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This paper studies whether electricity use in newer or older residential buildings
rises more in response to high temperature in a region of Southern California. Peak
electricity demand occurs at the highest temperatures which are predicted to increase due to climate change. Understanding how newer buildings differ from older
buildings improves forecasts of how peak electricity use will grow over time. Newer
buildings are subject to stricter building energy codes, but are larger and more
likely to have air conditioning; hence, the cumulative effect is ambiguous. This paper combines four large datasets of building and household characteristics, weather
data, and utility data to estimate the electricity-temperature response of different
building vintages. Estimation results show that new buildings (1970-2000) have
a statistically significantly higher temperature response (i.e., use more electricity)
than old buildings (pre-1970). Auxiliary regressions with controls for number of
bedrooms, income, square footage, central air conditioning, ownership, and type
of residential structure partially decompose the effect. Though California has had
extensive energy efficiency building standards that by themselves would lower temperature response for new buildings, the cumulative effect of new buildings is an
increase in temperature response. As new buildings are added, aggregate temperature response is predicted to increase.
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Effect
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1. Introduction
Understanding the relationship between electricity usage and temperature, i.e. temperature response, is important for climate change policy and long-range electricity infrastructure planning. Residential buildings are a substantial contributor to CO2 emissions. In the
US, residential buildings account for 21% of 2008 CO2 emissions (Environmental Protection
Agency 2010), with about 50% of residential energy going to space heating and air conditioning (Energy Information Administration 2009). Furthermore, temperature increases from
CO2 emissions will affect electricity demand through increased cooling loads, i.e., air conditioning use. Electric power plant construction and infrastructure decisions are strongly driven
by peak electricity demand which in California occurs during periods of highest temperature.
If new buildings have higher temperature response1, then the average temperature response
will increase as new buildings are added. Peak demand per household will also increase.
Policies to reduce greenhouse gas emissions or reduce energy use often aim to decrease peak
and total electricity demand.
Temperature response is better than total electricity use as a measure of the performance of
buildings. As the component of electricity usage that varies with temperature, temperature
response isolates factors such as the thermal performance of the building, the size of the
building, and the thermostat preferences of occupants. In contrast, total electricity use
conflates these factors with appliance ownership (e.g., more televisions) and other factors
that don’t depend on the building.2
Whether newer or older residential buildings in California have higher temperature response
has not been studied using field data. California has had the most extensive energy efficiency
standards in the United States applied to new buildings. Engineering models (e.g., Marshall
and Gorin (2007); Abrishami, Bender, Lewis, Movassagh, Puglia, Sharp, Sullivan, Tian,
Valencia and Videvar (2005)), predict strong reductions in energy use (both peak and total
1In

this paper, temperature response is defined as the percentage increase (relative to usage on a 65◦ F day)
in electricity use due to a 1◦ F increase in temperature. Higher temperature response means more incremental
electricity use.
2
Though I focus on temperature response, I also present comparisons of the total electricity use across vintage
in Appendix A. Unsurprisingly, new homes use more electricity, principally because they are larger.
2

use) due to these standards, ceteris paribus, but other factors can offset these increases. The
sign of the cumulative effect, measured as the difference between new and old buildings, is
ambiguous. I use field data to estimate the temperature response across houses of different
vintages.
This paper uses (household, monthly) field panel data on electricity use linked to building vintage and other building and household characteristics. Household electricity usage
(quantity) data in Riverside County, California, USA, is regressed on time series variation in
temperature to estimate temperature response. Cross sectional variation in building vintage
and other characteristics at the Zip9-level or census block group-level identifies the temperature response by vintage.
The main finding is that each successive decade since 1970 has statistically significantly
increased temperature response compared to older buildings (built prior to 1970). Hence,
average peak load is expected to increase due to population growth and ensuing new construction. This exacerbates the impact of climate change on electricity use. Auxiliary regressions add controls for bedrooms, income, sqft, central air conditioning ownership, and
type of residential structure. These differ across vintage and partially explain the increase in
temperature response for newer buildings. With these controls, 1990s homes are estimated
to have a temperature response of 8% less to 6% more than pre1970s homes in the most
unrestrictive specification.
The organization of the paper is as follows. Section 2 presents existing related studies.
Section 3 presents a description of the data. Section 4 presents an econometric model.
Section 5 estimates the model. Section 6 discusses results and potential mechanisms. Section
7 concludes.
2. Related Work
2.1. Temperature Response and Building Vintage in Field Evidence and Forecasting. Several papers have focused on temperature response of buildings using field evidence
but have ignored how buildings have changed across vintage. Aroonruengsawat and Auffhammer (2009) examined the variation in the non-linear relationship between temperature and
3

electricity use by sixteen climate zones in California, showing that the strongest relationships
are in hotter inland areas. Earlier work on temperature response with (annual, state)-level
data by Deschênes and Greenstone (2008) predicted that climate change scenarios generate a
33% increase in residential energy consumption nationwide with the current set of buildings.
New buildings, if they perform worse than older buildings, may exacerbate this predicted
increase.
By ignoring vintage effects, such studies would underestimate the impact of new buildings.
Baxter and Calandri (1992) use an engineering model to estimate the impact of a 1.9◦ C
temperature increase, finding a 2-4% increase in electricity use, but the study holds the
building stock fixed. More recent work suggests that newer buildings are more temperature
responsive. Every two years, the California Energy Commission runs a detailed simulation
model to construct its demand forecast that includes a large mix of econometrically estimated
parameters and engineering estimates. In a recent revision, they find that air conditioning
saturation for newer buildings increased unexpectedly for both hotter (inland) and cooler
(coastal) areas (Marshall and Gorin 2007).

3

A limitation of engineering studies is uncertainty about whether engineering parameters
represent actual field performance. Joskow and Marron (1992) describe many factors that
contribute to overstatement of program effectiveness. In particular, a rebound effect may
exist where occupants demand more services by responding to a decrease in the price due to
efficiency (Greening, Greene and Difiglio 2000), interventions may imperfectly translate to
the field, or unexpected confounding effects could diminish or accentuate savings. Although
only a small portion of their broader critique, they highlight the difficulty of extrapolating
from the laboratory to the field. In Joskow and Marron (1993), they find that the ratio
of measured to estimated savings are 0.31-0.42 for two 1980s retrofit programs; that is,
engineering predictions overstated savings by a factor of 2 to 3. As more current evidence that
field measurements and engineering estimates differ, Larsen and Nesbakken (2004) compare
3Their

large simulation model does not directly report temperature response. Instead, they report a related
statistic, load factor, which is defined as average demand relative to peak demand. Load factor and average
temperature response are inversely related. They project that load factor will decrease suggesting that newer
homes should have higher temperature response.
4

an econometric decomposition approach to the predictions of engineering models in Norway.
They find that the two approaches decompose end uses quite differently. Hirst (1990) surveys
the broader question of program evaluation. Nadel and Keating (1991) summarize results of
a large number of field evaluations and find generally positive, but usually smaller, savings
than what engineers predict. Use of field data, like that done in this paper, can produce
more realistic forecasts or provide ways to validate engineering estimates. If engineering
parameters overstate energy savings, then demand forecasts will be biased downward.
Two very recent papers use field data to test the impact of building vintage, both using
monthly utility data. Jacobsen and Kotchen (2009) analyze one building standard code
change in Florida using a sharp regression discontinuity. They estimate a 4-6% reduction
is energy use. Costa and Kahn (2010) estimate the differences in total electricity use by
building vintage for buildings in a community in California using cross-sectional variation
and show that homes built after 1983 had lower total electricity use. My research looks
at the differences for homes over three decades and focuses on differences in temperature
response.

2.2. The Rosenfeld Curve and Energy Efficiency. Per capita total electricity sales for
California have been relatively flat since the mid-1970s, when landmark legislation for energy
efficiency was passed. Comparatively, sales for the rest of the United States have gone up by
50% (Figure 1). Explanations of this time series phenomenon, commonly referred to as the
Rosenfeld Curve, vary widely. One obvious potential explanation points to California’s policies, especially the establishment of building and appliance standards unique to California,
which also began in the mid 1970s. However, correlation is not causation. The visual remarkableness of this curve is tempered when looking at comparable curves for nearby states.
A look at analogous “Rosenfeld Curves” of residential electricity per capita over time for
eight Western States (Figure 2) presents a quick visual contrast to California’s impressive
performance relative to the United States (Figure 1). Three other states (NV, OR, and
5

WA) have had flat residential electricity per capita profiles, though they had weaker building
standards.4
Avoiding many of the problems of state-level analyses, my research uses rarely available
microdata at the household-level with covariates at the 5-10 household-level. State-level
analyses are problematic because they assume comparability across states. The identifying
assumption in such studies is that changes in per-capita electricity load across states would
have been the same in the absence of energy efficiency policies. This assumption is embedded in several state-level analyses: Aroonruengsawat, Auffhammer and Sanstad (2009) and
Horowitz (2007) use state-level panel data; Sudarshan and Sweeney (2008) make a comparison
between the US and California; and Loughran and Kulick (2004) and Auffhammer, Blumstein and Fowlie (2008) use utility-level panel data. These analyses typically find evidence
that energy efficiency programs reduce energy consumption. Comparability across states
can be violated for many reasons. The evolution of a state’s aggregate energy efficiency (as
measured by residential electricity per capita) will depend on changes in the composition of
the type of housing (urban vs rural, single family vs multifamily/mobile homes), differential
growth in the size of housing, changes in geographic/climatic composition (e.g. coastal vs.
inland), and differences in the adoption of air conditioning.
This analysis makes an important contribution to studies of policies aimed at reducing
residential energy. In the context of "energy intensity" measures, such as electricity per
capita or per GDP, my research identifies the new and counterintuitive empirical fact that
households in new buildings use more electricity per household, both in total use and in
response to temperature. It runs counter to what one might expect from looking at the
Rosenfeld Curve, where per capita electricity has been flat, but the Rosenfeld Curve is an
aggregate-level result that may conflate other factors.5 Explaining what causes this empirical
4Historical

information for all states on building energy standards comes from the Building Codes Assistance
Project (n.d.). Nevada implemented a mandatory building energy code in 1978 but "between 1983 and 1986,
the state did not support or enforce this energy code". Oregon implemented a building energy code in 1978
that did not apply to residential buildings. A residential code was adopted in 2003. Washington adopted a
voluntary energy code in 1977, with a mandatory code established in 1986.
5Given that households in new buildings use more electricity than those in older buildings, if older buildings
have not changed, it follows logically that the average household use would go up. Since this contradicts the
6

fact is important for understanding the effectiveness of building energy use policy in the
context of many simultaneous changes.
3. Description of the Data
Three investor-owned utilities (Pacific Gas and Electric, Southern California Edison, and
San Diego Gas and Electric) gave researchers at the University of California Energy Institute the complete billing history for all residential household bills in these electricity service
territories. Time coverage for utilities varies, but the longest period of data are from 1998 to
part of 2009 for Southern California Edison (SCE). Information includes billing start date,
billing end date, total electricity used (kWh), total bill, an account id, a physical location
id, and the zip code (usually at the nine digit level). This paper currently focuses on one
county, Riverside County, where there are over 20 million observations for SCE customers.
Riverside County was chosen because it is an inland area with a wide range of temperatures,
there is considerable variation in the building vintage, Aroonruengsawat and Auffhammer
(2009) found this region to have substantial average temperature response, and detailed
county assessor’s property information is available. It is important to restrict to one county
or area because housing design, climate, and building standards differ strongly across the
state. For cleaning, bills with 25 days or less or 35 days or more were dropped (about 5%).
Bills with less than 2kWh/day or more than 80kWh/day are outliers were also dropped (about
4%).6
The billing data lacks housing and household information; two data sets of different spatial
resolution are used to provide this information. County assessor’s data (County of Riverside
Assessor’s Office 2010) was obtained for single family homes identifiable to the address.
Because SCE billing includes both bills for single family and multifamily (e.g., apartments),
I condition on census block groups where more than 95% of households are in single family
homes. Bills are next matched to assessor data via the zip9. Zip9s are very small, with an
flat average electricity use (Rosenfeld Curve), the inference is that households in old buildings use significantly
less electricity, to the point that the average use is flat.
6The main analysis was rerun with a cutoff of 200kWh/day rather than 80kWh/day. Results did not markedly
change.
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average of 4.8 assessor records per zip9. For each zip9, the proportion constructed in each
vintage category, the median of square footage, and the proportion of houses with central air
conditioning for each zip9 is associated with all the bills in that zip9.
The second source of housing information is the US Census. The 2000 US Census’s Summary File 37 (United States Census Bureau 2009) has at the census block group-level proportions of the vintage of housing, proportions of type of structure (single family vs multifamily
vs mobile home), the number of rooms, and the income distribution. A census block group
has a size on the order of 500 housing units. Figure 3 has a map of part of Riverside County
by census tract.8. The shading corresponds to the proportion of housing in a tract that was
built after 1980, with darker meaning more new construction. Hence, within this county,
there is substantial spatial variation in the age of housing which is needed for estimating
vintage differentiated temperature response; i.e. temperature response is compared between
dark and light areas of the map. Because of the large number of observations and computing
limitations, a 1-in-5 subsample was used to reduce the sample to 5.3 million observations
when using census data.
Daily maximum (Tmax) and minimum (Tmin) temperature at a 4km x 4km grid are
generated according to the algorithm used by Schlenker and Roberts (2009) which has been
used for estimating the relationship between crop yields and temperature. The reader is
directed there for a more full description of the algorithm as well as diagnostics that show the
methodology is reliable. Billing data are then matched via Zip9 to the gridded temperature
data and to the census block group. The average of Tmax and Tmin is then taken as the
daily temperature. These are then translated into cooling degree days (CDD) and heating
degree days (HDD) with a reference temperature of 65◦ F. In a more flexible approach which
follows Aroonruengsawat and Auffhammer (2009), the daily temperature is binned into 10
bins with approximately equal number of observations. Temperature bin ranges are listed in
Table 1.

7This
8On

is also known as the Census Long Form
average, a census tract is 3 census block groups.
8

To give a better sense of the data, Figure 4 gives plots of average daily electricity use
versus time from the monthly billing data for one household. Peaks for electricity use correspond to summer months. This data is then replotted as average daily electricity use versus
average cooling degree days in Figure 5. As temperature increases, the electricity use for this
household increases.
Summary statistics of the data (using assessor’s data which is restricted to single family
homes at the zip9 level) are in Table 2. Most homes (88%) have central air conditioning; the
newest homes almost always have central air conditioning, but less than half of older homes
have central air conditioning.
Summary statistics of the data (using census block groups) are in Table 3. The top section
reports information from the billing data. The average household use per day is 25.5kWh, or
9307kWh per year. This is slightly lower than the national average of 11,500 kWh per year
(Energy Information Administration 2009). The second section of the summary statistics
corresponds to building and household characteristics from the Census data at the level of
the census block group. 20% of observations were built in 1970-1979, 36% in 1980-1989, and
21% in 1990-2000, and 23% before and including 1969. The min and max of these variables
are close to zero and one, which means there is substantial variation across census block
groups in building vintage. The vintage variables differ from the previous table because this
data set includes non-single family homes. The average number of bedrooms and rooms are
2.57 and 5.23, and the average household income is $48,200.
An extended data discussion with additional detail on data cleaning and matching is in
Appendix D.

4. Econometric Model
The average temperature response for subareas of California has been estimated by Aroonruengsawat and Auffhammer (2009) and nationally by Deschênes and Greenstone (2008). A
similar estimating equation is given by Equation 1. This flexibly estimates the average temperature response in log terms within the sample area after controlling for a household fixed
9

effect.9 Temperature is binned. Dpit is a scalar [0, 1] that denotes the fraction of days where
a household is exposed to the pth temperature bin.
ln(kW h_useperdayit ) =

PBIN S
p=1

ρp ∗ Dpit +

(1)

αi + εit
An alternative specification is to parameterize the temperature response in terms of cooling
degree days and heating degree days10. Following Reiss and White (2008), I include linear
and squared terms for CDD and HDD which results in Equation 2.

ln(kW h_useperdayit ) = f (CDD, HDD) + αi + εit
= β1 CDDit + β2 CDDit2 + β3 HDDit + β4 HDDit2 + αi + εit (2)
I have estimated both temperature parameterizations. The degree day parameterization
is the main specification presented. A limited number of binned results are also presented.
I next estimate the heterogeneity of temperature response by vintage. The vintage of each
household is not known, but the proportion of buildings of each vintage in an area is known,
either at the Zip9- or census block group-level. The temperature response of each vintage
is estimated via the cross sectional variation in vintage across areas. Equation 3 uses the
degree day parameterization, while Equation 4 estimates the average response by vintage
using binning.

ln(kW h_useperdayijt ) =

PV IN T AGES
v=1

Vjv ∗ (β1v CDDit + β2v CDDit2 + β3v HDDit + β4v HDDit2 )
+αi + εit

9Studies

relating energy use and temperature have varied in the functional forms used. I discuss this in
Appendix B. In the robustness checks and the auxiliary regressions, I include alternative functional forms.
10Degree days are referenced to 65◦ F. For a given day, CDD = max(T mean − 65, 0) and HDD = max(65 −
T mean, 0)
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(3)

ln(kW h_useperdayijt ) =

V INX
T AGES
v=1

 BIN
XS



[βpv Vjv ] ∗ Dpit + αi + εit

(4)

p=1

where
• i, j, t index households, Zip9 or census block groups, and time (monthly billing period),
respectively
• BIN S represents the number of temperature bins, p indexes them.
• V IN T AGES represents the number of building vintage categories. v indexes them.
• Vjv is in [0,1] and represents the proportion of buildings in j for vintage v
• Dpit is in [0,1] and is the measure of the proportion of days for household i in the billing
cycle t where the average temperature is in the pth bin

In both regressions, the mean temperature-invariant consumption is captured by the household fixed effect, αi . Importantly, this will flexibly capture temperature invariant factors such
as variation in appliance ownership and usage patterns.11 In Equation 4, the parameters of
interest are the βpv that represent the temperature response for the pth temperature bin for
the vth vintage12. The set of βpv plotted against the p temperature bins yields the temperature response. Electricity use should increase with increasing temperature, represented
by βp∗ v > βp0 v when p∗ is hotter than p0 in the air conditioning range of temperatures for
a given v.13 If new buildings have higher temperature response than older buildings, then
βpv∗ > βpv0 when v ∗ is newer than v 0 for any p in the air conditioning range of temperatures.
In Equation 3 with the degree day parametrization, the β1v and β2v determine the temperature response to hotter temperatures. Temperature response is higher when these coefficients
are larger. In the degree day parameterization, the comparison of interest is the analogous
differences in predicted temperature response across vintages.
11A

more common specification would also include time dummies. This specification has been run with both
month(Jan-Dec) and year dummies. The pattern of results is the same for the CDD and HDD parameterization.
12One of the temperature bins, 62.7◦ F − 66.4◦ F is left out wlog as the reference temperature bin, otherwise
the rank condition is violated.
13The heating range of temperatures is estimated but not discussed in this paper. Heating fuel varies across
vintage, with newer homes more likely to have natural gas as their primary heating fuel. In contrast, electricity
is almost universally the energy source for cooling.
11

Estimation of Equations 3 and 4 determines the average temperature response by vintage
but does not identify the causal effect of building standards. Over time, buildings have
changed in numerous ways, such as building standards on insulation and glazing, efficiency
standards on appliances, the likelihood to have air conditioning, the square footage, and
building design. The standard practice of using ln(kW h_useperday) as the dependent variable is one way to controls for square footage and size as discussed in Appendix B, but the
other factors are captured by the vintage effect. Building standards do vary by vintage and
are predicted via engineering estimates to have an impact on temperature response. However, building standards cannot be isolated from the other changes.14 Hence, I interpret the
estimate to Equations 3 and 4 as the cumulative impact of multiple changes.
In order to aid interpretation of the cumulative effect, available covariates can be added
which can isolate some factors of the cumulative impact of vintage, but the remaining factors
cannot be isolated. County assessor’s data provide additional covariates for central air conditioning ownership and square footage at the zip9-level but only for areas almost entirely
composed of single family homes. Using this data, the following auxiliary specifications can
be estimated, the first with the degree day parameterization and the second with temperature bins. Importantly, building standards are not controlled for and would still be part of
the vintage effect.

ln(kW h_useperdayizt ) =

V INX
T AGES

Vzv ∗ (β1v CDDit + β2v CDDit2 + β3v HDDit + β4v HDDit2 )

v=1

+CentralACz ∗ (ϕ1 CDDit + ϕ2 CDDit2 + ϕ3 HDDit + ϕ4 HDDit2 )
+SquareF ootagez ∗ (θ1 CDDit + θ2 CDDit2 + θ3 HDDit + θ4 HDDit2 )
+αi + εit

(5)

14There

are two potential methods of estimating the causal impact of building standards. First, a regression
discontinuity (RD) design may be possible if the treatment is discontinuous. However, building standards
implementation could be slow and gradual, which would not be picked up by an RD design. Jacobsen and
Kotchen (2009) apply an RD approach which assumes a sharp change in standards implementation. Second,
cross state comparisons can be made, but the limitations of cross-state analyses has been discussed.
12

ln(kW h_useperdayizt ) =

T AGES
PBIN S  V INX
p=1

[βpv Vzv ] +

(6)

v=1

ϕp CentralACz +

θp SquareF ootagez ∗ Dpit +
αi + εit
where
• i, z, t index households, zip9, and time (monthly billing period), respectively,
• Vzv is in [0,1] and represents the proportion of buildings in z for vintage v
• CentralACz is the proportion of buildings with central air conditioning in z, and
• SquareF ootagez is the median square footage for buildings in z.

With the census data, three variables are interacted with temperature response that vary
at the census block group-level: (1) average ln(income), (2) average number of bedrooms
(a proxy for size), and (3) the type of structure, i.e. Single Family or Multifamily or Mobile/Other. Equation 7 presents this auxiliary specification with the degree day parameterization.

ln(kW h_useperdayijt ) =

V INX
T AGES

Vjv ∗ (β1v CDDit + β2v CDDit2 + β3v HDDit + β4v HDDit2 )

v=1
ST RUX
CT U RES

ST Rjs ∗ (ρ1s CDDit + ρ2s CDDit2 + ρ3s HDDit + ρ4s HDDit2 )

s=1

+AvlnIncomej ∗ (γ1 CDDit + γ2 CDDit2 + γ3 HDDit + γ4 HDDit2 )
+AvBedroomsj ∗ (δ1 CDDit + δ2 CDDit2 + δ3 HDDit + δ4 HDDit2 )
+αi + εit

(7)

ST Rjs is in [0,1] and represents the proportion of buildings in j for the type of structure, s.
AvlnIncomej is the average of ln(income) per household in j. AvBedroomsj is the average
bedrooms per household in j. j indexes census block groups areas. Importantly, building
13

standards and measures of air conditioning ownership are not available as covariates when
using census data.
An important property of these estimates of temperature response is that they are immune
to many types of omitted variable bias. In order for omitted variable bias to bias temperature
response results, two conditions must be met. First, the omitted variable must vary across
vintage. Second, the omitted variable must be correlated with temperature. A variable,
such as price, that does not vary within this region nor by temperature, would not bias
results, except if price elasticities for cooling varied across vintages.15 Aroonruengsawat and
Auffhammer (2009) included price as a regressor in estimating regional temperature response
and found that it did not affect results.
5. Results
5.1. Main Results: Degree Day Parameterization With County Assessor’s Data.
Results presented in this subsection use the degree day parameterization and county assessor’s
data. Alternative specifications follow this subsection.
I first estimate the average temperature response across all households given earlier by
Equation 2. Column A1 of Table 4 and Figure 6 present the results of the estimation using
fixed effects panel regression with standard errors clustered at the zip9 level. This shows the
strong increase in electricity in response to temperature for higher temperatures, relative to
65◦ F.16
Next, I estimate temperature response by vintage as given earlier by Equation 3. Column
A2 of Table 4 and Figures 7 to 10 present the results of the estimation. The omitted vintage
variable is pre1970s, so the coefficients on the remaining variables are differences from the
temperature response of pre1970s buildings. Figure 7 is the temperature response for pre1970s
buildings. Figures 8 to 10 are for each other vintage relative to pre1970s buildings. Each
15This

is a future piece of planned work. It is not straightforward to include prices because they are nonlinear,
increasing block rate tariffs.
16The heating curves or temperatures below 65◦ Fare not included because electricity is not the dominant
heating fuel. Hence estimated differences across vintages will be partly driven by differences in heating fuel.
Reliable statistics of heating fuel across area are not available. Natural gas is more common in newer buildings
and in some areas. Heating is still included to improve model fit and reduce standard errors.
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figure has a horizontal line at zero to indicate what would result if there were no difference
between vintages. To interpret these results, the 1970s, 1980s, and 1990s vintage of buildings
have statistically significantly higher temperature response than pre1970s buildings. The
highest temperature response is for 1990s buildings, followed by 1980s buildings, 1970s, and
then pre1970s buildings.
Lastly, I estimate temperature response by vintage with some controls interacted with temperature response, as given by Equation 5. These controls capture variation in temperature
response that is correlated with central air conditioning and square footage. Results are in
Column A3 of Table 4 and Figure 11 which combines the graphs. Central air conditioning
strongly positively increases temperature response and is more prevalent in newer buildings.
Square feet negatively impacts CDD; this means that the percentage increase in electricity
on a hot day is systematically less for larger buildings. This makes sense from an engineering
perspective because a doubling of sqft typically would mean a less-than-doubling of surface
area. As discussed in the Appendix B, the main econometric specification assumes comparability across households of different size by comparing percent changes. In the figure, all of
the temperature response curves shift downward because new buildings more often have air
conditioning. 1970s buildings are not statistically significantly different from pre1970s buildings after adding controls. 1980s and 1990s buildings are still more temperature responsive
after adding controls.

5.2. Robustness checks.
To partially guard against the possibility that some of these results are driven by parametric
assumptions on size, I re-estimate the previous regression and restrict square footage to 1300
to 1600 square feet which reduced the observations by about two-thirds. Estimation results
are presented in Column A4 of Table 4 and Figure 12. The signs of the Square Foot ×
CDD and Square Foot × CDD2 variables change, but it is also less statistically significant.
Even with this change, cumulative responses by vintage with controls are similar to the main
results.
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The degree day parameterization may be overly restrictive. I run analogous regressions but
with temperature binning instead of the degree day parameterization. Equation 4 presents
the regression without controls. Results are given in Figure 13. Equation 6 presents the
regression with controls. Results are given in Figure 14.17 Results are similar to the main
results. Without controls, all vintages have statistically higher temperature response for bins
higher than 65◦ F. With controls, 1970s buildings are not statistically significantly different
from pre1970s buildings for all bins, and 1980s and 1990s buildings are more temperature
responsive.18
In each of these cases, the ln(kW hperday ) specification compares households in terms of the
percent change in electricity use relative to each house’s fixed effect, i.e. their temperature
invariant mean usage. An alternative approach is to compare each household’s temperature
response in levels (as opposed to percentages) and control explicitly for size. This alternative
is discussed and estimated in Appendix B. Referring to Figure 15, this parameterization
shows that the predicted temperature response for all vintages of buildings are not statistically
significantly different from the reference group of pre-1970s buildings. Standard errors are
larger due to the reduction in observations.
An alternative data source is census data which offers some advantages. Census data is
not restricted to single family homes and includes income and other socioeconomic information. The disadvantage is that census block groups are larger geographically, so there is less
spatial variation and more potential for bias from aggregation, as discussed in Appendix C.
Regressions are run with census block data. Figure 16 shows the temperature response by
vintage after estimating Equation 3. 1980s and 1990s homes have a higher temperature response that is not statistically significantly different from pre1970s homes, but 1970s homes
have a lower temperature response. Standard errors are much larger due to the decrease in
number of areas. There are 372 census block group areas compared to 9316 Zip9’s areas.
Figure 17 shows the the results of estimating temperature response by vintage with controls
17Regression

tables available upon request.
that caution should be used when looking at the lowest and highest temperature bins. These bins
contain outliers and the intra-bin temperature distribution across vintages is quite large. Newer buildings
have more data points in the highest temperature bin.
18Note
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for income, size, and type of structure, as described in Equation 7. Note that air conditioning is not available at this spatial resolution and is not used as a control. With controls,
results change dramatically. 1970s buildings have a higher temperature response that is not
statistically significant. 1980s and 1990s buildings have a higher temperature response that
is statistically significant. The reason for the upward shift is that 1970s and 1980s buildings
had a higher proportion of multifamily and mobile home units which have lower temperature response. After controlling for this, both curves shift upward. For the 1990s buildings,
income has a negative effect on temperature response and households in newer building have
higher income. After controlling for this, the the 1990s curve shifts upward.
Total usage is another way to compare electricity use across households. This research
focuses on temperature response under the argument that temperature response isolates
elements of the building and household preferences only for cooling and heating services. In
contrast, total usage captures many other differences across vintages, such as the number
and type of appliance. Appendix A discusses this in more depth. The results, as presented
in Table 5, show that new homes use statistically significantly more electricity than older
homes in total electricity use (Column T1). This is expected since new homes are larger.
After adding controls for square footage and central air conditioning (Column T2), new
houses use statistically significantly less electricity. Further adding controls for temperature
across vintages (Column T3), new homes still use less electricity, and the coefficient on central
air conditioning without temperature interactions becomes statistically insignificantly different from zero. This empirical result can be justified without invoking increased efficiency; a
home with twice the square footage may not have twice the amount of people or appliance
usage. Hence, the lower electricity per sqft is consistent with fewer services per square foot.

6. Policy Significance and Potential Mechanisms
6.1. Policy Significance. The results show that, in Riverside County, the cumulative temperature response for buildings has been stronger for newer buildings (1980s and 1990s) than
for older buildings (1970s and pre1970s). This has two main policy impacts, one for load
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forecasting and one for the impacts of climate change given that the composition of the
building stock is changing to something more temperature responsive.
First, in conducting load forecasts, these results suggest that new construction will increase the average temperature response and increase peak load on the hottest days. As a
calibration, the population forecasts of RAND (RAND California 2010) predict an average
annual population increases of 2.6% for Riverside County. Applying this growth to Riverside
County and assuming that new construction has the same temperature response as 1990s
buildings, Figure 18 predicts the increase in average temperature response on a 75◦ F day
to go from 48.8% to 52.3% from today to 2020. Peak demand will increase proportionately
as well. This is comparable to the estimated 3.7% increase in peak demand due to a 1.9◦ C
increase in temperature as estimated by Baxter and Calandri (1992).
Looking at the issue of air conditioning statewide potentially could have an even greater
effect. This is because coastal areas have historically had a lower amount of air conditioning,
but the CEC revised forecast commented that there was an unexpected increased air conditioner saturation in cooler areas. Table 6 presents air conditioning saturation for old versus
new housing by forecast climate zones from KEMA-XENERGY (2004) data. Figure 19 gives
a map of the zones. Coastal areas that have very low ownership of air conditioners for older
buildings have dramatically increased air conditioner ownership for newly built buildings.
Second, climate change impacts will be exacerbated with the increased temperature response from newer houses. Using the same calculation as given in Figure 18 above, I can
predict the difference in climate change impacts adjusting for the estimate that new buildings
are more temperature responsive. In 2050, Riverside’s population is predicted to more than
double. For a 5◦ F increase due to climate change, temperature response will be about 2-3%
higher with the addition of new buildings compared to the current building stock.

6.2. Potential Mechanisms. As previously discussed, it is not possible to separate out the
mechanism of the vintage-differentiated temperature response. The heterogeneity by vintage
was first estimated, and then controls for observables were included, which captured some
18

of the heterogeneity. The remaining temperature response is from the other factors.19 One
of the remaining factors that are part of the vintage temperature response coefficients were
policy developments. This would include building standards implemented in 1975, 1979,
1984, and 1992 and appliance standards implemented in 1978 and 1987.
After controlling for differences in air conditioning, the remaining differences across households of different vintages is smaller and depends on the specification used. In the main log
specification with controls for central air conditioning ownership, new buildings had statistically significantly higher temperature response by a small amount (Figure 11). Using a
level specification and restricting the sample to houses of similar size, new homes performed
slightly better, but not statistically significantly so (See Appendix B, Figure 15).
Engineering estimates provide a prediction of the impact of buildings standards absent
any other changes. Building standards have also varied by vintage and are predicted to
reduce temperature response significantly by 34-56% for new versus old buildings. The CEC
identifies four significant changes in building standards and estimates the savings from those
standards with engineering models (Marshall and Gorin (2007) and Abrishami et al. (2005)).
I summarize and report the savings from in Table 8. Total load reduction is about 6%
from engineering estimates.

However, to make this result comparable to my estimates,

two adjustments must be considered. First, building standards only affect new construction
and major renovation; these are represented in the fourth column which has the population
increase since the standard went into effect as a proportion of the current population. Also,
building standards only affect the temperature response component of electricity use. I
calculate the implied reduction in temperature response, -34% to -56% from each building
standard in the last column.
The juxtaposition of similar temperature response across vintages and a large predicted
decrease in temperature response due to building standards suggests that other factors have
had a large positive effect for new houses. There are multiple potential mechanisms, none of
which the data can separate out. Behavioral responses, such as those driven by the rebound
19This

relies on the assumption that the other factors are uncorrelated. Otherwise, the included controls
would pick up other factors through correlation with omitted variable.
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effect (Greening et al. 2000) can increase temperature response. This would mean that part
of the increase is due to an increase in comfort from using more cooling services. New
buildings may differ in their thermal design in that they may have taller ceilings, fewer trees,
less passive shading, more structural complexity, or a higher window-to-wall ratio; all of
which may increase the electricity needed to cool a building. It is also possible that there is
sorting, where people who favor more cooling services are more likely to live in new buildings.
Another possibility is that standards may not have been as effective as they have claimed,
following the logic of Joskow and Marron (1992). These are factors that would need to be
carefully considered when designing and evaluating of building standards.
Some auxiliary information suggests that sorting plays a limited role in explaining the
results of higher temperature response in new buildings. Using data from KEMA-XENERGY
(2004) for homes in this region, Table 9 shows the tab:self-reported proportion of homes who
turn on their air conditioning by vintage and time of day, and Table ?? the self-reported
average thermostat set point conditional on having central air conditioning on by vintage and
time of day. The newer buildings tend to turn on their air conditioner slightly more often,
but the set point of the thermostat is not very different across vintages. This data cannot be
used in the regression framework because it is available only for large areas whereas assessor
and census data were available for small areas.
6.3. Future Work. Billing data are available for a large portion (about 80%) of California
and future work will estimate this specification across the entire state. Though the average
temperature response in coastal areas is low, according to Aroonruengsawat and Auffhammer
(2009), the CEC reports suggest that new construction in lower temperature areas on the
coast has had higher than anticipated air conditioning ownership. In fact, Table 6 shows
that air conditioning ownership has increased strongly in both coastal and inland areas.
Estimation of the entire state would enable me to aggregate county-level estimates to a
statewide average cumulative temperature response.
This research also presents a puzzle about the causes of the Rosenfeld Curve, shown in
Figure 1. Since the mid 1970s, per capita electricity consumption for California has been
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flat while it has increased 50% for the United States. The breakpoint in the 1970s coincided
with the establishment of aggressive energy efficiency policies. The Rosenfeld Curve coupled
with engineering estimates suggest that California’s policies have been very effective, but
this research suggests that, in terms of temperature response, the net effect has been that
newer buildings increase temperature electricity use more than older ones in response to high
temperatures in Riverside County, one of California’s hottest counties. Several other drivers
(most notably, population growth biased toward hotter areas which have higher electricity
use) would also increase aggregate per capita electricity consumption. The resulting puzzle
is why California has had a flat per capita electricity profile despite these drivers that would
strongly push electricity use upwards. To try to understand the aggregate effect, I will look
at patterns of population growth, housing size (square footage), and changes in heating fuel
in addition to the heretofore studied differences between new and old residential buildings in
temperature response.
7. Conclusion
The contribution of this paper is to focus on the relationship between building vintage
and temperature response in residential buildings in California. The main finding is that
temperature response for buildings varies by vintage: new buildings (1970-2000) have a
statistically significantly higher temperature response (i.e. use more electricity in response
to higher temperature) than old buildings (pre-1970). This is robust to many specifications.
The cumulative positive effect for temperature response in new buildings means that increased
air conditioning ownership and other factors have outweighed other energy-saving impacts,
such as building standards applied to new residential buildings.
This result has two main implications, one for electricity demand forecasting and one
for climate change impacts. First, since new residential buildings have higher temperature
response, this means that the average temperature response is expected to go up as new
buildings are added. Peak electricity load will also increase, even with climate held constant.
Second, if temperatures increase due to climate change, the new residential buildings will
exacerbate the increase in peak load.
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Appendices
Appendix A. Total electricity vs temperature response
This appendix provides estimates that compare the differences in the total electricity use
across households of different vintages. Note that because the variation in age of housing
does not vary over time, this precludes the use of household fixed effects. Vintage effects will
include differences across households that are not related to the building, such as increases
in the amount of appliances or televisions.
Regression results are shown below using a random effects specification with clustering at
the ZIP9 level in Table 5. The first column shows that newer buildings have larger utility
bills, with no clear pattern across decades. The second column two adds a control variable
for square footage. Size increases total electricity use, as expected, but the estimates have
1990s and 1980s buildings using less energy after controlling for size, whereas 1970s buildings
use slightly more than pre1970s buildings. The third column adds controls for temperature
interacted with all variables; the signs of the vintage coefficients are unchanged.
Though interesting empirical regularities, the coefficients on the vintage variables are
hard to interpret. They can be rationalized both by increasing efficiency of appliances in new
buildings or fewer appliances in new buildings of comparable size.
It is important to note that newer buildings have a larger temperature invariant component
(Column T1), which means that the same percentage increase in new buildings and old
buildings (due to temperature difference) also means a higher change in kWh for the new
buildings.

Appendix B. Functional Form
The function form used in electricity regressions varies across studies, with the literature
split between have ln(kW huseperday ) (dubbed "ln") or kW huseperday (dubbed "levels") as the
LHS variable. In many cases, the choice is ad hoc, justified on the grounds that the ln
specification compares percent changes across observations which roughly controls for size.
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In KEMA-XENERGY (2004), a conditional demand analysis framework is used that is motivated by the concept of summing up the loads of each appliance separately, in which case
levels are the appropriate regressand and temperature response is scaled by some measure of
the size of a house.
First, I present a mathematical justification for the ln specification. Second, I present
some results using levels as the regressand after making appropriate adjustments. The results
across vintage are similar.

kwhperdayit = basei + heatit + coolit

(8)

kwhperdayit = basei + f (weather) × f (size) × f (other)

(9)

kwhperdayit = basei + Z
ln(kwhperdayit ) = ln(basei ) +

(10)
1
∗Z
basei

(11)

via Taylor approximation around Z=0
1
∗ f (weather) × f (size) × f (other)
basei
f (sizei )
= Q, a constant
assuming
basei

ln(kwhperdayit ) = ln(basei ) +

(12)

ln(kwhperdayit ) = ln(basei ) + Q ∗ f (weather) × f (other)

(13)

The derivation above begins with a partition of energy use into a base usage that is
temperature and time invariant followed by heating and cooling loads that vary by time
through weather’s variation over time. The next step takes the natural log and then expands
via a Taylor expansion. Under the maintained hypothesis that a function of size enters
multiplicatively and that the ratio of base usage to the function of size is constant, size
can then be omitted. Intuitively, this specification assumes that percent changes of bills are
the comparable metric across buildings of different size. The f (other) term would include
vintages, housing characteristics, and household characteristics.
20A
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reasonable alternative approach would be to use Box-Cox transformations to estimate nonlinearly the
impact of size and choosing the model with the best fit.
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Alternatively, one could directly estimate Equation 9 by choosing a functional form for
f (weather) × f (size) × f (other) when such data is available at a fine spatial resolution. My
data at the Zip9-level, which on average has 5-10 households, is spatially more disaggregated
than most other data. Weather was parameterized as a function of CDD and HDD and its
squares.
A natural assumption to make is that cooling and heating loads scale by size, so that
f (size) = sqf t. This turns out to not be a good assumption, as shown below. I first estimate
the cumulative temperature response across vintages without other controls as described in
Equation 14.

kW h_useperdayijt =

V INX
T AGES

Vjv ∗ (β1v SQF T × CDDit + β2v SQF T × CDDit2 +

v=1

+β3v SQF T × HDDit + β4v SQF T × HDDit2 )
+αi + εit

(14)

The results in Figure 20 show that new buildings are much less temperature responsive,
contrary to other specifications. I then re-estimate this constrained to areas where the sqft
variable is between 1300 and 1600 sqft which is a range of sqft with substantial overlap for
all vintages. The results in Figure 21 show that new buildings perform worse, as is expected
because they have much more air conditioning. The reason the two results differ is because
the median of the sqft variable is larger for new houses and cooling and heating loads scale
less than proportionately to sqft. Hence, the assumption that f (size) = sqf t overcorrects
for size.21
While still using levels, I estimate a less functionally constrained version of f (weather) ×
f (size) × f (other) in Equation 9. Size is restricted to sqft between 1300 and 1600. f (size) =
(α0 + α1 ∗ sqf t) which is a first order approximation applied to this narrow range of sqft.
A similar first order approximation is used for air conditioning, and vintage is given by an
21KEMA-XENERGY

(2004) models cooling load as scaling by external surface area. If a building doubles in
size, the external surface area will less than double. For example, a cube on the ground has 5 external faces
(one exposed to the ground), but two cubes side by side only have 8 external faces.
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indicator variable, similar to the main specification. The final specification has 64 parameter
estimates.

kwhperdayit = basei + f (weather) × f (size) × f (other)
where
f (weather) = γ1 CDD + γ2 CDD2 + γ3 HDD + γ4 HDD2
f (size) = α0 + α1 ∗ sqf t
f (other) =

V INX
T AGES

δv ∗ V intageDummyv ∗ (δ0 + δCAC ∗ CentralAirConditioning)

v=1

(15)
Figure 15 shows the results of the regression by predicting the value of electricity consumption kwhperdayit , for a reference 1500sqft house with central air conditioning for each
vintage. Because of the large number of covariates, the regression results are omitted. The
results show that the 1990s and 1970s buildings may have lower temperature response after
controlling for air conditioning and size, but that the difference is not statistically significant. Focusing just on the 1990s buildings, the range of the difference at 75◦ F is -2 to +1.5
kwhperday.

This translates into an -8% to +6% difference in temperature response which

is lower than the range given by the main specification.

Appendix C. Aggregation
The aggregation issue can be described by referring to the discussion of Blundell and
Stoker (2005) which focuses on aggregation issues in demand systems and other scenarios.
Aggregation presents biases when the underlying data generating process has cross-terms
and there are non-zero covariances. For example, the following data generating process has
no cross terms and could be estimated by data aggregated spatially across j.
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yij = β0 + β1 ∗ xij + β2 ∗ zij + εij

(16)

Ej [yij ] = β0 + β1 ∗ Ej [xij ] + β2 ∗ Ej [zij ] + Ej [εij ]
yj = β0 + β1 ∗ xj + β2 ∗ zj + εj

(17)
(18)

In the presence of a cross term, the aggregation presents bias if there are covariances.
In the example below, the relationship between the individual level coefficient, β3 , and the
aggregate regression parameter, γ3 , is β3 = γ3 ×

Ej [xij ]∗E[zij ]
.
Ej [xij ∗zij ]

The two equal if an only if the

covariance, Cov(xij , yij ), is zero.

yij = β0 + β3 ∗ xij ∗ zij + εij

(19)

Ej [yij ] = β0 + β3 ∗ Ej [xij ∗ zij ] + Ej [εij ]

(20)

Ej [yij ] = β0 + β3 ∗ (Ej [xij ] ∗ E[zij ] + Cov(xij , yij )) + Ej [εij ]

(21)

yj = β0 + γ3 ∗ xj ∗ zj + εj

(22)

Aggregation problems are less likely with county assessor’s data than with census block
group data. County assessor’s data is matched at the Zip9-level, which is about 5-10 households. Hence, it is hoped that covariates in a Zip9-level are relatively homogeneous in terms
of house size, vintage of year built, and ownership of air conditioning. Census block groups,
at 300-700 households each are much more likely to have these issues.
I have not done aggregation of bill to the census block or zip code level. Aggregation of all
bills within a census block group can be done only if the panel is balanced; otherwise some
bills exist in some years but not in others. A large proportion of properties have occupant
turnover. If occupant turnover were random, dropping unbalanced observations would not
present bias, but it is plausible that certain homes are more likely to have occupant turnover.
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Appendix D. Extended Data Discussion
There are two datasets depending on the building characteristic information used. The
first dataset uses ZIP9-level data from county assessor’s information. The second dataset
uses census block group-level data from the 2000 Census.
The billing data was cleaned. Bills with 25 days or less or 35 days or more were dropped
(about 5%). Bills with less than 2kWh/day or more than 80kWh/day are outliers were also
dropped (about 4%).
For the ZIP9 data, assessor’s data primarily includes complete records of square footage,
year built, and air conditioning ownership for single family homes. Records were dropped if
there was more than 10 bedrooms, square footage less than 200 or greater than 10000, missing
ZIP code, or the structure was built before 1850 or after 2000. Many of these were obvious
data errors because they contained internally inconsistent values, such as many bedrooms but
very little square footage. Census block group information was used to identify areas where
more than 95% of the households were in single family structures and decreases the sample
those areas that satisfy these criteria. Next, at the ZIP9-level, the proportion of houses with
central air conditioning, the median structure size, and the proportion of buildings built in
each vintage category were attributed to each bill in that associated ZIP9.
For the census block group data, a 1-in-5 subsample of observations was used to enable the
estimation to be run on a Linux server with 8GB of RAM and an Intel Quadcore processor,
running Stata 10.0 MP.
The spatial matching of weather, census block groups, and ZIP9s merits some description.
Weather data is available on a 4km x 4km grid. Census block groups are given as polygons.
ZIP9s are given as points, but the ZIP9 are ranges of street addresses. Typically opposite
sides of the street will have different ZIP9s. To describe the matching from the perspective
of the bill, the bill’s ZIP9 is matched to the census block group and 4km by 4km grid square
that contains the Zip9 point.
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Figure 1. The “Rosenfeld” Curve. Per capita electricity sales for California
and the United States, annually from 1960-2006. Source: California Energy
Commission (2007).
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Figure 2. Per capita residential electricity sales for eight western states, 19632004 . Source: Energy Information Administration (2007).
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Figure 3. Variation in building vintage in Riverside County, California, USA.
Shading represents proportion of buildings built since 1980. Darker means
higher proportion of new buildings.
from allCA9180 better legend.png
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Table 1. Temperature bins.
Bin Number Temperature Range
bin0
0-51.96◦ F
bin1
51.96-55.89◦ F
bin2
55.89-59.25◦ F
bin3
59.25-62.70◦ F
bin4
62.70-66.39◦ F
bin5
66.39-70.54◦ F
bin6
70.54-74.37◦ F
bin7
74.37-78.30◦ F
bin8
78.30-84.02◦ F
bin9
84.02-130◦ F

33

Figure 4. Electricity Use (KWH) vs time for one sample household. Source:
Author’s data.
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Figure 5. Electricity Use (KWH) vs cooling degree days for one sample household. Source: Author’s data.

Note: Days with heating degree days were omitted.
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Table 2: Summary Statistics.
Variable

Mean Std. Dev. Min Max
BILLING DATA
useperday (in kWh)
24.73 14.20
2.03 79.97
days
30.43 1.50
26
34
ASSESSOR’S DATA
Building Age
proportion built prior to 1970 0.15 0.36
0
1
proportion built in 1970s
0.16 0.36
0
1
proportion built in 1980s
0.54 0.50
0
1
proportion built in 1990s
0.15 0.36
0
1
Other Characteristics
Square Feet
1750 480
360 7138
Has Central Air Conditioning? 0.88 0.28
0
1
for pre1970s
0.407
for 1970s
0.847
for 1980s
0.986
for 1990s
0.995
Observations (no subsampling)
5,106,398
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Table 3: Summary Statistics.
Variable
useperday
days

Mean
Std. Dev. Min
BILLING DATA
21.61
14.56
2.03
30.43
1.52
26
CENSUS DATA

Building Age
proportion built prior to 1970
proportion built in 1970s
proportion built in 1980s
proportion built in 1990s
Type of Structure
proportion SingleFamily
proportion MultiFamily
proportion MotorOther
Other Characteristics
Average Bedrooms
Average Rooms
Average Income
Observations (1-in-5 subsample)

Max
79.97
34

0.23
0.20
0.36
0.21

0.24
0.16
0.22
0.21

0
0
0
0

1
1
0.94
0.98

0.64
0.28
0.073

0.30
0.28
0.15

0
0
0

1
1.00
0.84

2.57
0.62
0.89
4.36
5.23
1.01
2.31
8.00
$48,200 $16,600
$13,000 $108,900
5303019
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Table 4. Estimation results, temperature response with CDD and HDD parameterization, assessor’s data.
Dependent variable is ln(KW H_perday)
VARIABLES

(A1)
(A2)
(A3)
(A4)
0.0553***
0.0460***
0.0355***
0.0476***
CDD
[0.000330]
[0.000930]
[0.00149]
[0.00321]
0.0274***
0.0293***
0.0231***
0.0326***
HDD
[0.000268]
[0.000905]
[0.00132]
[0.00286]
-0.000283***
-0.000185***
0.000234***
-0.000270*
CDD2
[1.61e-05]
[4.44e-05]
[8.27e-05]
[0.000164]
-0.000590***
-0.000743***
-0.000260***
-0.000802***
HDD2
[1.87e-05]
[6.64e-05]
[8.93e-05]
[0.000191]
0.0149***
0.0108***
0.00871***
Built in 1990×CDD
[0.00121]
[0.00160]
[0.00300]
0.0117***
0.00482***
0.00827***
Built in 1980×CDD
[0.00103]
[0.00141]
[0.00246]
0.00393*
0.000171
0.000292
Built in 1970×CDD
[0.00201]
[0.00210]
[0.00371]
-0.00049
-0.00306**
-0.00364
Built in 1990×HDD
[0.00109]
[0.00139]
[0.00248]
-0.00195** -0.00502***
-0.00359*
Built in 1980×HDD
[0.000976]
[0.00125]
[0.00208]
-0.00800*** -0.00980*** -0.00984***
Built in 1970×HDD
[0.00161]
[0.00169]
[0.00295]
-0.000242*** -0.000151**
-3.00E-05
Built in 1990× CDD2
[5.61e-05]
[6.81e-05]
[0.000116]
-0.000130***
7.86E-05
-2.47E-05
Built in 1980× CDD2
[5.00e-05]
[5.98e-05]
[9.66e-05]
7.56E-05
0.000147
0.000384**
Built in 1970× CDD2
[0.000114]
[0.000113]
[0.000195]
0.000128*
0.000114
0.000201
Built in 1990× HDD2
[7.71e-05]
[9.32e-05]
[0.000154]
0.000156** 0.000263***
0.000261*
Built in 1980× HDD2
[7.02e-05]
[8.61e-05]
[0.000133]
0.000674*** 0.000737*** 0.000598***
Built in 1970× HDD2
[0.000106]
[0.000109]
[0.000186]
0.0160***
0.00803**
Central Air Conditioning×CDD
[0.00186]
[0.00318]
0.00822***
0.000798
Central Air Conditioning×HDD
[0.00164]
[0.00275]
-0.000554***
-0.000287*
Central Air Conditioning× CDD2
[8.98e-05]
[0.000151]
-0.000534***
-0.00014
Central Air Conditioning× HDD2
[0.000110]
[0.000181]
regression results continued
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continuation of regression results
VARIABLES
(A1)
(A2)
(A3)
(A4)
-0.00516*** 0.00621**
Square Feet×CDD
[0.000482]
[0.00295]
-0.00239*** 0.00540**
Square Feet×HDD
[0.000360]
[0.00257]
0.000241*** -0.000235*
Square Feet× CDD2
[2.66e-05] [0.000134]
0.000243*** -4.91E-05
Square Feet× HDD2
[2.16e-05] [0.000164]
2.704*** 2.705***
2.710***
2.597***
Constant
[0.00122] [0.00138]
[0.00151]
[0.00244]
Observations 5,625,517 5,625,517
5,625,517 1,652,525
R-squared
0.363
0.366
0.367
0.414
Number of households
118,252
118,252
118,252
37,984
Includes household-level fixed effects. *,**,*** represent 10%, 5%, and 1% statistical
significance, respectively. Robust standard errors clustered at the Zip9-level. † notes that
the square feet variable has been demeaned (1750 square feet) and rescaled by the
population standard deviation (480 square feet).
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Figure 6. Estimation results, temperature response with CDD and HDD parameterization, assessor’s data, average across all vintages
Dependent variable is ln(KW H_perday)

The range represents the 95% confidence interval.
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Figure 7. Estimation results, temperature response with CDD and HDD parameterization, assessor’s data, by vintage. pre1970s reference curve.
Dependent variable is ln(KW H_perday)

The range represents the 95% confidence interval with robust standard errors.
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Figure 8. Estimation results, temperature response with CDD and HDD parameterization, assessor’s data, by vintage. 1970s relative to pre1970s curve.
Dependent variable is ln(KW H_perday)

The range represents the 95% confidence interval with robust standard errors.
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Figure 9. Estimation results, temperature response with CDD and HDD parameterization, assessor’s data, by vintage. 1980s relative to pre1970s curve.
Dependent variable is ln(KW H_perday)

The range represents the 95% confidence interval with robust standard errors.
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Figure 10. Estimation results, temperature response with CDD and HDD
parameterization, assessor’s data, by vintage. 1990s relative to pre1970s curve.
Dependent variable is ln(KW H_perday)

The range represents the 95% confidence interval with robust standard errors.
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Figure 11. Estimation results, temperature response with CDD and HDD
parameterization, assessor’s data, by vintage, with controls.
Dependent variable is ln(KW H_perday)

The range represents the 95% confidence interval with robust standard errors. Top left
graph is the reference curve for pre1970s buildings. The remaining curves are the relative
temperature responses of the other vintages.

45

Figure 12. Estimation results, temperature response with CDD and HDD
parameterization, assessor’s data, by vintage, with controls. Home size restricted to 1300-1600sqft.
Dependent variable is ln(KW H_perday)

The range represents the 95% confidence interval with robust standard errors. Top left
graph is the reference curve for pre1970s buildings. The remaining curves are the relative
temperature responses of the other vintages.
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Figure 13. Estimation results, temperature response with binning, assessor’s
data, by vintage, no controls.
Dependent variable is ln(KW H_perday)

The range represents the 95% confidence interval with robust standard errors. Top left
graph is the reference curve for pre1970s buildings. The remaining curves are the relative
temperature responses of the other vintages.
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Figure 14. Estimation results, temperature response with binning, assessor’s
data, by vintage, with controls.
Dependent variable is ln(KW H_perday)

48
The range represents the 95% confidence interval
with robust standard errors. Top left
graph is the reference curve for pre1970s buildings. The next three curves are the relative
temperature responses of the other vintages. The bottom curves plot the impact of central
air conditioning and square footage.

Figure 15. Estimation results, temperature response with CDD and HDD
parameterization, assessor’s data, by vintage, with controls. Home size restricted to 1300-1600sqft.
Dependent variable is KW H_perday

The range represents the 95% confidence interval with robust standard errors. Top left
graph is the reference curve for pre1970s buildings. The remaining curves are the relative
temperature responses of the other vintages.
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Figure 16. Estimation results, temperature response with CDD and HDD
parameterization, census data, by vintage, no controls.
Dependent variable is ln(KW H_perday)

The range represents the 95% confidence interval with robust standard errors. Top left
graph is the reference curve for pre1970s buildings. The next three curves are the relative
temperature responses of the other vintages.
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Figure 17. Estimation results, temperature response with CDD and HDD
parameterization, census data, by vintage, with controls for type of structure,
bedrooms, and income.
Dependent variable is ln(KW H_perday)

The range represents the 95% confidence interval with robust standard errors. Top left
graph is the reference curve for pre1970s buildings. The next three curves are the relative
temperature responses of the other vintages. Variation in temperature response by the
three controls (structure, bedrooms, and income) are omitted.
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Table 5. Estimation results, Differences across vintage for total usage, assessor’s data
Dependent variable is ln(KW H_perday)
VARIABLES
Built in1990s

(T1)
0.145***
[0.0124]
Built in1980s 0.0459***
[0.00959]
Built in1970s 0.177***
[0.0139]
†
Square Feet

Central Air Conditioning
Constant

2.833***
[0.00858]
yes
no
5,625,517
118,252

(T2)
(T3)
-0.156*** -0.196***
[0.0137]
[0.0149]
-0.126*** -0.133***
[0.0120]
[0.0130]
0.0118 0.0445***
[0.0133]
[0.0146]
0.158*** 0.189***
[0.00341] [0.00381]
0.0980***
-0.00343
[0.0147]
[0.0157]
2.928*** 2.681***
[0.00963]
[0.0108]
yes
yes
no
yes
5,625,517 5,625,517
118,252
118,252

random effects
controls for Temperature Response
Observations
Number of aididlong
Robust standard errors in brackets
*** p<0.01, ** p<0.05, * p<0.1
*,**,*** represent 10%, 5%, and 1% statistical significance, respectively. Robust standard
errors clustered at the Zip9-level. Temperature response controls include square feet,
central air conditioning, and vintage dummies interacted with the quadratic degree day
parameterization. † The square feet variable has been demeaned and rescaled by the
population standard deviation.
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Figure 18. Simulation of Riverside average temperature response in 2020,
with and without new building stock. Source: Author’s calculations.

—–
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Table 6. Comparison of Air Conditioning Saturation by Climate Zone for
Old and New Homes. SOURCE: RASS 2004
Zone Geography
1
Inland
2
Inland
3
Inland
4
Coastal
5
Coastal
7
Inland
8
Coastal
9
Inland
10*
Inland
11
Coastal
12
Coastal
13
Coastal

Central Air
1990s pre1970s
56%
23%
96%
55%
93%
61%
69%
30%
27%
4%
93%
59%
77%
21%
84%
39%
94%
53%
60%
12%
75%
51%
68%
22%

Central or Room Air
1990s
pre1970s
63%
37%
97%
78%
95%
79%
72%
41%
29%
8%
93%
73%
80%
32%
85%
59%
96%
76%
68%
25%
82%
81%
69%
32%

Note: Zone refers to Forecast Climate Zones as determined by the California Energy
Commission. Zone 10 includes Riverside County. A map of the zones is given below in
Figure 19.
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Figure 19. California Energy Commission Forecast Climate Zones. Source:
California Energy Commission (2007), page 24.
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Table 7. Comparison of Air Conditioning Saturation by Vintage in Forecast
Climate Zone 10. SOURCE: RASS 2004
Vintage Central Air Room Air Central or Room
pre1970s
53%
22%
76%
1970
80%
9%
88%
1980
89%
2%
91%
1990
94%
1%
96%
Note: Forecast Climate Zone 10 includes Riverside County.
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Table 8. Savings from Building Standards in 2005 and the Implied Reduction
In Temperature Response. SOURCE: California Energy Commission reports,
author’s calculations
Implied
Impact
on
Estimated
Population
Temperature
Percent of ToStandard Savings
Increase Since Response
tal
Load
(GWH)
Standard
(Cumulative
Standards)
Building Standard1992
310.7
0.4%
15%
-34 to -56%
Building Standard1984
1074.8
1.3%
29%
-31 to -53%
Building Standard1979
878.7
1.1%
36%
-25 to -45%
Building Standard1975
3166.9
3.8%
41%
-20 to -38%
Notes: These values include only the top 5 utilities: PG&E, SDG&E, SCE, LADWP, and
SMUD. These utilities supply electricity to a wide majority of the state’s population. Total
residential load is 83600 GWH for these utilities. To interpret columns 4 and 5 in the
second to last row, 36% = (change in population from 1979 to 2005)/(population in 2005)
and -25 to -45% is the implied percent reduction from all standards prior to and including
the 1979 standards. The calculation range is given by a low and high assumption, 0.1 and
0.25, of the proportion of load that is temperature response. An adjustment factor of 50%
was also used to crudely account for the fact that growth has been faster in hotter inland
areas and that new homes are larger. These numbers should be treated as speculative
because the details of how the estimated savings were calculated are not fully known
beyond that which is described in the two CEC reports referenced in the text of my paper.
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Table 9. Proportion of homes with central air conditioning on by vintage and
time of day.
pre1970s
1970
1980
1990
N is about 300. Sampling error is

Morning
0.49
0.54
0.51
0.52
about 0.03

Day Evening Night
0.71
0.73
0.46
0.69
0.76
0.5
0.66
0.76
0.47
0.72
0.82
0.52
for each cell

Table 10. Average thermostat set points (in ◦ F) conditional on central air
conditioning on by vintage and time of day.
Morning Day Evening Night
pre1970s
0.49 0.71
0.73
0.46
1970
0.54 0.69
0.76
0.5
1980
0.51 0.66
0.76
0.47
1990
0.52 0.72
0.82
0.52
Standard deviation is about 3degF for each cell
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Figure 20. Estimation results, difference in temperature response with CDD
and HDD parameterization, assessor’s data, by vintage.
Dependent variable is KW H_perday

This uses the assumption that f (size) = sqf t.
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Figure 21. Estimation results, difference in temperature response with CDD
and HDD parameterization, assessor’s data, by vintage, restricted to sqft in
[1300,1600].
Dependent variable is KW H_perday

This uses the assumption that f (size) = sqf t, but for a narrow range of sqft.
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Abstract
Energy consumption in the residential sector offers an important opportunity for conserving
resources. However, much of the current debate regarding energy efficiency in the housing
market focuses on the physical and technical determinants of energy consumption, neglecting
the role of the economic behavior of resident households. In this paper, we analyze the extent
to which the use of gas and electricity is determined by the technical specifications of the
dwelling as compared to the demographic characteristics of the occupying household, using a
unique set of microeconomic data for a sample of more than 300,000 Dutch homes. The
results show that residential gas consumption is determined principally by structural dwelling
characteristics, such as the vintage, building type and quality of the home, while electricity
consumption varies more directly with household composition, in particular income and
family composition. Combining these results with projections on future economic and
demographic trends, we find that, absent price increases for residential energy, the aging of
the population and their increasing wealth will mostly offset improvements in the energy
efficiency of the building stock resulting from policy interventions and natural revitalization.
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Introduction
Energy efficiency in housing markets is again prominent in policy circles. During the
late 1970s, in the aftermath of the oil crisis, concerns regarding energy dependency triggered
a first wave of policies to improve the energy efficiency of residences. Forty years later,
renewed attention to energy efficiency in housing is motivated by concerns about pollution,
global warming, and fossil fuel depletion. About one-fifth of total global energy demand
originates from the residential sector -- from the requirements to heat, cool, and light
residential dwellings. Hence, the housing market has become an important target for
policymakers and a prominent component of the Kyoto protocol.
Energy efficiency policies would be redundant if the private market for investments in
energy efficiency functioned perfectly. But the long discussion about the “energy paradox,”
i.e., the apparently irreconcilable contradiction between the profitability of energy-conserving
technologies and the slow diffusion of these technologies (Adam B. Jaffe and Robert N.
Stavins, 1994), suggests that the private market responds slowly. For example, it appears that
consumers apply unreasonably high discount rates in valuing the monetary benefits of energy
efficiency (Kenneth Train, 1985). 1
Increased transparency in energy consumption may encourage energy conservation
among private consumers. Recent experiments show that providing information to consumers
on their current energy consumption can substantially reduce energy bills (Ian Ayers, Sophie
Raseman and Alice Shih, 2009), and “energy certificates” may also enhance the awareness of
energy consumption among consumers. These energy certificates convey information on
energy efficiency relative to the market and could nudge consumers to opt for more energy
efficient alternatives. Recent research suggests that homeowners value the energy efficiency
signalled by energy labels (Dirk Brounen and Nils Kok, 2011). However, household discount
rates for energy efficiency investments are still unclear.
As household energy bills rise due to increasing oil and gas prices, it is anticipated that
energy efficiency will gradually be reflected in market pricing. In principle, future energy
bills will be reflected in the transaction prices of homes, but only if energy efficiency is
properly measured, understood and evaluated. Economic analysis of residential energy
demand goes back at least sixty years to Hendrik Houthakker (1951); T.R. Lakshmanan and
William Anderson (1980) provided an overview of the increased understanding of energy
efficiency achieved during the energy crisis of the 1970s. Conservation policies in the US in
1

In contrast, more recent research suggests that professional property investors recognize quite precisely the
relative efficiency of commercial buildings (Piet M.A. Eichholtz, Nils Kok and John M. Quigley, 2010).
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response to the first energy crisis -- subsidizing retrofits directly through state and federal tax
codes and mandating technical standards for newly-constructed dwellings -- were studied
extensively during the 1980s. (See, for example, Richard J. Gilbert, 1991, for a review.) The
recent reawakening of concerns about energy use means that many of these same issues are
being revisited with better data and techniques, for example, the efficiency of building codes
in reducing energy consumption (Anin Aroonruengsawat and Maximillian Auffhammer,
2011, Grant D. Jacobsen and Matthew J. Kotchen, 2009).
Measuring or influencing occupant behavior is more complex, and has received less
attention in policy debates. 2 David Fritzsche (1981) used the family life cycle construct to
address the interactions between time variations in household income, family size and
household age. Based upon detailed data from the Consumer Expenditures Survey, Fritzsche
reported an inverted u-shaped curve in the energy expenditures of some 20,000 U.S.
households, with energy expenditures lowest during the early and late stages of the life cycle.
Fred van Raaij and Theo Verhallen (1983) introduced a detailed behavioral model to explain
residential energy use, distinguishing between purchase, usage and maintenance-related
behaviour. These models provided a framework which helped explain the interaction between
household composition and energy demand (Peter C. Reiss and Matthew W. White, 2005),
changes in residential electricity demand following energy shocks (Peter C. Reiss and
Matthew W. White, 2008), and the energy consumption of households in relation to historical
energy prices and changes in building codes (Dora L. Costa and Matthew E. Kahn, 2010).
This paper contributes to the re-emerging literature on energy efficiency in the built
environment, in which a clear and integral analysis of household energy consumption has
been lacking -- apart from one micro-economic study on the determinants of household
electricity usage in Sacramento, California (Dora L. Costa and Matthew E. Kahn, 2011).
Understanding the key determinants of residential energy consumption is important for the
design and implementation of effective policies to reduce energy consumption (and thereby
the carbon footprint) of the residential building sector. Importantly, the strong heterogeneity
in the quality of the building stock in different countries around the world increases the need
for international comparisons on the ingredients of successful policy design.
In this paper, we employ detailed micro-economic data on energy consumption,
demographics and dwelling characteristics for more than 300,000 households and dwellings
in the Dutch housing market. We focus on gas and electricity consumption and investigate
2

There are some early discussions on the role of behavior and life-style in household energy consumption, but
these studies are mostly descriptive rather than causal (Loren Lutzenhiser, 1993, Lee Schipper et al., 1989).
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the impact of the physical structure of a home (i.e., the hedonic characteristics) on variations
in energy consumption. We then add a set of household demographic characteristics to
measure the influence of household composition and behavior on the consumption of energy,
conditional upon the vintage and structural characteristics of the dwelling.
The Dutch residential market offers an interesting research laboratory for the study of
energy efficiency. Energy conservation is presumably important for Dutch residents, as the
average energy bill of a Dutch household reached €152 per month in 2009 (€53 for electricity
and €99 for gas), ranging from €105 for the most energy efficient homes, to €231 for the least
energy efficient homes of similar size. In some cases, the energy costs represent almost half
of total monthly housing expenses. This provides some indication of the economic relevance
of the energy costs for the households in our sample, and more broadly, throughout Northern
Europe.
Our results show that the cross-sectional variation in residential energy consumption is a
function of both technical characteristics of the dwelling and the composition and background
of the household. In case of gas consumption, the thermal attributes of the structure are
dominant. For example, a well-maintained and insulated home consumes about four percent
less natural gas as compared to the same home with a lower level of maintenance and
insulation. With respect to residential electricity demand, we find that household composition
is paramount. For instance, families with children consume almost one fifth more electricity
than families without children, and this effect becomes stronger when the age of children
increases.
The remainder of this paper is organized as follows. Section 2 describes the data and
provides some descriptive information on energy consumption in our sample. Section 3
discusses the empirical results, relating energy consumption in a large cross-section,
according to the technical characteristics of the dwelling, and to important household
demographic conditions. Section 4 includes some projections of future household energy
consumption and a brief conclusion.

2. Data
A. Sources and Baseline Characteristics
We analyze observations on some 300,000 dwellings in the Netherlands, gathered
between January 2008 and December 2009. These dwellings have been registered by the
National Association of Realtors (NVM), and provide information on address, the
characteristics of the transaction, and a wide array of quality characteristics on each
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dwelling. 3 We focus on homeowners, as we lack critical information on rental units, such as
dwelling characteristics, and the type of rental contract -- net or gross -- which may have a
substantial influence on energy consumption, as emphasized by Arik Levinson and Scott
Niemann (2004).
We merge information on each dwelling to detailed information from the Central Bureau
of Statistics (CBS) on electricity consumption (kilowatt-hours, kWh) and gas consumption
(cubic meters, m3) of that dwelling for the year 2007. Note that we have annual data, not
billing cycle data, and measures of energy consumption rather than energy bills. It is
reasonable to assume that all households face similar average and marginal prices, as
competition between utility companies in the Netherlands is fierce, and block-tier pricing
systems currently do not exist. So, expenditures can be approximated by energy consumption,
using average energy prices in 2007.
The Bureau of Statistics also provided detailed information on demographic
characteristics of each individual household, such as age of the household head, number of
persons in the household, family composition, ethnicity (and annual income for some of the
occupants).

- Table 1 here -

Table 1 provides an overview of the data on individual dwellings -- 305,001 dwellings
observed in 2008-2009. The average dwelling in the sample consumes some 1,900 cubic
meters of natural gas and some 3,600 kilowatt hours (kWh) of electricity per year. This
translates into an average utility bill of more than €2,000 on a yearly basis. But, of course,
there is a wide variation in household consumption, which we explore in depth below.
About a third of the sample consists of duplex homes (“row” houses), followed by
apartments in multi-family buildings. Detached homes are about 13 percent of the sample.
The average size of dwellings is 125 square meters (some 1345 square feet), with five rooms.
Homes in the Netherlands are relatively old: more than a quarter of the sample was
constructed before World War II, and almost half of the sample was constructed before 1970.
Less than one percent of the homes in our sample are officially qualified as “monuments,” or
historic structures.
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The members of the NVM collectively cover approximately 70 percent of all housing transactions in the
Netherlands.
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Regarding thermal and quality characteristics, the data indicate that central heating is
now the norm; it is included in 92 percent of all transacted homes. 4 Maintenance (interior as
well as exterior) is generally categorized as “good,” but the quality of insulation leaves some
room for improvement -- only about half of the sample has more than two layers of
insulation, which has direct implications for the energy efficiency of homes.
The average family size in our sample is 2.66 persons, which is slightly larger than the
average household size in the Netherlands (2.23). One-family households are less likely to be
homeowners, representing about 18 percent of the sample. Within the sample of families with
children, the number of children is about one, on average, and the age of the oldest child is
about 11 years. Elderly households (where the head of the household is at least 65 years or
older) represent some 15 percent of the sample. Importantly, this number is expected to grow
substantially in the decades to come, with an increase of 1.5 million people in the 65+ agecohort until 2040. 5 Non-natives occupy about fifteen percent of the sampled homes. The
Netherlands is known for its large fraction of foreign-born inhabitants, and this number is
also expected to grow in the near future as well. The homeowners in our sample earn an
average annual gross income of €35,455, which is ten percent higher than the national
average, which also includes renters.

B. Dwellings, Households and Energy Consumption
Figures 1 and 2 illustrate the simple relationships between energy consumption, dwelling
characteristics and household composition, both for gas use and for electricity consumption.
Figure 1A shows the variation in total average energy use by vintage. Demand for gas
(i.e., heating) is clearly lower for more recently constructed buildings, by some 1,000 cubic
meters a year, as compared to very old homes, for example. This contrasts with electricity
usage, which seems to be higher in more modern dwellings, presumably related to the
presence of appliances and amenities in these homes. In Figure 1B, the effect of dwelling
type on energy consumption is documented; both apartments and row houses consume
substantially less energy, which may be related to the typically smaller size of these dwelling
types. But of course, the exposed surface of apartments and row houses will be smaller than
for (semi-) detached residences, requiring less heating for the same level of thermal comfort.

4

Penetration of the national gas network has traditionally been quite extensive in the Netherlands: in 1962, 76
percent of households had access to natural gas, increasing to 90 percent by the end of the 1970s (Ecofys, 1998).
5
Data retrieved from http://www.cbs.nl/nl-NL/menu/cijfers/statline.
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In Figure 2A the relationship between family type (or household composition) and
energy consumption is presented. Household composition is found to be an important
determinant of demand for electricity, but this relation is less pronounced for gas
consumption. Gas and electricity consumption are lower, on average, for single households,
whereas families with children consume more gas and substantially more electricity. The
relatively small variation in gas consumption across family types is well-documented in the
literature and this is generally explained by household economies of scale (Brian C. O'Neill
and Belinda S. Chen, 2002, Lee Schipper, et al., 1989). Figure 2A further shows that
differences in gas consumption between the average household, female-headed households
and non-native households are trivial. There are small differences in electricity consumption.
Figure 2B depicts how household energy consumption changes with each stage of the
“family life cycle.” Of course, income rises as households move through career paths, the
size of the home increases with the growth of the family, and lifestyle changes again when
households retire and spend more time at home. The averages suggest that children are
important for energy consumption, and the age of children is a determinant of demand for
heating and electricity as well. (It has, for example, been documented that teenagers shower
more than younger children, Lee Schipper, et al., 1989).

- Figures 1 and 2 here -

3. Empirical Methods and Results
A. Energy Consumption and Dwelling Characteristics
We first examine the extent to which gas- and electricity consumption can be explained
by the physical, technical, and engineering characteristics of dwellings. We estimate the
following reduced-form equation:
p=1

(1a)

log(E) = α + βi Χi + ∑γ p pp + εi
P

In the formulation represented by equation (1a), the dependent variable is the logarithm
of gas consumption in cubic meters or electricity consumption in kilowatt hours of dwelling i.
Xi is a vector of the hedonic characteristics of building i, including dwelling type, period of
construction, and thermal and quality characteristics, such as heating system and
maintenance. To control for locational variation in energy consumption, pp is a dummy
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variable with a value of one if building i is located in province p, and zero otherwise. There
are twelve provinces in Holland. εi is an error term, assumed i.i.d.
Table 2 presents the regression estimates for energy consumption. Standard errors are
corrected for heteroskedasticity following Halbert White (1980). In the first three columns,
total annual gas consumption, measured in cubic meters, is the dependent variable. Columns
four to six repeat the analysis, relating electricity consumption (kWh) to physical
characteristics of the dwelling.
Our basic models explain about a quarter to a third of total household gas consumption.
This compares favorably with other studies (for example Katrin Rehdanz, 2007, who explains
17 to 27 percent of gas consumption for small panel of German homes). Dwelling size is a
major determinant of gas consumption, with an elasticity of 0.50. After controlling for size,
each additional room adds 0.5 percent to the total energy consumption 6 . Compared to corner
dwellings, apartments and duplex homes use substantially less energy for heating -- the latter
benefit from less exposed surface. In contrast, semi-detached and especially detached
dwellings consume significantly more gas for heating.
In the second column, we add dwelling vintage to the model. 7 Relative to dwellings
constructed in this century, we find that gas consumption increases with the ages of
dwellings. The results seem to suggest that thermal building conventions (or standards)
improved greatly after 1980 -- the 1970-1980 cohort uses 46 percent more energy, while the
1980-1990 cohort uses 26 percent more energy than the post-2000 cohort. This pervasive
difference may well be the result of changes in building codes or building techniques.
Research suggests that high energy prices have resulted the construction of more efficient
homes in the US (Dora L. Costa and Matthew E. Kahn, 2010). In this case, the 1973 oil crisis
led to large increases in oil- and gas prices around the globe, and this resulted in the largest
home weatherization program in Dutch history. Initiated by the Dutch government, the
National Insulation Program provided subsidies to improve the thermal quality of about one
million homes, with an average expected saving of about 650 cubic meters of natural gas per
dwelling (Bram G. Entrop and Jos H. Brouwers, 2007).

6

Apart from the obvious cross correlations between dwelling size and the number of rooms, we also suspect that
the low gas elasticity for the number of rooms may well be related to the fact that heating homes is mainly done
in the living-, bath-, and dining rooms of the house. In most Dutch homes, bedrooms are typically not heated at
night, which reduces the importance of number of rooms here. The particular importance of cultural
backgrounds in relation to residential energy use are studied by for instance Harold Wilhite et al. (1996).
7
The NVM data does not provide the exact year of construction, but rather the decade of construction. As such,
we cannot link changes in building codes directly to changes in energy consumption.
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For structures built before 1970, gas consumption increases monotonically with age,
until 1930. Dwellings constructed between 1905 and 1930 use less gas than younger
dwellings, ceteris paribus, and very old dwellings -- constructed before 1905 -- even use less
gas than dwellings constructed more than half a century year later. The quality of now
antique building techniques may explain this finding, but of course, older buildings are also
much more likely to undergo renovation, which is not observable in these data.
Column (3) adds thermal and quality characteristics to the model. In line with
expectations, dwellings with central heating have higher gas consumption -- about 1.3
percent. Homes that are well maintained use less energy, and better insulation also decreases
energy usage, although the economic significance appears to be small. An additional layer of
insulation leads to a one-percent reduction in the consumption of natural gas. Note that the
relation between insulation and gas consumption is non-linear, so the effect of adding another
layer of insulation to a dwelling that has already been insulated is smaller.
The results relating electricity consumption to dwelling characteristics are presented in
columns (4) through (6). The explanatory power of our models is comparable to similar
studies in other countries, for example Dora Costa and Matthew Kahn (2010), who explained
about 27 percent of electricity consumption for a large panel which measured daily electricity
consumption at the household level.
Dwelling size is again strongly related to total energy consumption, with an elasticity of
0.65, and an additional room adds 0.3 percent to total electricity consumption. The findings
for dwelling vintage are quite different from those reported for gas consumption: relative to
post-2001 constructed homes, the 1980-1990 and 1990-2000 cohorts consume 3.6 percent
and 5.3 percent more electricity, respectively. However, older dwellings consume less
electricity, which might imply greater efficiency. This contrasts with results documented by
Dora Costa and Matthew Kahn (2010), who find “a distinctive non-monotonic [negative]
relationship between a home’s year built and electricity consumption” in Sacramento,
California. But of course, the climatic setting of that study differs markedly; homes in
Sacramento require substantial cooling in the hot summers and hardly any heating during the
mild winters. The average annual temperature in Sacramento is 16 degrees Celsius and 77
percent of the dwellings are air-conditioned. Holland has an average annual temperature of 10
degrees Celsius, homes have mostly gas-powered heating (and cooking) systems, and they
require virtually no air-conditioning systems. The negative relation between property age and
electricity consumption is unrelated to a dwelling’s thermal characteristics, but it may have

8

more to do with unobserved wealth effects and the presence of more energy-intensive
appliances in modern homes.

- Table 2 here -

As noted previously, we control for regional variation in energy demand by including
fixed effects for the twelve Dutch provinces. Even though Holland can be considered a
relatively small country, there are noticeable climatic differences between the regions closer
to the North Sea, the landlocked south, and the north of the country. Figure 3A illustrates
how average winter temperatures varied by province in 2007. Quite clearly, the northeast was
colder than the southwest, by an average of 1.5 degrees Celsius. Figure 3B shows the relative
gas consumption per province, based on the fixed effects for provinces estimated in Equation
(1a). As compared to Flevoland, the central province in what was once the “Zuiderzee,”
dwellings in the colder northeastern provinces consume at least six percent more natural gas,
on average (importantly, this is corrected for the physical and technical characteristics of the
dwelling). Dwellings in the relatively warm southwestern province of Zeeland consume at
least two percent less natural gas. Even in a country as small as Holland, variation in weather
conditions has a noticeable influence on demand for energy.

- Figure 3 here -

Figure 4 provides further evidence on the effect of dwelling vintage and insulation
quality on resource consumption, based on the partial derivates of the coefficients on
interactions between period of construction and each dwelling type, estimated using equation
(1). Keeping other dwelling characteristics constant, Figure 4A shows the non-monotonic
relation between gas consumption and dwelling vintage. Dwellings constructed between 1930
and 1944 -- representing about 8 percent of the sample -- are least efficient and consume
some 80 percent more gas than dwellings constructed post-2001. The effects reported here
are much stronger than those reported in a recent study on the effect of “birth year” and
electricity usage in a sample of homes in California (Dora L. Costa and Matthew E. Kahn,
2011). Part of this difference may be explained by climatic differences and the use of gas
heating in Northern Europe rather than the use of electric air-conditioning in California. But
the simple comparison also shows that dwelling vintage has a very strong effect upon energy
efficiency in the Northern European residential housing market. More than 65 percent of the
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dwellings in our sample were constructed before 1980, and the dwellings in pre-1980 cohorts
consume at least half as much energy as more recent constructions. Dwellings are long-lived
(a third of our sample of 300,000 observations are more than a half century old) and the
effects of less efficient construction in the past will continue to have an effect on current
energy usage for decades to come. The vintage effects differ slightly by dwelling type,
especially for older dwellings. Old corner homes are least efficient, whereas old detached
homes are most efficient.
In Figure 4B, we analyze in more detail the effect of insulation quality on residential gas
consumption for different cohorts of dwelling age. 8 Quite clearly, insulation matters for the
usage of natural gas. Although economic effects are rather small, they differ strongly for
different vintages, and the relation between the number of insulation layers and gas
consumption is non-linear. For very old dwellings, constructed between 1905 and 1929, the
difference in gas consumption between a non-insulated home and fully insulated home is
about eight percent. For more recently constructed homes (1990-2000), this difference is less
than two percent. To put this into perspective: recent experiments with OPOWER Home
Energy Reports in the US -- providing households information on their past energy
consumption as compared to their neighbors and providing energy conservation tips -achieve energy reductions of about two percent as well (Hunt Allcott, 2009).
Figure 4C shows the effect of dwelling vintage on electricity consumption. Electricity
consumption is not consistently related to a dwelling’s vintage. Compared to recent
construction, dwellings built after 1980 use slightly more electricity (some five percent more
for dwelling constructed between 1990 and 2000), but dwellings constructed before 1980
consistently consume less electricity. This pattern confirms our prior finding that electricity
consumption may be related to unobserved wealth effects and the presence of income elastic,
energy-intensive appliances in modern homes, rather than to heating or cooling of the
interior.

- Figure 4 here -

B. Energy Consumption and Household Demographics
While acknowledged as important, the social and demographic characteristics of
households are often ignored in the engineering literature on energy efficiency, perhaps due
8

We distinguish between age cohort rather than dwelling type, since insulation quality is strongly related to
building age.
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to a lack of detailed micro-economic data. For instance, family size and composition have a
distinct influence on energy behavior and use. Table 3 relates the demographic composition
of households to their consumption of gas and electricity. Supposedly, women have a
preference for higher ambient temperatures than men, and non-natives have lifestyles that
may lead to differences in energy consumption patterns. 9 The combination of age, marital
status and family size represents the family life cycle. It has been documented that the ages
and activities of family members offer some explanation for the cross-sectional variation in
household energy consumption patterns (David J. Fritzsche, 1981).
We test more specifically for the implications of household type and composition on
energy demand by replacing dwelling characteristics with household demographic measures
in equation (1a):
p =1

(1b) log(E) = α + βi Χi + δ i Di + ∑ γ p p p + ε i
P

where Di is a vector of demographic characteristics, including age of the head of the
household, household composition, ethnicity, and income. We acknowledge that the annual
energy consumption of the household is not only a function of the physical structure of the
building and demographic composition, but it also depends on the choice of durable goods in
the dwelling. However, the latter are unobserved and that we cannot further control for them
directly.
Table 3 presents the results for four different specifications, estimated for both gas and
electricity consumption. Location fixed effects are included in these specifications, but
omitted from the table. 10 Column (1) shows that each additional person per household adds
some 13 percent to total gas consumption. The age of the head of the household has no
significant relation to gas consumption. Interestingly, demographic attributes also seem to
influence demand for natural gas. Female-dominated households consume about two percent
more natural gas, whereas non-native households consume slightly less. Anecdotally, we can
explain these findings by gender differences in preferences on thermal comfort temperatures
and differences between races regarding lifestyle (i.e., cooking, bathing, etc.) and thermal
preferences (Sami Karjalainen, 2007, Harold Wilhite, et al., 1996).
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There is a large body of mostly qualitative research on gender preferences on thermal comfort. See for
example (Sami Karjalainen, 2007) There are also studies on cultural background and energy consumption. See
for example (Harold Wilhite et al., 1996)
10
Physical characteristics of the dwelling are excluded from this model, so results can be interpreted directly as
the effect of household demographics on energy usage.
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In Column (2), we decompose the household composition further into family type.
Relative to households without children, single households consume about 22 percent less
natural gas, but elderly households consume about 31 percent more. This difference may well
be attributed to occupation intensity of the dwelling, which is likely to be lower among
working singles than among retired households. Single elderly households demand
substantially less heating than married seniors -- about 17 percent. Heating usage increases by
about 18 percent per additional child, which contrasts existing evidence on economies of
scale in household energy consumption.
We further investigate the influence of the family life cycle on gas consumption in
Column (3). We find that energy consumption increases after the birth of children and then
remains relatively stable until children are teenagers. (The behavior of young adolescents
seems to be positively related to energy usage.)
In column (4), we add information on household income for a subset of the sample. The
income elasticity of demand for natural gas is about 0.06. This is an indication that, if not
controlled for dwelling size and amenities, thermal comfort requirements are substantially
different across income classes (David J. Fritzsche, 1981). 11
We relate electricity consumption to household demographics in Columns (5) through
(8). As opposed to gas consumption, electricity usage is significantly lower in dwellings
occupied by female or non-native households. This might be an unobserved wealth effect, but
the results remain economically and statistically strong after controlling for income (See
Column (8). The elasticity of electricity demand with respect to household size is even larger
than for gas consumption: an additional person in the household increases electricity
consumption by about 21 percent. Apparently, economies of scale are less powerful for
electricity demand.
Even though the demand for heating increases with age, columns (5) and (6) show that
age is not monotonically related to electricity consumption. The elderly may spend more time
at home, but they seem to have fewer energy-consuming appliances -- elderly households
consume about five percent less electricity than middle-aged married couples. The mild
difference between single elderly households and elderly households with two or more people
may result from the fact that all elderly households typically spend more time at their
residence, which may reduce any economies of scale that are more common among families.

11

We acknowledge that the differences in energy consumption are not proportional to the differences in
economic well-being, as one can only use so much energy, no matter how wealthy the household.
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Column (7) shows the relation between family life cycle and electricity usage. We
document that the age of children has a significant influence on electricity consumption -- the
“Nintendo-effect.” Older children watch more television, use personal computers, and
frequently have gaming devices. This has a substantial effect on energy consumption.
The income-elasticity of electricity demand is stronger than the elasticity of demand for
heating. A one-percent increase in disposable income leads to a 12 percent increase in
household electricity demand. This is a slightly stronger effect than results documented for a
panel of households in Sacramento, California (Dora L. Costa and Matthew E. Kahn, 2010).

- Table 2 here -

Figure 5 provides a more detailed analysis of the sensitivity of energy demand to income,
for different types of households. For all households, we here find that as soon as household
income exceeds the national average of €32,000, energy bills increase monotonically with the
monthly income households. For gas consumption, we document some interesting results for
low-income households. It appears that the lowest income groups use more gas than the
households with average income. This may well be a simple reflection of the large fraction of
unemployed and disabled citizens that are present in this lowest income group, a group of
citizens that spends more time at (a heated) home.
The energy demand of elderly lies substantially above the average of other family types,
and is highly responsive to income (Figure 5A). The gas usage of middle-income elderly
households is about thirty percent higher than that of other middle-income households, and
the electricity consumption of middle and upper income elderly households is close to forty
percent higher than that of other households. Presumably, the elderly spend more time in their
dwellings; in any event they spend considerably more on heating and on the supply of
electricity to their homes.

- Figure 5 here -

4. Conclusions and Discussion

In this analysis, we have relied upon a large sample of houses and their resident
households in Holland, to investigate the linkage between the physical characteristics of
dwelling units and their consumption of energy. At the same time, we investigate the
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relationship between household composition and demographics and households’ consumption
of gas for heating and electricity for lighting and other uses.
We document a strong relationship between the vintage of dwellings and their
composition of energy. Dwellings constructed in this century use about forty percent less gas
for heating than those constructed prior to World War II. We expect that this arises from
secular improvements in construction technology and insulation, especially during the decade
of the 1980s, the post-oil crisis era. Regarding electricity usage the variations among housing
vintages and dwelling types are less pronounced. Electricity consumption is substantially
larger in detached and semi-detached houses than in row houses or apartments, and we notice
an increase in electricity usage in post-war buildings and especially those of recent
construction.
When it comes to the demographics of the households, we find that families with
children consume more gas than single households or couples, but elderly households
consume more gas for heating than other household types. Households with children -particularly teenagers -- consume much more electricity than other household units. We also
document substantial differences in gas and electricity consumption by income; this is
especially pronounced among elderly households who consume more energy and whose
consumption is more responsive to income.
We can use these empirical observations to investigate, crudely to be sure, the effects of
expected demographic changes in the Dutch population upon energy usage. Future changes in
household size, age distribution, employment, and urbanization affect demand for natural
resources. Importantly, demographic developments in the near future project the aging of
Western societies and a further inflow of immigrants. In Holland for instance, the number of
elderly (i.e. older than 65 years) will double by 2040.
Figure 6 reports the implications of the current forecasts of population change upon
energy consumption in the Netherlands. As indicated in the figure, the aging of the Dutch
society (and elsewhere in Europe, for that matter) can be expected to increase energy usage
by a bit more than two percent over the next two decades. Forecasts of increased immigration
from abroad add only a bit to the expected increase. In line with Brian C. O’Neill and Belinda
S. Chen (2002), we find that the aging trend of society may lead to additional challenges for
reducing future energy consumption. Our findings show that these developments will
increase energy demand, and may offset technical improvements of the building stock.
By way of comparison, the figure also reports the implications for energy use if a home
insulation program would be adopted in Holland. Assuming that half of the Dutch housing
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stock would be subject to a national insulation improvement program over the next two
decades, we would expect only a marginal reduction in energy consumption, as insulation
effects on residential energy use appear to be rather mild. We also investigate the effects of
extrapolating the current Dutch trends in residential new construction and demolitions
numbers over the coming decades. Assuming that 0.3 percent of the existing total stock
(consisting mostly of older buildings) is demolished every year, while 0.8 percent of total
existing stock is added as new (and energy efficient) construction, we anticipate that this
increase in average housing quality is about twice as important as demographic
considerations for future energy use.
Of course, these projections ignore the other important factors affecting energy usage,
the price of gas and electricity and the evolution of household income in the years to come.
The latter is incorporated in our simulations, by assuming average real income will grow at
the same rate as the past two decades, which increases gas consumption with little over one
percent over the next two decades.

- Figure 6 here -

Our paper has some implications for policy makers. The residential sector is potentially
important in saving natural resources. Understanding the key factors that determine
residential energy efficiency is crucial in the energy efficiency debate, but research and
policies related to energy efficiency predominantly focus on the physical and technical
structure of dwellings as determinants of energy consumption. The behavioral component is
frequently underestimated or ignored in analyses of household energy use. A better
understanding of demographics determinants of energy use can improve projections of
energy demand, which are critically important to understanding and anticipating future
resource requirements.
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Figure 1
Energy Consumption and Dwelling Structure
(Electricity (kWh) and Gas (m3) Per Dwelling)
A. Dwelling Age

B. Dwelling Type
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Figure 2
Household Energy Consumption
(Electricity (kWh) and Gas (m3) Per Dwelling)
A. Family Type

B. Family Cycle
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Figure 3
Regional Gas Consumption and Average Winter Temperature
(Gas (m3) Per Dwelling Across Provinces)
A. Winter Temperature Across Provinces

B. Regional Gas Consumption
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Figure 4
Energy Consumption and Dwelling Structure
(Electricity (kWh) and Gas (m3) Per Dwelling)
A. Gas (Age - Dwelling Type Interactions)

B. Gas (Insulation – Age Interactions)
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C. Electricity (Age – Dwelling Type Interactions)
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Figure 5
Household Energy Consumption
(Electricity (kWh) and Gas (m3) Per Dwelling)
A. Gas (Income - Family Type Interactions)

B. Electricity (Income - Family Type Interactions)
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Figure 6
Simulated Future Energy Consumption
A. Gas (m3) Per Dwelling

B. Electricity (kWh) Per Dwelling
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Table 1
Energy Consumption, Dwelling Structure, and Household Demographics
(305,001 dwellings observed between January 2008 and December 2009)
Mean

Median

St. Dev.

1,897.77
1,233.55
3,565.78
784.47

1,724.00
1,120.6
3,340.00
734.8

1,012.43
658.08
1,704.87
375.07

Dwelling Type (percent)
Apartment
Row House
Semi-Detached
Detached
Corner

25.26
33.58
15.31
12.66
13.18

0.00
0.00
0.00
0.00
0.00

43.45
47.23
36.01
33.25
33.83

Period of Construction (percent)
< 1905
1905 – 1929
1930 – 1944
1945 – 1960
1960 – 1970
1970 – 1980
1980 – 1990
1990 – 2000
> 2001
Historic Structure

5.16
11.98
8.13
7.44
15.40
17.27
13.65
14.29
6.66
0.73

0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00

22.13
32.57
27.32
26.24
36.10
37.80
34.33
35.00
24.93
8.54

Thermal and Quality Characteristics
Dwelling Size (m2)
Number of Rooms
Central Heating (Yes = 1)
Maintenance Interior (Good = 1)
Maintenance Exterior (Good = 1)
Insulation Quality

124.55
4.53
91.75
89.20
92.24
2.25

120.00
5.00
100.00
100.00
100.00
2.00

53.20
1.82
27.51
31.04
26.76
1.80

Demographic Characteristics
Number of Persons in Household
Age of Head of Household (years)
Single Household (percent)
Household With Children (percent)
Number of Children
Age of Oldest Child (years)
Elderly Household (> 65 years, percent)
Fraction of Females in Household (percent)
Occupied by Non-Native (percent)
Household Income (€ thousands)

2.66
40
18.09
47.81
1.09
10.67
15.42
50.54
15.05
35.46

2.00
38
0.00
0.00
1.00
9.00
0.00
100.00
0.00
30.68

1.26
22
38.49
49.95
1.08
8.70
36.11
50.00
35.75
29.00

Energy Consumption
Gas (m3)
Gas (€)
Electricity (kWh)
Electricity (€)
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Table 2
Residential Energy Consumption and Dwelling Characteristics
Dependent variable: logarithm of gas consumption (m3) and logarithm of electricity
consumption (kWh)

Dwelling Size
(log)
Number of Rooms
Dwelling Type‡
Apartment
Row House
Semi-Detached
Detached

(1)
0.513***
[0.004]
0.005***
[0.001]

Gas
(2)
0.628***
[0.004]
0.002***
[0.001]

(3)
0.629***
[0.004]
0.002***
[0.001]

(4)
0.651***
[0.004]
0.003***
[0.001]

Electricity
(5)
0.618***
[0.004]
0.004***
[0.001]

(6)
0.616***
[0.004]
0.004***
[0.001]

-0.336***
[0.004]
-0.166***
[0.003]
0.020***
[0.003]
0.197***
[0.003]

-0.311***
[0.004]
-0.154***
[0.002]
0.038***
[0.003]
0.153***
[0.003]

-0.310***
[0.004]
-0.154***
[0.002]
0.038***
[0.003]
0.154***
[0.003]

-0.169***
[0.003]
-0.018***
[0.003]
0.048***
[0.003]
0.001
[0.004]

-0.166***
[0.003]
-0.020***
[0.003]
0.046***
[0.003]
0.024***
[0.004]

-0.168***
[0.003]
-0.021***
[0.003]
0.046***
[0.003]
0.025***
[0.004]

0.496***
[0.006]
0.565***
[0.004]
0.586***
[0.005]
0.538***
[0.005]
0.494***
[0.004]
0.461***
[0.004]
0.257***
[0.004]
0.184***
[0.004]
0.017
[0.012]

0.492***
[0.006]
0.561***
[0.004]
0.582***
[0.005]
0.534***
[0.005]
0.489***
[0.005]
0.456***
[0.004]
0.255***
[0.004]
0.183***
[0.004]
0.014
[0.012]

-0.096***
[0.006]
-0.083***
[0.004]
-0.076***
[0.005]
-0.099***
[0.005]
-0.058***
[0.004]
-0.016***
[0.004]
0.036***
[0.004]
0.053***
[0.004]
-0.017
[0.011]

-0.092***
[0.006]
-0.080***
[0.004]
-0.073***
[0.005]
-0.097***
[0.005]
-0.056***
[0.004]
-0.015***
[0.004]
0.035***
[0.004]
0.053***
[0.004]
-0.014
[0.011]

4.090***
[0.021]

0.013***
[0.004]
-0.025***
[0.004]
-0.010***
[0.000]
0.001**
[0.000]
4.103***
[0.021]

5.140***
[0.020]

0.034***
[0.004]
0.043***
[0.004]
-0.018***
[0.000]
0.003***
[0.000]
5.082***
[0.020]

Period of Construction (percent)
< 1905
1905 – 1929
1930 – 1944
1945 – 1960
1960 – 1970
1970 – 1980
1980 – 1990
1990 – 2000
Historic Structure
Thermal and Quality Characteristics
Central Heating
(Yes = 1)
Maintenance Exterior
(Good = 1)
Insulation Quality
Insulation Quality2
Constant

Province-Fixed Effects
Observations
R-squared
Adj R2

4.902***
[0.021]
Y
305,001
0.251
0.251

Y
305,001
0.325
0.325
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Y
305,001
0.326
0.326

5.001***
[0.019]
Y
308,105
0.231
0.231

Y
308,105
0.240
0.240

Y
308,105
0.241
0.241

Table 3
Residential Energy Consumption and Household Composition
Dependent variable: logarithm of gas consumption (m3) and logarithm of electricity consumption (kWh)
Gas
Fraction of Females in Household
(percent)
Occupied by Non-Native Head
(Yes=1)
Number of Persons in Household
Age of Head of Household

(1)
0.019***
[0.002]
-0.006**
[0.003]
0.130***
[0.001]
0.006
[0.000]

Single Household
(Yes=1)
Elderly Household
(Yes=1)
Single Elderly Household
(Yes=1)
Family with Children
(Yes=1)
Number of Children in Household
Family with Children < 4 years
(Yes=1)
Family with Children 5 – 12 years
(Yes=1)
Family with Children > 12 years
(Yes=1)
Household Income
(€ thousands, log)
Constant
Province-Fixed Effects
Observations
R-squared
Adj R2

6.702***
[0.008]
Y
297,197
0.090
0.090
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(2)
0.009***
[0.002]
-0.008***
[0.003]

(3)
0.01***
[0.002]
-0.004*
[0.003]

(4)
0.001
[0.004]
0.009
[0.006]

-0.223***
[0.005]
0.307***
[0.004]
0.140***
[0.008]
0.182***
[0.003]

-0.224***
[0.005]
0.305***
[0.004]
0.142***
[0.008]

-0.210***
[0.006]
0.324***
[0.005]
0.148***
[0.009]

0.039***
[0.002]
0.050***
[0.004]
0.115***
[0.005]
0.176***
[0.005]

0.036***
[0.004]
0.054***
[0.007]
0.116***
[0.009]
0.169***
[0.008]
0.064***
[0.003]
6.399***
[0.035]
Y
138,382
0.112
0.112

7.207***
[0.006]
Y
305,001
0.087
0.087

7.201***
[0.006]
Y
297,197
0.096
0.096

(5)
-0.027***
[0.002]
-0.082***
[0.003]
0.210***
[0.001]
0.001
[0.000]

Electricity
(6)
(7)
-0.022***
-0.023***
[0.002]
[0.002]
-0.096***
-0.084***
[0.003]
[0.003]

-0.367***
[0.004]
-0.048***
[0.003]
-0.067***
[0.006]
0.280***
[0.002]

7.450***
[0.009]
Y
300,393
0.213
0.213

8.061***
[0.007]
Y
308,359
0.209
0.209

(8)
-0.046***
[0.003]
-0.039***
[0.005]

-0.368***
[0.004]
-0.047***
[0.003]
-0.067***
[0.006]

-0.333***
[0.005]
-0.011**
[0.005]
-0.049***
[0.008]

0.097***
[0.002]
0.044***
[0.004]
0.127***
[0.005]
0.183***
[0.004]

0.093***
[0.005]
0.042***
[0.008]
0.124***
[0.010]
0.157***
[0.008]
0.115***
[0.003]
6.767***
[0.032]
Y
142,147
0.238
0.238

7.961***
[0.008]
Y
300,393
0.236
0.236

Appendix Table A1
Residential Energy Consumption, Dwelling Structure and Household Demographics
Dependent variable: log gas consumption (m3) and log electricity consumption (kWh)
Gas
(1)
Dwelling Structure
Dwelling Size
(log)
Number of Rooms
Dwelling type
Semi-Detached
Detached
Row House
Apartment
Period of Construction
< 1905
1906-1929
1930-1944
1945-1959
1960-1970
1971-1980
1981-1990
1991-2000
Historic Structure
Thermal and Quality Characteristics
Maintenance Exterior
(Good=1)
Central Heating
(Yes=1)
Insulation Quality
Insulation Quality2
Household Demographics
Fraction of Females in Household
(percent)
Occupied by Non-Native Head
(Yes=1)
Single Household
(Yes=1)
Elderly Household
(Yes=1)
Single Elderly Household
(Yes=1)

Electricity
(2)

(3)

(4)

0.593***
[0.004]
0.002***
[0.001]

0.584***
[0.006]
0.002**
[0.001]

0.515***
[0.004]
-0.000
[0.001]

0.511***
[0.006]
-0.000
[0.001]

0.033***
[0.003]
0.149***
[0.003]
-0.152***
[0.002]
-0.281***
[0.004]

0.028***
[0.004]
0.146***
[0.005]
-0.154***
[0.004]
-0.299***
[0.005]

0.049***
[0.003]
0.085***
[0.004]
-0.028***
[0.003]
-0.092***
[0.003]

0.042***
[0.005]
0.089***
[0.006]
-0.034***
[0.004]
-0.082***
[0.005]

0.494***
[0.006]
0.554***
[0.005]
0.568***
[0.005]
0.512***
[0.005]
0.467***
[0.005]
0.441***
[0.004]
0.243***
[0.004]
0.175***
[0.004]
0.018
[0.012]

0.493***
[0.009]
0.555***
[0.007]
0.572***
[0.007]
0.513***
[0.008]
0.464***
[0.007]
0.440***
[0.007]
0.249***
[0.007]
0.176***
[0.006]
0.033*
[0.018]

-0.033***
[0.006]
-0.030***
[0.005]
-0.031***
[0.005]
-0.026***
[0.005]
0.007
[0.005]
0.033***
[0.004]
0.048***
[0.005]
0.051***
[0.004]
-0.007
[0.012]

-0.036***
[0.009]
-0.038***
[0.008]
-0.035***
[0.008]
-0.031***
[0.008]
0.003
[0.007]
0.029***
[0.007]
0.041***
[0.007]
0.053***
[0.007]
0.002
[0.017]

-0.018***
[0.004]
0.022***
[0.004]
-0.008***
[0.002]
0.001
[0.000]

-0.023***
[0.006]
0.023***
[0.006]
-0.008**
[0.004]
0.001
[0.001]

0.014***
[0.004]
0.019***
[0.004]
0.010***
[0.002]
-0.002***
[0.000]

0.013**
[0.005]
0.022***
[0.005]
0.011***
[0.000]
-0.002***
[0.001]

0.011***
[0.002]
0.045***
[0.003]
-0.097***
[0.004]
0.115***
[0.003]
0.103***
[0.007]

0.017***
[0.003]
0.048***
[0.005]
-0.106***
[0.005]
0.118***
[0.004]
0.105***
[0.008]

-0.018***
[0.002]
-0.041***
[0.003]
-0.249***
[0.004]
-0.139***
[0.003]
-0.100***
[0.006]

-0.032***
[0.003]
-0.013***
[0.004]
-0.246***
[0.004]
-0.119***
[0.004]
-0.078***
[0.007]
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Appendix Table A1 (continued)
Residential Energy Consumption and Household Demographics and Dwelling Structure
Gas
Family with Children < 4 years
(Yes=1)
Family with Children 5 – 12 years
(Yes=1)
Family with Children > 12 years
(Yes=1)
Number of Children in Household

(2)
0.062***
[0.006]
0.055***
[0.008]
0.067***
[0.007]
0.006**
[0.003]
0.009***
[0.003]

(3)
0.047***
[0.004]
0.076***
[0.005]
0.126***
[0.004]
0.064***
[0.002]

(4)
0.045***
[0.007]
0.069***
[0.009]
0.095***
[0.008]
0.066***
[0.004]
0.052***
[0.003]

4.220***
[0.022]

3.890***
[0.040]

5.499***
[0.022]

4.967***
[0.039]

Household Income
(€ thousands, log)
Constant

Province-Fixed Effects
Observations
R-squared
Adj R2

Electricity

(1)
0.066***
[0.004]
0.065***
[0.004]
0.087***
[0.004]
0.003*
[0.002]

Y
297,197
0.339
0.339
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Y
138,382
0.334
0.334

Y
300,393
0.346
0.346

Y
142,147
0.339
0.339
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1. Introduction
Why do individuals and households engage in pro-environmental behavior? It often comes at
substantial private cost for frequently diffuse and, on its own, inconsequential public,
environmental benefit. Such behavior is nevertheless common, especially in the realms of energy
efficiency and the reduction of greenhouse-gas (GHG) emissions. Some behaviors, such as the
purchase of a hybrid car, solar panels, or home weatherization products, can be justified on the
basis of private payback periods, but the rate of return in many cases is too low to fully explain
the prevalence of observed purchases. Other behaviors, such as the purchase of many green
products, carbon offsets, and participation in green-electricity programs, operate more like
charitable contributions.1 With these behaviors, the primary goal is to promote environmental
quality. This paper seeks to broaden the understanding of why we observe the latter type of proenvironmental behavior, referred to here as voluntary provision of an environmental public good.
We begin with a theory of voluntary provision in which a household’s decision to engage
in a form of environmentally friendly behavior is based on the desire to offset another behavior
that is environmentally harmful. The interrelated behaviors that we consider throughout the
paper are a household’s conventional electricity consumption and participation in a voluntary
green-electricity program that provides financing for electricity generation from renewable
sources of energy. In this context, the theory is built on the idea—which we ultimately test—that
households purchase green electricity in order to mitigate disutility associated with pollution
emissions generated through their own consumption of conventional electricity. We consider two
variants of the model’s setup. In one version, a household cares about the exact amount of greenelectricity it purchases. In the other version, a household only cares about whether it purchases
the minimum amount required to participate in the green-electricity program. For both cases we
derive conditions for participation at the extensive and intensive margins for a green-electricity
program that is based on the voluntary contribution mechanism.
The model is also useful for examining how participation in the green-electricity program
might affect demand for electricity more generally. Does participation in the green-electricity
1

According to survey data, the number of consumers buying “green products” increased from 12 percent in 2007 to
36 percent in 2008, and remained at 36 percent in 2009 despite the recession (Mintel International Group, 2009).
The voluntary carbon offset market grew over 15-fold between 2005 and 2008, increasing in size from $45 million
to $705 million (Ecosystem Marketplace & New Carbon Finance, 2009). With respect to green electricity, over 5
million residential and commercial customers participate in such programs in order to provide financing for the
generation of electricity through renewable sources of energy (REN21, 2009).
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program affect a household’s electricity demand? How might potential changes in electricity
demand differ if participation is prompted with an offset motive or an offset motive combined
with a “buy-in” mentality? And if electricity consumption changes, what is the net effect on
emissions? It is easy to envision cases where households purchase a minimum amount of green
electricity that is used to justify an increase in electricity demand; and if the increase in demand
is greater than the purchase of green electricity, net emissions increase. With these questions in
mind, we use the model to motivate the study of behavioral responses to voluntary provision of
an environmental public good.
We then test implications of the model using billing data from the Green Power Switch
(GPS) program in Memphis, Tennessee. We obtained data from Memphis, Light, Gas and Water
(MLGW) on monthly electricity bills between 2003 and 2008 for all 910 households
participating in the GPS program as well as a sample of 30,012 nonparticipating households.2 In
total, the dataset consists of more than 779,037 monthly observations. The GPS program at
MLGW began in 2005, so we have billing data for two years before and three years after
households could first participate in the program. The first part of our empirical analysis
examines the relationship between average electricity consumption and decisions about
participation in the GPS program. The models are based on cross-sectional variation in
household electricity consumption prior to enrollment in the GPS program, and we evaluate the
relationship between consumption and program participation at both the extensive and intensive
margins. The second part of our analysis examines whether households that participate in the
GPS program change their electricity consumption after doing so—that is, we test for a
behavioral response to participation. We employ a fixed-effects research design whereby
identification of the behavioral response is based on comparisons between participants and
nonparticipants, before and after enrollment in the GPS program. Specifically, we estimate
models that exploit before-after differences between participants and nonparticipants, in addition
to models that exploit before-after differences in the timing of enrollment among participants
only.
We find that households with greater electricity consumption are more likely to
participate in the GPS program and to participate at a higher level. We interpret these results as

2

These data were provided in such a way that names and address were excluded from each observation to ensure
anonymity of MLGW customers.
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consistent with our model—meaning that participating in the green-electricity program is
motivated in part by households feeling an obligation to offset, to some degree, the pollution
emissions associated with their own conventional-electricity consumption. With respect to
evidence of a behavioral response, we find that when participants at all levels are lumped
together, GPS participation does not lead to a statistically significant change in electricity
consumption. If, however, we consider only participants that enroll at the minimum level, we do
find evidence of a behavioral response: these households increase electricity consumption 2.5
percent after enrolling in the GPS program. This result, and the fact that it differs from that for
participants at higher levels, is also consistent with our theoretical model, which links a “buy-in”
mentality to expected differences in the behavioral response. Finally, given that in some cases
the purchase of green electricity causes an increase in electricity consumption, we consider the
net effect on emissions. It turns out that the 2.5 percent increase in consumption, which translates
into 30 kwh/month for the average household, is less than the GPS minimum participation
threshold of 150 kwh/month in green-electricity capacity. Hence, despite a behavioral response
of increased electricity consumption, the net effect on environmental quality even for the buy-in
households is a reduction in emissions.
The remainder of the paper is organized as follows. The next section reviews the most
relevant literature and explains the contributions of our theoretical and empirical analysis.
Section 3 develops the theoretical framework. Section 4 describes the GPS program and our data
collection and preparation. Section 5 describes our empirical methods and reports the results.
Section 6 summarizes and concludes the paper.

2. Relation to Existing Literature
Economists often perceive pro-environmental behaviors, such as the voluntary purchase of green
electricity, as examples of private provision of public goods. Important features of the standard
model for privately provided public goods are developed in Bergstrom et al. (1986) and
Andreoni (1988). The models are useful for understanding who provides public goods and who
free rides. More recently, this approach has been extended to explicitly model consumption
decisions within green markets (Kotchen 2006) and participation in green electricity programs in
particular (Kotchen and Moore 2007).
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A substantial empirical literature examines the private provision of environmental public
goods, and many studies focus on green electricity. Several studies employ stated- or revealedpreference techniques to derive estimates of willingness to pay for various types of green
electricity (e.g., Goett et al. 2000; Champ and Bishop 2001; Roe et al. 2001). Other studies
analyze factors that influence participation in specific green-electricity programs (e.g.,
Oberholzer-Gee, 2001; Rose et al. 2002; Clark et al. 2003). In general, the results of this research
show that households frequently state a willingness to pay a premium for green electricity, yet
actual participation in programs depends on household characteristics, attitudes related to the
environment, and the existence of “warm-glow” motives.3
The particular structure of a green-electricity program is another important factor that
affects participation. Kotchen and Moore (2007) focus on the distinction between the two most
common types of programs. The first are those based on the voluntary contribution mechanism
(VCM). In VCM programs, households choose to contribute an additional amount of money
each month, through their electricity bills, in support of green electricity, and the monthly
contribution is fixed and independent of the household’s actual electricity demand. The second
type of program is the green tariff mechanism (GTM). Households that participate in a GTM
program pay a price premium for each unit of their actual electricity consumption, and the
additional revenue is used to support green-electricity capacity. With the GTM, participation is
more costly for households with greater electricity consumption, and Kotchen and Moore (2007)
find that high-consumption households are less likely to participate in GTM green-electricity
programs.
While understanding the determinants of participation in green electricity programs is
important, it is also important to understand whether these programs lead to behavioral
responses, such as an increase in energy consumption. In addition to our analysis in this paper,
one other paper has examined whether enrolling in a green electricity program leads to changes
in household energy consumption. Kotchen and Moore (2008) find that energy consumption fell
for participants in a green electricity program that was based on a GTM. The magnitude of the
effect, however, was within the range predicted by estimates of the price elasticity of demand for
3

A “warm-glow” motive captures the idea that households might participate in a green-electricity program because
it makes them feel good, rather than because they care about any public benefits that may arise from reduced
pollution emissions. See Andreoni (1990) for the general formulation of warm-glow motives for private provision of
public goods.
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electricity. Hence the study could not determine whether the behavioral response was due to the
voluntary price premium or some other response of households from having offset their own
emissions. In contrast, participants in the green electricity program under study in this paper
contribute a fixed amount each month in support of green electricity through a VCM. Because
the amount contributed is independent of how much electricity is consumed, any changes in
consumption that we find in the present study can be attributed to reasons other than changes in
the marginal price—namely a household simply knowing that it has offset some fraction of its
emissions.
The literature on green-electricity programs has relevance to the understanding of more
recently formed markets for voluntary carbon offsets. Offsets are based on the idea that agents
need not reduce their own emissions in order to reduce the amount of greenhouse gases (GHGs)
in the atmosphere; instead, they can pay someone else to reduce emissions and achieve the same
effect on atmospheric concentrations. Typically, offsets arise through investments in renewable
energy, energy efficiency, reforestation, or other projects that reduce emissions or sequester
GHGs. While the purchase of voluntary carbon offsets is consistent with private provision of a
public good, it differs because provision is related to other behaviors that provide a public bad
(Kotchen 2009). For example, climate change awareness campaigns, which emphasize how
many consumer choices lead to increases in carbon emissions, have been shown to increase
purchases of carbon offsets (Jacobsen 2010). Though the connection is rarely made (somewhat
surprisingly), participation in a green-electricity program is very similar to voluntary purchases
of carbon offsets. Households aware that their conventional electricity consumption generates
GHG emissions may seek to offset those emissions through the purchase of green electricity.
It follows that many of the concerns about green electricity mirror those about carbon
offsets. Households contribute a third or more of U.S. GHG emissions (Dietz et al. 2009), and
carbon offsets may be an important component of policy efforts to reduce household GHG
emissions (Vandenbergh and Steinemann 2007). But questions are frequently raised about
whether the emission reductions are “additional” in the sense that they would not have occurred
without the purchase of green electricity or offsets.4 Even if the emission reductions are
additional, critics are still skeptical about the actual environmental benefits because of the

4

See Conte and Kotchen (2010) for a discussion about additionality and how concerns about it affect the price of
carbon offsets.
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potential behavioral response to such purchases. Many claim that carbon offsets are effectively
indulgences that are used to assuage guilt and justify more polluting activities. In the context of
green electricity, the same reasoning leads to questions about whether households that participate
in programs consequently increase their consumption and thereby negate some (or all) of the
supposed environmental benefits. More generally, the same type of behavioral response might
exist across a broad spectrum of behaviors related to climate change or energy. Households that
choose to weatherize their residence or purchase a more efficient heating and cooling system
may be doing so, in part, to mitigate their own carbon emissions. Having done so, these
households may become somewhat less concerned about curbing their emissions generated
through other behaviors, and this behavioral response could potentially undercut the benefits of
their initial action. In all cases, the explanation of the behavioral response is closely related to
psychological theory on “moral licensing,” which is used to explain how individuals use their
own “good” behaviors to self-justify “bad” behaviors.5 To date, however, we are not aware of
any empirical evidence on the moral licensing of environmentally related behaviors that is based
on measurable and revealed-preference data.
The present paper makes a contribution by linking participation in a green-electricity
program with the offset motive. The theoretical model is novel and closely linked to an empirical
application. Our results are consistent with the theory and differ in predictable ways from those
of Kotchen and Moore (2007, 2008). A further contribution of the paper is that we provide
revealed-preference evidence of a moral-licensing (or indulgence) effect with respect to
environmentally related behavior. We find that the purchase of green electricity does in fact
result in greater electricity demand for some households, but importantly, the behavioral
response is not large enough to negate within household environmental benefits.6
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With experiments designed to test racial and gender prejudices, psychologists find strong evidence in support of
moral licensing (Monin and Miller 2001). A more related psychology study, though not focused on green electricity,
involves a laboratory experiment that examines whether green purchases crowd out other types of altruistic
behavior. Mazar and Zhong (2010) find that University of Toronto students who purchased goods from a “green”
store were less altruistic than students who purchased goods from a conventional store. A limitation of their study,
however, is that students were assigned to one type of store or the other, rather than having the ability to choose
which store they preferred.
6
The paper also contributes to the literature on heterogeneous behavior in charitable giving. Similar to our results, a
recent study shows that individuals who donate small amounts to charities do so for different reasons than do those
that give large amounts. In particular, DellaVigna et al. (2009) find evidence that individuals who give small
amounts to charity are more likely to give their donations to avoid the disutility of saying “no” to a request than
those who make larger donations.
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3. Conceptual Framework
Households may choose to participate in a green-electricity program through a voluntary
contribution mechanism. An important feature of the model that distinguishes it from previous
work (i.e., Kotchen and Moore 2007) is that households choose to participate in order to
minimize disutility from knowing their conventional electricity consumption generates
emissions. We also consider the implications of a potential “buy-in” mentality that motivates
participation.
A representative household with income m chooses between consumption of a numeraire

x and electricity consumption y at price p y . The household’s utility maximization problem is
written as
(1)

max{x  f ( y)  h( y ) : x  p y y  m} ,
x, y

where f () is strictly increasing and strictly concave, h() is strictly increasing and convex, and

  {0,1} is an indicator variable for whether the household is concerned about its impact on
environmental quality.7 The setup implies that while households of either type benefit from
electricity consumption, only the type concerned with its own impact on environmental quality
experiences disutility from knowing its conventional electricity consumption contributes to
pollution emissions. The disutility may arise from knowledge about the impact of actual
emissions or from subjective assessments about the impact of one’s own emissions. The firstorder condition that defines the solution to (1), denoted ŷ , is
(2)

f ( yˆ )  p y  h( yˆ ) .

The solution for type   1 is illustrated in Figure 1 at the level of ŷ where the f () and
h()  py curves intersect. Other elements of the figure are described below. We now consider the

impact of introducing a green-electricity program, along with refinements on the motives for
participation.

3.1 The Availability of Green Electricity

7

The initial setup of our model is similar to that in Kotchen and Moore (2008); the only difference here is the
further simplifying assumption that preferences are quasi-linear in x .
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Consider a green-electricity program with participation structured around voluntary purchases of
electricity g at price p g , where g is measured in the same units as y (i.e., kilowatt-hours,
kWhs). It is assumed that production of g does not generate emissions, and, following Kotchen
(2009), households of the type that are environmentally concerned care about the net effect on
emissions. We can thus write the utility maximization problem with the green-electricity option
as
(3)

max{x  f ( y)  h( y  g ) : x  p y y  p g g  m} .
x, y , g

Note that participation in the offset program is based on the amount of offsetting a household
chooses to do, rather than on an all or nothing decision at 100 percent, which is the case under
study in Kotchen and Moore (2008).
Assuming an interior solution for y , but allowing the possibility for g  0 , we have the
following first-order (Kuhn-Tucker) conditions that define the solution to (3):
(4a)

f ( y)  p y  h( y  g )  0 ,

(4b)

g  0 and  p g  h( y  g )  0 and g[ p g  h( y  g )]  0 .

Letting { ~y , g~} denote the solution, we can make several useful observations. Condition (4b)
implies that g~  0 if and only if p g  h( yˆ ) . In words, if the price of green electricity exceeds
the marginal disutility of emissions at the level of electricity demand without the offset option,
then the household will choose not to offset any of its emissions. Clearly, this will always be the
case for households of type   0 or if the price of green electricity is sufficiently high, and in
y  g~)  p , which implies that
both cases ~y  yˆ . If g~  0 , however, then it must hold that h( ~
g

if a household offsets at all, it does so all the way to the point where the marginal disutility from
net emissions equals the marginal cost of offsetting, i.e., the price of green electricity. This
condition is illustrated at the level y˜ in Figure 1. Moreover, offsetting will be less than (equal to)
100 percent of electricity consumption if and only if h(0)  () p g .8 The case of less than 100
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According to the model, households will never offset more than 100 percent of their emissions from electricity
consumption. Such behavior would be possible, however, if the model were expanded to allow additional benefits to
households of offset purchases, such as those often associated with warm-glow (Andreoni 1990) or status (Harbaugh
1998).
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percent is illustrated with y˜  g˜  0 in Figure 1. The alternative case (not shown) would require
the intercept of h(0)  py to lie above py  pg .
Let us for the moment add one feature to the model that is useful to motivate part of our
empirical analysis. Among households of type   1, assume the direct benefit of electricity
consumption is f ( y ) , where   0 is simply a weight that allows heterogeneity of electricity

demand before green electricity is available. Using (2) it is easy to verify that dyˆ / d  0 ; that is,
without the green-electricity option, demand for conventional electricity is increasing in  .
From this, it follows that satisfying the nonparticipant condition of p g  h( yˆ ) is more difficult
with a larger  . In other words, the model predicts that, among households concerned about
environmental quality, those with greater observed conventional-electricity consumption are
more likely to enroll in the green-electricity program. A further empirical prediction is that such
higher consumption households are expected to purchase more green electricity. This can be
y / d  dg~ / d  0 . For simplicity hereafter, however,
shown using (4a) and (4b) to verify that d~
we continue to analyze the model as if   1 .
Further observations, which are important for our empirical analysis, are based on a
comparison of electricity consumption before and after the green-electricity option is available,
assuming a household participates. We have already shown that participation requires
pg  h( yˆ ) , where   1, and implies pg  h( y˜  g˜ ) . Substituting the latter condition into (4a)

implies that conventional electricity consumption upon a household’s participation must satisfy
f (y)  py  pg , which corresponds with the quantity y˜ in Figure 1. It is straightforward to verify

using the figure that participating households will always (weakly) increase their conventional
electricity consumption, that is, y˜  yˆ . It is also easy to verify using the figure that net
consumption will always (weakly) decrease, that is, y˜  g˜  yˆ . Combining these results, we find
that voluntary participation in the green-electricity program may be associated with an increase
in electricity consumption, but the increase will be less than the amount of green electricity
purchased.

3.2 The Buy-In Mentality
We now consider the possibility that when households choose to participate in the greenelectricity program, they care not about their overall net emissions, but rather, about simply
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“buying in.” Our approach builds on Rose-Ackerman’s (1982) notion regarding motives for
charitable giving. The idea is that if a “donor’s gift to a particular charity is at least equal to some
minimum z , the donor believes that he or she has ‘bought in’ to the entire range of services
provided by the charity” (p. 195). With respect to purchases of green electricity out of concern
for the environment, the idea is that if some minimum amount of emissions is offset, a household
may feel it has done its part, and concern is no longer focused on actual net emissions. More
formally, disutility from emissions no longer occurs conditional upon reaching the buy-in
minimum.
We can modify the setup of our model to account for a buy-in mentality and to
investigate its implications. Assume there is an exogenously given minimum threshold for the
purchase of green electricity g  z . Based on this, the preference parameter  now takes the
form
(5)

1 if g  z
0 if g  z.

 ( g; z)  

That is, a concerned household cares about the environmental implications of its own electricity
consumption unless it buys into the green-electricity program, in which case it no longer feels
any “guilt.” With this modification, the household utility maximization problem becomes
(6)

max{x  f ( y )   ( g ; z )h( y  g ) : x  p y y  p g g  m , g  0 or g  z} .
x, y, g

Let us denote the solution(s) { y , g } . Clearly, the amount of green electricity purchased will take
on only one of two values, g  0 or g  z . One complete solution to the problem is thus {yˆ ,0} ,
which is simply the solution to problem (1) above. The other solution is { y , z} , where y solves

f ( y)  p y , as illustrated in Figure 1. Note that y  yˆ , and it follows that conditional on
buying-in to the program households will always increase conventional electricity consumption.
Moreover, the increase will be greater than that which would arise if participation were not
motivated with a buy-in mentality.
To determine which of the two possible buy-in solutions will arise, consider indirect
utility in both cases:
(7a)

Vg 0  m  p y yˆ  f ( yˆ )  h( yˆ )

(7b)

Vg  z  m  py y  f (y )  pg z
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It follows that a household will buy-in to the offset program if and only if Vg  z  Vg 0 , which can
be rearranged to imply the following inequality:
(8)

[ f ( y )  p y y ]  [ f ( yˆ )  p y yˆ ]  p g z  h( yˆ ) .

Because the left-hand side is strictly positive and  h( yˆ )  0 , there exists a threshold buy-in
expenditure, denoted   p g z , that makes the household indifferent between the two possible
solutions.9 Accordingly, if p g z is less than (greater than)  , the household will (will not) buy
into the offset program. Note, here again, that if we consider direct benefits from electricity
consumption to take the form f ( y ) , then satisfying (8) is only easier, implying that households
with greater conventional-electricity consumption are more likely to participate in the greenelectricity program, even if they do so to simply buy in.
Condition (8) is also useful to investigate the different possibilities for the change in net
consumption—i.e., y  z versus yˆ —when participation is motivated with a buy-in. By
definition, the net effect will be positive (neutral, negative) when z  (,)y  yˆ , and it is easy to
verify that all cases are possible. We can see that satisfying the inequality in (8) is possible for
any value of z because pg can vary without changes in y or yˆ . Hence, even if the buy-in
quantity is exceedingly high, participation is still possible if the price of green electricity is
sufficiently low. In this case, the net effect can be positive. But, of course, if the buy-in quantity
is very low, participation is also possible as long as the price of green electricity is not too high.
It follows, in contrast to the previous version of the model where the net effect is always
positive, that the net effect on electricity consumption—and therefore emissions—can be
positive or negative when green electricity purchases are motivated with a buy-in mentality.

4

Empirical Setting and Data Collection

Memphis Light, Gas and Water (MLGW) is the largest three-service municipal utility company
in the United States, serving more than 430,000 customers in Shelby County, Tennessee. MLGW
purchases all of its electricity from the Tennessee Valley Authority (TVA), which has
historically generated power using a mix of coal, natural gas, fuel oil, nuclear plants, and
hydroelectric dams. Since April 2000, however, the TVA has added to its power mix electricity
9

In this knife-edged case, and only this case, the solution to maximization problem (6) is not unique.
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generated through solar power, wind power, and methane gas. TVA’s development of these
alternative energy sources is funded in part by the Green Power Switch (GPS) program, which is
the voluntary green-electricity program under study in this paper.
The GPS program is a partnership between TVA and several electricity distributors,
including MLGW, that allows customers to voluntarily increase the amount of electricity
generated from solar energy, wind energy, and methane gas. Households that voluntarily enroll
in the program agree to pay an additional amount on each month’s energy bill. The exact amount
added to the bill depends on how many blocks of green electricity a household chooses to
purchase. Each block costs $4 per month and covers the approximate cost of producing 150
kilowatt-hours (kWhs) of green electricity. Participating households must purchase at least one
monthly block, but there is no limit to how many blocks a household can purchase. The vast
majority of participating households purchase between one and five blocks, as we will show, and
this translates into additional charges between $48 and $240 per year. Enrollment in the program
does not change the type of electricity delivered to a household—the electricity consumed by
GPS participants comes from the same fuel mix as that for non-participants—but money
contributed to the GPS program provides funding for additional investment in green-electricity
capacity.
MLGW initiated the GPS program in April 2005, and enrollment has increased steadily
over time. Figure 2 shows the trends for new enrollment, cancelations, and active enrollment
between the second quarter of 2005 and the fourth quarter of 2008. The initial pulse of
enrollment was spurred in part by an advertising campaign accompanied with direct-mail reply
cards and bill inserts when the program was first rolled out. Based on information provided by
MLGW, we know that households responding to reply cards and bill inserts accounted for 141 of
the 299 total enrollments in 2005. Beyond the initial advertising campaign, the GPS program has
been promoted continually on the websites of both MLGW and TVA, and customers can enroll
in the program directly through these websites. Web-based sign-ups are the most common way
to enroll, accounting for 619 of the 885 households enrolled at the end of 2008. Other ways to
sign-up include over the telephone, emails to MLGW staff, and enrollment at environmentally
based community events and trade shows. Figure 2 shows a steady increase in enrollment and
exceedingly few cancelations.
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Our empirical analysis is based primarily on two sets of data that we obtained from
MLGW. The first contains information about household participation in the GPS program,
including when each household enrolled and how many blocks it purchased. If a household
dropped out of the program or changed how many blocks it purchased, that information is also
included, as well as the date any change occurred. The second dataset contains billing data on
electricity consumption for all 910 households that ever participated in the GPS program and a
sample of 30,012 non-participating households.10 These data begin in May 2003, which is two
years before the start of the GPS program, and continue through December 2008. For every
observation, we have both a premise identification number and a customer identification
number.11 Hence, if a customer switches locations during the course of the sample, the billing
record at the new location is treated as a belonging to a new household. Similarly, if more than
one customer occupies a premise during the sample period, we treat each customer’s tenure as a
separate household. It follows that the maximum number of monthly observations for a
household is 68, but there are fewer observations for households that established service after
May 2003 or that terminated service before December 2008.
We merge these two datasets together using each household’s unique identification
number. With the merged dataset, we then generate several variables that are central to our
analysis. Participant is a time-constant dummy variable for whether a household ever enrolled in
the GPS program, and Blocks is a time-constant variable for the number of blocks that a
household purchased. If a household ever changed its level of participation, Blocks indicates the
maximum ever purchased; and in the case of non-participating households, Blocks equals zero.12

Enrolled is a time-varying dummy variable indicating whether a household was actively enrolled
in the GPS program in any given month (i.e., billing cycle). Finally, kWh/day is a time-varying

10

Ideally the sample of nonparticipating households would be truly random; however, MLGW programmers used
the following procedure to draw the sample. Selected households are those with an address such that the second
letter of the street name is “a” and the 4th digit of the address is “3”, “5” or “9.” Fortunately, for purposes of our
analysis, the selection procedure does not appear to have any strong location biases. For example, the relationship
between the population of a zip code and the number of households in our sample from that zip code has a strong
positive correlation of 0.74. Throughout the paper we thus treat this sample as if it were randomly drawn.
11
As mentioned previously, names and street addresses were excluded from all records to ensure the anonymity of
MLGW’s customers.
12
A total of 56 households changed their level of participation during the sample period. Nineteen households
moved from one level of active participation to another, with 14 increasing blocks and 4 decreasing blocks. A total
of 37 households dropped out of the program after having participated.
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variable for the amount of electricity consumed in each month, derived by dividing electricity
consumption in each billing cycle by the number of days in the corresponding billing cycle.
In addition to these MLGW data, all households were matched to zip-code level
demographic data from the 2000 U.S. Census and election data from the 2000 presidential
election.13 There are 35 different zip codes in the sample. Variables obtained from the Census
include median household income, proportion with educational attainment of at least a college
degree, share of households with families consisting of two people or more, population density
(people per square kilometer), and race (proportion white and black). The electoral data include
variables on the proportion of votes cast for George W. Bush, Albert Gore, and Ralph Nader in
the 2000 U.S. Presidential Election.
The complete dataset includes 779,037 monthly observations; however, some
observations were dropped in the process of cleaning and preparing the dataset for analysis. We
drop the first billing observation on record for each household because the closing data of the
previous billing cycle is not observed, meaning that we cannot calculate the number of days in
the first billing cycle to generate kWh/day (31,102 observations, or 4.0 percent). We drop
observations with a billing period shorter than 26 days or longer than 36 days; these are
considered irregular because meters are routinely read every 31 days (36,879 additional
observations, or 4.7 percent). If the last observation for a household occurs before the end of our
sample period, we drop this observation because electricity consumption may be abnormal
during the month in which the account is cancelled (16,495 additional observations, or 2.1
percent). If the first observation for a household occurs after the start of our sample period, we
drop the 2nd through 6th billing record because households typically experience a period of partial
occupancy when first moving in (72,417 additional observations, or 9.3 percent). Finally, we
drop all records for which electricity consumption is recorded as missing, negative, or zero (346,
8, and 3,922 observations, respectively, or collectively less than 1 percent). The final set of panel
data used in our analysis includes 617,958 monthly observations and 20,205 households, 885 of
which are participating households.
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Precinct level data from the 2000 Tennessee Federal Election was downloaded from the Federal Elections Project
(Lublin and Voss, 2001) and converted to zip-code level data using GIS software and Tennessee’s zip code
tabulation area (ZCTA) shape file and voting district shape file from the U.S. Census Cartographic Boundary Files.
These shape files are available at http://www.census.gov/geo/www/cob/. To convert the data from precinct to zip
code level data, each precinct was linked to the zip code where its centroid is located.
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Table 1 reports summary statistics on the demographic and electoral data for the crosssection of 20,205 households. Note that these data are essentially zip-code level data weighted
according the number of households in our sample within each zip code. Median household
income is approximately $45,400 per year, 27 percent of the adults within the zip codes have
obtained at least a college degree, the proportion of white residents is 54 percent, roughly 69
percent of the households are families with two or more residents, and the mean population
density is 906 persons per square kilometer. In terms of electoral preferences in the 2000
presidential election, 42 percent voted for Bush, 56 percent voted for Gore, and just over 1
percent voted for Nader. Transitioning to the data that we observe at the household level, the
final row of Table 1 includes summary statistics for mean kWh/day, which is based on MLGW
monthly billing data averaged within households and then between households. We find that
mean electricity consumption is approximately 40 kWh/day, or 1,200 kWh/month.
Table 2 reports the frequency distribution of the GPS participation levels (i.e., Blocks)
among the 910 households that ever participated in the program. Nearly half (45 percent) of all
households purchase only one block, and it is worth mentioning that this fact is itself consistent
with the existence of a buy-in effect. Not surprisingly, as the number of blocks increases, there
tends to be fewer households participating. One clear exception, however, is the spike at 5,
which is likely due to the layout of the website sign-up form that solicits levels of enrolment up
to five blocks, beyond which households must enter an “other” category and fill in their desired
level. Overall, the average level of participation among participants is 2.3 blocks at a cost of
$9.20 per month, or $110.40 per year.

5

Empirical Analysis

We now turn to the empirical analysis with a focus on three primary questions: What explains
the extensive and intensive margins of participation in the Green Power Switch (GPS) program?
How does a household’s participation affect its conventional-electricity consumption? And what
is the net effect on environmental quality?

5.1 The Participation Decision
The conceptual framework developed in Section 2 is built around that idea that households may
choose to participate in the GPS program in order to offset emissions from their conventional-
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electricity consumption. If the offset motivation does in fact exist, it is reasonable to expect,

ceteris paribus, that households with greater electricity consumption are more likely to
participate in the GPS program. To evaluate whether this pattern holds in the data, we begin with
estimation of a cross-sectional probit model in which we regress the dummy variable for each
household’s participation decision, Participant, on its average electricity consumption along with
the corresponding demographic and electoral data at the zip-code level. For this model, and all
other cross-sectional models, we use kWh/day as an explanatory variable that is averaged over
only those months when households are not participants in the GPS program. This avoids the
potential endogeneity, which we investigate later, of electricity consumption changing due to
having participated in the GPS program.14 For all cross-sectional models we cluster standard
errors at the zip-code level to account for potential spatial correlation of the errors and also for
the unit upon which the demographic and electoral variables vary.
Columns (1) and (2) of Table 3 report the estimated marginal effects of two probit
models. In the first we include kWh/day (divided by 10 to ease interpretation), and in the second
we include an additional quadratic term for kWh/day to allow a more flexible functional form.
We find significant differences between participants and nonparticipants in the sample.15 Based
on the model in column (1), we find that an increase of 1 kwh/day on average increases the
probability by 2.3 percent that a household participated the GPS program. This result, which
occurs after controlling for the demographic and electoral variables at the zip-code level, is
consistent with a simple comparison of means: kWh/day is significantly greater for participants
than nonparticipants (49.6 versus 39.6, t = 10.52, p < 0.01). According to the model in column
14

Though the results are not reported here, we also carryout the cross-sectional analysis using two alternative
constructions of average electricity consumption. Our procedure of using only electricity consumption in months
prior to participation implies that 81 participant observations are not included in the models because they do not
have at least six months of data prior to having participated in the GPS program. If, however, we simply take
average electricity consumption using all months, and therefore include these 81 additional observations, the results
are very similar to those reported in Table 3. Another alternative that we try is to use a detrended kwh/day that
accounts for potential bias due to having different months over which averages are taken for participants and
nonparticipants. But again, the results are very similar to those reported in Table 3.
15
We report and discuss unweighted results throughout the paper; however, we also estimate specifications in which
each observation is weighted to account for the different sampling probabilities of participating households (Pr =1)
and non-participating households (Pr = 0.05). The primary difference between the weighted and unweighted
regressions is that the weighted estimation produces coefficients that are substantially smaller in models where the
left-hand side variable includes participants and nonparticipants. There is no difference in terms of which
coefficients are statistically significant. Coefficients in columns 3 and 4 of Table 3 are unaffected by weighting
because the sample is limited to participants only. All coefficients reported in Tables 4 and 5, which present the
fixed effects estimates discussed later in the paper, are identical or extremely similar in both the weighted and
unweighted estimates.
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(2) the quadratic term is statistically significant, and allowing this more flexible functional form
increases the magnitude of the estimate such that an increase of 1 kWh/day on average increases
the probability by 3.6 percent that a household has participated in the GPS program. Among the
zip-code level variables, only the share of votes for Ralph Nader is statistically significant. While
the magnitude is small, households from zip codes with a greater share of votes for Nader are
more likely to be participants in the GPS program.
Turning now to the intensive margin of participation, we estimate a truncated regression
model in which the level of participation, Blocks, is regressed on the same covariates.16 We find
that greater conventional electricity consumption is associated, in a statistically significant way,
with the purchase of more blocks in the GPS program. According to the linear specification in
column (3), an increase of 1 kWh/day is associated with participants purchasing approximately
one-half more of a 150 kWh block of green electricity. The non-linear specification in column
(4), however, suggests that the marginal effect of kWh/day on the number of blocks purchased is
increasing and concave. One may interpret this result as evidence that the positive marginal
propensity to offset emissions diminishes with higher levels of electricity consumption. Among
the zip-code level variables, a notable result is that for median household income, we find some
evidence that income is negatively associated with the number of offsets purchased. Though it
would be better to have data on income at the household level, this result even with zip-code
level data is important because it provides evidence against the alternative explanation that both
conventional electricity consumption and GPS blocks are normal goods, which could possibly
explain the positive correlation. Instead, we have attempted to control for income and, if
anything, find that it is negatively associated with the number of GPS blocks purchased. Hence
the pattern of results supports the notion that the intensive margin of GPS participation is
motivated, at least is part, by the desire for households to offset their own emission from
electricity consumption.
The other results in Table 3 are for models that combine the extensive and intensive
margins into one estimator. The tobit models in columns (5) and (6) essentially combine the
probit and truncated models into one (Greene 2002), and, not surprisingly, the qualitative results
are very similar. Most importantly, kWh/day continues to have a positive and statistically
16

The truncated regression models are based on the sample of all participating households, with the exception of
those households that did not have a billing cycle on record prior to their enrollment in the GPS program. This
sample consists of 801 observations.
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significant effect on participation when both the extensive and intensive margins are considered
simultaneously. Finally, we estimate the negative binomial models in columns (7) and (8)
primarily as a robustness check. Count data models are useful for our application because of the
preponderance of zeros, along with the high number of counts at a low numbers of blocks, which
then taper off relatively quickly. Even with the different functional form assumption of the
negative binomial model, we again find that participation in the GPS program increases, but at a
decreasing rate, with a household’s level of conventional electricity consumption. Moreover,
household income, at least when measured at the zip-code level, does not have a statistically
significant effect, but the vote share going to the Green Party’s Ralph Nader does have a positive
and statistically significant effect on participation, which is consistent with results of the
previous models.

5.2 The Behavioral Response to Participation
We now consider the question of whether or not participation in the GPS program affects
household electricity consumption. A prediction of the conceptual framework developed in
Section 3 is that conditional on participation in the GPS program, a household will (weakly)
increase its electricity consumption. Moreover, if participation is motivated with a buy-in
mentality, the model predicts that the increase in electricity consumption will be even greater.
We begin testing the effect of GPS participation electricity consumption using fixedeffects models that compare changes in the electricity consumption of participants before and
after GPS enrollment to changes in the electricity consumption of nonparticipants over the same
period. Our basic specification is
(9)

ln( kWh / day it )   Enrolled it  δM it  vi   it

where, as defined previously, kWh / dayit is average daily electricity consumption for household
i in billing cycle t ; Enrolledit is a time-varying dummy variable indicating whether household
i is participating in the GPS program in billing cycle t ; M it is a vector of month-year variables

throughout the sample period for the share of days in household i ’s billing cycle t that falls in
each month (sixty-seven in total);17 vi is a household-specific intercept; and  it is a normally

17

Note that if billing cycles aligned perfectly with calendar months, the month-year variables would be simply
month-year fixed effects. The advantage of our approach is that we more accurately attribute electricity consumption
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distributed error term. In all estimates, we cluster standard errors at the household level, which
makes statistical inference robust to potential serial correlation of residential electricity
consumption.
The coefficient of primary interest is  , as it provides an estimate, based on a comparison
between participating and nonparticipating households, of how electricity consumption changes
upon participation in the GPS program. While specification (9) estimates the average effect of all
participants regardless of the number of blocks that a household purchases, we later relax this
assumption when testing for evidence of the buy-in effect. It is important to recognize that the
empirical model controls for all time-invariant differences between households, but it does not
control for time-varying differences. Hence the key identification assumption in our baseline
empirical strategy is that in the absence of GPS participation, the trend in electricity consumption
would have been the same in both participating and nonparticipating households. This is the
“common trends” assumption that is required in both fixed-effects and difference-in-differences
research designs (Meyer, 1995).
While the common trends assumption cannot be tested formally, we can examine the
existence and direction of potential bias using different subsets of the data. To address the
potential concern that participating and nonparticipating households may have different trends in
electricity consumption, we estimate a model identical to specification (9) but that includes only
participating households. This model takes advantage of a different identification strategy based
on variation in the timing of participation among participating households only.
Another potential source of bias, however, is that the timing of GPS enrollment is
endogenous. Suppose, for example, that a household experiences a change in personal ideology
and decides to take personal steps to conserve energy. The household might simultaneously
decide to enroll in the GPS program while also making behavioral changes at home to reduce
energy consumption. Under such a scenario, the endogeneity would cause negative bias in the
estimate of  . To address this possibility, we estimate another version of specification (9) that
includes all nonparticipating households and only participating households that joined the GPS
program in 2005, the year the program first began. These households comprise 35 percent of the
participating households. For such initial joiners of the GPS program, it is reasonable to assume
to the time periods in which common shocks actually took place. We did, however, estimate models in which we
simply use month-year fixed effects based on the end of a household’s billing cycle and the magnitude of coefficient
estimates are nearly identical and levels of statistical significance are unchanged.
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that participation was caused by the (exogenous) introduction of the program rather than a
simultaneous change in personal ideology.
Table 4 reports the estimates of  in specification (9) for all three identification
strategies: full sample, participants only, and initial joiners with nonparticipants. The point
estimate in the full sample model of 0.003 implies that enrollment in the GPS program leads to
0.03-percent increase in household electricity consumption, but not only is the effect small, it is
also not different from zero with any meaningful degree of statistical significance. Despite the
entirely different estimation strategy of the participant only model, the coefficient is very similar
at 0.006 and also not statistically distinguishable from zero. Finally, when considering only the
initial joiners and nonparticipants the coefficient increases to 0.008 but is still not statistically
significant. Together, these models provide no evidence that household electricity consumption
changes upon participation in the GPS program, at least when participation at all levels of the
intensive margin are considered jointly.
We now test for evidence of the buy-in effect by relaxing the assumption that the
behavioral response to participation in the GPS program is uniform across all levels of the
intensive margin. Specifically, we test for differential responses between households that
purchase one block (i.e., the minimum level) and those that purchase more than one block. Our
approach is to simply expand the empirical specification to
(10)

ln( kWh / day it )  1 Enrollment [1]it   2 Enrollment [  1]it  δM it  vi   it

where the only difference is that we estimate separate  s for participating households that
purchase one block and households that purchase more than one block. In effect, we estimate
different behavioral responses for those participating in a way consistent with the buy-in effect
and those that are not. Again, we estimate specification (10) with a fixed-effects model, cluster
standard errors at the household level, and employ all three of the identification strategies.18
Table 5 reports the three different estimates of 1 and  2 , and we find differences
between them. Consistent with the theoretical model, we find that, on average, households
participating in the GPS program at the minimum level increase their electricity consumption
after participating. The magnitude is such that they increase consumption by approximately 2.5
percent, and the result is all three models is statistically significant (at the 90-percent level with a
18

We also estimated models in which we test for differences between other levels of participation, but we do not
report the results because we found no statistically significant differences.
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two-tailed test, or the 95-percent level with a one-tailed test). In contrast, we find no evidence
that households purchasing more than one block change their electricity consumption, which is
consistent with our previous results. In fact, the point estimate in all three models, though not
statistically different from zero, is negative. Additionally, tests of whether ˆ1  ˆ2 are rejected in
all three cases with p-values of .037, .054, and .086 for columns (1), (2), and (3), respectively.
Hence we interpret these results as providing evidence of the buy-in effect for participation in the
GPS program. Not only do those purchasing the minimum amount of green electricity increase
their electricity consumption; their behavioral response differs from other participating
households that purchase more than one block. What is more, a striking feature of the results is
how robust the estimates are across the three distinct identification strategies. In particular, the
control group for comparison is different in columns (1) and (2) of Table 5, yet the results remain
very similar.

5.3 Net Consumption and Environmental Quality
Households voluntarily purchase green electricity as a more environmentally friendly alternative
to conventional electricity. But if participation in a green-electricity program prompts an increase
in electricity demand, the impact on net generation of conventional electricity, and therefore
environmental quality, is unclear.
Referring back to the theoretical model, let us first consider participating households that
seek to avoid disutility from their own emissions, but are not motivated with a buy-in mentality.
We predict that despite a potential increase in electricity demand, net generation of conventional
electricity for these households will not decrease, while net emissions will. Consistent with this
prediction, we find no significant change in electricity demand for households that participate
beyond the minimum threshold. In other words, we find no behavioral response to participation
for these households. Among them, the average level of participation is 3.4 blocks, which
translates into a green-electricity capacity of 510 kwh/month, or 6,120 kwh/year. To get a sense
for the environmental impact, we use the U.S. Environmental Protection Agency’s published
emission rates for the Tennessee Valley Authority (eGrid 2010). Focusing on the three primary
pollutants of sulfur dioxide, nitrous oxide, and carbon dioxide, we find that the average (nonbuy-in) household offsetting 6,120 kwh/year of conventional electricity with emission-free
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green-electricity reduces their own annual emissions by 8,129 lbs of CO2, 35 lbs of SO2, and 15
lbs of NOX. This translates into a 43-percent reduction in a household’s emissions.
Calculating the effect for households that participate because of a buy-in effect requires
taking account of the behavioral response. As predicted by the theory and confirmed with the
empirical results, the behavioral response of increased electricity demand is larger for those
households that appear to take a buy-in approach to the GPS program. Among the participating
households that purchased only one block, or equivalently, 150 kwh/month of green-electricity
capacity, household electricity consumption increased 2.5 percent on average after participation.
The increase in consumption, however, remains less than the purchased capacity of green
electricity, which implies that net consumption of conventional electricity declines, and
emissions decline despite the increase in electricity demand. This follows because a 2.5 percent
increase in electricity demand is 30 kwh/month, compared to the 150 kwh/month of greenelectricity capacity. In effect, with the buy-in effect, 20 percent of the green-electricity emission
reductions are offset by increased electricity consumption. Overall, for these households, the
average net reduction of their own annual emissions is 1,913 lbs of CO2, 8 lbs of SO2, and 3 lbs
of NOX. This translates into a 10-pecrent reduction in a household’s emissions.

6

Summary and Conclusion

This paper investigates why households engage in pro-environmental behavior and whether such
behaviors are in fact beneficial for the environment. We develop a theory of voluntary provision
of an environmental public good that is motivated by the desire to offset other behavior that is
environmentally harmful. We apply the theory to a setting in which households may purchase
green electricity in order to mitigate disutility associated with pollution emissions generated
through their own consumption of conventional electricity. We consider cases in which a
household purchases green electricity because it cares about its actual level of emissions or
because it simply wants to buy-in to the program. In both cases, the model predicts that, ceteris

paribus, households with higher electricity consumption are more likely to purchase green
electricity. Moreover, in the case where households care about the actual level of emissions, the
model predicts that high-consumption households are likely to purchase more green electricity.
The model also generates testable predictions about the expected behavioral response to
participation in the green-electricity program. Because the purchase of green electricity affords

22

participating households a cost effective way to offset concerns about their own emissions, the
model predicts that participating households will increase their electricity consumption; and the
increase is expected to be larger for households that simply buy-in to the program.
The empirical results provide evidence in support of the offset and buy-in motives for
participation in a green-electricity program. We find that households with greater electricity
consumption are in fact more likely to participate in the green-electricity program and to
participate at a higher level. Regarding the behavioral response, we find that when participating
households at all levels are considered together, there is no statistically significant change in
electricity consumption after participation. If, however, we consider separately the participating
households that enroll at the minimum level—i.e., households most likely exhibiting a buy-in
mentality—then we do find a statistically significant behavioral response. These households
increase electricity consumption 2.5 percent after enrolling in the green-electricity program.
Notably, this result is robust to identification strategies based on before-after differences between
participants and nonparticipants, and between the timing of enrollment among participants only.
The fact that electricity consumption increases for some households that purchase green
electricity raises the question of whether the net effect on emissions is positive or negative for
the environment. We find that the behavioral response of increased electricity consumption
remains less than the minimum capacity of green electricity that a household must purchase.
Hence the net effect is a reduction in pollution emissions. This may not always be the case,
however, and our results underscore the importance of taking the behavioral response into
account when designing and evaluating the effectiveness of green-electricity programs.
Fortunately existing green-electricity certification programs appear to recognize this need and
address it with minimum purchase requirements. The Green-E national standards for certification
in the United States, for example, requires that capacity based green-electricity programs selling
block products, as in the program that we study here, must require a minimum block purchase of
100 kwh/month. Our results suggest that this minimum purchase is large enough to ensure that
the behavioral response is not sufficiently large that green-electricity programs become a
counterproductive means for reducing emissions.
While the theoretical and empirical results of this study have clear implications for the
evaluation of green-electricity programs, they also contribute to the understanding of green
consumer behavior more generally. The supposed environmental benefits of green goods and
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services are often questioned for reasons beyond the credibility of marketing claims. As
discussed previously, arguments are frequently made that the availability of green options, and
the numerous government programs that subsidize their consumption, are problematic from an
environmental standpoint because they may simply promote greater consumption. The
arguments are perhaps most salient in the context of carbon offsets where critics emphasize
concerns about moral licensing, whereby carbon offsets are indulgences used to justify even
greater emissions. The problem with these claims, however, is that empirical evidence based on
observable and quantifiable behavior is generally missing. Our results thus contribute to the
debate, as we find real evidence for a behavioral response consistent with greater consumption—
but it is not large enough to reverse the intended environmental benefits. A question we leave to
future research, however, is how green consumer behavior interacts with other dimensions of
behavior and concern. Perhaps one of the most interesting relationships to examine is the
interaction between green-consumer behavior and public support for mandatory environmental
policies, which could be either complements or substitutes.
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Figure 1: Relative electricity consumption for type   1 with and without
the green electricity program

Active Enrollment

Figure 2: New enrollment, cancellations, and active enrollment in MLGW’s
Green Power Swith program
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Table 1: Summary statistics
Mean
Std. Dev.
Min.
Max.
Median income ($1,000s)
45.377
18.529
10.734
116.200
Bachelor's degree (1=yes)
0.270
0.155
0.045
0.658
Race white (1=yes)
0.544
0.309
0.013
0.941
Family household (1=yes)
0.686
0.112
0.270
0.911
Population density (#/km2)
905.636 524.727
33.292
2027.226
Vote Bush (1=yes)
0.421
0.241
0.013
0.758
Vote Gore (1=yes)
0.564
0.243
0.220
0.981
Vote Nader (1=yes)
0.012
0.007
0.001
0.038
kWh/day
40.023
26.508
0.030
741.795
Notes: Summary statistics are based on 20,205 households. Demographic data
are from the 2000 U.S. Census. Electoral data are from the Federal Elections
Project. Electricity consumption data are from Memphis Light, Gas, & Water.

Table 2: Frequency of Green Power Switch enrollment levels
Annual
Proportion
Contribution
of participants
(per household)
1
395
$48
0.45
2
263
$96
0.30
3
81
$144
0.09
4
40
$192
0.05
5
101
$240
0.11
6
5
$288
0.01
7
2
$336
0.00
8
7
$384
0.01
9
1
$432
0.00
10
8
$480
0.01
11
1
$528
0.00
12
2
$576
0.00
15
2
$720
0.00
20
1
$960
0.00
30
1
$1,440
0.00
Average # of Blocks: 2.3 ($9.20/month or $110.40/year)
Notes: This table displays how many households have ever enrolled at
each number of blocks. There is a total of 910 households. For 24
households that changed their enrollment levels, this table reports the
household’s greatest level of enrollment.
# of
Blocks

# of Households
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Table 3: Marginal effects from cross-sectional models of the extensive and intensive margins of Green Power Switch participation
Probit
KWh/day
(kWh/day)2
Median income ($1,000s)
Bachelor's degree (1=yes)
Vote Gore (1=yes)
Vote Nader (1=yes)
Population density (#/km2)
Race white (1=yes)
Family household (1=yes)

(1)
0.0023***
(0.0007)
-0.0001
(0.0006)
0.0661
(0.0596)
0.0557
(0.0824)
2.3504***
(0.7047)
0.0000
(0.0000)
0.0415
(0.0660)
-0.0046
(0.0625)

(2)
0.0038***
(0.0011)
-0.0001**
(0.0000)
0.0001
(0.0006)
0.0687
(0.0591)
0.0578
(0.0809)
2.3279***
(0.7033)
0.0000
(0.0000)
0.0429
(0.0648)
-0.0035
(0.0621)

Truncated
(3)
0.0533***
(0.0173)
--0.0048
(0.0061)
0.3148
(1.0114)
-1.0117
(1.1629)
-1.7788
(11.6345)
0.0003
(0.0002)
-0.8681
(0.8141)
0.0627
(0.7368)

(4)
0.1774***
(0.0512)
-0.0039***
(0.0013)
-0.0093*
(0.0056)
0.3823
(0.9902)
-0.4217
(1.1325)
-5.4937
(11.4648)
0.0003*
(0.0002)
-0.2735
(0.8395)
0.3754
(0.6772)

Tobit
(5)
0.0058***
(0.0018)
-0.0001
(0.0014)
0.1603
(0.1365)
0.1090
(0.1896)
5.3862***
(1.6453)
0.0000
(0.0000)
0.0836
(0.1523)
-0.0036
(0.1414)

(6)
0.0100***
(0.0028)
-0.0002**
(0.0001)
0.0000
(0.0014)
0.1670
(0.1348)
0.1147
(0.1849)
5.2956***
(1.6332)
0.0000
(0.0000)
0.0876
(0.1486)
0.0005
(0.1399)

Negative binomial
(7)
(8)
0.1423***
0.2010***
(0.0270)
(0.0341)
--0.0038***
(0.0008)
-0.0047
-0.0052
(0.0221)
(0.0222)
2.2759
2.2880
(2.1130)
(2.1162)
0.0863
0.2410
(3.0131)
(3.0335)
87.7194*** 87.2393***
(30.2631)
(30.5049)
0.0000
0.0000
(0.0003)
(0.0003)
0.5215
0.6434
(2.4394)
(2.4589)
-0.0878
-0.0748
(2.0994)
(2.1102)

Observations
20,121
20,121
801
801
20,121
20,121
20,121
20,121
R-squared
Log likelihood
-3018.50
-3013.49
-1469.46
-1461.95
-4500.28
4493.18
-4422.80
-4418.55
Notes: All coefficients are marginal effects, which are reported at the means for the nonlinear models. KWh/day is divided by ten in all
regressions to ease interpretation of the coefficients. Standard errors clustered at the zip-code level are reported in parentheses. One, two, and
three asterisk(s) indicate significance at the 90-, 95-, and 99-percent levels, respectively.

Table 4: Fixed-effects models of the effect of Green Power
Switch participation on household electricity consumption
(1)

Enrolled in GPS

Full Sample
0.003
(0.009)

(2)
Participants
only
0.006
(0.009)

(3)
Initial joiners and
nonparticipants
0.008
(0.011)

Observations
617,958
42,646
592,563
R-squared
0.387
0.539
0.381
Notes: Dependent variable is ln(kwh/day). Household fixed effects are
included in all regressions along with month-year variables for each
billing cycle. Standard errors clustered at the household level are
reported in parentheses. One, two, and three asterisk(s) indicate
significance at the 90-, 95-, and 99-percent levels, respectively.

Table 5: Fixed-effects models of the effect of Green Power Switch
participation at different levels on household electricity consumption

One block
More than 1 block

(1)
Full
Sample
0.023*
(0.013)
-0.012
(0.011)

(2)
Participants
only
0.025*
(0.013)
-0.007
(0.012)

(3)
Initial joiners and
nonparticipants
0.027*
(0.015)
-0.010
(0.016)

Observations
617,958
42,646
592,563
R-squared
0.387
0.539
0.381
Notes: Dependent variable is ln(kwh/day). Household fixed effects are
included in all regressions along with month-year variables for each billing
cycle. Standard errors clustered at the household level are reported in
parentheses. One, two, and three asterisk(s) indicate significance at the 90-,
95-, and 99-percent levels, respectively.
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Abstract
This study uses a large sample of homes in the San Diego area to provide some of the first
capitalization estimates of the sales value of homes with solar panels as compared to comparable
homes without solar panels. While the residential solar home market continues to grow, there is
surprisingly little direct evidence on the market capitalization effect. We find evidence using
both hedonics and a repeat sales index approach that solar panels are capitalized at roughly a
3.5% premium. This premium is larger in communities with more registered Prius hybrid
vehicles and in communities featuring a larger share of college graduates.
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I. Introduction
On a per-capita basis, California has the most installed residential solar capacity in the
United States. Solar homes are expensive. It can cost $30,000 to install such a system. Today,
there are several state and federal programs actively subsidizing this investment. Judged on
strictly efficiency criteria (foregone electricity expenditure per dollar of investment), solar panels
may be a bad investment. Borenstein (2008) finds that the cost of solar PV is about 80 percent
greater than the value of the electricity it will produce.
But, solar panels bundle both investment opportunities (the net present value of the flow
of electricity they generate) and conspicuous consumption opportunities (that it is common
knowledge that your home is “green”). Kotchen (2006) provides the first theoretical analysis of
this important case in which individuals have the option of consuming “impure” public goods
that generate private and public goods as a joint product. Outside of the Toyota Prius, solar
homes are perhaps the best known “green products” sold on the market.
The owner of a solar home faces low electricity bills and enjoys a consumption flow of
“warm glow” for environmentalists who take pleasure in “doing their duty” in terms of
producing minimal greenhouse gases associated with electricity consumption (Andreoni 1990).
Since the presence of solar panels on most roofs is readily apparent, the solar home owner knows
that others in the same community know that the home owner has solar panels. This community
level re-enforcement may further increase the demand for this green product. This
“observability” is likely to be even more valued in an environmentalist community (i.e a
Berkeley) than in a community that dismisses climate change concerns. The recent political
divide between Democrats and Republicans over climate change mitigation efforts (see Cragg,
Zhou, Gurney and Kahn 2011) highlights that in conservative communities that solar panels may
offer less “warm glow” utility to its owners.
In this paper, we provide the first set of hedonic marginal valuation estimates for a large
sample of solar homes based on recent real estate transactions in San Diego County. We
document evidence of a solar price premium and find that this premium is larger in
environmentalist communities. In most mature housing markets, we expect that the
econometrician knows less about the market than the decision makers. In the case of solar
panels, our interactions with professionals in the field suggests that these professionals have little
basis for estimating the pecuniary benefits of solar installation.

Our hedonic study contributes to two literatures. The enormous real estate hedonics
literature continues to explore how different housing attributes are capitalized into home prices.
Solar installation can be thought of as a quality improvement in the home. Recent studies have
used longitudinal data sets such as the American Housing Survey (which tracks the same homes
over time) to study how home upgrades such as new bathrooms and other home improvements
are capitalized into resale values (Harding, Rosenthal and Sirmans 2007, Wilhelmsson 2008). A
distinctive feature of solar panels is that on a day to day basis they have no “use value” as
compared to a new bathroom or kitchen. Solar panels reduce your household’s need for
electricity but from an investment standpoint they represent an intermediate good that indirectly
provides utility to households. For those households who derive pleasure from knowing that they
are generating their own electricity, the solar panels will yield “existence value”. Such
households will recognize that they have reduced their greenhouse gas emissions and thus are
providing world public goods. In their local communities, such households may be recognized
by neighbors for their civic virtue. Households who take pride in engaging in “voluntary
restraint” will especially value this investment (Kotchen and Moore 2008).
A recent literature in environmental economics has examined the demand for green
products. Most of these studies have focused on hybrid vehicle demand such as Kahn (2007),
Kahn and Vaughn (2009) and Heutel and Muehlegger (2010) or the diffusion of solar panels
across communities (Dastrup 2010 and Bollinger and Gillingham 2010). By using hedonic
methods to estimate the price premium for green attributes our study shares a common research
design with several recent studies that have used hedonic methods to infer the “green product”
price premium. Delmas and Grant’s (2010) study the demand for organic wine. Eichholtz, Kok,
and Quigley (2010) estimate hedonic price regressions to uncover the capitalization of Energy
Star and LEED status for commercial buildings. Brounen and Kok (2010) present a hedonic
study documenting the capitalization of residential energy efficiency when Dutch homes are
certified with regards to this criterion.
II. The Hedonic Equilibrium and the Make versus Buy Decision over Solar Installation
A household who wants to live in a solar home can either buy such a home or buy
another home that does not have solar panels and pay a contractor to install these solar panels.
This option to “make” versus “buy” should impose cross-restrictions on the size of the

capitalization effect. Consider an extreme case in which all homes are identical and there is a
constant cost of $c to install solar panels. By a no arbitrage argument, in the hedonic equilibrium,
we would recover a price premium of “c” for the solar homes. Over time, any supply innovations
that lead to a lower installation cost or higher quality of the new solar panels would be
immediately reflected in the hedonic price premium.
In reality, homes are differentiated products that differ along many dimensions. No home
has a “twin”. The non-linear hedonic pricing gradient is such that different homes are close
substitutes at the margin (Rosen 2002). Since at any point in time the same home is not available
with and without solar panels, there is no reason why the hedonic solar capitalization must equal
the installation cost.
On the supply side, it is relevant to note that there are two sources of solar homes. One
set represents existing homes whose owners have installed solar panels in the past and are now
selling their home. Such owners would base their installation decision on a dynamic utility
maximization decision that we will discuss below. In contrast, the second set of solar homes is
produced by developers of new homes who will compare their profit for building a home with
and without solar panels. Such developers are likely to have invested more effort in the basic
marketing research of determining the market for this custom feature. In a built up area such as
San Diego, there are unlikely to be pockets of housing in which existing homes sit adjacent to
vacant parcels that are being developed by developers. If existing homes were next to new
housing developments, then the developer’s profit motive would be more likely to place
restrictions on the hedonic solar capitalization.
Recognizing that both households and developers choose whether to install a solar system
or not, we now turn to discussing this “participation equation” for each of these two types of
agents. We assume that there is a one sized system so the decision makers choose whether or not
to install solar.
We will start with an incumbent home owner. His solar installation decision depends on
the number years, , until he sells his home, the price appreciation measured in dollars when he
sells, Δ, the upfront cost of installing the panels, , the flow utility from having solar panels,
(the warm glow measured in dollars), and the forgone electricity expenditure,

∗ , where

is

the electricity the panels generate and

is the price per unit of electricity.2 Define the constant

interest rate as . Under perfect foresight, the home owner will install if
Δ
1

∗
1

∗ 1

(1)

Consider the realistic case in which Δ is not a constant across homes and for the moment
consider the unrealistic case in which heterogeneous households have perfect foresight about this
capitalization effect. In this case, this essential heterogeneity creates an endogeneity issue for our
hedonic pricing study (Heckman, Urzua, Vytlacil 2006). In our hedonic pricing regressions, the
presence of solar panels will be our key explanatory variable. If equation (1) determines the solar
installation decision, then it is clear that a “sorting on the gain” issue arises. Those households
who expect that their home will appreciate the most due to solar installation are the most likely
to install. This concern is even more likely for households who plan to sell soon (j is low) and for
whom environmentalist ideology does not influence their decision (I=0). In a world with perfect
foresight and heterogeneity, those households who expect the largest economic returns to selling
the solar home and earning “∆” will have the greatest incentive to install solar. Such households
with a j=0 and I=0 are effectively “developers” who are preparing to sell their home to maximize
their profit.
While we acknowledge this potential concern, there are several factors that attenuate this
endogeneity problem. First, we do not believe that households have perfect foresight about the
returns to installing solar. Heckman et. al. (2006) point out that the essential heterogeneity
problem does not arise in the case where agents are heterogeneous but do not know their own
type. You cannot sort on information that you do not know! Given that solar panels are a
relatively new home attribute and that it is an open question among professionals in the industry
concerning what is the capitalization, we believe that solar installers and future home buyers are

2

We acknowledge that an alternative interpretation for “ ” is that there may be libertarian households
who gain utility knowing that they are independent and self sufficient regardless of the environmental
implications. Such individuals who “go off the grid” may embrace a very different ideology than those
who purchase panels with public goods provision and warm glow in mind. In this simple model, we are
assuming that the household always consumes E units of power and chooses a solar panel that provides
exactly this level of power. We also assume that there is a linear electricity pricing structure rather than
an increasing block tariff.

making decisions over purchasing a solar home without knowing the marginal price premium
they are paying for such a home. In addition, if the household who installs expects to stay in the
home longer (a large j) then this attenuates endogeneity problem. In addition, those potential
installers with an ideological motivation or installing (a large I) will be more likely to install.
When we estimate our hedonic regressions below, we discuss in detail potential omitted
variables problems. For example, if ideological past owners install solar panels and install energy
efficient windows, then a hedonic researcher who cannot control for the type of windows would
miss this.3
Contrast this home owner’s installation decision with a new home developer’s solar
install decision. In this case, this profit maximizing agent immediately sells the home and installs
solar if:
Δ

∗ 1

In closing this section, it is relevant to note that equation (1) previews an identification
strategy for bounding the role that ideology plays in determining the demand for solar panels. If
we could estimate ∆, and had variation in electricity prices, solar cost installation and
government solar subsidy policies, it would be possible to bound how much households must
value solar panels due to ideological reasons. In this sense, we view our estimates of ∆ as an
input in a revealed preference analysis of the underlying causes of demand for green products.
III. Empirical Specification
To empirically assess the extent to which solar panels are capitalized into home prices,
we employ both a hedonic and a repeat sales approach. The hedonic specification decomposes
home prices by observable characteristics for all transactions while flexibly controlling for
spatial and temporal trends. Solar panels are included as a home characteristic and average
capitalization is measured as the coefficient on the solar panel variable. The repeat sales model
controls for average appreciation of properties from one sale to the next within each census tract,
3

There is little evidence in the hedonic literature that more energy efficient homes, in the absence of
Report Card style grades as in Brounen and Kok (2010), sell for a price premium. If this point generalizes
and non-visible energy efficiency is not capitalized then a researcher who does not observe such
information will consistently estimate the solar price premium.

with an indicator for installation of panels between sales. Average capitalization of solar panels
is measured as the average additional appreciation across consecutive sales of homes with newly
installed solar relative to other consecutive sales of homes within the same census tract. We also
augment each specification to allow the extent of solar capitalization to vary with the size of the
system as well as ideological measures of "greenness" and demographic characteristics of the
neighborhood.
Hedonic approach
Our first approach to measuring the capitalization of solar panels in home sales is to
decompose home prices by home characteristics and neighborhood level time trends. We
interpret the average difference between the log price of homes with solar panels and those
without after controlling for observable home characteristics and average neighborhood prices in
each quarter as the average percent contribution to home sales price of solar panels. The baseline
equation we estimate in our hedonic specification is
log Price
where Price

Solar

is the observed sales price of home

(2)

X
in census tract

in quarter . The variable

Solar is an indicator for the existence of a solar panel on the property and

is the implicit price

of the panels as a percentage of the sales price -- our measure of the extent of capitalization.
Home, lot, and sale characteristics are included as X . We allow home and lot size to capitalize
differentially over space by interacting the logs of these observable characteristics with zip code
level indicator variables.4 Additional characteristics contained in X

are the number of

bathrooms, the number of times the property has sold in our sales data, the number of mortgage
defaults associated with the property since 1999, indicators for the building year, if the property
has a pool, a view, and is owner occupied, and month of the year indicators to control for
seasonality in home prices. In equation (2), we are imposing that the solar capitalization rate
does not vary across time or space.5
4

There is substantial variation in climate and other local amenities across the three counties in our data
sets. Our specification allows a home or lot of a given size on the temperate coast near the beach to be
valued by the market differently than the same size home or lot in the inland desert region.
5
Recently, there have major changes made in the federal tax incentives for solar and this may affect the
solar price capitalization. On October 3, 2008 the President signed the Emergency Economic Stabilization

Hedonic research has taught us that marginal valuation parameters such as

reflect both

supply and demand forces (Rosen 2002). The hedonic identification problem must be reckoned
with if one seeks to make strong demand side statements based on estimates of . For example,
if a city such as San Diego experiences an increase in trained solar installers then the marginal
cost of installation may fall and we could observe

declining over time even if aggregate

demand for solar panels is increasing.
We control for housing market price trends and unobserved neighborhood and location
amenities with census tract-quarter fixed effects,

. Allowing different appreciation patterns for

different geographies is critical because of the differences over space in the extent of price
changes during our sample period which are correlated with the incidence of solar panel
installation.
Any hedonic study is subject to the criticism that key explanatory variables are
endogenous.6 While we have access to a detailed residential data set providing numerous
controls, we acknowledge that there are plausible reasons for why the solar panel dummy could
be correlated with unobserved attributes of the home.
Our OLS capitalization estimate of

measures the average differential in sales price of

homes with solar panels and homes without panels in the same census tract selling in the same
quarter after controlling for differences in observable home characteristics. Interpreting the
hedonic coefficient estimate as the effect on home price of solar panels requires the assumption
that the residual idiosyncratic variation in sales prices,

in our framework, and solar panel

installation and observable household and neighborhood attributes are uncorrelated. This would
Act of 2008 into law. The bill extends the 30% ITC for residential solar property for eight years through
December 31, 2016. It also removes the cap on qualified solar electric property expenditures (formerly
$2,000),
effective
for
property
placed
in
service
after
December
31,
2008
http://www.clarysolar.com/residential-solar.html. In time, there will be enough sales of solar homes after
this new law was enacted to test for whether the law has affected the size of the solar capitalization effect.
6
We recognize that the standard OLS orthogonality condition is non-standard in our case. As discussed
in Section II, if a perfect twin without solar panels exists for each home, then the no arbitrage argument
implies that the capitalization of solar panels will equal the installation cost. To rule out the “twins case”
requires that a home’s attributes, X, and solar’s presence not be independent (full spanning) but we
require that E(ε|X Solar)=0. Intuitively, similar to any OLS study we require that unobserved home
attributes be uncorrelated with observable attributes but we also require that the presence of solar panels
be bundled with observable attributes of the home, X.

not be the case if there are unobserved differences between homes with solar and neighboring
homes selling contemporaneously which are systematically correlated with solar panel
installation. For example, homeowners who install solar panels may be more likely to make other
home improvements that increase sales prices of their homes than their neighbors. To investigate
how this particular example influences our capitalization estimate, we estimate (1) with a control
for whether a home improvement is observed in building permit data available for a large subset
of San Diego County. Alternatively, homeowners who buy homes with solar panels may prefer
homes of a higher unobserved quality. We explore whether these homes command a timeinvariant premium by including an indicator for if a home will have panels installed at some
point in the future relative to a particular sale.
To allow the capitalization of panels to vary over system size and neighborhood
characteristics, we interact our solar indicator variable in equation (1) with a linear term
including the characteristic. Our estimating equation becomes;

log Price

Solar

N ∗ Solar

X

.

(3)

The value of installed solar panels may be influenced by factors beside the financial
implications of installation, and we estimate equation (2) using a number of proxies for other
factors. Households may have preferences for the production technology used to generate the
electricity they use, motivated for example by a concern for individual environmental impact or a
preference for individual energy independence. A desire to appear environmentally conscious
may increase the value of solar, which allows a costly, permanent reminder of environmental
activism to be installed on the roof. We use the percent of voters registered as Green party
members in the census tract as a proxy for environmental idealism, and the Toyota Prius share of
registered vehicles in the zip code to measure the neighborhood prevalence of demonstration of
environmental concern.7 For comparison, we estimate capitalization variation by Democratic
party registered voter share and the pickup truck share of registered vehicles in the zip code. We
also examine census tract log median income and percent of college graduates, as characteristics
over which solar panel capitalization might vary.
7

A high share of registered Green party members in a census tract may also capture an increased social
return to demonstrating environmental awareness. A Prius purchase may, of course, also be motivated by
a variety of additional factors, including environmental ideology.

Repeat sales approach
A second approach to measuring the average additional value to a home sale of solar
panels is to average the additional appreciation of a single home from one sale to the next (repeat
sales) when solar panels are installed between sales. We interpret the average differential in the
appreciation in consecutive sales of properties where solar was installed between sales and other
properties in the same census tract with no installation between consecutive sales as the average
capitalization of solar panels in home sales. The baseline equation we estimate for our repeat
sales specification is
log

and Price

where Price

occurring

Price
Price

ΔSolar

(4)
̃

are consecutive sales of the same property

in neighborhood

quarters apart where the first sale is in period . The variable ΔSolar

indicator for the installation of solar panels at a property between sales (after but before
Census tract specific time effects are included as the vector
property appreciation measured as ̃

is an
).

, with remaining idiosyncratic

.

Our repeat sales GLS capitalization estimate, , of the capitalization of solar panels in
housing prices measures the average additional appreciation of homes with solar installed
between sales beyond that measured by the housing price indexes of their respective census
tracts. Interpreting

as the effect of panel installation on subsequent sales price requires the

assumption that idiosyncratic price appreciation of homes is not correlated with solar panel
installation. Again, this will not be the case if unobserved changes in properties are correlated
with solar panel installation.8
8

Note that our hedonic and repeat sales approaches are related. Differencing consecutive observations on
the same property in equation (2) results in equation (4) and so both methods estimate the same
parameter for the average capitalization of solar panels,
. The log of the price ratio is the difference
of the log prices of the two sales while ΔSolar
Solar
Solar is an indicator for the
addition of solar. The contribution to the sales prices of house characteristics that do not change between
and
, including any unobservable characteristics not measured in X , is assumed to be equal in both
, enter as a 1
∗
vector where is
periods. Census tract-quarter time effects,
the number of census tracts and is the number of quarters. The element of
corresponding to
census tract and quarter
is equal to 1; the element for census tract in quarter is equal to -1;
and all other elements are equal to 0. In this specification we are jointly estimating quarterly repeat sales

IV. San Diego County Data
We estimate the capitalization of solar panels in San Diego County home prices using
administrative data tracking solar panel installations and county property transactions records.
We control for home characteristics described by county tax assessor data and location defined
by census tract boundaries. We use property addresses to match the subsidy program
administrative records for all solar panels installed on single family residences in San Diego
County to property transactions and characteristics records for all single family homes in the
county. Properties are matched to census tract and zip code data using GIS processes to
determine each property's location on the respective neighborhood maps. We examine how our
capitalization estimates vary with neighborhood characteristics reported in California voter and
vehicle registration summary datasets and the 2000 Census. Our analysis is limited to single
family homes, since solar panel installations in multifamily buildings and condos often involve
nonstandard ownership and electricity rate structures. A comparison of the characteristics of
homes associated with each sales record where solar panels are installed to the full sample of
records confirms that, on average, homes with panels are larger in terms of square footage and
number of bedrooms and bathrooms, occupy larger lots, have more recent building years and are
more likely to have a pools and views. They also sell less frequently at higher prices. We also
find differences in the averages of neighborhood characteristics across neighborhoods where
solar panels have been installed and those where no installations occur in our data.
Solar panel installations
Administrative records from four incentive programs that have subsidized residential
solar panel systems in San Diego County are the source of or data on which homes have solar
panels. California's Emerging Renewables Program subsidized solar panel installations as early
as 1999 and supported almost all installations through 2007, when it was replaced as the primary
price indexes for each census tract. Since , the quarters between sales of a particular property , varies
is
over repeat sales observations, the distribution of the idiosyncratic error ̃
thought to depend on this parameter. To address this artifact of the repeat sales method, we adopt the
standard repeat sales three stage GLS procedure by first estimating (4) by OLS, then regressing the
magnitude of the first stage residual on a quadratic function of , and finally weighting observations by
the inversed of the square of the predicted residual obtained in stage two in the third stage GLS estimation
of (3).

State subsidy regime by the California Solar Initiative, which continues today.9 Over 95% of the
systems in our data are installed under these two programs. The New Solar Homes Partnership
aims to encourage developers to include solar on new properties, and accounts for less than 1%
of installations in our data. These programs are administered in areas of California serviced by
public utilities, including San Diego County. A final program supported solar panel installations
on rebuilding projects during 2005 to 2007 following wildfires in San Diego County.
The systems consist of solar panels installed on the property, typically on the roof, which
are connected to the electricity grid, meaning the home draws electricity both from the panels
and from standard utility lines and the panels supply electricity to the local infrastructure when
production exceeds consumption at a given home. Conversations with industry experts confirm
that installations receiving subsidies for these four programs represent virtually all such systems
in San Diego County. We use a dataset of the administrative records from these programs to
determine the presence of solar panels on a property being sold as well as the installation of
panels between sales.10
The administrative dataset for the subsidy programs includes, for each installation, the
address of the property, size of the system in terms of kilowatt production potential, and date
completed. Most installations also include information on the cost of the system and the amount
subsidized by the respective program. We successfully match installation records to 6,249 single
family homes by address to public San Diego County Assessor property records for installations
through early December 2010.11 We assign each home in our sample to one of four mutually
exclusive and exhaustive categories. At the time the home was sold, the home can 1. Already
have solar panels installed (true for 329 observations), 2. Concurrently have installed solar
panels (73 observations), 3. In the future this same home will have solar panels installed but it
does not have solar panels at the time of the specific sale (3,433 observations), 4 as of Winter
2010 the home does not have solar panels. In the regressions, this fourth category will be the

9

http://www.gosolarcalifornia.org/about/gosolar/california.php
Federal tax credits allow homeowners to recover 30% of the costs of a system, but we do not have
access to tax return data as an additional source of installation detail.
11
We match nearly 90% of installation records, and have verified that many unmatched records are
business or multifamily addresses. Match quality was verified by inspecting publicly available aerial
photographs (www.bing.com/maps) of the installation addresses for the existence of solar panels for a
subset of the records.
10

omitted category.12 We also use the date of installation of each system to determine how many
homes in the same census block had solar panels installed for each month of our sample.
Property records
The San Diego County Assessor maintains public records of characteristics and
transactions of all property in the county for tax assessment purposes. We restrict our analysis to
the 542,725 single family homes for which the county characteristics records report the home
square footage, the number of bedrooms and bathrooms, the year the home was built or most
recently underwent a major remodeling,13 whether the property has a pool, whether the property
has a view, and if the property is subject to a lower tax rate because it is owner occupied along
with a unique "parcel number" identifier. We use a corresponding publicly available map file
(GIS shapefile) of the boundaries of all county properties to determine the acreage of the lot on
which each home is built. These are the observable home characteristics included in our hedonic
models as controls, along with the number of times the property has transacted in our dataset and
the number of public mortgage default notices associated with the property, which are included
as proxies for idiosyncratic home quality.14 Homes are grouped spatially using the county
property map and census tract and zip code boundary maps to assign each parcel number to the
respective geography in which its property lies.15 We use these groupings to construct spatial and
temporal controls as well as for matching a home to the characteristics of its census tract and zip
code. The assessor also maintains a record of each property transaction in the county. The date,
sales price, and parcel number identifier of all single family home sales since 1983 is publicly
available from these records, which form the dataset which is our source for sales prices and
dates. For our hedonic analysis, we utilize 364,992 sales records occurring between January 1997
and early December 2010. To increase our sample of repeat sales with intermittent solar
installation we use first sales beginning as early as January of 1990.

12

An additional 50 transactions with an existing solar systems occurred within the year following a public mortgage
default notice or sometimes attendant notice of trustee's sale. These are excluded from the analysis here. Including
them, along with an indicator for a sale following default for all observations does substantively alter are results.
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The building year is not recorded for 1,681 properties, 46 of which are matched to solar panel
installations.
14
Default data is matched by parcel number from public records published online by the San Diego Daily
Transcript.
15
Maps were retrieved from www.sangis.org.

If homeowners who install solar panels also make other improvements to their homes
more often than their neighborhoods, our estimate of the home price premium for solar panels
will be biased. To address this concern, we utilize building permit reports of all permitted home
improvements beginning in 2003 for San Diego City, the largest permit issuing jurisdiction in
San Diego County, as well as the administrative dataset of all residential building permits in
Escondido, a smaller municipality in our sample area. In San Diego City, building permits are
required for "all new construction" including for "repair or replacement of existing fixtures, such
as replacing windows." Permits are also required for changes to a home's "existing systems; for
example, moving or adding and electrical outlet requires a permit."16 A permit is not required
"wallpapering, painting or similar finish work" and for small fences, decks, and walks.17
Neighborhood characteristics
We use voter registration summary statistics for each San Diego County Census tract in the year
2000 from the Berkeley IGS (see http://swdb.berkeley.edu/), zip code level automobile
registration summary statistics from 2007, and 2000 Census tract level demographic as sources
of descriptors of San Diego neighborhoods over which solar panel capitalization may vary. The
voter registration summary files report the total number of registrants broken out by political
party affiliation for each census tract in California. From these reports we calculate the percent of
voters in each tract that are Green Party registrants as a measure of the level of environmentalism
in the neighborhood. See Kahn (2007) for a discussion on the Green Party and party membership
as an identifier of environmentalists. Similarly, we calculate the Toyota Prius share of registered
autos from zip code totals of year 2007 automobile registration data (purchased from R.L Polk)
as a measure of the neighborhood prevalence of displayed environmentalism. We likewise
calculate the percent registered Democrats and vehicles classified as trucks from the respective
summary datasets as comparison measures. We directly apply reported census tract median
16

Anecdotally, many improvements are completed without a permit, which adds a variety of costs to a
project, but we are able to identify a large number of "major renovations", which we define as a permit
with a description referencing a kitchen, bath, HVAC, or roof with an associated value greater than
$1,000, as well as a large number of "high value" renovations, which we define as permits with an
associated value greater than $10,000. As long as homeowners who install solar panels are not less likely
than others to obtain permits for other improvements, including permitting activity in our capitalization
regressions should provide evidence of the extent of bias due to unobserved home improvements and
maintenance in our capitalization estimates.
17
http://www.sandiego.gov/development-services/homeownr/hometips.shtml#whendo

income from the 2000 Census as a measure of average neighborhood financial capacity and
calculate average census tract education levels as percent of the over age 25 population who are
college graduates calculated from the Census education statistics.

Summary statistics for San Diego
Table 1 presents the mean characteristics of the dataset we use to estimate our hedonic
framework and a comparison of observations with solar panels to those without. These
differences demonstrate the importance of controlling for observable home characteristics as
well as census tract location in our empirical specification so that our regressions are comparing
sales prices of homes with solar panels to sales of similar homes in the same census tract.
Neighborhoods where solar panels have been installed are also different from those
where none were installed during period covered by our data. Table 2 presents the means across
census tracts or zip codes for our neighborhood descriptors and additional neighborhood
summary statistics. While this simple solar or no solar classification allows only a coarse
comparison, the 103 of 478 census tracts where no solar has been installed have smaller homes
on smaller lots, lower median incomes, more Democrats among registered voters, are less white
and have fewer college graduates. Our empirical analysis exploits the gradation in these
differences across neighborhoods to examine how capitalization in home price varies with
ideological and demographic characteristics.
V. Estimation results
Given the results in Table 1 and 2 clearly indicate that solar is installed in a subset of the
market both in terms of structure type and neighborhood type, it is important to remind the
reader about our core identification strategy. We are not comparing large nice homes in rich
white neighborhoods to small homes in poor minority neighborhoods. Instead, in our hedonic
specification the solar coefficient is the average premium for a large nice home with solar (in a
rich white neighborhood) relative to the other homes in the same neighborhood after flexibly
controlling for observable differences between the two homes. This is because the hedonic
regressions based on equation (2) contain census tract by quarter fixed effects, so the coefficient
picks up the price premium for a home with solar relative to homes in the same tract. Similarly,

our repeat sales approach measures the average additional increase in price between sales for
homes with solar installed between sales relative to other homes in the neighborhood because we
are fitting census tract specific repeat sales indexes.
Hedonic estimates
All of our hedonic specifications estimate the capitalization of solar panels in observed
property sales while controlling for observed household characteristics, including zip code
specific square footage and land size values, and average prices in each census tract in each
quarter.
We find that solar panels add 3.6% to the sales price of home after controlling for
observable characteristics and flexible neighborhood price trends (see Table 3). This corresponds
to a predicted $22,554 increase in price for the average sale with solar panels installed.18 Homes
which do not yet have solar installed but will at some subsequent time in our sample have no
associated premium, indicating that our measured solar effect is not attributable to unobserved,
time-invariant differences in these homes.19 We estimate the solar premium to be 1% higher if
other homes in the same census block have previously installed panels, but the coefficient is not
statistically different from zero.
We observe a decreasing return to additional system size, a positive relationship between
the capitalization rate and Prius penetration, Green party registration share, Democrat
registration share, median income, and education, as well as a negative relationship between
capitalization and truck ownership. Controlling for building permit activity in a subsample of our
data suggests that the solar panel addition rather than unobserved home improvements are
responsible for the measured price premium.

18

We convert the coefficient estimate to a dollar amount by differencing the predicted sales price from our estimated
model with our solar indicator equal to one and zero and all other characteristics equal to the mean values of all
other homes with solar.
19
We are currently unable to determine precisely the details surrounding the relationship between the solar
installation and the property transaction for installations done around the time of a property transaction. In some
cases, such as for new developments or contract remodels, the installation is likely included in the sales price, while
in others the new homeowner likely added the panels. Our not statistically significant estimate of a 2.8% higher
price for these sales is consistent with this ambiguity.

The Returns to Solar Investment Based on the San Diego Estimates
Table 4 compares this value to four different measures of costs of solar panels. The first
potential comparison is the average total cost of the systems, which is $35,967.20 However, this
amount does not include subsidies that lowered the effective price to homeowners, which was on
average $20,892. Although we do not know the value to the homeowners of federal tax credits
for each installation, this comparison suggests that on average, homeowners fully recover their
costs of installing solar panels upon sale of the property. Another measure of the value of panels
is the average cost of adding panels during the quarter in which the home was sold. We calculate
this value for each quarter in our data, and for our sales the average of this replacement cost
measure is $30,858 before and $21,047 after subsidies. It appears that, on average, homebuyers
are paying less for already installed systems by paying more for a home with existing solar than
they would spend putting a new system on a different home. Note however, that adding a 30%
tax credit lowers this replacement cost measure net measure to $14,733, which is somewhat
lower than our estimated capitalization value.
We use our hedonic estimates of equation (3) to test for heterogeneous impacts of solar
installation across communities and structure attributes. First we include the log of the size in
watts (maximum production capacity) of the solar system, N

log

as a measure of the

expected energy production from the system. Although a larger system by definition produces
more electricity, we do not expect capitalization to increase proportionally with system size due
to the institutional structure of electricity rates and the "net metering" system in CA that is used
during our sample period to value electricity produced by residential solar panels. Consumer
electricity prices in San Diego County are tiered by monthly consumption, with each household
allocated a geography specific baseline amount of electricity (from 9.6 kWh along the coast to
16.4 kWh per month in the inland desert during the summer) at a relatively low price (currently
$0.039/kWh during the summer months) with an up to five fold increases for above baseline
consumption (the top of four tiers is $0.197/kWh during the summer for all consumption over
200% of the baseline). The rate structure is relevant to the value of system size because
households pay for electricity use in excess of what is produced by the panels at any given point
in time. For excess generation, households may opt in to the net metering system that
20

All dollar amounts are adjusted to 2010 dollars using the "All items less shelter" consumer price index from the
Bureau of Labor Statistics.

compensates them for electricity returned to the grid at (currently) between $0.171 and
$0.275/kWh depending on the time of day, but the compensation is capped at the total of their
annual electric bill and households face typically higher time of use prices for any electricity
purchased from the utility. The combined effect of the rate structure and net metering is that
electricity produced by residential solar panels in excess of their annual electricity consumption
is essentially donated to the utility. While households may value larger systems for other reasons,
additional financial incentives to installing capacity decrease with system size.21
Allowing capitalization to vary by neighborhood characteristics demonstrates that the
addition to a home's market value from solar panels varies across neighborhoods by
environmental ideology, income, and education levels. The estimated coefficients on the linear
solar term are jointly statistically significant in each neighborhood variable specification, as
listed in Table 5. In each case, the capitalization of solar panels follows a pattern that would be
predicted by the measure of environmental ideology, income, or education. Neighborhoods with
relatively high a Prius concentration, Green party and Democrat registrant share, and median
income capitalize solar panels at a higher value, while in neighborhoods with relatively many
trucks, panels provide less of a premium to home sales.
Results of our final hedonic specification, shown in Table 6, suggests that our estimates
are not driven by unobserved home upgrades besides solar panel installation. Our capitalization
estimate of 6.2% in the smaller subsample of San Diego City and Escondido is robust to the
inclusion of our building permit measures. Our estimates suggest that remodeling a kitchen or
bath or replacing a roof or HVAC system has a small impact on price, while high value
renovations with costs similar to solar panels are estimated to have a similar value on home
prices.
Repeat sales estimates
The results of our hedonic specification are largely replicated in our repeat sales
approach. All of the presented results are based on three stage GLS estimates, with observations
in the final stage weighted based on the time between sales, and control for jointly estimated
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Because of these institutional factors, estimated or actual household specific expected electricity
demand is necessary for a complete accounting of the financial benefit of installing a system as a function
of system size, and is beyond the scope of this paper.

census tract level repeat sales indexes.22 As presented in table 7, our average capitalization
estimate of 3.6% applied to the average price at the first sale in the repeat pair of $558,100
implies an average additional $20,194 in the subsequent sales price due to the installation of
solar panels. This value suggests that households that install panels recuperate more than their
costs in subsequent sales, although this estimated value remains below our "replacement cost"
measure of solar value. Our estimate of the contribution of system size to the capitalization rate
suggests an anomalous large negative relationship. Neighborhood characteristics estimates in the
repeat sales framework also indicate that the capitalization of solar panels depends on local
preferences and incomes.

VI. Conclusion
This study has used a large sample of homes in the San Diego area to provide some of the
first capitalization estimates of the resale value of homes with solar panels as compared to
comparable homes without solar panels. While the residential solar home market continues to
grow, there is surprisingly little direct evidence on the market capitalization effect. We find
evidence using both hedonics and a repeat sales index approach that solar panels are capitalized
at roughly a 3% to 4% premium. This premium is larger in communities with more registered
Prius hybrid vehicles and in communities featuring a larger share of college graduates.
Our new marginal valuation estimates inform the debate that Borenstein (2008) has led
concerning whether expenditure on residential solar is a “good investment”. His analysis,
consistent with those taken by others in the literature, treats residential solar installations as a
‘pure’ investment good judged in terms of upfront cost and power generation. Our evidence
suggests that similar to other home investments such as a new kitchen, solar installation bundles
both investment value and consumption value. Put simply, some households may take pride in
knowing that they are producers of “green” electricity. For households who sufficiently derive
such a “warm glow”, utility maximization may triumph over present discounted value
calculations in determining a household’s install choice.
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OLS estimates of solar capitalization that do not correct for time between sales do not vary greatly from
our GLS estimates.
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Table 1: San Diego Summary statistics and mean comparisons for solar and no solar home
sales

Variable

Sales with no solar

Sales with solar

No solar - solar

Mean
Std Dev

Mean
Std Dev

Difference in means
Pr(|T|>|t|)

427,047
380,536

667,645
426,980

-240,599
0.000

Square feet

1,984
961

2,512
1,124

-528
0.000

Bedrooms

3.39
0.89

3.76
0.86

-0.37
0.000

Baths

2.37
0.88

2.86
1.00

-0.48
0.000

View

0.30
0.46

0.36
0.48

-0.06
0.020

Pool

0.18
0.38

0.33
0.47

-0.15
0.000

Acres

0.40
1.51

0.88
2.56

-0.49
0.001

Owner occupied

0.70
0.46

0.69
0.46

0.02
0.531

Building year*

1978
19.5

1983
20.9

-5.56
0.000

Sales since 1983

2.76
1.39

2.60
1.19

0.17
0.012

Defaults since 1999

0.29
0.62

0.22
0.51

0.07
0.018

Sale price (2000 $s)

System cost (2000 $s)+

27,790
17,245
3.37
2.23

System size (kW)
Incentive amount+
Observations

11,930
8,301
364,663
(*363,504)

329
( +307)

Table 2: San Diego neighborhood summary stats and comparison by solar penetration

Variable

Neighborhoods with
no solar

Neighborhoods with
at least one solar

No Solar - Solar

Mean
Std Dev

Mean
Std Dev

Difference in Means
Pr(|T|>|t|)

1,278
326

1,822
535

-544
0.000

Average acreage

0.22
0.44

0.44
0.88

-0.22
0.000

Percent with pools

3.01
3.73

15.01
11081

-12.00
0.000

Percent Green Party

0.50
0.50

0.52
0.45

-0.02
0.709

Percent Democrat

47.38
9.42

35.63
8.95

11.75
0.000

Median income ($1000s)

30.35
11.97

55.86
22.85

-25.51
0.000

Percent White

26.73
22.70

60.85
23.67

-34.13
0.000

Percent Owner Occupied

53.89
18.21

72.87
8.95

-18.99
0.000

Percent College Grads

13.54
13.33

31.19
17.95

-17.66
0.000

Percent Prius*

0.39
0.03

0.39
0.03

0.002
0.993

Percent Truck*

51.83
8.23

45.61
6.92

6.21
0.126

89
(*6)

496
(*89)

Average square footage

Observations

*Auto data variables reported at the zip code level, all others are census tract averages

Table 3: San Diego Hedonic OLS regression estimates of log sales price on solar panels
Dependent variable:
Log(SalePrice)

Baseline

Neighborhood

System Size

Coefficient
(Std Error)

Coefficient
(Std Error)

Coefficient
(Std Error)

Solar

0.036***
(0.010)

0.031**
(0.014)

Solar will be installed

0.004
(0.003)

0.004
(0.003)

Solar concurrently installed

0.028
(0.021)

0.028
(0.021)
0.010
(0.020)

Solar home in solar block
Log Size (watts) * Solar
Joint significance of solar
terms
Log(Acres)†

0.043
(0.137)

-0.001
(0.017)
F Stat = 6.60,
Prob > F = 0.001
0.074***
(0.003)

0.074***
(0.003)

0.074***
(0.003)

Swimming Pool

0.050***
(0.001)

0.050***
(0.001)

0.050***
(0.001)

View

0.049***
(0.001)

0.049***
(0.001)

0.049***
(0.001)

Log(SquareFoot)†

0.432***
(0.003)

0.432***
(0.003)

0.432***
(0.003)

Bathrooms

0.024***
(0.001)

0.024***
(0.001)

0.024***
(0.001)

Constant

9.385***
(0.012)

9.385***
(0.012)

9.385***
(0.012)

30,426

30,426

30,426

Census tract quarter fixed
effects (578 tracts, 56
quarters)
Observations
Sales with solar
R2 within; overall

364,992
329
0.64; 0.34

364,992
329
0.64; 0.34

364,992
329
0.64; 0.34

Significant at *** 1% and ** 5% levels; † Zip code specific variation in these coefficients is
also estimated; Building vintage, mortgage default frequency, sales frequency, owner occupancy
tax status, and month in year of sale are included in all regressions, with coefficient estimates
available from the authors by request.

Table 4: Predicted value of solar from hedonic estimates and comparison sample values
(Adjusted to 2010 dollars)
Predicted added value of solar at mean
characteristics of sales with solar
Average total (before subsidy) system cost of
solar for solar sales
Average net (after subsidy) system cost of
solar for solar sales
Average mean total (before subsidy) system
cost of all systems installed during quarter
of home sale (replacement cost)
Average mean net (after subsidy) system
cost of all systems installed during quarter
of home sale

$22,554; ($5.65/watt)
$35,967; ($9.02/watt)
$20,892; ($5.24/watt)
$30,858; ($7.74/watt)
$21,047; ($5.28/watt)

Table 5: Hedonic OLS regression estimates of log price on solar panels with neighborhood
characteristic interaction

Variable
Solarijt
NbhdVarj *
Solarijt
Joint significance
of solar terms F Stat; (Prob >
F)
Home
characteristics
Census tract
quarter fixed
effects
(578 tracts, 56
quarters)
Observations
Sales with solar
R2 within;
overall

Prius
Share
Coeff.
(S.E.)

Truck
Share
Coeff.
(S.E.)

Green
Share
Coeff.
(S.E.)

-0.002
(0.022)

0.198***
(0.078)

0.031**
(0.014)

-0.027
(0.047)

-0.156
(0.277)

-0.022
(0.026)

0.076**
(0.038)

-0.004**
(0.002)

0.009
(0.022)

0.002
(0.002)

0.017
(0.025)

0.001*
(0.0005)

8.77;
(0.000)

8.90;
(0.000)

6.69;
(0.001)

7.55;
(0.001)

6.84;
(0.001)

8.09;
(0.000)

Yes

Yes

Yes

Yes

Yes

Yes

29,697

29,697

30,420

30,420

30,420

30,420

349,108

349,108

364,985

364,985

364,985

364,985

319

319

329

329

329

329

0.64; 0.33

0.64; 0.33

0.64; 0.34

0.64; 0.34

0.64; 0.34

0.64; 0.34

***,**,* Significant at 1%, 5%, 10% levels, respectively

Dems
Share
Coeff.
(S.E.)

Log Med
Income
Coeff.
(S.E.)

College
Grads
Coeff.
(S.E.)

Table 6: Hedonic OLS regression estimates of solar on log price with building permits

Variable
Solarijt

Baseline

Major
renovation

High value
renovation

Any Permit

Coefficient
(Std Error)

Coefficient
(Std Error)

Coefficient
(Std Error)

Coefficient
(Std Error)

0.062***
(0.016)

Building Permitijt

0.062***
(0.016)

0.060***
(0.016)

0.062***
(0.016)

0.025***
(0.007)

0.056***
(0.005)

-0.036***
(0.001)

Yes

Yes

Yes

Yes

Census tract quarter
fixed effects
(578 tracts, 51 quarters)

13,416

13,416

13,416

13,416

Observations

136,389

136,389

136,389

136,389

122

122

122

122

725

1,411

20,324

4

12

25

0.57; 0.31

0.57; 0.31

0.57; 0.32

Home characteristics

Sales with solar
Sales with permit
Sales with solar and
permit
R2 within; overall
***Significant at the 1% level

0.57; 0.31

Table 7: Repeat sales GLS regression estimates of log of sales price ratio on added solar

Variable
∆Solarijt

Baseline

System Size

Coefficient
(Std Error)

Coefficient
(Std Error)

0.036**
(0.018)

0.611**
(0.277)
-0.073**
(0.035)

Log Size (watts) * ∆Solarijt

110

F Stat = 4.36,
Prob > F = 0.013
110

80,182

80,164

Sales with solar

160

160

R2

0.76

0.76

Joint significance of solar terms
Census tract specific HPIs
Observations

**Significant at the 5% level

The Nascent Market for “Green” Real Estate in Beijing
Siqi Zheng
Institute of Real Estate Studies
Department of Construction Management
Tsinghua University
zhengsiqi@tsinghua.edu.cn
Jing Wu
Institute of Real Estate Studies
Tsinghua University
and National University of Singapore
irswj@nus.edu.sg
Matthew E. Kahn
UCLA Institute of the Environment
Department of Economics and Public Policy
and NBER
mkahn@ioe.ucla.edu
Yongheng Deng
Institute of Real Estate Studies
National University of Singapore
ydeng@nus.edu.sg

February 28th, 2011
Abstract: During a period of extraordinary urban growth, China’s per-capita carbon
footprint could soar. A growth in households willing to go “green” in terms of
housing choice and day to day consumption could help to offset this pollution increase
as the free market will design housing and related products to cater to this group of
consumers. We use two unique micro data sets to study two features of Beijing’s
nascent green economy. First, we construct a new measure of housing tower
“greenness” and explore its geography and use hedonic pricing methods to measure
its capitalization. Second, we document that households who volunteer and purchase
energy efficient appliances have a smaller footprint than the average household with
similar demographics. Such civically engaged households offer a potential set of
customers for green products.
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The Nascent Market for “Green” Real Estate in Beijing
1. Introduction
In China’s booming cities, thousands of new housing complexes are being built.
To meet soaring electricity demand, China is building a large number of new power
plants. Environmentalists are greatly worried that an unintended consequence of such
growth is sharply increasing greenhouse gas emissions.

According to a recent

calculation by Zheng et al (2011), the average household in the least “green” Chinese
city produces only one-fifth greenhouse gas emissions of that in the “greenest” city in
US. This fact implies that if Chinese households’ energy consumption were to rise to
US levels, global carbon emissions would increase by more than 50 percent.
Chinese households’ energy conservation behavior could have a large impact on
global carbon emissions.

Engel curve studies from around the world have

documented that energy consumption rises with household income (Dargay, Gately
and Sommer 2007). Anticipating that aggregate energy demand in China will rise
sharply, China’s Premier has launched a new initiative to reduce energy intensity
(energy consumption per dollar of GDP).
The expectation of rising electricity prices encourages conservation behavior but
political economy considerations in China have precluded this possibility. In China,
electricity prices are highly controlled by the government. Up until this point, the
government has been reluctant to raise residential-use electricity prices due to
affordability concerns. In Beijing, since the reform of the electricity pricing in 2003,
industrial and commercial electricity prices have increased by more than residential
electricity prices. Commercial electricity prices have increased from 0.63 yuan to
0.76 yuan per kWh and industrial-use electricity prices have increased from 0.42 yuan
to 0.55 yuan per kWh. However, the rate of residential-use electricity only increased
once in 2004 from 0.44 yuan to 0.48 yuan per kWh. These price trends suggest that,
similar to the United States case, price incentives will not be sufficient to encourage
2

conservation.
In this paper, we use two unique geo-coded micro data sets to explore two facets
of the nascent “green economy” in urban China. First, we create a new metric of a
housing tower’s “greenness” based on Google keyword searches. We use this index
to document the spatial distribution of “green buildings” within Beijing and to study
whether housing towers that score higher on this index command a price premium.
We document that the “green towers” are in the suburbs and that in fact, all else equal,
that such towers do sell for a price premium. Our analysis complements recent work
by Brounen and Kok (2010) who investigate how the introduction of residential
energy labels in Holland has affected the price premium for “green” real estate. Our
paper contributes to a growing literature examining the price premium for sustainable
residential and commercial real estate (Deng, Li, and Quigley 2010, Eichholtz, Kok
and Quigley 2009, 2010).
In the second half of the paper, we use a unique survey of households in the
capital city of Beijing to examine whether pro-environmental households (defined as
those who volunteer and also prefer energy efficient appliances (EEAs thereafter))
have a smaller carbon footprint than the average household with similar
demographics. In the U.S social capital literature, volunteering has been used as an
indicator of civic engagement (Costa and Kahn 2003, Putnam 2000). We hypothesize
that those who volunteer and prefer EEAs are more likely to be more civically minded
and to care more about minimizing social impacts associated with their day to day
consumption patterns.

Kotchen and Moore (2008) refer to this as engaging in

“voluntary restraint”.

Some individuals may be more likely to internalize the

externality consequences of their actions. In the extreme case, Pigouvian taxes would
not need to be imposed on this group because they pay an implicit “guilt price”. We
use information on household volunteering and preference for EEAs to document
where the pro-environmentalists live and to demonstrate that this subgroup does
indeed live a “lower carbon” lifestyle than other observationally identical households.
3

2. Identifying “Green” Residential Real Estate in Beijing
At present, potential real estate buyers in Beijing do not know the energy
efficiency of any housing unit. Since 2007, the Ministry of Housing and Urban-Rural
Development in China has been seeking to create a nationwide program called the
“China Green Building Evaluation Label”.1 Developers are encouraged to have their
buildings evaluated in this program, and labeled with one to three stars according to
the building’s energy efficiency. However, few developers have participated in this
program. So far only twenty buildings around the country have been evaluated and
ranked, and less than ten of them were residential buildings.

The slow

implementation of such a rating program may be due to that fundamental institutional
and financial arrangements are missing to reward real estate developers who build
green buildings. 2 From the demand side, given low residential electricity prices,
Beijing households may not prioritize energy efficiency in choosing among different
residences.
Since China’s government has not developed a well-functioning green rating
system like the standardized “LEED”, “Energy Star”, or “Green Mark” 3 ratings in
China’s urban housing market, we have sought to create our own ranking. To
construct our residential project “green” metric, we rely on Google. In particular, we
used Google to search for each residential project’s name. Google reports back the
total number of entries. This is the denominator in our index. To construct the
numerator, we search for the residential project’s name plus three key words which
are usually adopted when Chinese real estate developers advertise their residential
projects as green buildings: “green”(lv se), “energy-saving”(jie neng) and
“environmentally-friendly”(huan bao). Dividing this count of joint searches by the
1

See the website of the program for more details (www.cngb.org.cn).
Another possible explanation is the credibility of the rating itself is also questioned by the public.
3
Energy Star was created by the EPA in 1992 and provides commercial building owners with strategic energy
management plans designed to benefit both the environment and the property owners. LEED operates through the
U.S. Green Building Council and takes a broader approach considering people, planet and profit, not just energy
use. Green Mark Scheme was launched by Singapore government’s Building and Construction Authority in
January 2005 as an initiative to drive Singapore's construction industry towards more environment-friendly
buildings.
2
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total number of Google entries per residential project yields our Green Index which
we call GREENINDEX. The value of this index varies between 0 and 1. If a real
estate developer does not take any action to advertise its residential building’s energy
efficiency, the numerator will be close to zero, so this project will have a very low
Green Index. We use this index to study the spatial distribution of Beijing’s “green”
residential towers. As the environmental sustainability concept is gaining acceptance
by the Chinese society, real estate developers may be increasingly emphasizing their
“green” features in their marketing strategy. To control for this potential time effect,
we will include year dummies when examining the determinants of a project’s
“greenness”.
Our ranking can be thought of as a marketing metric for the building complex.
Google searches capture the image and marketing plan that the developers seek to
convey to potential buyers. An alternative metric would focus on the building’s actual
“greenness”. An example of the latter might be a measure of the average electricity
consumption per square foot in the building. As far as we know, such comprehensive
data are not available.
We have constructed this index for each of the 1,992 newly-built residential
building complexes listed and transacted in Beijing during the period of 2003-20084.
We geocode all the 1,992 residential building complexes in Beijing GIS map. Besides
the two indexes, we have information on the average transaction price per square
meter by building complex by year (HP, the sale of a project may last for several
quarters or years), the building complex’s size (PAREA, measured as the total floor
area), floor to area ratio (FAR), distance to CBD (D_CBD), distance to the closest
subway stop (D_SUBWAY), distance to the closest green park (D_PARK), whether the
building complex was built by a state-owned real estate developer (SOE), and whether

4

One weakness with our Green Index is that it is based on Google searches in calendar year 2010. Ideally, we
could go back in time and conduct the Google search in the year when the apartments were presold. We use the
ratio term to mitigate this problem—the denominator and numerator are both generated from using Google search
conducted in calendar year 2010.
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it was built by a famous developer (FAME)5. The definitions and summary statistics
of the variables are listed in Table 1.
**** Insert Table 1 about here ****
Locations of Green Residential Buildings
Now that we have constructed a “Green Building” index for each Beijing
development, we examine the geography of these buildings. In Figure 1, we present
the average value of this index between each adjacent ring road. Green residential
building complexes are more likely to locate in the suburban area (Figure 1).
**** Insert Figure 1 about here ****
We estimate multivariate regressions to investigate the correlates of where
“green” residential buildings cluster.

These results are reported in Table 2.

In

Column (1), after controlling for project attributes and year dummies, we find that the
projects that are further from the city center are more likely to be “green”. In Column
(2) we substitute the distance to the closest subway stop for the distance to CBD, to
find that green projects are further away from subway stops. In Column (3) we use
the distance to the closest green park and again find that the projects with longer
distances from green parks are greener. One possible explanation for this finding is
that areas further from the city center, public transit and green parks are less desirable
areas. Developers recognize this point and attempt to improve the quality of life of
their complex in order to command a price premium.
**** Insert Table 2 about here ****
We are also interested in identifying the types of developers who are supplying
green housing in the market. We have created two indicators of a developer’s type.
5

A well-know real estate research institute in China (Zhong Zhi Real Estate Institute) publishes the list of “Top 100
Real Estate Developers in China” annually. We identify the developers who appear in the list for three years as
“famous developers” in our study with FAME equaling to 1. There are altogether 36 famous developers in the
over 1400 developers in our sample.
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One is the “fame” measure (see footnote #5) and the other is whether the developer is
a state owned enterprise (SOE).
buildings.

Interestingly, famous developers build browner

The SOE dummy is not statistically significant in determining a

development’s “green index”.
Do Green Buildings Command Price Premium?
We now use standard hedonic pricing regressions to test if the projects with
higher Google green index have a “green premium”. These results are reported in
Table 3. In Column (1) we control for year dummies, two physical attributes (floor-toarea ratio and project size) and the distance to CBD. We find a significant negative
price gradient of -0.7% per kilometer with respect to the distance to CBD. 6 In
Column (2) we include two other distance variables. Residential projects further
away from green parks sell for a significant price discount. The negative price
gradient with respect to the distance to the closest subway stop is not significant. We
further include two developer identifier variables in Column (3). Famous developers
gain a significant price premium of about 7% in the market. We fail to reject that
SOE developers sell their residential units at the same price as private developers. In
Column (4) we introduce our Google “green index” measure.
positive and it is statistically significant at the 1% level.
residential project has a price premium of about 9.1%.

Its coefficient is

On average, a green
Future research should

examine what is the extra construction costs required to build such buildings. We
recognize that such Google indices may simply capture “slick marketing” but the
hedonic results suggest that there is an “objective reality” backing up the assertion.
After all, the actual buyers of these units are visiting them before purchasing.
Though a residential building complex’s greenness can bring price premium,
well established developers build less green buildings (See Table 2). We also find that
well-known developers enjoy a price premium. A possible explanation for these

6

The magnitude of this price gradient (for the period of 2003~2008) is smaller than that in Zheng and Kahn (2008)
(for the period of 2004~2005), due to that Beijing is suburbanizing.
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results is that well-known developers with a good reputation already attract enough
buyers so they do not care about “greenness”, while small developers use it as a
selling point to gain a price premium.
**** Insert Table 3 about here ****

3. Understanding

Cross-Beijing

Household

Carbon

Footprint

Differentials
A recent U.S literature has examined the consumption behavior of households
who can be classified as liberal-environmentalists based on their political voting
behavior. These “greens” engage in voluntary restraint and in general have a smaller
carbon footprint than other households with similar demographics (see Costa and
Kahn 2010). In this section of the paper, we use unique data from Beijing to study
whether similar consumption patterns are apparent there.
Our household level data is derived from the 2010 Urban Household Survey
(UHS). UHS is a regular nationwide sample survey conducted by the National
Bureau of Statistics of China (NBSC) every three years. The questionnaire covers
key demographic, income and consumption information of each household. In the
2010 UHS included an additional questionnaire designed by us.

Our questions

focused on households’ energy consumption and travel behavior. This additional set
of questions was attached to the main questionnaire for 1000 households in Beijing.
The 1000 households are randomly selected; then officers from Beijing statistics
authority are sent to visit the sampled households and help them finish the
questionnaires. The survey also provides a zone identifier for each household. The
definitions and the summary statistics for these variables are listed in Table 4.
**** Insert Table 4 about here ****
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We create three dummy variables to measure a household’s pro-environmental
ideology.

VOLUNTEER equals 1 if any household member has participated in

volunteer activities. 75% of the respondent households have at least one member who
has ever been a volunteer. EEA equals to 1 if the household prefer energy efficient
appliances 7 . 76.12% of the respondents have a strong preference for using EEA.
Three quarters have ever been volunteers and also three quarters prefer EEAs. The
third dummy variable (LOVEGREEN) is the interaction of the above two dummies, to
identify the “greenest” households. 57.3% of the respondents have LOVEGREEN
equaling to 1. These are the households who volunteer and own energy efficient
appliances.
We use this measure of civic engagement and environmentalism to examine where
these individuals live within the city and to examine their overall household carbon
footprint. To begin our analysis using these data, we first report bivariate probit
results in Table 5 to establish the correlation between volunteering and owning energy
efficient appliances. Columns (1) and (2) show the bivariate probit regression results
with VOLUNTEER and EEA as dependent variables, respectively. Households with
older heads tend to be pro-environementalists. Local people are more likely to be
volunteers. Interestingly, current household income does not matter much.

The

positive coefficient on “rho” indicates that controlling for these standard
demographics there is statistically significant positive correlation between
volunteering and owning environmentally friendly appliances.

This bolsters our

confidence that in Beijing that we can use these measures of civic engagement to
proxy for unobserved household environmentalism.8
In Column (3) the dependent variable is LOVEGREEN. We find that households
with highly-educated or older heads care more about the environment. Interestingly,
7

EEAs cover all kinds of energy efficient appliances, especially fridges, air-conditions, ovens and water heaters.
See the definition at “China Quality Certification Center” (CQC; http://www.cqc.com.cn/english/index.htm).
8
In the United States, researchers have used political party of registration as an indicator of environmentalism (see
Kahn 2007, and Costa and Kahn 2010). Those who are registered Democrats or Green Party members are more
likely to take actions such as owning an energy efficient vehicle such as the Toyota Prius. In China, such
differences in political party affiliation do not exist so alternative indicators of a household’s environmentalism
must be identified.
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income is still statistically insignificant.
**** Insert Table 5 about here ****
We test that, all else equal, if a pro-environmentalist household has a smaller
carbon footprint. When computing a household’s carbon footprint, we consider two
major

indicators

transportation.

of

energy

consumption—electricity

use

and

residential

Following Zheng, et. al. (2011), we use the accounting equation

below:
Carbon emission = γ1*Transportation + γ2*Electricity use

(1)

In this equation, transportation represents energy use from a vector of activities
including liters of annual gasoline consumed for households who own a car and drive.
33% of the households in our sample drive. Transportation also includes the energy
use of buses and subways. All forms of energy use are multiplied by an emissions
factor vector defined as γ1. For example, each liter of # 93 gasoline consumed
produces 2.226 Kg of carbon dioxide.
The second term in this equation represents carbon dioxide emissions from
residential electricity consumption.

To convert electricity usage into carbon

emissions, we must use the power plants’ average emissions factor in Beijing, denoted
by γ2, defined as carbon dioxide emissions per megawatt hour of power generated.
An average household emits 3.652 tons of carbon dioxide in 2010 (0.083 tons of
carbon per month, (0.083*44/12)*12=3.652 tons).
Table 6 presents OLS regressions showing the determinants of a household’s
carbon footprint. In general, richer and higher-educated households have a larger
carbon footprint. Those who live in larger homes (HSIZE) and homes without central
heating (so households have to rely on self-produced heating which is inefficient)
have larger carbon footprints. Households who face a longer commute create more
greenhouse gases. We also control for housing age and whether there is people
10

staying at home during the daytime on weekdays, but they have insignificant effects
on household’s carbon footprint.
Controlling for all of these standard demographic factors, we are especially
interested in testing whether the “greens” have a smaller carbon footprint. In Column
(1), we include VOLUNTEER and it is negatively insignificant. In Column (2) we
change to EEA and find a similar negative but insignificant effect. In Column (3) we
include the stronger measure of LOVEGREEN, and find that those households who
both have volunteer members and prefer EEAs have a 14% smaller carbon footprint.
This finding is borderline statistically significant. It is important to recall that our
sample of households includes only 988 households. In Column (4) we include a
variable measuring a household’s stay length in Beijing. The longer time a household
has been staying at Beijing, the more diversified lifestyle it may lead and it may also
have a larger social network, both will increase its travel demand and thus its carbon
footprint is larger than its counterparts. Now LOVEGREEN is significant at 5% level.
**** Insert Table 6 about here ****
In the United States, Kahn and Morris (2009) document that environmentalists are
more likely to live closer to the city center, at higher population density and closer to
rail transit station stops. We use our data to test similar hypotheses in Beijing. Since
Beijing is a typical mono-centric city with 5 ring roads (from the inner to the outer are
the second ring road to the sixth ring road), we calculate the share of volunteers
between each adjacent rings, as shown in Figure 2. In general, the pro-environmental
households (using LOVEGREEN as the proxy) are more likely to live close to the city
center (Figure 2).
**** Insert Figure 2 about here ****
We investigate the environmentalists’ preference in residential locational choice
in more details via regressions reported in Table 7. Controlling for other demographic
factors, the pro-environmental households are more willing to live close to the city
11

center, subway stops, and green space. This may be because that pro-environmental
people are more willing to take subways (D_SUBWAY), like natural amenities
(D_PARK) and also enjoy the fancy lifestyle in the downtown (D_CBD). Higher
income people have similar location preferences.
**** Insert Table 7 about here ****

4. Conclusion
As China builds more real estate assets, could a growing share of such new
capital be “green”? Rising electricity prices would encourage this trend, but state
policy has kept residential electricity prices low. Rising consumer demand for green
real estate among environmentalists offers an alternative pathway. U.S studies have
documented that more educated households are more likely to be environmentalists
(Kahn 2002). As China’s major cities enjoy rising levels of educational attainment, it
is likely that the demand for living in “green” housing will rise. The net effect of
rising demand is that developers will have an incentive to innovate and supply such
towers (Acemoglu and Linn 2004).
A fundamental obstacle to the rise of a “Green” building boom in Beijing is the
absence of a trusted “green rating” system. Consumers who want to buy a “green”
housing unit must be able to distinguish “green” from “brown”. Government labeling
can help to create trusted common knowledge that will be capitalized into the housing
hedonic price gradient. Brounen and Kok (2010) have documented that in the case of
Holland that the introduction of residential energy labels has led to a capitalization of
energy efficient homes into the hedonic price gradient.

They document that

environmentalists are more likely to see out such homes.
This paper has explored related themes in a major city in an emerging market. We
have shown how to use Google to construct a measure of a development’s
12

“greenness”. We have studied the geography of such developments and used hedonic
methods to document that properties marketed with green features do sell for a price
premium. We recognize that the building complexes that we label as green may not
actually be objectively greener. But in the absence of credible objective information,
Beijing households will only have access to perception data in making their choices.
On the demand side, we have documented that volunteers are more likely to
purchase energy efficient appliances. The subset of households who volunteer and
own energy efficient appliances do have a smaller carbon footprint. They tend to
concentrate closer to the city center and near parks and subways.

This finding

suggests an interesting mismatch because our developer index indicated that the
“green development” was taking place at the suburban fringe.

Such a common

knowledge gap may push Chinese government to develop and implement a green
rating system.

The rating system can help to mitigate the demand and supply

mismatch for green housing, which may further increase the “green” premium for
green residential projects.
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Figure 1 The Within Beijing Distribution of “Green Towers” Based on the Google Index
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Figure 2 Pro-Environmental households’ Residential Location
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Table 1 Variable Definitions and Summary Statistics of Residential Project Data Set
Variable
GREENINDEX
FAME
SOE
HP
FAR
PAREA
D_CBD
D_SUBWAY
D_PARK

Definition
As defined in the text, in %.
Binary, 1=famous developer, 0=nonfamous developer (see the text for
detailed definition).
Binary, 1=SOE developer, 0=private
developer.
Average
transaction
price,
by
project/year, in yuan per square meter.
Floor to area ratio.
Total floor area of the project; in ten
thousand square meters.
Distance to CBD (Tiananmen); in
kilometer.
Distance to the closest subway station; in
kilometer.
Distance to the closest park; in
kilometer.
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No. of Obs.
1963

Mean
0.097

Std.Dev.
0.075

1978

0.062

0.241

1977

0.41

0.49

4200

8768.55

6313.03

1579

16.96

30.65

1707

2.80

2.27

1992

16.30

14.65

1992

6.50

11.85

1992

7.21

11.80

Table 2 The Spatial Distribution of “Green Buildings” Within Beijing

log (D_CBD)

(1)
GREENINDEX
0.00643**
(2.23)

log(D_SUBWAY)

(2)
GREENINDEX
0.00581***
(4.14)

log(D_PARK)
FAME
SOE
FAR
log (PAREA)
Year 2004
Year 2005
Year 2006
Year 2007
Year 2008
Constant
Observations
R2

-0.0169**
(-2.19)
0.00461
(1.23)
-0.000128
(-0.13)
-0.0167***
(-10.09)
0.00208
(0.36)
-0.0104*
(-1.77)
-0.00181
(-0.29)
-0.000411
(-0.07)
-0.0130
(-1.34)
0.116***
(10.94)
1479
0.076

-0.0170**
(-2.22)
0.00539
(1.45)
0.000310
(0.34)
-0.0167***
(-10.15)
0.00257
(0.45)
-0.00947
(-1.61)
-0.00166
(-0.27)
0.000588
(0.10)
-0.0122
(-1.26)
0.126***
(18.93)
1479
0.084

(3)
GREENINDEX

0.00473***
(2.70)
-0.0169**
(-2.19)
0.00490
(1.31)
-0.0000845
(-0.09)
-0.0167***
(-10.13)
0.00223
(0.39)
-0.0105*
(-1.78)
-0.00203
(-0.33)
-0.000273
(-0.05)
-0.0127
(-1.30)
0.126***
(17.98)
1479
0.078

Notes: (1) t-statistics are reported in parentheses.
(2) ***: significant at the 1% level; **: significant at the 1% level;*: significant at the 10%
level.
(3) See Table 1 for variable definitions.

19

Table 3 A Beijing Hedonic Home Price Regression and the “Green” Premium

FAR
PAREA
D_CBD

(1)
log(HP)
0.0192***
(4.01)
-0.000812**
(-2.31)
-0.00692***
(-8.28)

(2)
log(HP)
0.0160***
(3.28)
-0.000742**
(-2.11)
-0.00264*
(-1.67)
-0.0131
(-1.17)
-0.0462***
(-2.64)

(3)
log(HP)
0.0161***
(3.30)
-0.000797**
(-2.25)
-0.00265*
(-1.68)
-0.0130
(-1.17)
-0.0461***
(-2.63)
0.0678*
(1.66)
-0.00903
(-0.43)

8.604***
(210.67)
Yes
3171
0.220

8.609***
(209.91)
Yes
3171
0.222

8.609***
(203.77)
Yes
3171
0.223

log(D_SUBWAY)
log(D_PARK)
FAME
SOE
GREENINDEX
Constant
Year dummies
Observations
R2

(4)
log(HP)
0.0158***
(3.25)
-0.000686*
(-1.93)
-0.00273*
(-1.73)
-0.0150
(-1.34)
-0.0441**
(-2.52)
0.0753*
(1.84)
-0.0100
(-0.48)
0.124***
(3.19)
8.572***
(195.83)
Yes
3171
0.225

Notes: (1) t-statistics are reported in parentheses.
(2) ***: significant at the 1% level; **: significant at the 1% level;*: significant at the 10%
level.
(3) See Table 1 for variable definitions.
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Table 4 Variable Definitions and Summary Statistics of Household Data Set
Variable
VOLUNTEER
EEA
LOVEGREEN
INCOME
EDU
AGE
BJ_YEAR
HUKOU
DAYTIME
HAGE
HSIZE
HEATING
CARBON
COMMUTING_D

Definition

No. of Obs.

Any household member has participated
in volunteer activities; 1= yes, 0=
otherwise.
Attitude towards using energy efficient
appliances; 1=important, 0= otherwise.
=VOLUNTEER*EEA
Total household income of the first half
year of 2010; in yuan RMB.
Household head’s years to schooling.
Household head’s age.
Household head’s stay length in Beijing,
in years.
Household head’s hukou status: 1= local
urban hukou, 0=otherwise.
Any household member stays at home
during daytime on weekdays; 1=yes,
0=otherwise.
Housing age, in years.
Housing unit size; in square meters.
Whether the housing unit enjoys centralheating; 1=yes, 0=no.
Carbon emission from commuting and
using electricity; in ton.
Household head’s commuting distance
from home place to work place; in
kilometers.
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Mean

Std.Dev.

1000

0.75

0.43

1000

0.75

0.43

1000

0.58

0.49

1000

51349.81

30840.24

998
998

13.00
48.19

3.02
10.44

1000

43.43

14.81

1000

0.95

0.21

1000

0.45

0.50

1000
1000

21.98
68.10

17.95
26.17

1000

0.14

0.34

644

0.083

0.066

967

10.37

14.50

Table 5 Determinants of Pro-environmental Ideology

log(INCOME)
log(EDU)
log(AGE)
HUKOU
Constant

(1)
VOLUNTEER
-0.00917
(-0.10)
0.311
(1.60)
0.611***
(2.85)
0.682***
(3.43)
-3.012**
(-2.28)

(2)
EEA
0.144
(1.53)
0.211
(1.09)
0.501**
(2.33)
0.0684
(0.33)
-3.394**
(-2.56)
0.0997*
(1.69)

athrho
Observations

(3)
LOVEGREEN
0.0267
(0.31)
0.359**
(2.01)
0.682***
(3.43)
0.405**
(2.01)
-4.025***
(-3.26)

998

998

Notes: (1) t-statistics are reported in parentheses.
(2) ***: significant at the 1% level; **: significant at the 1% level;*: significant at the 10% level.
(3) See Table 4 for variable definitions.
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Table 6 Determinants of Households’ Carbon Footprint

VOLUNTEER

(1)
log(CARBON)
-0.0673
(-0.82)

(2)
log(CARBON)

(3)
log(CARBON)

-0.0839
(-1.05)

EEA

-0.128*
(-1.81)
0.498***
(6.18)
0.329*
(1.95)
-0.0677
(-0.39)

LOVEGREEN
0.498***
(6.16)
0.318*
(1.87)
-0.0851
(-0.49)

log(INCOME)
log(EDU)
log(AGE)

0.500***
(6.19)
0.303*
(1.80)
-0.0859
(-0.50)

log(BJ_YEAR)
0.208
(1.18)
0.281***
(2.65)
0.00354
(1.45)
-0.598***
(-5.33)
0.0684
(0.91)
0.102***
(3.44)
-9.754***
(-8.91)

HUKOU
log(HSIZE)
HAGE
HEATING
DAYTIME
log(COMMUTING_D)
Constant
Observations
R2

620

0.193
(1.10)
0.285***
(2.69)
0.00322
(1.32)
-0.600***
(-5.35)
0.0673
(0.90)
0.103***
(3.49)
-9.727***
(-8.89)
620

0.155

0.201
(1.15)
0.280***
(2.65)
0.00335
(1.38)
-0.602***
(-5.38)
0.0728
(0.97)
0.101***
(3.43)
-9.821***
(-8.98)
620

0.156

(4)
log(CARBON)

0.159

-0.141**
(-2.00)
0.488***
(6.11)
0.431***
(2.70)

0.134
(1.64)
0.00343
(0.02)
0.287***
(2.73)
0.00294
(1.22)
-0.631***
(-5.61)
0.0592
(0.80)
0.104***
(3.52)
-10.51***
(-11.38)
620
0.162

Notes: (1) t-statistics are reported in parentheses.
(2) ***: significant at the 1% level; **: significant at the 1% level;*: significant at the 10% level.
(3) See Table 4 for variable definitions.
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Table 7 Pro-Environmental Households’ Location Preferences

LOVEGREEN
log (INCOME)
log(EDU)
log(AGE)
HUKOU
Constant
Observations
R2

(1)
log(D_CBD)
-0.208***
(-3.11)
-0.398***
(-5.60)
-0.106
(-0.73)
-0.0873
(-0.54)
-0.292*
(-1.81)
13.31***
(13.35)
998
0.051

(2)
log(D_SUBWAY)
-0.0765
(-1.26)
-0.272***
(-4.18)
0.0604
(0.45)
-0.0753
(-0.51)
-0.192
(-1.30)
10.36***
(11.37)
998
0.022

(3)
log(D_PARK)
-0.140**
(-2.15)
-0.170**
(-2.44)
-0.152
(-1.07)
-0.171
(-1.07)
-0.249
(-1.58)
10.54***
(10.81)
998
0.019

Notes: (1) t-statistics are reported in parentheses.
(2) ***: significant at the 1% level; **: significant at the 1% level;*: significant at the 10% level.
(3) See Table 4 for variable definitions.
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Abstract
This is one of the first papers on price differentials of green buildings. Using a
rich set of data on condominium transactions and evaluation of environmental
performance in Tokyo, we estimate the effects of itemized green scores on
transaction prices. Although green condominiums are on average traded at a
premium, the premium is mainly attributed to the building age and quality.
After controlling for relevant building attributes, we find significant price
discounts and lower depreciation rate for newly constructed green
condominiums. The result is robust with various specifications and subsamples.
We also find that the long-life design mitigates price discounts, but other
factors such as the use of eco-friendly materials, renewable energy, water
circulation, and planting increase discounts. A possibility is high life-cycle costs
of green condominiums. (JEL: Q51, R21, R31).
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I.

Introduction

Green building is a term applied to buildings with superior environmental
performance. Interest in green buildings has increased in recent years because
green buildings typically emit less carbon dioxide (CO2). About 40 percent of
total CO2 emission is generated by the whole life cycle of real estate in most
countries (e.g., Architectural Institute of Japan, 2000). However, green
buildings are not limited to low carbon emission buildings.
The definition of green buildings varies by evaluation system. In some
systems, it is defined merely by energy efficiency, and in others, by a
combination of various sustainability factors. For example, the Leadership in
Energy and Environmental Design (LEED) in the United States and the Tokyo
Green Building Program (TGBP) used in the present research construct
comprehensive measures of environmental quality of real estate.1
An important question about green buildings is whether and how their
“greenness” is priced in the market. If green buildings are traded at sufficiently
high prices, developers will build such buildings for profit. Then, the existing
stock of real estate will be transformed smoothly into green stock by the
market mechanism under the current institutional setting. If not, much
stronger policy measures or further changes in consumers’ consciousness are
called for to induce the transition to greener buildings.
There are several potential sources of value premium for green buildings.
The first is cost savings due to technological advancements. If better heat
insulators and more energy-efficient equipment are used in a building, they
would reduce its operating expenses. The reduced costs will be shared by the
buyer and the seller in a certain ratio, depending on the price elasticity of
Comprehensive measures are also adopted by other major green labels such as the Comprehensive
Assessment System for Building Environmental Efficiency (CASBEE) in Japan and BRE Environmental
Assessment Method (BREEAM) in the UK.
1

2

supply and demand. The seller gets her share from a higher price, which
compensates for the increased costs of green development. The second source of
value premiums is public policy programs providing subsidies or tax incentives.
The price can reflect both current policies and expected future programs. The
third source is increased revenue for commercial buildings or greater utility to
the owner from residential buildings. Tenants of commercial buildings may be
willing to pay higher rents if the use of green buildings is an important
component of their corporate social responsibility. Home buyers may also be
willing to pay higher prices if they feel more satisfied residing in green
residential units.
Alternatively, there may be price discounts if these sources are
negatively combined; prices will be lower if green features increase costs
without much savings, public programs are not effective enough, and
consumers of building services are not willing to pay enough price premium.
In this study, we examine how different measures of greenness are
valued in real estate markets by using condominium data on Tokyo
Metropolitan Area in Japan. We combine a rich set of data on condominium
transactions with detailed evaluation of environmental performance that is
mandated by the Tokyo Metropolitan government. This is one of the first
academic studies on price differentials of green buildings. In particular, this is
the first to estimate effects of green labeling by different factors of
environmental scores.
More specifically, we first examine whether obtaining environmental
evaluation under TGBP is associated with price differentials. We find
significant price discounts for newly constructed green-labeled condominiums
after controlling for relevant building characteristics such as building age. The
discount ranges from 6 to 11 percent depending on specifications. However,

3

green condominiums experience little depreciation, at least during initial years.
The result is robust even we restrict our sample to new and large buildings.
Furthermore, we evaluate the effect of itemized scores in each of eight
different measures in TGBP. We find that the long-life design and mitigation of
the urban heat island phenomenon reduce price discounts. 2 However, other
items such as the use of eco-friendly materials, renewable energy, water
circulation system, and planting exacerbate price discounts. We estimate that a
newly constructed green condominium with median green scores is traded
roughly at an 11 percent discount.
An explanation is based on user costs, including those for maintenance
and replacement of equipment. The long-life design lowers owner’s life-cycle
costs by making maintenance, renovation, and conversion easier. The benefit
can be significant in Japan, where the average life of buildings is short. In
contrast, planting, the use of eco-friendly materials, and water circulation will
increase future maintenance expenses and capital expenditures. Such benefits
and costs in the future would be capitalized into the initial price of a
condominium.
A price discount indicates that homeowners are not yet willing to pay
significantly higher prices for living in green condominiums. It also shows that
the current and expected future policy measures do not create a significant
benefit for green condominiums at this moment. If a policy objective is
autonomous diffusion of green buildings, the policy maker needs to turn the
price discount into price premium by stronger policy measures.
The paper is organized as follows. Section II is the review of related
literature. In Section III, we summarize data for transaction prices and green
building evaluation used in the study. Section IV presents the empirical
analysis and discussion of the results. Section V concludes the study.
2

The urban heat island phenomenon is explained in the Data section.
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II. Literature
The majority of case studies and research reports on green buildings are nonacademic in nature, often framed in an engineering perspective. These studies
typically focus on cost issues rather than on values. For example, California’s
sustainable building task force (2003) conducts case studies of 33 buildings on
technical aspects of green buildings. The Urban Land Institute publishes a
number of books on green buildings on costs of construction and operation.
Some industry studies deal with values of and returns on green
buildings (e.g., Smith, 2007; Nelson, 2007, 2008, 2009; Turner and Frankel,
2008). Although they report positive results on green building investments, the
research methodologies are not necessarily satisfactory.
There are a small number of academic studies on economic value of
green buildings. Using an energy efficiency measure, Dian and Miranowski
(1989) reports that energy efficiency leads to a higher residential price. More
recently, Brounen and Kok (2009) analyze the effect of an energy-saving label
in the Netherlands on transaction prices of housing. They find about 3 percent
premium in prices after controlling for location and building quality.
On office buildings, Eichholtz, Kok, and Quigley (2010) study US office
markets using data from Energy-Star and LEED. They find about 3 percent
rent premium for 694 green office buildings after controlling for differences in
quality and location. Fuerst and McAllister (2011) and Miller et al. (2008) also
use Energy-Star and LEED data to find premia in rents or prices. Miller et al.
(2008) find no rent premium but 6 to 10 percent premium on transaction prices.
Fuerst and McAllister (2011) report about 5 percent premium in rents and 30
percent premium in transaction prices. Although LEED is a comprehensive
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evaluation system for green buildings, they do not provide analysis of itemized
effects.
On Japanese green buildings, Yoshida, Quigley, and Shimizu (2010)
share the same research objective as ours. They use a different set of data and
analyze how asking prices of new condominiums are associated with itemized
scores in the Tokyo Green Labeling System for Condominiums (TGLSC) and
CASBEE. They find that developers add a 4.7 percent premium to asking
prices of newly constructed green condominiums. They also study transaction
prices but the number of observed transactions is quite small.

III. Data

A.
The

Tokyo Building Environmental Plan
Tokyo

Metropolitan

government

launched

the

Basic

Plan

for

Environmental Protection (BPEP) in 1997, and enacted the Tokyo Metropolitan
Environmental Security Ordinance in 2000.3 On the basis of the ordinance, the
government launched the Tokyo Green Building Program (TGBP) in 2002,
which covers all property types. The program was reinforced in 2005, 2007, and
2009.4 The 2005 amendment includes the creation of the Tokyo Green Labeling
System for Condominiums (TGLSC), which requires developers of large-scale
condominium projects to announce their itemized green scores to potential
buyers. TGLSC uses evaluation in TGBP.

The ordinance No. 215, whose formal name is, “Tomin no Kenko to Anzen wo Kakuho Suru Kankyo ni
Kansuru Jourei.”
4 The Tokyo Green Building Guidelines are published in Tokyo Metropolitan Notification No. 384 on
March 28, 2002. See
http://www2.kankyo.metro.tokyo.jp/sgw/English/Tokyo%20Green%20BUilding%20Program.pdf for more
information.
3
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The goal of the TGBP is to encourage building owners to carry out
voluntary environment-conscious efforts and create a more environmentally
sound market with high-quality buildings and structures. To achieve the goal,
the Tokyo Metropolitan government requires large building owners to submit
Tokyo Green Building Plans, and subsequently announces the submitted plan
and related materials on its website. There is no subsidy program that is
explicitly linked to TGBP.
The ordinance applies to both the private and public sectors and to all
types of buildings. As of January 28, 2010, 1,154 buildings have been evaluated
under the program. The evaluation is mandatory for new constructions or
renovations exceeding 5,000 square meters in floor area. Owners of smaller
buildings can voluntarily participate in the program. Although some largescale projects are excluded because individual buildings are below the
threshold, most large scale projects are evaluated irrespective of environmental
performance. Therefore, Tokyo’s program is less subject to the sample selection
problem than other green labeling systems, where participation is on a
voluntary basis.
An advantage of the data set is that the Tokyo government publishes
itemized scores in eight fields: (1) reduction of thermal loads, (2) use of
renewable energy, (3) energy saving, (4) use of eco-friendly materials, (5) longlife design of the building, (6) water circulation, (7) planting, and (8) mitigation
of the urban heat island phenomenon5. The evaluated green factors in eight
fields are summarized in Appendix A. A building is given 0 to 4 points in each
field. The maximum points are different in each field and have been changed at
each amendment.

The urban heat island is a phenomenon that the temperature is higher within a metropolitan area than
in its surrounding areas. It is caused by heat accumulated in concrete and by waste heat from human
activities. It can be mitigated by covering roofs and walls by plants, water, or high-reflectivity coating and
designing wind flows.
5
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In our analysis, we first construct an indicator variable that identifies
whether a building is evaluated under TGBP or not:

{

Next, we construct a measure of relative scores for evaluated buildings
in each of the eight fields described above. The maximum possible points differ
according to the field. In some fields, the score is 0, 1 or 2, but in others it can
take any integer between 0 and 4. As a result, 1 point in a certain field can be
different from 1 point in another. Therefore, we construct the relative score by
dividing the raw score by the maximum possible score in each field. If building

i gets a raw score of
the relative score,

in field m, in which the maximum possible score is

, is defined as

⁄

,

. Then we construct indicator

variables for each relative score. It is because the scores in the program are not
cardinal; the relative scores should be interpreted as categorical variables. If
there are

distinct values of relative scores in field m, and if

i is the n-th lowest value in the field, the indicator variable,
The itemized green score variable,

for building

, equals unity.

, is defined as:

{

B.

Transaction Price Data

The transaction price data of condominium units in Tokyo are obtained from
the Transaction Price Information Service (TPIS), which is jointly managed by
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the Ministry of Land, Infrastructure, Transport, and Tourism (MLIT) and
Tokyo Association of Real Estate Appraisers (TAREA). The TPIS provides
transaction price information and associated attributes such as location, size,
zoning, and property use. The MLIT produces the information by combining
three data sources: (1) the registry data obtained from the Ministry of Justice
(MOJ) on transactions of raw land, built property, and condominiums; (2)
survey results answered by property buyers; and (3) field survey conducted by
real estate appraisers.
A unique advantage of the TPIS data set is its quality. The data set
contains extremely rich property attributes. The data set is a combination of
data from three distinct sources, which allows us to check the consistency and
accuracy of the data.
The data collection scheme is as follows. The MOJ, which administers
the national real estate registration system, provides MLIT the updated
information on ownership transfers.6 The MOJ’s registry information includes
location, plot number, type of land use, area, dates of receipt and contract, and
name and address of the new owner. However, the registry does not record
transaction prices. For each record on the registry, the MLIT sends
questionnaires to each of the new owners and collects information on the
transaction price, property size, and reason for the transaction. On the basis of
the collected data, real estate appraisers conduct a field survey on each
property to record necessary information for appraisal, such as building height,
frontal road, distance from the nearest station, site shape, and land use. The
information is finally compiled by MLIT.
The process typically takes three months. For example, registry data of
April 2008 are obtained from the MOJ at the end of May 2008; next,
There are ten different kinds of real property rights to be registered: an exclusive and absolute right to
the real property, a right of superficies, an easement right, a permanent tenancy right, a preferential
right, a pledge right, a mortgage right, a leasehold right, a stone-quarrying right, and a redemption right.
6
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questionnaires are posted to buyers at the beginning of June 2008, which are
then collected by the end of the same month. A small portion of the cases
(about 3 percent of the total) are omitted after the merged data are checked.
Cases are omitted if the field survey results are obviously different from the
questionnaire results or if the property size is below 10 square meters.
For example, between July 2005 and December 2007, 6.3 million
transfers of ownership are registered for land, built property, and condominium
ownership, of which 1.34 million transfers are subject to the MLIT survey.
Eventually, about 334,000 replies are collected (29.2 percent collection rate),
and 220,000 records are published after excluding errors.
In the original sample of condominiums in Tokyo, 41,560 transactions
are included between 2002 and 2009. After removing incomplete observations,
we obtain 34,862 observations. We use the variables listed in Table 1. The
dependent variable is the logarithm of price per square meter. The explanatory
variables are classified into five categories: (1) room attributes, (2) transaction
characteristics, (3) location, (4) building size, and (5) building quality.
It is noteworthy that we include indicator variables for jurisdictions and
railway lines as location variables in order to control for unobserved
heterogeneity in location. The jurisdiction is a key determinant of property
value in Tokyo because of local public services, amenities, and local taxes. The
railway line is also important in Tokyo because frequent use of the railway
system creates railway-based communities and railway-based residential
sorting. Transaction timing is also controlled for by indicator variables for the
quarter year of the transaction.
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Table 1
List of Explanatory Variables
Variable

Unit/Classification

1) Room Attributes
Log Floor Area

ln (m2)

Floor Number
Floor Plan

Indicators for studio, 1K, 1DK, 2DK, 1LDK, 2LDK, 3LDK, & 4LDK

2) Transaction
Transaction Quarter

Indicators for quarter-year of transaction

Buyer Type

Indicators for individual, company, real estate firm, and public
entity

Seller Type

Same as above

3) Location
Jurisdiction

Indicators for 23 wards and cities

Station Size

Number of railway lines coming to the nearest station

Railway Line

Indicators for railway lines

Distance to Station

Road distance to the nearest station in kilometers

Zoning

Indicators for twelve zoning types (e.g., commercial, industrial,
low-rise residential)

Maximum Building
Coverage Ratio

Percentage, as defined by zoning regulation

Maximum Floor-toArea Ratio

Percentage, as defined by zoning regulation

4) Building Size
Lot Area

Square meters

Number of Units

Number of units in the building

Stories Above Ground

Number of stories above ground

Stories Below Ground

Number of stories below ground

5) Building Quality
Building Structure

Indicators for steel-reinforced concrete, reinforced concrete,
steel, wooden, and blocks

Building Age

Years after completion of the building

Superintendent

Indicator for having superintendents

Note: For Floor Plan, numeric values show the number of rooms, K stands for kitchen, D
stands for dining room, and L stands for living room.
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Table 2 summarizes the descriptive statistics for samples with and
without green evaluation. The left column is for non-green condominiums and
the right column green condominiums. It is clear that green condominiums are
traded at significantly higher prices. The mean transaction price of green
condominiums is 56 million yen, more than double that of non-green
condominiums. However, green condominium units also have larger floor area.
After computing unit prices per square meter of floor area, the price
differential shrinks but still remains.
Green condominiums are also younger (building age), taller (stories
above ground), have larger lots (lot area), and more units (number of units).
These differences in size and quality may be responsible for the price
differential. Thus, it is important to control for quality differences carefully in
order to isolate price differentials of green buildings.

IV. Empirical Analysis by Hedonic Approach

A.

Hedonic Model

We adopt a hedonic approach to the estimation of the green effect on
transaction prices. The hedonic approach is theoretically formalized by Rosen
(1974), and is widely used in the study of real estate valuation. The idea is to
regard housing as a bundle of characteristics such as lot size, building size, and
location. Under some conditions, it is shown that housing prices in spatial
equilibrium implicitly reveal a real-valued pricing function ( )
relating property price and the n-vector of characteristics,
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(

),

. Then, the market

price associated with characteristic,
⁄

, assuming continuity of

, holding all else constant, is given by

and differentiability of p.

Table 2
Descriptive Statistics

We investigate how green buildings are evaluated in the market in two
ways. First, we estimate the effect of the evaluation in TGBP on transaction
prices. The indicator variable,

, defined in Section III is used as the green

building indicator. Second, we estimate the effects of itemized scores in the

, which are also defined in Section III.

program by using indicator variables,
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B.

Analysis by Green Building Indicator

In our first analysis using the green building indicator, we estimate six
variations of the following model by different control variables. The logarithm
of transaction price per square meter of room j in building i at time t (
regressed on a constant, the indicator variable,
characteristics,

. Category k (

) contains

) is

, and various hedonic
variables indexed by

. The hedonic characteristics variables X include indicator variables for
jurisdiction and railway to control for unobserved heterogeneity in location.

∑∑

( )

The first variation does not include any hedonic characteristics in order
to measure the mean difference between green and non-green buildings. In
order to investigate interactions between hedonic characteristics and the green
coefficient, we add one category of characteristics at a time. We include room
characteristics in the second variation, room and transaction characteristics in
the third variation, and so on. The sixth version is the full model under this
specification.
Table 3 presents the OLS estimation results for the green building
indicator. Column (1) reports the result without controlling for hedonic
characteristics. The estimated green coefficient, ̂, represents the simple mean
difference between the green and non-green condominiums. The green
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condominiums are on average traded for 30.0 percent higher prices.7 As more
hedonic characteristics are added in columns (2), (3), and (4), the adjusted Rsquared increases, while the green coefficient slightly decreases. When building
size variables are added in column (5), the green coefficient is reduced to
0.1984, but remains significantly positive. The interaction between the green
indicator and building size is a reasonable concern because TGBP has a size
criterion. However, it turns out that the size variables only have limited
impacts on the green coefficient.
When the variables for building quality are included, the result
fundamentally changes even though only one numeric variable and four
indicator variables are added. In column (6), the green coefficient turns
negative (−0.0563), which is statistically significant at the 1 percent level, and
the adjusted R-squared jumps up to 0.637. This result suggests that the
estimated green coefficient is significantly affected by correlations between the
building quality variables and the green building indicator. Without controlling
for building quality, the estimated coefficient for the green building indicator is
subject to omitted-variable bias. After controlling for building quality, green
condominiums are found to be traded at a 5.5 percent discount. We will discuss
this negative effect after presenting the results of robustness checks and the
estimation results of itemized effects.
The signs of estimated coefficients for other control variables, which are
provided on the author’s website, are generally as expected.8 For the full model
shown in column (6), the transaction price per square meter is higher if the
unit is on a higher floor (0.0068 per floor), the unit is smaller (0.0752 per log
floor area), the unit is a studio, the condominium is closer to a railway station
7

In this paper, we report

(

)

as the percentage difference when we interpret coefficient

a dummy variables with standard error . van Garderen and Shah (2002) show the relevance of the
statistic when degrees of freedom are large.
8 Please see www.personal.psu.edu/juy18.
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Table 3
Regression Results on the Green Building Indicator
(dependent variable: logarithm of price per square meter)
(1)

(2)

(3)

(4)

(5)

(6)

0.2626***
(0.0104)

0.2590***
(0.0096)

0.2384***
(0.0102)

0.2176***
(0.0089)

0.1984***
(0.0099)

-0.0563***
(0.0084)

Room

-

Yes

Yes

Yes

Yes

Yes

Transaction

-

-

Yes

Yes

Yes

Yes

Location

-

-

-

Yes

Yes

Yes

Bldg. Size

-

-

-

-

Yes

Yes

Bldg.
Quality

-

-

-

-

-

Yes

13.2107***
(0.0030)

13.2977***
(0.0531)

13.1645***
(0.0540)

13.3578***
(0.0611)

13.3870***
(0.0593)

14.0386***
(0.0513)

0.00788

0.186

0.242

0.445

0.455

0.637

1

11

36

162

166

171

38680

37917

37914

37906

35927

34862

̂g (Green
Building)
Controls

Constant
Adjusted R2
Number of
Explanatory
Variables

N

The table summarizes the estimation results of six variations of Equation (1) for
different control variables. The White heteroscedasticity-consistent standard errors are
in parentheses. Significance at the 0.10, 0.05, and 0.01 levels is indicated by *, **, and
***, respectively. Location controls include indicator variables for jurisdictions and
railway lines. The timing of transaction is controlled by quarter-year dummies in
transaction controls.
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(0.1316 per kilometer), the nearest station has more railway lines (0.0183 per
line), zoning is residential, there are superintendents (0.0413), the seller is a
real estate firm or a company, and the buyer is an individual.

C.

Robustness Checks and Findings on Depreciation Rates

We conduct additional investigations and robustness checks of the result that
green buildings negatively affect transaction prices. We address concerns about
effects of outliers and non-standard units, and inadequate control for age and
size of buildings. In particular, it is reasonable to pay a special attention to
building age and size because TGBP was introduced recently and it is mainly
applied to large buildings. The estimated coefficient on the green indicator may
be capturing effects of age and size.
Table 4 presents the results of robustness checks. A clear conclusion is
that the negative coefficient of the green building indicator is robust. That is,
we maintain our previous finding that the green-labeled new condominiums
are traded at a discount. In particular, we confirm that the effect of green
indicator is not capturing some non-linear effects of building size and age
around threshold values of TGBP.
First, we estimate the same model as in column (6) in Table 3 by the
least absolute deviation (LAD) method in order to reduce the influence of
outliers on the estimation.9. The LAD estimator is also a median estimator and
less affected by the skewness or fat tails of the disturbance distribution.
Column (1) shows the result. Compared to the OLS estimate of −0.0563, the
LAD estimate exhibits a larger effect of −0.0803. Therefore, the outliers and
9

The LAD estimator in our application is the solution to the problem
∑∑|

∑∑
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distributional irregularity do not produce a negative effect. Rather, such
irregularity attenuates the estimate.
Second, we exclude studios from our sample to focus on more standard
types of condominiums. Studios are often built and sold for rental purposes,
and thus could be traded for quite different motivations. In column (2), when
we exclude studios from the sample, the estimate again exhibits a larger effect
of −0.0757 than the estimate in the full sample. Green label has a greater
negative effect on price for standard condominium units than for studios. The
green design may not create a big difference for smaller studios.
Third, we show that building age affects the green coefficient more than
any other hedonic characteristics. Columns (3) shows the result when we
include only building age for building quality. We find that building age is the
key variable to correctly estimating the green coefficient. The inclusion of
building age makes the green coefficient −0.570, which is almost identical to
the value in the full model shown in column (6) of Table 3.
Given the significance of building age and size, we treat them with
greater care. Fourth, we include quadratic terms of age and size of building.
This specification allows for nonlinear relations between these variables and
the logarithm of the transaction price. In column (4), the estimated green
coefficient doubles to −0.1206. The quadratic term of building age is significant
at the 1 percent level and enters positively. The negative coefficient on age
roughly doubles to −0.0456. This shows that depreciation rates are not constant
over age but are much higher for younger buildings. The omission of this
nonlinear effect of age creates a systematic pattern in the error term such that
younger buildings tend to have positive errors. Green condominiums, which are
generally younger, are associated with positive errors. Therefore, the estimated
green coefficient is biased upward when nonlinearity of depreciation rates are
omitted. We confirm this by the doubled green coefficient.
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Table 4
Robustness Checks of the Green Building Effect
(dependent variable: logarithm of price per square meter)
(1)
LAD
-0.0803***
(0.0074)

(2)
Studios
Excluded
-0.0757***
(0.0089)

(3)
Age
Only
-0.0570***
(0.0084)

(4)
Quadratic
Size & Age
- 0.1206***
(0.0088)

-

-

-

-

-0.0255***
(0.0001)

-0.0227***
(0.0002)

-0.0261***
(0.0002)

-

-

-

-0.0456***
(0.0007)
0.0006***
(0.0000)

Bldg. Structure

Yes

Yes

-

Yes

Superintendent

Yes

Yes

-

Yes

Room

Yes

Yes

Yes

Yes

Transaction

Yes

Yes

Yes

Yes

Location

Yes

Yes

Yes

Yes

Bldg. Size

Yes

Yes

Yes

Yes

-

-

-

Yes

13.7762***
(0.0199)

13.6603***
(0.0349)

13.7283***
(0.0350)

13.7503***
(0.0359)

0.445

0.637

0.635

0.651

177

171

167

176

34862

24909

35927

34862

̂g (Green
Building)
Controls
Green Building
x Building Age
Bldg. Age
[Bldg. Age]2

[Bldg. Size]2
Constant
Adjusted R2
Number of
Explanatory
Variables

N
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Table 4 (continued)
Robustness Checks of the Green Building Effect
(dependent variable: logarithm of price per square meter)
(5)
Green
x Age
-0.1083***
(0.0100)

(6)
Since
2003
-0.0604***
(0.0145)

(7)
Larger
half
-0.0741***
(0.0102)

(8)
Since 2003 &
Larger half
-0.0565***
(0.0175)

0.0279***
(0.0023)
-0.0261***
(0.0002)

0.0392***
(0.0050)
-0.0513***
(0.0028)

0.0211***
(0.0019)
-0.0238***
(0.0003)

0.0255***
(0.0062)
-0.0513***
(0.0040)

-

-

-

-

Bldg. Structure

Yes

Yes

Yes

Yes

Superintendent

Yes

Yes

Yes

Yes

Room

Yes

Yes

Yes

Yes

Transaction

Yes

Yes

Yes

Yes

Location

Yes

Yes

Yes

Yes

Bldg. Size

Yes

Yes

Yes

Yes

-

-

-

-

13.6920***
(0.0364)

13.7416***
(0.0508)

13.6710***
(0.0571)

13.9218***
(0.0704)

0.637

0.598

0.641

0.624

173

166

171

161

34862

11703

17866

5327

̂g (Green
Building)
Controls
Green Bldg.
x Bldg. Age
Bldg. Age
[Bldg. Age]2

[Bldg. Size]2
Constant
Adjusted R2
Number of
Explanatory
Variables

N

The table summarizes the estimation results of alternative specifications and
robustness checks. The White heteroscedasticity-consistent standard errors are in
parentheses. Significance at the 0.10, 0.05, and 0.01 levels is indicated by *, **, and
***, respectively. Location controls include indicator variables for jurisdictions and
railway lines. The timing of transaction is controlled by quarter-year dummies in
transaction controls. Pseudo-R2 is reported for LAD regression.
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Fifth, we include an interaction term of the green building indicator and
building age to see if green buildings depreciate in a different manner. A
different rate of depreciation may well arise because a long-life design of the
building is evaluated in TGBP. Column (5) shows the result when we include
the interaction term for building age and the green building indicator. Again,
we obtain a stronger effect of the green building indicator, −0.1083. This value
is the estimated green discount for new buildings when age equals zero.
Another important finding is that depreciation rates are different for
green condominiums. Non-green condominiums depreciate on average at 2.6
percent per year. In contrast, the depreciation rate of green condominiums is
almost zero. The coefficient on the interaction term is 0.0279 and significant at
1 percent. The sum of the estimates for age and the interaction term becomes
0.0018, which cannot be distinguished from zero. Green condominiums are sold
initially at a 10.3 percent discount, but do not depreciate much. Roughly four
years later, the value of green condominiums exceeds that of non-green ones.
Sixth, we estimate the model with the interaction term by excluding
projects completed before 2003. Because TGBP has only eight years of history,
green condominiums are typically less than seven years old although some
buildings are older. By limiting the sample, we can better match the sample of
green buildings with that of other buildings. We are also able to measure
depreciation rates during early years. The cost of the restriction is that the
sample size is reduced by two thirds. In column (6), the result generally agrees
with the result in the unrestricted sample. The depreciation rate for non-green
condominiums becomes higher at 5.0 percent per year during the initial seven
years. The estimate for the interaction term is again positive and significant at
the 1 percent level. The estimated depreciation rate for green condominiums is
1.2 percent. The initial discount for green condominiums is 5.9 percent. After
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five years from sale, the value of green condominiums exceeds that of nongreen ones.
Seventh, we limit our sample to a larger half in terms of the number of
units. Because TGBP has a criterion on the building size, green condominiums
are typically large. By limiting the size of buildings, we are able to match two
groups better. The restricted sample contains the buildings that have more
than 54 units, which is the median. Column (7) shows that the results are not
significantly different from the full-sample case. The initial discount for green
condominiums is 7.1 percent, and the depreciation rates are close to the fullsample case.
Finally, column (8) combines the sampling criteria for columns (6) and
(7); the sample contains only large and new buildings. The criteria reflect the
fact that green buildings are newer and larger. The sample size is reduced by
five fifth. The results are consistent with the previous results. The initial
discount for green condominiums is 5.5 percent and statistically significant.
The depreciation rates are similar to the full-sample case.

D.

Analysis by Itemized Green Scores

In this section, we present estimation results for itemized green scores. As
summarized in Section III, there are eight fields of criteria in TGBP. We
estimate coefficients of indicator variables for relative scores in each of the
eight fields, in addition to the green building indicator. The estimation
equation is

(

∑∑

)
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∑∑

( )

where

is the green building indicator and

is the indicator variable that

equals unity if the relative score for building i in field m is the n-th lowest
value, for

. The lowest value is zero for each field.

Since the green building indicator captures the baseline effect of green
condominiums, coefficients for itemized scores capture deviations from the
baseline effect. Although we have shown credible evidence of a negative
baseline effect in the previous section, if some unidentified effects are mixed
with the green effect, the green effect may not be identified. Even in such a
case, the relative effect of each green item is still identified.
Table 5 presents the estimation results. Estimated coefficients for
itemized green scores are shown only if they are significant at 0.1 or a lower
level. We estimate five variations of Equation (2). Columns (1) and (2) show the
results by OLS and LAD, respectively. Column (3) shows the OLS result when
the quadratic terms of building age and building size variables are included.
Column (4) presents the OLS result when heterogeneous depreciation is
allowed by including the interaction term between building age and the green
building indicator. Column (5) is the same as column (4) except that the sample
is limited to condominiums built since 2003.
Among the eight fields of green investments, long-life design of the
building (i.e., m = 5) exhibits very strong positive effects. In column (1), the
estimated effects are about 0.134, 0.087, and 0.247 when the relative scores are
0.33, 0.67, and 1, respectively. The positive effects are even larger in columns
(3), (4), and (5) when the depreciation is better modeled. The median score in
this field is 0.67, the effects of which range from 0.087 to 0.347, depending on
the estimation.
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Table 5: Regression Results on Itemized Green Scores
(dependent variable: logarithm of price per square meter)
Score

(1)
OLS

(2)
LAD

0.5
1
0.33
0.5
0.5
1
0.33
0.5
0.33
0.67
1
1
0.25
0.33
0.67
0.75
1

-0.1125***
-0.0379*
-0.1184*
-0.1082*
-0.0642***
-0.0393**
0.1340***
0.0869**
0.2468***
-0.1618***
-0.2759***
-0.1511**
-0.0488**

0.33

0.2453***

̂g (Green Building)
1. Reduction of
thermal loads
2. Renewable
energy
3. Energy saving
4. Eco-friendly
materials
5. Long-life design
of the building
6. Water circulation
7. Planting

8. Mitigation of
urban heat island
Controls
Green bldg. x
Bldg. age
Bldg. age
[Bldg. age]2
Bldg. structure
Superintendent
Room, transaction
& location
Bldg. size
[Bldg. size]2
Constant
Adjusted R2
Explanatory
Variables

-0.0868
0.1481*
-0.0775***
-0.0287*
0.1814*
-0.1224***
-0.2953***
-0.0469***
-0.1692**
-0.0977***

(3)
Quadratic
Size & Age
-0.1966***
0.0457*
-0.1143*
-0.1244**
-0.0977***
-0.0286*
0.1671***
0.1005***
0.2704***
-0.1362***
-0.3673***
-0.0296*
-0.2469***
-0.0438*

(4)
Green
x Age
-0.1888***
-0.1148*
-0.0503**
-0.0319*
0.1542***
0.1099***
0.2830***
-0.1483***
-0.2273***
0.0777*
-

(5)
Since
2003
-0.4119***
0.0780*
-0.0380*
-0.1966***
-0.1242**
-0.0535***
0.3777***
0.3469***
0.5417***
-0.1584***
-

0.1690***

0.2272***

0.2624***

0.1508***

-

-

0.0266***

0.0359***

-0.0255***
Yes
Yes

-0.0457***
0.0006***
Yes
Yes

-0.0261***
Yes
Yes

-0.0506***
Yes
Yes

Yes

Yes

Yes

Yes

Yes

Yes
13.6901***
0.638

Yes
13.7713***
0.5549

Yes
Yes
13.7499***
0.651

Yes
13.6897***
0.638

Yes
Yes
13.7218***
0.600

194

199

198

195

188

-0.0261***
Yes
Yes

N
34859
34859
34859
34859
11700
The table summarizes the estimation results of Equation (2). Estimated coefficients for
itemized scores are shown only if they are significant at 0.1 or a lower level. Significance at the
0.10, 0.05, and 0.01 levels are indicated by *, **, and ***, respectively. The White
heteroscedasticity-consistent standard errors are used. Location controls include indicator
variables for jurisdictions and railway lines. The timing of transaction is controlled by quarteryear dummies in transaction controls. Pseudo-R2 is reported for LAD regression.
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Large positive effects are also found for mitigation of the urban heat
island phenomenon (i.e., m = 8). For the relative score of 0.33, positive effects
range from 0.151 in column (5) to 0.262 in column (4). However, only 102
condominium units receive positive scores in this field, with 78 of them, or 5
percent of all green units, receiving 0.33 points. Therefore, such strong positive
effects do not affect the majority of green condominiums.
Other fields are generally associated with negative effects, which
augment the negative baseline effect. In particular, effects of the use of ecofriendly materials are important for the overall green effect because about a
half of the condominium units receive 0.5 points in this field. Units receiving
0.33 points are discounted by 0.050 to 0.098, and those receiving 0.5 points are
discounted by 0.029 to 0.054, in addition to the baseline discount.
Water circulation is also associated with large negative effects. The
estimated discounts range from 0.122 to 0.162 for those with a full score, which
account for 14 percent of green condominium units. The remaining 86 percent
of green units receive either zero or 0.5 points, in which case no additional
discount is estimated.
Planting also tends to result in discounts. In column (1), estimated
effects range from −0.049 to −0.276. The estimated effects are stronger for the
LAD estimation shown in column (2) and for the model with quadratic terms
shown in column (3), but become insignificant in columns (4) and (5).
Energy saving is also associated with large price discounts. Discounts
range from −0.114 to −0.197 for 0.5 points, and from −0.108 to −0.124 for 1
point. The effects tend to be stronger when the age variable is better modeled.
Reduction of thermal loads and renewable energy do not exhibit consistent
results across different variations. In most specifications, these effects are
insignificant.
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The baseline effect of green condominiums (first row) is negative for each
specification. At first glance, the effect may look stronger than in Tables 3 and
4. However, the baseline effect cannot be directly compared with the green
effect estimated without itemized scores. The baseline effect can be interpreted
as the price differential for a hypothetical green condominium that gets zero
point in every field.
In Table 6, we compute the total green effect for a condominium that
gets median scores for all fields. The median scores for fields one through eight
are 0.5, 0, 0, 0.5, 0.67, 0.5, 0.33, and 0, respectively. Median scores are almost
identical to modes in the sample. In general, a negative baseline effect tends to
be partially offset by a positive effect of longer life, but enhanced by negative
Table 6: Effects for a Condominium with Median Scores
Median
Score
1. Reduction of
thermal loads
2. Renewable
energy
3. Energy saving
4. Eco-friendly
materials
5. Long-life design
of building
6. Water circulation
7. Planting
8. Mitigation of
urban heat island
(A) Sum of itemized
scores

(1)
OLS

(2)
LAD

0.5

(3)
Quadratic
Size&Age

(4)
Green
x Age

(5)
Since
2003

-0.0286

-0.0319

-0.0535

0.1005

0.1099

0.3469

0.0457

0
0
0.5

-0.0393

0.67

0.0869

-0.0287

0.5
0.33

-0.0469

-0.0296

-0.0756

0.088

0.078

0.2934

-0.1966

-0.1888

-0.4119

-0.1086

-0.1108

-0.1185

0
0.0476

(B) Baseline effect

-0.1125

Total effect (A+B)

-0.0649

-0.0756

Note: The itemized effects and baseline effect are regarded as zero if the significance level is
lower than 0.9.
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effects of eco-friendly materials and planting.
The total effect for the median condominium is −0.065 by OLS and
−0.076 by LAD; see columns (1) and (2). When quadratic terms for building age
and building size are included, the total effect is magnified to −0.109; see
column (3). When the interaction term between building age and the green
building indicator is included, the total effect becomes −0.111, which does not
change even if we limit the sample to condominiums built since 2003. The
results are consistent with each other in columns (3) and (4) when the agerelated depreciation is better modeled.
Finally, estimated results on depreciation are similar to those in Tables
3 and 4; green condominiums are less subject to depreciation. With a constant
and homogeneous depreciation rate assumed in columns (1) and (2) of Table 5,
the annual depreciation rate is 2.6 percent. When age-dependent but
homogeneous depreciation rates are introduced by the quadratic term, the
initial depreciation rate is 4.5 percent but rates become lower with age. For a
ten-year-old building, the depreciation rate becomes about 3.5 percent.10 When
heterogeneous depreciation rates are allowed in column (4), the average rate is
2.6 percent for non-green condominiums, but 0.1 percent for green ones. When
the sample is limited to newer condominiums, the average depreciation rate
becomes 4.9 percent for non-green ones and 1.4 percent for green ones; see
column (5).

E.

Discussion

The results from itemized scores are summarized as follows. Overall, green
condominiums are traded at a discount. However, condominiums with a longOn the basis of the estimates in column (3), the marginal depreciation rate for an X-year-old building is
−0.0457 + 0.0006X.
10
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life design and mitigating the urban heat island phenomenon are associated
with smaller price discounts. Condominiums that use eco-friendly materials,
circulate water, provide more green areas, and have energy-saving features are
associated with greater price discounts. What is the reason for such different
effects according to such criteria?
Our leading explanation is based on future maintenance costs. If some
features of a condominium result in higher costs for maintenance and
replacement of equipment, the owner rationally discounts the initial
transaction price by subtracting the present value of future costs.
A longer life of a building is naturally associated with a higher sale price.
As shown in Appendix A, the long-life design has soft and hard aspects. Both of
them significantly reduce the life-cycle costs of the building by lowering costs of
maintenance and renovation. The long-life design is especially effective in
Japan where condominiums have relatively short economic lives. 11 Based on
our estimation, the half-life of non-green condominium is only 20 years. On the
demand side, a recent survey shows that people are willing to accept on
average 22% premium for a house with long-life design.12 From both supply
and demand sides, a significant premium of the long-life design is rationalized.
In contrast, the use of eco-friendly materials is likely to increase owner’s
maintenance costs. The strength and durability of eco-friendly materials are
typically inferior to those of standard materials, and they are uncertain.13 If
buyers expect higher maintenance costs due to frequent replacements of more
costly eco-friendly materials, initial transaction prices can be discounted.

Komatsu (2010) reports a simulation result that long-life design reduces life-cycle cost of a residential
building by 38%.
12 Japan Housing Finance Agency, 2009. A Survey on Attitudes Toward Housing.
http://www.jhf.go.jp/files/100014048.pdf
13 For example, Matsushita et al. (2006) reports a higher life-cycle costs and inferior strength and
durability of recycled aggregates.
11
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The water circulation system also incurs a higher life-cycle cost than the
standard water and sewage service. Additional machines and pipes need to be
cleaned, fixed, and replaced more frequently. The high cost estimate is
provided in the TGBP guidelines.
Similarly, the planting-related discount can also be related to
maintenance costs. A large planted area will result in pruning and cleaning
costs to the owner.
The energy efficiency presents a seemingly puzzling result. Energysaving equipment should lower the user cost to condominium owners, and thus
is more likely associated with positive effects. However, only 13 percent of all
green units receive positive scores in this field; other units receive no point.
Given that energy-saving equipment is installed widely even for non-green
condominiums and CO2 emission per GDP in Japan is extremely low 14, the
energy-saving criteria in TGBP may be too extreme. The required level of
energy savings in the program may exceed the break-even point and result in a
negative NPV.
Another possible explanation is based on the omitted-variable bias due
to unobservable quality differences. A condominium may be developed as a
green building in order to mitigate some negative factors in location or
developer characteristics. For example, if the development site is a former
industrial site around which few green open spaces exist, the developer may
choose to make the project green in order to mitigate the unattractiveness of
the site. Another example concerns the developer’s negative characteristics. A
less competitive or less creditworthy developer may choose to develop green
condominiums in order to attract customers. Such less competitive developers
may be associated with price discounts via some unobservable factors. If such a

According to International Energy Agency (Key World Energy Statistics 2010), CO2 emission per GDP
in 2000 (kg/2000 US dollars) is 0.48 for the US and 0.22 for Japan.
14
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relation between unattractiveness and green developments systematically
exists, the green building indicator may pick up negative effects of such
omitted negative characteristics.
Actually, a massive amount of redevelopment of former industrial sites
occurred during the sample period along the newly opened Rinkai line in the
Koto ward. In our analysis, indicator variables for jurisdiction and railway line
capture the unobservable negative impacts of such development.
In regard to developer characteristics, we do not have developer
information on all condominiums, but we do have developer information on
green condominiums. On the basis of casual investigations into the names of
developers of green condominiums, we do not find a systematic tendency where
“low-quality” developers build green condominiums more frequently. Instead,
we frequently observe large and creditworthy developers. It seems more likely
that better quality developers are attenuating our negative estimates of the
green effect.

V.

Conclusion

We find that green buildings are associated with price discounts rather than
premia. The value of green buildings critically depends on the definition of
green buildings, institutional settings, policy package, and user preferences.
Therefore, a particular result for a certain property type in a jurisdiction or a
country cannot be generalized without conditions. For example, price premia
that are reported in previous studies are mainly for office properties and
associated with energy efficiency. More empirical studies for different property
types in different areas are necessary in order to comprehensively understand
the value of green buildings. Our list of extensions includes a study on
commercial buildings in Tokyo, as well as studies for other cities in Japan.
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We also find that different environmental items result in very different
valuation. Each item is considered to have different effects in three dimensions:
technological effects on costs, policy-oriented effects on costs, and the user’s
valuation. Our findings indicate that positive effects through policy and
preferences are still limited while increased technological costs are directly
capitalized. We conclude that much stronger policy measures are called for in
order to eliminate price discounts and even generate price premia for
autonomous diffusion of green buildings.
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Appendix A: Green Factors in Tokyo Green Building Program
(1) Reduction of thermal loads
Blocking the sun’s rays by window roofs; insulation of walls, roofs, floors, and
windows.
(2) Use of renewable energy
Using natural light, photovoltaic power generation, wind power generation, solar
thermal system, and other renewable energy.
(3) Energy saving
Using energy efficient equipment for water heating, floor heating, ventilation, and
air conditioning (e.g., condensing gas water heater).
(4) Use of eco-friendly materials
Using recycled aggregates in concrete, blended cement (e.g., blast-furnace slag
coarse cement), recycled steel, and other recycled building materials.
(5) Long-life design of the building
Flexible structure enabling easy maintenance, renovation, and conversion (e.g.,
configuration of plumbing, beams, floor height, etc.); physical durability (e.g.,
quality of cement, the covering depth of reinforced concrete, and exterior material)
(6) Water circulation
Circulating rain and waste water by on-site sewage treatment; using rainfall
infiltration.
(7) Planting
A larger area of planting; planting on the wall and roof of building; optimal mix of
shrub and arbor; coordination with surrounding green areas; attention to the local
eco-system.
(8) Mitigation of the urban heat island phenomenon
Covering ground by plants, water, or materials with water retention capability;
covering building walls and roofs by plants, water, materials with water retention
capability, or high-reflectivity coating; shape and configuration of buildings to
improve wind flows.
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