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Abstract

A number of policies and programs are aimed at reducing energy use in buildings—building

energy codes, disclosure laws, energy-use benchmarking, and mandated or subsidized energy

audits. In the United States, many of these initiatives are enacted at the state or local level. At

the federal level, one of the main programs is Energy Star certification, which provides a label to

top energy-performing buildings. In this paper, we evaluate changes in rents and utility expen-

ditures following Energy Star certification using a national sample of over 4,400 office buildings

combined with Energy Star data from the US Environmental Protection Agency (EPA). We find

that building rents increase by 3.7 percent following certification, but that utility expenditures

remain unchanged. We provide novel evidence that buildings do not make upgrades or capital

investments to obtain a certification, suggesting that the Energy Star program primarily certifies

buildings that are already energy-efficient.
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1 Introduction

Buildings account for about 40 percent of US energy consumption, split equally between com-

mercial and residential buildings (EIA 2019). In cities, building energy use accounts for an even

larger share, by some estimates as high as 75–80 percent of total energy use. Energy efficiency varies

across buildings because of differences in climate, building construction and renovation codes, origi-

nal construction materials, heating and cooling systems, and the orientation of the building (toward

the south versus north, for example). Despite the large potential savings from decreasing energy use

in buildings, building owners have been shown to underinvest in energy efficiency, a phenomenon

known as the energy efficiency gap (Gerarden, Newell, and Stavins 2017).

There are several hypotheses as to why this energy efficiency gap exists. One explanation—

and the one that may apply to commercial buildings—is an information failure (Gerarden, Newell,

and Stavins 2017). It is difficult for building owners and managers to credibly convey information

regarding the energy efficiency of their building to prospective tenants. Thus building owners may

inefficiently underinvest in energy efficiency improvements because it is difficult to recoup costs

through higher rents.

Policymakers at the state and local levels have created mandatory disclosure laws that require

building owners to provide public information about their energy use to potential tenants. Many

local ordinances take advantage of tools offered by the federal Energy Star program, which provides

voluntary certification and labeling of products that are more energy-efficient than other, similar

products (Energy Star 2018c).

The EPA and the Department of Energy (DOE) jointly launched the commercial office building

Energy Star certification program in 1999. This program allows office buildings to track their energy

and water use after entering basic building and energy bill information into a computer program

called Portfolio Manager. Buildings in the top 25th percentile of energy performers, according to

Portfolio Manager, are then eligible to receive an Energy Star label, which can be posted in the

building’s lobby and is also listed on the public energystar.gov website. The commercial Energy

Star label provides building owners a standardized and trusted certification and lowers information

acquisition costs for potential tenants.

In this paper, we measure the effects of Energy Star certification on building rents and util-
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ity bills. In answering these questions, we seek to understand whether the Energy Star program

encourages building owners to conduct renovations to improve energy efficiency or simply allows

building managers to certify already efficient buildings. In either case, rents may increase, as poten-

tial tenants now have information that they are renting space in a building with lower energy costs.

However, the expected effect of certification on utility bills is ambiguous, as different mechanisms

could lead to increases, decreases, or no change in bills as a result of the certification program.

To explore these issues, we use panel data from the National Council of Real Estate Investment

Fiduciaries (NCREIF) for 4,185 commercial office buildings across the United States from 2000

to 2015 combined with Energy Star certification data from the EPA. Our study uses a national

sample of office buildings from 495 US cities. Of these 4,185 buildings, 1,048 earned an Energy

Star certification at some point between 2000 and 2015, accounting for over 40 percent of the office

buildings that obtained Energy Star certifications over this period (Energy Star 2018d).

We first estimate the effect of Energy Star certification on office rental rates per square foot.

Energy Star certification is a voluntary program, which could lead to selection bias in our estimates.

We combine one-to-one matching and postmatching regressions to mitigate the selection problem.1

Using a differences-in-differences approach, we find that rents increase by 3.7 percent following

Energy Star certification relative to similar but uncertified buildings. This estimate falls within the

range of 3 to 9 percent rent increases found in previous studies (Eichholtz, Kok, and Quigley 2010;

Papineau 2017).

Next, we evaluate the relationship between Energy Star certification and utility expenditures.

We take advantage of the information included in our data on utility expenditures, occupancy

rates, and capital expenditures. We find no effect of certification on utility expenditures using

the same differences-in-differences specification on our matched sample and controlling for building

fixed effects, city-by-year fixed effects, time-varying building characteristics, and local economic

conditions. These results are robust to tests for heterogeneity by Energy Star ratings, building age,

and building size.

Our data include capital investment expenditures at the building level. This information allows

1. A large body of literature has evaluated the effects of voluntary government programs. For example, Blackman,
Goff, and Rivera Planter (2018) combined propensity score matching and postmatching parametric regressions to
estimate the effect of forest certification on reductions in deforestation. Similar matching, postmatching regression
strategies and two-stage least squares strategies have been used to evaluate EPA’s voluntary pollution reduction
program, 33/50 (Vidovic and Khanna 2007).
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us to test whether buildings are investing in upgrades and improvements, including energy efficiency

improvements, to obtain an Energy Star certification. We find that buildings with relatively higher

capital expenditures see higher rents but not lower utility expenditures. Along those lines, we find

no evidence that building investments increase the likelihood of certification. Taken together, these

results suggest that building owners are not making capital investments to achieve Energy Star

certification.

These results suggest that Energy Star serves an information provision function, allowing build-

ing owners to communicate to prospective tenants the energy efficiency of their buildings relative

to other, similar buildings. However, the Energy Star program does not appear to cause building

owners to invest in building upgrades. Of the approximately 1,000 buildings that are Energy Star

certified in our sample, only 88 of them were built or upgraded in the three years before receiving

certification.

While our rich dataset includes information on both financial and energy performance and data

on building upgrades, it lacks information on the structure of leases. In particular, we do not know

how tenants are charged for utilities. The most common lease structure in office buildings is a net

lease, in which the building owner charges tenants for utilities and other expenses on an average

basis per square foot Thus those charges do not reflect actual energy usage by each tenant, as most

buildings do not have submetering. We assume that most buildings in the NCREIF sample employ

this type of lease, but we cannot know for sure, nor do we know if lease structures changed over

the period of our data.

We explore four potential explanations for why Energy Star increases rents but does not to

lead to changes in utility expenditure: (1) Energy Star certifies buildings that are already energy-

efficient. (2) Tenants sort in response to changes in a building’s Energy Star certification status. (3)

There is a rebound effect whereby lower energy costs induce an increase in energy use, offsetting the

efficiency improvements. (4) Energy Star is a signal of building quality for other building attributes.

Our exploration of existing building energy efficiency, tenant sorting, a rebound effect, and Energy

Star signaling other building attributes provides some explanation for why energy use might not

fall with certification.

Our paper builds on an existing literature that has documented the relationship between green

building certification (and energy efficiency) and rents or sale prices (Eichholtz, Kok, and Quigley
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2010; Eichholtz, Kok, and Quigley 2013; Kok and Jennen 2012; Walls et al. 2017; Asensio and

Delmas 2017; Papineau 2017; Qiu and Kahn 2019). These papers find increases in rent and sale

prices for commercial buildings and residential homes, more stable occupancy rates, and mixed

results on capitalization rates of energy efficiency depending on the context. The early work by

Eichholtz, Kok, and Quigley (2010) uses data from CoStar, a commercial real estate information

and analytics firm, to show that rental rates in certified office buildings are 3 percent higher than

in uncertified buildings, and for a small subset of buildings in their sample, financial performance

is closely related to energy performance. Other studies show that occupancy rates were higher in

green buildings than in nongreen buildings during the 2008–10 economic crisis (Eichholtz, Kok, and

Quigley 2013) and that sustainable buildings in Denmark command 5 percent higher rents than

nongreen buildings (Kok and Jennen 2012). Using an OLS model and the NCREIF dataset, Pivo

and Fisher (2010) find that Energy Star certification is correlated with 5.2 percent higher rents but

no changes in operating expenses (including utility expenditures).

Papineau (2017) estimates the effect of building codes on energy efficiency premiums for offices

using matching between buildings constructed just before and just after the building codes went

into effect. She finds that buildings subject to the more stringent building codes command rents

and sale prices that are 4 to 9 percent higher than buildings constructed before the standards

went into effect. Walls et al. (2017) find increases in home sale prices that correspond to expected

decreases in energy costs over the lifetime of a house.

Asensio and Delmas (2017) find a 19 percent decrease in energy use associated with Energy Star

certification in commercial buildings in Los Angeles. Their estimates, however, find no effects for

buildings in the 75th percentile or below in terms of energy use, demonstrating that the program

has large effects only for the biggest energy users. Qiu and Kahn (2019) find an 8 percent decrease

in energy use following Energy Star Certification in commercial buildings in the Phoenix area.

Their study uses electricity consumption data before and after certification for building renters and

owners. Qiu and Kahn match on precertification energy consumption, occupant industry code, and

location. However, they have only electricity consumption data and no detailed information about

the buildings themselves.

Our contribution to this literature is our national panel data, which include information on both

utility expenditures and rents for the same buildings, and our ability to directly evaluate whether
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building owners make upgrades and investments that might help the buildings earn Energy Star

certification. This allows us to tell a more complete story about the relationship between Energy

Star, rents, and utility bills, while ruling out other hypotheses about the effects of the Energy Star

program.

Our results demonstrate that office building rents increase by 3.7 percent following certification.

However, we do not find any evidence that building owners make energy efficiency updates in order

to obtain these certifications, and therefore, utility bills do not decrease leading up to or following

Energy Star certification. Using our unique data on building capital investments and renovations,

we provide additional suggestive evidence that tenants are not likely sorting immediately after

certification. In addition, using a simple model of rebound effects, we demonstrate that there is

little to no change in the underlying energy efficiency of certified buildings. Instead, our findings

suggest that the Energy Star program is likely identifying buildings that are already energy-efficient

and that certification could also be signaling other forms of building quality.

2 Background

2.1 Energy Star Certification

Energy Star, a federal program jointly managed by EPA and DOE, is designed to provide

consumers with information about the energy efficiency of a product or a building (Energy Star

2018a). The program started with computers and other electronics in 1992 and gradually spread

to appliances. The blue Energy Star label is the most widely recognized symbol of energy effi-

ciency in the United States (EPA 2018a). In 1999, EPA extended the labeling program to office

buildings (Energy Star 2018b). Energy Star for buildings is promoted as both improving financial

performance and providing building managers with an energy tracking tool.

For a building to be eligible for Energy Star certification, it must be in the bottom 25 percent of

energy use relative to similar buildings. To determine that threshold and a building’s eligibility, EPA

uses a system called Portfolio Manager. Owners and managers of both new and existing commercial

buildings submit their energy and water use data to the Portfolio Manager system. Using these

data and data from similar buildings from the Commercial Buildings Energy Consumption Survey

(CBECS), Portfolio Manager’s model predicts building energy consumption based on the building’s
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type (e.g., hospital, school, office), size, location, and operating hours. Then, using the outcome

of that prediction, Portfolio Manager generates a distribution of the ratio of actual to predicted

energy use. That distribution is used to calculate the building’s Energy Star score.2

Energy Star scores range from 1 to 100. Scores correspond to the building’s relative energy

efficiency: a building with a score of 50 uses less energy than 50 percent of similar buildings. If the

building earns a score of 75 or higher (meaning that the building is in the lowest 25th percentile

of energy users among comparable buildings), it is eligible to apply for Energy Star certification.

To complete the application, an energy audit ensures that the high score is not a result of deficient

energy services in the building, such as low lighting or poor temperature control (EPA 2018b). If

the building passes its energy audit, it has earned the Energy Star certification. See Appendix

A.1 for a more detailed description of the process to obtain Energy Star certification. Once a

building has been certified, it enters EPA’s labeled building registry and its Energy Star label can

be displayed. Figure 1 shows an example of an Energy Star label placed in a lobby. The label may

be displayed prominently to indicate to current and potential tenants that the building is energy

efficient relative to other, similar buildings.

Recent literature has proposed some improvements to the methodology used in the certifica-

tion process. One of these is using additional and updated data beyond those from the CBECS.

Energy benchmarking programs are becoming more common throughout the United States. These

programs increase the amount of self-reported data in Portfolio Manager. Hsu (2014) criticizes the

current methodology used to predict Energy Star scores because the CBECS data are outdated

relative to the buildings being certified. This delay is evident during the time period of our sample

and is due to both gaps between surveys and the time lapse between the survey and the update to

the data underlying Portfolio Manager. During our sample years, 2000–2015, three different rounds

of CBECS were used in Portfolio Manager. The 1995 CBECS was used from 1999 to 2003, the

1999 CBECS was used from 2004 to 2007, and the 2003 CBECS was used for the 11-year period

from 2008 to August 2018 (Energy Star 2020).

Hsu also notes that Portfolio Manager aggregates and thus tosses out useful information and

that the scores are not helpful for group comparisons because the data represent averages for a

2. For residential buildings, the program focuses on new construction. To receive the Energy Star label, a builder
must meet a set of requirements that should ensure the building is 15 percent more efficient than noncertified buildings.
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relatively small sample of buildings. The increasing number of local benchmarking policies means

that there is now a great deal of self-reported data in Portfolio Manager that could be added to

the Energy Star models to improve model fit and allow for more heterogeneity analysis by location

and building attributes.

Kontokosta (2015) recommends that city-specific econometric models be used to evaluate energy

use performance rather than the national CBECS. He also suggests that use of measures such as

energy use intensity (EUI), building energy use per square foot, rather than actual energy use

obfuscates the true energy performance of the building.

3 Data

Building Data

NCREIF is a member-based nonprofit association that represents the real estate investment

community. Every quarter, NCREIF publishes a property index that is a leading performance

indicator for commercial real estate (NCREIF 2020). In 1978, the organization began collecting data

on indicators of commercial real estate investment performance. Starting in 2000, data collection

increased to include more detailed building operating data, such as utility expenditure, building size,

and age (NCREIF 2017). NCREIF provided us with these panel data on building characteristics,

such as location, financial performance, and utility expenditures from 2000 to 2015.

NCREIF is a leading data provider for the commercial real estate community, as it collects and

maintains one of the few sources of data on utility expenditures, rents, sale prices, and a variety of

other building performance metrics for a large national sample of commercial buildings. NCREIF

has two types of memberships: data-contributing and non-data-contributing. To access NCREIF’s

wealth of commercial real estate data, firms must become members. If the firm has any real estate

assets under management, that firm is obligated to join NCREIF as a data-contributing member;

otherwise, it can join as a non-data-contributing member. As of 2019, NCREIF had over 160 data-

contributing members, including major investors such as Blackrock, Citigroup Property Investors,

and Greystar (NCREIF 2019).3 The NCREIF data cover investor-owned buildings, which are the

majority of commercial building space (Situs et al. 2015). One limitation of the data, however,

3. Please see here.
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is that membership in NCREIF fluctuates over time. Thus the data set we use in our analysis

represents an unbalanced panel of commercial buildings.

The NCREIF data contain 520,955 quarterly observations for 30,077 buildings beginning in

2000. Of these, we focus on office buildings because they are the most homogeneous building

type represented in the data and because building use is relatively consistent across tenants. The

NCREIF sample contains 6,475 office buildings.

We drop observations with square footage less than 10,000 or greater than 1,000,000, missing

or negative expenditures for utility bills, extreme values for utility expenditure and rent, missing

values for the number of floors, and problematic values for year built and percentage leased. We

also take steps to interpolate between quarterly observations to fill in some missing values for

utility expenditures. A more detailed description of the data cleaning and interpolation process is

presented in Appendix A.2.

To obtain each building’s certification status, we use publicly available data from EPA’s labeled

building registry (Energy Star 2018d). These data include information on building address, owner,

property manager, floor space, year constructed, Energy Star score, and certification year. We

match the Energy Star certification data to the NCREIF data based on addresses. We standard-

ize addresses between the two data sets and use an exact matching approach. By integrating the

EPA data with the NCREIF data, we observe both building Energy Star certification status and

operating information. We then aggregate the quarterly NCREIF data to the annual level, for two

reasons: First, we observe only the year a building is Energy Star certified, not the quarter. Sec-

ond, annual aggregation eliminates differences that are due to differences in billing cycles between

quarters between locations.

The final, annualized data set contains 22,819 observations for 4,185 unique buildings. Figure

2 depicts the geographic distribution of the 4,185 buildings in our sample by core-based statistical

areas (CBSAs). CBSAs are geographic areas around urban centers. Our data represent 100 CBSAs

across 42 states. The NCREIF office buildings represented in the data are typically in urban areas,

with the highest concentrations in New York, Los Angeles, Washington, DC, and San Francisco.

Of these 4,185 buildings, 1,048 obtained Energy Star certification between 2000 and 2015. We

compare the number of certified office buildings in our data with the number of certified office

buildings in EPA’s data. The labeled building registry from EPA has 2,555 unique office building
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certifications from 2000 to 2015 (Energy Star 2018d). We observe 41 percent of the office buildings

in EPA’s certification registry in the NCREIF sample.

Figure 3 shows the number of office buildings that get certified in each year and the average

Energy Star score of those certifications in the EPA labeled building registry. The number of office

buildings that earn a certification in any given year is increasing over time, as are average Energy

Star scores.

We also match the NCREIF data with other controls, including energy prices, weather, and local

unemployment rates. More details on the various data sources we used can be found in Appendix

A.3.

Merged Data Set

Table 1 reports summary statistics for the buildings in our sample by Energy Star certification

status before and after certification. The average certification year in our sample is 2009. In order

to measure pre- and postcertification for the buildings that never get certified, we split the sample

before and after 2009. We report the mean and the standard deviation for each covariate we

include in any later analysis. Our outcome variables of interest are rent per square foot and utility

expenditure per square foot.

On average, uncertified buildings spent $1.66 on utilities per square foot before 2009 and $1.53

after 2009; certified buildings spent $1.76 before certification and $1.60 after certification. Similarly,

for rent per square foot, uncertified buildings earned $16.66 before 2009 and $14.22 after 2009;

certified buildings earned $17.94 before certification and $17.25 after certification. Buildings that

get certified are larger and slightly newer, on average, than buildings that do not get certified.

4 Empirical Model and Considerations

We use two main empirical specifications, a differences-in-differences approach and an event

study approach, to evaluate the relationships between both rents and utility expenditures and

Energy Star certification. The differences-in-differences specification estimates the average long-

run effect of certification on building rents and utility expenditure. We supplement this analysis

with an event study specification. The event study regressions provide suggestive evidence for

the parallel trends assumption necessary for our differences-in-differences results to be interpreted
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causally. In addition, the event study estimates shed light on the dynamic effects of certification

over time.

4.1 Differences-in-Differences

We use a differences-in-differences specification to assess how Energy Star certification affects

annual rents and utility expenditures per square foot. A differences-in-differences approach allows

us to estimate the average effect of certification while controlling for both unobserved time-invariant

differences among buildings and time-varying differences such as weather and building occupancy:

ln(Y/sq.ft.)itc = βXit + δ[certi ∗ postit] + γi + µtc + εitc (1)

where Y is either rent or utility expenditure for building i in year t in city c; Xit includes time-

varying controls such as occupancy rates and energy prices; [cert ∗ post]it represents an interaction

term between two dummy variables, cert, which is equal to one if building i is certified, and post,

which is equal to one if the building has been certified by time t; γi represents building-level fixed

effects; µct are city-year fixed effects; and εitc is an idiosyncratic error term.

The parameter estimate of δ is the effect of Energy Star certification on rents or utility ex-

penditure per square foot. Because our dependent variable is logged, δ is the average percentage

change in rent or utility expenditure per square foot following Energy Star certification. For δ to

be an unbiased estimate of the effect of Energy Star certification on rents and utility expenditures,

buildings that get a certification and those that do not must have parallel trends in rent and utility

expenditure absent the certification, conditional on other controls and fixed effects.4 Of the 1,048

buildings in our sample that obtained certification, 748 got recertified at some point in the sample.

We use the year of first certification as the treatment effect to evaluate the effect of being certified

for the first time.

We estimate equation (1) using both matched and unmatched samples to investigate the nature

4. Appendix figure A.1 depicts the trends in rent per square foot in both the unmatched and matched samples.
Recall that for the uncertified buildings, the treatment year is 2009, which is the mean certification year in the
sample. These figures show that average rent in both the uncertified and certified samples display parallel trends in
the pretreatment period. We will test this assumption using an event study design. Appendix Figure A.2 shows the
trends in utility expenditure per square foot in the matched and unmatched samples. Versions of Figures A.1 and
A.2 for the sample of buildings matched on time-varying characteristics can be seen in Appendix Figures A.3 and
A.4, respectively.
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of selection into the program. Matching limits our sample to similar buildings. In addition, in each

regression specification, we control for various combinations of time-varying building characteristics,

such as percentage of the building leased, effective space (square footage multiplied by percentage of

the building leased), annual capital expenditures made for tenant improvements (costs to construct

or reconstruct space in the building that a new tenant will occupy), capital expenditures made for

building improvements (expenditures made to improve building space that cannot be attributed to

tenants, such as parking area, roof, and HVAC systems), the age of the building, and the financial

fund type in which the building is held (whether the building is held in a REIT, a closed-ended

fund, an open-ended fund, or an alternative type of financial fund).

We also control for other time-varying characteristics that would affect the building’s electricity

use and a manager’s decision to invest in an Energy Star certification, such as heating degree

days, cooling degree days, and local unemployment rates. We include various combinations of fixed

effects, such as property fixed effects, to control for any unobservable time-invariant characteristics

of the building or its tenants, and city-by-year fixed effects, to control for factors that affect the

cities in our sample differentially.

The effect of Energy Star certification on rent could be simply a labeling effect or an effect

that is related to building upgrades associated with the certification process. If the parallel trends

assumption is satisfied, δ is an average, long-run effect of certification on rents and utility expen-

ditures. For both rent and utility expenditure, we use the year of certification as the treatment

year. This is the year the building’s Energy Star label can start being displayed and the infor-

mation becomes available to tenants. However, if a building’s owner is making energy efficiency

improvements in the years leading up to certification, then we may see effects prior to certification.

Thus we include robustness checks for treatment in the year prior to certification for both rent and

utility expenditure.

4.1.1 Selection

Green labeling programs are often voluntary; obtaining a green certification such as LEED, the

US Green Building Council’s certification for the sustainability of a building, or Energy Star is up

to the discretion of the property manager or owner (Green Building Council 2020). How selection

could bias our results for both rent and utility expenditure, however, is theoretically ambiguous.
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There are two potential types of selection. The first is positive selection—the buildings with the

best energy efficiency performance self-select into a green certification program. Buildings could

have their HVAC systems upgraded and undergo other renovations at the same time, such as new

paint or carpets. These renovations are both correlated with the decision to undergo certification

and increases in rent. Any statistical analysis that evaluates the effect of certification on rent would

find an upward-biased result, and similarly, analysis of certification and utility expenditure would

find a downward-biased result. The treatment group has buildings that perform better, on average,

than buildings in the control group.

The second case arises if the nicest and newest buildings do not need an Energy Star label

to signal their energy efficiency to tenants. These buildings do not incur the costs to obtain a

certification. The buildings for which certification is valuable are those that cannot easily inform

potential tenants about their energy efficiency. These buildings select into certification, leading to

a downward bias in the estimates of the effect of certification on rent.

To evaluate whether there is selection on observable characteristics into Energy Star certified

buildings, we use two-sided t-tests. Table 2 shows those two-sided t-tests comparing certified

and uncertified buildings for all variables we include in our empirical specifications. There are

statistically significant differences in the means of the pretreatment variables besides gas price and

the percentage leased, indicating that buildings that ultimately get certified differ from those that

do not. To mitigate concerns over selection bias, we combine matching and panel fixed-effects

regressions as described in the next section.

4.1.2 Matching

We use matching to preprocess our data before estimating the parametric differences-in-differences

model in equation (1). In addition to addressing selection, combining matching with parametric

specifications likely reduces bias associated with selection, model misspecification, and omitted vari-

able bias (Imbens and Wooldridge 2009; Rubin 2006). We construct a sample matching certified

and uncertified buildings using Mahalanobis covariate matching without replacement with calipers

equal to one standard deviation. That is, we match certified buildings to similar uncertified build-

ings using a Mahalanobis distance metric. We drop all observations without a match within one

standard deviation. This matching procedure yields a sample with 990 certified buildings and 990
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uncertified buildings and 12,220 total annual observations.

We match on time-invariant characteristics of the building, such as square footage, year built,

location, number of floors, whether the building is subject to benchmarking and disclosure laws,

and the year of last renovation. We also use an alternative strategy where we match on both

time-varying and time-invariant characteristics.

The t-tests for the matched sample are reported in Table 3.5 Matching on time-invariant

characteristics recovers balance on electricity prices, gas prices, the share of the building leased,

and capital expenditure for building improvements. We use our matched sample to estimate the

parametric models in equations (1) and (2) to control for any remaining covariate imbalances.

Previous research evaluating the effect of green certification programs has also had to contend

with selection bias. The most common strategy to mitigate the selection problem is geographic

matching. Researchers compare certified buildings with uncertified buildings within a set radius (a

buffer) around the certified buildings (Eichholtz, Kok, and Quigley 2010). However, it is possible

that geographic proximity does not mitigate selection bias. This strategy of matching on geographic

proximity could fail to capture all the relevant differences between buildings that obtain certification

and those that do not. Thus our methodology represents an improvement over strict geographic

matching, as we have panel data and can use fixed-effects and other building characteristics in

addition to location.

Trimming the sample of buildings that never get certified without a match in the certified

sample changes the relationship in the levels of utility expenditure between uncertified and certified

buildings. In the unmatched sample, buildings that get the certification spend more each year, on

average, on utilities per square foot than buildings that never get a certification. In the matched

sample, certified buildings spend less per square foot on utilities than buildings that do not get

certified.6

5. We report balance tests for the alternative matching specification on both time-varying and time-invariant
characteristics in Appendix Table A.1

6. See Appendix Figures A.1 to A.4.
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4.1.3 Does Certification Increase Rents or Decrease Utility Expenditure?

We estimate equation (1), where the outcome variable is the natural log of rent per square

foot.7Table 4 reports the results from equation (1) using various combinations of controls and fixed

effects. Energy Star certification is associated with a 3.7 percent increase in rent per square foot,

reported in column 3. Column 3 is our preferred specification because it includes a wide range of

time-varying controls in addition to property fixed effects and city-by-year fixed effects. The point

estimates are stable to including different sets of covariates. The inclusion of property fixed effects

increases the point estimate from 2.8 percent (column 2) to 3.7 percent (column 3), suggesting that

matching in conjunction with other controls captures important differences between certified and

uncertified buildings. Additionally, our estimates are within the range of 3 to 9 percent found in

previous studies (Eichholtz, Kok, and Quigley 2010; Papineau 2017).8

The interpretation of this increase in rent depends on how certification affects the behavior of

building owners and tenants, some of which might be captured in the effects on utility expenditure.

If we observe decreases in utility expenditure, it might be the case that buildings are making energy

efficiency upgrades in order to obtain an Energy Star certification. If we do not observe decreases in

utility expenditure, it might be the case that (a) Energy Star has been labeling buildings that are

already energy efficient, (b) tenants have sorted in response to the information that some buildings

are relatively more energy-efficient, or (c) tenants have rebounded and increased their electricity

use. Thus the observed increases in rent could represent transfers from tenants to landlords for

energy efficiency.

Table 5 shows the estimates from equation (1) for utility expenditure per square foot on the

matched sample.9 We find that Energy Star certification is associated with no change in utility

expenditure. In our preferred specification in column 3, we find a point estimate of -1.0 percent that

7. Before trimming the sample of buildings without a match, we find that rent per square foot increases by 5.9
percent, on average, after certification (Appendix Table A.2 column 3. This estimate is very close to the 6 percent
increase in rent found by Eichholtz, Kok, and Quigley (2010). The point estimates are smaller in magnitude in the
matched sample than they are in the unmatched sample. The decrease in the size of the estimated effect between the
matched and unmatched samples suggests that there is positive selection into certification. This finding that Energy
Star certification increases rent is consistent with other literature evaluating the financial performance of buildings
following Energy Star certification.

8. Appendix Table A.3 shows a robustness check for our equation (1), where we include the year prior to certification
in the treatment period. We find estimates similar to those shown in Table 4, which uses the definition of treatment
beginning in the certification year.

9. For the unmatched sample, we find that an Energy Star certification is associated with a 2.4 percent increase
in utility expenditure (Appendix Table A.7 column 3).

14



is statistically insignificant.10 The inclusion of property-level fixed effects in the utility expenditure

regression changes the sign on the point estimates; however, all estimates are still indistinguishable

from zero.11

4.2 Event Study

To provide evidence for the parallel trends assumption necessary for equation (1), we use an

event study framework. This event study also allows us to estimate heterogeneous treatment effects

over time. For example,

ln(Y/sq.ft.)itc = βXit +

t=15∑
t=−15

δt[certi ∗ ∆it = t] + γi + µtc + εitc (2)

Equation (2) estimates changes in rents and utility expenditures in the years before and after

a building’s first Energy Star certification. All terms are the same as in equation (1) except

[cert ∗∆it = t], which is a dummy variable equal to one for certified buildings if ∆it = t, where ∆it

is the difference in years before and after certification. We control for building-level time-varying

characteristics, property fixed effects, and city-by-year fixed effects. If the point estimates of δt are

statistically indistinguishable from zero before certification, we reject the null hypothesis that the

trends are not parallel in the preperiod.

In addition to providing support for the parallel trends assumption necessary for equation

(1), the event study allows us to evaluate whether there are time-varying effects of Energy Star

certification. For rent, tenants may not value a certification from five years ago as much as they

value a certification from one year ago. Similarly, utility expenditure could be changing over time

in response to energy efficiency investments made by building managers or owners.

4.2.1 Event Study Results

Figure 4 shows the coefficient estimates, and Table 6, column 1 shows the point estimates using

the same controls as used in column 3 of Table 4.12 All point estimates are relative to two years

10. Appendix Table A.8 shows a robustness check for equation (1), where we include the year prior to certification in
the treatment period. There is no evidence that Energy Star certification has a relationship with utility expenditures.

11. Appendix Table A.9 shows the estimates for the sample matching on time-varying and time-invariant charac-
teristics.

12. Appendix Table A.4, column 1 shows the same estimates for the unmatched sample. The differences between
the point estimates for rent suggest that there may be positive selection into certification. Appendix Figure A.5 and
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before certification.13

Energy Star certification is associated with a 5.8 percent increase in rent in the year of certi-

fication, a 6.0 percent increase the year after certification, a 4.7 percent increase two years after

certification, and so on. These point estimates for the years following Energy Star certification are

of roughly the same magnitude. The association between Energy Star certification and increases

in rents is statistically indistinguishable from zero for five years after certification, as are the point

estimates for all years prior to certification except the year right before.

The event study provides suggestive evidence that our parallel trends assumption holds for all

years except the year right before certification. In the year prior to certification, we find a 3.2

percent increase in rent for certified buildings relative to uncertified buildings. There are several

potential explanations for this effect. Buildings may be undergoing renovations to update their

energy efficiency at the same time that other updates are being made to the building. In that

situation, the building would earn the Energy Star certification at the time that the building is

improving overall. We use information on the timing of renovations to investigate this possibility

further in section 6.1. Building managers may also know that they are planning to obtain the

certification the next year. They may ramp up rents in anticipation of earning the certification,

which would also be an effect of certification. To explore this possibility, we conduct a robustness

test for all our differences-in-differences results, focusing on the year prior to certification. In our

robustness check matching on time-varying characteristics shown in Figure A.5, we demonstrate

that there is not a statistically significant increase in rent in the year before certification.

We estimate equation (2), the event study specification, to provide suggestive evidence for the

parallel trends assumption and to evaluate the dynamic effects of Energy Star certification on

utility expenditure. Figure 5 shows the point estimates and the 95th percentile confidence intervals

of the event-study regression, and Table 6, column 2 shows the coefficients. All point estimates are

relative to two years prior to certification, reflecting the fact that efforts to reduce utility bills to

obtain certification could precede the actual date of certification. In the preperiod, we can reject

the null hypothesis that there are not parallel trends leading up to the certification date. Following

Appendix Table A.5 show the same estimate for the matched sample using both time-varying and time-invariant
characteristics to perform the match.

13. We also include robustness checks where all estimates are relative to three years prior to certification. Figure
A.6 shows the point estimates and confidence intervals, and Table A.6 shows the point estimates for the treatment
effects and other coefficients.
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certification, we see no statistically significant relationship between Energy Star certification and

utility expenditure.

In the year of certification, we can rule out a greater than 4.4 percent increase and a greater

than 2.6 percent decrease in utility expenditure per square foot. The same estimates for the sample

matching on time-varying and time-invariant characteristics can be seen in Appendix Figure A.7

and Table A.5. Using this sample, we find no evidence that Energy Star certification is associated

with a decrease in utility expenditure. We also include a robustness check where all estimates are

relative to three years prior to certification. The point estimates and confidence intervals can be

seen in Figure A.8, and the coefficients can be seen in Table A.6. We investigate several possible

explanations for this null result in sections 5 and 6.

5 Heterogeneity by Energy Star Scores, Building Age, and Build-

ing Size

We find that Energy Star certification increases building rents by 3.7 percent and that there is

no detectable effect of certification on utility expenditure. However, these averages may be masking

important heterogeneity at the building level. Here we estimate heterogeneous treatment effects by

Energy Star scores, building size, and building age. These heterogeneous treatment effects allow

us to further investigate whether buildings with higher Energy Star scores perform better, whether

newer buildings perform better, or whether there are differential effects of certification by building

size.

5.1 Energy Star Score

Every building that obtains an Energy Star certification also receives an Energy Star score.

The scores range from 75 to 100; the higher the score, the better the energy performance of the

building relative to other, similar buildings. However, we observe no effect of certification on utility

expenditures on average. This leads us to ask whether there are heterogeneous treatment effects

between buildings with high and low Energy Star scores. Ex ante, we expect that tenants value

highly rated buildings more than lower-rated buildings and that the highly rated buildings would

have better energy performance than lower-rated buildings.
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The median Energy Star score for buildings in our sample when first certified is 80. Thus we

estimate two treatment effects: one for buildings with scores below the median Energy Star score

of 80 and one for buildings with scores above the median.14 We add an interaction effect for being

above the median score using a version of equation (1):

ln(Y/sq.ft.)itc = βXit+δ11[cert ∗ post]it+

δ21[Score > 80] ∗ [cert ∗ post]it + γi + µtc + εitc

(3)

where δ2 estimates the marginal effect of earning an Energy Star score above 80. The treatment

effect for buildings above the median Energy Star score is δ1 + δ2.

Column 1 in Table 7 shows the heterogeneous treatment effects of Energy Star certification

on rent. Buildings with a score below 80 charge rents that are 3.3 percent higher than buildings

that did not earn an Energy Star certification. The buildings with an Energy Star score of 80 or

above charge rents that are 4.3 percent higher than buildings that did not earn an Energy Star

certification. These results suggest that tenants are willing to pay higher rents, on average, in

buildings with Energy Star scores above the median. However, there is no statistical difference

between the point estimates.

Column 2 in Table 7 shows the same heterogeneous treatment effects for utility expenditure.

For buildings above and below the median, we find that the effects of certification on building

utility expenditure are not statistically different from zero or from each other.

5.2 Building Size

Asensio and Delmas (2017) find that larger buildings experience bigger decreases in their elec-

tricity bills as a consequence of Energy Star certification than smaller buildings. Here we examine

whether larger buildings experience different effects of Energy Star certification on rents and utility

expenditure. The median size of a building in the matched sample is 218,254 square feet, so we

estimate a heterogeneous treatment effect for buildings below and above the median size. We use

the same specification as in equation 3, substituting square footage for Energy Star score.

14. We estimate only two treatment effects because we do not have enough observations to estimate a separate
effect for every Energy Star score.
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Table 8 shows the results for rent and utility expenditure by size. Column 1 shows that smaller

certified buildings earn a 3.4 percent rental premium relative to uncertified buildings and that

there is no difference in rent premium for larger buildings. Similarly, column 2 shows no statistically

different effects by building size of certification on utility expendituress; neither buildings above nor

below the median size show statistically significant effects on utility expenditures from certification.

5.3 Building Age

Papineau (2017) estimates the rental and sales premiums from more stringent building codes

using detailed building-level data from CoStar. The author finds that rental values are 4 percent

higher in buildings that were constructed under more stringent codes. That result is driven by

buildings where tenants pay the electricity bills, suggesting that energy efficiency is capitalized into

building values. Buildings constructed more recently are subject to more stringent energy codes.

So it is possible that there are differential treatment effects for newer versus older buildings. The

median age of buildings in our sample is 19 years. Again, we use the same specification as in

equation (3), where the marginal treatment effect is for buildings that are more than 19 years old.

Table 9, column 1 shows that the marginal effect of certification on rents for buildings less

than or equal to 19 years old is 3.7 percent. There is no differential effect of being both certified

and older than 19 years on a building’s rental premium. Similarly, column 2 shows no statisti-

cally distinguishable effect of being certified and the age group the building belongs to on utility

expenditures.

6 Other Mechanisms

In this section, we explore four possible reasons that we find an increase in rent but no cor-

responding decrease in utility expenditures: (1) Energy Star certifies buildings that are already

energy-efficient. (2) Tenants sort in response to changes in a building’s Energy Star certification

status. (3) There is a rebound effect whereby lower energy costs induce an increase in energy use,

offsetting the efficiency improvements. (4) Energy Star is a signal of building quality for other

building attributes.
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6.1 Building Renovations

One possible reason we see increases in rent without corresponding decreases in utility expendi-

ture is that Energy Star certifies the buildings that are already the most efficient. Some buildings

are eligible for certification without any changes to their underlying energy efficiency. Appendix

Table A.1 shows that on average, utility expenditures are lower in buildings that get certified versus

buildings that do not get certified. This table also shows that the difference in utility expenditures

between certified and uncertified buildings in the precertification period is statistically significant.

Buildings that eventually get certified may not make energy efficiency upgrades to obtain certifi-

cation; rather, Energy Star certifies buildings that are already efficient. If buildings do not make

updates to obtain certifications, then we would see no effect of certification on utility expenditures,

while seeing positive effects of certification on rents.

The NCREIF data contain information on the last time each building was renovated. We

combine the information on the year the building was most recently renovated with the year the

building was constructed to determine the each building’s most recent update. This measure of

building renovation allows us to investigate the relationship between renovations and a building’s

certification status. It is possible that buildings that have been more recently constructed or

updated are more likely to obtain an Energy Star certification. We use simple linear probability

models to determine whether a more recent renovation increases the probability of certification and

the correlation between capital expenditures and Energy Star certification. These results provide

suggestive evidence about whether building owners are making improvements in order to obtain an

Energy Star certification.

In our matched sample of 1,980 buildings, 546 were either built or renovated between 2000 and

2015. Of these 546 buildings that were recently built or renovated, 307 of them became Energy

Star certified after the renovation, but of those 307, only 88 earned the certification within three

years of being constructed or updated.

To understand the relationship between building updates and certification, we estimate a linear

probability model to explore the correlation between being recently updated (or recently con-

structed) and certification, controlling for the level of capital expenditure and other building char-

acteristics:
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1[treat ∗ post]itc = βXit + δtRit + γi + τt + µtc + εitc (4)

where the dependent variable 1[treat∗post]itc is equal to one if the building is postcertification; Xit

are building-level time varying controls; Rit is a dummy variable equal to one in the year a building

gets updated and every year after; γi are building-level fixed effects; τt are year fixed-effects; µct

are city-year fixed effects; and εitc is an idiosyncratic error term with mean zero.

We estimate equation 4 using a variety of controls and fixed effects and report the results in

Appendix Table A.10. Using this simple linear probability model, we find no evidence of a statistical

relationship between a building’s updates (being updated, renovated, or constructed) and becoming

Energy Star certified.

One other mechanism by which Energy Star could improve building energy performance is via

investment in energy-efficient technologies. The NCREIF data contain information on quarterly

capital expenditures. While information specifically on energy-related investments is not available,

we observe expenditures on tenant improvements, costs incurred to construct space for tenant

occupancy, and other capital improvements that cannot be attributed to tenant space, including roof

improvements, parking lots, and HVAC systems. We use this information to estimate heterogeneous

treatment effects by the level of capital expenditure on these building improvements.

Most of the buildings that have obtained certification made some capital expenditures for build-

ing improvements in the years leading up to certification. Of the 990 certified buildings in the

matched sample, 854 have positive expenditures for building improvements in the three years lead-

ing up to certification. Of these, 437 had expenditures of more than $314,214, which is the median

capital expenditure for building improvements (including buildings that made zero expenditures).

It is possible that while buildings are undergoing renovations, their owners may also choose to

invest in energy efficiency in order to earn Energy Star certification. To determine whether there

are higher rental values or lower utility expenditures for buildings that make capital improvements,

we estimate the following heterogenous treatment effects model:
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ln(Y/sq.ft.)itc = βXit+δ11[cert ∗ post]it+

δ21[Exp. ≥Med.] ∗ [cert ∗ post]it + γi + τt + µtc + εitc

(5)

where all terms are the same as in equation (1) except that δ2 estimates the marginal treatment

effect for buildings with capital expenditures for building improvements above the median amount.

The treatment effect for buildings with expenditures above the median is δ1 + δ2. We also use

equation (5) to estimate heterogeneous treatment effects for the 854 buildings with any positive

expenditure for improvements.

Table 10 shows the resulting estimates from equation (5). Column 1 shows that there is no

differential treatment effect of certification on rents for buildings whose owners invested in building

improvements the three years prior to certification. Column 2 shows that buildings whose owners

spent above the median amount on building improvements earn rents that are 5.48 percent higher

per square foot after certification than rents in uncertified buildings. These results suggest that

the estimate of the average effect of certification on rents in equation (1) is driven by buildings

with recent large expenditures on improvements. Column 3 shows no evidence of a differential

effect of certification on utility expenditure per square foot for buildings that invested in building

improvements in the three years prior to certification. Column 4 shows no differential effects for

utility expenditure, and as before, estimates are indistinguishable from zero. These findings suggest

that Energy Star certification may be correlated with other positive aspects of the buildings. It is

important to note that these expenditures for building improvements do not include expenditures

to improve tenant space, but rather improvements to common spaces or the building as a whole.15

6.2 Tenant Types

One possible reason we find no evidence of a relationship between Energy Star certification and

utility expenditure is tenant type. Once a building is Energy Star certified, more energy-intensive

tenants may move into the building. This type of tenant sorting would be efficient, with the most

energy-intensive tenants moving into the most energy-efficient buildings. With tenant sorting, we

15. Expenditures for tenant space would include updated carpets or paint for the spaces that tenants occupy.
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could see decreases in utility expenditure if the building is very efficient, had no change, or even had

an increase in utility expenditure. The opposite type of sorting could also occur. Once a building

earns certification, green companies could move in. For example, as of December 2010, all federal

agencies are required to lease office space in Energy Star certified buildings.

While we do not observe building occupant types, we do observe occupancy rates, which we

control for in all our specifications. We also estimate a version of equation (1) where the outcome

variable is percentage leased. This specification allows us to determine whether certification has

any effect on occupancy rates in certified buildings. Appendix Table A.11 shows the results of this

regression. Column 3 shows a precisely estimated zero effect of certification on building occupancy

rates. Given that we find no effect of expenditure on building improvements on utility expenditure

or the timing of renovation on certification, these results suggest that building owners are not

making efficiency upgrades to obtain certification. If anything, as more energy-intensive tenants

move into Energy Star certified offices, we might expect to see increases in utility expenditures

if there are no underlying changes in the building’s energy efficiency. We would expect to see

decreases in utility bills only if buildings were updated and there was not enough tenant sorting or

rebound to offset those gains in energy efficiency.

Qiu and Kahn (2019) find that in the Phoenix area, Energy Star certified buildings are often

occupied by energy-intensive tenants. However, they also show that it is unlikely that tenants move

in response to changes in a building’s certification status, suggesting that it is unlikely changes in

tenant type are driving our results. In addition, Jaffee, Stanton, and Wallace (2019) find a positive

association between triple-net leases and building sale prices. Triple-net leases, where tenants

have to pay for electricity, insurance, and property taxes, may encourage tenants to decrease their

electricity use because they are responsible for a share of the building’s utility bills proportional to

the amount of space they lease in the building. However, we are unable to test this relationship in

our data, as we do not observe lease types.

6.3 Rebound

Another possible explanation for Energy Star certification having no effect on utility expen-

diture is the rebound effect. This occurs when improvements in technology make consuming en-

ergy services less expensive, and thus individuals may increase their use of those services, leading
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to lower-than-expected energy savings from an efficiency improvement (Gillingham, Rapson, and

Wagner 2016).

It is possible that once a building makes energy efficiency updates, tenants recognize the change

and increase their energy use in response. So rather than seeing decreases in utility expenditure,

we may observe little to no change in utility bills, depending on the size of the rebound effect. If

energy services (such as heating and cooling) now use less electricity than they did before, tenants

can use more energy services without increasing their utility bills. Resulting changes in utility bills

depend on three factors: energy prices, demand for energy services (such as lighting and cooling),

and the energy intensity of those services (their energy efficiency).

We have developed a simple model to estimate bounds on the change in the underlying energy

efficiency of a building using our estimates of the change in utility bills combined with previous

estimates of the rebound effect. The change in utility bills decomposed into utility prices, energy

services, and those services’ energy intensity can be represented as

dln(Utility Expenditure)

dE∗
=
dln(p ∗ q ∗ e)

dE∗
=
dln(p)

dE∗
+
dln(q)

dE∗
+
dln(e)

dE∗
(6)

where E∗ is Energy Star certification, p represents electricity prices, q represents energy services

(e.g., lumens of lighting or cubic feet of space cooled), and e is energy intensity of q (e.g., kWh

per lumen of lighting or kWh per cubic foot of space cooled). Thus equation (6) represents the

change in utility expenditure from the change in certification status as a function of energy prices,

energy services, and energy efficiency. We can then evaluate each part of the expression separately

using our estimates of the change in utility bills and previous estimates from the literature on the

rebound effect.

For the first term in equation (6), energy prices do not change given a building’s Energy Star

certification status, E∗, so the change in energy prices in response to changes in a building’s

certification status is zero: dln(p)
dE∗ = 0.

The second term can be rewritten by multiplying and dividing by dln(e)
dln(e) , yielding

dln(q)

dE∗
=
dln(q)

dln(e)

dln(e)

dE∗
(7)

Substituting in that new second term and rearranging, we have
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dln(Utility Expenditure)

dE∗
= 0 +

dln(q)

dln(e)

dln(e)

dE∗
+
dln(e)

dE∗
(8)

=

(
dln(q)

dln(e)
+ 1

)
dln(e)

dE∗
(9)

= (ε+ 1)(%impact of Energy Star on Efficiency) (10)

where ε < 0 represents the elasticity of energy services with respect to energy intensity, or one

measure of the rebound effect (the more energy-intensive, the less energy services tenants use). If the

effect of certification on utility expenditure is zero, as we find, there are two possible explanations:

either the elasticity of energy services with respect to energy intensity is exactly equal to -1, so

the first term of the equation cancels, or the effect of Energy Star on efficiency is zero, or some

combination of the two.

The elasticity of energy services with respect to their energy intensity, ε < 0, encompasses the

rebound effect. If, as energy intensity goes down, the total amount of energy services demanded

goes up by more than one, gains in energy efficiency might be more than offset by increases in

electricity use. Gillingham, Rapson, and Wagner (2016) review the literature on elasticities of

energy services and report estimates ranging from -0.05 to -0.40, suggesting a direct rebound effect

on the order of -5 to -40 percent.

For any estimate in this range, the first term of equation (8) is positive. By plugging in an

elasticity estimate from that range and the range of estimates we find for the change in utility bills,

dln(Utility Expenditure)
dE∗ , we can estimate a bound on the effect of Energy Star certification on energy

intensity, dln(e)
dE∗ .

In our preferred specification, Table 5, column 3, we find a point estimate of -0.010 with a 95

percent confidence interval from -0.039 to 0.0194 for dln(Utility Expenditure)
dE∗ . We take the midpoint

of the range of elasticity estimates from the literature, which is -0.20, and estimate bounds on the

effect of Energy Star certification on changes in the underlying energy efficiency of the building,

dln(e)
dE∗ . Using the confidence interval around the point estimate (-0.039 to 0.0194) and a point

estimate for the elasticity of -0.20, the range for the effect of Energy Star on energy intensity is

-0.049 to 0.024. These bounds suggest that there are not large changes in the underlying energy
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efficiency of certified buildings.

6.4 Energy Star as a Signal of Building Quality

Energy Star may serve as a signal of a building’s quality for attributes beyond its energy

efficiency. Eichholtz, Kok, and Quigley (2010) use national real estate data from CoStar to estimate

the rental and sales premium from green labeling. The authors find that an Energy Star label is

associated with 3 percent higher rent and 7 percent higher rent per square foot in comparison

with nearby uncertified buildings. They also show that these rental premiums are larger than the

relative decrease in energy costs associated with renting in a green building. Thus they conclude

that green labels also provide intangible value, such as reputation or marketing, that renters or

buyers are willing to pay for above and beyond the energy savings. In our sample, average rent per

square foot is $17.25 and average utility expenditure per square foot is $1.60 for certified buildings.

For a tenant to be indifferent between paying 3.7 percent more in rent (or $0.64 more per square

foot), utility expenditures would have had to decrease by almost 40 percent for the change in utility

expenditure to be capitalized into rent. The large increases in rent relative to utility expenditure

per square foot suggest that Energy Star certification may represent an intangible labeling effect

or that it may signal something about the building’s underlying quality.

Energy retrofits are considered deep retrofits if they achieve more than a 50 percent reduction

in energy use (Rocky Mountain Institute 2020).16 The 40 percent reduction in utility expenditures

necessary is almost on par with expenditures for deep energy retrofits. These deeper upgrades are

typically quite expensive. While we see that building owners that spend more capital on building

improvements charge higher rents, we see no differential effects for utility expenditure in Table 10.

These results provide some evidence that building owners are not making deep energy retrofits to

obtain Energy Star certification.

16. Deep retrofits include making larger upgrades to a building, such as replacing its windows rather than making
smaller upgrades to lighting. These big improvements are targeted toward achieving deeper savings than smaller
retrofits.
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7 Conclusion

Green labeling of commercial buildings has been found to increase the rents and sale prices those

buildings command. In this paper, we have investigated both changes in rent and changes in utility

expenditure following Energy Star certification. Using one-to-one matching and postmatching

regressions, we find that Energy Star certification increases building rents per square foot, but we

find no evidence of decreases in utility expenditures as a consequence of certification. The impacts of

certification on utility expenditures are likely to depend on the responses of both building owners

and tenants. In the absence of tenant re-sorting, we should expect to see building utility bills

decrease following Energy Star certification only if buildings had energy efficiency upgrades. We

find no evidence that landlords make such investments. We provide novel evidence that building

owners do not seem to make upgrades or capital investments to obtain an Energy Star certification.

Instead, our results suggest that Energy Star primarily certifies buildings that are already

energy-efficient and serves as a credible signal of energy efficiency or other building attributes that

enable landlords to charge higher rents. The accuracy of Energy Star methodology in identifying

up-to-date relative energy efficiency performance of commercial buildings in a given location is the

subject of some debate. More frequent updates, along with improvements in the underlying data

and methodologies like those suggested by Kontakosta and Hsu, might help make these estimates

more useful and credible.

While our findings are informative, they are likely not the last word on the effectiveness of

Energy Star. Because of data limitations, we are not able to address several margins relevant for

energy efficiency in this paper. We do not observe tenant information for our buildings, so we are

unable to discern whether tenants move in response to changes in a building’s certification status.

However, we find no evidence of changes in occupancy rates following Energy Star certification.

If the most energy-intensive tenants sort into the most efficient buildings, this sorting would rep-

resent an overall welfare gain to society. We also do not observe any extensive margin decisions.

It is possible that some buildings are constructed to be more efficient because of the existence

of programs such as Energy Star or LEED. Our identification strategy relies on within-building

changes in response to (or in search of) certification status, rather than on new buildings entering

the market.
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Overall, our findings suggest that Energy Star provides valuable information to tenants about

the relative energy efficiency of a potential space to lease. However, voluntary green labeling

programs may not ultimately encourage building owners to make energy efficiency updates as the

programs initially intended.

8 Tables and Figures

Figure 1: Energy Star Lobby Label
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Figure 2: NCREIF Properties by CBSA

Figure 3: Energy Star Certifications by Year
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Table 1: Summary Statistics by Certification Status

Mean Uncertified
Pre-2009

Mean Uncertified
Post-2009

Mean Certified
Pre-Cert

Mean Certified
Post-Cert

Util. per Sq. Ft. 1.656 1.533 1.761 1.603
(1.004) 1.027 0.842 0.642

Rent per Sq. Ft. 16.658 14.223 17.937 17.251
(7.594) 7.326 7.919 7.580

Square Feet (1000s) 215.729 205.180 282.277 337.422
(202.525) 192.274 228.579 256.855

Year Built 1984.593 1987.359 1986.404 1986.747
(14.477) 18.703 17.841 16.848

Benchmarking Law 0.000 0.072 0.004 0.057
(0.000) 0.259 0.062 0.232

Avg. Elec. Price ($/MWh) 88.639 89.531 90.440 90.960
(28.874) 27.597 29.146 26.192

Avg. Gas Price ($/Mcf) 8.937 6.782 8.994 7.304
(2.193) 1.716 2.245 2.023

Unemployment 5.247 7.688 5.619 7.264
(1.617) 2.036 2.069 2.109

HDD (1000s) 1.886 1.916 1.813 1.622
(1.658) 1.702 1.657 1.608

CDD (1000s) 4.998 5.199 5.339 5.631
(2.242) 2.379 2.450 2.506

Used Space (Pct. Leased * Sq. Ft.) (1000s) 187.737 170.960 246.604 293.465
(180.228) 167.069 205.946 230.171

Percent Leased (%) 0.873 0.835 0.877 0.865
(0.150) 0.187 0.144 0.130

Cap Exp./Sq. Ft. (Tenant Imp.) ($) 1.395 1.678 1.956 1.964
(3.429) 3.934 3.795 3.026

Cap Exp./Sq. Ft. (Bldg. Imp.) ($) 1.033 1.160 1.327 1.186
(7.444) 11.085 13.763 5.733

N 10,870 4,282 3,093 4,574

Standard deviations are reported in parenthesis. Each column reports the annual average and the standard deviation over

two time periods–before certification and after certification. For buildings that are never certified we define

before certification as before or in 2009 and after certification as after 2009.
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Table 2: Unmatched Sample: Balance Test

Mean Uncertified Pre-2009 Mean Certified Pre-Cert Diff. Std. Error

Util. per Sq. Ft. 1.761 1.656 −0.105∗ 0.020
Rent per Sq. Ft. 17.937 16.658 −1.279∗ 0.156
Square Feet (1000s) 282.277 215.729 −66.548∗ 4.251
Year Built 1986.404 1984.593 −1.811∗ 0.314
Benchmarking Law 0.004 0.000 −0.004∗ 0.001
Avg. Elec. Price ($/MWh) 90.440 88.639 −1.801∗ 0.590
Avg. Gas Price ($/Mcf) 8.994 8.937 −0.057 0.045
Unemployment 5.619 5.247 −0.372∗ 0.035
HDD (1000s) 1.813 1.886 0.073∗ 0.034
CDD (1000s) 5.339 4.998 −0.341∗ 0.047
Used Space (Pct. Leased * Sq. Ft.) (1000s) 246.604 187.737 −58.868∗ 3.795
Percent Leased (%) 0.877 0.873 −0.004 0.003
Cap Exp./Sq. Ft. (Tenant Imp.) ($) 1.956 1.395 −0.561∗ 0.072
Cap Exp./Sq. Ft. (Bldg. Imp.) ($) 1.327 1.033 −0.293 0.188

N 13,963

Standard deviations are reported in parenthesis. Each column reports the annual average and the standard deviation over

two time periods–before certification and after certification. For buildings that are never certified we define

before certification as before or in 2009 and after certification as after 2009.
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Table 3: Matched Sample: Balance Test

Mean Uncertified Pre-2009 Mean Certified Pre-Cert Diff. Std. Error

Util. per Sq. Ft. 1.739 1.839 0.100∗ 0.023
Rent per Sq. Ft. 17.684 17.638 −0.047 0.190
Square Feet (1000s) 271.348 299.234 27.886∗ 5.611
Year Built 1987.220 1983.502 −3.718∗ 0.408
Benchmarking Law 0.002 0.000 −0.002∗ 0.001
Avg. Elec. Price ($/MWh) 89.494 88.763 −0.731 0.711
Avg. Gas Price ($/Mcf) 9.008 9.044 0.036 0.055
Unemployment 5.615 5.211 −0.404∗ 0.045
HDD (1000s) 1.795 1.966 0.171∗ 0.041
CDD (1000s) 5.396 4.961 −0.435∗ 0.057
Used Space (Pct. Leased * Sq. Ft.) (1000s) 236.654 261.815 25.161∗ 5.032
Percent Leased (%) 0.877 0.878 0.001 0.003
Cap Exp./Sq. Ft. (Tenant Imp.) ($) 1.936 1.522 −0.413∗ 0.096
Cap Exp./Sq. Ft. (Bldg. Imp.) ($) 1.327 1.074 −0.253 0.260

N 6,667

Standard deviations are reported in parenthesis. Each column reports the annual average and the standard deviation over

two time periods–before certification and after certification. For buildings that are never certified we define

before certification as before or in 2009 and after certification as after 2009.
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Table 4: Matched Sample: Energy Star Certification and Rent Per Sq. Ft.

(1) (2) (3) (4)
ln(Rent/Sq. Ft.) ($) ln(Rent/Sq. Ft.) ($) ln(Rent/Sq. Ft.) ($) ln(Rent/Sq. Ft.) ($)

Cert*Post 0.055∗ 0.028∗ 0.037∗ 0.034∗

(0.015) (0.012) (0.011) (0.015)
1[treat=1] 0.066∗ 0.066∗

(0.026) (0.023)
Benchmarking Law 0.125 0.199 0.163

(0.233) (0.253) (0.266)
Avg. Elec. Price ($/MWh) 0.004 −0.002 0.000

(0.002) (0.001) (0.001)
Avg. Gas Price ($/Mcf) 0.048 −0.014

(0.038) (0.022)
Unemployment −0.122∗ 0.041 0.121∗

(0.055) (0.027) (0.046)
HDD (1000s) −0.097∗ −0.055 −0.038

(0.032) (0.036) (0.034)
CDD (1000s) −0.053∗ −0.010 −0.026

(0.026) (0.030) (0.034)
Building Age −0.003

(0.002)
Building Age Squared 0.000 0.000∗ 0.000∗

(0.000) (0.000) (0.000)
Used Space (Pct. Leased * Sq. Ft.) (1000s) 0.000 −0.001 0.001∗

(0.000) (0.000) (0.000)
Percent Leased (%) 1.105∗ 1.055∗

(0.078) (0.170)
Cap Exp./Sq. Ft. (Tenant Imp.) ($) −0.011∗ −0.013∗

(0.002) (0.001)
Cap Exp./Sq. Ft. (Bldg. Imp.) ($) −0.002∗ −0.002∗

(0.001) (0.001)
Constant 2.699∗ 2.264∗ 2.229∗ 2.017∗

(0.015) (0.558) (0.328) (0.483)
City by Year FE Y Y Y Y
Property FE Y Y

N 10,553 10,444 10,347 10,353

* p<0.05. The standard errors reported in parenthesis have been clustered at the CBSA level.
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Table 5: Matched Sample: Energy Star Certification and Utility Expenditure Per Sq. Ft.

(1) (2) (3) (4)
ln(Util/Sq. Ft.) ($) ln(Util/Sq. Ft.) ($) ln(Util/Sq. Ft.) ($) ln(Util/Sq. Ft.) ($)

Cert*Post 0.008 0.006 −0.010 −0.012
(0.040) (0.036) (0.015) (0.015)

1[treat=1] 0.012 0.028
(0.052) (0.051)

Benchmarking Law 0.149 0.177 0.189
(0.326) (0.240) (0.237)

Avg. Elec. Price ($/MWh) 0.000 0.001 0.001
(0.005) (0.002) (0.002)

Avg. Gas Price ($/Mcf) 0.153∗ −0.032∗

(0.043) (0.015)
Unemployment −0.176 0.042 0.068

(0.156) (0.054) (0.055)
HDD (1000s) −0.040 −0.048 −0.046

(0.054) (0.040) (0.040)
CDD (1000s) −0.040 −0.016 −0.017

(0.038) (0.037) (0.037)
Building Age 0.013∗

(0.002)
Building Age Squared 0.000∗ 0.000 0.000

(0.000) (0.000) (0.000)
Used Space (Pct. Leased * Sq. Ft.) (1000s) 0.000 0.000∗ 0.000

(0.000) (0.000) (0.000)
Percent Leased (%) 0.190 0.267∗

(0.110) (0.058)
Cap Exp./Sq. Ft. (Tenant Imp.) ($) 0.005∗ 0.005∗

(0.001) (0.002)
Cap Exp./Sq. Ft. (Bldg. Imp.) ($) −0.001 0.000

(0.001) (0.000)
Rent per Sq. Ft. 0.020∗ 0.021∗

(0.002) (0.002)
Constant 0.385∗ 0.177 −0.020 −0.304

(0.032) (1.380) (0.555) (0.550)
City by Year FE Y Y Y Y
Property FE Y Y

N 10,553 10,444 10,347 10,353

* p<0.05. The standard errors reported in parenthesis have been clustered at the CBSA level.
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Figure 4: Postmatch Event Study of Rent
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Table 6: Matched Sample: Energy Star Certification Event Study

(1) (2)
ln(Rent/Sq. Ft.) ($) ln(Util/Sq. Ft.) ($)

Benchmarking Law 0.203 0.178
(0.254) (0.241)

Avg. Elec. Price ($/MWh) −0.002 0.001
(0.001) (0.002)

Avg. Gas Price ($/Mcf) −0.011 −0.035∗

(0.024) (0.015)
Unemployment 0.035 0.040

(0.031) (0.057)
HDD (1000s) −0.051 −0.046

(0.034) (0.040)
CDD (1000s) −0.011 −0.015

(0.031) (0.037)
Building Age Squared 0.000∗ 0.000

(0.000) (0.000)
Used Space (Pct. Leased * Sq. Ft.) (1000s) −0.001 0.000∗

(0.000) (0.000)
Percent Leased (%) 1.055∗ 0.265∗

(0.171) (0.057)
Cap Exp./Sq. Ft. (Tenant Imp.) ($) −0.013∗ 0.005∗

(0.001) (0.002)
Cap Exp./Sq. Ft. (Bldg. Imp.) ($) −0.002∗ 0.000

(0.001) (0.000)
5 Years Pre-Cert −0.023 0.004

(0.030) (0.023)
4 Years Pre-Cert −0.011 0.000

(0.028) (0.026)
3 Years Pre-Cert 0.013 0.019

(0.029) (0.016)
1 Years Pre-Cert 0.032∗ 0.021

(0.015) (0.015)
Certification Year 0.056∗ 0.009

(0.020) (0.018)
1 Year Post-Cert 0.059∗ −0.008

(0.016) (0.020)
2 Year Post-Cert 0.044∗ 0.006

(0.016) (0.029)
3 Year Post-Cert 0.043∗ 0.008

(0.018) (0.041)
4 Year Post-Cert 0.036∗ −0.008

(0.017) (0.033)
5 Year Post-Cert 0.000 −0.006

(0.025) (0.032)
Rent per Sq. Ft. 0.020∗

(0.002)
Constant 2.238∗ −0.011

(0.337) (0.571)
City by Year FE Y Y
Property FE Y Y

N 10,347 10,347

* p<0.05. The standard errors reported in parenthesis have been clustered at the CBSA level.
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Figure 5: Postmatch Event Study of Utility Expenditure
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Table 7: Matched Sample: Heterogeneous Treatment Effects by Energy Star Score

(1) (2)
ln(Rent/Sq. Ft.) ($) ln(Util/Sq. Ft.) ($)

Cert*Post 0.033∗ −0.001
(0.012) (0.019)

1(Cert*Post*>Median) 0.010 −0.022
(0.022) (0.028)

Benchmarking Law 0.199 0.175
(0.253) (0.241)

Avg. Elec. Price ($/MWh) −0.002 0.001
(0.001) (0.002)

Avg. Gas Price ($/Mcf) −0.013 −0.033∗

(0.022) (0.015)
Unemployment 0.039 0.047

(0.029) (0.055)
HDD (1000s) −0.055 −0.049

(0.036) (0.039)
CDD (1000s) −0.010 −0.016

(0.029) (0.037)
Building Age Squared 0.000∗ 0.000

(0.000) (0.000)
Used Space (Pct. Leased * Sq. Ft.) (1000s) −0.001 0.000∗

(0.000) (0.000)
Percent Leased (%) 1.054∗ 0.269∗

(0.170) (0.058)
Cap Exp./Sq. Ft. (Tenant Imp.) ($) −0.013∗ 0.005∗

(0.001) (0.002)
Cap Exp./Sq. Ft. (Bldg. Imp.) ($) −0.002∗ 0.000

(0.001) (0.000)
Rent per Sq. Ft. 0.020∗

(0.002)
Constant 2.240∗ −0.045

(0.321) (0.558)
City by Year FE Y Y
Property FE Y Y

N 10,347 10,347

* p<0.05. The standard errors reported in parenthesis have been clustered at the CBSA level.
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Table 8: Matched Sample: Heterogeneous Treatment Effects by Square Footage

(1) (2)
ln(Rent/Sq. Ft.) ($) ln(Util/Sq. Ft.) ($)

Cert*Post 0.034∗ −0.004
(0.012) (0.019)

1(Cert*Post* > Median) 0.005 −0.011
(0.018) (0.017)

Benchmarking Law 0.198 0.177
(0.253) (0.239)

Avg. Elec. Price ($/MWh) −0.002 0.001
(0.001) (0.002)

Avg. Gas Price ($/Mcf) −0.014 −0.032∗

(0.022) (0.015)
Unemployment 0.041 0.042

(0.027) (0.054)
HDD (1000s) −0.056 −0.048

(0.036) (0.040)
CDD (1000s) −0.010 −0.016

(0.029) (0.037)
Building Age Squared 0.000∗ 0.000

(0.000) (0.000)
Used Space (Pct. Leased * Sq. Ft.) (1000s) −0.001 0.000∗

(0.000) (0.000)
Percent Leased (%) 1.055∗ 0.267∗

(0.170) (0.057)
Cap Exp./Sq. Ft. (Tenant Imp.) ($) −0.013∗ 0.005∗

(0.001) (0.002)
Cap Exp./Sq. Ft. (Bldg. Imp.) ($) −0.002∗ 0.000

(0.001) (0.000)
Rent per Sq. Ft. 0.020∗

(0.002)
Constant 2.230∗ −0.023

(0.329) (0.555)
City by Year FE Y Y
Property FE Y Y

N 10,347 10,347

* p<0.05. The standard errors reported in parenthesis have been clustered at the CBSA level.
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Table 9: Matched Sample: Heterogeneous Treatment Effects by Building Age

(1) (2)
ln(Rent/Sq. Ft.) ($) ln(Util/Sq. Ft.) ($)

Cert*Post 0.037 −0.012
(0.021) (0.019)

1(Cert*Post* > Median) 0.000 0.005
(0.025) (0.015)

Benchmarking Law 0.199 0.177
(0.253) (0.240)

Avg. Elec. Price ($/MWh) −0.002 0.001
(0.001) (0.002)

Avg. Gas Price ($/Mcf) −0.014 −0.033∗

(0.022) (0.015)
Unemployment 0.041 0.043

(0.029) (0.054)
HDD (1000s) −0.055 −0.048

(0.036) (0.040)
CDD (1000s) −0.010 −0.016

(0.029) (0.037)
Building Age Squared 0.000∗ 0.000

(0.000) (0.000)
Used Space (Pct. Leased * Sq. Ft.) (1000s) −0.001 0.000∗

(0.000) (0.000)
Percent Leased (%) 1.055∗ 0.267∗

(0.170) (0.057)
Cap Exp./Sq. Ft. (Tenant Imp.) ($) −0.013∗ 0.005∗

(0.001) (0.002)
Cap Exp./Sq. Ft. (Bldg. Imp.) ($) −0.002∗ 0.000

(0.001) (0.000)
Rent per Sq. Ft. 0.020∗

(0.002)
Constant 2.229∗ −0.018

(0.326) (0.554)
City by Year FE Y Y
Property FE Y Y

N 10,347 10,347

* p<0.05. The standard errors reported in parenthesis have been clustered at the CBSA level.
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Table 10: Matched Sample: Heterogeneous Treatment Effects by Capital Expenditures for Building Improvements

(1) (2) (3) (4)
ln(Rent/Sq. Ft.) ($) ln(Rent/Sq. Ft.) ($) ln(Util/Sq. Ft.) ($) ln(Util/Sq. Ft.) ($)

Cert*Post 0.030 0.008 −0.098 0.001
(0.050) (0.015) (0.076) (0.017)

1(Cert*Post*Exp.) 0.008 0.096
(0.049) (0.086)

Benchmarking Law 0.196 0.190 0.174 0.179
(0.253) (0.252) (0.243) (0.240)

Avg. Elec. Price ($/MWh) −0.002 −0.002 0.002 0.001
(0.001) (0.001) (0.002) (0.002)

Avg. Gas Price ($/Mcf) −0.014 −0.017 −0.033∗ −0.031∗

(0.022) (0.021) (0.015) (0.015)
Unemployment 0.041 0.040 0.065 0.042

(0.034) (0.028) (0.059) (0.054)
HDD (1000s) −0.054 −0.055 −0.049 −0.048

(0.035) (0.035) (0.040) (0.040)
CDD (1000s) −0.011 −0.012 −0.017 −0.016

(0.029) (0.029) (0.037) (0.037)
Building Age Squared 0.000∗ 0.000∗ 0.000 0.000

(0.000) (0.000) (0.000) (0.000)
Used Space (Pct. Leased * Sq. Ft.) (1000s) −0.001 −0.001 0.000∗ 0.000∗

(0.000) (0.000) (0.000) (0.000)
Percent Leased (%) 1.059∗ 1.057∗ 0.266∗ 0.267∗

(0.174) (0.173) (0.057) (0.057)
Cap Exp./Sq. Ft. (Tenant Imp.) ($) −0.013∗ −0.013∗ 0.005∗ 0.005∗

(0.001) (0.001) (0.002) (0.002)
1(Cert*Post*>Med. Exp.) 0.054∗ −0.020

(0.021) (0.022)
Rent per Sq. Ft. 0.020∗ 0.020∗

(0.002) (0.002)
Constant 2.231∗ 2.259∗ −0.181 −0.027

(0.346) (0.332) (0.559) (0.563)
City by Year FE Y Y Y Y
Property FE Y Y Y Y

N 10,347 10,347 10,347 10,347

* p<0.05. The standard errors reported in parenthesis have been clustered at the CBSA level.
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A Appendix

A.1 Energy Star

Commercial buildings could earn the Energy Star label beginning in March 1995. In November

2000, Portfolio Manager was introduced (Energy Star 2018b).

To receive the Energy Star label, a user must enter into Portfolio Manager 12 full calendar

months of energy data for all energy types, as well as complete data on property use details, such

as hours of operation and workers. Then, to determine the Energy Star score, Portfolio Manager

computes the actual energy use intensity (EUI) and the predicted source EUI based on the data

inputs. The ratio of the actual source EUI to predicted source EUI is the efficiency ratio, which is

then mapped to the Energy Star score.

A building is compared with other, similar buildings based on four elimination steps. First, the

building is compared only with buildings with the same basic operation type. Second, some basic

program filters are applied, such as hours of operation. Third, because of data limitations, some

building types may be eliminated, as they are not well represented in the Commercial Buildings

Energy Consumption Survey. Fourth, some analytical filters are applied prior to regression analysis

to eliminate outliers.

Portfolio Manager accounts for the fuel mix of the source of energy for the building. Additionally,

it makes some normalizations for building operating activity. Analysis is completed using weighted

ordinary least squares. Source EUI is predicted by given building characteristics, such as its size,

occupancy rates, weather, lighting type, and business activity. The stated goal of Portfolio Manager

“is to provide a 1-100 percentile ranking of performance, relative to the national population” ( EPA

2018b).

The same process is applied to office buildings for predicting Energy Star scores (EPA 2019).

With the data that the building managers have entered, Portfolio Manager runs simple linear

regression using data from CBECS to predict what a building’s energy use would be. Predicted

energy use is based on building characteristics such as hours in operation, computer use, floor area,

and outside climate. Then it uses the ratio from predicted versus actual electricity use to compute

a building’s Energy Star score. The scores range from 1 to 100 and correspond to where in the

distribution of electricity use a building falls. Higher scores indicate greater energy efficiency. If a



building earns a score of 75 or above, meaning that it is in the bottom 25th percentile of electricity

usage, it is eligible for Energy Star certification. A building audit is then required to verify that

indoor conditions meet Energy Star standards.17

A.2 Data Cleaning and Trimming

We take two steps to fill in data with missing observations for real utility expenditure per

square foot. In our original data set, we have 107,884 year-quarter observations for all building

types. Around 67 percent of these (72,548 year-quarter observations) have data for real utility

expenditure. If we annualize the data, keeping only years where we have a full year of data, we

have 18,137 observations. To fill in missing values, we proceed in two steps.

In the first step, if the building has at least one complete year of information, we take the ratio

of real utility expenditures for every quarter with every other quarter:

Q1
Q2 , Q1

Q3 , ... Q4
Q3

Then we take the median value for each separate ratio (within a specific property), so that we have

one term for each quarter-quarter ratio, using the median value of the ratio to project the variable

of interest for the missing quarter. For example, if quarter one is missing,

Q1 =
Q2∗med(Q1

Q2
)+Q3∗med(Q1

Q3
)+Q4∗med(Q1

Q4
)

3

This leads us to have around 88 percent of observations with data for utility expenditure per square

foot, or 94,696 observations. Annualizing the data results in 23,647 observations.

In our second step, we fill in observations for buildings that have data for at least four subsequent

quarters. For example, imagine a property that is in the NCREIF data for two years, 2003 and

2004, and has data for 2003Q2-2004Q3. First we take the median value by property for each

quarter, so that we have a measure of median(Q1), median(Q2), median(Q3), and median(Q4).

We take the ratio of the median values similarly to the first step, then we use the same procedure

to predict missing observations as above. This leads to 93 percent of observations with data for

utility expenditure per square foot, or 100,396 observations. Annualizing the data results in 25,099

observations with data for annual utility expenditure per square foot.

17. Buildings must have sufficient lighting and cooling to be verified.



A.3 Other Data Sources

Energy Prices

We merge the NCREIF data with quarterly commercial electricity prices per megawatt-hour

($/MWh), using data from the US Energy Information Agency (EIA). EIA collects data on monthly

revenues and electricity sales for most utilities in the United States on Form 826. We calculate

the average price per MWh for each utility company by dividing total revenue by total electricity

sold. We map each building to its utility service territory using a correspondence between zip codes

and utility service territory maps. If a zip code is served by more than one utility, we calculate a

weighted average based on each utility’s share of the zip code.

Similarly, we determine each building’s average natural gas price using data from EIA’s Form

176. Again, we calculate average natural gas prices by dividing total revenue by total volume sold

of natural gas. We report natural gas prices in price per thousand cubic foot (Mcf).18 We match

each building to its natural gas utility using a correspondence between zip codes and natural gas

service territories. All prices are converted to 2000$ using the Consumer Price Index.

Unemployment

To control for other local economic conditions that could be driving energy use or the decision

to apply for Energy Star certification, we match each building with local unemployment statistics

from the US Bureau of Labor Statistics (BLS).19 Local economic conditions are an important factor

in determining whether a building acquires an Energy Star certification. For example, the number

of Energy Star certified buildings spiked during the financial crisis of 2008–9. Figure 3 shows the

number of office buildings certified each year and average Energy Star scores. There was a large

increase in the number of buildings obtaining certification around the time of the financial crisis.

There is some evidence that green labeling improves building financial stability via higher rents and

higher occupancy rates, which was likely driving the increase in labeling during the crisis (Eichholtz,

Kok, and Quigley 2013; Kok and Jennen 2012).

Weather

Weather is one of the most important determinants of energy use. In 2018, the United States

18. One Mcf is equal to 1.036 million British thermal units (MMBtus).
19. The BLS constructs these data using information from the Current Population Survey, the Current Employment

Statistics program, and state unemployment insurance systems (BLS 2018).



generated more electricity than in any previous year, which the EIA attributes to a cold winter

and a hot summer (EIA 2018). We use weather data from NASA’s Land Processes Distributed

Active Archive Center to match each building with local weather conditions. These data provide

temperature information at a 1-square-kilometer resolution. We aggregate to the zip code level to

measure heating degree days (HDDs) and cooling degree days (CDDs) at the annual level. HDDs

and CDDs measure the number of days when the average daily temperature is above or below 65

degrees Fahrenheit, respectively.

A.4 Tables and Figures

Figure A.1: Trends in Rent per Square Foot

(a) Unmatched Sample (b) Matched Sample

Figure A.2: Trends in Utility Expenditure per Square Foot

(a) Unmatched Sample (b) Matched Sample



Figure A.3: Trends in Rent per Square Foot

(a) Unmatched Sample (b) Matched on Time-Varying Characteristics Sample

Figure A.4: Trends in Utility Expenditure per Square Foot

(a) Unmatched Sample (b) Matched on Time-Varying Characteristics Sample



Table A.1: Matched Sample: Balance Test

Mean Uncertified Pre-2009 Mean Certified Pre-Cert Diff. Std. Error

Util. per Sq. Ft. 1.718 1.609 −0.109∗ 0.025
Rent per Sq. Ft. 17.504 16.069 −1.435∗ 0.196
Square Feet (1000s) 227.225 226.803 −0.422 4.143
Year Built 1989.194 1987.935 −1.259∗ 0.331
Benchmarking Law 0.001 0.000 −0.001 0.001
Avg. Elec. Price ($/MWh) 88.231 88.304 0.072 0.757
Avg. Gas Price ($/Mcf) 9.085 8.806 −0.279∗ 0.060
Unemployment 5.508 5.573 0.065 0.053
HDD (1000s) 1.752 1.744 −0.008 0.045
CDD (1000s) 5.393 5.342 −0.051 0.064
Used Space (Pct. Leased * Sq. Ft.) (1000s) 200.292 199.386 −0.906 3.708
Percent Leased (%) 0.887 0.884 −0.003 0.004
Cap Exp./Sq. Ft. (Tenant Imp.) ($) 1.808 1.384 −0.423∗ 0.085
Cap Exp./Sq. Ft. (Bldg. Imp.) ($) 0.882 0.795 −0.087 0.091

N 5,137

Standard deviations are reported in parenthesis. Each column reports the annual average and the standard deviation over

two time periods–before certification and after certification. For buildings that are never certified we define

before certification as before or in 2009 and after certification as after 2009.



Table A.2: Unmatched Sample: Energy Star Certification and Rent Per Sq. Ft.

(1) (2) (3) (4)
ln(Rent/Sq. Ft.) ($) ln(Rent/Sq. Ft.) ($) ln(Rent/Sq. Ft.) ($) ln(Rent/Sq. Ft.) ($)

Cert*Post 0.061∗ 0.036∗ 0.058∗ 0.056∗

(0.014) (0.011) (0.012) (0.015)
1[treat=1] 0.119∗ 0.106∗

(0.028) (0.026)
Benchmarking Law 0.177 0.173 0.155

(0.178) (0.186) (0.195)
Avg. Elec. Price ($/MWh) 0.003∗ −0.001 0.000

(0.001) (0.001) (0.001)
Avg. Gas Price ($/Mcf) 0.003 −0.010

(0.030) (0.017)
Unemployment −0.038 0.067∗ 0.078∗

(0.048) (0.021) (0.029)
HDD (1000s) −0.098∗ −0.048∗ −0.033

(0.031) (0.019) (0.018)
CDD (1000s) −0.039 0.000 −0.008

(0.020) (0.019) (0.024)
Building Age −0.005∗

(0.001)
Building Age Squared 0.000∗ 0.000 0.000∗

(0.000) (0.000) (0.000)
Used Space (Pct. Leased * Sq. Ft.) (1000s) 0.000 −0.001∗ 0.001∗

(0.000) (0.000) (0.000)
Percent Leased (%) 1.135∗ 1.002∗

(0.041) (0.084)
Cap Exp./Sq. Ft. (Tenant Imp.) ($) −0.010∗ −0.012∗

(0.001) (0.001)
Cap Exp./Sq. Ft. (Bldg. Imp.) ($) −0.001 −0.002∗

(0.001) (0.001)
Constant 2.642∗ 2.070∗ 1.868∗ 2.160∗

(0.009) (0.409) (0.227) (0.243)
City by Year FE Y Y Y Y
Property FE Y Y

N 20,410 19,797 19,518 19,533

* p<0.05. The standard errors reported in parenthesis have been clustered at the CBSA level.



Table A.3: Matched Sample: Energy Star Certification and Rent Per Sq. Ft.

(1) (2) (3) (4)
ln(Rent/Sq. Ft.) ($) ln(Rent/Sq. Ft.) ($) ln(Rent/Sq. Ft.) ($) ln(Rent/Sq. Ft.) ($)

Cert*Post (Including Year Prior to Cert.) 0.056∗ 0.025∗ 0.047∗ 0.045∗

(0.015) (0.012) (0.012) (0.015)
1[treat=1] 0.060∗ 0.065∗

(0.026) (0.022)
Benchmarking Law 0.124 0.196 0.161

(0.234) (0.254) (0.267)
Avg. Elec. Price ($/MWh) 0.004 −0.002 −0.001

(0.002) (0.001) (0.001)
Avg. Gas Price ($/Mcf) 0.048 −0.014

(0.038) (0.023)
Unemployment −0.122∗ 0.033 0.114∗

(0.055) (0.029) (0.043)
HDD (1000s) −0.097∗ −0.056 −0.038

(0.032) (0.035) (0.033)
CDD (1000s) −0.053∗ −0.010 −0.026

(0.026) (0.030) (0.034)
Building Age −0.003

(0.002)
Building Age Squared 0.000 0.000∗ 0.000∗

(0.000) (0.000) (0.000)
Used Space (Pct. Leased * Sq. Ft.) (1000s) 0.000 −0.001 0.001∗

(0.000) (0.000) (0.000)
Percent Leased (%) 1.105∗ 1.054∗

(0.078) (0.169)
Cap Exp./Sq. Ft. (Tenant Imp.) ($) −0.011∗ −0.013∗

(0.002) (0.001)
Cap Exp./Sq. Ft. (Bldg. Imp.) ($) −0.002∗ −0.002∗

(0.001) (0.001)
Constant 2.698∗ 2.265∗ 2.281∗ 2.065∗

(0.015) (0.557) (0.332) (0.467)
City by Year FE Y Y Y Y
Property FE Y Y

N 10,553 10,444 10,347 10,353

* p<0.05. The standard errors reported in parenthesis have been clustered at the CBSA level.



Table A.4: Unmatched Sample: Energy Star Certification Event Study

(1) (2)
ln(Rent/Sq. Ft.) ($) ln(Util/Sq. Ft.) ($)

Benchmarking Law 0.173 0.139
(0.186) (0.169)

Avg. Elec. Price ($/MWh) −0.001 0.004∗

(0.001) (0.001)
Avg. Gas Price ($/Mcf) −0.008 −0.005

(0.018) (0.014)
Unemployment 0.067∗ 0.020

(0.023) (0.030)
HDD (1000s) −0.046∗ −0.043

(0.019) (0.029)
CDD (1000s) 0.001 −0.027

(0.019) (0.025)
Building Age Squared 0.000 0.000

(0.000) (0.000)
Used Space (Pct. Leased * Sq. Ft.) (1000s) −0.001∗ 0.000∗

(0.000) (0.000)
Percent Leased (%) 1.006∗ 0.128∗

(0.085) (0.047)
Cap Exp./Sq. Ft. (Tenant Imp.) ($) −0.012∗ 0.006∗

(0.001) (0.002)
Cap Exp./Sq. Ft. (Bldg. Imp.) ($) −0.002∗ 0.001

(0.001) (0.001)
5 Years Pre-Cert −0.039 0.005

(0.027) (0.021)
4 Years Pre-Cert −0.025 0.004

(0.024) (0.022)
3 Years Pre-Cert 0.002 0.020

(0.022) (0.017)
1 Years Pre-Cert 0.030∗ 0.012

(0.013) (0.010)
Certification Year 0.064∗ −0.003

(0.018) (0.013)
1 Year Post-Cert 0.077∗ −0.026

(0.019) (0.018)
2 Year Post-Cert 0.076∗ −0.018

(0.021) (0.022)
3 Year Post-Cert 0.082∗ −0.016

(0.021) (0.031)
4 Year Post-Cert 0.090∗ −0.036

(0.026) (0.024)
5 Year Post-Cert 0.058 −0.037

(0.030) (0.021)
Rent per Sq. Ft. 0.019∗

(0.003)
Constant 1.850∗ −0.278

(0.235) (0.286)
City by Year FE Y Y
Property FE Y Y

N 19,518 19,518

* p<0.05. The standard errors reported in parenthesis have been clustered at the CBSA level.



Figure A.5: Post-Time-Varying-Match Event Study of Rent

Figure A.6: Event Study of Rent Relative to Three Years Precert



Table A.5: Matched Sample: Energy Star Certification Event Study

(1) (2)
ln(Rent/Sq. Ft.) ($) ln(Util/Sq. Ft.) ($)

Benchmarking Law 0.067 0.201∗

(0.236) (0.070)
Avg. Elec. Price ($/MWh) −0.001 0.004∗

(0.001) (0.001)
Avg. Gas Price ($/Mcf) 0.008 −0.018

(0.012) (0.018)
Unemployment 0.085∗ 0.018

(0.027) (0.047)
HDD (1000s) −0.012 0.022

(0.015) (0.055)
CDD (1000s) 0.004 0.025

(0.023) (0.044)
Building Age Squared 0.000∗ 0.000

(0.000) (0.000)
Used Space (Pct. Leased * Sq. Ft.) (1000s) −0.002∗ −0.001∗

(0.001) (0.000)
Percent Leased (%) 1.089∗ 0.170∗

(0.159) (0.074)
Cap Exp./Sq. Ft. (Tenant Imp.) ($) −0.015∗ 0.011∗

(0.002) (0.002)
Cap Exp./Sq. Ft. (Bldg. Imp.) ($) −0.005∗ 0.006

(0.001) (0.003)
5 Years Pre-Cert −0.048 0.017

(0.029) (0.030)
4 Years Pre-Cert −0.027 0.013

(0.030) (0.023)
3 Years Pre-Cert 0.002 0.015

(0.027) (0.017)
1 Years Pre-Cert 0.023 0.004

(0.017) (0.014)
Certification Year 0.050∗ −0.011

(0.019) (0.018)
1 Year Post-Cert 0.048∗ −0.036

(0.021) (0.024)
2 Year Post-Cert 0.038 −0.032

(0.022) (0.030)
3 Year Post-Cert 0.050 −0.037

(0.025) (0.037)
4 Year Post-Cert 0.053∗ −0.083∗

(0.025) (0.031)
5 Year Post-Cert −0.004 −0.096∗

(0.033) (0.030)
Rent per Sq. Ft. 0.023∗

(0.003)
Constant 1.636∗ −0.546

(0.267) (0.519)
City by Year FE Y Y
Property FE Y Y

N 8,321 8,321

* p<0.05. The standard errors reported in parenthesis have been clustered at the CBSA level.



Table A.6: Matched Sample: Energy Star Certification Event Study

(1) (2)
ln(Rent/Sq. Ft.) ($) ln(Util/Sq. Ft.) ($)

Benchmarking Law 0.203 0.178
(0.254) (0.241)

Avg. Elec. Price ($/MWh) −0.002 0.001
(0.001) (0.002)

Avg. Gas Price ($/Mcf) −0.011 −0.035∗

(0.023) (0.015)
Unemployment 0.035 0.041

(0.031) (0.057)
HDD (1000s) −0.051 −0.046

(0.034) (0.040)
CDD (1000s) −0.011 −0.016

(0.031) (0.037)
Building Age Squared 0.000∗ 0.000

(0.000) (0.000)
Used Space (Pct. Leased * Sq. Ft.) (1000s) −0.001 0.000∗

(0.000) (0.000)
Percent Leased (%) 1.054∗ 0.264∗

(0.170) (0.057)
Cap Exp./Sq. Ft. (Tenant Imp.) ($) −0.013∗ 0.005∗

(0.001) (0.002)
Cap Exp./Sq. Ft. (Bldg. Imp.) ($) −0.002∗ 0.000

(0.001) (0.000)
5 Years Pre-Cert −0.033 −0.012

(0.022) (0.020)
4 Years Pre-Cert −0.022 −0.016

(0.017) (0.018)
2 Years Pre-Cert −0.008 −0.014

(0.025) (0.020)
1 Years Pre-Cert 0.023 0.005

(0.020) (0.025)
Certification Year 0.046∗ −0.006

(0.015) (0.027)
1 Year Post-Cert 0.049∗ −0.023

(0.018) (0.029)
2 Year Post-Cert 0.035 −0.009

(0.020) (0.035)
3 Year Post-Cert 0.034 −0.007

(0.024) (0.043)
4 Year Post-Cert 0.027 −0.023

(0.024) (0.040)
5 Year Post-Cert −0.009 −0.020

(0.033) (0.039)
Rent per Sq. Ft. 0.020∗

(0.002)
Constant 2.248∗ 0.004

(0.335) (0.567)
City by Year FE Y Y
Property FE Y Y

N 10,347 10,347

* p<0.05. The standard errors reported in parenthesis have been clustered at the CBSA level.



Figure A.7: Post-Time-Varying-Match Event Study of Utility Expenditure

Figure A.8: Event Study of Utility Expenditure Relative to Three Years Precert



Table A.7: Unmatched Sample: Energy Star Certification and Utility Expenditure Per Sq. Ft.

(1) (2) (3) (4)
ln(Util/Sq. Ft.) ($) ln(Util/Sq. Ft.) ($) ln(Util/Sq. Ft.) ($) ln(Util/Sq. Ft.) ($)

Cert*Post −0.015 −0.026 −0.024 −0.026
(0.037) (0.035) (0.013) (0.013)

1[treat=1] 0.150∗ 0.109∗

(0.046) (0.044)
Rent per Sq. Ft. 0.036∗ 0.019∗ 0.019∗

(0.005) (0.003) (0.002)
Benchmarking Law 0.390 0.138 0.159

(0.251) (0.168) (0.164)
Avg. Elec. Price ($/MWh) −0.003 0.004∗ 0.004∗

(0.002) (0.001) (0.001)
Avg. Gas Price ($/Mcf) 0.060 −0.006

(0.037) (0.015)
Unemployment 0.027 0.020 0.021

(0.064) (0.029) (0.031)
HDD (1000s) −0.034 −0.043 −0.046

(0.036) (0.029) (0.028)
CDD (1000s) 0.003 −0.027 −0.026

(0.023) (0.024) (0.024)
Building Age 0.012∗

(0.003)
Building Age Squared 0.000∗ 0.000 0.000

(0.000) (0.000) (0.000)
Used Space (Pct. Leased * Sq. Ft.) (1000s) 0.000 0.000∗ 0.000

(0.000) (0.000) (0.000)
Percent Leased (%) −0.605∗ 0.128∗

(0.121) (0.047)
Cap Exp./Sq. Ft. (Tenant Imp.) ($) 0.012∗ 0.006∗

(0.002) (0.002)
Cap Exp./Sq. Ft. (Bldg. Imp.) ($) 0.001 0.001

(0.001) (0.001)
Constant 0.235∗ −0.420 −0.265 −0.222

(0.016) (0.595) (0.283) (0.249)
City by Year FE Y Y Y Y
Property FE Y Y

N 20,410 19,797 19,518 19,533

* p<0.05. The standard errors reported in parenthesis have been clustered at the CBSA level.



Table A.8: Matched Sample: Energy Star Certification and Utility Expenditure Per Sq. Ft.

(1) (2) (3) (4)
ln(Util/Sq. Ft.) ($) ln(Util/Sq. Ft.) ($) ln(Util/Sq. Ft.) ($) ln(Util/Sq. Ft.) ($)

Cert*Post (Including Year Prior to Cert.) 0.019 0.017 0.005 0.005
(0.048) (0.044) (0.021) (0.021)

1[treat=1] 0.005 0.021
(0.055) (0.053)

Benchmarking Law 0.149 0.180 0.193
(0.326) (0.239) (0.236)

Avg. Elec. Price ($/MWh) 0.000 0.001 0.001
(0.005) (0.002) (0.002)

Avg. Gas Price ($/Mcf) 0.153∗ −0.033∗

(0.042) (0.015)
Unemployment −0.176 0.043 0.069

(0.157) (0.055) (0.056)
HDD (1000s) −0.039 −0.047 −0.044

(0.053) (0.040) (0.040)
CDD (1000s) −0.040 −0.016 −0.017

(0.038) (0.037) (0.037)
Building Age 0.013∗

(0.002)
Building Age Squared 0.000∗ 0.000 0.000

(0.000) (0.000) (0.000)
Used Space (Pct. Leased * Sq. Ft.) (1000s) 0.000 0.000∗ 0.000

(0.000) (0.000) (0.000)
Percent Leased (%) 0.190 0.268∗

(0.110) (0.058)
Cap Exp./Sq. Ft. (Tenant Imp.) ($) 0.005∗ 0.005∗

(0.001) (0.002)
Cap Exp./Sq. Ft. (Bldg. Imp.) ($) −0.001 0.000

(0.001) (0.000)
Rent per Sq. Ft. 0.020∗ 0.021∗

(0.002) (0.002)
Constant 0.384∗ 0.174 −0.026 −0.314

(0.032) (1.382) (0.566) (0.561)
City by Year FE Y Y Y Y
Property FE Y Y

N 10,553 10,444 10,347 10,353

* p<0.05. The standard errors reported in parenthesis have been clustered at the CBSA level.



Table A.9: Matched Sample: Energy Star Certification and Utility Expenditure Per Sq. Ft.

(1) (2) (3) (4)
ln(Util/Sq. Ft.) ($) ln(Util/Sq. Ft.) ($) ln(Util/Sq. Ft.) ($) ln(Util/Sq. Ft.) ($)

Cert*Post −0.025 −0.035 −0.027 −0.030
(0.056) (0.051) (0.018) (0.018)

1[treat=1] 0.198∗ 0.203∗

(0.065) (0.067)
Benchmarking Law 0.326∗ 0.204∗ 0.220∗

(0.143) (0.061) (0.078)
Avg. Elec. Price ($/MWh) −0.010 0.004∗ 0.004∗

(0.005) (0.001) (0.001)
Avg. Gas Price ($/Mcf) 0.156∗ −0.017

(0.060) (0.018)
Unemployment 0.133 0.016 0.012

(0.102) (0.043) (0.043)
HDD (1000s) −0.208∗ 0.019 0.023

(0.088) (0.054) (0.051)
CDD (1000s) −0.061 0.024 0.024

(0.054) (0.044) (0.043)
Building Age 0.011∗

(0.005)
Building Age Squared 0.000∗ 0.000 0.000

(0.000) (0.000) (0.000)
Used Space (Pct. Leased * Sq. Ft.) (1000s) 0.000 −0.001∗ −0.001∗

(0.000) (0.000) (0.000)
Percent Leased (%) −0.138 0.169∗

(0.165) (0.075)
Cap Exp./Sq. Ft. (Tenant Imp.) ($) 0.011∗ 0.011∗

(0.004) (0.002)
Cap Exp./Sq. Ft. (Bldg. Imp.) ($) 0.006 0.006

(0.004) (0.003)
Rent per Sq. Ft. 0.023∗ 0.022∗

(0.003) (0.003)
Constant 0.193∗ −0.427 −0.514 −0.512

(0.040) (0.733) (0.493) (0.451)
City by Year FE Y Y Y Y
Property FE Y Y

N 8,381 8,381 8,321 8,321

* p<0.05. The standard errors reported in parenthesis have been clustered at the CBSA level.



Table A.10: Matched Sample: Linear Probability Model of Updates on Probability of Certification

(1) (2) (3) (4)
Cert*Post Cert*Post Cert*Post Cert*Post

1[update] 0.007 0.003 −0.113 −0.113
(0.022) (0.020) (0.095) (0.094)

ln(Util/Sq. Ft.) ($) −0.006 −0.014 −0.016
(0.026) (0.015) (0.015)

ln(Rent/Sq. Ft.) ($) 0.117∗ 0.058∗ 0.046∗

(0.027) (0.017) (0.017)
Benchmarking Law −0.160 −0.254 −0.252

(0.134) (0.136) (0.136)
Avg. Elec. Price ($/MWh) −0.002 −0.001 −0.001

(0.002) (0.003) (0.003)
Avg. Gas Price ($/Mcf) 0.022 0.014

(0.021) (0.024)
Unemployment 0.008 −0.091 −0.094

(0.040) (0.052) (0.049)
HDD (1000s) −0.061 −0.092 −0.095

(0.031) (0.053) (0.054)
CDD (1000s) −0.011 0.028 0.028

(0.017) (0.030) (0.030)
Building Age Squared 0.000 0.000 0.000

(0.000) (0.000) (0.000)
Used Space (Pct. Leased * Sq. Ft.) (1000s) 0.000∗ 0.000∗ 0.000

(0.000) (0.000) (0.000)
Percent Leased (%) −0.040 −0.102∗

(0.048) (0.046)
Cap Exp./Sq. Ft. (Tenant Imp.) ($) 0.002∗ 0.000

(0.001) (0.001)
Cap Exp./Sq. Ft. (Bldg. Imp.) ($) −0.001 0.000

(0.001) (0.000)
Constant 0.372∗ 0.185 0.754 0.877∗

(0.005) (0.368) (0.483) (0.413)
City by Year FE Y Y Y Y
Property FE Y Y

N 10,553 10,444 10,347 10,353

* p<0.05. The standard errors reported in parenthesis have been clustered at the CBSA level.



Table A.11: Matched Sample: Energy Star Certification and Utility Expenditure Per Sq. Ft.

(1) (2) (3) (4)
Percent Leased (%) Percent Leased (%) Percent Leased (%) Percent Leased (%)

Cert*Post 0.017∗ 0.012∗ 0.000 0.000
(0.007) (0.006) (0.006) (0.006)

1[treat=1] 0.003 −0.008
(0.007) (0.006)

Rent per Sq. Ft. 0.010∗ 0.013∗ 0.013∗

(0.001) (0.002) (0.002)
Util. per Sq. Ft. 0.002 0.015∗ 0.016∗

(0.004) (0.007) (0.006)
Benchmarking Law 0.039 −0.005 −0.001

(0.027) (0.019) (0.018)
Avg. Elec. Price ($/MWh) −0.001 0.001 0.000

(0.001) (0.001) (0.001)
Avg. Gas Price ($/Mcf) −0.005 0.004

(0.010) (0.004)
Unemployment 0.034 0.076 0.085

(0.020) (0.046) (0.046)
HDD (1000s) 0.009 0.021 0.020

(0.009) (0.014) (0.014)
CDD (1000s) 0.010∗ −0.017 −0.016

(0.004) (0.009) (0.010)
Building Age −0.001

(0.001)
Building Age Squared 0.000 0.000 0.000

(0.000) (0.000) (0.000)
Square Feet (1000s) 0.000 0.001∗ 0.001∗

(0.000) (0.000) (0.000)
Cap Exp./Sq. Ft. (Tenant Imp.) ($) 0.000 0.002∗

(0.001) (0.001)
Cap Exp./Sq. Ft. (Bldg. Imp.) ($) −0.001∗ 0.000∗

(0.000) (0.000)
Constant 0.861∗ 0.549∗ −0.069 −0.052

(0.003) (0.195) (0.306) (0.292)
City by Year FE Y Y Y Y
Property FE Y Y

N 10,553 10,444 10,347 10,353

* p<0.05. The standard errors reported in parenthesis have been clustered at the CBSA level.
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