, suggesting that the exposure to green neighbors within a

0.1-mile radius increases the likelihood of a household green certifying their property.

The coefficient is easier to interpret in terms of the associated hazard ratio, which is

equal to the ratio of the coefficient (β1) to the intercept (α), that is, 0.66/0.26 = 2.49.

It represents the change in the quarterly likelihood that households will obtain green

certificates for their properties when the number of green neighbors within 0.1 miles

increases by one compared to the households with no such green neighbors. In other

words, the quarterly likelihood of green certification increases by 2.49 times. The haz-

ard ratio is reported separately at the bottom of the table underMarginal Effect to Hazard
Ratio.

In column (2) I employ the nearest-neighbor research design by incorporating

green neighbors within 0.3 and 0.5 miles as additional controls following Equation

(13). The coefficient on NG(≤ 0.1 mi) is statistically significant, and the associated

hazard ratio is 1.83 (= 0.35/0.19). This ratio indicates that one additional green

neighbor within 0.1 miles increases the likelihood that a focal household obtains

a green certificate in a given quarter by 1.83 times compared to a household with

no green neighbors within 0.5 miles.12 This can be understood as the effect of

12Note that these regression coefficients flexibly allow for estimating alternative hazard ratios which
represent the effect of one additional green neighbor located at a given distance on the likelihood that
a focal household obtains a green certificate in a given quarter compared to a focal household with
no green neighbors within 0.5 miles. For example, one additional green neighbor located at 0.4 miles
increases the likelihood by 0.16 times (β3/α = 0.03/0.19), or equivalently, by 16%; one located at 0.2 miles
increases it by 1.42 times ((β2 +β3)/α = (0.24+0.03)/0.19 = 1.42); and one located at 0.08 miles increases
it by 3.21 times ((β1+β2+β3)/α = (0.35+0.24+0.03)/0.19 = 3.21).
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the exposure from one additional green neighbor within 0.1 miles in excess of the

exposure from one additional green neighbor within 0.3 and 0.5 miles. The estimated

magnitude of the green-peer effect is sizable compared to the peer effects documented

in other similar settings, namely, 8% for housing investment decisions (Bayer et al.,

2021) and 3.3% for refinancing decisions (W. B. McCartney and Shah, 2022). Column

(3) incorporates year-quarter fixed effects; column (4), zipcode fixed effects; and

column (5), both. Column (6) includes zipcode × year-quarter fixed effects; and

column (7), tenure and zipcode × year-quarter fixed effects. These specifications

consistently yield similar coefficients and hazard ratios, indicating that the estimated

effects are robust to the inclusion of granular spatial and temporal fixed effects. These

findings are also in line with IMPLICATION 1 of the theory model.

I repeat these regressions following Equation (14) by adding controls for property

and neighborhood characteristics and report the results in Panel B of Table III. These

estimates reaffirm the conclusion that exposure to immediate green neighbors signif-

icantly raises the probability that households green certify their properties within the

next year.

The analyses in the rest of the paper are based on the specification in column (5)

of Panel A. This specification does not include controls. This choice is motivated by

the benefits and computational burden of including the granular fixed effects in this

large panel data, the stable nature of the coefficients across different fixed effects spec-

ifications, and the reduction in the number of observations caused by the inclusion of

controls for property and neighborhood characteristics.

5.2 Mechanism: Information Transmission

The baseline analysis in the previous section documents the peer effects of immedi-

ate green neighbors. These findings alone, however, do not pinpoint the mechanism

that produces these effects. The extensive literature on peer effects commonly points

to the mechanism based on information transmission, wherein neighbors serve as an

additional source of information and potentially reduce the informational barriers in
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decision making (Maturana and Nickerson, 2019; Bayer et al., 2021; Bursztyn et al.,

2014; Hong et al., 2004; Brown et al., 2008; Banerjee et al., 2013). In line with this lit-

erature, I explore the mechanism by studying several features of the residential green

certification decisions of households. Specifically, I examine the decisions of MPOs to

certify their secondary properties green, which helps establish the information mech-

anism and rule out other alternatives. I also analyze commonalities in the choice of

certificates and lenders among immediate neighbors to understand the type of infor-

mation being transmitted. I conclude the section by also exploring heterogeneity in

peer effects by the strength of local community interactions, reaffirming that the ease

of information transmission facilitates the green-peer effect.

5.2.A Certification Decisions of Multi-Property Owners

In the information transmission mechanism, I hypothesize that focal households ac-

quire knowledge from their neighbors about various aspects of green certifications.

The households could learn about associated upfront costs of installation and green

renovation, potential benefits fromutility savings andnetmetering, and important pro-

cedural details such as the adaptability of their houses, financing availability, technol-

ogy suppliers, and the service quality of related providers. Such knowledge potentially

raises their awareness, allowing them to update their beliefs about green certifications,

and facilitates certification of their own homes.

Note that the increased probability of green certification among close neighbors

(green-peer effect) could arise not only through the information transmission mecha-

nism, but also through any within-neighborhood-level (within 0.1 miles) interactions

or characteristics, which may not necessarily be observable to researchers. To isolate

the information transmission mechanism from these other explanations, I design an

empirical test where focal households get exposed to green neighbors in a different

neighborhood located faraway from the property of interest. This test utilizes the green

certification of the secondary properties of MPOs.13 If the information transmission

13Chinco and Mayer (2016) also find that out-of-town second-house buyers affect the local housing
market.
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mechanism is at work, MPOs would likely acquire information from the immediate

neighbors of both their primary residence (where they reside) and their secondary

properties (where they do not reside). The prediction thus from thismechanismwould

be that MPOs’ decisions to green certify their secondary properties will be influenced

by both sets of neighbors. However, if the certification decision ofMPOs is driven solely

by within-neighborhood-level characteristics, we would expect that immediate neigh-

bors of their primary residences would have no influence on certification decisions for

their secondary properties, and that the effects of immediate neighbors of secondary

properties would be similar to the baseline results.

I next examine which of the two predictions discussed above holds by estimating

Equation (13) for the properties ofMPOswhile including green exposures arising from

neighbors located within 0.1, 0.3, and 0.5 miles around both their primary residence

and their secondary properties. I denote these exposures by NG(≤ d mi)Primary Residence

and NG(≤ d mi)Secondary Property, where d ∈ {0.1,0.3,0.5}. Table IV reports the results. The

sample in column (1) and (2) consists of the secondary properties of MPOswhose pri-

mary residence is located respectively more than 20 and 50 miles away. We see that the

effect of immediate green neighbors of primary residence (NG(≤ 0.1 mi)Primary Residence)

is statistically significant at about 0.007 bps in both columns.14 The coefficient onNG(≤
0.1 mi)Secondary Property is around 0.175, which is less than half the magnitude of the effect

in the baseline results (Table III). This suggests that within-neighborhood interactions

and characteristics, such as the presence of contractors and marketing events, appear

unlikely to be the primary mechanisms.

14Note that the coefficients onNG(≤ 0.1 mi)Primary Residence are many times smaller than those onNG(≤ 0.1
mi)Secondary Property. This pattern is consistent with the idea that MPOs learn from the immediate neigh-
bors of their primary residence about general information on residential green technologies—akin to
a necessary condition for considering green investments. However, because making these investment
decisions also requires understanding localized costs and benefits, MPOs gather this localized infor-
mation from the immediate neighbors of their secondary properties—akin to a sufficient condition. To
elaborate, general information could include awareness about the green technologies, whereas local-
ized information could pertain to the localized costs and benefits of green homes, suitability of their
secondary property for green upgrades, the availability of local suppliers, the area’s microclimate, etc.
Such localized information is difficult to obtain from the primary residence neighbors, as it is highly
area-dependent (Dorsey and Wolfson, 2024). Similarly, Chinco and Mayer (2016) find that out-of-town
second-house buyers’ decisions are influenced by factors from both their residence and the location of
their purchases.
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In columns (3) and (4), the sample is further restricted toMPOs that have never cer-

tified their primary residence. The results show a larger effect from immediate green

neighbors of the primary residence at about 0.009, and a slightly smaller effect from

those of the secondary property at around 0.16. This suggests that householdswho face

challenges in certifying their primary residence—likely due to issues with the prop-

erty’s feasibility—are more inclined to certify their other properties upon receiving in-

formation from their neighbors. These findings support the information transmission

mechanism and confirm IMPLICATION 1 of the theory model. It also rules out the

explanation that the green-peer effect is solely a result of within-neighborhood-level

interactions and characteristics.

5.2.B Peer Commonalities in Green Certificates and Lenders

The information transmission mechanism can additionally be tested by examining the

commonalities in the choices of the peers. The idea is that if households acquire in-

formation from neighbors, they are more likely to make similar choices to those of

their neighbors, because the information acquisition minimizes the effort involved in

researching available options such as the green-certifying organizations and lenders.

The richness of my data allows me to test for these predictions. Specifically, I examine

whether households are more likely to choose the same green certificate and lenders

as their immediate neighbors.

To test for commonality in certificates, I spatially match green neighbors within a

0.5-mile ring to create a panel at the “focal property certificate × neighboring property

certificate” level and define the indicator 1(Same Cert.) to take the value of 1 when the

certificates are the same for the focal household and the neighbor. I regress the same-

certificate indicator on an indicator for immediate neighbors—1(Dist. ≤ 0.1 mi)—that

takes the value of 1 when the neighbor is within 0.1 miles. Column (1) of Table V

shows the result for all certificates, while column (2) shows the result after excluding

HERS, the most common certification program. The coefficient indicates an increased
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likelihood of selecting the same certification by approximately 0.6 and 1.2 percentage

points for immediate neighbor peers in columns (1) and (2) respectively.

To test for commonality in lenders, I examine whether focal households opt for the

same lenders after green certifying their properties as opted for by their immediate

neighbors. The idea is that if they receive information about green certification from

their neighbor peers, they may also receive information on neighbors’ lenders, who

could be more amenable to financing the investments necessary for green certifica-

tion as they have a prior lending relationship with owners of green-certified homes in

the same neighborhood. I begin by selecting focal households who took out a mort-

gage within the 90 days before green certifying their properties. This selection ensures

that the mortgages of focal households taken out within 90 days are presumably to fi-

nance the certification. I then select their within-0.5-miles neighbors who took out a

mortgagewithin one year after green certifying their properties. This selection ensures

that neighbors’ lenders are amenable to offering mortgages backed by green-certified

properties. Finally, I select from the focal and neighboring households those pairs for

which the mortgages of the focal households were taken out within one year after the

mortgage dates of their neighbors. This selection ensures that the potential flow of

value-relevant information about lenders and about financing green certifications is

pertinent and timely. Using these household pairs, I create a “focal household’s mort-

gage × neighbor’s mortgage” panel and define the indicator 1(Same Lender) to take

the value of 1 when the mortgage lenders are the same for the focal household and

the neighbor. I regress the same-lender indicator on the indicator for the neighbors

located within 0.1 miles from the focal property. Column (3) shows the result for all

lenders, while column (4) shows the result after excluding the top three lenders in a

county-year based on the aggregate loan amount in mortgage applications received by

lenders. The coefficients indicate that when focal households take out a mortgage just

before green certifying their properties, they are 13 to 14.1 percent more likely to use

the same lender as used by their immediate neighbors compared to the slightly farther

away neighbors. These findings and the associated magnitudes are similar to those in
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the context of property investing (Bayer et al., 2021) and refinancing (Maturana and

Nickerson, 2019).

Taken together, the commonalities in certificates and lenders among close-neighbor

peers corroborate the information transmission mechanism described in IMPLICA-

TION 1 of the theory model.

5.2.C Heterogeneous Peer Effects: The Role of Local Community Interactions

Interactions within a community have been shown to be associated with transmission

of valuable information (Chetty et al., 2022; Beaman, 2012; Laschever, 2013; Burchardi

andHassan, 2013). Therefore, if the green-peer effects are driven by information trans-

mission, they are expected to be more pronounced in areas where local community in-

teractions are stronger. I examine this prediction in a series of peer effect heterogeneity

tests by exploiting the variations in the strength of local community interactions. I add

to Equation (13) three new terms interacting the three variables for green neighbor

exposures—NG(≤ d mi), d ∈ {0.1,0.3,0.5}—with the indicator 1(High �), which equals

1 for above-median levels of the measure� of community interactions. The coefficient

of interest is β1 in the following equation:

Greenit = α+β11(High �)×NG(≤ 0.1 mi)

+β21(High �)×NG(≤ 0.3 mi) +β31(High �)×NG(≤ 0.5 mi)

+β4NG(≤ 0.1 mi) +β5NG(≤ 0.3 mi) +β6NG(≤ 0.5 mi) +δ1(High �) + θt + θ j+ ϵit.

(15)

The first set of community interaction measures is based on social ties: the zipcode-

level social connectedness index and county-level social capital (ASSN 2014).15 The

coefficient β1 in columns (1) and (2) of Table VI consistently shows that the green-peer

effect is stronger in areas with stronger social ties.16

15The social connectedness index (within a zipcode) measures the strength of connectedness between
two geographic areas using Facebook friendship ties (Bailey, Cao, Kuchler, Stroebel, and Wong, 2018).
Social capital (ASSN 2014) is the total number of ten types of social organizations in a county in 2014
(Rupasingha et al., 2006, with updates). These include nonprofit organizations; social organizations
such as sports clubs, public golf courses, bowling and fitness centers; and associations with a profes-
sional, business, political, religious, or other orientation.
16For the brevity of the presentation, Table VI reports results for three variables—the variable of interest
1(High �)×NG(≤ 0.1 mi), NG(≤ 0.1 mi), and 1(High �). As shown in Equation (15), δ (the coefficient of
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I utilize a second set of proxies for community interactions based on the idea that the

green-peer effect would beweaker in areas where information is less likely to flowwith

ease, either due to the absence of owners—who hold the decision-making authority to

implement changes in the property (W. B.McCartney and Shah, 2022)—ordue to a lack

of neighbor interactions caused by high population density (Hawley, 2012). To proxy

for the absence of owners, I use the percentage of investment properties and house

flippers in a zipcode; to proxy for the population density, I use housing density, which

equals the number of residential properties per acre in a census tract. The coefficient β1

in columns (3) through (5) confirms the prediction that the green-peer effect is weaker

in areas where the ease of information transmission is low.

In summary, all six heterogeneity tests utilizing the strength of local community

interactions suggest that information transmission plays a role in the green-peer effect,

reaffirming IMPLICATION 1 of the theory model.

5.3 Financial Benefits of Green Homes and the Green-Peer Effect

The results so far indicate that decisions of households to green certify their homes are

shaped by the information available with their immediate neighbors. However, ratio-

nal households would do so only if they find it to be financially beneficial. According

to Equation (7), in areas where green certification is associated with higher financial

benefits, the green-peer effects are expected to be stronger. I now investigate whether

these decisions are influenced by the potential financial benefits of green homes (rela-

tive to non-green homes) in the housingmarkets. I therefore examine next: (i)whether

the green-peer effect is stronger in counties where green homes fetch financial benefits;

and (ii) whether the green-exposed households realize higher financial returns from

green certifying their homes relative to the households that are similarly exposed but

did not certify.

1(High �)) represents the effect of high local community interactions on the probability of investing in
residential green technologies for households with no green neighbors within 0.1, 0.3, and 0.5 miles.
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5.3.A Heterogeneous Peer Effects: The Role of Potential Financial Benefits

The features of the housing markets and regulatory programs targeted at green homes

allow me to estimate the potential financial benefits of green certifications in three

ways—house prices, utility savings, and regulatory monetary incentives. Using the

following hedonic regression for house prices, I estimate the market-implied benefits

of green homes relative to observationally equivalent non-green homes separately for

each county and year:17

yit = α+β Greenit +γ Controlit + θz+ ϵit. (16)

The coefficient of interest is β. It estimates the difference in the outcome variable for

a green-certified home relative to a non-green home. To ensure the relevance of the

green certification at the time of sale, I restrict the green homes to those that were sold

within either two or four years following their certification. The outcome variables are

ln(Price) for home-purchase transactions. Control variables for the house price regres-

sion include property age, living area, # bedrooms, exterior materials, heat type, roof

materials, a 0/1 indicator of mortgage-financed purchase, mortgage term, and mort-

gage interest rate. All regressions include zipcode fixed effects.

Figure VI shows the counties where green-certified homes fetch potential financial

benefits for the sample period. The color intensity in Panels A represents the num-

ber of years (from 2018 to 2022) for which the coefficient β is statistically positive at

the 10% level or below for house-price regressions and rate-spread regressions respec-

tively. Panels B shows that 34% of county-year observations exhibit a statistically sig-

nificant positive green premium. This result implies substantial regional variability in

the economic benefits of green certifications, consistent with the literature on the geo-

17Note that here I do not attempt to estimate the benefits of the residential green certifications in the
absolute sense, as the data do not allow me to observe the relevant costs and benefits of such certifica-
tions, making it infeasible to calculate net present value of such investments. As a compromise, I employ
hedonic regression approach to infer the potential benefits of green-certified properties relative to non-
green-certified properties as implied from the transactions in the housing markets. This approach is
commonly used in the literature (Kahn and Kok, 2014; Aydin et al., 2020; Pigman et al., 2022; Muehlen-
bachs et al., 2015; Keiser and Shapiro, 2019; Avenancio-León and Howard, 2022). To further address the
cost concerns and support the financial benefits of the green investments, I conduct additional analyses
in Section 6 that examines the benefits and risks associated with purchasing a green home, as well as
the returns on green upgrades.
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graphic disparities in the benefits of green technologies (Dauwalter and Harris, 2023).

I then identify the county-year combinations where these potential benefits exist using

the indicator 1(� exists), which equals 1 when the coefficient β is statistically positive

at the 10% level or below.

The utility savings that householdsmay experience aremeasured using the average

HERS score by county for each year. As shown in Figure IIIb, households in areas with

lower HERS scores on green properties are more likely to recognize the financial bene-

fits of energy efficiency due to the lower utility costs associated with such homes, thus

potentially motivating them to make similar green investments. I thereby identify the

county-year combinations where these utility-savings benefits exist using the indicator

1(� exists) which equals 1 for above-median levels of county-level HERS scores.

I measure regulatory monetary incentives for green homes as the sum of county-

and state-level green incentives recorded in the DSIRE database under the Financial

Incentive category calculated at the county × quarter level. Such incentives include a

reduction in fees for solar panel installation and net metering benefits. Next, I identify

the county-quarter combinations where these regulatory benefits exist using the indi-

cator 1(� exists) which equals 1 for above-median levels of county-level incentives.

Having identified the county-time combinations where green-certified homes fetch

the potential financial benefits, I examine whether the green-peer effect is stronger in

these areas relative to the others using heterogeneity tests. In Equation (15), I replace

the indicator 1(High �) with the indicator for the three potential benefits, 1(� exists).

Table VII reports the results of the regressions. The coefficients on 1(� exists) × NG(≤
0.1 mi) in column (1) through (4) suggest that the green-peer effect is stronger in the

areas where the potential benefits are stronger.

In summary, the green-peer effect is not uniform. It is more pronounced where

the potential financial benefits of green-certified homes are higher, highlighting that

financial motives shape the peer effect in residential green investments, consistent with

IMPLICATION 2 of the theory model.
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5.3.B Housing Transaction Returns from Peer-induced Green Certifications

Evidence so far indicate that households rely on information from immediate neigh-

bors to learn about the residential green investments. In so far as residential green

investments are capitalized in house prices, among the households exposed to green

neighbors, I examine whether those who indeed green certify their homes experience

higher returns on housing transactions than those who do not.

I create a sample of green-exposed households who green certified their homes and

similarly-green-exposed households who did not certify their homes.18 I then define

an indicator 1(Green)i to take the value of 1 for the certifying households and 0 for the

non-certifying households and estimate the following regression:

yi = α+β 1(Green)i+ θbuy year+ θsell year+ θgreen year+ ϵi. (17)

The outcome variable yi is the housing transaction returns measured in two ways: the

annualized rate of return and sell residual. The residual is the observed price minus

the predicted price (rit = pit − p̂it). The predicted price p̂it = âi + δ̂t, where âi and δ̂t

represent respectively property and year-quarter fixed effects from the county-level

standard repeat-sale regression of log price on the two fixed effects. The coefficient of

interest β estimates the difference in housing return realized by households who green

certified their property during their ownership relative to those who did not. These

regressions also include the three fixed effects corresponding to the years in which the

property was bought, sold, and green certified.

Table VIII reports the results. The estimate in column (1) suggests that the green-

exposed certifying households outperform their similarly exposed non-certifying

counterparts by 12.5%. Similarly, the positive coefficient in column (2) indicates they

18The detailed steps to construct the two samples are as follows. I beginwith the householdswho bought
and sold their properties during 2018 to 2022. I first create the sample C of green-exposed households
who certified their houses. It consists of all households j who green certified their houses in a given
year-quarter q during their ownership of the properties and had at least one green neighbor within
a 0.1-mile distance in the past year at the time of certification. I then create the second sample NC
of the similarly exposed never-certifying households (i.e., those who did not ever certify their houses
during 2018 to 2022). The sample NC is constructed by randomly drawing (with replacement) 50 never-
certifying households in year-quarter q—who had at least one green neighbor within a 0.1-mile distance
in the past year—for every given certifying household j of year-quarter q from sample C.
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sell their green-certified houses at a 7.7% higher price. Thus, conditional on being

exposed to green neighbors, those who green certify their homes enjoy higher returns

on housing transactions.

The findings in this section about the decisions of the MPOs, peer commonalities

in certificates and lenders, effect heterogeneity by local community interactions and

potential financial benefits of the certifications, and superior performance of certify-

ing households point to the value-relevant information transmission mechanism, and

highlight the role of financial motives in shaping the peer effect in residential green

investments.

5.4 Green Preference and the Green-Peer Effect

In recent years, there is an ongoing debate on whether people also have ethical and

social concerns when pricing the financial assets. Particularly, the beliefs of house-

holds about climate change and their green preferences are commonly used to explain

a range of decisions such as stock investments (D. Choi et al., 2020; Fisman et al., 2023),

mortgages, and EV purchase (Kahn, 2007). The question then arises: How do green

preferences affect households’ decisions to learn about and invest in green technolo-

gies? Model IMPLICATION 3 suggests that households with green preferences are

more likely to adopt green technologies than those without such preferences. How-

ever, green preferences do not affect the likelihood of households learning about these

investment opportunities from their neighbors. To shed some light on the previous

question and test these predictions, I first investigate the association between the per-

centage of residential green-certified homes in an area and two proxies for green prefer-

ence, and then examine whether the green-peer effect differs with the degree of green

preference.

I utilize two proxies for the green preferences of households,%Climate Worried and
# EV/#Household. The first proxy%ClimateWorried equals the fraction of the adults in a

county that is somewhat/very worried about global warming (Howe et al., 2015). The

second proxy # EV/# Household equals the number of EVs per household at zipcode
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level, based on the idea that environmentalists are more likely to adopt green practices

(Kahn, 2007).

I run the following regression to explore the relation between the ratio of the num-

ber of residential properties that are green certified in an area and the proxies for green

preferences:

% Green Homect = α+βGreen Prefct +γ Controlsct + θc+ θt + ϵct. (18)

The controls include a series of area-level variables for housing market conditions and

demographic characteristics: log amount of the residential energy tax credit, house

price index, log number of new single-family homes, log population, per capita income,

median age, and the percentage of people aged 25 and above with at least a college

degree. In columns (1) and (2) of Table IX, we see that both the proxies for green

preference are positively associated with the percentage of residential green-certified

homes. This finding is in line with IMPLICATION 3 (i) of the theory model.

I now examine whether the green-peer effect varies with the degree of green

preference as captured by the two proxies. To do this, I follow Equation (15),

where 1(High �) now represents an indicator that equals 1 for observations with

county-level above-annual-median values of the two proxies X—% Climate Worried
and # EV/# Household. Columns (3) and (4) show the regression results. The

insignificant coefficients of the interaction term indicate that the strength of the

green-peer effect is statistically not different across areas with different degrees of

green preferences. This finding supports IMPLICATION 3 (ii) of the theory model. It

also suggests that the effects are not solely driven by evolving green preferences.

5.5 Policy Implications

Understanding the patterns in residential green investments can help inform policies

aimed at sustainable housing, environmental conservation efforts, and attaining the

global emission mitigation targets (IEA, 2019). This is especially pertinent given the

large scale of the regulatory programs, including policies on energy tax credits (IRS,
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n.d.), green mortgages (Freddie Mac, n.d.) and green mortgage-backed securities

(Fannie Mae, 2020; Freddie Mac, 2021). Given the magnitude of these incentives,

it is crucial for social planners—particularly those with constrained resources—to

strategically target these resources to where each dollar of incentive yields the greatest

increase in adoption rates. Otherwise, misdirected incentives can lead to inefficient

fiscal spending and overlook opportunities to maximize the environmental and

economic benefits of green technologies.

From IMPLICATION 4, we understand that regulatory incentives should be di-

rected toward areas where green-peer effects are stronger, in order to minimize ineffi-

ciencies and achieve a social optimum. The results in Table X show that the distribution

of incentives does not significantly correlate with areas experiencing strong green-peer

effects proxied by the strength of local community interactions. This disconnect in-

dicates a need for policy adjustments to better target and optimize the allocation of

incentives.

6 Additional Analyses
In this section, I provide additional analyses that aid in interpretation of the main re-

sults and also help rule out other explanations.

A. Do residential green certifications represent real investments?
The implications of the residential green certifications are relevant for the environment

only if they are accompanied by real improvements and investments in the houses. To

understandwhether the certifications are associated with real investments, I utilize the

residential energy tax credits (RETCs) as a proxy for real green investments, relying

on the idea that these tax credits are claimable only if households undertake verifiable

green improvements and investments to their residences (IRS, n.d.). Hence I examine

whether the ratio of the number of residential properties that are green-certified in an

area is positively associated with the amount of tax credits claimed by the households

in the same area.
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I regress a series of zipcode-level RETC-related variables on the zipcode-level ratio

of the number of residential properties that are green-certified in a year as follows:

yzt = α+β ×% Green Homezt +γ Controlszt + θz+ θt + ϵzt. (19)

The controls include a series of zipcode-level variables for housing market conditions

and demographic characteristics: house price index, log number of new single-family

homes, log population, per capita income, median age, and the percentage of people

aged 25 and above with at least a college degree. The model includes fixed effects

represented by θz and θt to account for zipcode- and year-level unobservable factors.

In column (1) of Table A.1, we see that a percentage point increase in the ratio of

residential green-certified homes is associated with a 5.9% increase in the amount of

RETCs, and column (2) suggests a $0.66 increase in the amount of RETCs per house-

hold. Column (3) shows that a percentage point increase in the percentage of residen-

tial green-certified homes leads to a 3.4% increase in the number of tax returns with

RETCs, and column (4) indicates a 0.009 percentage point increase in the percentage of

households filing for RETCs. Overall, these findings illustrate that green certifications

are indeed associated with real investments.

B. Is the green-peer effect merely a result of green clustering by builders?
A common concern regarding the observed green-peer effect is merely due to builders

concentrating new green homes in certain areas rather than genuine peer influence

among homeowners. Builders may anticipate market demands for green homes and

build these spec homes in specific geographical patterns, creating an artificial appear-

ance of peer influence.

To address this concern, I repeat my baseline analysis but restrict the properties

that were eventually certified to those that were certified as green more than two years

after their first recorded transaction date. This time restriction ensures that the cer-

tification is more likely a result of homeowner choice influenced by their neighbors,

rather than builder strategy. Column (2) of Table A.2 shows that with this restriction,

the hazard ratio decreases from 1.83 to 1.41 but remains significant. This indicates that
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one additional green neighbor within 0.1 miles still increases the likelihood that a focal

household obtains a green certificate in a given quarter by 1.41 times compared to a

household with no green neighbors within 0.5 miles. Therefore, green clustering by

builders is unlikely to be the primary mechanism for the green-peer effect.

C. Are investments in green technologies financially beneficial?
While peer influence plays a role in the adoption of green technologies, it also raises

questions about whether households aremaking financially sound decisions or follow-

ing potentially misleading information. The concern is that households might view

the green investments as beneficial based more on peer behavior than a thorough cost-

benefit analysis, which could negatively affect individual financial health and lead to

broader economic inefficiencies. While Section 5.3 shows that peer-induced green cer-

tifications yield higher returns in housing transactions, this section aims to take a closer

look at the overall benefits of green investments in the housing market.

The financial benefit one can easily think of is the increased resale value of green

homes. Using the hedonic regression (16) for house prices, I estimate the nationwide

market-implied benefits of green homes relative to observationally equivalent non-

green homes. Column (1) and (2) of Table A.3 show that green certificates are as-

sociated with an average 4% increase in the sale value of a single-family property in

the US. However, a potential concern is that the green premium may be just a reflec-

tion of the improvement costs incurred when households undertake green upgrades.

By assuming tax appraisals account for all green improvements, we can get the green

premium for the certification when controlling for the assessed value. Given that my

data on property assessed value is only available for Texas, I use the Texas data for

this analysis. Column (3) reports a 6% premium in resale value for properties located

in Texas. Controlling for the assessed improvement and land value, the greenhome

status contributes a 6.5% green premium, as indicated in Column (4). Columns (5)

and (6) examine the variability of house prices. The results show that the county-level

standard deviation of house prices for green homes is significantly lower compared
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to non-green homes. This suggests that green homes not only potentially offer higher

resale values but also present lower financial risk.

Another benefit comes from adopting green technologies for the property, or green

upgrades. For this return analysis, I estimate additional returns on home improvement

investments aimed at green certification. This analysis is important as it accounts for

the investment costs, providing a clearer picture of the NPV of green upgrades. I start

with all the home improvement loans during 2018 and 2022, and identify those specifi-

cally aimed at green certification. These loans are defined as those that were originated

within one year before the certification date. By using the loan amount as a proxy for

the investment cost, I calculate two returns: the return on the house transaction price

(rT P) and the return on the property assessed value (rAV). I then examines whether

investments in home improvements for green upgrades yield higher returns compared

to non-green upgrades. Table A.4 shows that on average home improvements aimed

at adopting green technologies are associated with significant additional returns of

36.9% on the home sale price and 32% on the property assessed value. Taken together,

investing in a green-certified home is on average financially beneficial.

D. Is the green-peer effect driven by social utility (or “keeping-up-with-the-Joneses” motive)?
In addition to information transmission, a common alternative mechanism for peer

effects proposed in the literature is referred to as social utility. It hypothesizes that one’s

utility frompossessing a product depends directly on the possession of that product by

neighbors (Bursztyn et al., 2014), resulting in a peer-mimicking behavior (Maturana

and Nickerson, 2019). Such social utility often stems from peer pressure or the desire

to “keep up with the Joneses” (Abel, 1990; Gali, 1994; Campbell and Cochrane, 1999;

Hong et al., 2014; Heimer, 2016). In this context, households may choose to adopt

green technologies because they observe their neighbors doing so, in an effort to align

with social norms and avoid appearing less eco-friendly.

While social utility mechanism or keeping-up-with-the-Joneses motive can also ex-

plain some aspects of the green-peer effect, my paper provides evidence suggesting it is

unlikely to be the primary mechanism. First, the social utility mechanism predicts that
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green-peer effect should be more pronounced when households are surrounded by

more “Joneses”. To test this prediction, I compared the effect of immediate neighbors

at a household’s primary residence with that of neighbors at secondary properties on

the decision to green certify secondary properties. The rationale is that social pressure

would be more pronounced at primary residences, where households are more deeply

integrated into their communities, than at secondary properties where they visit occa-

sionally and have less social interaction. However, Table IV show that the coefficient on

NG(≤ 0.1 mi) Primary Residence is way smaller than that ofNG(≤ 0.1 mi) Secondary Prop-
erty. This suggests that immediate neighbors at primary residences exert less influence

than those at secondary properties, contrary to what would be expected if social utility

were the dominant mechanism.

Second, under the social utility mechanism, the decision to mimick the peers is

not necessarily financially beneficial, whereas under information transmission mecha-

nism, households follow their peers when the information is value-relevant (i.e., finan-

cially beneficial). Thus, if the green-peer effect I document in this paper were solely

driven by social utility, then this effect would not vary with potential financial benefits

of green certifications. Moreover, the returns on housing transactions realized by ex-

posed households who green certify their homes would not be higher than those who

do not. Overall, I do not find evidence of keeping-up-with-the-Joneses motive or social

utility playing a significant role in the green-peer effects documented in this paper.

E. Is the green-peer effect driven by conspicuous consumption utility (visual inference)?
The green-peer effect may also be driven by conspicuous consumption, where house-

holds infer the investment or consumption of their neighbors through visible observa-

tion, rather than direct interactions (Hopkins and Kornienko, 2004; Charles et al., 2009;

Han et al., 2023). This channel is less likely in my setting as displaying the green cer-

tificate is not required by the programs. However, one might still argue that neighbors

can observe all noticeable changes of the home improvements and interpret as indirect

indicators of a household’s participation in green certification programs, even without

seeing an actual certificate.
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To address this concern, I explore how the visibility of green certifications—

specifically whether they explicitly require the inclusion of solar panels—affects the

green-peer effect. Solar panels are a highly visible form of green technology, more

so than subtler improvements like advanced insulation, energy-efficient windows, or

upgraded roofing materials. This visibility makes it easier for households to recognize

them as a green investment. If a certification program does not specifically include

solar panels, it may be harder for neighbors to identify and infer green investments

based solely on observing each other’s properties. Therefore, if we do not find

stronger peer effects in areas where most adopted certifications mandate solar panels,

it seems unlikely that conspicuous consumption is affecting the green-peer effects.

I follow the similar strategy of Equation (15) to test this prediction, replacing

1(High �) with Variable � which represents the level of certification visibility within

census tracts. To quantify the certification visibility, I create an index that measures

the proportion of adopted green certifications that include photovoltaic (PV) solar

generation within their standards.19 Table A.5 show the regression results. The

insignificant coefficients of the interaction term indicate that the strength of the

green-peer effect is statistically not different across areas with different levels of

certification visibility. This finding suggests that the effects are not primarily driven

by visual inference or conspicuous consumption.

7 Conclusion
Discussions on how to address climate change have gained significant attention in re-

cent years, yet a gap remains in understanding how households make green invest-

ment decisions under uncertainties. This paper studies the role of green neighbors

19These programs are Build Green, Earth Advantage, Florida Green Building Coalition, Green Built
Homes, GreenPoint Rated, Home Energy Score, LEED for Homes, National Green Building Standard,
and Zero Energy Ready Home. Note that the HERS program (the most common certification program),
despite considering PV solar generation in its certification, is excluded from this index. The certification
visibility index is calculated by taking the ratio of green certifications that include photovoltaic (PV)
solar generation to the total number of green certifications obtained in a census tract over the last four
quarters. Variable � are census-tract-level certificate visibility level and a 0/1 indicator for observations
with above-median values of certification visibility.
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of households to invest in residential green technologies. I developed a theoretical

model of peer effects and tested its predictions empirically using a nearest-neighbor

research design that provides causal inferences. I construct a highly granular nation-

wide dataset of single-family property data combined with green certification records

to serve as a proxy for green investments. Employing the nearest-neighbor research

design to this nationwide dataset, I document causal evidence that green neighbors

influence the decisions of the households. Specifically, a household is 1.8 times more

likely to obtain a green certificate for their home when a neighbor within 0.1 miles has

done so in the past year compared to a household with no such neighbor. These results

are robust to the inclusion of granular spatial and temporal fixed effects and property-

and neighborhood-specific controls. I further show that the peer effect of immediate

green neighbors extends to secondary properties (located in faraway neighborhoods)

of the focal green-exposed households, suggesting that the underlying mechanism is

information transmission from close neighbors. I also find that peer effects are more

pronounced in areas where green certifying residential properties enjoys financial ben-

eficial from higher house prices, utility savings, and regulatory incentives. Further-

more, green-exposed households who green certify their homes perform better than

similarly exposed counterparts who do not do so. In contrast, the peer effects remain

similar across counties varying in green preferences. Finally, I find that the current

distribution of regulatory incentives does not align with areas predicted by the model

to most effectively promote adoption, namely those with strong green-peer effects or

significant economic gains from green certifications.
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Figure I: Sample Green Certification Reports

This figure shows the certification reports issued by the two most common green certification programs
in the US—HERS andHES—in Panel A and B respectively. The reports include information on property
location, date of certification, and energy profile of the home.

Panel A: HERS Program

Panel B: HES Program
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Figure II: Trends in Residential Green Certification in the US

Panel A plots the number of new green-certified single-family homes, new privately-owned single-
family homes authorized in permit-issuing places, new home purchase mortgage originations and
single-family home transactions in the United States from 2009 to 2022. Green certificates and build-
ing permits are represented on the left axis. Mortgage originations and housing transactions are plotted
on the right axis. Panel B shows on the map of the contiguous US the percentage of single-family homes
in the sample counties that are green certified as of 2022.

Panel A: Green Certifications and Housing Market over Time

Panel B: Spatial Distribution of Green-certified Single-family Homes
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Figure III: Institutional Details of Residential Green Certification Programs

Panel A shows the number of single-family homes certified under major green certification programs
as of 2022. Panel B plots the estimated annual energy savings for different Home Energy Rating System
(HERS) scores. The data for this panel was extracted on August 17, 2024, from www.hersindex.com/
hers-index/interactive-hersindex/interactive-hersindex-inside/.

Panel A: Distribution of Residential Green Certification Programs

Panel B: Utility Savings and HERS Scores
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Figure IV: Illustration of the Nearest-Neighbor Research Design

Panel A shows an example of a green focal property in Dallas (pointed to by the red arrow) and the
number of its green neighbors within 0.1-, 0.3- and 0.5-mile rings (shown as green dots). Panel B shows
an example of a non-green focal property in Dallas (pointed to by the red arrow) and the number of its
green neighbors within 0.1-, 0.3- and 0.5-mile rings (shown as green dots).

Panel A: Green Neighbors around a Green Focal Property

Panel B: Green Neighbors around a Non-green Focal Property
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Figure V: Spatial Variation in Home Characteristics, Green Exposure, and Certifica-
tion Probability

Panel A plots the characteristics of a focal property relative to the average across its neighboring prop-
erties within a ring (donut) of d miles, where d ∈ {0.1,0.2, . . .0.5}. Panel B shows the average propor-
tional difference in green exposure of green-certified properties (G) and non-green properties (NG).
The green group G consists of all such properties j which received green certification in year-quarter q.
The non-green group NG consists of the sample of properties constructed by randomly drawing (with
replacement) 50 non-green properties for every given green property j from group G in year-quarter q.
Panel C plots on the y axis the average probability of a household green certifying the property against
the number of neighbors located within d miles who have green certified their homes in the past year.
The average probability is calculated in quarter q for each bin (of the number of green neighbors) and
for each distance ring d as the ratio of the number of properties that are green-certified for the first time
in quarter q to the total number of properties (in respective bin and ring) that have not become green
until quarter q−1. The mean of these average probabilities across quarters is plotted in percentages on
the y-axis.

Panel A: Characteristics of Focal and Neighboring Homes Panel B: Green Exposure of Green and Non-Green Homes

Panel C: Probability of Green Certification and Green Exposure
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Figure VI: County-Year-Level Green Certification Premium in House Prices

Panel A shows the spatial distribution of the premiums for green-certified homes estimated for each
county and year using hedonic regressions of log transaction prices of single-family homes on property
and mortgage characteristics and zipcode fixed effects. The regression equation is yit = α+ β Greenit +

γ Controlit + θz+ ϵit. The control variables include property age, living area, # bedrooms, exterior materi-
als, heat type, roof materials, a 0/1 indicator of mortgage-financed purchase, mortgage term, mortgage
interest rate. The color intensity in Panel A represents the number of years (from 2018 to 2022) for which
the β is positive and statistically significant at the 10% level or below. Panel B plots the βs and associated
t-statistics estimated in Panel A.

Panel A: Spatial Distribution of Green Certification Premium

Panel B: Distribution of Estimated Green Certification Premium and t-Statistics
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Table I: Green Certification Programs

This table reports the overview of 15 green certification programs. It includes their geographic coverage,

attributes evaluated in their programs, whether builders are involved. Column (4) reports the threshold

scores (or rating categories) used in this paper to define whether a property is green certified (Green)

under respective programs.

Program Coverage Attributes Evaluated Builder Involved Green Threshold

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

Build Green
King County, WA

Snohomish County, WA

Energy, Site, Water,

Indoor Air Quality,

Materials, Operation

Yes

Single-family: > 3-star

Remodeling: > 2-star,

20/20 Refit Challenge, Refit

ENERGY STAR Certified New Construction National Energy Efficiency Yes Certified

Earth Advantage® Certifications Northwest

Energy, Site, Water,

Indoor Air Quality,

Materials, Operation

Yes Certified

EarthCraft Greater Atlanta Area

Energy, Site, Water,

Indoor Air Quality,

Materials, Operation

Yes Certified

Florida Green Building Coalition Florida

Energy, Site, Water,

Indoor Air Quality,

Materials, Operation

Yes Certified

Florida Water Star
St Johns River Water

Management District
Water Yes Certified

Green Built Homes North Carolina
Energy, Site, Water,

Indoor Air Quality, Materials
Yes Certified

GreenPoint Rated California

Energy, Site, Water,

Indoor Air Quality,

Materials, Operation

Not Necessary ≥ 50 points

Home Energy Rating System National Energy Efficiency Not Necessary < 100

Home Energy Score National Energy Efficiency Not Necessary > 5

LEED for Homes National
Energy, Site, Water,

Indoor Air Quality, Materials
Yes Certified

Missouri Home Energy Certification Missouri Energy Efficiency Not Necessary Certified

National Green Building Standard National

Energy, Site, Water,

Indoor Air Quality,

Materials, Operation

Yes Certified

TISH Energy Score
Minneapolis

Bloomington
Energy Efficiency Not Necessary > 85

Zero Energy Ready Home National
Energy, Water,

Indoor Air Quality
Yes Certified
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Table II: Summary Statistics

This table reports the summary statistics on key variables for the estimation samples. Each quarter, I

observe whether households obtain a green certificate for their property (Green), the green adoption

decision of their neighbors. Dummy variable Green is multiplied by 10,000 for readability. NG(≤ 0.1 mi),
NG(≤ d mi) measures how many neighbors of the household became green within d miles to the focal

property in the last year, where d ∈ {0.1,0.3,0.5}. I also observe time invariant property characteristics

Year Built, Living Area (square feet), # Bedrooms. # Incentives is the number of regulatory green incentives

at both county and state-level. % Climate Worried measures the percentage of population in a county

who are worried about climate change. Annual Price Growth is the annual change of the housing price

index of a census tract. Housing Density is the number of residential properties per acre in a census tract.

AGI ($1,000) Per Capita is the adjusted gross income (reported in thousands of dollars) per person at

the zipcode level.

Variable Obs. Mean Median Std. Dev.

Green Status and Exposures (Panel: Property×Year-Quarter)
Green (=10,000) 411,515,023 0.32 0 56.33

NG(≤ 0.1 mi) 411,515,023 0.05 0 1.71

NG(≤ 0.3 mi) 411,515,023 0.30 0 3.50

NG(≤ 0.5 mi) 411,515,023 0.53 0 4.97

Property Characteristics (Panel: Property level)
Green (=10,000) 30,451,754 4.29 0 207.03

Year Built 30,451,754 1,975.81 1,979 28.11

Living Area (square feet) 30,451,754 1,864.92 1,689 776.39

# Bedrooms 30,363,686 2.51 3 1.55

Neighborhood Characteristics (Panel: Varies)
# Incentives 21,216 3.68 3 3.49

% Climate - Worried 13,056 53.87 53 7.09

Housing Density 736,388 2.07 1 3.41

Annual Price Growth (%) 1,669,840 4.52 4 8.82

AGI ($1,000) Per Capita 225,906 34.03 28 29.71
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Table III: Peer Effects of Green Neighbors on Residential Green Certifications

Panel A reports the effect of neighbors with green-certified homes on the decision of a focal household

to also obtain a residential green certificate. The regression specification is from Equation (13). The

outcome variable is an indicator taking the value of 10,000 if household i obtains the very first green

certificate for his/her property in quarter t (Green (=10,000)). The variables of interest are the exposure
of focal households to neighbors’ green certification decisions. The exposure is measured as the number

of neighbors who have obtained green certificates within quarters t−3 : t and are located within a ring

of 0.1, 0.3 and 0.5 miles. These variables are denoted as NG(≤ d mi), where d ∈ {0.1,0.3,0.5}. Column (1)

estimates the green-peer effects of a green neighbor within 0.1 miles. Column (2) employs the nearest-

neighbor design by controlling the green exposure within 0.3 and 0.5 miles. Column (3) incorporates

year-quarter fixed effects in the nearest-neighbor design. Column (4) adds zipcode fixed effects. Column

(5) includes both zipcode and year-quarter fixed effects. Column (6) includes zipcode × year-quarter

fixed effects. Column (7) includes tenure and zipcode × year-quarter fixed effects. Standard errors are

clustered by zipcode × year-quarter and are reported in parentheses below the coefficients. *, ** and ***

denote statistical significance at 10%, 5%, and 1% level, respectively.

Panel A: Baseline Results

Outcome: Green (=10,000)

(1) (2) (3) (4) (5) (6) (7)

NG(≤ 0.1 mi) 0.66∗∗∗ 0.35∗∗∗ 0.35∗∗∗ 0.40∗∗∗ 0.40∗∗∗ 0.42∗∗∗ 0.43∗∗∗

(0.06) (0.05) (0.05) (0.05) (0.05) (0.05) (0.05)

NG(≤ 0.3 mi) 0.24∗∗∗ 0.24∗∗∗ 0.18∗∗∗ 0.18∗∗∗ 0.17∗∗∗ 0.11∗∗∗

(0.02) (0.02) (0.02) (0.02) (0.02) (0.02)

NG(≤ 0.5 mi) 0.03∗∗∗ 0.03∗∗∗ 0.03∗∗∗ 0.03∗∗∗ 0.02∗∗∗ 0.01

(0.01) (0.01) (0.00) (0.00) (0.01) (0.00)

Constant 0.26∗∗∗ 0.19∗∗∗ 0.19∗∗∗ 0.21∗∗∗ 0.21∗∗∗ 0.21∗∗∗ 0.23∗∗∗

(0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01)

Marginal Effect to Hazard Ratio
NG(≤ 0.1 mi) 2.49*** 1.83*** 1.83*** 2.06*** 2.06*** 2.16*** 2.29***

(0.22) (0.28) (0.28) (0.27) (0.27) (0.27) (0.32)

Fixed effects N N YQ Zipcode Zipcode, YQ Zipcode × YQ
Tenure,

Zipcode × YQ

R2 (Adj.) 0.0004 0.0006 0.0006 0.0029 0.0029 0.0047 0.1230

Observations 411,515,023 411,515,023 411,515,023 411,514,988 411,514,988 411,502,657 410,239,307
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Table III: Peer Effects in Residential Green Certification (contd.)

Panel B replicates column (5) of Panel A by adding property and neighborhood controls following Equa-

tion (14). The sample includes observations forwhich all control variables have non-missing values. The

property controls include property age, living area, # bedrooms, exterior materials, heat type and roof

materials. The neighborhood controls include housing density and annual housing price growth at cen-

sus tract level, AGI ($1,000) per capita at zipcode level, number of regulatory green incentive programs

and % climate - worried at county level. The property and neighborhood controls are defined in Table

II. All models include zipcode and year-quarter fixed effects. Standard errors are clustered by zipcode

× year-quarter and are reported in parentheses below the coefficients. *, ** and *** denote statistical

significance at 10%, 5%, and 1% level, respectively.

Panel B: Baseline Results - Including Controls

Outcome: Green (=10000)

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

NG(≤ 0.1 mi) 0.81∗∗∗ 0.81∗∗∗ 0.59∗∗∗ 0.60∗∗∗

(0.14) (0.13) (0.12) (0.12)

NG(≤ 0.3 mi) 0.12∗∗∗ 0.12∗∗∗ 0.12∗∗∗ 0.12∗∗∗

(0.02) (0.02) (0.03) (0.03)

NG(≤ 0.5 mi) 0.03∗∗∗ 0.03∗∗∗ 0.01 0.01

(0.01) (0.01) (0.01) (0.01)

Property controls N Y N Y

Neighborhood controls N N Y Y

Fixed effects Zipcode, YQ Zipcode, YQ Zipcode, YQ Zipcode, YQ

R2 (Adj.) 0.0047 0.0048 0.0049 0.0049

Observations 69,416,525 69,416,525 69,416,525 69,416,525
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Table IV: Information Transmission: Peer Effects and Multi-Property Owners

This table reports green-peer effects observed from primary residence to the secondary properties. The

sample in columns (1) and (2) is formed using the secondary properties whereMPOs do not reside, and

in columns (3) and (4) it is restricted to those MPOs who have never certified their primary residence.

The regression specification follows Equation (13) and includes the green neighbor exposures from the

residing property of the owners (NG(≤ 0.1 mi)Primary Residence). Columns (1) and (3) report the effects

for primary–secondary pairs whose distance is greater than 20 miles, and columns (2) and (4) present

analogous results for the pair whose distance is greater than 50 miles. All models control for the outing

ring green neighbor exposures of the primary residence and secondary property, as well as primary

zipcode, secondary zipcode and year-quarter fixed effects. Standard errors are clustered by primary

residence zipcode × year-quarter and secondary property zipcode × year-quarter and are reported in

parentheses below the coefficients. *, ** and *** denote statistical significance at 10%, 5%, and 1% level,

respectively.

Outcome: Green (=10,000) Secondary Property

Primary Home of MPO: Green or Non-Green Non-Green Only

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

Primary to Secondary Distance: >20 mi >50 mi >20 mi >50 mi

NG(≤ 0.1 mi)Primary Home 0.007∗ 0.007∗ 0.009∗ 0.009∗

(0.00) (0.00) (0.00) (0.00)

NG(≤ 0.1 mi)Secondary Property 0.175∗∗∗ 0.176∗∗∗ 0.159∗∗ 0.160∗∗

(0.07) (0.07) (0.07) (0.07)

0.3- & 0.5-mi NG primary home Y Y Y Y

0.3- & 0.5-mi NG secondary property Y Y Y Y

Primary zipcode FE Y Y Y Y

Secondary zipcode FE Y Y Y Y

YQ FE Y Y Y Y

R2 (Adj.) 0.0049 0.0051 0.0049 0.0051

Observations 15,764,664 15,582,378 15,736,649 15,554,468
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Table V: Peer Commonalities in Green Certificates and Lenders

This table reports the probability of using the same green certificate and same lender as used by the

spatially proximate neighbors. The variable of interest is an indicator (1(Dist. ≤ 0.1 mi)) taking the

value of 1 when the distance between focal household and neighbor is within 0.1 miles. In column

(1) and (2), the regression panel is defined at the “focal property certificate × neighboring property

certificate” level, where neighbors within 0.5 miles are included. The outcome variable is an indicator

(1(Same Cert.)) taking the value of 1 when the certificates are the same for the focal household and the

neighbor. The sample in column (1) includes all certificates whereas in column (2) it excludes the most

common certificate (HERS, Home Energy Rating System).

To analyze peer commonality inmortgage lenders in columns (3) and (4), I create the “focal household’s

mortgage×neighbor’smortgage” panel by selecting focal householdswho tookmortgagewithin 90 days

before green certifying their properties and their within-0.5-mile neighbors who took mortgage within

one year after green certifying their respective properties. From these focal and neighboring households,

I select those focal-neighbor pairs forwhich themortgages of the focal householdswere takenwithin one

year after themortgage dates of their neighbors. The outcome variable is an indicator (1(Same Lender))

taking the value of 1 when the mortgage lenders are the same for the focal household and the neighbor.

The sample in column (3) includes all lenders whereas in column (4) it excludes the top three lenders

in a county-year based on the aggregate loan amount in mortgage applications received by lenders. All

regressions include focal property’s tenure and zipcode × year-quarter fixed effects. Standard errors are

clustered by focal zipcode × year-quarter and are reported in parentheses below the coefficients. *, **

and *** denote statistical significance at 10%, 5%, and 1% level, respectively.

Outcome: 1(Same Cert.) 1(Same Lender)

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

Sample: All Cert. Exc. Top Cert. All Lenders Exc. Top 3 Lenders

1(Dist. ≤ 0.1 mi) 0.006∗∗∗ 0.012∗∗∗ 0.130∗∗∗ 0.141∗∗∗

(0.00) (0.00) (0.01) (0.01)

Focal tenure FE Y Y Y Y

Focal zipcode × YQ FE Y Y Y Y

R2 (Adj.) 0.4966 0.5759 0.3475 0.3495

Observations 7,354,334 787,800 230,802 200,329

55



Table VI: Effect Heterogeneity by Strength of Local Community Interactions

This table reports the heterogeneous green-peer effects by the strength of local community interactions

using Equation (15). The outcome variable is an indicator taking the value of 10,000 if household i ob-

tains the very first green certificate for his/her property in quarter t (Green (=10,000)). The strength

of local community interactions is measured using the following six characteristics (�): social connect-

edness, social capital, % investment properties, % house flippers and housing density. The variable of

interest in these regressions is the interaction term 1(High �) × NG(≤ 0.1 mi). In all models, 1(High �)

is a 0/1 indicator for observations with above-median values of the respective characteristic�. The me-

dian for each characteristic � is calculated at zipcode level in column (1), at county level for column

(2), at zipcode × quarter level for columns (3) and (4), and tract × year level for column (5). All the

models control for both outer ring green exposure (NG(≤ d mi)) and the respective interaction terms

(1(High �) × NG(≤ d mi)), where d ∈ {0.3,0.5}. The definition of these variables is provided in Table II.

All the models include zipcode and year-quarter fixed effects. Standard errors are clustered by zipcode

× year-quarter and are reported in parentheses below the coefficients. *, ** and *** denote statistical

significance at 10%, 5%, and 1% level, respectively.

Outcome: Green (=10,000)

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

Characteristic �:

[Median of � calculated at:]

Social

Connectedness

[zipcode]

Social

Capital

[county]

% Investment

Properties

[zipcode × yq]

% House

Flippers

[zipcode × yq]

Housing

Density

[tract × year]

1(High �) × NG(≤ 0.1 mi) 1.232∗∗∗ 0.723∗∗∗ -0.670∗∗∗ -0.380∗∗∗ -0.592∗∗∗

(0.42) (0.17) (0.26) (0.11) (0.15)

NG(≤ 0.1 mi) 0.459∗∗∗ 0.378∗∗∗ 1.037∗∗∗ 0.653∗∗∗ 0.840∗∗∗

(0.04) (0.05) (0.25) (0.10) (0.15)

1(High �) -0.141∗∗ 0.120∗∗∗ 0.054∗∗∗ -0.039∗∗∗

(0.06) (0.02) (0.02) (0.01)

Level: 0.3- & 0.5-mi NG Y Y Y Y Y

Interaction: 1(High �) × 0.3- & 0.5-mi NG Y Y Y Y Y

FE: zipcode and YQ Y Y Y Y Y

R2 (Adj.) 0.0034 0.0029 0.0029 0.0030 0.0033

Observations 373,501,484 411,514,988 411,514,988 411,514,988 254,884,535
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Table VII: Effect Heterogeneity by Green Certification Benefits

This table reports the heterogeneous green-peer effects across counties with or without green benefits.

The outcome variable is an indicator taking the value of 10,000 if household i obtains the very first

green certificate for his/her property in quarter t (Green (=10,000)). The variable of interest in these

regressions is the interaction term 1(� exists) × NG(≤ 0.1 mi). The green benefit (�) refers to higher

house prices (columns (1) and (2)) and utility savings (columns (3)) for green-certified properties

vis-à-vis non-green properties; in column (4), it refers to the availability of regulatory incentives for

residential green investments. The indicator 1(� exists) in column (1) and (2) is a county× year variable

taking the value of 1 when the coefficient on Greenit in Equation (16) yit = α+ β Greenit + γ Controlit +
θz + ϵit is statistically positive at the 10% level or below. In column (1), transactions for green homes

include those sold within two years after certification, while non-green homes are those not certified at

the time of transaction; Column (2) follows the same criteria but extends the timeframe to four years

post-certification. The indicator 1(� exists) in column (3) is a county × year variable taking the value of

1 for observations with above-median values of the average HERS scores; in column (4), it is a county

× quarter variable taking the value of 1 for observations with above-median values of the number of

regulatory incentives. All the models control for both outer ring green exposure (NG(≤ d mi)) and

the respective interaction terms (1(� exists) × NG(≤ d mi)), where d ∈ {0.3,0.5}. The definition of these

variables is provided in Table II. All the models include zipcode and year-quarter fixed effects. Standard

errors are clustered by zipcode × year-quarter and are reported in parentheses below the coefficients. *,

** and *** denote statistical significance at 10%, 5%, and 1% level, respectively.

Outcome: Green (=10,000)

(1) (2) (3)

Benefit (�) in terms of: Green Premium Utility Savings Incentives

1(� exists) × NG(≤ 0.1 mi) 0.426∗∗∗ 0.151∗ 0.866∗∗∗

(0.11) (0.09) (0.10)

NG(≤ 0.1 mi) 0.312∗∗∗ 0.319∗∗∗ 0.327∗∗∗

(0.07) (0.08) (0.06)

1(� exists) 0.132∗∗∗ 0.090∗∗∗ -0.182∗∗∗

(0.04) (0.03) (0.06)

Level: 0.3- & 0.5-mi NG Y Y Y

Interaction: 1(� exists) × 0.3- & 0.5-mi NG Y Y Y

FE: zipcode and YQ Y Y Y

R2 (Adj.) 0.0035 0.0027 0.0032

Observations 176,936,834 315,291,567 389,238,251
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Table VIII: Peer-induced Green Certifications and Housing Transaction Returns

This table reports the effect of the green certification decision on the housingmarket returns of the green-

exposed households. The regression sample includes two sets of households. The first set consists of

those who obtained green certificates and have at least one green neighbor within 0.1-mile distance in

the past year at the time of certification. The second set includes randomly drawn (with replacement)

non-green but similarly-exposed (i.e., at least one green neighbor within 0.1-mile distance in the past

year) households following the procedure described in Figure Vb. The outcome variable in column (1)

is the annualized rate of return on properties observed to be sold by the peer-influenced households,

trimming outliers greater than 200 percent. The outcome variable in column (2) is the implied residual

at the time of sale relative to expected market rate as measured by a county-level quarterly price index.

The variables of interest is an indicator (1(Green)) taking the value of 1 for the households obtained a

green certificate during their tenure at the property. All the models include year of purchase, sale, and

green certification fixed effects. Standard errors are reported in parentheses below the coefficients. *, **

and *** denote statistical significance at 10%, 5%, and 1% level, respectively.

(1) (2)

Outcome: Return Sell Residual

1(Green) 0.125∗∗∗ 0.077∗∗∗

(0.01) (0.01)

Buy year FE Y Y

Sell year FE Y Y

Green year FE Y Y

R2 (Adj.) 0.0556 0.0141

Observations 11,074 11,073
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Table IX: Green Preference, Green Certifications, and Heterogeneous Peer Effects

This table reports the following two relationships: (a) the correlation between green preference of house-
holds and residential green certifications in columns (1) and (2); and (b) the heterogeneous green-peer
effects across areas with different degrees of green preference in columns (3) and (4).
In columns (1) and (2), the outcome variable is the ratio of the number of residential properties that are
green-certified in a year in an area (%Green Home). The variable of interest in these regressions is green
preference, which is proxied by % Climate Worried in column (1) and # EV per HH in column (2). %
Climate Worried measures the percentage of adults in a county who are worried about climate change. #
EV per HH represents the number of EV per household at zipcode level. Housing mkt. & demog. controls
include the amount of the residential energy tax credit, house price index, number of new single-family
homes, population, per capita income, median age, and the percentage of people aged 25 and above
with at least a college degree.
In columns (3) and (4), the outcome variable is an indicator taking the value of 10,000 if household i

obtains the very first green certificate for his/her property in quarter t (Green (=10,000)). The variable
of interest in these regressions is the interaction term 1(High �) ×NG(≤ 0.1 mi). Here 1(High �) is a 0/1
indicator for observations with county-level above-annual-median values of the respective characteristic
X—% Climate Worried and # EV per HH. These models control for 1(High �), outer ring green exposure
(NG(≤ d mi)), and the respective interaction terms (1(High �) × NG(≤ d mi)), where d ∈ {0.3,0.5}. The
definition of these variables is provided in Table II. The regressions in column (3) and (4) include zip-
code and year-quarter fixed effects. Standard errors are reported in parentheses below the coefficients,
and the level of clustering is listed at the bottom of the table. *, ** and *** denote statistical significance
at 10%, 5%, and 1% level, respectively.

Outcome: % Green Home Green (=10,000)

(1) (2) (3) (4)
% Climate Worried 0.047∗∗∗

(0.01)
# EV per HH 0.854∗

(0.51)
1(High % Climate Worried) × NG(≤ 0.1 mi) -0.096

(0.16)
1(High # EV per HH) × NG(≤ 0.1 mi) 0.072

(0.20)
NG(≤ 0.1 mi) 0.730∗∗∗ 1.113∗∗∗

(0.15) (0.13)
Level: 1(High �) - - Y Y
Level: 0.3- & 0.5-mi NG - - Y Y
Interaction: 1(High �) × 0.3- & 0.5-mi NG - - Y Y
Housing mkt. & demog. controls Y Y - -
Fixed effects County, Year Zipcode, Year Zipcode, YQ Zipcode, YQ
Clustering level County Zipcode Zipcode × YQ Zipcode × YQ
Observation unit County Zipcode Property Property
R2 (Adj.) 0.8247 0.7844 0.0031 0.0036
Observations 11,233 65,670 328,482,351 129,004,214
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Table X: Policy Implications: Peer Effects and Provision of Regulatory Incentives

This table reports the relationship between regulatory incentives and the green-peer effect proxied by the

strength of local community interactions. The outcome variable is the mean or median number during

2018 and 2022 of county- and state-level regulatory incentives households are exposed to when they are

living in a county. The variables of interest in these regressions are county-level social connectedness

and social capital. All models are estimated using Poisson pseudo-maximum-likelihood. Housing mkt.
& demog. controls include house price index, population, per capita income, gdp growth, median age,

and the percentage of people aged 25 and above with at least a college degree. Control variables are

calculated using mean and median values corresponding to the outcomes reported in each column.

All the models include state fixed effects. Standard errors are clustered by state and are reported in

parentheses below the coefficients. *, ** and *** denote statistical significance at 10%, 5%, and 1% level,

respectively.

Outcome: Mean # Incentives Median # Incentives

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

Social Connectedness 0.009 0.009

(0.01) (0.01)

Social Capital 0.004 0.004

(0.00) (0.00)

Regression panel County County County County

Model PPML PPML PPML PPML

Housing mkt. & demog. controls Y Y Y Y

Fixed effects State State State State

Clustering level State State State State

R2 0.4691 0.4691 0.4665 0.4665

Observations 2,506 2,506 2,506 2,506
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Table A.1: Residential Energy Tax Credits Incentives and Green Homes

This table presents the relationship between the residential energy tax credits (RETC) claimed by house-

holds to the Internal Revenue Service (IRS) and residential green certifications. The outcome vari-

ables in column (1) through (4) are respectively zipcode-level log residential energy tax credit amount

(Ln(ARETC)), residential energy tax credit amount per household (ARETC/# Household), log number of

tax returns with residential energy tax credits (Ln(NRETC)), and the percentage of households filing for

residential energy tax credits (RETC Households (%)). The variable of interest is the ratio of the number

of residential properties that are green-certified in a year in a zipcode (%Green Home). Control variables
include zipcode-level house price index, the number of new single-family homes, population, per capita

income, median age, and the percentage of people aged 25 and above with at least a college degree. All

the models include zipcode and year fixed effects. Standard errors are clustered by zipcode and are re-

ported in parentheses below the coefficients. *, ** and *** denote statistical significance at 10%, 5%, and

1% level, respectively.

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

Ln(ARETC)
ARETC

# Households
Ln(NRETC) RETC Households (%)

% Green Home 0.059∗∗∗ 0.660∗∗∗ 0.034∗∗∗ 0.009∗∗

(0.00) (0.10) (0.00) (0.00)

Housing mkt. & demog. controls Y Y Y Y

Fixed effects Zipcode, Year Zipcode, Year Zipcode, Year Zipcode, Year

R2 (Adj.) 0.83 0.65 0.84 0.78

Observations 171,215 171,215 171,215 171,215
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Table A.2: Baseline Results with Restriction

This table reports the effect of neighbors with green-certified homes on the decision of a focal household

to also obtain a residential green certificate. The regression specification is from Equation (13). The

outcome variable is an indicator taking the value of 10,000 if household i obtains the very first green

certificate for his/her property in quarter t (Green (=10,000)). The variables of interest are the exposure
of focal households to neighbors’ green certification decisions. The exposure is measured as the number

of neighbors who have obtained green certificates within quarters t−3 : t and are located within a ring of

0.1, 0.3 and 0.5miles. These variables are denoted asNG(≤ d mi), where d ∈ {0.1,0.3,0.5}. In the regression

panel, properties that eventually received green certification are restricted to those certified more than

two years after their first recorded transaction date. Column (1) estimates the green-peer effects of

a green neighbor within 0.1 miles. Column (2) employs the nearest-neighbor design by controlling

the green exposure within 0.3 and 0.5 miles. Column (3) incorporates year-quarter fixed effects in the

nearest-neighbor design. Column (4) adds zipcode fixed effects. Column (5) includes both zipcode

and year-quarter fixed effects. Column (6) includes zipcode × year-quarter fixed effects. Column (7)

includes tenure and zipcode× year-quarter fixed effects. Standard errors are clustered by zipcode× year-

quarter and are reported in parentheses below the coefficients. *, ** and *** denote statistical significance

at 10%, 5%, and 1% level, respectively.

Outcome: Green (=10,000)

(1) (2) (3) (4) (5) (6) (7)

NG(≤ 0.1 mi) 0.45∗∗∗ 0.23∗∗∗ 0.23∗∗∗ 0.27∗∗∗ 0.27∗∗∗ 0.29∗∗∗ 0.31∗∗∗

(0.04) (0.04) (0.04) (0.03) (0.03) (0.03) (0.04)

NG(≤ 0.3 mi) 0.17∗∗∗ 0.17∗∗∗ 0.12∗∗∗ 0.12∗∗∗ 0.10∗∗∗ 0.07∗∗∗

(0.01) (0.01) (0.01) (0.01) (0.01) (0.01)

NG(≤ 0.5 mi) 0.02∗∗∗ 0.02∗∗∗ 0.02∗∗∗ 0.02∗∗∗ 0.02∗∗∗ 0.00

(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)

Constant 0.21∗∗∗ 0.16∗∗∗ 0.16∗∗∗ 0.18∗∗∗ 0.18∗∗∗ 0.18∗∗∗ 0.18∗∗∗

(0.01) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00)

Marginal Effect to Hazard Ratio
NG(≤ 0.1 mi) 2.09*** 1.41*** 1.41*** 1.66*** 1.66*** 1.76*** 1.95***

(0.19) (0.24) (0.24) (0.23) (0.23) (0.22) (0.28)

Fixed effects N N YQ Zipcode Zipcode, YQ Zipcode × YQ
Tenure,

Zipcode × YQ

R2 (Adj.) 0.0003 0.0004 0.0004 0.0033 0.0033 0.0050 0.1025

Observations 411,506,249 411,506,249 411,506,249 411,506,214 411,506,214 411,493,883 410,231,059
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Table A.3: Benefits of Residential Green Certificates

This table reports the estimated resale benefits a household can get from a green certified home. The

outcome variables are the logarithm of the house price (Ln(Price)) and the standard deviation of the

implied residual at the time of sale relative to expected market rate as measured by a county-level quar-

terly price index (SD(Residual)). The variable of interest is an indicator of the property’s green status at

the time of transaction. Transactions for green homes include those sold within two or four years post-

certification—as specified below outcome variable in each column—while non-green homes are those

not certified at the time of transaction. Column (1) and (2) report the green premium from the hedonic

regressions for home sales across the US during year 2018 and 2022. Column (3) and (4) report the

effects of the same estimation for the TX home sales. Column (5) examines the relationship between the

riskiness of house prices for green homes versus non-green homes at the county-year level. The control

variables in columns (1) to (4) include property age, Ln(sq. f t), # bedrooms, exteriormaterials, heat type,

roof materials, an indicator of mortgage-financed purchase, mortgage term, mortgage interest rate, and

indicators of non-person buyer, and non-person seller. Column (4) includes the assessed improvement

value and assessed land value as additional controls. Standard errors are clustered by county and are

reported in parentheses below the coefficients. *, ** and *** denote statistical significance at 10%, 5%,

and 1% level, respectively.

Sample: Home Sales (US) Home Sales (TX) Home Sales (US)

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

Outcome:

[Time from Certification:]

Ln(Price)

[≤ 2 Years]

Ln(Price)

[≤ 4 Years]

Ln(Price)

[≤ 4 Years]

Ln(Price)

[≤ 4 Years]

SD(Residual)

[≤ 2 Years]

SD(Residual)

[≤ 4 Years]

Green 0.042∗∗∗ 0.040∗∗∗ 0.060∗∗∗ 0.065∗∗∗ -0.041∗∗∗ -0.040∗∗∗

(0.00) (0.00) (0.01) (0.01) (0.01) (0.01)

Ln(Assessed Improv. Value) 0.171∗∗∗

(0.01)

Ln(Assessed Land Value) 0.227∗∗∗

(0.01)

Controls Y Y Y Y N N

Zipcode FE Y Y Y Y

County FE Y Y

Year FE Y Y Y Y Y Y

R2 (Adj.) 0.72 0.72 0.63 0.67 0.54 0.53

Observations 10,070,133 10,131,287 314,764 314,764 13,414 13,730
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Table A.4: Benefits of Residential Green Certification

This table reports the estimated additional return of home improvement investments aimed at green

certification. The outcome variables are the return on house transaction price (rT P) in column (1) and

return on property assessed value rAV in column (2). The return on house transaction price (rT P) is

calculated by dividing the difference between the time-adjusted nearest transaction price within two

years of the home improvement loan and the bank-assessed property value at the loan time by the loan

amount. The return on property assessed value (rAV) is calculated by dividing the difference between

the time-adjusted tax-assessed market value two years post-loan and the assessed value at the loan time

by the loan amount. The variable of interest is an indicator of whether the loan was taken for green

certification purposes, defined as loans for properties that received green certification within one year

post-loan. Column (1) reports the estimated additional returns from house sales across the US during

year 2018 and 2022, while column (2) focuses on returns on property assessed value for homes in Texas

only. Control variables in column (1) include property age, Ln(sq. f t), # bedrooms, exterior materials,

heat type, roof materials, mortgage term, mortgage interest rate, and indicators of mortgage-financed

purchase, non-person buyer, and non-person seller. For column (2), controls exclude mortgage-related

variables and non-person buyer and seller indicators. Standard errors are clustered by county and are

reported in parentheses below the coefficients. *, ** and *** denote statistical significance at 10%, 5%,

and 1% level, respectively.

Outcome: Investment Return

(1) (2)

Return calculated using: Transaction Price (US)

rT P

Assessed Value (TX)

rAV

Home Imp. Loan for Grn Cert. 0.369∗ 0.320∗∗∗

(0.19) (0.06)

Regression panel Loan Loan

Controls Y Y

Fixed effects Zipcode, Year Zipcode, Year

R2 (Adj.) 0.08 0.27

Observations 31,719 4,089
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Table A.5: Effect Heterogeneity by Certification Visibility

This table reports the heterogeneous green-peer effects by certification visibility. The outcome variable

is an indicator taking the value of 10,000 if household i obtains the very first green certificate for his/her

property in quarter t (Green (=10,000)). The neighborhood characteristic (�) are census-tract-level cer-

tificate visibility level and a 0/1 indicator for observations with above-median values of certification

visibility. The certification visibility index is calculated by taking the ratio of green certifications that

include photovoltaic (PV) solar generation to the total number of green certifications obtained in a cen-

sus tract over the last four quarters. These programs are Build Green, Earth Advantage, Florida Green

Building Coalition, Green Built Homes, GreenPoint Rated, Home Energy Score, LEED for Homes, Na-

tional Green Building Standard, and Zero Energy Ready Home. Note that the HERS program, despite

considering PV solar generation in its certification, is excluded from this index. The variable of interest

in these regressions is the interaction term Variable � × NG(≤ 0.1 mi). The median is calculated at tract

× year level. both the models control for both outer ring green exposure (NG(≤ d mi)) and the respec-

tive interaction terms (Variable � ×NG(≤ d mi)), where d ∈ {0.3,0.5}. The definition of these variables is

provided in Table II. All the models include zipcode and year-quarter fixed effects. Standard errors are

clustered by zipcode × year-quarter and are reported in parentheses below the coefficients. *, ** and ***

denote statistical significance at 10%, 5%, and 1% level, respectively.

Outcome: Green (=10,000)

(1) (2)

Variable �:

[Median calculated at:]

Visibility Index

[ - ]

High Visibility

[tract × year]

Variable � × NG(≤ 0.1 mi) 0.465 0.450

(0.45) (0.43)

NG(≤ 0.1 mi) 0.389∗∗∗ 0.389∗∗∗

(0.05) (0.05)

Variable � 0.284 0.234

(0.19) (0.18)

Level: 0.3- & 0.5-mi NG Y Y

Interaction: Variable � × 0.3- & 0.5-mi NG Y Y

FE: zipcode and YQ Y Y

R2 (Adj.) 0.0030 0.0030

Observations 411,514,988 411,514,988
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