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1 Abstract

This paper reviews the existence of a pricing premium for LEED and Energy Star certified

buildings in the United States for commercial office building sales in three US cities (New York

City, Los Angeles, Washington D.C.). Previous literature has consistently found higher average

prices for buildings that are energy efficiency (LEED/Energy Star) certified. This pricing premium

has previously justified the use of certification programs for developers as a way to boost sales

and rental prices. However, most research for this topic is based on pre-2009 data. In this paper,

hedonic regression models are used to analyze office sales data from 2010 to 2018. Compared to past

literature that runs regressions on data from a large number of cities, this study uses regressions

models on same city data. This is meant to better understand the pricing dynamics between cities.

While the certification premium is significant in Washington D.C., it is not present in both Los

Angeles and New York City. The large discrepancies of the effect of certification programs between

cities suggests that the valuation of building characteristics is also highly dependent on location.

The large differences between cities challenges the effectiveness of using the hedonic pricing model

for understanding how buildings are priced, considering how difficult it is to completely control for

location related variables. The preliminary findings in this paper should be confirmed through the

use of more complete data from other cities in the future.
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3 Introduction

Considering the growing awareness of the relationship between climate change and energy

usage, companies and institutions are adapting to the need to meet changing environmental stan-

dards. According to the EIA, commercial and residential sectors comprised of 39% of energy usage

within the United States in 2017 (US Energy Information Administration, 2018). Energy usage in

these sectors are primarily spent on heating, lighting, cooling, and water services. Globally, energy

usage and building-related CO2 emissions continue to grow at a 1% and 2.5% annual rate respec-

tively. Given the large role that buildings contribute to global emissions, green building certifications

have grown in popularity as an incentive mechanism for developers to sponsor green projects and

promote energy efficiency (International Energy Agency, 2017).

Green building certifications grew in popularity in the 1990s as certification standards

provide a consistent template for measuring a building’s environmental footprint. The various

methodologies and criteria between programs provide a broad range in setting the definition of

‘green’. Depending on national standards and organizational missions, sponsors of green certifica-

tion programs also tailor their certification standards depending on policy priorities. Because over

600 certification programs exist worldwide, the differing standards make it difficult to assess and
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compare a certification’s impact (Vierra, 2016). This paper will focus on quantifying the impact

that these certifications have on property pricing in the United States.

In the United States, Energy Star and Leadership in Energy and Environment Design

(LEED) are the two main certification programs that recognize energy efficiency and sustainability

in real estate properties. Energy Star began in 1992 under the EPA where it initially focused on

rating energy efficient appliances, but the program eventually expanded to rating homes and com-

mercial properties in the late 1990s. Its rating standards are based on a benchmark system that

compares the energy usage of properties to that of other similar buildings across the country. Build-

ing energy usage can be measured as either site energy or source energy. Source energy accounts

for all the energy costs of production and delivery whereas site energy only accounts for energy

purchased by the building. Energy Star programs specifically look at source energy usage, because

it provides a better metric for comparing buildings. Under Energy Star, buildings are ranked a score

from 1 to 100 where 50 is the average score. Properties need to score above a 75 to be eligible for

certification. Thus, Energy Star rated buildings use relatively less energy by the program’s definition

(Energy Star, 2018).

LEED, sponsored by the U.S. Green Building Council, determines its certifications through

a point-based rating system separated into the four tiers of Certified, Silver, Gold, and Platinum

instead of a percentile-based system. LEED standards differ from Energy Star standards as it con-

siders aspects such as building material, water efficiency, location, in addition to energy efficiency

in its rating process (USGBC, 2018). Both types of certification require an application and verifica-

tion process that requires a professional to survey the property (Energy Star, 2018; USGBC, 2018).

The LEED certification process can cost up to $60,000 depending on the building size (Morris and

Mathiessen, 2007).

Recently, the Energy Star program has come under attack as the current administration

has proposed to cut $42 million of federal funding for the program in 2019. As an alternative, the

administration proposes that the companies benefiting from the program pay to subsidize the costs

(Cama, 2018). Understanding the impact on certification policy on market pricing is important in

assessing how effective these programs currently are in stimulating a consumer’s valuation of energy

efficiency and in promoting green development projects. This paper will explore the impact of such

programs on housing prices through the use of regression modeling to understand whether the green

building premium exists in the office sales market.

4 Literature Review

Given the high cost and time commitment needed to achieve certification status, what

incentive is there for developers to pursue either of these programs? In previous literature, energy-

certified buildings tend to sell for higher rental prices, which suggests that such programs are eco-

nomically beneficial for landlords (Kok, Miller and Morris, 2011). However, the sizes of such rental

premiums range between 5.8% to 19.1% depending on the study’s data and regression methods (Pivo

and Fischer, 2010; Fuerst and McAllister, 2011). In addition, the premiums depend on the type

of rental market in the analysis - commercial, residential, or multifamily (Bond and Devine, 2014).

The higher average rent premium of Energy Star labeled buildings of 8.5% compared to the rental
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premium of 1%-2% premium of green buildings without certification labeling suggests the strength

of certification programs as a valid signal to the marketplace (Pivo and Fischer, 2010; Morris and

Mathiessen, 2007). Building landlords are often reluctant to invest in energy efficiency upgrades

as tenants do not integrate energy costs into the decision to accept a building’s rental price. The

information asymmetry about energy costs between landowners and tenants accounts for 1-3% of

forgone energy use according to Myers (Myers, 2015). Certification programs are meant to correct

for information asymmetry by providing a verifiable standard of energy efficiency. Because efficiency

certification acts as a signal for a ‘green’ property, rental premiums can be justified through the sup-

posed financial benefit, reputation boost, and productivity benefits of occupying an environmentally

sustainable building (Bond and Devine, 2014).

In past studies, hedonic regressions are used to quantify the rental premium by isolating

the qualitative variables that contribute to rental value and subsequently comparing the variable

coefficients of certified and non-certified properties (Bond and Devine, 2014; Kok, Miller and Morris,

2011; Fuerst and McAllister, 2011). In economic theory, hedonic valuation is based on how con-

sumers are willing to pay for the features and attributes of the good. Hedonic valuation of housing

markets provides a template for analyzing properties as a homogeneous good (Xiao, 2017). Through

hedonic modeling, Kok, Miller, and Morris find that LEED certifications are associated with higher

rent and occupancy rates after using CoStar data from 2005 to 2010. They look at LEED certified

properties in 14 cities in the United States to create a semi-log regression model that regresses he-

donic variables including building class, size, age, distance to transit, renovation status, and Energy

Star labels onto the building’s rent per square foot. The regression model also uses a dummy variable

to control for the city that the property is located in. The variable coefficients of the LEED samples

are compared to non-certified properties in the same city as a basis for comparison. The regression

used explains 63% of the variation within the property data, which is comparable to that of other

models (Fuerst and McAllister, 2011).

Using 970 LEED property samples, the study finds that LEED certified properties com-

mand a 7% premium and 2% higher occupancy rate compared to non-certified properties (Kok,

Miller and Morris, 2011). Fuerst and McAllister use a similar hedonic variable model and find a

4-5% premium in both LEED and Energy Star certified buildings (Fuerst and McAllister, 2011).

One disadvantage of using a hedonic model is that the regression is unable to capture the full scope

of features and characteristics that contributes to such rent premiums, leading to omitted variable

bias (Fuerst and McAllister, 2011).

Though there is a consensus of an existence of a rent premium for certified buildings, the

cost-savings from such certified buildings is somewhat unclear. Since cost-savings are most likely

to be achieved through reduced energy costs, the lease structure of whether the tenant or landlord

bears the energy cost will influence the energy usage in the building. The “split incentive” problem

between tenant or landlord where tenants use more energy when the landlord pays the total bill is

an obstacle to energy efficiency. (Kok, Miller and Morris, 2011; Reichardt, 2013).

In the United States, the two main lease structures are triple-net leases and gross leases.

In the triple-net lease where tenants pay their own operating and energy expenses, the tenants

benefit from energy-efficient buildings when occupying energy certified buildings. In contrast, the

tenants pay a flat rent in gross leases regardless of energy usage. The rental premium in LEED and
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Energy Star certified programs can be justified in the triple-net lease structure where the tenant

pays a higher rent to realize a lower operating cost. Reichardt uses a log-linear regression model

to regress hedonic variables and indicator variables such as certification status and lease type onto

operating costs. In the regression, correlations between operating expenses and certification levels

are factored in as well. In this case, the hedonic variable model can explain 33% of operating expense

variation. After considering the lower energy expenses in LEED buildings, Reichardt finds that half

the LEED rent premium in net leases can be attributed to the operating savings. (Reichardt, 2013).

Although the rent premium can also be explained by the intangible variables of tenant productivity

and satisfaction, more work can be done to quantify what drives the rent premium between ‘green’

properties and Energy Star certified properties after factoring in lease information.

5 Question

My research will focus on understanding how LEED and Energy Star programs affect the

pricing of commercial office sales and rentals rates in the US. Although past findings on pricing

premiums of certified buildings have been significant, Bond and Devine suggest that premiums from

certification programs will decrease as green features become the norm (Bond and Devine, 2014).

In addition, past research has primarily focused on rental rate modeling on data pre-2012. Thus,

using recent data (post-2012), how significant are premiums for energy-certified buildings? Using

the findings from sales and rental premiums, we can integrate other variables related to operating

expenses and property characteristics to understand how consumers value energy efficiency in the

future. For instance, after integrating leasing type data into rental prices, is there still a rental

premium for certified buildings? These are a few of the questions that this paper will explore using

regression analysis.

6 Data Source

Property characteristics and rental data are needed in order to understand the impact of

green building certifications on rental prices. The commercial real estate (CRE) market depends on

private companies such as CoStar to compile leasing information from real estate brokers. Sales and

rental data will need to cover actual property and leasing transactions compared to market asking

prices, as asking prices are not reflective of the market value.

The rental and property data used in the research comes from the CoStar Group property

database. CoStar Group is a Maryland based company specializing in providing data on commercial

real estate properties. Their database covers 1.14 million properties in 50 real-estate markets in the

United States. Due to the high licensing costs of using CoStar, a freelancer with database access was

hired to extract sales and leasing data. This study assumes that the database is representative of the

overall commercial real estate market. However, CoStar data often has missing data for property

transactions, which limits the ability to fully represent the commercial real estate market for a given

city. This should not be a barrier for analysis considering all previous studies use CoStar as a data

source.

A compiled list of Energy Star and LEED certified properties can be found on the Energy
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Star and LEED website respectively. This study will be analyzing office rental and sales pricing,

because most literature on green building certifications focuses on the office market. In addition,

office buildings consist of a large proportion of certified properties. In 2017, 10.3% of all office

properties are Energy Star certified whereas 4.6% of office properties are LEED certified (USBGC,

2018). As of January 2nd, 2019, there are 34,771 properties labeled with Energy Star certification

and 61,814 properties labeled with LEED certification in the United States. Within the LEED

building directory, 5,727 LEED buildings in the US are labeled for commercial office use (Fig 1).

For-profit organizations consist of the majority of building tenants for LEED certified properties.

In the Energy Star directory, office properties make up a majority of Energy Star certified buildings

with 10,657 listed properties (excluding governmental and school properties). Retail properties are

the second most common with 5,378 Energy Star certified properties. The figures below show the

growth in the number of certified buildings year over year for both Energy Star and CoStar certified

properties (Fig 2). From the LEED buildings for office use mentioned above, buildings characteristics

and attributes are confidential for 1,027 properties. The confidential status of such properties hides

the address and owners of the office buildings, which limits the ability to match addresses with

certification status. This affects the ability to identify which properties are certified. Although the

certification status of properties can also be extracted from the property description provided by

CoStar, there is the risk of incomplete data in the analysis process. This paper will also pull from

the text of the property descriptions within the property sales transactions to determine certification

status, as green certification statuses are frequently advertised in listings.

In the data used by Eichholtz et al from June 2009, 7,338 buildings had Energy Star certi-

fication and 2,706 buildings had LEED certification. From the certified buildings of June 2009, there

were 2,943 Energy Star certified office buildings and 1,151 LEED certified office buildings (Eichholtz

et al, 2010). The large discrepancy between the total office building counts of the 2019 and 2009

LEED data may be due to the criteria in defining an office building. LEED buildings for the 2019

data are defined as office buildings in this paper if the project type includes the description “Com-

mercial Office”. Between 2009 to 2013, there was a rapid growth of LEED and Energy Star certified

buildings, which suggests the benefits of remeasuring the rental premium using newer property data

(Fig 2,Fig 3).

Figure 1: Owner type for LEED certified buildings in 2019

In previous literature, Reichardt uses rental data from the 10 largest office markets in
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Figure 2: Number of buildings achieving LEED certification from 2000 to 2018

Figure 3: Number of buildings achieving Energy Star certification from 1999 to 2018 (Includes
re-certified buildings)

Figure 4: Top 10 Energy Star certified building usages in 2019

the United States. These markets include New York City, Los Angeles, Washington D.C., Chicago,

Boston, San Francisco, Atlanta, Philadelphia, and Houston. As of 2018, the above markets remain

the largest office markets (Ginsac, 2018). Their study isolated 4̃85 Energy Star certified office build-

ings and 110 LEED certified office buildings and compared certified buildings to 3̃,700 uncertified

office buildings (Reichardt, 2013). Like that of Reichardt’s, this study will also limit its scope to
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the above metro areas with a greater focus on New York City, Los Angeles, and Washington D.C.

metro areas due to the larger proportion of certified properties and more complete data coverage in

such cities. Limiting the number of cities will also help control for the variability of property pricing

between cities due to cities potentially having different coefficients for hedonic variables. However,

limiting the geographical coverage of the regressions will also prevent a more comprehensive study

of certification programs on a national basis. The trade-off between geographical region and vari-

able analysis is an aspect to consider when setting the scope of the project. Considering the large

number of sales samples between the three cities, the data used in this paper is large enough to

run regression analysis to analyze the impact of certification status. The use of a smaller number

of cities in this paper will also differ from previous literature that draws from a national sample of

data. This provides the opportunity for a city by city comparison of the different drivers of sales

prices. If there is a case for how buildings characteristics are valued differently between cities, there

is also the opportunity to understand how cities may value energy efficiency differently as well.

7 Data Cleaning

The pricing of office properties can be broken down into observable factors that contribute

to sales and rental prices. In the office leasing market, Furest cites vacancy rates, building area,

building age, number of stories, amenities, location, and accessibility to commercial areas as impor-

tant rent determinants (Furest, 2007). Office markets use building class (A, B, C) to segregate the

quality of the property. The Building Owners and Managers Association (BOMA) defines class A

as having higher rents and higher quality systems, class B as having average rents and systems, and

class C as having below average rents (BOMA, 2018). Due to the different service offering between

the classes, properties with different class ratings attract different buyers and tenants. This marks

the need to differentiate the building class in the regression process.

The data cleaning process consists of merging the LEED, Energy Star, and CoStar prop-

erty datasets and assigning values to qualitative variables in order to set up hedonic regressions.

Due to the difficulty of exporting leasing data in CoStar, the initial analyses focus on measuring

the impact of green certifications on property sale prices in the New York City, Los Angeles, and

Washington D.C. metro areas from 2010 to 2018. CoStar sales transaction data was exported into

Excel and processed in Python. A smaller subset of data is used to analyze leasing transactions in

the second section, as not all buildings have leasing data available. Transactions related to buildings

that are rated Class F or are unspecified are removed. Transactions without recorded sales price,

ages, or stories are also removed. Certification status from the CoStar data is identified via matching

addresses between the LEED and Energy Star datasets in addition to extracting the certification

status from the property description in the CoStar data provided. Out of the 5,340 transactions in

New York City, Los Angeles, and Washington D.C., 679 properties are Energy Star certified, 335

are LEED certified, and 223 are both Energy Star and LEED certified as determined using CoStar

data. 7 additional properties in DC, LA, NYC are labeled as LEED certified using the official LEED

directory. Certain properties undergo multiple sales between 2010 to 2019 and are included as well.

These properties undergoing multiple sales are included, because they provide insight on the market

price of office properties in the submarket over time.
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Dummy variables are used to represent building class and building age in the CoStar data.

Properties are assigned to age groups [0,20), [20,40), etc. where the 20-year gap provides a relatively

even distribution of properties for each bucket (Table 10). Dummy variables are used to represent

age instead of a continuous variable in the OLS regressions due to the nonlinear effects that ages

may have on prices.

Another consideration when using location dependent data is the impact of geography on

rental pricing. The commercial real estate market exhibits significant pricing segmentation depend-

ing on the city and submarket of the property as seen in the descriptive statistics later in the paper.

To control for the effect of location on property pricing, one method is to use coordinate data to

identify office properties close to the green certified buildings in order to create clusters, as done

so by Eichholtz et al (Eichholtz et al, 2010). Due to the lack of CoStar access needed to create

coordinate-specific property clusters, the following regressions use the submarket that the property

is located in to group properties together. In CoStar, the two labels for submarkets are submarket

name and submarket cluster. The submarket name is broken down into more groups compared to

submarket cluster. The paper explores the use of both submarket name and submarket cluster to

segment by location.

In segmenting the cities by submarket cluster, the submarket that the property is located

in is represented by a dummy variable (1 if in a submarket, 0 if not). Submarket information is

provided in the CoStar property sales records. Properties within the same submarket are relatively

comparable with one another considering that submarkets are defined by CoStar as geographical

regions with properties that are competitive with one another (CoStar).

In addition to creating submarkets to control for location, the selection of submarkets used

can heavily influence the significance of regression variables. When selecting which submarkets to

include within the three cities, the submarkets should have a mixture of both certified and non-

certified buildings. Although it is still possible to interpret the results of the regression with all

submarkets included, the submarkets without certified properties may also have other unobservable

differences that affect pricing. In New York City, most office sales occur in Midtown or Downtown.

Considering how certain submarkets do not have any property sales involving energy efficient cer-

tified properties (i.e. Upper West Side), these areas are excluded from the regression leaving only

Downtown, Midtown, and Midtown South (1163 observations) (Table 1). To provide a quantitative

metric for selecting submarkets, clusters with a ratio less than 5% of certified:non-certified property

records are excluded.

The ratio is derived from the approximate percentage of office buildings in the US that

are LEED certified as of 2017 (4.6%). The same process is done with the Washington D.C. (10

clusters used) and Los Angeles (14 clusters used) submarkets leaving 1978 observations and 1091

observations respectively. See the appendix for figures outlining the submarket clusters of Los

Angeles and Washington D.C. Within each submarket cluster, the category can be further broken

down into a smaller group called submarket name. This is explored in the regression to further

control for locational effects.
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Table 1: List of submarket clusters in NYC (Bolded clusters are submarkets used in the regression
analysis)

NYC Submarket Cluster Uncertified ES or LEED Total

Downtown 171 26 197
Lower West Side MF 2 2
Midtown 437 140 577
Midtown South 315 73 388
Midtown South MF 3 3
Uptown 70 1 71
Midtown West MF 2 2
Lower Manhattan MF 1 1
Upper East Side MF 2 2
Upper West Side MF 4 4
Midtown East MF 2 2
Financial District MF 1 1
Chelsea MF 2 2
Upper Manhattan MF 1 1
East Harlem MF 1 1

Grand Total 1014 240 1254

8 Summary Statistics

Summary statistics in the figures below provide an overview of office properties sales in

Los Angeles, New York City, and Washington D.C. metro areas between 2010 to 2018 (Fig 2). One

consideration when comparing the average sales price per square foot is the additional undeveloped

space that is included with the property. This may explain outliers of the average sales price/sqft

where the sales prices are very low due to large amounts of less developed land-space included

with the property. Another source of variation is the reason for sale, as distressed sales may cause a

property to sell at a discount. On the other spectrum, properties with high sales prices are prominent

in New York City where sales prices exceed over $10,000 per square ft. In other instances, these

abnormalities may be due to incorrect data. In order to handle outliers where in some instances,

the price per square ft. is less than $1 or greater than $6,000, the top and bottom 1% property

sales from each city are removed from the observations.The distribution in prices before and after

removing outliers can be seen in Figure 5. This leaves 5,159 observations (initially 5,340). Although

outliers are still present, these observations should still be included, because they still provide data

on the relation between property characteristics and prices.

To understand the data despite having outliers, the median is used as a comparison to the

mean. The figure below emphasizes the need to differentiate pricing between cities, as the average

price per square foot in New York City is almost three times of that of Los Angeles and Washington

D.C. when comparing the mean and approximately double when comparing the medians (Fig 6,

Fig 2). Despite the large differences in average sale price between Class A, B, and C buildings, the

average price/square ft. is relatively comparable after factoring in the different average building

sizes between classes. From the sales data, class A buildings are approximately double in building

size compared to that of class B buildings. In addition, other differences are apparent between the

cities. Properties in New York City are on average double the age of properties in Washington and

approximately four times the age of properties in Los Angeles. Properties in New York City also

have more stories. Between the three cities, Washington D.C. undergoes the largest number of sales,

representing 51% of the dataset.

When comparing the median statistics, the same trends related to sale price/sqft. between
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Figure 5: Distribution of sales prices pre- and post- oulier removal

cities, building class, and certified buildings are still present. The floor area ratio also highlights

the differences between the three cities. Floor area ratio is calculated by dividing the floor area of

the building by the area of the lot. The ratio is used to represent the density of the building space

to the land space. Floor area ratio in New York City is over 10 times higher in certain segments

compared to that of Los Angeles or Washington D.C., which emphasizes the density of property

space in Manhattan (Fig 6).

Table 2: Summary statistics for office sales segmented by building class and city post-outlier removal

City, Building Class # Avg of Price/SF Avg Sale Price Avg Floors Avg Age (Yrs)

Los Angeles 1267 $310.27 13,760,857.58 3 23.18

A 224 $349.40 56,587,864.60 6.91 21.5
B 835 $312.87 5,154,459.39 2.25 19.52
C 208 $257.70 2,189,188.91 1.77 39.68
New York City 1254 $864.91 119,803,205.54 14.52 88.09

A 296 $815.14 332,187,043.61 30.18 57.1
B 515 $896.74 77,831,370.24 11.75 94.72
C 443 $861.17 26,687,808.49 7.28 101.1
Washington DC 2638 $242.95 22,100,960.18 4.44 41.05

A 768 $297.36 54,391,567.66 7.05 26.2
B 1373 $225.81 11,041,760.48 3.65 39.53
C 497 $206.21 2,755,074.15 2.55 68.18
Grand Total 5159 $410.66 43,801,232.65 6.53 48.09

Table 3: Summary statistics for office sales segmented by building class, city, and certification status
post-outlier removal

No Certification ES or LEED Cert.
City/Building Class # Avg Price Per SF Avg Age # Avg of Price Per SF Avg Age

Los Angeles

A 122 $360.68 18.94 102 $335.92 24.57
B 784 $314.44 19.4 51 $288.78 21.43
C 206 $258.66 39.56 2 $158.21 52
New York City

A 166 $859.59 53.57 130 $758.39 61.6
B 425 $941.51 94.41 90 $685.35 96.18
C 423 $879.15 101.01 20 $480.89 102.9
Washington DC

A 510 $275.34 25.62 258 $340.88 27.34
B 1266 $218.83 39.07 107 $308.35 45
C 495 $206.04 68.33 2 $248.28 30.5
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Table 3 describes the summary of building characteristics between certified and non-

certified buildings. Based on the table, whether a green premium exists for certified buildings is

uncertain between cities. Non-certified buildings are newer in all three cities and more expensive

in New York City and Los Angeles, which is contrary to expectations that certified buildings are

more expensive. This may be due to the skewness from the outliers still present in the data, but the

median sales price data also reflects the same finding. Due to the low frequency of green certified

Class C buildings (Fig 2) within the cities, class C buildings are excluded from the analysis of a

green certification sales premium. This exclusion is also beneficial for the regression process, as

Fuerst finds that class A office buildings exhibit better hedonic modeling of rental rates compared

to that of class B and class C buildings (Fuerst, 2007). In the regression analysis, the average price

per square feet will be standardized via a log transformation to reflect a normal distribution. One

consideration in the modeling process is that non-certified buildings and certified buildings groups

may have different features (i.e. certified buildings have more floors) that make it difficult to assess

the impact of certification on pricing. Thus, the correlation between certification and other hedonic

features should to be considered when analyzing regression results. This issue is explored later in

the propensity score regression.

Figure 6: Median and mean statistics of building sales segmented by building class, city, and certi-
fication

The second section of this paper focuses on modeling rental rates for buildings in New York

City. Only New York City data is used due to the limitations of data access of CoStar. The same

New York City submarket clusters from the sales transactions are also used (Midtown, Downtown,

Midtown South). The summary statistics for rental rates includes additional information about

operating expense, amenities, and renovation status (Fig 7). Amenities are defined as characteristics

and services included with the property. Examples include: 24-hour availability, banking, bus line,

car charging station, and convenience store access. A full list of amenities can be found on the

CoStar glossary website1. Within the table, the category ”Renovated before sale?” is defined as

whether the building was renovated within 10 years of its property sale date. ”Sublet and Rent

Average Combined category” is created by combining the average sublet rate if the average rent

rate is not available. Average rental rates will typically be higher than the average sublet rate, as

the sublease is between tenants instead of with the building owner. The average rent rate considers

all building leases as of January 2019 regardless of when the lease was finalized. This means that the

1https://www.costar.com/about/costar-glossary
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time of lease is unable to be controlled for when analyzing the rents. Class A buildings on average

have more amenities, higher operating expenses, higher rates of renovation, and higher rents. Green

certified buildings on average have higher operating costs, higher rates of renovation, but ambiguous

rents compared to that of uncertified buildings. This may be because of leasing types or be because

of an anomaly due to the relatively low number of samples. The higher rates of renovation before

sale is something to consider when looking at premiums in sales prices as well. Summary statistics

of the individual cities in the appendix provide an overview of the proportion of buildings within

each age, location, year, class category (Appendix).

Figure 7: New York City office rental data summary

9 Regression Results

9.1 2010-2018 Building Sales Regression

log(R) = a + bX + b1X1 + b2log(X2) + cN + dC + tT + e (1)

The log-log equation above is used to estimate the log sale price per square foot based on

observable building qualities. The log transformation of the selling price per square feet corrects

for the right skewness of the outlier prices. The log transformations of the continuous independent

variables are used to adjust for the skewness of the non-dummy hedonic variables. The pairplot

below shows the distribution of the variables after transformation (Fig 8).

The pair plots also provide an overview of the relationships between building character-

istics. Within the New York City data, the relationship between log price and the three building

characteristics are unclear. The positive relationships between building size and floor make sense

as taller buildings have more building area. The negative relationship between building size and

age is also consistent with how older buildings are typically smaller and shorter. The relationship

between building characteristics such as number of floors and building size should be factored in

when interpreting coefficients, as the variables are not independent.

In the above functional form equation, X represents the set of dummy hedonic variables

of the property (age and building class), X1 represents the price sentiment for the commercial real

estate market as described below, X2 represents the log transformed hedonic variables (floors and

building size), N represents dummy variables for the set of n submarket clusters within the city,

T represents the time of sale, and C represents the certification status of the property of LEED,

Energy Star, or both. X1 is used to control for the changing commercial real estate market over

the time period of 2010 to 2018. Green Street Advisor’s Core Sector Commercial Property Price
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Figure 8: Pair plot of New York City office sales from 2010-2018

Index (CPPI) is used to capture the aggregate pricing of commercial real estate transactions. The

index weighs prices from real estate asset classes such as retail, industrial, office, and apartment

(25% each) to measure the overall value of commercial properties (Green Street Advisors, 2019).

Index values were matched to the month and year of the sale date of each property transaction from

CoStar. Between 2010 to 2018, the index increases approximately 195%, which suggests a positive

relationship between property sales prices and the index. The time of sale variable T is denoted by

year and is represented by a dummy variable (1 if sold in year t, 0 if not). Four variations of the

functional form are used in the regression process as seen in the results tables below.

9.2 2010-2018 New York City (NYC) Regression Results

Table 4 below shows the regression results of modeling office sales transactions for New

York City. Dummy variables for 2018, Class B, Midtown, and 80+ old characteristics are excluded

from the regression to avoid multicollinearity. Model (0) is used to determine a baseline model

of understanding property sales prices without coefficients for certification status. In model (1),

an addition variable of whether a building is LEED or Energy Star certified is included where the

certification type is not differentiated. In model (2), the separate effects of LEED and Energy Star

programs are measured. The hedonic variables included for models (0), (1), and (2) are age, building

class, log(number of floors), and log(building size). In model (3), additional hedonic variables in-

cluding whether the unit was renovated before sale, access to public transit, and number of amenities
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provided are added as well. Access to public transit is represented as a dummy variable where its

value equals 1 if in the top 25th quartile of the sample (.05mi for NYC). The dummy variable for

amenities is represented as 1 if the property provides a higher than median number of amenities

(4+ in NYC). The dummy variable form for such variables provide an easier interpretation of their

impact on sales pricing. Model (3) has fewer observations, as datapoints for the additional charac-

teristics are not available for all properties.

In Table 5, the same regressions were run using a more specific locational title called sub-

market name, which increases the R-squared for the regressions as seen below. The submarket name

further controls for locational effects as it groups the NYC data into 17 group in contrast to the

3 groups using the submarket cluster title. The submarket boundaries for each city can be found

on the CoStar website 2. The regression for submarket names excludes the area ‘Grand Central’ to

avoid multicollinearity. The replacement of submarket names instead of submarket cluster increases

R squared from .33 to .42. This illustrates the importance of controlling for location in the regression

analysis. Because submarket name is a more specific variable to group by locations, the subsequent

regressions and analyses in the paper will be clustered by submarket name.

Table 5, which summarizes the regression results controlling for location with submarket

name, excludes the coefficients for individual submarket names in the table, but the list of sub-

market names is included in the appendix. R squared values for models (1) and (2) is 41%. To

check the fit of the model, residuals of the regression are plotted. Residuals for the models follow

a normal distribution with right skewness due to outliers within the data Statistically significant

variables within the models include year of sale, class, number of floors, renovation status, and

location-related dummy variables. When interpreting dummy variables in a log-log regression, the

change from 0 to 1 has a (exp(B)-1)% on Y and the change from 1 to 0 has a (exp(-B)-1)% on

Y. Thus, class A buildings sell at an approximate 18.5% premium compared to Class B buildings.

Buildings less than 20 years old sell at a 55% premium compared to buildings 80+ years old, and

recently renovated buildings sell for a 11.6% premium. The coefficients for the significant variables

make intuitive sense as Class B buildings sell for less compared to Class A, older buildings are less

expensive, and renovated buildings sell for more. Buildings with close access to public transportation

(¡.05mi) also sell at a premium of 7%, although the coefficient is not significant. Again, this premium

cannot be interpreted independently as public access to transportation is related to the location of

the property. Larger building and taller buildings sell for less per square foot with elasticity of -.09

for the number of floors and -.06 for the building size. This is potentially explained by the increasing

costs of maintaining larger buildings. Neither LEED or Energy Star status variables are significant

in any of the models for New York City.

9.3 2010-2018 Los Angeles (LA) and Washington D.C. (DC) Regression

Results

Table 6 and Table 7 below include results of model (1) and (2) for Los Angeles, Washington

D.C., and all three cities combined. Only models (1) and (2) are used for Washington D.C. and Los

Angeles, because of the lack of data access about amenities/renovation status/etc. needed for model

2http://www.costar.com/about/SubmarketMaps.aspx
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Table 4: Regression results for New York City 2010-2018 office sales on logarithm of sales price per
square foot (segmented by submarket cluster)

Model Model Model Model
(0) (1) (2) (3)

ES or LEED? (Y=1) -0.02 -0.01
(0.05) (0.05)

Energy Star? (Y=1) -0.05
(0.05)

LEED? (Y=1) 0.08
(0.07)

Amenities? (Y=1) -0.10*
(0.05)

Transit? (Y=1) 0.15**
(0.07)

Renovated before sale? (Y=1) 0.10*
(0.06)

Class A? 0.21*** 0.22*** 0.21*** 0.25***
(0.06) (0.06) (0.06) (0.06)

Log Floor -0.10* -0.10* -0.10* -0.12**
(0.06) (0.06) (0.06) (0.06)

Log Building Size (SF) -0.15*** -0.14*** -0.14*** -0.12***
(0.03) (0.03) (0.03) (0.03)

Location(Y=1):
Downtown -0.45*** -0.45*** -0.45*** -0.45***

(0.06) (0.06) (0.06) (0.06)
Midtown South -0.07 -0.07 -0.07 -0.10*

(0.05) (0.05) (0.05) (0.06)
Age (Y=1):
<20 0.46*** 0.46*** 0.45*** 0.49***

(0.11) (0.11) (0.11) (0.10)
[20-40) 0.19** 0.19** 0.19** 0.20**

(0.08) (0.08) (0.08) (0.08)
[40-60) 0.07 0.06 0.06 0.07

(0.07) (0.07) (0.07) (0.07)
[60-80) -0.09 -0.09 -0.08 -0.11

(0.07) (0.07) (0.07) (0.07)
Year of Sale (Y=1):
2010 -1.45*** -1.46*** -1.46*** -1.17**

(0.46) (0.46) (0.46) (0.46)
2011 -1.09*** -1.10*** -1.10*** -0.90**

(0.35) (0.35) (0.35) (0.36)
2012 -0.95*** -0.95*** -0.95*** -0.82***

(0.31) (0.31) (0.31) (0.31)
2013 -0.70*** -0.70*** -0.71*** -0.55**

(0.26) (0.27) (0.26) (0.27)
2014 -0.40* -0.41* -0.40* -0.29

(0.21) (0.21) (0.21) (0.22)
2015 -0.29** -0.29** -0.28* -0.19

(0.15) (0.15) (0.15) (0.15)
2016 -0.11 -0.11 -0.12 -0.07

(0.10) (0.10) (0.10) (0.10)
2017 -0.02 -0.02 -0.02 0.01

(0.11) (0.11) (0.11) (0.11)
Index -0.01 -0.01 -0.01 -0.01

(0.01) (0.01) (0.01) (0.01)
const 10.42*** 10.40*** 10.38*** 9.61***

(1.04) (1.04) (1.04) (1.06)
R2 0.33 0.33 0.33 0.35
N 768 768 768 717

16



Table 5: Regression results for New York City 2010-2018 office sales on logarithm of sales price per
square foot (segmented by submarket name)

Model Model Model Model
(0) (1) (2) (3)

ES or LEED? (Y=1) -0.03 -0.02
(0.05) (0.05)

Energy Star? -0.04
(0.05)

LEED? 0.02
(0.07)

Amenities? (Y=1) -0.08
(0.05)

Renovated before sale? v 0.11*
(0.06)

Transit? (Y=1) 0.07
(0.06)

Class A (Y=1) 0.17*** 0.18*** 0.18*** 0.17**
(0.06) (0.07) (0.07) (0.07)

Log Floor -0.10* -0.10* -0.10* -0.09
(0.06) (0.06) (0.06) (0.06)

Log Building Size (SF) -0.07** -0.06** -0.06** -0.06**
(0.03) (0.03) (0.03) (0.03)

Age(Y=1):
<20 0.43*** 0.44*** 0.43*** 0.46***

(0.10) (0.10) (0.10) (0.10)
[20-40) 0.09 0.09 0.09 0.12

(0.08) (0.08) (0.08) (0.08)
[40-60) 0.04 0.04 0.04 0.04

(0.07) (0.07) (0.07) (0.07)
[60-80) -0.16** -0.16** -0.16** -0.15**

(0.07) (0.07) (0.07) (0.07)
Year of Sale (Y=1):
2010 -1.19*** -1.20*** -1.20*** -1.26***

(0.44) (0.44) (0.44) (0.45)
2011 -0.92*** -0.92*** -0.92*** -0.96***

(0.34) (0.34) (0.34) (0.34)
2012 -0.88*** -0.89*** -0.88*** -0.92***

(0.30) (0.30) (0.30) (0.30)
2013 -0.55** -0.55** -0.55** -0.58**

(0.26) (0.26) (0.26) (0.26)
2014 -0.31 -0.32 -0.31 -0.34

(0.21) (0.21) (0.21) (0.21)
2015 -0.25* -0.25* -0.25* -0.25*

(0.14) (0.14) (0.14) (0.14)
2016 -0.11 -0.11 -0.11 -0.11

(0.10) (0.10) (0.10) (0.10)
2017 -0.04 -0.04 -0.04 -0.04

(0.10) (0.10) (0.10) (0.10)
Index -0.01 -0.01 -0.01 -0.01

(0.01) (0.01) (0.01) (0.01)
const 8.57*** 8.55*** 8.53*** 8.65***

(1.02) (1.02) (1.02) (1.03)
R2 0.41 0.41 0.41 0.42
N 717 717 717 717

17



(3). In the results, the same variables such year of sale, building class, age, location, and building

size are significant and have similar trends of that of NYC’s. Class A buildings in both cities sell

for an approximate 12% premium compared to Class B buildings for both cities.

Buildings less than 20 years old sell at a 65% and 35% premium respectively for LA and

DC compared to buildings 80+ years old. Taller buildings have higher prices in both LA and DC, in

contrast to that of NYC. Compared to the New York regression, the variable for green certification

is positively significant in DC for both models while negatively significant in LA for model (1). In

DC, LEED or Energy Star certification is associated with a 10.5% sales premium significant with a

P-value of .01. Specifically, LEED is associated with a 12% premium while Energy Star is associated

with an 8% premium. In contrast, certification status is associated with a 9.5% sales discount in LA

significant with a P-value of .05. The sales premium in DC can be seen in the summary statistics

in Figure 3 as well. The large differences in certification coefficients between cities suggests that the

green certification premium is contingent on location.

9.4 Additional Regressions Results

Model (1) is also run for the observations within all three cities (Table 7). In the combined

regression model, there are 113 dummy variables controlling for location determined using submarket

name, which are excluded from the results summary. Considering the large differences of building

characteristics between the three cities, some of the originally significant variables such as building

age are not significant in the total regression. However, the same coefficient trends as that of the

city-specific regressions are seen with age, building class, building size, and year of sale. The impact

of green certification programs is not evident in the combined regression. The importance of location

is seen in the boost of R squared to .647 after more locational clusters are added in. One downside of

combining data for all three cities is that each city may have different drivers of sales prices, making

it difficult to assess the impact of building characteristics on pricing.

The regression model (1) and (2) for NYC observations is also used on 2007 to 2009

property sales data (Table 8). This regression is meant as a comparison to the 2010-2018 data

due to the smaller number of certified buildings during this time. Due to the smaller number of

observations (358 samples) and volatile macroeconomic conditions at that time, the variables that

were initially significant for the 2010-2018 period such as building class, time of sale, and submarket

names are no longer significant. In addition, the low R squared values compared to the 2010-2018

regression suggests the lack of predictive power of the model. This shows how the randomness in

property sales pricing cannot be fully modeled.
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Table 6: Regression results for Los Angeles and Washington D.C. 2010-2018 office property sales on
logarithm of sales price per square foot(segmented by submarket name)

LA Model LA Model DC Model DC Model
(1) (2) (1) (2)

Certification:
ES or LEED? (Y=1) -0.11** 0.10***

(0.05) (0.04)
Energy Star? (Y=1) -0.06 0.08**

(0.06) (0.04)
LEED? (Y=1) -0.05 0.12**

(0.07) (0.05)
Age (Y=1) :
<20 0.50*** 0.50*** 0.31*** 0.30***

(0.12) (0.12) (0.08) (0.08)
[20-40) 0.22* 0.22* 0.07 0.06

(0.11) (0.12) (0.07) (0.07)
[40-60) 0.08 0.09 0.07 0.06

(0.12) (0.12) (0.07) (0.07)
[60-80) 0.21 0.21 -0.08 -0.08

(0.13) (0.13) (0.11) (0.11)
Class A? (Y=1) 0.12** 0.11** 0.10*** 0.10***

(0.05) (0.05) (0.04) (0.04)

Log Floor 0.17*** 0.16*** 0.06* 0.06*
(0.04) (0.04) (0.03) (0.03)

Log Building Size -0.09*** -0.09*** -0.10*** -0.11***
(0.02) (0.02) (0.02) (0.02)

Year of Sale (Y=1) :
2010 -0.90*** -0.89*** -0.46 -0.46

(0.31) (0.31) (0.29) (0.29)
2011 -0.76*** -0.76*** -0.29 -0.29

(0.24) (0.24) (0.22) (0.22)
2012 -0.58*** -0.58*** -0.28 -0.28

(0.21) (0.21) (0.20) (0.20)
2013 -0.48*** -0.48*** -0.39** -0.39**

(0.18) (0.18) (0.17) (0.17)
2014 -0.42*** -0.42*** -0.20 -0.21

(0.15) (0.15) (0.14) (0.14)
2015 -0.22** -0.21** -0.11 -0.12

(0.10) (0.10) (0.09) (0.09)
2016 -0.12* -0.12 -0.15** -0.15**

(0.07) (0.07) (0.06) (0.06)
2017 -0.03 -0.03 -0.13** -0.14**

(0.07) (0.07) (0.06) (0.06)
Index -0.01* -0.01* -0.01* -0.01*

(0.01) (0.01) (0.01) (0.01)
const 7.38*** 7.41*** 7.81*** 7.82***

(0.72) (0.72) (0.67) (0.67)
R2 0.41 0.41 0.47 0.48
N 945 945 1679 1679
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Table 7: Regression results for combined 2010-2018 office property sales on logarithm of sales price
per square foot

Dep. Variable: Log price per SF R-squared: 0.647

Model: OLS Adj. R-squared: 0.633

Method: Least Squares F-statistic: 46.27

Date: Sun, 24 Feb 2019 Prob (F-statistic): 0.00

Time: 12:59:01 Log-Likelihood: -2356.8

No. Observations: 3392 AIC: 4974.

Df Residuals: 3262 BIC: 5770.

Df Model: 129

coef std err t P>|t| [0.025 0.975]

const 7.1352 0.459 15.542 0.000 6.235 8.035

<20 0.4811 0.043 11.257 0.000 0.397 0.565

[20-40) 0.1600 0.039 4.078 0.000 0.083 0.237

[40-60) 0.0617 0.041 1.518 0.129 -0.018 0.141

[60-80) -0.0856 0.050 -1.696 0.090 -0.185 0.013

Class A 0.0954 0.026 3.605 0.000 0.044 0.147

ES or LEED? 0.0103 0.025 0.413 0.679 -0.039 0.059

Log Floor -0.0298 0.024 -1.247 0.213 -0.077 0.017

Index -0.0093 0.003 -2.806 0.005 -0.016 -0.003

Log SF -0.0811 0.012 -6.595 0.000 -0.105 -0.057

2010 -0.7410 0.192 -3.854 0.000 -1.118 -0.364

2011 -0.6195 0.147 -4.222 0.000 -0.907 -0.332

2012 -0.5194 0.130 -3.999 0.000 -0.774 -0.265

2013 -0.4680 0.112 -4.183 0.000 -0.687 -0.249

2014 -0.3076 0.092 -3.343 0.001 -0.488 -0.127

2015 -0.1722 0.061 -2.842 0.005 -0.291 -0.053

2016 -0.1085 0.042 -2.584 0.010 -0.191 -0.026

2017 -0.0680 0.041 -1.650 0.099 -0.149 0.013

9.5 Propensity Score Weighted Regression

Cert? = Age + log(Size) + log(Floor) + Transit? + Amenities? + Renovated? + ClassA? (2)

As seen by the summary statistics above, the difficulty of estimating whether green certi-

fication programs have an impact on property sale prices is that certified buildings are more likely

to have certain building characteristics compared to their non-certified counterparts. For exam-

ple, buildings that are Class A buildings are more likely green certified compared to older Class C

buildings. As an alternative to OLS regression, propensity score weighted regression attempts to
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Table 8: Regression results for NYC 2007-2009 office sales on logarithm of price per square foot

Model Model Model
(0) (1) (2)

Certification:
ES or LEED? (Y=1) -0.16**

(0.08)
EnergyStar? (Y=1) -0.12

(0.09)
LEED? (Y=1) -0.13

(0.13)
Class A? (Y=1) -0.03 -0.03 -0.03

(0.10) (0.10) (0.10)
Log Floor -0.13 -0.12 -0.12

(0.08) (0.08) (0.08)
Log Building Size 0.00 0.02 0.02

(0.04) (0.04) (0.04)
Submarket (Y=1):
Midtown South -0.00 0.00 0.00

(0.08) (0.08) (0.08)
Downtown 0.09 0.08 0.09

(0.08) (0.08) (0.08)
Year of Sale (Y=1):
2008 0.07 0.07 0.08

(0.07) (0.07) (0.07)
2009 0.13* 0.12 0.11

(0.08) (0.08) (0.08)
Age (Y=1):
<20 0.06 0.04 0.04

(0.10) (0.11) (0.11)
[20-40) 0.20* 0.21** 0.22**

(0.10) (0.10) (0.10)
[40-60) -0.03 -0.05 -0.04

(0.11) (0.11) (0.11)
[60-80) -0.19* -0.17 -0.15

(0.11) (0.11) (0.12)
const 6.72*** 6.49*** 6.45***

(0.37) (0.39) (0.39)
R2 0.07 0.08 0.08
N 358 358 358
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correct for the bias by using a logit model to determine the probability of treatment (certification

status) using observable building characteristics. This technique was developed by Rubin as a way

to make inferences for observational studies when the treatment and observation groups are not

randomized (Rubin, 1983). The sales observations are then fitted to the logit model to generate a

propensity score. Using the propensity score, the observations in the least square hedonic regression

are weighted by 1/p for the certified buildings (treatment group) and 1/(1-p) for the non-certified

buildings. Thus, certified buildings with low propensity scores are weighed more heavily, as their

building characteristics resemble the non-certified buildings. Compared to the alternative of propen-

sity score matching where clusters are formed based on pairing comparable certified and non-certified

properties, propensity weighing keeps all the observations in the dataset, which is useful in this case

due to the small number of sales observations (Austin, 2011).

The regression equation above illustrates the generalized linear model fitted to determine

certification status. Overall, the model uses similar characteristics as the OLS model in figure to

model log(sales price/sqft). As seen in the summary statistics, certified buildings are more likely to

be renovated and provide more amenities. Previous literature also suggests a relationship between

age, building class, and building size with certification status. After determining the weighting for

the propensity scores, a weighted OLS regression is run using the same functional form that includes

both year and submarket dummies to model log(price/sqft).

9.6 Propensity Score Weighted Regression Results

The analysis below uses propensity score weighing on the New York City transaction

data from 2010-2018. Propensity score weighing attempts to reduce the bias from characteristics

of property receiving certification status. Propensity score analysis is conducted with the use of

the statistic package pymatch in python3. The results from the logit model suggest that newly

renovated, younger, and class A buildings are more likely to receive a higher propensity score. Seen

in the figure below, the certified (test) and non-certified buildings (control) have different propensity

score distributions, suggesting separation between the certified and non-certified groups.

The results below compare the use of propensity-weighted OLS and non-weighted OLS

(Table 9). In the weighted regression, similar variables as that in the initial OLS regression are

significant such as age, building size, location, year of sale, transit distance, and renovation status.

The price index variable used to represent average price sentiment in the original regression is

excluded in the regression as the previous regressions do not suggest that the variable is significant.

However, the coefficient for green certification status is not significant in either regression. The high

p-values combined with the switch in coefficient signs for the certification variable suggests that the

effect of certification cannot be determined.

9.7 Rental Rate Regression

log(R) = a + bX + b1X1 + cN + dC + tT + e (3)

3https://medium.com/@bmiroglio/introducing-the-pymatch-package-6a8c020e2009
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Table 9: Propensity and non-propensity weighted regression results for New York City 2010-2018
office sales on logarithm of sales price per square foot (segmented by submarket cluster name)

Weighted Non-Weighted

ES or LEED? (Y=1): 0.01 -0.04
(0.07) (0.08)

Log Building Size (SF) -0.11*** -0.12***
(0.03) (0.03)

Log Floor -0.06 -0.04
(0.06) (0.06)

Transit? (Y=1): 0.16** 0.19***
(0.07) (0.07)

Amenities? (Y=1): -0.01 -0.01
(0.01) (0.01)

Renovated? (Y=1): 0.13** 0.15**
(0.06) (0.06)

Submarket (Y=1):
Downtown -0.47*** -0.49***

(0.06) (0.07)
Midtown South -0.11* -0.11*

(0.05) (0.05)
Age (Y=1):
<20 0.57*** 0.55***

(0.10) (0.11)
[20-40) 0.31*** 0.29***

(0.08) (0.08)
[40-60) 0.14** 0.14*

(0.07) (0.07)
[60-80) -0.07 -0.13*

(0.06) (0.06)
Year of Sale (Y=1):
2010 -0.72*** -0.67***

(0.10) (0.11)
2011 -0.57*** -0.54***

(0.09) (0.10)
2012 -0.51*** -0.50***

(0.09) (0.09)
2013 -0.29*** -0.25***

(0.09) (0.09)
2014 -0.10 -0.07

(0.09) (0.09)
2015 -0.09 -0.09

(0.09) (0.09)
2016 -0.03 -0.07

(0.09) (0.09)
2017 -0.00 0.06

(0.11) (0.11)
const 8.34*** 8.36***

(0.26) (0.28)
R2 0.33 0.32
N 717 717
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Figure 9: Propensity score separation between certified and non-certified properties in New York
City office sales in 2010-2018

A similar regression should be used to model rental rates, but with additional hedonic

variables that include lease type and occupancy rate. The dependent variable is the log rental rate

per square foot. The rental rate data has fewer observations due to the missing information about

these characteristics in CoStar and the limited resources to pull data from CoStar.

In analyzing the New York City leasing data, observations missing operating expenses

per square ft. or rental rates are dropped from the dataset. However, due to the limited number

of units, only 50 units are left in the dataset after accounting for missing data. Considering the

randomness of rental prices in small samples, regressions results for rental data are unable to be

interpreted. However, a pair plot of the rental data is included to show the potential relationships

between certification programs and building characteristics.

In the pair plot, the red outlined plots signify relationships to consider in understand-

ing the impact of certification programs. The distribution for sublet and rental rates for certified

and non-certified buildings are relatively comparable. However, operating expenses for certified

buildings are higher for certified buildings after factoring age and rental rates. Both certified and

uncertified buildings provide a similar distribution of amenities and have an approximate normal age

distribution. In addition, the sales price per square foot of both certified and uncertified buildings

have similar positive trend-lines, which makes sense considering how more expensive buildings have

higher rental rates. Thus, given the pair plot mapping of post-2010 data for rental rates, there is

potentially a relationship between certification programs and operating expenses. This is consistent

with Reichardt’s literature that finds higher operating costs for Energy-Star certified properties and

states that certified buildings do not necessarily generate cost-savings. The higher operating costs

are potentially passed down onto tenants, which potentially explains the previous rental premium

of certified buildings (Reichardt, 2014). Given the similar trend of the current data with previous

literature, the correlation between the variables should be explored in additional cities through the

rental regression equation referenced above.
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Figure 10: Pair Plot for NYC office rental data for 2010-2018

10 Discussion

The regression results provide preliminary findings on how different cities put different

valuations on energy efficiency certifications. While a sales premium on certified buildings is highly

significant for Washington D.C. office sales, the same model has ambiguous results for NYC and LA

sales. The negative coefficients of certification status in the NYC and LA data sets cannot neces-

sarily be interpreted as proof of certification having a negative effect on building pricing. Factors

such as sample and variable selection methods should be further examined. To further analyze the

results, current methodology for hedonic modeling of properties should be examined more fully as

well. The regression results generated within the paper do resemble the rental rate modeling from

previous literature, as variables such as location, age, and building class are significant in the same

direction (Eichholtz et al, 2010; Fuerst, 2009). Considering the similar coefficient relationships for

the above characteristics, the different coefficients for energy efficiency certifications further suggest

that cities put different valuations on energy efficiency. Additional hedonic variables for building

features should be included in the regression model if possible to reduce the potential for omitted

variable bias, a problem inherent to the hedonic modeling process.

The difficultly of understanding the definite impact of certifications on pricing stems from

the difficulty of isolating the characteristics that contribute to building sales pricing.The regression

model assumes that observable characteristics of buildings are drivers of sales prices. The regressions
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in the paper are based on Fuerst’s previous work on the drivers on housing prices (Fuerst, 2007). All

previous literature on the subject of certification valuation also builds on the hedonic pricing model.

Even though academic research primarily uses this model, building appraisal in the commercial real

estate space is also dependent on the cash-flow model, which factors in building expenses and ex-

pected income to determine valuations. Theoretically, if green building certifications do boost rental

values and reduce expenses as advertised, building sales prices should be higher. However, other

nuances in building operations, sales conditions, and building characteristics may affect property

values, which obfuscates the signal of certification programs. A model that integrates the financial

data of building sales data is an alternative approach of understanding the impact of certification

programs and should also be explored.

Another way to improve on the current results is to take sales data quality into further

consideration when interpreting regression results. The limited availability of the CoStar database

prevents comprehensive data-validation for the property characteristics. For example, the regres-

sions focus on sales within three cities, which is not representative of the entire market for green

certified buildings. In order to obtain enough samples, building sales from a time frame of 2010 to

2018 is used, which is vulnerable to time-trends and heteroskedacity. For instance, the significance

of the certification coefficient in Washington D.C. may be due to an anomaly in sales prices between

the time period. Similar studies attempting to understand the sales and rental premium use data

from a two to three year period from a large set of cities. However, taking a sample from a large time

frame is necessary in this case to obtain enough samples to interpret coefficient results in the above

regressions. For example, the regression results for 2007 to 2009 did not have enough observations

to interpret the coefficients. In order to correct for potential time trends between 2010 to 2018,

dummy variables for the year and an index variable that tracks commercial real estate sentiment

are included. Despite the issues related to linear regression assumptions, the approximately normal

distributions of the residual values in the model does support the validity of inferences for the re-

gression results.

The large differences between cities, as seen in the summary statistics, also lead to dif-

ferent valuations of building characteristics. For example, the number of floors is associated with

a higher sales price in Los Angeles compared to that in NYC. By taking separate regressions on

different cities, the regression is meant to provide a level of flexibility to the different price sensitivi-

ties of building characteristics.This also makes analysis of green premiums more difficult as demand

for building characteristics in markets differ. The conflicting results of the regression coefficients

between cities suggests that pricing models cannot be generalized as a whole considering different

areas have different price sensitivities.

This finding questions the results of previous literature that combines sales and rental data

for numerous cities, because different markets may value energy efficiency differently. Although this

paper primarily focuses on office sales data, the effect of certifications on sales and rental prices

should be the same, as buyers should be willing to pay higher sales prices to charge higher rents

(Eichholtz et al, 2010). In previous literature, hedonic models aggregate data points from a large

number of cities (Bond and Devine, 2014; Kok, Miller, and Morris 2011). For example, Bond and

Devine use data from Los Angeles, Chicago, Dallas, Seattle, Portland, and New York to analyze

multifamily properties. Despite the inclusion of location-related hedonic variables in the regres-
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sion, the regressions that include a large variety of cities may incorrectly attribute pricing effects to

location-related variables rather than to building-related features. Previous models that regress on a

large number of cities are able to provide an average for the impact of green certification programs.

Although the combined city regression in this paper does not find that certification status is signifi-

cant, the average effect also depends on the cities selected. Models that use a larger number of cities

and observations provide a better assessment of the average green premium. However, the results

in this paper challenges the support of green certification programs on a price boosting mechanism,

as the green premium can also vary on a city by city basis.

The large differences between cities also explains the different coefficients of certification

programs in the results. The certification premium in Washington D.C. is consistent with the D.C.

real estate market, because the city is cited to be a leader in green design due to tenant demand

(Clabaugh, 2019). Though Los Angeles is also cited to be one of the leaders in green certifications,

the city’s warmer climate potentially reduces the importance of HVAC efficiency, which makes up a

large proportion of energy costs (Borland, 2018). Finally, the competitive landscape of the commer-

cial real estate market in New York City puts pressure on the ability to price certified buildings at

a premium. The market conditions in each city cannot be completely regressed away via location

related variables.

The differences between location can be further be analyzed on a submarket level. Al-

though location control dummies are included, regression analysis also do not account for intangible

events that occur in certain submarkets over time (i.e. an area becoming trendier/type of tenants)

that affect office pricing. The propensity score weighing process is meant to correct for the cor-

relation between certification status and building characteristics. However, even with the use of

propensity score weighing, the significance of the variables is not any different from the original

regression. Although the propensity weighted results are not different from the OLS results, propen-

sity weighting also relies on the assumption that building characteristics are a valid determinant of

certification status. Thus, the logit model used to determine the propensity scores also depends on

Furest’s findings on the characteristics that determines real-estate pricing (Furest, 2007).

A final point to consider is the validity of using R-squared as a measure for regression

fit. Within the different models in the paper, the R-squared level differs depending on the num-

ber of submarket dummies used the regression. Both R-squared and adjusted R-squared increase

significantly when comparing the city specific regressions (R-squared value of .32) to the combined

city regression (R-squared value of .633). Past literature on green certifications cite R-squared as a

validity measure for the regression model (Fuerst and McAllister, 2011). However, R-squared values

are potentially misleading. Eichholtz uses a similar log-linear model that incorporates hedonic char-

acteristics to create a rental model that explains 72% of the log rent. However, the regression uses

694 dummy variables for location and draws from a larger sample size of 8,105 leases around the

country (Eichholtz et al, 2010). Fuerst and McAllister use 10,970 observations and 853 submarket

controls to find an R-squared value of 63.3% (Fuerst and McAllister, 2011). Because of how impor-

tant location is in determining office values, R-squared is not necessarily suggestive of well the model

fits. In addition, R-squared values will increase with the number of dummy variables included in the

regression, regardless of how significant the variables are. R-squared values should only be used as

a metric to assess model fit for similar regressions and data sets. In that case, the R squared values
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for the regressions in this paper cannot be directly compared to past literature results to assess fit.

11 Conclusion and Next Steps

This paper primarily focuses on the impact of certification programs on property sales

prices with a cursory look at the impact of certification programs on rental rates. Through the

hedonic modeling of sales transactions in three major cities, the previously suggested existence of a

green certification premium is not necessarily consistent between cities. The unfound green premium

in New York and Los Angeles for 2010 to 2018 data contrasts with all past literature that draws

on a national sample of data for regression analysis. The limitations to the analysis arise from

the observation selection process and the completeness of data for the certified and non-certified

group. Next steps should involve comparing the city specific models result to the set of city specific

samples pre-2007 to validate whether a certification premium existed before the growth of certified

buildings during the 2008-2013 period. In addition, the model can be refined by drawing from a

larger set of samples and a larger submarket to understand how sensitive coefficients are to location.

For further research, other regression methodology that includes financial metrics related to cash

flow and expenses of properties should be integrated as variables related to property sales prices,

considering that property buyers of office spaces rely on cash flow analysis to make purchasing

decisions. Finally, regression analysis that specifically looks at the relationship between rental rates

and operating expenses can be used to model rental rates for properties if given access to a larger

data set.
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13 Appendix

Table 10: Summary of variables used in sales regression for New York City 2010-2018 Office Sales

NYC Summary count mean std

Age
<20 768 0.04 0.21
[20-40) 768 0.09 0.29
[40-60) 768 0.13 0.34
[60-80) 768 0.11 0.31
80+ 768 0.63 0.48
Class (Y=1)
Class A? 768 0.37 0.48
Class B? 768 0.63 0.48
Certification (Y=1)
Energy Star? 768 0.29 0.46
LEED? 768 0.13 0.34
Number of floors 768 18.83 12.58
Building Size (millions SF.) 768 0.42 0.53
Location
Downtown 768 0.17 0.37
Midtown 768 0.54 0.5
Midtown South 768 0.29 0.45
Year of Sale (Y = 1)
2010 768 0.07 0.26
2011 768 0.12 0.32
2012 768 0.14 0.35
2013 768 0.14 0.34
2014 768 0.14 0.35
2015 768 0.14 0.34
2016 768 0.12 0.32
2017 768 0.06 0.24
2018 768 0.08 0.27

Table 11: Summary of variables used in sales regression for Los Angeles 2010-2018 Office Sales

LA Summary count mean std

Age?
<20 945 0.54 0.5
[20-40) 945 0.33 0.47
[40-60) 945 0.07 0.26
[60-80) 945 0.03 0.18
80+ 945 0.02 0.14
Class? (Y = 1)
Class A? 945 0.19 0.39
Class B? 945 0.66 0.47
Certification? (Y = 1)
Energy Star ? 945 0.12 0.32
LEED ? 945 0.06 0.24
Number of floors 945 3.05 4.31
Building size (millions SF.) 945 0.05 0.11
Year of sale (Y=1)
2010 945 0.15 0.36
2011 945 0.16 0.37
2012 945 0.09 0.29
2013 945 0.09 0.28
2014 945 0.12 0.33
2015 945 0.11 0.31
2016 945 0.11 0.31
2017 945 0.08 0.28
2018 945 0.09 0.28
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Table 12: Summary of variables used in sales regression for Washington D.C. 2010-2018 Office Sales

DC Summary count mean std

Age?
<20 1679 0.25 0.43
[20-40) 1679 0.53 0.5
[40-60) 1679 0.16 0.37
[60-80) 1679 0.02 0.14
80+ 1679 0.04 0.2
Class? (Y=1)
Class A 1679 0.41 0.49
Class B 1679 0.59 0.49
Certification? (Y=1)
Energy Star 1679 0.18 0.39
LEED 1679 0.09 0.29
Number of floors 1679 5.42 3.88
Building Size (millions SF) 1679 0.11 0.11
Year of Sale (Y=1)
2010 1679 0.16 0.36
2011 1679 0.13 0.34
2012 1679 0.12 0.33
2013 1679 0.09 0.28
2014 1679 0.08 0.28
2015 1679 0.1 0.3
2016 1679 0.11 0.32
2017 1679 0.1 0.3
2018 1679 0.11 0.31

Table 13: List of submarket clusters in LA (Bolded clusters are submarkets used in the regression
analysis)

LA Submarket Cluster Uncertified Certified Grand Total

Antelope Valley 46 46
Antelope Valley Ind 1 1
Beach Communities MF 1 1
Burbank/Glendale/Pasadena 130 21 151
Conejo Valley Ind 3 3
Downtown Los Angeles 27 7 34
Downtown Los Angeles MF 2 2
Eastern SGV Ind 1 1
Gardena/110 Corridor Ind 2 2
Long Beach/Ports MF 2 2
Lower SGV Ind 2 2
Lynwood/Paramount Ind 5 5
Mid-Cities 40 5 45
Mid-Wilshire 56 56
Mid-Wilshire MF 1 1
Northwest SGV Ind 1 1
Pasadena MF 1 1
San Fernando Valley 69 18 87
San Gabriel Valley 149 11 160
San Gabriel Valley MF 2 2
Santa Clarita Valley 70 6 76
SCV/Lancaster/Palmdale Ind 5 5
South Bay 157 25 182
Southeast Los Angeles 20 20
Ventura North 26 2 28
Ventura South 124 12 136
West Los Angeles 168 47 215
Westside Ind 2 2

Grand Total 1112 155 1267
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Table 14: List of submarket clusters in DC (Bolded clusters are submarkets used in the regression
analysis)

DC Submarket Cluster Uncertified Certified Grand Total

Adams Morgan/Columbia Heights MF 1 1
Alexandria/I-395 Area 155 19 174
Arlington/Alexandria Ind 1 1
Berkeley County 7 1 8
Bethesda/Chevy Chase 30 12 42
Calvert County 15 1 16
Capitol Hill Area 55 34 89
Caroline County 1 1
Charles County 25 25
Charles County Ind 1 1
Clarke County 1 1
Downtown DC 165 84 249
Dulles Corridor 318 65 383
Dulles Corridor Ind 12 12
E Prince George’s County 21 21
East Falls Church 11 11
Fauquier County/Vint Hill 22 22
Frederick 67 3 70
Frederick County 10 10
Gaithersburg MF 2 2
Georgetown/Uptown 131 4 135
Greater Fairfax County 299 42 341
Greater Fredericksburg 64 4 68
Hampshire County 1 1
I-270 Corridor 191 39 230
I-270 Corridor Ind 3 3
Jefferson County 1 1
Leesburg/Route 7 Corridor 80 1 81
Manassas/I-66 Ind 2 2
Manassas/Route 29/I-66 64 2 66
Morgan County 1 1
N Prince George’s County 167 8 175
Northeast/Southeast 33 33
Outlying Montgmery Cnty E 6 6
Outlying Montgmery Cnty W 7 7
Outlying PG County South 1 1
PG Beltway South Ind 1 1
R-B Corridor 39 32 71
Rosslyn MF 2 2
S Prince George’s County 38 2 40
SE Fairfax County 53 3 56
SE Montgomery County 54 8 62
Southwest/Navy Yard MF 1 1
St Mary’s County 11 1 12
Warren County 7 7
Washington County 37 37
Winchester City 24 2 26
Woodbridge/I-95 Corridor 33 33

Grand Total 2271 367 2638
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