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Abstract

This dissertation explores the economics of electricity consumption in three essays.

Many electric utilities in the United States have replaced flat pricing schedules with

increasing block prices (IBPs) to decrease aggregate electricity use without imposing

costs on low-income households. Under IBPs, the price per kilowatt-hour increases

as electricity use increases. It is not clear, however, whether IBPs decrease aggregate

energy use and protect low-income households. I use monthly billing records and

demographic data to estimate price elasticities of energy demand by income. I use

these elasticities to show that IBPs in California increase total electricity use relative

to a revenue-neutral flat price. Finally, I find that IBPs decrease electricity bills for

low-income households.

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

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

subsidized energy audits. In the United States, many of these initiatives are enacted

at the state or local level. At the federal level, one of the main programs is Energy

Star certification, which provides a label to top energy-performing buildings. In this

paper, we evaluate changes in rents and utility expenditures following Energy Star

certification using a national sample of over 4,400 office buildings combined with

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

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

expenditures remain unchanged. We provide novel evidence that buildings do not
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make upgrades or capital investments to obtain a certification, suggesting that the

Energy Star program primarily certifies buildings that are already energy-efficient.

In this paper, we study how households living on US military bases responded

to the introduction, and subsequent removal, of residential electricity prices. From

2006 through March 2019, tenants on military bases only paid for electricity use

beyond a monthly allocation that varied by their housing type. For any use below that

allocation, they received a rebate. The pricing schedule also included a “donut” around

the allocation where electricity was free, generating large incentives for the households

to change their electricity use in response to the nonlinear electricity price. After

March 2019 all electricity for these households unexpectedly became free, providing

us with the unique opportunity to evaluate how households responded to their pricing

schedule. Under three alternative empirical approaches, we find that 39.64 percent

more households to 3.41 percent more households located near that nonlinearity in

their pricing schedule. These estimates correspond to price elasticities of electricity

demand that range from -0.12 to -1.44, suggesting that households respond to more

than just the nonlinear incentives in their electricity pricing schedule.

Index words: Energy Economics, Environmental Economics, Public
Economics, Electric Utilities, Government Policy, Energy
Demand
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Chapter 1

Does Increasing Block Pricing Decrease Energy Use? Evidence from

the Residential Electricity Market

1.1 Introduction

An increasingly common pricing schedule in the United States is increasing block

pricing (IBP). IBPs are similar to increasing marginal tax rates: marginal electricity

prices increase with electricity use. Electricity prices under IBPs are step functions

where high-use households pay high electricity prices and low-use households pay low

electricity prices. California introduced the United States’ first IBPs in the 1980s with

two goals (1) decrease total electricity use and (2) protect low-income households from

increasing electricity bills.

In this paper, I ask whether IBPs meet those dual goals of decreasing total

electricity use and helping low-income households. The outcome of the first goal,

decreasing electricity use, is theoretically ambiguous. States often regulate utilities’

returns, meaning that if a utility changes its pricing schedule, the total revenue earned

by both pricing schedules should be the same. The utility cannot raise rates for all

consumers. As a result, when a utility changes from a flat electricity price per kWh to

an IBP, some households experience a decrease in their electricity price while others

experience an increase. It is an open empirical question whether decreases in elec-

tricity use by high-use households experiencing higher prices are offset by increases

in electricity use by the low-use households experiencing lower prices.
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The change in total electricity use following the introduction of IBPs depends

on three characteristics of the utility and the customers it serves. First, the change

depends on the relative price elasticities of electricity demand of households along the

pricing schedule. If the households experiencing price decreases are relatively more

elastic than the households experiencing increases, total electricity use would increase.

Second, whether IBPs decrease total electricity use depends on the distribution of

households across the IBP. If there are more households on the lower tiers of the IBP

experiencing price decreases, IBPs are more likely to increase total electricity use. Of

course, that distribution also depends on the characteristics of the IBP such as where

the prices increase and what those prices are.

Third, a central issue for all nonlinear prices is whether households respond to

marginal or average prices. This problem is particularly relevant for electricity because

consumers may not know their electricity price. High marginal prices send a strong

signal for conservation only if households actually respond to those prices. Average

prices send a weaker signal for conservation because average prices are less than or

equal to marginal prices. Recent evidence finds that households respond to average

prices rather than marginal prices (Ito 2014; Wichman 2014).

To answer whether IBPs decrease total electricity use, I examine all three afore-

mentioned characteristics for two California utilities using two data sources. The first

is the Residential Appliance Saturation Study (RASS) from 2003 and 2009, which con-

tains monthly household electricity use and detailed demographic data for a sample

46,490 households. The second, which I compiled, contains historical electricity prices

for two major public utilities in California, Pacific Gas and Electric (PG&E) and San

Diego Gas and Electric (SDG&E).

The detailed electricity and demographic data from the RASS allow me to estimate

price elasticities that vary by income for both marginal and average price response

2



assumptions. Price elasticities that vary by income capture heterogeneity in household

price sensitivity important to determining whether IBPs increase or decrease total

electricity use. In addition, elasticity estimates by marginal and average price yield a

range for the effect of IBPs on total electricity use.

A main challenge in my analysis is that electricity use endogenously determines

electricity prices for two fundamental reasons. The first is the common simultaneity

problem: the equilibrium of electricity supply and demand yields the electricity price

and quantity. When, or where, electricity demand is high, utility companies charge

high prices. The second simultaneity problem results from the IBPs themselves: per-

unit electricity prices increase with electricity use. A simple ordinary least squares

regression of electricity price on electricity use would show a positive correlation

between the two, the opposite of what standard consumer demand theory predicts.

To address these endogeneity problems and estimate price elasticities by income,

I combine cross-sectional and temporal variation in electricity prices in an instru-

mental variables approach. Utility companies occasionally update their electricity

prices, driving temporal variation. Utility companies also charge geographically dif-

ferentiated electricity prices within their territories, driving cross-sectional variation.

To estimate elasticities I limit the sample geographically to households living close to

pricing zone borders. While geographic discontinuities in energy policies have been

used before to estimate policy outcomes, such as energy savings from building codes,

this paper is the first to use within-utility differences in electricity prices to estimate

price elasticities of electricity demand.1

This instrument, known as a simulated instrument in the taxation literature, pre-

dicts a household’s current electricity price based on historical electricity use (Auten

1. See Levinson (2016) and Bruegge, Deryugina, and Myers (2019) for further discussion.
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and Carroll 1999). The resulting elasticity estimates show that high-income house-

holds are more price elastic than low-income households. I estimate these elasticities

under both marginal and average price response assumptions to bound the effect of

IBPs on total electricity use. For example, if households respond to marginal price,

elasticities range from -0.100 for poor households with incomes less than $49,999

to -0.427 for wealthy households with incomes greater than $150,000. If households

respond to average price, price elasticities of demand range from -0.143 for poor

households to -0.362 for wealthy households.2

I use the elasticity estimates to answer this paper’s central question, whether

IBPs decrease total electricity demand. Both of the utilities in the sample charge

households IBPs for their electricity. I take those existing IBPs as given and simulate

electricity use under an alternative revenue flat price that raises the same revenue

as the existing IBP. That counterfactual electricity use allows me to compare total

electricity demand under IBPs with total electricity demand under the alternative

pricing schedule.

The outcome depends on whether households respond to marginal prices, which

may not be salient, or average prices, which ratepayers can intuit from their end-of-

month electricity bills. If households respond to marginal prices, IBPs would have

decreased total electricity consumption by 4.12 percent relative to a revenue-neutral

flat price. That finding meets the IBP policy goal of reducing electricity use. If instead

households respond to average price, the results show that IBPs would have increased

total electricity consumption by 0.38 percent relative to a revenue-neutral flat price. In

both cases, lower-use households experience a price decrease and use more electricity.

2. Auffhammer and Rubin (2018) estimates price elasticities of natural gas demand that
vary by season and by income. That paper finds that households are price inelastic during
the summer months but that low-income households, defined by their CARE status, are
more price elastic than high-income households in the winter months.
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But in the case of average-price response, even some of the higher-use households, the

ones just above the threshold for the rate increase, misperceive their electricity prices

to be lower under the flat price and consume more electricity. If consumers respond

to average price, IBPs are ineffective at decreasing total electricity demand.

One advantage of these data is that I have demographic information that allows

me to estimate elasticities of demand by household income. However, the disadvantage

of using the survey with detailed demographic data is that the sample size is small. As

a result, not all of the elasticity estimates by income are statistically distinguishable

from each other. For this reason, I include robustness tests for the change in electricity

demand using the upper and lower confidence interval for each elasticity estimate. In

addition, I complete the same analysis using only the average elasticity estimate for

the full sample. Both of these tests show the same qualitative results: electricity use

increases under IBPs relative to flat prices if households respond to average prices.

The result that California’s IPBs increase electricity consumption if households

respond to average price does not hinge on the particular elasticities estimated here.

I run the same experiment—comparing actual electricity demand with IBPs to pre-

dicted demand with flat prices—using elasticities calculated by previous researchers

(Ito 2014; Reiss and White 2005). Using either alternative set of elasticities, I find

similar results. IBPs increase electricity use if customers respond to end-of-month

average electricity prices.

After determining that IBPs are unlikely to meet their goal of decreasing total

electricity use, I assess whether IBPs achieve the second goal of protecting low-income

households from high electricity bills. The answer to this question depends on two

features of the relationship between income and electricity.

The first is the correlation between income and electricity use. Utilities that use

IBPs to target low-income households implicitly assume these households use less
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electricity, which may not be the case. The detailed survey data in the RASS allow

me to assess the relationship between income and electricity use while taking into

account other household characteristics, like appliance ownership and weather. There

is a small positive correlation between income and electricity use of 0.093 conditional

on appliance ownership, weather, and other household characteristics. This small

correlation suggests that electricity use is a poor proxy for income, some low-income

households are high-electricity users and vice versa. Therefore, IBPs may not be an

effective tool for helping low-income households.

The second is the presence of existing programs to provide bill assistance to

low-income households. In California, a program called California Alternate Rates

for Energy (CARE) provides per-kWh discounts on electricity prices to low-income

households. Low-income programs directly target income while IBPs can only target

electricity use and may therefore be more effective at helping low-income households. I

simulate electricity bills under an alternative revenue-neutral flat pricing regime with

a special low-income discount rate to evaluate whether, and if so, how much IBPs

help low-income households. IBPs with CARE save the median low-income household

an additional $6.25 per month, or 11.94 percent, on their electricity bills relative to

flat prices with low-income rates.

For the final analysis, I calculate changes in welfare from using IBPs rather than

flat prices assuming that households respond to marginal electricity prices. IBPs dis-

tort electricity prices. Different households pay different electricity prices that do not

reflect differences in the cost of provision. IBPs generate deadweight loss relative

to flat prices because of this distortion. In addition, California’s electricity prices are

higher than the social marginal cost of electricity generation (Borenstein and Bushnell

2018). Using IBPs instead of a revenue-neutral flat price generates $0.64 of deadweight

loss on average per month per household. Using IBPs instead of a flat price equal to
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California’s social marginal cost of electricity generates $3.85 of deadweight loss on

average per month per household.

This paper makes several contributions. First, this is the only paper to estimate

price elasticities of electricity by income assuming that households respond to average

price. Previous papers have estimated elasticities by income assuming that households

respond to marginal prices by using annual survey data with income and predicting

monthly electricity use,3 or by using monthly electricity data and predicting income

based on the household’s location.4 The RASS data contain both monthly electricity

use and income, mitigating any concerns over measurement error in predicting either

electricity use or income.

Second, this paper demonstrates that IBPs increase total electricity consumption

if households respond to average price. Almost 1,300 utilities in the U.S. use IBPs and

China switched to IBPs in 2012, demonstrating that IBPs are common both in the

U.S. and around the world (Levinson and Silva 2018; Zhang, Cai, and Feng 2017).

These results suggest that utility regulators must understand the households they

serve in order to avoid the unintended consequence of increased electricity use. Third,

the novel identification strategy used in exploiting within utility pricing borders has

not been used in the past to estimate price elasticities of electricity demand. This

intrautility strategy could be more widely applied to estimate the effects of other

energy policies.

Fourth, this paper finds that IBPs do slightly decrease electricity bills for low-

income households. Three other papers ask this question. The first, Borenstein

(2012b), uses monthly electricity use and predicted income data to show IBPs do

some redistribution but CARE is a more efficient program for redistribution. However,

3. Alberini, Gans, and Velez-Lopez (2011); Reiss and White (2005)
4. Borenstein (2012b)
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that paper estimates household income from census block income data rather than

measuring it directly. The second, Borenstein (2012a) uses data from the Residential

Energy Consumption Survey and the RASS to show that the correlation between

natural gas use and income is only weakly positive. The third, Levinson and Silva

(2018) estimate an “electric Gini.” The electric Gini measures how redistributive

electricity prices are, finding that utilities with more unequal income distributions

have more progressive electricity prices. Their paper, however, does not have detailed

electricity use data for the households served by the utilities in their sample.

1.2 Empirical Setting

1.2.1 California’s IBPs and Data

This study focuses on households served by two of the three major investor-owned

utilities in California: San Diego Gas and Electric (SDG&E) and Pacific Gas and

Electric (PG&E). SDG&E and PG&E are two of the largest utilities in the United

States. In 2003, one of the years in this study, SDG&E served 1.1 million households

and PG&E served 4.3 million households.

Each household’s electricity price depends on the month, the location, and how

much electricity it consumes. Each location-specific IBP has a different kWh threshold

for the first tier, called a “baseline,” and subsequent rate increases occur at 130 percent,

200 percent, and 300 percent of that baseline. The baseline is set by historical average

monthly electricity use by households within region with the same climate, known as

a climate zone.5

Figure A.1 depicts an example for June 2009 for PG&E’s climate zone T. This IBP

has five tiers, ranging from 11 to 44 cents per kWh. The height of each tier represents

5. The California Public Utilities Commission (CPUC), together with the utility compa-
nies, determines these climate zones.
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the price per kWh a household pays; these are the same within a utility. The width

of each tier depends on the baseline Tier 1 threshold at which prices increase; these

vary within a utility. In the example in Figure A.1, the baseline allocation is 253 kWh.

Households pay 11 cents per kWh for electricity use up to 253 kWh (the baseline),

13 cents from 253 up to 329 kWh (130 percent of 253), 26 cents from 329 up to 506

kWh (200 percent of 253), 38 cents from 506 up to 759 (300 percent of 253), and 44

cents above 759 kWh.

Figure A.1 also shows the average price the household pays as a function of its

electricity consumption, represented by the dashed line. The average price is the

same as the IBP for the first tier, and then increases more slowly than the IBP for

higher tiers. For example, a household using 436 kWh per month, which was average

electricity use in PG&E Zone T in June 2009, would pay 26 cents for the 437th kWh.

The average price across all 437 kWh would be 15.3 cents per kWh. The total monthly

electricity bill would be $66.91.

More generally, each utility has a set of tiered rates. Figure A.2 shows the five

tiers from 2001 to 2009 for SDG&E. Figure A.3 does the same for PG&E. Each utility

has multiple climate zones with different baseline electricity allocations, determining

where the prices jump from one tier to the next. SDG&E has 4 zones (Figure A.4) and

PG&E has 10 (Figure A.5). Figures A.6 and A.7 show those baseline allocations for

each climate zone in SDG&E and PG&E, respectively. Baselines are generally lower

in coastal regions and higher in inland regions.6

Table A.1 shows electricity prices and bills in my sample in 2003 and 2009. These

averages represent the average across climate zones for tiered prices. In 2003 and

6. This difference reflects the fact that baselines are set so households in different cli-
mate zones pay roughly the same amount for electricity. Households living farther inland
experience warmer weather and therefore use more electricity on average as a result of air
conditioner use.
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2009, the average Tier 1 rate was 11 cents per kWh. From 2003 to 2009, the average

Tier 5 rate increased from 21 to 32 cents per kWh. Household electricity bills, taking

the average across all households in the sample, were around $80 in 2003 and $103 in

2009. Both electricity prices and electricity bills increased from 2003 to 2009.

Most California households face price structures like the one in Figure A.1. The

main exceptions are households in the California Alternate Rates for Energy (CARE)

program. CARE offers low-income households 25 to 30 percent discounts on their

electricity prices. In all empirical estimates in this study, I account for household

CARE eligibility based on income thresholds. Around 1.4 million PG&E customers

were eligible for CARE in 2015.7 CARE prices are lower than IBP rates and have

two tiers rather than the standard five. In PG&E in June 2009, for example, CARE

households paid 8 cents per kWh up to the baseline allocation and 10 cents per kWh

for all electricity use above the baseline allocation.

1.2.2 Household Electricity Use Data

Household electricity data come from the RASS. The RASS, funded by the Cali-

fornia Energy Commission, surveyed the electricity use of a representative sample of

California households in 2003 and 2009. The survey contains information on house-

hold demographics, physical characteristics of the house, monthly electricity use, and

monthly gas use for an average of 16 months for each household in each survey round.

Across both surveys, the sample consists of 46,490 households and of those, 18,231 are

served by SDG&E or PG&E and therefore are part of this study.8 Utility companies

then match and verify the household electricity consumption data.

7. Source: https://www.pge.com/en/about/newsroom/newsdetails/index.page?title=
20151012_thousands_of_energy_customers_could_receive_more_than_30_percent_
in_energy_savings_through_pge_care_program (accessed February 20, 2018).

8. The RASS also surveys households living in the Southern California Edison and Los
Angeles Department of Water and Power utility service territories. However, I was not able to

10



I focus on single-family homes and exclude the top and bottom 1 percent of elec-

tricity users and households with missing data for income or the years their homes

were built. The final data set includes 11,622 households and 189,960 monthly elec-

tricity use observations.9

Each household can be matched to its monthly IBP using the household’s climate

zone designation. I use the household-specific electricity consumption data combined

with location-specific electricity prices to calculate total monthly bills, marginal elec-

tricity prices, and average electricity prices for each household for each month. This

combined data set contains not only monthly electricity use, which is standard in

the literature, but also detailed demographic information. That detailed information

is key to determining whether IBPs meet their goals of conserving electricity and

helping low-income households.10

The average household in the sample used 582 kWh per month in 2003 and 618

kWh per month in 2009. The houses are, on average, 1,900 square feet and 35 years old.

Table A.2 shows additional descriptive statistics for the households in the sample.11

Low-Income Rates

While IBPs are intended to help low-income households, the California Public

Utilities Commission (CPUC) mandates a low-income bill assistance program, known

obtain accurate historical pricing data for either of these utilities and drop these households
from the sample.

9. For a more detailed description of the data see Appendix A.2.1.
10. Many studies use utility-level panel data: see Ito (2014), Borenstein (2009), and

Wichman (2017). Similarly, surveys that contain detailed demographic information do not
report monthly electricity use. See Reiss and White (2005) and Alberini, Gans, and Velez-
Lopez (2011).

11. Levinson (2016) confirms that the RASS is a representative sample of California house-
holds by comparing the RASS with the American Housing Survey and the Residential Energy
Consumption Survey.
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as CARE. Any utility with more than 100,000 customers must provide 20–35 percent

discounts on gas and electricity bills for eligible households.12

The CPUC determines income thresholds for CARE eligibility based on household

income and size. If a household’s income is below the threshold for its family size, it

can enroll in CARE.13 I observe both household income and size in the RASS and

therefore can determine whether each household is eligible for CARE rates. I use

this information to match all CARE-eligible households in my sample to the special

CARE electricity prices.

Using both CARE and non-CARE rates is key to determining whether IBPs help

low-income households. Borenstein (2012b) finds that the presence of CARE decreases

the redistribution from IBPs by more than 50 percent.

1.2.3 Empirical Challenge

To establish whether IBPs decrease total electricity use and help low-income

households, I first estimate price elasticities of electricity demand by income. Consider

a naive first-differences specification to estimate price elasticities:

�ln(kWhit) = �0 + ��ln(Pit) + �1�Xit + �i + ⌧t + ⌘it. (1.1)

where �ln(kWhit) = ln(kWhit)� ln(kWhit12) is the log-difference in electricity con-

sumption from month t to month t�12; �ln(Pit) = ln(Pt(kWhit))�ln(Pt12(kWhit12))

is the log-difference in price per kWh, either average or marginal, from month t to

month t� 12; �Xit = Xit �Xit12 is the difference in weather from t to month t� 12;

12. See https://www.cpuc.ca.gov/General.aspx?id=976 (accessed May, 20 2019).
13. Not all households that are eligible for CARE enroll in the program. In 2015,

PG&E estimated that roughly 200,000 of 1.4 million eligible households did not sign up
for the program. Source: https://www.pge.com/en/about/newsroom/newsdetails/index.
page?title=20151012_thousands_of_energy_customers_could_receive_more_than_30_
percent_in_energy_savings_through_pge_care_program (accessed February, 20 2018).
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�i is a border fixed effect; ⌧t is a month-of-sample fixed effect; and ⌘it = ✏it � ✏it12

is an idiosyncratic error term. Estimates of � would represent the price elasticity of

electricity demand.

There are two primary problems with estimating elasticities via equation (1.1).

The first is the standard simultaneity problem: equilibrium electricity prices and

demand are determined jointly. The second is related to the structure of IBPs: under

IBPs, a household’s electricity price is determined by the quantity of electricity it

uses. One additional problem introduced by the first-differencing is that the indepen-

dent variable, �ln(kWhit), represents the growth rate in electricity use between two

months. If high and low electricity users have different growth rates in electricity use,

the price-elasticity estimate will be biased.

Estimates of � from equation (1.1) are reported in Table A.3 for both marginal and

average prices.14 Using either marginal or average price suggests that demand curves

are upward sloping: consumers use more electricity as prices increase. This positive

relationship, however, is a result of the two simultaneity problems. For example, these

estimates suggest that for a 1 percent change in average price, electricity use would

increase by 1.65 percent. Similarly, for a 1 percent change in marginal price, electricity

use would increase by 0.68 percent.

1.2.4 Estimating Price Elasticities Using Climate Zones

To address the two simultaneity problems present in equation (1.1), I use an

instrumental variables approach by combining cross-sectional and temporal variation

in electricity prices. Cross-sectional variation arises from utilities charging different

14. Omitted covariates for the regression on average price can be seen in Table A.15 and
for marginal price in Table A.16.
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households different prices based on each household’s location. Temporal variation

arises from utilities’ changing electricity prices over time.

Households using the same amount of electricity but living in different climate

regions pay different electricity prices. For example, two of PG&E’s largest climate

zones are Zones T and X. Zone T runs along the coast from Mendocino to San Luis

Obispo, while Zone X is the same length but inland. In June 2009, the baseline

allocation in Zone X was 369 kWh per month, which is warmer, and the baseline

allocation in Zone T was 253 kWh per month. The lower baseline allocation in Zone

T corresponds to higher electricity prices for households in Zone T, which can be seen

in Figure A.8. These higher prices are a result of the fact that the IBP increases more

quickly for Zone T households because the baseline allocation is lower.

Suppose there were two households that used 650 kWh in June 2009, one in Zone

T and the other in Zone X. For an additional kWh, the Zone T household would

have paid 38 cents (on the fourth tier) and the Zone X household would have paid

26 cents (on the third tier). The average price per kWh in Zone T would have been

21 cents versus 16 cents in Zone X. These differences in price would correspond to a

$140 electricity bill in Zone T and a $101 electricity bill in Zone X.

Temporal price variation results from electric utilities updating both the utility-

wide prices and the baseline allocations. These changes in prices over time can be

seen in Figures A.2 and A.3 for SDG&E and PG&E, respectively. Electricity prices

fluctuate seasonally and are increasing over time for both utilities.

The changes to the baseline allocations can be seen for SDG&E in Figure A.6

and for PG&E in Figure A.7.15 These changes primarily reflect seasonal changes in

15. A household’s climate zone is determined by its location and altitude, so the boundaries
are not as clear as they appear to be in these figures. However, the RASS reports each
household’s climate zone so I am able to match each household with the appropriate pricing
schedule for its climate zone.
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baseline allocations: baseline allocations are higher in summer than in winter. The

immediate implication of pricing by climate zone is that for the same electricity use,

households living on opposite sides of the climate border pay different prices that

change differentially over time.

I use this cross-sectional and temporal variation in a two-stage least squares

strategy to identify the price elasticity of electricity demand. I use a price instrument

proposed by Auten and Carroll (1999) and used in Ito (2014). The price instrument is

�ln(P̃it) ⌘ ln(Pt(kWhi0))� ln(Pt12(kWhi0)), where kWhi0 represents the kWh con-

sumed in the first month the household is in the sample and Pt12 is the pricing schedule

from 12 months prior to month t. This represents the change in price a household i

would have experienced for energy use kWhi0 from month t� 12 to month t if it had

used the same amount of electricity in both months (Auten and Carroll 1999).16

I estimate the price elasticity of electricity demand via two-stage least squares. The

first stage estimates changes in electricity household prices as a function of exogenous,

utility-driven changes in electricity prices.

First stage:

�ln(Pit) = ⇡0 + ⇡1�ln(P̃it) +
10X

j=1

Ditj + ⇡2�Xit + �i + ⌫it (1.2)

The second stage estimates changes in electricity use as a function of the predicted

changes in electricity price from the first-stage estimation.

Second stage:

16. We can use alternative choices for the constant level of electricity consumption to gen-
erate alternative instruments. The first is electricity use from a period in the middle. For
example, if we are measuring the change in price from January 2000 to January 2001, we
would use consumption in June 2000. Another alternative would be to use mean electricity
consumption. Using the mean helps lessen the impact of transitory shocks and mean rever-
sion in electricity use. See Blomquist and Selin (2010), Saez, Slemrod, and Giertz (2012),
and Ito (2014) for further discussion of these alternative instruments. Using any one of these
three instruments requires different assumptions on the structure of the error term.

15



�ln(kWhit) = �0 + � \�ln(Pit) +
10X

j=1

Ditj + �1�Xit + �i + ⌘it (1.3)

where \�ln(Pit) is the predicted log-change in price from the first-stage regression

based on the simulated instrument �ln(P̃it). In the first-stage regression, ⇡1 represents

the relationship between the instrument, �ln(P̃it), and the observed log-change in

electricity prices over 12 months. As in Ito (2014), I add a dummy variable equal to

1 if electricity use is in decile j, Ditj, to control for differences in the growth rate

of electricity consumption between high and low users. Identification of this dummy

variable comes from different households using the same amount of electricity but

paying different prices based on where they live. �Xit = Xit �Xit12 is the difference

in weather from t to month t � 12. Following Black (1999), I include a border fixed

effect, �i, to control for time-invariant unobservable differences between the regions

in my sample. The border fixed effect controls for differences for households living

along one climate border versus another. For example, this fixed effect controls for

differences between a coastal to inland border (like T versus X in Figure A.5) versus an

inland versus mountain border. Last, an idiosyncratic error term, ⌘it = ✏it� ✏it12 . The

coefficient, �, is the estimated price elasticity of electricity demand. First differencing

eliminates household-by-month fixed effects.

I estimate the instrumental variables regression on two different sub samples of

data. The first is a limited geographic sample of households that live within 10 km

of the closest climate border. This method relies on the assumption that households

living nearby are similar and are not sorting across the climate border based on elec-

tricity prices. Bruegge, Deryugina, and Myers (2019) show that households living

close to California Energy Commission climate borders use similar amounts of elec-

tricity. Balance tests for household characteristics across climate zones can be seen in
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Appendix Table A.17 through A.21. Trimming the sample at 10 km improves balance

on some observable characteristics of the households. However, the balance between

characteristics remains imperfect. Thus, using the first differencing strategy to control

for time-invariant differences between households is important.

The second method of identifying the effect of prices on electricity demand is

simple one-to-one matching on observable household characteristics. Using this alter-

native sample serves as a robustness check to using households immediately across

the border. The wealth of information in the RASS allows me to compare similar

households living throughout the climate zones, rather than only across the border.

Balance tests for the matched sample for household characteristics between zones in

PG&E’s and SDG&E’s service territory can be seen in Appendix Table A.22 through

A.26.

Within each sample, I estimate heterogeneous price elasticities for four different

income groups. Rather than estimating elasticities by electricity use, this paper esti-

mates elasticities by income. Because IBPs were intended to protect low-income house-

holds, understanding how price sensitivity varies by income group is a key parameter

of interest.

1.3 Results

1.3.1 Price Elasticities

Table A.4 reports the estimates of ⇡1 from the first-stage regression, equation

(C.2), for both marginal and average prices. These estimates are using the geograph-

ically limited climate-border sample. For the regression on average price, a 1 percent

increase in the log-difference in the “simulated” average price results in a 0.84 percent

increase in the log-difference in the actual average price. I split the sample into the
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four income groups and estimate the first-stage regression again separately for each

group. The correlation between the price instrument and the actual change in price

remains strong and positive.

For marginal price, a 1 percent increase in the simulated marginal price results in a

0.62 percent increase in the log-difference in the actual marginal price. All F-statistics

are greater than 10, suggesting a strong first-stage relationship. The correlation is

stronger for the average price instrument because the average prices generated by

IBPs do not have the big jumps in price that the marginal prices do.17

Table A.5 reports the estimates of price elasticities of demand using the geograph-

ically limited sample and the instrument based on the first period of consumption,

kWhi0.18 The first column reports the estimates for price elasticities of demand if

households respond to average price. I find that a 1 percent increase in the average

electricity price causes households to decrease their electricity consumption by -0.16

percent. The second column reports the estimates for price elasticities of demand if

households respond to marginal price.

Next, I split the sample into four different income groups and estimate price

elasticities separately by income. I find that low-income households are slightly less

price elastic than high-income households. The price elasticities of demand reported

in Table A.5 range from -0.100 for households with income from $0 to $49,999 to

17. I am not able to distinguish whether households respond to marginal or average prices.
The households in my sample all live in the same utility service territory so there is not
enough variation between average and marginal prices to estimate an encompassing test as
in Ito (2014).

18. Omitted covariates for the regression on average price can be seen in Appendix Table
A.27 and for marginal price in Appendix Table A.28. Robustness checks for 5 km and 20
km can be seen in Appendix Tables A.29 and A.30. An additional robustness check using
an alternative income grouping can be seen in Appendix Table A.31.
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-0.427 for households with income greater than $150,000. Wealthier households are

more price elastic than lower-income households.19

A 1 percent increase in marginal price causes a -0.143 percent decrease in elec-

tricity consumption, if households respond to marginal price. Again, higher-income

households are more price elastic than lower-income households. Price elasticities of

demand range from -0.107 for households with income from $0 to $49,999 to -0.362

for households with income greater than $150,000. Elasticities estimated by previous

studies range from 0 to -0.6 (Reiss and White 2005). The estimates in Table A.5 are

within this range.20

High-income households may be more price elastic than low-income households for

several reasons. First, high-income households are likely to have more extraneous uses

for their electricity consumption than low-income households. Low-income households

are likely using their electricity at subsistence levels for running the lights, the refrig-

erator, and the air conditioner just to keep their home at a bearable temperature.

While high-income households are more likely to have heated pools and air condi-

tioners set to lower temperatures. High-income households are also more likely to be

able to make energy efficiency investments. Thus, high-income households have more

margins on which they can adjust their electricity use than low-income households.

Appendix Table A.34 shows the marginal effect of air conditioner ownership on a

household’s price elasticity of demand. These results show that households with air

19. Appendix Table A.32 shows estimates from a regression where all income groups are
included in the same regression. This specification allows me to test whether the point
estimates are statistically different from one another. This table shows that the income
group estimates are not statistically distinguishable.

20. Appendix Table A.33 shows the estimates grouping households by electricity use rather
than by income. This table shows that households in the 2nd quartile of electricity use have
the highest price elasticities of demand relative to the other quartiles.
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conditioners are slightly more price elastic than households without air conditioners,

but that the difference in the elasticities is not statistically significant.

In all estimates in Table A.5, the price elasticities for lower-income households

are not statistically significant. Many of these households qualify for California’s low-

income pricing program, CARE. As previously mentioned, CARE provides 25 to 30

percent discounts on electricity prices both by charging lower per-unit prices and by

using a two-tier IBP rather than a five-tier IBP. These CARE households do not

experience many changes in electricity prices over time. So the variation in prices for

these households is smaller, which decreases the statistical precision of my estimates.

It seems likely that households respond to the prices they faced in the previous

month rather than the current month, for which they have not yet been billed. To

account for this possibility, I estimate equation (C.3) with respect to last month’s

price rather than the current price. Appendix Table A.35 shows the resulting esti-

mates for the full sample and by income group. Using the lagged price yields slightly

larger elasticity estimates than using the contemporaneous price. While it’s possible

households respond to their bills last month rather than the prices today, I use the

results in Table A.5 because they yield more conservative estimates of the change in

aggregate electricity demand. However, the remainder of the paper includes robust-

ness checks using the alternative elasticities under the lagged price.

It is still possible that the first period of electricity consumption, kWhi0, is cor-

related with the error term ⌘it = ✏it � ✏it0 (Ito 2014). This correlation could arise

from mean reversion in electricity consumption: if a household has a positive use

shock in its first month in the sample, typically its electricity use will drift back

down over time, leading to correlation between errors over time. Other simulated

instruments based on average electricity use, kWhi, and the month in the middle,

kWhit6 , have been suggested (Blomquist and Selin 2010; Saez, Slemrod, and Giertz
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2012). Appendix Table A.36 reports estimates of price elasticities using the house-

hold’s average monthly electricity use, kWhi. Appendix Table A.37 reports estimates

of price elasticities using the month in the middle of the two end months, kWhit6 .

The month in the middle, for example, would be June 2009 if the log-difference is

for December 2008 to December 2009. The elasticity estimates reported in Appendix

Tables A.36 and A.37 show a pattern similar to that of the main elasticity estimates

in Table A.5.

These elasticity estimates are also robust to using the alternative matched sample.

The matched sample is generated by matching households between climate zones

using simple one-to-one nearest neighbor matching. Appendix Table A.38 reports

the main estimates using the matched sample for both average and marginal prices

using the household’s initial electricity consumption, kWhi0. Appendix Table A.39

reports the elasticity estimates using the matched sample and the average electricity

use instrument, kWhi. Appendix Table A.40 reports the elasticity estimates using

the matched sample and the price instrument based on electricity use in the middle

month, kWhit6 .21 The price-elasticity estimates using the matched sample and dif-

ferent versions of the price instrument yield qualitatively similar results.

1.3.2 Finding the Counterfactual Flat Price

To determine whether IBPs decrease total electricity use, I compare actual elec-

tricity use under the existing IBP with electricity use under a flat price that raises

the same revenue as that IBP. Utility companies’ rates of return are regulated, so any

price changes must raise the same revenue as the price schedule they are replacing.

Thus, electricity use must be compared under two alternative pricing schedules that

21. Appendix Table A.41 through appendix Table A.46 show the elasticity estimates for
each income group for each climate zone pair used to generate the weighted averages in
appendix Tables A.38 through A.40.
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raise the same revenue. The procedure that follows is similar to a strategy frequently

used in the public finance literature to compare outcomes under revenue-neutral tax

changes.

The equation below takes price-elasticity estimates from Table A.5 into account

to hold revenue neutral between both pricing scenarios. The following approximation

calculates a flat price, p̄, that raises the same revenue, R, as the block price, s(pi):

R =
NX

i

Di(p̄) ⇤ p̄

=
NX

i

h
Di(s(pi)) + (p̄� s(pi))�j

Di(s(pi))

s(pi)

i
⇤ p̄

(1.4)

where R is utility revenue, i is a consumer index, p̄ is the revenue-neutral flat price,

Di(p̄) is electricity demand under the flat rate, Di(s(pi)) is electricity demand under

the current multitier rate s(pi), and �j is the price elasticity of electricity demand for

the income group j.

Equation (1.4) is a Taylor series representation of utility revenue from individual

consumer demand under the counterfactual flat price p̄. The first line of the equation

represents the revenue raised by electricity use under the flat price. In the second

line, the term in brackets represents electricity demand under the flat price, p̄, using

the observed electricity demand under the existing IBP, Di(s(pi)). In my data, I

observe R, s(pi), and Di(s(pi)). I estimate the price elasticities �j, and then I can

rearrange equation (1.4) to solve for p̄. Equation (1.4) takes into account changes in

household electricity consumption in response to the change in price from s(pi) to

p̄. This expression also allows me to assume households respond to either marginal

or average prices, represented by pi. Equation (1.4) is used to calculate a separate
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flat price for CARE and non-CARE households in each climate zone in each month,

allowing my analysis to incorporate a separate flat price for low-income households.22

If households respond to the average price, the revenue-neutral flat price is about

16 cents per kWh on average over all months for non-CARE households and 9.6 cents

per kWh for CARE households. This flat price, p̄, ranges from 8.5 cents to 22 cents

based on the climate zone. The lowest Tier 1 price in the sample is 8.3 cents (a CARE

price), and the highest is 44 cents depending on the month and climate region. So, on

the lowest end, the flat price is only slightly higher than the cheapest electricity price

and, on the highest end, the flat price is half as much as the highest price. The CARE

households receive a 40 percent discount on their electricity use under the flat price

relative to the higher-income households. This discount corresponds to the average

discount on electricity use for CARE households under IBPs.

I also calculate equation (1.4) not taking into account CARE households and

calculating one flat price for all households. The average flat price without a low-

income rate is 15 cents per kWh on average across all households. This allows my

analysis to compare outcomes across alternative price schedules.

1.3.3 Do IBPs Decrease Total Electricity Use?

With the revenue-neutral flat price, p̄, I calculate each household’s counterfactual

electricity use to compare total electricity use under the flat price, D(p̄), with total

electricity use under the IBP, D(s(pi)). Household i’s consumption under the flat

price, Di(p̄) is given by

Di(p̄) = Di(s(pi)) + (p̄� s(pi))�j
Di(s(pi))

s(pi)
(1.5)

22. I make the same calculation under four alternative flat pricing scenarios: allowing the
price to vary by region by year, by year, by region, and by month, and use those alternative
flat prices to calculate the changes in electricity demand in the next section.
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where Di(p̄) is household consumption under the hypothetical flat price, D(s(pi))

is consumption under the current block pricing regime, and pi is household average

(or marginal) price. Then, I aggregate across households within each climate zone

to calculate the percentage change in total consumption under the hypothetical flat

price, D(p̄), from observed total consumption under the IBP, D(s(pi)).

Figure A.9 is a representative example of the steps necessary to determine the

change in electricity use for a switch from flat prices to IBPs. The solid step function

shows the IBP schedule in PG&E’s Zone T in June 2009. The solid distribution

represents actual electricity consumption under the existing IBP. The dashed line

shows the flat price that would have raised the same revenue in Zone T in June 2009,

calculated to be 18 cents per kWh using equation (1.4). The dashed distribution

depicts the estimated electricity use under the counterfactual flat price of 18 cents

per kWh, calculated using equation (1.5). The solid distribution (IBP: kWh) is a

rightward shift of the dashed distribution (Flat Price: kWh), which shows that average

electricity use would have increased in Zone T in June 2009 for a switch from a flat

price to an IBP. I complete this exercise in every zone in every month to determine

whether, in aggregate, a hypothetical switch from flat prices to IBPs decreases total

electricity use.

Table A.6 reports the total percentage changes in electricity demand for a change

from flat prices to IBPs for each climate zone.23 The estimates in this table are

23. Appendix Tables A.47 through A.50 report the results under alternative flat prices
where the flat price varies by: region by year, region only, month only, and year only rather
than by region by month. The results under these alternative flat pricing schemes are qual-
itatively similar to the main results. My preferred specification is by region by month as
this most accurately represents the current pricing scheme–IBPs vary regionally and fre-
quently change across months. In addition, there is redistribution that happens within a
utility territory as households living further inland both tend to be lower income and pay
lower electricity prices. Allowing the flat prices to vary regionally keeps this redistribution
the same between the IBPs and the flat pricing schedule.
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based on the point estimates for the elasticities of demand presented in Table A.5.

Appendix Table A.51 includes a range of estimates for the change in aggregate demand

based on the 95 percent confidence intervals for the elasticity estimates. The bottom

row reports the average change across climate zones for total electricity use. Total

electricity consumption would have increased by 0.01 percent in 2003 and by 0.82

percent in 2009 if households responded to average electricity prices.

Total electricity consumption would have decreased by 3.43 percent in 2003 and

by 4.91 percent in 2009 if households responded to marginal electricity prices.24 Prior

work suggests that households respond to average prices, meaning the results in Table

A.6 demonstrate that IBPs increase total electricity use relative to a flat price (Ito

2014; Wichman 2014; Shaffer 2019).

If households respond to average price, IBPs increase demand relative to a flat

price. But if households respond to marginal price, IBPs decrease demand relative to

a flat price. The difference in total electricity use under average versus marginal price

response assumptions is due to two factors: first, I estimate smaller price sensitivities

for households responding to marginal prices, and second, marginal prices are higher

than average prices. So if households are responding to marginal prices, then the price

signal to decrease electricity use is stronger because marginal prices are higher than

average prices. These high prices lead households to cut back on their electricity con-

sumption. Although some households still experience a decrease in price and increase

their consumption, more households experience an increase in price and decrease their

consumption.25

24. Appendix Table A.52 reports the same estimates using the flat price without a low
income rate. These results show little change in total electricity consumption if households
respond to average price and decreases in electricity use if households respond to marginal
price.

25. Appendix Table A.53 shows the same changes in total electricity use under the assump-
tion that all households have the same price elasticity of demand. These results show
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Table A.6 shows heterogeneity in the effect of IBPs on electricity use among

climate regions. This is because there are different distributions of income, price

elasticities, and electricity use among climate zones. For one extreme example of

the heterogeneous demand response between climate zones, consider the difference in

2009 between PG&E’s Zone T, which is PG&E’s coastal zone, and SDG&E’s Coastal

Zone. In Zone T, households would have increased their electricity use by 1.30 percent

if prices changed from flat to block, while in the Coastal Zone, households would

have increased their use by only 0.30 percent. In both zones, around 30 percent of

households experienced a decrease in their electricity prices with a switch from flat

to block prices. But the average decrease in price in Zone T was larger (21 percent)

relative to the average decrease in price in the Coastal Zone (14 percent). While

the same proportion of households experienced a price decrease, because the price

decrease was bigger in the PG&E region, these households increased their electricity

use by relatively more than households in the Coastal Zone. The differences in total

electricity use between these zones demonstrate that the effect of IBPs depends on

the type of consumers served by the utility company.26

It is possible that IBPs are structured to change the distribution of monthly elec-

tricity use. The high marginal prices for high electricity use are designed to decrease

even larger increases in total consumption under household average price response than
if there is heterogeneity in household elasticities. Similarly, the results show more conser-
vative decreases in electricity use if households all have the same elasticity. These results
demonstrate the importance of the relative elasticities of demand of households the sample.
And Appendix Table A.54 shows the change in aggregate demand if households responded
to last month’s price. These results show slightly larger changes in total electricity con-
sumption: bigger increases if households respond to average price and bigger decreases if
households respond to marginal price than the results in Table A.6.

26. Appendix Table A.55 shows aggregate changes in electricity use using the elasticity
estimates by electricity use rather than by income in Appendix Table A.33. Because house-
holds in the lower two quartiles of electricity use are more price elastic than households in
the upper price quartiles, these results show relatively large increases in electricity use in
response to IBPs.
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unnecessary electricity use. In Table A.7 I investigate whether the shape of the dis-

tribution of electricity use changes under IBPs versus flat prices with a CARE rate.

This table shows that IBPs may slightly decrease electricity use at the 90th percentile

of electricity use–in 2009, for example, the 90th percentile of electricity use was 1,111

kWh under IBPs versus 1,148 under flat prices. However, the 25th, 50th, and 75th

percentiles are largely similar under IBPs and flat prices.

In Table A.8 I present the median percentage change in price that households

experience by income group. Assuming consumers respond to average price, I find

that households with income from $0 to $49,999 experienced a 5 percent decrease in

prices in 2003 and a 5.6 percent decrease in price in 2009.27 The median household

with income greater than $150,000, who use the most energy, experienced a price

increase of 3.2 percent in 2003 and an increase of 7.4 percent in 2009. It is important

to note that the standard deviations on the percentage change in price are quite large,

implying that there are households within each income group that experience price

increases and others that experience price decreases. Section 1.4 further investigates

the heterogeneity in changes in price by income group.

1.3.4 IBPs, Electricity Use, and Alternative Elasticity Estimates

To test the sensitivity of the finding that IBPs increase total electricity use, I

repeat the calculations in equations (1.4) and (1.5) using two often cited papers

(Reiss and White 2005; Ito 2014). Table A.9 shows the changes in electricity demand

using these alternate elasticities. Reiss and White (2005) find elasticity estimates

ranging from -0.49 for the lowest-income households to -0.29 for the highest-income

households. They estimate these elasticities using a discrete continuous choice model,

27. For these calculations, I am taking a separate flat price for CARE households into
account.
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assuming marginal price response. I use these estimated elasticities for �j and both

marginal and average prices for pi in equations (1.4) and (1.5). Under Reiss and

White’s elasticity estimates, changes in total electricity use range from a 1.98 per-

cent increase for average price response to a 7.03 percent decrease for marginal price

response.

The estimated change in demand is greater under Reiss and White’s estimated

elasticities than under my estimates for two reasons. The first is that they find that

lower-income households are more price elastic than higher-income households. Since

lower-income households use slightly less electricity than higher-income households,

they are the most likely to experience a price decrease when switching from a flat

price to an IBP. Thus, the households that experience the decrease in price are the

ones that are the most price elastic. Second, they find elasticities that are larger

in magnitude than my estimates, which magnifies their effects compared with my

estimates.

In a more recent study of price elasticities of electricity demand, Ito (2014) esti-

mates a price elasticity of -0.088. He does so using a simulated price instrument for

households along the Southern California Edison (SCE) and SDG&E service border in

San Diego. He also calculates the change in electricity use from a revenue-neutral flat

price instead of IBPs. He finds that IBPs would increase aggregate demand by 0.27

percent if consumers respond to average price but would decrease aggregate demand

by 2.33 percent if consumers respond to marginal price.

Table A.9 shows the percentage change in total electricity use employing Ito’s elas-

ticity estimate of 0.088. Demand would have increased by 0.37 percent if households

respond to average price but would have decreased 1.76 percent if households respond

to marginal price. Because Ito finds that consumers are relatively price inelastic, the

magnitude of the demand response is small but demonstrates that IBPs do not meet
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the goal of decreasing total electricity use. My results differ from Ito’s because (1)

I calculate a different revenue-neutral flat price in each month for CARE and non-

CARE households, while he uses the long-run average electricity price, (2) my sample

of households differs from his, and (3) I calculate price elasticities of demand by

income group and use these in my calculations.

Table A.9 summarizes these outcomes, showing that my estimates align more with

the estimates using Ito’s elasticities than with Reiss and White’s. These differences

reflect the fact that I find price elasticities that are closer in magnitude to Ito’s. Ito,

however, estimates only one elasticity, while both my estimates and Reiss and White’s

allow for heterogeneity among households with different incomes.

1.4 Do IBPs Help Low-Income Households?

1.4.1 Electricity use and Income

IBPs introduce a classic trade-off between equity and efficiency. IBPs are socially

inefficient because different households pay different marginal prices for the same good

(Borenstein 2012b). Rather than use IBPs, utility companies could charge marginal

prices that are reflective of the social cost of electricity generation and give a cash

transfer to low-income households. This type of price schedule could be preferred

to IBPs because (1) all households would pay the same per-unit price and (2) cash

transfers are typically more efficient than in-kind transfers (Thurow 1974). A scheme

where low-income households receive a cash transfer is currently infeasible because it

requires that utility companies know the income of each household they serve.28

Under IBPs, households’ electricity bills increase as their electricity use increases.

So electricity bills are higher for high-use households than for low-use households.

28. The most notable exception is CARE. However, the utility company knows only that
these households qualify for lower rates, not their explicit incomes.
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These differences in bills between high and low users are intended to protect low-

income households from high electricity bills. But whether IBPs help low-income

households in practice depends on three key components. First, relief from high bills

depends on the correlation between income and electricity use. Low-income house-

holds will be on the low pricing tiers only if they are low electricity users. Second,

relief from high bills depends on CARE. CARE targets household income directly,

so whether IBPs help any further depends on how much help is already being pro-

vided by CARE. And third, the relief depends on the effect of utilities’ climate zone

pricing. Low-income households tend to live in warmer areas of California, so they

live in climate zones where prices are lower, on average. I characterize the effects of

these three components to determine whether IBPs protect low-income households

from high electricity bills.

First, IBPs will decrease electricity bills for low-income households only if monthly

electricity use is closely related to income. Figure A.10 shows the distribution of

electricity use by income group.29 High-income households use more electricity than

low-income households. But each distribution has a long right tail in electricity use—

some households in each income group use large amounts of electricity.

The correlation between income and electricity use is 0.222 in the RASS. Differ-

ences in appliance portfolios between high- and low-income households could be one

possible reason for the weak correlation between monthly electricity use and income.

These differences are reported in Table A.10. Low-income houses are smaller and

have fewer air conditioners and televisions than high-income households. But their

houses are older, have older refrigerators and heaters, and are located in warmer

29. Appendix Figure A.13 shows the distribution of electricity use by income by climate
zone. Note that in milder climates, such as PG&E’s Zone T, the distributions of electricity
use by income overlap more than in climates with warmer weather, such as Zone R.
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climates. Whether high- or low-income households use more electricity is not imme-

diately apparent from their characteristics.

I calculate electricity use per square foot for each household to measure elec-

tricity use intensity. The higher that number, the more electricity a house uses per

square foot. Electricity use intensity decreases monotonically as income increases in

my sample (see Table A.10). The correlation between electricity use intensity and

income is -0.099. That negative relationship suggests that high-income households

use less electricity per square foot than low-income households despite living in bigger

homes. The negative relationship between electricity use per square foot and income

further weakens the correlation between monthly electricity use and income.30

The above correlations between income, electricity use, and electricity use per

square foot, however, hide that in California income is correlated with weather.

Wealthier households tend to live closer to the coast and experience cooler weather

than poorer households. IBPs in California charge lower prices to households living

farther inland because inland climate zones have higher baseline allocations of elec-

tricity use. To test whether income and electricity use are correlated conditional on

weather, climate zone, and household appliance portfolios, I estimate the following

regression via ordinary least squares:

ln(kWhit) = �0 + �1ln(incomeit) + �2Xit + ⌧t + �i + ✏it (1.6)

to test the correlation between income and electricity use while controlling for

other household characteristics. The income variable represents the natural log of

a household’s income, Xit represents household characteristics such as weather and

30. I also calculate electricity use per household member. I find a negative relationship
between monthly electricity use per person and income, with a correlation of -0.0031. This
negative correlation suggests that each household member uses less electricity in higher-
income households than lower-income households.
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appliance portfolios, ⌧t represents a month-of-sample fixed effect, and �i represents a

climate-zone fixed effect.

Appendix Table A.56 reports the results from equation (1.6). Columns (1) through

(4) show small changes in the correlation between income and electricity use as more

controls are added. Column (4) shows that conditional on regional fixed effects,

weather, and household characteristics, an increase in income of 1 percent is cor-

related with a .093 percent increase in electricity use. The correlation decreases as I

add in additional controls that are also likely correlated with income, such as regional

fixed effects and household appliances. These results suggest that electricity use may

not be a good proxy for income.31

Second, California’s CARE program is designed to protect low-income households

from high bills so IBPs may not offer these low-income households any additional

assistance. If the lowest-income households are on CARE pricing schedules, IBPs

have the potential to help only CARE-ineligible households. CARE directly targets

low-income households, while IBPs use monthly electricity use as a proxy for income.

Any bill protection offered by IBPs will be in addition to any protection offered by

CARE.

In my sample, 16.6 percent of households meet CARE income eligibility require-

ments; most of these households are in the two lowest income bins. CARE prices are

lower than the standard IBPs and only have two tiers rather than five. Because many

low-income households are already enrolled in CARE, IBPs have limited opportunities

to offer assistance to low-income households.
31. Borenstein (2012b) also finds a low correlation between income and electricity use.

Similarly, Cardenas and Whittington (2019) finds that higher-income households receive
a larger share electricity subsidies than lower-income households in a developing country
context.
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Third, utility companies in California charge electricity prices that vary by climate

zone. Electricity prices in warmer climates are lower than in cooler climates. In my

sample, lower-income households tend to live in warmer areas than higher-income

households, which means that they pay lower electricity prices. I take pricing by

climate zone into account by estimating climate-zone-specific flat prices.

The next three sections examine the effects of IBPs on consumer welfare. First,

I compare bills under three different pricing schedules, all of which raise the same

revenue. Second, I calculate changes in consumer surplus from a hypothetical switch

from the flat prices to the existing IBPs. And third, I calculate the deadweight loss

from using prices that are higher than California’s social marginal cost of electricity.

1.4.2 Winners and Losers from IBPs

I compare bills under three different pricing schedules that raise the same revenue:

the existing IBPs with CARE, flat prices with CARE, and flat prices without CARE.

Equation (1.4) is used to calculate the alternative flat prices, and equation (1.5)

is used to calculate electricity use under those alternative prices. These changes in

electricity bills determine whether IBPs protect low-income households from high

electricity bills.

Table A.11 shows median electricity bills under the existing IBPs and flat prices

with CARE assuming all eligible households are enrolled in CARE. On average, the

flat price for CARE households is 9.6 cents per kWh and for non-CARE households

is 16 cents per kWh.32 This calculation ensures revenue neutrality within each of

the two groups (CARE and non-CARE) and reflects what a flat price might look

like in California. IBPs with CARE lower electricity bills for the median low-income

household from $52.39 under the flat price to $46.14 under the IBP. IBPs combined

32. The average prices represent those prices in a given year-month across all climate zones.
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with CARE save the median household with income from $0 to $49,999 $6.25 each

month. Under IBPs relative to a flat price without CARE rates, households with

income from $50,000 to $74,999 pay $11.28 less each month under IBPs than flat

prices, those with income from $75,000 to $149,999 pay $9.42 less, and those with

income greater than $150,000 pay $3.20 less.33

In terms of percentages, these changes in electricity bills represent a large share

of the total bills of low-income households. IBPs, in conjunction with CARE, save

these households around 12 percent on their electricity bills. The median middle-

and high-income households also pay less under IBPs than they do under flat prices.

Average electricity bills are higher than median electricity bills reflecting a positive

skew in the distribution of electricity use. Thus, there are a few households that pay

more under IBPs, but these households are the highest electricity users. IBPs save

the median household across all income groups money on their electricity bills.34

Table A.12 shows the exact same changes in electricity bills, but for a flat price

without a low-income rate. The average flat price across all months and all climate

zones is 15 cents per kWh. These estimates combine the effect of IBPs and CARE.

IBPs with CARE lower electricity bills for the median low-income household from

$62.10 under the flat price to $46.14 under the IBP. IBPs save the median household

with income from $0 to $49,999 $15.96 each month. Under IBPs relative to a flat price

without CARE rates, households with income from $50,000 to $74,999 pay $8.24 less

33. Appendix Table A.57 shows the same estimates under the assumption that all house-
holds have the same elasticity of demand, rather than allowing the elasticity to vary with
household income. The results are very similar to those in Table A.11.

34. These results are under the assumption that all households that are eligible for CARE
are enrolled in the program. However, this is not likely to be the case and thus these esti-
mates represent a “best-case scenario.” It is also possible that there are some high-income
households enrolled in the CARE program even though they are not eligible. CARE has
relatively low audit rates leaving open the possibility that some higher income households
have CARE rates.
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each month under IBPs than flat prices, those with income from $75,000 to $149,999

pay $5.63 less, and those with income greater than $150,000 pay $0.04 less. IBPs,

save the lowest-income households around 26 percent on their electricity bills. IBPs

and CARE protect low-income households from high electricity bills by pushing costs

onto higher-use households.

The flat monthly bills in Table A.12 do not take CARE pricing into account.

Thus, low-income households would be switching from a flat price without a low-

income subsidy to a tiered price with a subsidy. The stark differences in bills for the

lowest-income households are likely driven by the presence of CARE.

1.4.3 Changes in Consumer Surplus from IBPs

IBPs charge different marginal prices to different households based on their elec-

tricity use. These differences in marginal prices distort consumption relative to a flat

price where all households pay the same marginal price. The changes in consumer

surplus from switching to block prices from flat prices have three components. First,

per-unit electricity prices fall for the first units of electricity use. These price decreases

get passed through to the consumer in the form of lower electricity bills. Second,

beyond any threshold where prices are higher than the initial flat price, households

pay higher per-unit prices. These higher prices are passed through to the household

in the form of higher electricity bills. Whether a household’s electricity bill falls for

a change from flat to block prices depends on what share of its electricity use falls

above or below the original flat electricity price.

Third, in addition to changing household per-unit electricity prices, IBPs also

introduce deadweight loss. Relative to what they would have used under the flat

price, households using electricity above the flat price underconsume, while those

using electricity at lower per-unit prices overconsume.
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Figure A.11 represents a stylized version of the changes in consumer surplus the

previous two paragraphs described. This figure shows a high-use household with a

hypothetical demand curve, D. The flat price, p̄, lies between the tiers of a hypo-

thetical two-tier IBP such that p1 < p̄ < p2. Under the flat price, and given the

household’s demand curve, the household uses q̄i kWh per month. When the pricing

schedule changes to the block price from the flat price, the household now faces the

second tier of the block pricing schedule, p2. Correspondingly, electricity use falls from

q̄i to qi.

There are three labeled regions in Figure A.11. The first, region A, represents

the increase in consumer surplus from paying a lower per-unit price, p1, for each

kWh up to the threshold where the block price increases. The second, region B,

represents a decrease in consumer surplus from paying more for every kWh consumed

above the threshold where the block price increases above the original flat price. The

third, region C, represents the deadweight loss from underconsumption relative to the

original flat price.

The example in Figure A.11 demonstrates how IBPs could affect consumer surplus.

Whether consumer surplus increases or decreases depends on the share of a house-

hold’s consumption at prices above and below the original flat price. This example

represents a two-tier IBP but also extends to IBPs with more than two tiers, as well

as to low-use households.

I calculate the change in consumer surplus for all households in my sample by

assuming linear demand.35 Table A.13 shows changes in consumer surplus for a switch

from flat prices with CARE rates to the existing IBPs. The median lowest income

household experiences a $1.22 increase in consumer surplus, which is 2.64 percent

35. This assumption of linear demand is not realistic, but it illustrates the changes in
consumer surplus that the households experience.
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of their electricity bills. The median highest income household experiences a $2.02

decrease in consumer surplus, which is 1.98 percent of their electricity bill. This simple

exercise demonstrates that the lowest-income households gain from IBPs and that the

highest-income households lose.36

Table A.14 shows the same the changes in consumer surplus from switching to an

IBP from flat prices without a low-income rate. The median lowest-income household

experiences a $10.99 increase in consumer surplus, which is 23.82 percent of their

electricity bills. The median highest-income household experiences a $6.58 decrease

in consumer surplus, which is 6.46 percent of their electricity bills.

This analysis assumes that households respond to marginal price, which is con-

trary to the evidence in Ito (2014) and Wichman (2014). Average price response has

different implications for changes in consumer welfare because price misperception

must also be taken into account. Wichman (2017) develops a model to quantify the

effect of misperceiving prices on changes in consumer surplus in the context of a

natural experiment.

1.4.4 Changes in Welfare

Electricity prices in California are higher than the social marginal cost of electricity

(Borenstein and Bushnell 2018). Utility companies do not charge monthly fixed fees,

so the tiered prices are structured to recover the fixed costs for the utilities. These

inefficiently high prices result in households underconsuming electricity relative to the

social optimum. In this section, I compare household electricity consumption under

IBPs with consumption under a socially optimal flat price.

36. Appendix Table A.58 shows the same estimates under the assumption that all house-
holds have the same price elasticity of demand regardless of their income. Under this assump-
tion, all households experience an increase in their consumer surplus under the flat price
with CARE relative to an IBP with CARE.
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Borenstein (2012a) calculates the socially optimal price in California, taking into

account externalities from electricity generation, to be around $0.10 per kWh. Using

equation (1.5), I calculate each household’s electricity use under this socially optimal

flat price, pSMC = 0.10. I find that, on average, households use 646 kWh per month

under a flat price of 10 cents per kWh. Households use around 624 kWh per month

under the revenue-neutral flat price of approximately 14 cents per kWh that I calcu-

lated if households respond to marginal price.

Given this socially optimal level of electricity use, I calculate the change in welfare

associated with using the higher flat price, p̄, that I calculated for each climate zone in

each month using equation (1.4). This change in welfare is represented by the shaded

area A in Figure A.12. I complete this calculation both for marginal and average price

responses.37

If households respond to marginal price, area A is equal to $0.64 per household per

month. If households respond to average price, area A is equal to $1.34 per household

per month. This is the deadweight loss from charging a price that is higher than the

socially optimal flat price. The deadweight loss is higher under average price response

because the revenue-neutral flat price must be slightly higher to recover the same

revenues as the IBP.

I calculate the associated deadweight loss if the utilities move from using a socially

optimal flat price to using IBPs. Again, Figure A.12 represents the deadweight loss

in area A + B.38 If households respond to marginal price, area A + B is $3.85 per

household per month. If households respond to average price, area A + B is equal to

$1.56 per household per month.

37. The calculation for average price response does not take into account any misperception
costs experienced by the consumer.

38. This is a stylized version of the graph for exposition and the households my sample
face four- or five-tier pricing schedules.
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Area A + B is smaller if households respond to average price for two reasons. The

first is that average prices are lower than marginal prices for all tiers but the first.

The distortion above the socially optimal flat price is not as large as if households are

responding to marginal price. The second is that more households perceive that they

experience a decrease in price if they respond to average price instead of marginal

prices. This perception means that more households are optimizing with respect to

a lower price than if they were responding to marginal prices. Notably, average price

response means that using an IBP is actually slightly better than using a flat price.

The deadweight loss is only $1.56 rather than $3.85 per household. This finding

suggests that IBPs are better for overall welfare in California than flat prices, even

though they generate distortions in price.

1.5 Conclusion

In this paper, I have demonstrated that if households respond to average prices,

California’s current IBPs increase total electricity use relative to a flat price that

would raise the same revenue for the utilities, which is contrary to their stated goal.

This outcome depends on the relative price elasticities of households along the pricing

schedule. I also find that IBPs redistribute income relative to a flat pricing schedule,

but the important factor in this redistribution is the presence of CARE, the subsidized

low-income electricity rate.

I find that the deadweight loss from using IBPs instead of a socially optimal

flat price is smaller if households respond to average price than if they respond to

marginal price. This is because electricity prices in California are higher than the

social marginal cost of electricity use. IBPs charge users low prices for the first units

of electricity, and these lower prices are closer to the socially optimal price.
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As the United States works to confront climate change, the electricity sector is the

first frontier—in 2016, this sector generated 28 percent of total greenhouse gas emis-

sions (EPA 2016). Economists argue that electricity prices should reflect the social

marginal cost of electricity generation, and IBPs are one approach to decreasing

emissions while protecting households that use less electricity, who are assumed to be

low-income (Borenstein 2012b; Levinson and Silva 2018). IBPs are a climate change

mitigation tool used around the world. For example, China introduced IBPs for elec-

tricity in 2012 (Zhang, Cai, and Feng 2017).

It is important to understand whether IBPs meet their dual goals, because more

and more utilities are considering introducing them. While IBPs are becoming increas-

ingly common in electricity markets, nonlinear prices are pervasive. Examples of other

nonlinear prices include increasing marginal tax rates and water rates and decreasing

nonlinear rates for cellphone data plans. Although these pricing policies often have

salutary policy goals, the results presented in this paper demonstrate that their effec-

tiveness in meeting those goals depends on how, or whether, consumers respond to

them.

For instance, increasing marginal tax rates, intended to raise revenue, may have the

unintended consequence of decreasing hours worked, relative to a flat tax (Saez 2010;

Kucko, Rinz, and Solow 2018a; Mortenson and Whitten 2018). This is especially true

if the increases in marginal tax rates are salient to consumers. Evidence shows that

consumers respond better to salient prices, but it is often very difficult for households

to know the price they are paying under complex nonlinear pricing schedules (Chetty,

Looney, and Kroft 2009; Finkelstein 2009; Jessoe and Rapson 2014). Price salience can

either help or hinder these policies in meeting their goals. More research on consumer

price response is needed to evaluate the efficacy of policy outcomes where nonlinear

pricing schedules are the driving mechanism.
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Chapter 2

Does Energy Star Certification Reduce Energy Use in Commercial

Buildings?

2.1 Introduction

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

between commercial and residential buildings (EIA 2019). In cities, building energy

use accounts for an even larger share, by some estimates as high as 75–80 percent

of total energy use. Energy efficiency varies across buildings because of differences in

climate, building construction and renovation codes, original construction materials,

heating and cooling systems, and the orientation of the building (toward the south

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

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

a phenomenon known as the energy efficiency gap (Gerarden, Newell, and Stavins

2017).

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

explanation—and the one that may apply to commercial buildings—is an informa-

tion failure (Gerarden, Newell, and Stavins 2017). It is difficult for building owners

and managers to credibly convey information regarding the energy efficiency of their

building to prospective tenants. Thus building owners may inefficiently underinvest in

energy efficiency improvements because it is difficult to recoup costs through higher

rents.
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Policymakers at the state and local levels have created mandatory disclosure laws

that require building owners to provide public information about their energy use to

potential tenants. Many local ordinances take advantage of tools offered by the federal

Energy Star program, which provides voluntary certification and labeling of products

that are more energy-efficient than other, similar products (Energy Star 2018c).

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

office building Energy Star certification program in 1999. This program allows office

buildings to track their energy and water use after entering basic building and energy

bill information into a computer program called Portfolio Manager. Buildings in the

top 25th percentile of energy performers, according to Portfolio Manager, are then

eligible to receive an Energy Star label, which can be posted in the building’s lobby

and is also listed on the public energystar.gov website. The commercial Energy Star

label provides building owners a standardized and trusted certification and lowers

information acquisition costs for potential tenants.

In this paper, we measure the effects of Energy Star certification on building rents

and utility bills. In answering these questions, we seek to understand whether the

Energy Star program encourages building owners to conduct renovations to improve

energy efficiency or simply allows building managers to certify already efficient build-

ings. In either case, rents may increase, as potential tenants now have information that

they are renting space in a building with lower energy costs. However, the expected

effect of certification on utility bills is ambiguous, as different mechanisms could lead

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

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

Estate Investment Fiduciaries (NCREIF) for 4,185 commercial office buildings across

the United States from 2000 to 2015 combined with Energy Star certification data

from the EPA. Our study uses a national sample of office buildings from 495 US
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cities. Of these 4,185 buildings, 1,048 earned an Energy Star certification at some

point between 2000 and 2015, accounting for over 40 percent of the office buildings

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

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

square foot. Energy Star certification is a voluntary program, which could lead to

selection bias in our estimates. We combine one-to-one matching and postmatching

regressions to mitigate the selection problem.1 Using a differences-in-differences

approach, we find that rents increase by 3.7 percent following Energy Star certifi-

cation relative to similar but uncertified buildings. This estimate falls within the

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

Quigley 2010; Papineau 2017).

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

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

expenditures, occupancy rates, and capital expenditures. We find no effect of certi-

fication on utility expenditures using the same differences-in-differences specification

on our matched sample and controlling for building fixed effects, city-by-year fixed

effects, time-varying building characteristics, and local economic conditions. These

results are robust to tests for heterogeneity by Energy Star ratings, building age, and

building size.

Our data include capital investment expenditures at the building level. This infor-

mation allows us to test whether buildings are investing in upgrades and improve-

ments, including energy efficiency improvements, to obtain an Energy Star certifi-

1. A large body of literature has evaluated the effects of voluntary government pro-
grams. For example, Blackman, Goff, and Rivera Planter (2018) combined propensity score
matching and postmatching parametric regressions to estimate the effect of forest certifi-
cation on reductions in deforestation. Similar matching, postmatching regression strategies
and two-stage least squares strategies have been used to evaluate EPA’s voluntary pollution
reduction program, 33/50 (Vidovic and Khanna 2007).
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cation. We find that buildings with relatively higher capital expenditures see higher

rents but not lower utility expenditures. Along those lines, we find no evidence that

building investments increase the likelihood of certification. Taken together, these

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

Energy Star certification.

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

allowing building owners to communicate to prospective tenants the energy efficiency

of their buildings relative to other, similar buildings. However, the Energy Star pro-

gram does not appear to cause building owners to invest in building upgrades. Of the

approximately 1,000 buildings that are Energy Star certified in our sample, only 88

of them were built or upgraded in the three years before receiving certification.

While our rich dataset includes information on both financial and energy perfor-

mance and data on building upgrades, it lacks information on the structure of leases.

In particular, we do not know how tenants are charged for utilities. The most common

lease structure in office buildings is a net lease, in which the building owner charges

tenants for utilities and other expenses on an average basis per square foot Thus those

charges do not reflect actual energy usage by each tenant, as most buildings do not

have submetering. We assume that most buildings in the NCREIF sample employ

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

changed over the period of our data.

We explore four potential explanations for why Energy Star increases rents but

does not to lead to changes in utility expenditure: (1) Energy Star certifies buildings

that are already energy-efficient. (2) Tenants sort in response to changes in a building’s

Energy Star certification status. (3) There is a rebound effect whereby lower energy

costs induce an increase in energy use, offsetting the efficiency improvements. (4)

Energy Star is a signal of building quality for other building attributes. Our explo-
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ration of existing building energy efficiency, tenant sorting, a rebound effect, and

Energy Star signaling other building attributes provides some explanation for why

energy use might not fall with certification.

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

between green building certification (and energy efficiency) and rents or sale prices

(Eichholtz, Kok, and Quigley 2010; Eichholtz, Kok, and Quigley 2013; Kok and Jennen

2012; Walls et al. 2017; Asensio and Delmas 2017; Papineau 2017; Qiu and Kahn

2019). These papers find increases in rent and sale prices for commercial buildings and

residential homes, more stable occupancy rates, and mixed results on capitalization

rates of energy efficiency depending on the context. The early work by Eichholtz, Kok,

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

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

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

financial performance is closely related to energy performance. Other studies show

that occupancy rates were higher in green buildings than in nongreen buildings during

the 2008–10 economic crisis (Eichholtz, Kok, and Quigley 2013) and that sustainable

buildings in Denmark command 5 percent higher rents than nongreen buildings (Kok

and Jennen 2012). Using an OLS model and the NCREIF dataset, Pivo and Fisher

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

but no changes in operating expenses (including utility expenditures).

Papineau (2017) estimates the effect of building codes on energy efficiency pre-

miums for offices using matching between buildings constructed just before and just

after the building codes went into effect. She finds that buildings subject to the more

stringent building codes command rents and sale prices that are 4 to 9 percent higher

than buildings constructed before the standards went into effect. Walls et al. (2017)
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find increases in home sale prices that correspond to expected decreases in energy

costs over the lifetime of a house.

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

Energy Star certification in commercial buildings in Los Angeles. Their estimates,

however, find no effects for buildings in the 75th percentile or below in terms of

energy use, demonstrating that the program has large effects only for the biggest

energy users. Qiu and Kahn (2019) find an 8 percent decrease in energy use following

Energy Star Certification in commercial buildings in the Phoenix area. Their study

uses electricity consumption data before and after certification for building renters

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

industry code, and location. However, they have only electricity consumption data

and no detailed information about the buildings themselves.

Our contribution to this literature is our national panel data, which include infor-

mation on both utility expenditures and rents for the same buildings, and our ability

to directly evaluate whether building owners make upgrades and investments that

might help the buildings earn Energy Star certification. This allows us to tell a more

complete story about the relationship between Energy Star, rents, and utility bills,

while ruling out other hypotheses about the effects of the Energy Star program.

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

certification. However, we do not find any evidence that building owners make energy

efficiency updates in order to obtain these certifications, and therefore, utility bills do

not decrease leading up to or following Energy Star certification. Using our unique

data on building capital investments and renovations, we provide additional suggestive

evidence that tenants are not likely sorting immediately after certification. In addition,

using a simple model of rebound effects, we demonstrate that there is little to no

change in the underlying energy efficiency of certified buildings. Instead, our findings
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suggest that the Energy Star program is likely identifying buildings that are already

energy-efficient and that certification could also be signaling other forms of building

quality.

2.2 Background

2.2.1 Energy Star Certification

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

to provide consumers with information about the energy efficiency of a product or a

building (Energy Star 2018a). The program started with computers and other elec-

tronics in 1992 and gradually spread to appliances. The blue Energy Star label is the

most widely recognized symbol of energy efficiency in the United States (EPA 2018a).

In 1999, EPA extended the labeling program to office buildings (Energy Star 2018b).

Energy Star for buildings is promoted as both improving financial performance and

providing building managers with an energy tracking tool.

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

25 percent of energy use relative to similar buildings. To determine that threshold

and a building’s eligibility, EPA uses a system called Portfolio Manager. Owners

and managers of both new and existing commercial buildings submit their energy

and water use data to the Portfolio Manager system. Using these data and data

from similar buildings from the Commercial Buildings Energy Consumption Survey

(CBECS), Portfolio Manager’s model predicts building energy consumption based

on the building’s type (e.g., hospital, school, office), size, location, and operating

hours. Then, using the outcome of that prediction, Portfolio Manager generates a
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distribution of the ratio of actual to predicted energy use. That distribution is used

to calculate the building’s Energy Star score.2

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

energy efficiency: a building with a score of 50 uses less energy than 50 percent of

similar buildings. If the building earns a score of 75 or higher (meaning that the

building is in the lowest 25th percentile of energy users among comparable buildings),

it is eligible to apply for Energy Star certification. To complete the application, an

energy audit ensures that the high score is not a result of deficient energy services

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

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

Appendix B.2.1 for a more detailed description of the process to obtain Energy Star

certification. Once a building has been certified, it enters EPA’s labeled building

registry and its Energy Star label can be displayed. Figure B.1 shows an example of

an Energy Star label placed in a lobby. The label may be displayed prominently to

indicate to current and potential tenants that the building is energy efficient relative

to other, similar buildings.

Recent literature has proposed some improvements to the methodology used in

the certification process. One of these is using additional and updated data beyond

those from the CBECS. Energy benchmarking programs are becoming more common

throughout the United States. These programs increase the amount of self-reported

data in Portfolio Manager. Hsu (2014) criticizes the current methodology used to

predict Energy Star scores because the CBECS data are outdated relative to the

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

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

2. For residential buildings, the program focuses on new construction. To receive the
Energy Star label, a builder must meet a set of requirements that should ensure the building
is 15 percent more efficient than noncertified buildings.
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and the update to the data underlying Portfolio Manager. During our sample years,

2000–2015, three different rounds of CBECS were used in Portfolio Manager. The

1995 CBECS was used from 1999 to 2003, the 1999 CBECS was used from 2004 to

2007, and the 2003 CBECS was used for the 11-year period from 2008 to August 2018

(Energy Star 2020).

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

mation and that the scores are not helpful for group comparisons because the data

represent averages for a relatively small sample of buildings. The increasing number of

local benchmarking policies means that there is now a great deal of self-reported data

in Portfolio Manager that could be added to the Energy Star models to improve model

fit and allow for more heterogeneity analysis by location and building attributes.

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

evaluate energy use performance rather than the national CBECS. He also suggests

that use of measures such as energy use intensity (EUI), building energy use per

square foot, rather than actual energy use obfuscates the true energy performance of

the building.

2.3 Data

2.3.1 Building Data

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

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

leading performance indicator for commercial real estate (NCREIF 2020). In 1978, the

organization began collecting data on indicators of commercial real estate investment

performance. Starting in 2000, data collection increased to include more detailed

building operating data, such as utility expenditure, building size, and age (NCREIF
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2017). NCREIF provided us with these panel data on building characteristics, such

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

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

collects and maintains one of the few sources of data on utility expenditures, rents, sale

prices, and a variety of other building performance metrics for a large national sample

of commercial buildings. NCREIF has two types of memberships: data-contributing

and non-data-contributing. To access NCREIF’s wealth of commercial real estate

data, firms must become members. If the firm has any real estate assets under man-

agement, that firm is obligated to join NCREIF as a data-contributing member; oth-

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

160 data-contributing members, including major investors such as Blackrock, Citi-

group Property Investors, and Greystar (NCREIF 2019).3 The NCREIF data cover

investor-owned buildings, which are the majority of commercial building space (Situs

et al. 2015). One limitation of the data, however, is that membership in NCREIF fluc-

tuates over time. Thus the data set we use in our analysis represents an unbalanced

panel of commercial buildings.

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

beginning in 2000. Of these, we focus on office buildings because they are the most

homogeneous building type represented in the data and because building use is rela-

tively consistent across tenants. The NCREIF sample contains 6,475 office buildings.

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

1,000,000, missing or negative expenditures for utility bills, extreme values for utility

expenditure and rent, missing values for the number of floors, and problematic values

for year built and percentage leased. We also take steps to interpolate between

quarterly observations to fill in some missing values for utility expenditures. A more

3. Please see https://epitest.ncreif.org/data-contributing-members-list.aspxhere.
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detailed description of the data cleaning and interpolation process is presented in

Appendix B.2.2.

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

EPA’s labeled building registry (Energy Star 2018d). These data include information

on building address, owner, property manager, floor space, year constructed, Energy

Star score, and certification year. We match the Energy Star certification data to

the NCREIF data based on addresses. We standardize addresses between the two

data sets and use an exact matching approach. By integrating the EPA data with

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

operating information. We then aggregate the quarterly NCREIF data to the annual

level, for two reasons: First, we observe only the year a building is Energy Star

certified, not the quarter. Second, annual aggregation eliminates differences that are

due to differences in billing cycles between quarters between locations.

The final, annualized data set contains 22,819 observations for 4,185 unique build-

ings. Figure B.2 depicts the geographic distribution of the 4,185 buildings in our

sample by core-based statistical areas (CBSAs). CBSAs are geographic areas around

urban centers. Our data represent 100 CBSAs across 42 states. The NCREIF office

buildings represented in the data are typically in urban areas, with the highest con-

centrations in New York, Los Angeles, Washington, DC, and San Francisco.

Of these 4,185 buildings, 1,048 obtained Energy Star certification between 2000

and 2015. We compare the number of certified office buildings in our data with the

number of certified office buildings in EPA’s data. The labeled building registry from

EPA has 2,555 unique office building certifications from 2000 to 2015 (Energy Star

2018d). We observe 41 percent of the office buildings in EPA’s certification registry

in the NCREIF sample.
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Figure B.3 shows the number of office buildings that get certified in each year

and the average Energy Star score of those certifications in the EPA labeled building

registry. The number of office buildings that earn a certification in any given year is

increasing over time, as are average Energy Star scores.

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

weather, and local unemployment rates. More details on the various data sources we

used can be found in Appendix B.2.3.

2.3.2 Merged Data Set

Table B.1 reports summary statistics for the buildings in our sample by Energy

Star certification status before and after certification. The average certification year

in our sample is 2009. In order to measure pre- and postcertification for the buildings

that never get certified, we split the sample before and after 2009. We report the

mean and the standard deviation for each covariate we include in any later analysis.

Our outcome variables of interest are rent per square foot and utility expenditure per

square foot.

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

2009 and $1.53 after 2009; certified buildings spent $1.76 before certification and $1.60

after certification. Similarly, for rent per square foot, uncertified buildings earned

$16.66 before 2009 and $14.22 after 2009; certified buildings earned $17.94 before

certification and $17.25 after certification. Buildings that get certified are larger and

slightly newer, on average, than buildings that do not get certified.
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2.4 Empirical Model and Considerations

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

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

expenditures and Energy Star certification. The differences-in-differences specifica-

tion estimates the average long-run effect of certification on building rents and utility

expenditure. We supplement this analysis with an event study specification. The event

study regressions provide suggestive evidence for the parallel trends assumption nec-

essary for our differences-in-differences results to be interpreted causally. In addition,

the event study estimates shed light on the dynamic effects of certification over time.

2.4.1 Differences-in-Differences

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

fication affects annual rents and utility expenditures per square foot. A differences-

in-differences approach allows us to estimate the average effect of certification while

controlling for both unobserved time-invariant differences among buildings and time-

varying differences such as weather and building occupancy:

ln(Y/sq.ft.)itc = �Xit + �[certi ⇤ postit] + �i + µtc + ✏itc (2.1)

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

includes time-varying controls such as occupancy rates and energy prices; [cert⇤post]it

represents an interaction term between two dummy variables, cert, which is equal to

one if building i is certified, and post, which is equal to one if the building has been

certified by time t; �i represents building-level fixed effects; µct are city-year fixed

effects; and ✏itc is an idiosyncratic error term.
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The parameter estimate of � is the effect of Energy Star certification on rents or

utility expenditure per square foot. Because our dependent variable is logged, � is

the average percentage change in rent or utility expenditure per square foot following

Energy Star certification. For � to be an unbiased estimate of the effect of Energy Star

certification on rents and utility expenditures, buildings that get a certification and

those that do not must have parallel trends in rent and utility expenditure absent the

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

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

sample. We use the year of first certification as the treatment effect to evaluate the

effect of being certified for the first time.

We estimate equation (2.1) using both matched and unmatched samples to inves-

tigate the nature of selection into the program. Matching limits our sample to similar

buildings. In addition, in each regression specification, we control for various combi-

nations of time-varying building characteristics, such as percentage of the building

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

annual capital expenditures made for tenant improvements (costs to construct or

reconstruct space in the building that a new tenant will occupy), capital expendi-

tures made for building improvements (expenditures made to improve building space

that cannot be attributed to tenants, such as parking area, roof, and HVAC sys-

tems), the age of the building, and the financial fund type in which the building is

4. Appendix figure B.6 depicts the trends in rent per square foot in both the unmatched
and matched samples. Recall that for the uncertified buildings, the treatment year is 2009,
which is the mean certification year in the sample. These figures show that average rent
in both the uncertified and certified samples display parallel trends in the pretreatment
period. We will test this assumption using an event study design. Appendix Figure B.7
shows the trends in utility expenditure per square foot in the matched and unmatched
samples. Versions of Figures B.6 and B.7 for the sample of buildings matched on time-
varying characteristics can be seen in Appendix Figures B.8 and B.9, respectively.
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held (whether the building is held in a REIT, a closed-ended fund, an open-ended

fund, or an alternative type of financial fund).

We also control for other time-varying characteristics that would affect the

building’s electricity use and a manager’s decision to invest in an Energy Star certi-

fication, such as heating degree days, cooling degree days, and local unemployment

rates. We include various combinations of fixed effects, such as property fixed effects,

to control for any unobservable time-invariant characteristics of the building or its

tenants, and city-by-year fixed effects, to control for factors that affect the cities in

our sample differentially.

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

or an effect that is related to building upgrades associated with the certification

process. If the parallel trends assumption is satisfied, � is an average, long-run effect of

certification on rents and utility expenditures. For both rent and utility expenditure,

we use the year of certification as the treatment year. This is the year the building’s

Energy Star label can start being displayed and the information becomes available

to tenants. However, if a building’s owner is making energy efficiency improvements

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

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

both rent and utility expenditure.

Selection

Green labeling programs are often voluntary; obtaining a green certification such

as LEED, the US Green Building Council’s certification for the sustainability of a

building, or Energy Star is up to the discretion of the property manager or owner

(Green Building Council 2020). How selection could bias our results for both rent

and utility expenditure, however, is theoretically ambiguous. There are two potential
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types of selection. The first is positive selection—the buildings with the best energy

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

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

such as new paint or carpets. These renovations are both correlated with the decision

to undergo certification and increases in rent. Any statistical analysis that evaluates

the effect of certification on rent would find an upward-biased result, and similarly,

analysis of certification and utility expenditure would find a downward-biased result.

The treatment group has buildings that perform better, on average, than buildings

in the control group.

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

Star label to signal their energy efficiency to tenants. These buildings do not incur

the costs to obtain a certification. The buildings for which certification is valuable are

those that cannot easily inform potential tenants about their energy efficiency. These

buildings select into certification, leading to a downward bias in the estimates of the

effect of certification on rent.

To evaluate whether there is selection on observable characteristics into Energy

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

t-tests comparing certified and uncertified buildings for all variables we include in our

empirical specifications. There are statistically significant differences in the means

of the pretreatment variables besides gas price and the percentage leased, indicating

that buildings that ultimately get certified differ from those that do not. To mitigate

concerns over selection bias, we combine matching and panel fixed-effects regressions

as described in the next section.
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Matching

We use matching to preprocess our data before estimating the parametric

differences-in-differences model in equation (2.1). In addition to addressing selection,

combining matching with parametric specifications likely reduces bias associated with

selection, model misspecification, and omitted variable bias (Imbens and Wooldridge

2009; Rubin 2006). We construct a sample matching certified and uncertified build-

ings using Mahalanobis covariate matching without replacement with calipers equal

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

buildings using a Mahalanobis distance metric. We drop all observations without

a match within one standard deviation. This matching procedure yields a sample

with 990 certified buildings and 990 uncertified buildings and 12,220 total annual

observations.

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

year built, location, number of floors, whether the building is subject to benchmarking

and disclosure laws, and the year of last renovation. We also use an alternative strategy

where we match on both time-varying and time-invariant characteristics.

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

invariant characteristics recovers balance on electricity prices, gas prices, the share of

the building leased, and capital expenditure for building improvements. We use our

matched sample to estimate the parametric models in equations (2.1) and (2.2) to

control for any remaining covariate imbalances.

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

to contend with selection bias. The most common strategy to mitigate the selection

5. We report balance tests for the alternative matching specification on both time-varying
and time-invariant characteristics in Appendix Table B.11

57



problem is geographic matching. Researchers compare certified buildings with uncer-

tified buildings within a set radius (a buffer) around the certified buildings (Eichholtz,

Kok, and Quigley 2010). However, it is possible that geographic proximity does not

mitigate selection bias. This strategy of matching on geographic proximity could fail

to capture all the relevant differences between buildings that obtain certification and

those that do not. Thus our methodology represents an improvement over strict geo-

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

characteristics in addition to location.

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

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

uncertified and certified buildings. In the unmatched sample, buildings that get the

certification spend more each year, on average, on utilities per square foot than build-

ings that never get a certification. In the matched sample, certified buildings spend

less per square foot on utilities than buildings that do not get certified.6

Does Certification Increase Rents or Decrease Utility Expenditure?

We estimate equation (2.1), where the outcome variable is the natural log of

rent per square foot.7Table B.4 reports the results from equation (2.1) using various

combinations of controls and fixed effects. Energy Star certification is associated with

a 3.7 percent increase in rent per square foot, reported in column 3. Column 3 is our

6. See Appendix Figures B.6 to B.9.
7. Before trimming the sample of buildings without a match, we find that rent per square

foot increases by 5.9 percent, on average, after certification (Appendix Table B.12 column
3. This estimate is very close to the 6 percent increase in rent found by Eichholtz, Kok,
and Quigley (2010). The point estimates are smaller in magnitude in the matched sample
than they are in the unmatched sample. The decrease in the size of the estimated effect
between the matched and unmatched samples suggests that there is positive selection into
certification. This finding that Energy Star certification increases rent is consistent with
other literature evaluating the financial performance of buildings following Energy Star
certification.
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preferred specification because it includes a wide range of time-varying controls in

addition to property fixed effects and city-by-year fixed effects. The point estimates

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

effects increases the point estimate from 2.8 percent (column 2) to 3.7 percent (column

3), suggesting that matching in conjunction with other controls captures important

differences between certified and uncertified buildings. Additionally, our estimates

are within the range of 3 to 9 percent found in previous studies (Eichholtz, Kok, and

Quigley 2010; Papineau 2017).8

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

the behavior of building owners and tenants, some of which might be captured in

the effects on utility expenditure. If we observe decreases in utility expenditure, it

might be the case that buildings are making energy efficiency upgrades in order to

obtain an Energy Star certification. If we do not observe decreases in utility expen-

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

are already energy efficient, (b) tenants have sorted in response to the information

that some buildings are relatively more energy-efficient, or (c) tenants have rebounded

and increased their electricity use. Thus the observed increases in rent could represent

transfers from tenants to landlords for energy efficiency.

Table B.5 shows the estimates from equation (2.1) for utility expenditure per

square foot on the matched sample.9 We find that Energy Star certification is associ-

ated with no change in utility expenditure. In our preferred specification in column

8. Appendix Table B.13 shows a robustness check for our equation (2.1), where we include
the year prior to certification in the treatment period. We find estimates similar to those
shown in Table B.4, which uses the definition of treatment beginning in the certification
year.

9. For the unmatched sample, we find that an Energy Star certification is associated with
a 2.4 percent increase in utility expenditure (Appendix Table B.17 column 3).

59



3, we find a point estimate of -1.0 percent that is statistically insignificant.10 The

inclusion of property-level fixed effects in the utility expenditure regression changes

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

zero.11

2.4.2 Event Study

To provide evidence for the parallel trends assumption necessary for equation

(2.1), we use an event study framework. This event study also allows us to estimate

heterogeneous treatment effects over time. For example,

ln(Y/sq.ft.)itc = �Xit +
t=15X

t=�15

�t[certi ⇤�it = t] + �i + µtc + ✏itc (2.2)

Equation (2.2) estimates changes in rents and utility expenditures in the years before

and after a building’s first Energy Star certification. All terms are the same as in

equation (2.1) except [cert ⇤ �it = t], which is a dummy variable equal to one for

certified buildings if �it = t, where �it is the difference in years before and after

certification. We control for building-level time-varying characteristics, property fixed

effects, and city-by-year fixed effects. If the point estimates of �t are statistically

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

trends are not parallel in the preperiod.

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

equation (2.1), the event study allows us to evaluate whether there are time-varying

effects of Energy Star certification. For rent, tenants may not value a certification from

10. Appendix Table B.18 shows a robustness check for equation (2.1), where we include
the year prior to certification in the treatment period. There is no evidence that Energy Star
certification has a relationship with utility expenditures.

11. Appendix Table B.19 shows the estimates for the sample matching on time-varying
and time-invariant characteristics.
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five years ago as much as they value a certification from one year ago. Similarly, utility

expenditure could be changing over time in response to energy efficiency investments

made by building managers or owners.

Event Study Results

Figure B.4 shows the coefficient estimates, and Table B.6, column 1 shows the

point estimates using the same controls as used in column 3 of Table B.4.12 All point

estimates are relative to two years before certification.13

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

of certification, a 6.0 percent increase the year after certification, a 4.7 percent increase

two years after certification, and so on. These point estimates for the years following

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

Energy Star certification and increases in rents is statistically indistinguishable from

zero for five years after certification, as are the point estimates for all years prior to

certification except the year right before.

The event study provides suggestive evidence that our parallel trends assumption

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

certification, we find a 3.2 percent increase in rent for certified buildings relative to

uncertified buildings. There are several potential explanations for this effect. Buildings

may be undergoing renovations to update their energy efficiency at the same time that

other updates are being made to the building. In that situation, the building would

12. Appendix Table B.14, column 1 shows the same estimates for the unmatched sample.
The differences between the point estimates for rent suggest that there may be positive
selection into certification. Appendix Figure B.10 and Appendix Table B.15 show the same
estimate for the matched sample using both time-varying and time-invariant characteristics
to perform the match.

13. We also include robustness checks where all estimates are relative to three years prior
to certification. Figure B.11 shows the point estimates and confidence intervals, and Table
B.16 shows the point estimates for the treatment effects and other coefficients.
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earn the Energy Star certification at the time that the building is improving overall.

We use information on the timing of renovations to investigate this possibility further

in section 2.6.1. Building managers may also know that they are planning to obtain

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

certification, which would also be an effect of certification. To explore this possibility,

we conduct a robustness test for all our differences-in-differences results, focusing

on the year prior to certification. In our robustness check matching on time-varying

characteristics shown in Figure B.10, we demonstrate that there is not a statistically

significant increase in rent in the year before certification.

We estimate equation (2.2), the event study specification, to provide suggestive

evidence for the parallel trends assumption and to evaluate the dynamic effects of

Energy Star certification on utility expenditure. Figure B.5 shows the point estimates

and the 95th percentile confidence intervals of the event-study regression, and Table

B.6, column 2 shows the coefficients. All point estimates are relative to two years

prior to certification, reflecting the fact that efforts to reduce utility bills to obtain

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

reject the null hypothesis that there are not parallel trends leading up to the cer-

tification date. Following certification, we see no statistically significant relationship

between Energy Star certification and utility expenditure.

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

a greater than 2.6 percent decrease in utility expenditure per square foot. The same

estimates for the sample matching on time-varying and time-invariant characteristics

can be seen in Appendix Figure B.12 and Table B.15. Using this sample, we find

no evidence that Energy Star certification is associated with a decrease in utility

expenditure. We also include a robustness check where all estimates are relative to

three years prior to certification. The point estimates and confidence intervals can be
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seen in Figure B.13, and the coefficients can be seen in Table B.16. We investigate

several possible explanations for this null result in sections 2.5 and 2.6.

2.5 Heterogeneity by Energy Star Scores, Building Age, and Building

Size

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

that there is no detectable effect of certification on utility expenditure. However,

these averages may be masking important heterogeneity at the building level. Here

we estimate heterogeneous treatment effects by Energy Star scores, building size, and

building age. These heterogeneous treatment effects allow us to further investigate

whether buildings with higher Energy Star scores perform better, whether newer

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

building size.

2.5.1 Energy Star Score

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

Star score. The scores range from 75 to 100; the higher the score, the better the energy

performance of the building relative to other, similar buildings. However, we observe

no effect of certification on utility expenditures on average. This leads us to ask

whether there are heterogeneous treatment effects between buildings with high and

low Energy Star scores. Ex ante, we expect that tenants value highly rated buildings

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

energy performance than lower-rated buildings.

The median Energy Star score for buildings in our sample when first certified is

80. Thus we estimate two treatment effects: one for buildings with scores below the
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median Energy Star score of 80 and one for buildings with scores above the median.14

We add an interaction effect for being above the median score using a version of

equation (2.1):

ln(Y/sq.ft.)itc = �Xit+�11[cert ⇤ post]it+

�21[Score > 80] ⇤ [cert ⇤ post]it + �i + µtc + ✏itc

(2.3)

where �2 estimates the marginal effect of earning an Energy Star score above 80. The

treatment effect for buildings above the median Energy Star score is �1 + �2.

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

certification on rent. Buildings with a score below 80 charge rents that are 3.3 percent

higher than buildings that did not earn an Energy Star certification. The buildings

with an Energy Star score of 80 or above charge rents that are 4.3 percent higher

than buildings that did not earn an Energy Star certification. These results suggest

that tenants are willing to pay higher rents, on average, in buildings with Energy Star

scores above the median. However, there is no statistical difference between the point

estimates.

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

expenditure. For buildings above and below the median, we find that the effects of

certification on building utility expenditure are not statistically different from zero or

from each other.

2.5.2 Building Size

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

their electricity bills as a consequence of Energy Star certification than smaller build-

14. We estimate only two treatment effects because we do not have enough observations
to estimate a separate effect for every Energy Star score.
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ings. Here we examine whether larger buildings experience different effects of Energy

Star certification on rents and utility expenditure. The median size of a building in

the matched sample is 218,254 square feet, so we estimate a heterogeneous treatment

effect for buildings below and above the median size. We use the same specification

as in equation 2.3, substituting square footage for Energy Star score.

Table B.8 shows the results for rent and utility expenditure by size. Column 1

shows that smaller certified buildings earn a 3.4 percent rental premium relative

to uncertified buildings and that there is no difference in rent premium for larger

buildings. Similarly, column 2 shows no statistically different effects by building size

of certification on utility expendituress; neither buildings above nor below the median

size show statistically significant effects on utility expenditures from certification.

2.5.3 Building Age

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

building codes using detailed building-level data from CoStar. The author finds that

rental values are 4 percent higher in buildings that were constructed under more

stringent codes. That result is driven by buildings where tenants pay the electricity

bills, suggesting that energy efficiency is capitalized into building values. Buildings

constructed more recently are subject to more stringent energy codes. So it is possible

that there are differential treatment effects for newer versus older buildings. The

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

as in equation (2.3), where the marginal treatment effect is for buildings that are more

than 19 years old.

Table B.9, column 1 shows that the marginal effect of certification on rents for

buildings less than or equal to 19 years old is 3.7 percent. There is no differential

effect of being both certified and older than 19 years on a building’s rental premium.
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Similarly, column 2 shows no statistically distinguishable effect of being certified and

the age group the building belongs to on utility expenditures.

2.6 Other Mechanisms

In this section, we explore four possible reasons that we find an increase in rent but

no corresponding decrease in utility expenditures: (1) Energy Star certifies buildings

that are already energy-efficient. (2) Tenants sort in response to changes in a building’s

Energy Star certification status. (3) There is a rebound effect whereby lower energy

costs induce an increase in energy use, offsetting the efficiency improvements. (4)

Energy Star is a signal of building quality for other building attributes.

2.6.1 Building Renovations

One possible reason we see increases in rent without corresponding decreases in

utility expenditure is that Energy Star certifies the buildings that are already the

most efficient. Some buildings are eligible for certification without any changes to

their underlying energy efficiency. Appendix Table B.11 shows that on average, utility

expenditures are lower in buildings that get certified versus buildings that do not get

certified. This table also shows that the difference in utility expenditures between cer-

tified and uncertified buildings in the precertification period is statistically significant.

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

obtain certification; rather, Energy Star certifies buildings that are already efficient.

If buildings do not make updates to obtain certifications, then we would see no effect

of certification on utility expenditures, while seeing positive effects of certification on

rents.
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The NCREIF data contain information on the last time each building was reno-

vated. We combine the information on the year the building was most recently ren-

ovated with the year the building was constructed to determine the each building’s

most recent update. This measure of building renovation allows us to investigate the

relationship between renovations and a building’s certification status. It is possible

that buildings that have been more recently constructed or updated are more likely

to obtain an Energy Star certification. We use simple linear probability models to

determine whether a more recent renovation increases the probability of certifica-

tion and the correlation between capital expenditures and Energy Star certification.

These results provide suggestive evidence about whether building owners are making

improvements in order to obtain an Energy Star certification.

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

between 2000 and 2015. Of these 546 buildings that were recently built or renovated,

307 of them became Energy Star certified after the renovation, but of those 307, only

88 earned the certification within three years of being constructed or updated.

To understand the relationship between building updates and certification, we

estimate a linear probability model to explore the correlation between being recently

updated (or recently constructed) and certification, controlling for the level of capital

expenditure and other building characteristics:

1[treat ⇤ post]itc = �Xit + �tRit + �i + ⌧t + µtc + ✏itc (2.4)

where the dependent variable 1[treat⇤post]itc is equal to one if the building is postcer-

tification; Xit are building-level time varying controls; Rit is a dummy variable equal

to one in the year a building gets updated and every year after; �i are building-level

fixed effects; ⌧t are year fixed-effects; µct are city-year fixed effects; and ✏itc is an

idiosyncratic error term with mean zero.
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We estimate equation 2.4 using a variety of controls and fixed effects and report

the results in Appendix Table B.20. Using this simple linear probability model, we find

no evidence of a statistical relationship between a building’s updates (being updated,

renovated, or constructed) and becoming Energy Star certified.

One other mechanism by which Energy Star could improve building energy per-

formance is via investment in energy-efficient technologies. The NCREIF data con-

tain information on quarterly capital expenditures. While information specifically

on energy-related investments is not available, we observe expenditures on tenant

improvements, costs incurred to construct space for tenant occupancy, and other cap-

ital improvements that cannot be attributed to tenant space, including roof improve-

ments, parking lots, and HVAC systems. We use this information to estimate het-

erogeneous treatment effects by the level of capital expenditure on these building

improvements.

Most of the buildings that have obtained certification made some capital expen-

ditures for building improvements in the years leading up to certification. Of the

990 certified buildings in the matched sample, 854 have positive expenditures for

building improvements in the three years leading up to certification. Of these, 437

had expenditures of more than $314,214, which is the median capital expenditure for

building improvements (including buildings that made zero expenditures). It is pos-

sible that while buildings are undergoing renovations, their owners may also choose

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

whether there are higher rental values or lower utility expenditures for buildings that

make capital improvements, we estimate the following heterogenous treatment effects

model:
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ln(Y/sq.ft.)itc = �Xit+�11[cert ⇤ post]it+

�21[Exp. � Med.] ⇤ [cert ⇤ post]it + �i + ⌧t + µtc + ✏itc

(2.5)

where all terms are the same as in equation (2.1) except that �2 estimates the marginal

treatment effect for buildings with capital expenditures for building improvements

above the median amount. The treatment effect for buildings with expenditures above

the median is �1+�2. We also use equation (2.5) to estimate heterogeneous treatment

effects for the 854 buildings with any positive expenditure for improvements.

Table B.10 shows the resulting estimates from equation (2.5). Column 1 shows

that there is no differential treatment effect of certification on rents for buildings

whose owners invested in building improvements the three years prior to certifica-

tion. Column 2 shows that buildings whose owners spent above the median amount

on building improvements earn rents that are 5.48 percent higher per square foot

after certification than rents in uncertified buildings. These results suggest that the

estimate of the average effect of certification on rents in equation (2.1) is driven by

buildings with recent large expenditures on improvements. Column 3 shows no evi-

dence of a differential effect of certification on utility expenditure per square foot for

buildings that invested in building improvements in the three years prior to certifi-

cation. Column 4 shows no differential effects for utility expenditure, and as before,

estimates are indistinguishable from zero. These findings suggest that Energy Star

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

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

expenditures to improve tenant space, but rather improvements to common spaces or

the building as a whole.15

15. Expenditures for tenant space would include updated carpets or paint for the spaces
that tenants occupy.
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2.6.2 Tenant Types

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

certification and utility expenditure is tenant type. Once a building is Energy Star

certified, more energy-intensive tenants may move into the building. This type of

tenant sorting would be efficient, with the most energy-intensive tenants moving into

the most energy-efficient buildings. With tenant sorting, we could see decreases in

utility expenditure if the building is very efficient, had no change, or even had an

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

a building earns certification, green companies could move in. For example, as of

December 2010, all federal agencies are required to lease office space in Energy Star

certified buildings.

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

which we control for in all our specifications. We also estimate a version of equa-

tion (2.1) where the outcome variable is percentage leased. This specification allows

us to determine whether certification has any effect on occupancy rates in certified

buildings. Appendix Table B.21 shows the results of this regression. Column 3 shows

a precisely estimated zero effect of certification on building occupancy rates. Given

that we find no effect of expenditure on building improvements on utility expendi-

ture or the timing of renovation on certification, these results suggest that building

owners are not making efficiency upgrades to obtain certification. If anything, as more

energy-intensive tenants move into Energy Star certified offices, we might expect to

see increases in utility expenditures if there are no underlying changes in the building’s

energy efficiency. We would expect to see decreases in utility bills only if buildings

were updated and there was not enough tenant sorting or rebound to offset those

gains in energy efficiency.
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Qiu and Kahn (2019) find that in the Phoenix area, Energy Star certified build-

ings are often occupied by energy-intensive tenants. However, they also show that

it is unlikely that tenants move in response to changes in a building’s certification

status, suggesting that it is unlikely changes in tenant type are driving our results.

In addition, Jaffee, Stanton, and Wallace (2019) find a positive association between

triple-net leases and building sale prices. Triple-net leases, where tenants have to

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

their electricity use because they are responsible for a share of the building’s utility

bills proportional to the amount of space they lease in the building. However, we are

unable to test this relationship in our data, as we do not observe lease types.

2.6.3 Rebound

Another possible explanation for Energy Star certification having no effect on

utility expenditure is the rebound effect. This occurs when improvements in tech-

nology make consuming energy services less expensive, and thus individuals may

increase their use of those services, leading to lower-than-expected energy savings

from an efficiency improvement (Gillingham, Rapson, and Wagner 2016).

It is possible that once a building makes energy efficiency updates, tenants rec-

ognize the change and increase their energy use in response. So rather than seeing

decreases in utility expenditure, we may observe little to no change in utility bills,

depending on the size of the rebound effect. If energy services (such as heating and

cooling) now use less electricity than they did before, tenants can use more energy ser-

vices without increasing their utility bills. Resulting changes in utility bills depend on

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

and the energy intensity of those services (their energy efficiency).
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We have developed a simple model to estimate bounds on the change in the

underlying energy efficiency of a building using our estimates of the change in utility

bills combined with previous estimates of the rebound effect. The change in utility bills

decomposed into utility prices, energy services, and those services’ energy intensity

can be represented as

dln(Utility Expenditure)
dE⇤ =

dln(p ⇤ q ⇤ e)
dE⇤ =

dln(p)

dE⇤ +
dln(q)

dE⇤ +
dln(e)

dE⇤ (2.6)

where E
⇤ is Energy Star certification, p represents electricity prices, q represents

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

intensity of q (e.g., kWh per lumen of lighting or kWh per cubic foot of space cooled).

Thus equation (2.6) represents the change in utility expenditure from the change

in certification status as a function of energy prices, energy services, and energy

efficiency. We can then evaluate each part of the expression separately using our

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

the rebound effect.

For the first term in equation (2.6), energy prices do not change given a building’s

Energy Star certification status, E⇤, so the change in energy prices in response to

changes in a building’s certification status is zero: dln(p)
dE⇤ = 0.

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

dln(q)

dE⇤ =
dln(q)

dln(e)

dln(e)

dE⇤ (2.7)

Substituting in that new second term and rearranging, we have
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dln(Utility Expenditure)
dE⇤ = 0 +

dln(q)

dln(e)

dln(e)

dE⇤ +
dln(e)

dE⇤ (2.8)

=

✓
dln(q)

dln(e)
+ 1

◆
dln(e)

dE⇤ (2.9)

= (✏+ 1)(%impact of Energy Star on Efficiency) (2.10)

where ✏ < 0 represents the elasticity of energy services with respect to energy intensity,

or one measure of the rebound effect (the more energy-intensive, the less energy

services tenants use). If the effect of certification on utility expenditure is zero, as we

find, there are two possible explanations: either the elasticity of energy services with

respect to energy intensity is exactly equal to -1, so the first term of the equation

cancels, or the effect of Energy Star on efficiency is zero, or some combination of the

two.

The elasticity of energy services with respect to their energy intensity, ✏ < 0,

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

energy services demanded goes up by more than one, gains in energy efficiency might

be more than offset by increases in electricity use. Gillingham, Rapson, and Wagner

(2016) review the literature on elasticities of energy services and report estimates

ranging from -0.05 to -0.40, suggesting a direct rebound effect on the order of -5 to

-40 percent.

For any estimate in this range, the first term of equation (2.8) is positive. By

plugging in an elasticity estimate from that range and the range of estimates we find

for the change in utility bills, dln(Utility Expenditure)

dE⇤ , we can estimate a bound on the

effect of Energy Star certification on energy intensity, dln(e)
dE⇤ .

In our preferred specification, Table B.5, column 3, we find a point esti-

mate of -0.010 with a 95 percent confidence interval from -0.039 to 0.0194 for
dln(Utility Expenditure)

dE⇤ . We take the midpoint of the range of elasticity estimates from
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the literature, which is -0.20, and estimate bounds on the effect of Energy Star

certification on changes in the underlying energy efficiency of the building, dln(e)
dE⇤ .

Using the confidence interval around the point estimate (-0.039 to 0.0194) and a

point estimate for the elasticity of -0.20, the range for the effect of Energy Star on

energy intensity is -0.049 to 0.024. These bounds suggest that there are not large

changes in the underlying energy efficiency of certified buildings.

2.6.4 Energy Star as a Signal of Building Quality

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

energy efficiency. Eichholtz, Kok, and Quigley (2010) use national real estate data

from CoStar to estimate the rental and sales premium from green labeling. The

authors find that an Energy Star label is associated with 3 percent higher rent and 7

percent higher rent per square foot in comparison with nearby uncertified buildings.

They also show that these rental premiums are larger than the relative decrease in

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

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

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

average rent per square foot is $17.25 and average utility expenditure per square foot

is $1.60 for certified buildings. For a tenant to be indifferent between paying 3.7 per-

cent more in rent (or $0.64 more per square foot), utility expenditures would have

had to decrease by almost 40 percent for the change in utility expenditure to be capi-

talized into rent. The large increases in rent relative to utility expenditure per square

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

or that it may signal something about the building’s underlying quality.
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Energy retrofits are considered deep retrofits if they achieve more than a 50 percent

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

in utility expenditures necessary is almost on par with expenditures for deep energy

retrofits. These deeper upgrades are typically quite expensive. While we see that

building owners that spend more capital on building improvements charge higher

rents, we see no differential effects for utility expenditure in Table B.10. These results

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

obtain Energy Star certification.

2.7 Conclusion

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

sale prices those buildings command. In this paper, we have investigated both changes

in rent and changes in utility expenditure following Energy Star certification. Using

one-to-one matching and postmatching regressions, we find that Energy Star certifi-

cation increases building rents per square foot, but we find no evidence of decreases

in utility expenditures as a consequence of certification. The impacts of certification

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

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

utility bills decrease following Energy Star certification only if buildings had energy

efficiency upgrades. We find no evidence that landlords make such investments. We

provide novel evidence that building owners do not seem to make upgrades or capital

investments to obtain an Energy Star certification.

16. Deep retrofits include making larger upgrades to a building, such as replacing its win-
dows rather than making smaller upgrades to lighting. These big improvements are targeted
toward achieving deeper savings than smaller retrofits.
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Instead, our results suggest that Energy Star primarily certifies buildings that are

already energy-efficient and serves as a credible signal of energy efficiency or other

building attributes that enable landlords to charge higher rents. The accuracy of

Energy Star methodology in identifying up-to-date relative energy efficiency perfor-

mance of commercial buildings in a given location is the subject of some debate. More

frequent updates, along with improvements in the underlying data and methodologies

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

useful and credible.

While our findings are informative, they are likely not the last word on the effec-

tiveness of Energy Star. Because of data limitations, we are not able to address several

margins relevant for energy efficiency in this paper. We do not observe tenant informa-

tion for our buildings, so we are unable to discern whether tenants move in response

to changes in a building’s certification status. However, we find no evidence of changes

in occupancy rates following Energy Star certification. If the most energy-intensive

tenants sort into the most efficient buildings, this sorting would represent an overall

welfare gain to society. We also do not observe any extensive margin decisions. It is

possible that some buildings are constructed to be more efficient because of the exis-

tence of programs such as Energy Star or LEED. Our identification strategy relies

on within-building changes in response to (or in search of) certification status, rather

than on new buildings entering the market.

Overall, our findings suggest that Energy Star provides valuable information to

tenants about the relative energy efficiency of a potential space to lease. However,

voluntary green labeling programs may not ultimately encourage building owners to

make energy efficiency updates as the programs initially intended.
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Chapter 3

Bunching in Residential Electricity Consumption

3.1 Introduction

Before 2006, the US military did not charge service members in on-base housing for

their residential electricity use. Starting in 2006, that benefit changed and households

were charged market rates for their electricity use. But that price only applied to

electricity exceeding a specific monthly allocation that varied by household size and

location. Households that used less than the allocation received a refundable credit,

a cash rebate, of that same price for every kWh they used less than the monthly

allocation. Under the new pricing policy, electricity cost some positive marginal price

per kWh, based on location and local electricity prices, either in the form of a foregone

credit or an out-of-pocket payment.

In addition, the military did two other things that make this whole program espe-

cially interesting. First, they created a buffer zone around the allocation—typically

10 percent—in which electricity was free. So the typical household forgoes a credit for

each kWh used up to 95% of the allocation, pays nothing for each kWh between 95

and 105% of the allocation, and pays out-of-pocket for each kWh used beyond that

point. This nonlinear price schedule provides us with a new and valuable opportunity

to test how households respond to non-linear prices in an important setting.

Second, in March 2019 the military suddenly and without warning reversed the

policy, reverting back to the old system of free electricity for all tenants in on-base
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housing. That reversal gives us a useful, exogenously set price of zero against which

we can contrast usage when prices were nonlinear.

In this paper, we use these stark price nonlinearities and sudden changes to ask

the following questions. Do households respond to this pricing schedule? And if so,

are those responses consistent with what standard economic theory would predict?

And if not, what other factors could be driving household electricity consumption

decisions? We address these questions using monthly electricity billing data from

31,381 houesholds at two US military bases from October 2014 through February

2020.

The unexpected change in electricity prices allows us to estimate how many more

households located near the nonlinearity in the pricing schedule than otherwise would

have if the nonlinearity did not exist. We use three alternative empirical approaches to

predict what households would have done had there been no nonlinearity in the price.

Two of the three approaches combine panel data on monthly household electricity use

with the change in prices to estimate counterfactual electricity consumption under a

flat electricity price. The third approach follows the standard estimation procedure

in the bunching research from Saez (2010) and Kleven and Waseem (2013) and uses

only the data prior to free electricity to fit a predicted counterfactual.

Under all three approaches we find that households do respond to the pricing

schedule. The estimates of the extra households in the distribution nearby the non-

linearity in the pricing schedule range from 39.64 percent more households to 3.41

percent more households under the most conservative approach.

Next, to evaluate whether these responses are consistent with the households

responding to the sharp change in the marginal price we estimate an upper bound

on the price elasticities of electricity demand following Kleven and Waseem (2013).

We use the change in the electricity consumption of the marginal household caused
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by the pricing schedule and estimate elasticities that range from -0.12 to -1.44. These

elasticities are large relative to previously estimated price elasticities of electricity

demand (Ito 2014; Brolinson 2020).

There are several possible explanations for the household’s large responses to their

electricity pricing schedule. The first is the way the allocation system was designed.

Households received information about their electricity use relative to their peer group

of like-type homes (Lincoln RECP 2019). Allcott and Rogers (2014) shows that when

households receive information about their electricity use relative to their peers, that

they respond by changing their electricity consumption. However, in our sample,

households received this information before and after the change in electricity prices.

If they responded to that information in the same way in both time periods our

estimates control for that response.

Second, standard economic theory predicts that households should respond to the

rebate and the charge in the same way because the marginal cost is the same on either

side of the allocation. However, Kahneman and Tversky (1979) show that losses may

outweigh gains and so households may respond more to the marginal charge than to

the rebate. We evaluate how individuals change their electricity use after receiving a

rebate versus making a payment.

Third, electricity demand is derived from demand for electricity services such

as lighting, heating, and cooling. Households faced uncertainty both in what their

monthly allocation was an in what changes they would need to make to directly

target that allocation. Households may better be able to target the free range when

they have larger electricity allocations. We find that in months when the allocations

are larger, households are more likely to locate near the nonlinearity, suggesting that

the optimization frictions present in this context may be smaller than those present

in the taxation literature for wage and salary earners (Hausman 1982; Chetty et
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al. (2011)). We also find that households who have recently bunched are more likely to

bunch in the following month. This finding aligns with previous research on household

response to nonlinear tax rates, which shows that households who have previously

located nearby refund-maximizing nonlinearities are more likely to do so in the future

(Mortenson and Whitten 2018).

Our paper makes several contributions by providing: (1) The first study that uses

individual panel data to compare a period with the incentive to bunch to its absence,

an ideal counterfactual,1 Previous techniques to estimate how households respond to

a nonlinearity in their budget constraint fit polynomials across a discontinuity make

strong parametric assumptions that can ultimately impact the estimates of elasticities

yielded by a bunching estimator Blomquist et al. 2019. (2) The first evidence that

nonlinear electricity prices can in fact induce bunching of energy consumption (3)

Evidence of a real response to a change in marginal electricity prices whereas to date,

most of the bunching literature demonstrates that some households, i.e. households

with self-reported income, do respond to changes in tax incentives by changing their

income (Saez 2010; Chetty et al. 2011; Mortenson and Whitten 2018; Kucko, Rinz, and

Solow 2018b). (4) Comparisons of estimates of bunching using a natural experiment

and panel data to estimates under the standard approach of predicting a polynomial.

And (5) estimates of the resultant elasticities, which demonstrate that elasticities

estimated using bunching are sensitive to assumptions.

On the consumer side, literature in resource economics finds that households are

generally insensitive to block-rates, a type of nonlinear marginal pricing that utilities

implement (Borenstein 2009; Ito 2014; Shaffer 2020; Wichman 2014). Instead, the

1. The most closely related paper is Kucko, Rinz, and Solow (2018b) which measures
bunching in response to the Medicare coverage gap. Theirs was the first paper to use a panel
data approach to compare bunching across state borders. But, they do not use individual-
level data.
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households typically respond to average price, which is the equivalent of responding

to the total cost on their electricity bill. It is natural to ask if the household knows

how much they are consuming. The answer is probably not. Electricity is an invisible

force and indirectly consumed; a consumer derives all benefits from powering lights,

refrigerators, computers, and mobile phones. The power meter is often outside the

home. And, even if households read the power meter, it must translate changes in

behavior into usage then into dollars. The effort to figure out where they fall in the

pricing schedule and how to change behavior likely outweighs the possible savings

on their bills, known as rational inattention (Sallee 2014; Grubb 2015). Utility bills

provide some information, but these arrive in the mail or inbox after the electricity has

been consumed. In our case, households needed to adjust their electricity use relative

to their peer group, suggesting that optimization frictions in our context were less of

a barrier.

This paper is closely aligned with the research in labor economics and public

finance which demonstrates that income for wage earners is unresponsive to the dis-

continuities in marginal tax rates (Hausman 1982; Chetty et al. 2011). The exceptions

are the self-employed, who report their own income, indicating that these taxpayers

may lower their stated earnings to maximize their tax refunds (Saez 2010; Kucko,

Rinz, and Solow 2018b; Mortenson and Whitten 2018; Chetty et al. 2011). On recon-

sideration, the above authors attribute an employee’s lack of responsiveness to fric-

tions in their labor supply; most workers cannot choose the hours they work for an

employer.
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3.2 Household Pricing Schedule

Service members often rent, rather than buy, a home where they are stationed

because of frequently moving due to reassignments. Bissell, Crosslin, and Hathaway

(2010) estimate that 30 percent of military households live in on-base housing. The

rent for these homes came with ‘utilities included’ until 2006. Then the armed forces

introduced a program for on-base households to begin paying for electricity, as typical

civilian households do. If the price incentives save the military money, as intended,

they can use the savings to improve local amenities such as parks, playgrounds, and

community centers (Lincoln RECP 2019). Military families resisted paying for elec-

tricity. So, the US military made concessions to engender community support. Utilities

serving on-base households charge at a rate per kilowatt hour, r in $/kWh, but apply

a pricing schedule with two unique aspects.

First, all households receive an allocation of free electricity, which we refer to as

A. Any household with greater consumption pays for the excess use; on the other end

of the distribution, each household with low usage receives a rebate for their conser-

vation.2 Each household’s allocation, A, is the average electricity use of the homes

in their billing group. Billing groups are similar home types in the same location. As

examples: one billing group is four bedroom houses in a sub-division built in the 1990s,

whereas, a different group is two bedroom houses in another part of the base and were

built in the 2010s. The allocation is a subsidy that offsets the average household’s

cost of electricity, aligning with the residents’ desire for ‘utilities included,’ while the

marginal price provides the incentive to conserve electricity.

An additional peculiarity creates a discontinuity in the price incentive — house-

holds also receive free electricity for an additional ±%-range around each month’s

2. The pricing schedule is a version of a common two-part tariff with a marginal price
and a fixed monthly subsidy, i.e., a negative fixed fee.
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allocation. Simply put, households with low usage get a rebate, households with con-

sumption in the range near the allocation neither receive nor pay, and high-use house-

holds pay a bill. Each residential military location established the %-range for free

electricity prior to implementing their programs. The free-electricity range benefits

high-use households, which made them more accepting of introduction of the program.

The allocation for a billing group g is Āgt, the average usage of all households in the

group in month t. The free-electricity consumption c is (1�K)Āgt  c  (1+K)Āgt,

where K is the percent for the range, which differs by location.3 Electricity use below

the free-electricity range is rebated at the location’s price per kilowatt-hour (kWh),

rate r; and electricity use above the range is charged at the same price per kWh. The

pricing schedule has three parts, the rebate range, the free-electricity range, and the

payment range. We can define the corresponding electricity bill, which a household i

receives in month t+ 1, as a function of consumption, cit:

Chargei,t+1(cit) =

8
>>>>>><

>>>>>>:

r[(1�K) ⇤ Āgt � cit] if cit < (1�K)Āgt

r[cit � (1 +K)Āgt] if cit > (1 +K)Āgt

0 Otherwise

The first line represents a rebate: net out the free-electricity range and receive a check

for the remainder of the amount under the group average. The second line represents

a charge: net out the total amount up to the upper end of the free-electricity range

and the household is charged for the overage.

The free-electricity range generates incentives for some households to increase their

electricity use. In the next section, we describe a theoretical framework to generate

predictions about household response to the discontinuities in the electricity pricing

schedule.
3. In the two locations we study, the range is ±5 percent of the group average, Āg,

spanning consumption from 95% to 105% of A for each billing group.
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3.3 Conceptual Framework

In this section, we present a conceptual framework to generate predictions and

comparative statics about consumer behavior in response to the nonlinear prices. Our

framework for a representative household builds building on the model of taxpayers

presented in Kleven and Waseem (2013). A household’s utility depends on electricity

consumption, c, and consumption of a composite good, x. The household faces prices

of x, normalized to $1, and electricity, r in $/kWh, and has income $I.

Figure C.1 is a stylized version of the household’s optimal choice under three alter-

native budget constraints. First, suppose that the households face a typical budget,

without an allocation. A household chooses bundle c0 to maximize utility. Second,

suppose the household receives an electricity allocation A. The effect is theoretically

identical to additional income —the budget constraint shifts out by the $-value of the

allocation, $r ⇤A. The allocation is a lump sum transfer, rather than a discontinuity,

and should not distort incentives.

The third budget constrain portrays the free-electricity range as ±5 percent of

A, spanning consumption [0.95A, 1.05A]. The flat region of the budget dark, solid,

nonlinear budget constraint in Figure C.1 represents the free-electricity range. In the

terms laid out by Kleven and Waseem (2013), the free-electricity range generates a

“pure notch” in the budget constraint —a discrete change in the budget constraint at

a cutoff but no change in the marginal rate on either side.4

4. The pure notch represents a discrete change bill liability on either side of the threshold,
but no change in marginal rates. A pure notch also generates nonlinearities in a household’s
average price schedule. This stands in contrast to a “proportional notch,” which combines
both a discrete change in the bill liability with a change in marginal rates in either side of
the cut off (a kink). For more information on notches versus kinks see Kleven and Waseem
(2013) and Kleven (2016)).
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We use this conceptual framework provide testable hypotheses, which compare the

households’ responses to the free-electricity range to a counterfactual without the free-

electricity range. First, the free-electricity range should induce any household with

electricity use within the free-electricity range, in the counterfactual, to consume the

entire free amount, causing this household to bunch at the maximum of free electricity,

1.05A. Any household with electricity use from 0.95A to 1.05A could increase their

utility by increasing their electricity use to the top of the free-electricity range at

1.05A. These households could consume more electricity free of charge, increasing

their utility.

Moreover, there exist households with preferences such that their optimal coun-

terfactual consumption is less than the minimum of the free-electricity range, 0.95⇤A;

that with the free-electricity range, these households’ optimal electricity use induces

them to bunch at 1.05A. Because electricity is a normal good, these households obtain

a higher utility and consume more electricity. These households are shown in Figure

C.1 where their utility increases from u
0
0 to u1 and consumption from c

0
0 to 1.05A.

The free-electricity range transfers income from low-usage households to higher-

usage households by cleaving the budget set into two segments. There are two types of

low-use households that are worse-off under a pricing schedule with the free-electricity

range. The first are households with such low electricity use, c < A, such that with

the free-electricity range they decrease their electricity use. This is because the total

subsidy they could receive is 0.95A which is less than A. The second are households

for whom their optimal usage was originally less than A, however, with the free-

electricity range their best option is to consume at 1.05A, but they obtain a lower

utility. In general, a household with counterfactual consumption of c > A is strictly

better off with the free-electricity range, whereas, a household with counterfactual
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consumption of c < A may be better or worse off. Note, these responses assume

strong monotonicity of preferences and perfect information.

Our model deviates from Saez (2010) because rather than a small change in

marginal prices, at the first discontinuity in the budget constraint households experi-

ence a 100 percent decrease in prices. Then, at the second discontinuity point, prices

revert back to their previous levels. Because the price in the buffer range is zero, we

cannot compute arc elasticities using the methods in Saez (2010). And, the marginal

price of electricity on either side of the free-electricity range is the same.

Instead, to calculate elasticities we follow Kleven and Waseem (2013) and consider

an approximation of the change in marginal price for the lowest-use buncher to calcu-

late an upper bound on the elasticity of electricity demand. In this framework, there

is a household that is perfectly indifferent between consumption cl < 0.95A and the

upper end of the free-electricity range at 1.05A. Figure C.2 shows a hypothetical indif-

ference curve for a household that is perfectly indifferent between cl and 1.05A. All

households with electricity use between cl and 1.05A should bunch at 1.05A because

their utility will be higher. Thus, we expect to see “missing mass” in the distribution

from cl to 1.05A with these households bunching at 1.05A, where prices switch from

0 back to r.

The change in marginal price that the household would experience for a move

from cl to 1.05A is the implicit marginal price, represented by the dashed orange link

in Figure C.2. Using this implicit marginal price overestimates the price elasticity of

demand as the figure shows there are points that are strictly preferred to ul on the

dashed line (the implicit marginal price). We can use the change in consumption from

cl to (1 +K) ⇤A and the implicit marginal price r
⇤ to estimate the price elasticity of

demand:
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e =
�c
c

�r⇤

r

(3.1)

where we treat the discontinuity in the budget constraint as the hypothetical

change in prices from the implicit marginal price r
⇤ to the original marginal price r.

In sections 3.5.1 and 3.6.2, we estimate the range with missing mass and the

range with bunching mass. These estimates directly correspond to the cutoff point

cl of the marginal buncher, and allow us to calculate elasticities in Section 3.8 using

the implicit change in marginal price at that consumption level and the elasticity

estimated by Equation (3.1).

3.4 Data

We use monthly electricity billing data for households living on two Army bases

in the continental US. For confidentiality, we cannot reveal which bases we use. Both

locations have the same pricing structure. More data provides additional power, par-

ticularly because we only observe one year with completely free electricity. We clean

the data, dropping low quality data; details are provided in the appendix. We nor-

malize all data to average daily values to account for differences in days per month.

The data for analysis contain 455,351 observations for 31,381 households, tracking

9,307 homes from October 2014 through February 2020.

Figure C.4 summarizes the average electricity allocation, in kWh/day, over time

for the two locations. We weight these averages by billing group size, which vary.

This figure shows several important characteristics of our data: First, we have more

than four years of data with households facing the nonlinear pricing schedule and

one year of data with households receiving free electricity. Second, electricity use is

highly seasonal due to weather and the characteristics of the homes: the billing group
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averages, which are equivalent to the allocations, vary month to month. Location 1

has a much cooler climate, using a large amount of electricity in the winter, despite

half the households having gas heating. Summer air conditions usage also leads to high

usage at Location 1. Location 2 is in a warmer climate with mild winters, leading to

larger summer usage and resultant allocations. Lastly, Location 1 has higher overall

usage, and concomitant allocations, than Location 2, on average; represented by the

horizontal lines on the figure. Location 1 has more need for climate control year-round,

despite the larger swings in usage at Location 2. Thus, we collect weather data for

each location.

Table C.1 reports basic summary statistics for the households in our sample,

pooled and for each location. Mean electricity consumption is 33.36 kWh/day at a

rate of $0.07/kWh, a $2.42 value of electricity per day, or approximately $74 per

month. As noted above, the two locations have different mean consumption, 37.5 and

30.4 kWh/day, respectively.5

We combine monthly billing data with weather data from NOAA’s Climate Data

Online service (NOAA 2020). We match each location with monthly heating degree

days (HDD), cooling degree days (CDD), and precipitation from its closest weather

station. The weather stations are 4.2 and 5.1 miles from their respective bases. HDD

and CDD measure how cool or warm a location is by representing how much the

average daily temperature deviates from a pre-specified temperature (US Energy

Information Administration 2020). We use 65�F as the set point. For example, if

the average daily temperature is 40�F, the HDD for that day would be 25�F (or 65-

40). The measures reported in Table C.1 represent the average daily “degree days”

5. The averages mask heterogeneity between billing groups. We pick four billing groups
out of the 95, two from each location, to illustrate this; Figure C.14. The groups’ distributions
of electricity use differ in both the mean and the variance, reflecting that homes of different
sizes and vintages have different consumption patterns.
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the household experienced. On average, households in our sample experienced more

cooling degree days than heating degree days. The correlation between the group

average and CDD is 0.63 , demonstrating that warmer weather is correlated with

higher electricity use.

We also characterize the bottom and top of the free-electricity range; the average

range is 3.28 kWh/day. On average, 24.8 percent of the households have a gas con-

nection, 11.7 percent of them had electronic billing, and 3.9 percent of them had

autopay.6

Military personnel frequently move between bases both within the US and around

the world. The average household lived in one location for 17 months in our sample.

There were 95 billing groups across both locations with 43 at location one and 52 at

location two. The average number of households in a billing group in a month was 150

households and the median was 105 households. For privacy reasons, the addresses

of the other households in a billing group were not disclosed. Because the households

were not aware of the other members of their billing group, we have little concern

that households coordinated amongst themselves to increase their monthly electricity

allocations.

3.5 A Natural Experiment with Free Electricity

We use three different approaches to predict counterfactual electricity use and

understand households’ responses to their electricity pricing schedule. Two of the three

approaches leverage a natural experiment where all electricity became free in March

2019. Households continued to receive electricity bills, but because all electricity was

6. Sexton (2015) demonstrates that automatic bill pay decreases the salience of electricity
prices and causes electricity consumption to increase. However, in the context in that paper,
almost 80 percent of households enrolled in an automated payment program for their elec-
tricity bills, which is much higher than the 3.9 percent in our sample.
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now free, they neither paid nor received rebates for any electricity consumed starting

in March 2019 through the end of our sample.

As a result of this abrupt and unexpected change in prices, we observe household

electricity use under two pricing schedules: nonlinear pricing due to a free-electricity

range and completely free electricity. The best possible counterfactual would be

observed electricity use under a constant price to estimate the counterfactual dis-

tribution of electricity consumption. But, we do observe households with a marginal

price of zero. We use observed electricity consumption under that flat price of zero to

predict what households would have done if the did not have the free-electricity range

up to March 2019. Observing electricity use under both pricing schedules allows us

to predict counterfactual electricity use when there is no nonlinearity and compare

those outcomes to the observed distribution where there is one.

In Section 3.5.1, we quantify bunching using household-level panel data on elec-

tricity use. We estimate changes in electricity consumption using a simple differences

framework. Then, we use those estimates to predict counterfactual electricity con-

sumption without the free-electricity range and calculate the amount of bunching

using that approach. In Sections 3.6.1 and 3.6.2, we aggregate the data based on how

much electricity the household used as a percent of their group average. We calculate

the share of households in each billing group in each month in five percent bin relative

to the group average. The bins range from zero to 300 percent of the group average.

This approach allows us to estimate how this distribution changed, and therefore how

much bunching there was, using the free electricity period as a guide. In Section 3.6.3,

we compare these results to one of the standard bunching estimators in the literature

outlined by Chetty et al. (2011).
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3.5.1 Quantifying Bunching Using Household-Level Data

Here we estimate how households with varying electricity use responded to the

different incentives created by the free-electricity range. To determine whether house-

holds increased (or decreased) their electricity use as a result of the nonlinearity, we

use observed consumption when electricity was free to split households into 10 percent

bins relative to the group average (10-20 percent of the average, 20-30 percent of the

average, etc.).7 For example, a household with average electricity use of 75 percent of

the group average is assigned to the 70–80 percent bin. These estimates allow us to

predict each household’s counterfactual electricity consumption.

Household electricity consumption when electricity was was stable, households did

not frequently move between the 10-percent bins. The standard deviation in household

electricity use was 0.11 for households that used between 70 and 130 percent of the

group average.8

After we calculate each household’s bin, we estimate the average change in elec-

tricity use as a result of the nonlinear pricing schedule using:

ln(cit) = �0 + �1Xlt +
j=20X

j=1

�2j[Binj ⇤ Nt] + Nt + �i + ⌧t + ✓t + ✏it (3.2)

where ln(cit) is the natural log of household i’s average daily electricity use in month-

of-sample t, Xlt includes HDD and CDD, and Binj is the average electricity use bin

for household i. We define the treatment variable, Nt, as moving from the post-March-

2019 sample to the pre-March-2019 sample because we want the coefficients to reflect

7. We use this characterization because the free electricity period is our control period
without a nonlinear pricing schedule. We characterize households into bins to estimate the
average response of the typical household in one of those bins

8. The standard deviation for households across the whole pricing schedule is 0.19, sug-
gesting that households usually did not deviate more than two bins from their average post
period bin.
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the change caused by the free-electricity range, not what happens when it is removed.

This approach facilitates interpretation but has no impact on the estimation.9 �i is

a household-level fixed effect, ⌧t is a month-of-year fixed effect, and ✓t is a year fixed

effect. Errors are clustered at the billing group level because it is possible that errors

are correlated between billing groups (Cameron, Gelbach, and Miller 2011).

The parameters of interest, the �2js, estimate the average percent change in elec-

tricity use for Binj households. Controlling for weather and the included fixed effects,

this parameter captures how households changed their electricity consumption in

response to the nonlinear pricing schedule.

Causal identification requires that conditional on the fixed effects and weather

controls, there are no time-varying trends in household electricity consumption that

change simultaneously with the change in prices. Household fixed effects absorb time-

invariant characteristics at the household level, such as consumption type or other

household-specific behavioral tendencies. In support of that identification assumption,

Figure C.5 shows electricity use at the two locations under the two pricing regimes:

the nonlinear regime, the dark blue densities, and the free regime, the orange densities.

Strikingly, the distributions at both locations shifted in the same general way, to the

right and become more disperse, when all electricity became free.

Appendix Table C.11 and Figure C.6 show the �2js from Equation (3.2). All

estimates are relative to the 7th bin (households with average use of 70 to 80 percent

of the group average). Bins one through four show statistically significant increases in

electricity use. While bins eight through twenty show statistically significant decreases

9. If the treatment indicator were changed to reflect the removal of prices, the estimates
would be the same but with the opposite sign.
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in electricity use, ranging from 1.8 to 8.3 percent. The figure shows that pattern: high

users decreased their electricity use under nonlinear prices relative to free electricity.10

Next, we predict each household’s counterfactual electricity consumption as

though the free-electricity range did not exist. In practice, we predict cit using Equa-

tion (3.2) while omitting the �2js. Chetty et al. (2011) and Saez (2010) use this

approach to predict the counterfactual distribution of electricity use by omitting

the estimates from the pre-specified bunching range. This predicted counterfactual

electricity consumption represents what households would have done if there was no

nonlinearity in their pricing schedule.

Figure C.9 shows the outcome of predicting the counterfactual. The figure shows

versions of the distribution in one percent bins of the group average. Each bin shows

the average share of households that fell within that bin. The circles show the shares

for the observed data and the triangles show the shares for the predicted data resulting

from Equation (3.2). The figure shows missing mass and excess mass in the observed

distribution versus the predicted distribution. The figure provides suggestive evidence

that there is more mass in the distribution in the free-electricity range.

While Figure C.9 appears to demonstrate bunching, are the shares in each bin

statistically different from one another? We complete t-tests to determine whether

the observed distribution shows missing and excess mass relative to the predicted

distribution. The t-tests allow us to determine the range containing missing mass

and the range containing excess mass based on where the differences are negative or

positive and statistically significant.

Figure C.7 shows the results for each t-test for each percent bin. The orange tri-

angles show the percentage point difference between the share of households in that

10. We also estimate versions of Equation (3.2) separately for each season and an alterna-
tive definition of the bin sizes. The outcomes for the point estimates can be seen in Appendix
Figure C.15. The pattern in each Figure is similar to the pattern in Figure C.6.
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bin in the observed data and the share of households in that bin in the counterfactual

data. The grey lines represent the 95 percent confidence interval on for each t-test. If

the difference estimate is positive, the observed data has a higher share of households

in that bin than the counterfactual data. A positive estimate indicates that there is

excess mass, or bunching, in that bin. Similarly, if the difference estimate is negative,

the observed distribution has a lower share of households in that bin than the coun-

terfactual distribution. A negative estimate indicates that there is missing mass in

that bin.

Figure C.7 shows that the percentage point difference between the observed and

the counterfactual is negative and statistically different for bins 63 to 67 percent

of the group average. This is the “missing” range predicted by the individual-level

specification. These missing households jump to the bunching range, which occurs

from bin 87 to 118 of the group average, or the bunching range predicted by this

specification.11 This figure and the corresponding t-tests provide further evidence

that the mass of missing households shifts from the left of the free-electricity range

into the free-electricity range as our theory predicted.12

Using these predicted missing and bunching ranges, we can aggregate the share of

households falling into each range in each billing group in each month to characterize

the proportion of missing and bunching households. We find the percent difference

for the share of households in the bunching bins in the observed distribution and the

counterfactual distribution. The bunching and the missing range are set based on the

bins with statistically significant differences between the observed and counterfactual

11. We calculate this missing (bunching) range based on where the estimates are negative
(positive) and statistically different from 0 at the 5 percent level.

12. The four panels of Appendix Figure C.16 show the results of the t-test for the seasonal
specifications shown in Appendix Figure C.15. These Figures show more imprecise estimates
than the main results but do show a similar pattern with missing households coming from
the left and bunching around the free-electricity range.
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distributions. The average estimated amount of bunching is 27.61 percent more house-

holds in the bunching region in the observed than the counterfactual distribution. The

average estimated amount of missing mass is -27.10 percent fewer households in the

missing region in the observed versus the counterfactual.

This estimated bunching is striking because previous literature using administra-

tive tax data snows almost no evidence of bunching at kink points in the marginal tax

schedule. Rather, these papers typically find that only households with self-reported

income are able to locate at the kink in the pricing schedule (Saez 2010; Chetty et

al. 2011; Kucko, Rinz, and Solow 2018b; Mortenson and Whitten 2018).

These results demonstrate that households bunch in response to discontinuities in

the pricing schedule and that households with relatively low amounts of electricity

use, 63 to 67 percent of their group’s average, may be incentivized to increase their

electricity use to take advantage of the free-electricity range. However, these results

may suffer from issues of mean reversion in electricity use. To address potential con-

cerns of mean reversion, we estimate changes in the shape of the distribution, rather

than changes in electricity use at the individual level in the next section.

3.6 Empirical Approach: Aggregated Data

Here rather than focusing on how electricity use changes at the household level,

we focus on how the shape of the distribution of electricity use changes in response to

the change in the pricing schedule. By using more aggregated data, we are both able

to compare our results to other estimates in the existing literature and can address

some potential concerns of mean reversion present in the individual approach. But

rather than estimating the bunching mass using the cross-section as in the previous
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literature, we leverage the unexpected change in the electricity pricing schedule to

estimate the share of bunching and missing mass.

After estimating the change in individual electricity use as a result of the free-

electricity range, we use an alternative approach where we estimate the change in the

shape of the distribution. These approaches use aggregated data to estimate overall

changes in electricity use, rather than changes at the individual level.

3.6.1 Graphical Evidence of Bunching

To get a better idea of what the aggregate shifts in consumption look like when

prices are set to zero, we transform our individual-level data to binned data. Each

bin reports what proportion of a billing group in a month falls into a given range of

consumption relative to the group average A. The bins span from 0 to 300 percent

of the group average in 5 percent intervals. This leaves 60 bins to characterize the

distribution and leads us to have 323,640 observations for the specifications in this

section. For example, if there are 100 people in a billing group and 5 of them fall

between 0.70A and 0.75A, then that bin would have a value of 0.05 for that billing

group in that month.

Using this binned data, we estimate how the shape of the distribution shifted

when prices were removed in March 2019 using the following equation:

Sbjt =�0 +
b=60X

b=2

�1b(Binb ⇤ Nonlineart) +
b=60X

b=2

�2b(Binb)+

Nonlineart + �3Xlt + ⌧t + ✓t + �j + ✏bjt

(3.3)

All terms are the same as in Equation (3.2) except Sbjt measures the share of house-

holds in percent bin b in billing group j in month of sample t. Binb is a dummy variable

equal to one for each 5 percent bin between 0 and 300 percent of the group average.
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And �j is a billing-group fixed effect. And ✏bjt is the error term, which is clustered at

the billing group level to account for correlation between groups (Cameron, Gelbach,

and Miller 2011). All estimates are relative to the first bin which includes electricity

use between 0 and 5 percent of the group average.13

The coefficients of interest are the �1bs, which represent the average percentage

point difference in the share of households in bin b when households were charged

using the nonlinear schedule versus the free schedule.

The identification assumption for interpreting �1b as the causal effect of the change

in pricing regimes on the share of households in a particular bin b is that conditional

on fixed effects and weather controls, there is no other time-varying trend that would

affect the shape of the distribution of electricity consumption. Said differently, condi-

tional on fixed effects and other controls, there cannot be any other change in policy

or behavior that might affect the distribution of electricity consumption except the

price change.

Figure C.8 shows the estimates of �1b from Equation (3.3) relative to the first

bin (the omitted bin). Each orange triangle represents the percentage point change

in the share of households in one bin. The vertical grey lines above and below each

triangle show the 95 percent confidence interval. The grey dashed lines indicate the

consumption range with free electricity.

The figure provides a few insights. First, there is a statistically significant increase

in the share of households using electricity from 100 percent of the group average up to

105 percent of the group average. The estimate for electricity use from 105 up to 110

is positive, but not statistically significant and the estimate for electricity use from

110 up to 115 is positive and statistically significant. These estimates provide further

13. We omit the first bin as there should be no effect of the change in prices on the share
of households in the very first bin in the distribution.
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evidence that there are more households locating near the nonlinearity in the pricing

schedule when the free-electricity range is in effect. Second, while the estimates are

not statistically significant, the estimates from bins 70 to up to 85 are negative, which

closely aligns with the “missing range” predicted by the individual specification. Taken

together, this graphical evidence suggests that the range of free electricity is causing

bunching. In the next section, we take a simple differences approach to estimate the

amount of bunching and missing mass and where in the distribution that missing

mass comes from.

3.6.2 Quantifying Bunching Using Binned Data

In this section, we build on the approach in Section 3.6.1 and quantify the bunching

and missing households using a multi-step process. First, we estimate a modified

version of equation (3.3) that accounts both for where in the distribution bunching

occurs, the bunching range, and where in the distribution that bunching mass comes

from, the missing range. We use an iterative procedure adapted from Kleven and

Waseem (2013) to determine the bunching and missing ranges of the distribution.

Second, we use those empirically determined bunching and missing ranges to predict

the counterfactual distribution of electricity use in the absence of discontinuities in

the pricing schedule similar to the approach in Saez (2010) and Kucko, Rinz, and

Solow (2018b).

We start by estimating a modified version of equation (3.3) with the following

specification:

Sbjt =�0 + �1(Missb ⇤ Nonlineart) + �2(Bunchb ⇤ Nonlineart) + Missb+

Bunchb + Nonlineart + �5Xlt + µb + ⌧t + ✓t + �j + ✏bjt

(3.4)
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where all terms are the same as in equation (3.3) apart from Missb, which is a dummy

variable equal to one if bin b falls in the missing range of the distribution, Bunchb

which is a dummy variable equal to one if bin b falls into the bunching range, and µb,

which represents a percent-bin fixed effect which controls for the differences in the

distribution of electricity use common across all billing groups. For �1 and �2 to be

interpreted as the causal impact of the change in the pricing schedule on the share

of households in a missing bin, it must be that conditional on month-of-sample fixed

effects, weather, billing-group fixed effects, and bin fixed effects, the distribution of

electricity consumption under the free pricing regime is representative of electricity

consumption under a flat pricing schedule without any discontinuities in the price.

The bins that fall into the Missb and Bunchb range are not known ex-ante. To

determine the best bin allocations, we use an iterative procedure. We estimate (3.4)

to minimize the difference between the predicted number of missing households and

bunching households (Kleven and Waseem 2013). We estimate (3.4) for every missing

range and bunching range combination from bin 60 to 140 where at least two bins

are included. This procedure leads us to 364 possible combinations of missing ranges

and bunching ranges.

This iterative process allows us to determine the missing range and the bunching

range empirically. The missing range and bunching range occur when the difference

between the predicted missing mass and the predicted bunching mass is minimized.

The results from the top ten specifications that minimize the absolute value of

the difference between the predicted and bunching mass are shown in Table C.2.

The specifications are ordered from the smallest predicted difference to the largest

predicted difference. The coefficients for the missing range, �1, and bunching range

�2 are shown in columns 2 and 3 respectively. These estimates show the average

percentage point change in the share of households falling into a bin in the missing
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or bunching range. To find the difference between the predicted missing mass and

predicted bunching mass, we multiply the coefficients in columns 2 and 3 of Table

C.2 by the number of bins that were used in the estimate (columns 4 and 5). Column

6 reports that difference in the predicted missing mass and the predicted bunching

mass.

We use these specifications to determine which bins should be included in the

missing range and the bunching range. While the estimates in the top three rows rep-

resent the three smallest estimated differences between the predicted missing mass

and the predicted excess mass, the estimates for both �1 and �2 are not statistically

distinguishable from zero. The estimates included in the 4th row, the light grey high-

lighted row, are both statistically significant and correspond to the missing range from

65 percent below the average to (but not including) 90 percent. The bunching bins in

the specification are from 90 percent of average to (but not including) 110 percent.

The difference between the predicted missing mass and bunching mass is 0.000629.

Appendix Table C.10 shows the point estimates from Equation (3.4) for the speci-

fications in Table C.2 where both �1 and �2 are statistically significant, which includes

rows four, seven, and ten. This table shows that on average, there were 0.001 per-

centage points fewer households on average in bins in the missing range. It also shows

that typically, that there were 0.002 percentage points more households on average

in bins in the bunching range. These results demonstrate that the nonlinear pricing

schedule incentivizes households using less electricity than the lower bound of the

free-electricity range to increase their electricity use.

By iterating over alternative ranges for the missing and bunching bins, we empiri-

cally determine which bins should be included in the missing range and the bunching

range. Then, we use the estimates from Equation (3.4) for the bins that minimize that

estimate difference to predict a counterfactual distribution of electricity consumption.
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In practice, this is done by predicting Sbjt values for each bin, billing group, and month

of sample while omitting the �1 and �2 coefficients. This counterfactual represents the

distribution of electricity consumption under a pricing regime with a flat marginal

price. Figure C.10 shows the observed and the predicted distributio resulting from

Equation (3.4)

To estimate the missing and excess mass, we can aggregate the share of bunching

and missing households for each billing group for each month and calculate the per-

centage difference between the share of households in each range in each billing group.

On average, there are 3.41 percent more households in the bunching range in the

observed distribution than the counterfactual distribution. Similarly, there are -1.78

percent fewer households in the missing range in the observed distribution than the

counterfactual distribution.

Taken together, these results show that households bunch close to the top of the

free-electricity range of electricity at 1.05A in response to the nonlinear prices. The

uncertainty around electricity consumption leads to some to undershoot the optimal

discontinuity while others overshoot.

3.6.3 Standard Bunching Methods

We also apply the standard approach to bunching analysis used in Chetty et

al. (2011) and Kleven and Waseem (2013). The standard bunching approach counts

the number of households that ever fall into a particular bin relative to the kink

or notch point. Then, the approach fits a predicted polynomial through the data

surrounding the bunching range but not including the bunching range.

We begin with the individual data. Rather than calculating the share of house-

holds that fall into bins relative to the group average, we count the total number
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of households across all months across all billing groups. Each bin then contains the

total count of households that ever fell into that bin.

The Chetty et al. (2011) method uses a cross-section of the data to predict a

counterfactual distribution of electricity use by fitting a polynomial through the data

using:

Cb =
qX

i=0

�
0
i ⇤ (Zb)

i +
RX

i=�R

�
0
i ⇤ 1[Zb = i] + ✏

0
b (3.5)

where Cb is the count of households that fall into percent bin b. Zj is the percent

of electricity use relative to the billing group average in one percent relative to the

bunching bin (Zj = {...,�10,�9, ..., 10, ...}); q is the order of the polynomial, and R

indicates the width of the excluded region around the bunching bin at 1.05A (Chetty

et al. 2011).

This strategy predicts a counterfactual distribution without the influence of the

�is. That counterfactual is a smoothed polynomial that best fits the data outside

of the bunching region. The share of bunching households is calculated by taking

the difference between the observed count of households in the bin and the count

of households in the bin under the predicted polynomial. We adjust the Chetty et

al. (2011) estimation strategy to take into account the fact that households in the

bunching region come from the left of the free-range of electricity.14

For the purposes of this exercise, we use data from bins 35 to 175 to predict the

polynomial and consider a range of excluded bins in R. Standard errors are calculated

using a parametric bootstrap estimator. Table C.3 shows the resulting estimates for

alternative ranges of R. The bunching estimates range from 39.64 percent extra house-

holds in the bins from 87 to 118 to 10.00 percent extra households in the excluded

14. Our modified code is available upon request.
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range from bin 100 to 109. The top line of the table corresponds to the bunching

range predicted by the individual approach including bins 87 to 118. This shows that

there are 39.64 percent extra households in this range.

Figure C.11 shows the resulting observed and counterfactual distributions under

the assumption that the excluded range spans bins 87 to 118. The observed and pre-

dicted distributions are shown in Figure C.11. One reason this approach finds smaller

estimates of the excess mass is that the Chetty et al. (2011) approach assumes that

there are no income effects. However, the free-electricity range expands the house-

hold’s budget constraint and may cause an income effect which our earlier approach

would characterize as excess mass.

3.7 Seasonality and Persistence

We find that households bunch in response to nonlinearities in their residential

electricity pricing schedule. But, what is causing them to bunch? One possible mech-

anism is seasonality: the free-electricity range of is larger in summer than it is in

winter because group averages are higher, or in winter there is less variance in the

group average, so households are better able to target the bunching range.

To test whether seasonality plays an important role in household bunching in this

context, we repeat the analysis in Section 3.5.1 splitting the sample into the four

seasons: summer, fall, winter, and spring. How much more likely are households to

bunch when they face a nonlinear pricing schedule? We measure the increase in prob-

ability that a household bunches using the predicted counterfactual electricity use

from Section 3.5.1. The observed data act as the “treatment” sample and the pre-

dicted data act as the “control” sample for the analysis in this section. The predicted

data represent each household’s counterfactual electricity use under a flat marginal
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price. By comparing bunching under the observed data versus bunching under the

counterfactual data, we are able to predict how much more likely a household was to

bunch when they faced nonlinear incentives in their pricing schedule. To estimate that

probability, we use a simple linear probability model where we compare bunching in

the observed distribution to bunching in the counterfactual using:

1[Bit] = �0 + �2[Oi ⇤ Nt] + �3Oi + �4Nt + ✏it (3.6)

where 1[Bit] is an indicator variable equal to one if household i fell into the bunching

region (defined as 88 percent to 118 percent of the group average as found in Section

3.5.1), Oi is an indicator equal to one if the data represent an observed data point for

that household, Nt is an indicator variable equal to one if the month occurred when

the nonlinear pricing schedule was in place, and ✏it is an error term with mean zero.

The estimate of �2 is our outcome of interest and measures how much more (or less)

likely an individual was to bunch under the nonlinear pricing schedule.15 Table C.4

shows the estimates from Equation 3.6. Column 1 shows that the average household

is 1.2 percent more likely to bunch in the observed versus the predicted distribution.

Columns 2 through 5 show seasonal estimates for winter, spring, summer, and fall

respectively. Households are 2.4 (2.0) percent more likely to bunch in winter (summer)

months. These seasonal estimates demonstrate that when group averages are higher,

households are better able to target landing in the bunching region and benefiting

from the free-electricity range.

15. Recently, researchers studying energy efficiency use machine learning to predict coun-
terfactual electricity use (Burlig et al. 2020 and Christensen et al. 2020). Our approach uses
a simple differencing approach rather than machine learning, but we are comparing out-
comes between the observed data and a predicted counterfactual in the spirit of that recent
literature.
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We can also estimate the additional impact of having been a buncher in previous

months. Figure C.12 shows the share of household-months that did not bunch in the

previous month, did bunch in the previous month, did bunch in the previous two

months, and so on up to six months. We refer to this as the length of a household’s

”bunching streak.”

To understand whether households that previously bunched are more likely to

bunch in the current month, we estimate a triple differences model where we include

interactions for bunching in previous months:

1[Bit] =�0 + �2[Oi ⇤ Nt] + �3[Oi ⇤ Bit�n ]+

�4[Nt ⇤ Bit�n ] + �5[Oi ⇤ Nt ⇤ Bit�n ] + �6Oi + �7Nt + �7[Bit�n ] + ✏it

(3.7)

Where all terms are the same as in Equation (3.6) apart from Bunchit�n , which rep-

resents how many consecutive months the household has bunched. �5 represents the

average change in the probability of bunching for observed data (versus the counter-

factual) for households with a bunching streak of n months.

Results from Equation (3.7) are reported in Appendix Table (C.12). The first

column of the table shows that on average, houesholds are 1.5 percent more likely to

bunch, but if that household bunched last month, they are 2.8 percent more likely

to bunch. Columns 2 and 3 show a similar pattern, households that had two or

three month bunching streaks are more likely to bunch than households that did not.

However, for individuals with bunching streaks of four to six months or more, there

is no marginal increase in the probability of bunching relative to the full sample of

households.

These findings suggest that households that were bunchers in the previous month,

two months, or three months are more likely to bunch in the current month. This

finding indicates that households that have previously bunched are more likely to
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bunch. Previous work by Mortenson and Whitten (2018) show that households that

were “refund maximizers” (bunchers) in the previous tax year are more likely to be

bunchers in this year. However, in our sample, we have the ability to test for bunching

streaks and observe that the households that bunched in the one of or more of the

previous three months are the most likely to bunch.

3.8 Optimization Frictions, Bunching, and Elasticities of Electricity

Demand

Section 3.3 sets up a conceptual framework that allows us to estimate elastici-

ties of electricity demand using our empirical context. Following Kleven and Waseem

(2013) we characterize one measure of optimization frictions faced by the households

by using the share of households that fall into the purely dominated region — the free-

electricity range. If households are able to perfectly optimize, we should observe no

households landing the free-electricity range: they could all be better off by increasing

their consumption to 1.05A without paying anything for that extra electricity use.

Therefore, one measure of optimization frictions is the calculate the share of house-

holds that fall in the missing, or dominated, range even though they could be better

off by increasing their electricity consumption.

Under both of our empirical approaches, we can characterize optimization frictions

by calculating the share of households that fall into the missing range predicted by

that specification, defined as a. Then, we can calculate price elasticities of electricity

demand using the predicted missing range to characterize the change in electricity

use in response to the free-electricity range under the nonlinear pricing. We calculate

elasticities using equation (3.1) presented in Section 3.3.
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To estimate the elasticities, we must calculate the percent change in household

electricity demand. We do so using the missing range predicted by the binned and

individual specification. The percent change in electricity demand in response to the

free-electricity range of the nonlinear pricing schedule, �c, is the change from cl to

the bunching range. Next, we find the percent change in electricity price by finding

the implicit marginal price, �r, shown in Figure C.2. That price equals the change in

electricity expenditure for the move from cl to the bunching range divided by the total

change in electricity use. Elasticity estimates under equation (3.1) presented in Section

3.3 are overestimates for two reasons: first, the change from the flat marginal price to

the implicit marginal price is an underestimate of the true change in price that the

household experiences; second, these elasticities do not take into account optimization

frictions, but rather they assume that all households in the missing range jump to the

bunching range. As in Kleven and Waseem (2013), elasticity estimates adjusted for

the optimization frictions can be obtained by multiplying the elasticities by (1� a).

3.8.1 Individual Approach: Characterizing Optimization Frictions

and Elasticities

Here, we use the missing and bunching range calculated using the t-tests for each

bin between the observed and the counterfactual distribution shown in Figure C.7 to

calculate a range of elasticities The predicted missing range is from 63 to 67 percent

of the group average and the predicted bunching range is from bin 87 to 118. From

bins 68 to 86 there is statistical uncertainty in whether those estimates are positive

or negative. Therefore, we will calculate elasticities for a wide range of the missing

and bunching bins.

Table C.5 shows the range of elasticities estimated under different assumptions for

where the bunching households jump to. The table shows price elasticities under the
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assumptions that the households respond to marginal pricies or to average prices. If

households respond to marginal prices, the estimates range from The estimates range

from -1.38 if households jump from the top end of the missing range to the lowest end

of the free-electricity range at 1.05A to -2.71 if households jump from the lowest end

of the missing range to the top of the bunching range at 1.20A.16 If these estimates are

scaled by the share of households that fall in the dominated region, they are around

1/2 as large, shown in column 6.

We can characterize the share of households that fall into the dominated region

from 63 to 104 percent of the group average in the sample of households we use for the

individual level specification. On average, 46.79 percent of households use between

63 and 104 percent of the group average.17 We use these estimates to calculate the

attenuated elasticities shown in column 6 of Table C.5. Taking into account optimiza-

tion frictions, elasticities range from -0.73 to -1.44 if households respond to marginal

prices or from -2.02 to -3.03 if households respond to average prices.

3.8.2 Binned Approach: Characterizing Optimization Frictions and

Elasticities

Using equation (3.4) we found that the predicted share of bunchers is equivalent

to the predicted share of missing households if we include households from 65 up to

90 percent of the group average in the missing region and households from 90 up to

110 percent of the group average in the bunching region. Thus, cl is 65 percent of the

group average for our households.

We can calculate the implicit marginal price �r, shown in Figure C.2, for house-

holds that moved from the missing range to the bunching range. Column 1 of Table

16. If instead households respond to average prices, then the estimates range from -3.80
to -5.70.

17. The standard deviation is 7.58 percent.
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C.6 shows ranges of �c that we consider to calculate a range of elasticity estimates.

The percent changes in marginal price are shown in column 2 of Table C.6. Column 2

shows the percent change in electricity moving from the bottom and top of the missing

range to the bottom and top of the bunching range. Column 4 shows the resulting

elasticity estimate from dividing the percent change in electricity use in column 3 by

the percent change in electricity prices in column 2.

If households respond to marginal prices, the elasticity estimates range from -1.84

for households bunching from bin 65 up to bin 110 (not including 110) to -0.21 for

households bunching from the top of the missing range to bin 105. If households

respond to average prices, If households respond to marginal prices, the elasticity

estimates range from -4.50 for households bunching from bin 65 up to bin 110 (not

including 110) to -1.50 for households bunching from the top of the missing range

to bin 105. Note that the elasticities for average price response are larger because

the change in average price across the pricing schedule is smaller than the change in

marginal price.

Next, we calculate the average share of households that fall into the dominated

region from bins 65 to 104 weighted by billing group size. On average, 15.85 percent

of households used between 93 and 104 percent of their group average.18 Last, we

compute the elasticity estimates taking into account the possibility of optimization

frictions by multiplying the estimates in column 4 by (1 � a) shown in column 6.

When we take into account optimization frictions, elasticities range from -1.01 to

-0.12 if households respond to marginal price or from -2.47 to -0.82 if households

respond to average price.

18. The standard deviation across billing groups is 6.11 percent.
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3.9 Discussion and Conclusion

This paper uses a theoretical model and three alternative empirical approaches

to determine how households respond to a nonlinearity in their residential electricity

pricing schedule. The model predicts that there will be missing mass and excess mass

in the distribution and the three empirical approaches find just that. However, we

find a range of of estimated exess mass depending on the approach. Our estimated

bunching ranges from 3.41 percent more households near the top of the free-electricity

range under the binned approach to 3.41 percent more households under the indi-

vidual approach up to 39.64 percent more households under the Chetty et al. (2011)

approach.

The binned approach represents our most conservative estimate of bunching, How-

ever, it provides us with little insight into exactly who is bunching. This approach

relies heavily on the identification assumption that the shape distribution of electricity

use remains relatively unchanged in aggregate when electricity becomes free.

The individual approach represents our middling estimate of bunching. However,

this estimate may suffer from mean reversion in the distribution that we are unable

to appropriately control for. Households with high (or low) electricity use one month

are likely to drift back toward their average electricity use over time. Mechanically,

the household’s electricity use allocation is set exactly at the average electricity use of

their assigned billing group. This mean reversion could bias us towards finding more

bunching than actually exists.

Our largest estimate of bunching occurs under the Chetty et al. (2011) approach.

This approach suffers from the fact that the researcher selects the bunching range. We

selected a wide variety of ranges guided both by theory and our previous empirical
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estimates. This approach also does not allow us to account for the fact that the share

of missing households should be equal to the share of bunching households.

It is also possible that the excess mass we find in the distribution is not only a result

of the nonlinearity in the prices, but also the fact that the households are told how

much electricity they use relative to other households in their billing group. We know

from Allcott (2011) that when households are given information about how much

electricity they use relative to their peers that they respond to that information. There

also remains the possibility that households experience loss aversion and attempt to

target the free electricity allocation for that behavioral reason. However, future work

is needed to disentangle these separate effects from the marginal price effect.
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Appendix A

Chapter 1 Tables, Figures, and Appendix

A.1 Figures and Tables

Figure A.1: PG&E IBP Schedule, June 2009

Note: This graph shows the IBP schedule for PG&E customers living in Zone T in June
2009. The solid line shows a five-tier IBP with prices ranging from 11 to 44 cents per kWh.
The dashed line shows the average prices generated by the IBP schedule. Source:
https://www.pge.com/tariffs/electric.shtml (accessed September 15, 2017).
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Figure A.2: SDG&E Historic Tariffs

Note: This graph shows the IBP tiers over time for SDG&E customers. Tiers 1 and 2 are
roughly constant over time. Tiers 3 through 5 are increasing, on average, over time.
Source: I generated this graph using data from
https://www.sdge.com/rates-regulations/historical-tariffs (accessed September 15, 2017).

Figure A.3: PG&E Historic Tariffs

Note: This graph shows the IBP tiers over time for PG&E customers. Tiers 1 and 2 are
roughly constant over time. Tiers 3 through 5 are increasing, on average, over time.
Source: I generated this graph using data from https://www.pge.com/tariffs/electric.shtml
(accessed September 15, 2017).
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Figure A.4: SDG&E Climate Zones

Note: This map represents the four different climate zones in SDG&E’s service territory.
On average, prices decrease as the zones move farther inland. Source:
https://www.sdge.com/images/3335/climate-zones-map (accessed September 15, 2017).

Figure A.5: PG&E Climate Zones

Note: This map shows the 10 different climate zones in PG&E’s service territory. Source:
http://pgeandsolar.com/climate-zones-map.html (accessed November, 1 2017).
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Figure A.6: SDG&E Historic Baseline Allocation by Climate Zone

Note: This figure shows changes in baseline allocation between climate zones over time in
SDG&E’s service territory. Source:
https://www.sdge.com/rates-regulations/historical-tariffs (accessed September 15, 2017).

Figure A.7: PG&E Historic Baseline Allocation by Climate Zone

Note: This figure shows changes in baseline allocation among climate zones over time in
PG&E’s service territory. Source: https://www.pge.com/tariffs/electric.shtml (accessed
September 15, 2017).
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Figure A.8: Prices for PG&E Climate Zones T and X in 2009

Note: This figure shows the difference in IBP schedules in two of PG&E’s biggest climate
zones. The solid step function is the IBP for Zone T, and the dashed step function is the
IBP for Zone X. The dashed blue and green lines represent the average prices in Zone T
and Zone X, respectively. Prices in Zone X are lower, on average, than in Zone T because
of the bigger baseline allocation. Source: https://www.pge.com/tariffs/electric.shtml
(accessed September 15, 2017).
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Figure A.9: PG&E Zone T, June 2009

Note: This figure shows the IBP and average price households living in PG&E’s Zone T
paid for their electricity consumption in June 2009. The solid density represents the
distribution of electricity use under that pricing schedule. The flat dashed line is the
revenue-neutral price that I calculated using equation (1.4). The dashed distribution
represents electricity use that I calculated under that flat price using equation (1.5).
Sources: https://www.pge.com/tariffs/electric.shtml (accessed September 15, 2017); RASS
(2009).
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Figure A.10: Distribution of Consumption by Income Group

Note: This figure shows four different distributions of electricity use by income group. As
income increases, the mass of the distribution shifts to the right, but all distributions are
overlapping. Source: RASS (2003, 2009).
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Figure A.11: Welfare Change from Flat to IBP

Note: This graph represents the change in consumer surplus when switching from a flat
price to an IBP schedule. This is a stylized example with a two-tier IBP.

118



$

kWh
D

pSMC

p̄

A

q̄i

p1

p2

qi

B

T ier1 T ier2

Figure A.12: Welfare Change from Social Marginal Cost to Flat to IBP

Note: This graph represents the change in welfare when switching from a socially optimal
flat price of 10 cents per kWh to a flat price that raises the same revenue as the existing
IBP, and then to the existing IBP. This is a stylized example with a two-tier IBP.
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Table A.1: Average IBP Schedule

Price Schedules
2003 2009

Tier 1 ($ per kWh) 0.11 0.11
(0.01) (0.01)

Tier 2 0.13 0.13
(0.02) (0.02)

Tier 3 0.17 0.23
(0.03) (0.06)

Tier 4 0.20 0.29
(0.04) (0.09)

Tier 5 0.21 0.32
(0.05) (0.11)

Monthly Bill 79.52 102.82
(61.10) (91.94)

Note: Standard deviations in parentheses. Each column represents the average electricity
prices over each year between SDG&E and PG&E. The standard deviations show that
there is more variation in electricity prices for Tiers 2–5 than Tiers 1 and 2. The variation
in electricity prices is also larger in 2009 than in 2003. The monthly bill represents the
average electricity bill of the households in the RASS. Sources:
https://www.sdge.com/rates-regulations/historical-tariffs and
https://www.pge.com/tariffs/electric.shtml (accessed September 15, 2017); RASS (2003,
2009).
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Table A.2: RASS Summary Statistics

RASS
2003 2009

kWh per Month 581.97 617.59
s.d. 338.93 357.18
Household Income (1000s in 2010$) 98.46 92.01

65.65 60.17
# Bedrooms 3.22 3.28

0.88 0.88
# in Household 2.79 2.73

1.45 1.43
Year Constructed 1968.46 1970.54

20.25 21.12
Sq Ft. (1000s) 1.85 1.91

0.80 0.82
Household Head Graduated College 0.58 0.60

0.49 0.49
Disabled Resident 0.09 0.11

0.29 0.32
Own Home 0.92 0.92

0.27 0.26
Remodeled Home 0.17 0.15

0.37 0.36
Natural Gas Access 15.95 14.89

34.85 33.56
House Has Electric Heat 0.05 0.02

0.23 0.15
House Has Central Air 0.48 0.54

0.54 0.54
# of Refrigerators 1.29 1.35

0.50 0.54
Age of Refrigerators 7.42 7.46

5.40 5.26
# of TVs 2.07 2.51

0.98 1.37
# of Households 5,958 5,664

Note: Standard deviations in parentheses. Each column represents the average of the 5,958
households in the RASS in 2003 and the 5,787 households in 2009. Source: RASS (2003,
2009).
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Table A.3: Biased First-Difference Results

Income Group Elasticity (Avg. Price) Elasticity (Marg. Price) N

Full Sample 1.648* 0.682* 36,680
(0.0305) (0.0164)

$0–$49,999 2.136* 0.809* 10,839
(0.0813) (0.0359)

$50,000–$74,999 1.690* 0.653* 8,000
(0.0678) (0.0309)

$75,000–$149,999 1.559* 0.637* 12,729
(0.0448) (0.0249)

>$150,000 1.527* 0.724* 5,112
(0.0692) (0.0482)

Note: Standard errors in parentheses are clustered at the household level to adjust for
serial correlation in electricity consumption. Omitted covariates for the regression on
average price can be seen in Table A.15 and for marginal price in Table A.16.
*p < 0.05

Table A.4: Geographic Sample: First-Stage Results

Income Group Avg. Price F-Stat. Marg. Price # F-Stat. # Households # Obs.

Full Sample 0.842* 0.618* 5,373 27,144
(0.0185) (0.0171)

$0–$49,999 0.787* 0.595* 1,542 7,801
(0.0565) (0.0390)

$50,000–$74,999 0.830* 58.29 0.600* 76.36 1,155 5,913
(0.0410) (0.0379)

$75,000–$149,999 0.860* 119.9 0.604* 131.0 1,909 9,695
(0.0284) (0.0257)

>$150,000 0.791* 85.27 0.645* 102.7 767 3,735
(0.0419) (0.0465)

Note: Standard errors in parentheses are clustered at the household level to adjust for
serial correlation in electricity consumption. This table reports the regression coefficients
from the first-stage regression of the log-difference in price on the simulated instrument.
The coefficients show the correlation between the simulated instrument and household’s
change in price over time. All regressions control for weather and a dummy for the decile
of electricity consumption.
*p < 0.05
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Table A.5: Geographic Sample: Price Elasticities of Demand

Income Group Elasticity (Avg. Price) Elasticity (Marg. Price) N

Full Sample −0.163* −0.143* 27,144
(0.0529) (0.0367)

$0–$49,999 −0.100 −0.107 7,801
(0.192) (0.0879)

$50,000–$74,999 −0.132 −0.0906 5,913
(0.119) (0.0747)

$75,000–$149,999 −0.165* −0.164* 9,695
(0.0763) (0.0580)

>$150,000 −0.427* −0.362* 3,735
(0.135) (0.113)

Note: Standard errors in parentheses are clustered at the household level to adjust for
serial correlation in electricity consumption. This table reports the two-stage least squares
(2SLS) results for households living within 10 km of a climate border using the simulated
instrument based on kWhi0. All regressions control for weather, a dummy for the decile of
electricity consumption, and border fixed effects. Omitted covariates for the regression on
average price can be seen in Appendix Table A.27 and for marginal price in Appendix
Table A.28. Robustness checks for 5 km and 20 km can be seen in Appendix Tables A.29
and A.30, respectively.
*p < 0.05
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Table A.6: Geographic Sample: Percentage Change in Aggregate Con-
sumption

Percentage Change in Consumption by Year and Climate Zone
2003 2009

PG&E Average Marginal Average Marginal
R −0.05% −3.05% 0.57% −3.65%
S 0.08% −3.27% 0.66% −4.59%
T 0.13% −3.75% 1.30% −4.92%
X 0.07% −4.11% 1.35% −5.41%
SDG&E
Coastal −0.31% −2.45% 0.25% −5.17%
Mountain 0.09% −1.33% 0.24% −4.62%
Desert 0.56% −1.26% 0.26% −3.41%
Inland −0.15% −2.03% 0.40% −4.54%
Weighted Average 0.01% −3.43% 0.82% −4.91%

Note: This table reports the total changes in electricity use for moving from a
revenue-neutral flat price with CARE rates to the existing IBPs. Positive numbers indicate
IBPs increase electricity use relative to a flat price, and negative numbers indicate that
IBPs decrease electricity use. The average is weighted by the number of household-month
observations in the RASS. See Appendix Table A.51 for a range of estimates using the 95%
confidence interval of the point estimates from Table A.5.

Table A.7: Distribution of Monthly Electricity Use Under IBPs and Flat
Prices

2003 2009
Percentile IBP Flat IBP Flat

Mean 582 582 618 613
25th Percentile 341 332 357 330
50th Percentile 503 493 543 522
75th Percentile 739 738 798 799
90th Percentile 1043 1061 1111 1148

N 101,967 101,967 87,993 87,993

Note: This table reports the change in the distribution of monthly electricity use from flat
prices to IBPs. The monthly electricity use in this table assumes that households respond
to average prices and that the flat rate includes a separate CARE price for low-income
households. This table uses the same counterfactual flat prices as Table A.6.
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Table A.8: Percentage Change in Price from Flat to IBP Schedule

Median Percentage Change in Price
Year

Income 2003 2009

Full Sample −6.69% −13.25%
12.41% 21.33%

$0–$49,999 −5.03% −5.65%
9.52% 16.05%

$50,000–$74,999 −10.12% −21.82%
12.19% 20.80%

$75,000–$149,999 −7.58% −16.40%
12.76% 22.30%

>$150,000 −3.18% −7.40%
16.45% 26.18%

N 101,967 87,993

Note: Standard deviations in parentheses. This table reports the median percentage
change in average electricity prices for a change from the flat price with CARE rates to an
IBP weighted by the number of household-month observations in each income category in
the RASS.

Table A.9: Aggregate Changes Using Other Price Elasticities

Brolinson Reiss and White (2005) Ito (2014)
Year Average Marginal Average Marginal Average Marginal

2003 0.01% −3.43% 1.05% −6.27% 0.19% −1.53%
2009 0.82% −4.91% 3.06% −7.91% 0.58% −2.03%

Weighted Average 0.38% −4.12% 1.98% −7.03% 0.37% −1.76%

Note: This table reports the percentage changes in average electricity use under three
different sets of elasticity estimates. The averages are weighted by the number of
household-month observations in the RASS. Note that Reiss and White (2005) estimate
price elasticities only assuming that households respond to average price, which I apply
universally under both sets of calculations. Similarly, Ito (2014) estimates price elasticities
only assuming that households respond to average price.
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Table A.10: Descriptive Statistics by Income Group

Income Group
Variable Name $0–$49,999 $50,000–$74,999 $75,000–$149,999 >$150,000

kWh per Month 514.38 574.55 631.91 743.04
315.33 326.89 337.05 410.09

kWh per Month per Sq. Ft. 0.37 0.36 0.34 0.30
0.26 0.22 0.19 0.17

Cooling Degree Days 438.24 404.88 388.35 354.79
665.45 608.63 567.33 503.02

Heating Degree Days 1117.64 1100.64 1078.52 1072.49
996.82 963.20 941.98 910.21

# in Household 2.49 2.75 2.92 3.07
1.58 1.47 1.31 1.31

Year Constructed 1965.16 1969.71 1971.82 1973.73
20.14 19.69 20.54 22.60

Sq. Ft. (1000s) 1.55 1.74 1.98 2.64
0.63 0.64 0.73 1.10

Household Head Graduated College 0.32 0.55 0.74 0.88
0.47 0.50 0.44 0.33

Age of Heater 16.12 14.90 13.58 12.06
11.46 11.06 10.45 9.47

Avg. Heating Temp. 65.09 64.80 64.45 64.88
6.96 6.55 6.62 5.50

House Has AC 0.45 0.49 0.52 0.56
0.50 0.50 0.50 0.50

Age of AC 11.12 10.47 10.13 9.43
8.58 8.35 7.99 7.53

Avg. Cooling Temp. 74.81 75.49 75.64 75.30
4.35 4.13 4.06 3.78

Refrigerator Age 7.92 7.68 7.05 6.73
5.53 5.40 5.19 5.05

# of TVs 2.09 2.25 2.41 2.50
1.22 1.17 1.19 1.24

Note: Standard deviations in parentheses. Each column represents the average weighted by
the number of households in each income group. Source: RASS (2003, 2009).
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Table A.11: Changes in Electricity Bills in $ with a Flat CARE Rate

Income Med. Bill (IBP) Med. Bill (Flat CARE) Change Percentage N

$0–$49,999 46.14 52.39 6.25 11.94% 59,831
$50,000–$74,999 64.56 75.84 11.28 14.87% 40,015
$75,000–$149,999 78.28 87.70 9.42 10.74% 63,343
>$150,000 101.83 105.03 3.20 3.05% 26,771

Note: This table presents the changes in electricity bills by income when switching from
flat to block prices where the flat price includes a reduced CARE rate. A positive number
for “Change” indicates that a household’s electricity bills increase under a flat price. Each
row is the median weighted by the number of household-month observations in that
income category.

Table A.12: Changes in Electricity Bills in $

Income Med. Bill (IBP) Med. Bill (Flat) Change Percentage N

$0–$49,999 46.14 62.10 15.96 25.70% 59,831
$50,000–$74,999 64.56 72.80 8.24 11.32% 40,015
$75,000–$149,999 78.28 83.91 5.63 6.71% 63,343
>$150,000 101.83 101.87 0.04 0.04% 26,771

Note: This table presents the changes in electricity bills by income when switching from
flat to block prices assuming households respond to average price. A positive number for
“Change” indicates that a household’s electricity bills increase under a flat price relative to
the existing IBP. Each row is weighted by the number of household-month observations in
that income category.
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Table A.13: Changes in Consumer Surplus from Flat Prices with CARE
to Block by Income

Income Med. Bill (IBP) Med. Change in CS ($) Percentage N

$0–$49,999 46.14 1.22 2.64% 39,540
$50,000–$74,999 64.56 4.83 7.48% 60,446
$75,000–$149,999 78.28 3.25 4.15% 63,343
>$150,000 101.83 −2.02 −1.98% 26,771

Note: This table presents the changes in consumer surplus (CS) by income when switching
from flat prices with a CARE rate to an IBP with a CARE rate. A positive number for
“Change” indicates that a household’s surplus increases under a flat price. Each row is
weighted by the number of household-month observations in that income category.

Table A.14: Changes in Consumer Surplus from Flat to Block by Income

Income Med. Bill (IBP) Med. Change in CS ($) Percentage N

$0–$49,999 46.14 10.99 23.82% 59,971
$50,000–$74,999 64.56 2.72 4.21% 40,015
$75,000–$149,999 78.28 0.93 1.18% 63,343
>$150,000 101.83 −6.58 −6.46% 26,771

Note: This table presents the changes in consumer surplus (CS) by income when switching
from flat to block prices. A positive number for “Change” indicates that a household’s
surplus increases under a flat price. Each row is weighted by the number of
household-month observations in that income category.

A.2 Online Appendix

A.2.1 RASS Details

Households surveyed by the RASS were asked to participate in the study via a two-

stage direct mail survey, with an option for online completion in 2009. Four months

after the initial survey, the surveyors followed up with a subsample of nonrespon-

dents via telephone and in-person interviews (KEMA 2010; Levinson 2016). Between

2003 and 2009, the RASS surveyed 46,490 households and of those, 18,231 live in the
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SDG&E and PG&E service territories and are included in this study. To remove out-

liers from the data I drop the top and bottom one percent of household-month obser-

vations for electricity use, households living in apartments, households with missing

data for income and the year their home was built and renters. This leaves 11,745

households and 191,851 monthly electricity use observations in the dataset used in

this study.

A.2.2 Tables and Figures
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Table A.15: Biased First-Difference Regression Results: Average Price

Full Sample $0–$49,999 $50,000–$74,999 $75,000–$149,999 >$150,000

�ln(Pit) 1.648* 2.136* 1.690* 1.559* 1.527*
(0.0305) (0.0813) (0.0678) (0.0448) (0.0692)

�HDDit −0.00000360 0.00000197 −0.00000719 −0.00000694 −0.000000980
(0.00000288) (0.00000465) (0.00000665) (0.00000442) (0.00000948)

�CDDit 0.0000136** 0.0000183 0.00000911 0.0000104 0.0000284*
(0.00000482) (0.00000948) (0.0000107) (0.00000772) (0.0000116)

1 [Dit2] 0.103* 0.0780* 0.0888* 0.146* 0.179*
(0.0104) (0.0138) (0.0212) (0.0255) (0.0405)

1 [Dit3] 0.142* 0.124* 0.128* 0.180* 0.191*
(0.0107) (0.0140) (0.0212) (0.0271) (0.0389)

1 [Dit4] 0.152* 0.138* 0.149* 0.183* 0.187*
(0.0107) (0.0147) (0.0216) (0.0261) (0.0383)

1 [Dit5] 0.125* 0.110* 0.121* 0.155* 0.150*
(0.0105) (0.0148) (0.0213) (0.0260) (0.0368)

1 [Dit6] 0.0943* 0.0886* 0.0855* 0.120* 0.130*
(0.0104) (0.0150) (0.0216) (0.0254) (0.0361)

1 [Dit7] 0.0727* 0.0740* 0.0470* 0.107* 0.0958**
(0.0106) (0.0169) (0.0224) (0.0255) (0.0358)

1 [Dit8] 0.0583* 0.0463** 0.0477* 0.0991* 0.0752*
(0.0105) (0.0165) (0.0224) (0.0255) (0.0347)

1 [Dit9] 0.0532* 0.0739* 0.0295 0.0898* 0.0831*
(0.0113) (0.0203) (0.0256) (0.0257) (0.0362)

1 [Dit10] 0.0544* 0.0969* 0.0408 0.0808** 0.0885*
(0.0121) (0.0254) (0.0268) (0.0274) (0.0355)

Border F.E. Y Y Y Y Y
N 36,680 10,839 8,000 12,729 5,112
R-sq 0.326 0.304 0.351 0.365 0.345

Note: Standard errors in parentheses are clustered at the household level to adjust for serial correlation in electricity
consumption. This table presents the results for the regression on the log-difference in average price on the log-difference in
electricity, including the omitted coefficients from Table A.3.
*p < 0.05
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Table A.16: Biased First-Difference Regression Results: Marginal Price

Full Sample $0–$34,999 $35,000–$74,999 $75,000–$149,999 >$150,000

�ln(Pit) 0.682* 0.809* 0.653* 0.637* 0.724*
(0.0164) (0.0359) (0.0309) (0.0249) (0.0482)

�HDDit −0.00000259 0.00000330 −0.00000874 −0.00000622 0.00000469
(0.00000303) (0.00000483) (0.00000705) (0.00000472) (0.00000986)

�CDDit 0.0000262* 0.0000274** 0.0000192 0.0000230** 0.0000492*
(0.00000515) (0.0000102) (0.0000119) (0.00000818) (0.0000123)

1 [Dit2] 0.112* 0.0882* 0.0988* 0.148* 0.193*
(0.0101) (0.0136) (0.0203) (0.0248) (0.0386)

1 [Dit3] 0.137* 0.123* 0.125* 0.168* 0.178*
(0.0104) (0.0136) (0.0203) (0.0262) (0.0378)

1 [Dit4] 0.112* 0.0944* 0.106* 0.145* 0.119**
(0.0104) (0.0147) (0.0210) (0.0251) (0.0367)

1 [Dit5] 0.0677* 0.0578* 0.0663** 0.0920* 0.0762*
(0.0105) (0.0154) (0.0213) (0.0252) (0.0362)

1 [Dit6] 0.0510* 0.0483** 0.0485* 0.0748** 0.0578
(0.0104) (0.0157) (0.0217) (0.0246) (0.0355)

1 [Dit7] 0.0729* 0.0756* 0.0548* 0.105* 0.0818*
(0.0106) (0.0178) (0.0219) (0.0247) (0.0350)

1 [Dit8] 0.0779* 0.0766* 0.0743* 0.114* 0.0762*
(0.0104) (0.0171) (0.0214) (0.0247) (0.0345)

1 [Dit9] 0.0924* 0.114* 0.0777** 0.131* 0.0958**
(0.0112) (0.0206) (0.0249) (0.0249) (0.0360)

1 [Dit10] 0.126* 0.170* 0.129* 0.149* 0.138*
(0.0123) (0.0260) (0.0300) (0.0268) (0.0352)

Border F.E. Y Y Y Y Y
N 36,680 10,839 8,000 12,729 5,112
R-sq 0.253 0.245 0.265 0.270 0.277

Note: Standard errors in parentheses are clustered at the household level to adjust for serial correlation in electricity
consumption. This table presents the results for the regression on the log-difference in marginal price on the log-difference in
electricity, including the omitted coefficients from Table A.3.
*p < 0.05
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Table A.17: Two Sided T-Test for Zone T and Zone X Before and After
Trimming the Geographic Sample

(1) (2) (3) (4) (5) (6)
Variable Mean Zone T Mean Zone X Mean Zone T (trim

10 km)
Mean Zone X (trim
10 km)

P-Score of T
versus X (pre-
trim)

P-Score of T versus
X (post-trim)

ln(income) 4.34 4.41 4.36 4.46 0.000 0.000
# Rooms 3.02 3.31 3.01 3.30 0.000 0.000
# in Household 2.72 2.80 2.70 2.75 0.000 0.003
Year Built 1956.97 1966.67 1956.37 1961.73 0.000 0.000
Sq Ft. (1000s) 1.76 1.96 1.75 2.01 0.000 0.000
Attended College 0.65 0.63 0.65 0.66 0.000 0.816
Disabled Family Member 0.10 0.09 0.09 0.08 0.021 0.000
# Stories 0.43 0.50 0.44 0.50 0.000 0.000
Own Residence 0.90 0.94 0.92 0.93 0.000 0.000
Exterior Wall Insulation 0.41 0.53 0.40 0.46 0.000 0.000
Ceiling Insulation 0.73 0.86 0.74 0.83 0.000 0.000
Window Type 0.37 0.43 0.37 0.43 0.000 0.000
Remodeled Home 0.18 0.18 0.18 0.19 0.236 0.023
Natural Gas Line 0.93 0.93 0.91 0.94 0.975 0.000
Electric Heat 0.04 0.02 0.04 0.01 0.000 0.000
Heater Age 16.71 14.67 16.41 15.05 0.000 0.000
AC Age 10.17 9.69 9.22 9.87 0.041 0.015
Electric Water Heater 0.04 0.04 0.05 0.03 0.033 0.000
Electric Dryer 0.40 0.52 0.42 0.50 0.000 0.000
Electric Stove 0.28 0.39 0.29 0.37 0.000 0.000
Electric Oven 0.38 0.56 0.40 0.56 0.000 0.000
# of Refrigerators 1.27 1.35 1.27 1.35 0.000 0.000
Age of Refrigerator 7.73 7.58 7.71 7.66 0.002 0.445
CDD 133.71 257.12 150.87 259.27 0.000 0.000
HDD 1353.13 1294.97 1338.25 1286.83 0.000 0.000

Note: The table above presents the means for households in Zone T and Zone X. Column
(5) presents the p-score from the two-sided t-test for the difference in means of the two
variables before trimming, and column (6) presents the p-score after trimming.
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Table A.18: Two Sided T-Test for Zone R and Zone S Before and After
Trimming the Geographic Sample

(1) (2) (3) (4) (5) (6)
Variable Mean Zone S Mean Zone R Mean Zone S (trim

10 km)
Mean Zone R (trim
10 km)

P-Score of S
versus R (pre-
trim)

P-Score of S versus
R (post-trim)

ln(income) 3.90 4.41 4.11 3.59 0.791 0.000
# Rooms 3.15 3.31 3.08 2.64 0.002 0.000
# in Household 2.67 2.80 2.26 2.49 0.356 0.013
Year Built 1969.33 1966.67 1976.29 1969.54 0.003 0.000
Sq Ft. (1000s) 1.85 1.96 1.78 1.37 0.000 0.000
Attended College 0.48 0.63 0.65 0.17 0.000 0.000
Disabled Family Member 0.11 0.09 0.12 0.42 0.232 0.000
# Stories 0.75 0.50 0.75 0.49 0.000 0.000
Own Residence 0.98 0.94 1.00 0.84 0.000 0.000
Exterior Wall Insulation 0.71 0.53 0.73 0.47 0.000 0.000
Ceiling Insulation 0.89 0.86 0.93 0.94 0.030 0.466
Window Type 0.39 0.43 0.31 0.47 0.000 0.000
Remodeled Home 0.18 0.18 0.11 0.20 0.000 0.001
Natural Gas Line 0.79 0.93 0.83 0.39 0.023 0.000
Electric Heat 0.10 0.02 0.15 0.12 0.000 0.208
Heater Age 11.51 14.67 13.34 14.49 0.000 0.083
AC Age 10.93 9.69 13.16 9.11 0.022 0.000
Electric Water Heater 0.14 0.04 0.04 0.39 0.409 0.000
Electric Dryer 0.64 0.52 0.62 0.82 0.182 0.000
Electric Stove 0.46 0.39 0.41 0.72 0.000 0.000
Electric Oven 0.48 0.56 0.49 0.66 0.000 0.000
# of Refrigerators 1.43 1.35 1.37 1.22 0.000 0.000
Age of Refrigerator 8.86 7.58 9.50 5.46 0.000 0.000
CDD 685.66 257.12 694.83 760.77 0.729 0.332
HDD 1076.88 1294.97 1008.18 1180.91 0.002 0.030

Note: The table above presents the means for households in Zone R and Zone S. Column
(5) presents the p-score from the two-sided t-test for the difference in means of the two
variables before trimming, and column (6) presents the p-score after trimming.
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Table A.19: Two Sided T-Test for Zone S and Zone X Before and After
Trimming the Geographic Sample

(1) (2) (3) (4) (5) (6)
Variable Mean Zone X Mean Zone S Mean Zone X (trim

10 km)
Mean Zone S (trim 10
km)

P-Score of X
versus S (pre-
trim)

P-Score of X versus
S (post-trim)

ln(income) 4.36 4.18 4.31 4.31 0.000 0.896
# Rooms 3.34 3.31 3.30 3.51 0.010 0.000
# in Household 2.67 2.84 2.61 2.97 0.000 0.000
Year Built 1972.30 1976.84 1970.61 1980.43 0.000 0.000
Sq Ft. (1000s) 1.93 1.78 1.87 1.90 0.000 0.013
Attended College 0.57 0.41 0.53 0.41 0.000 0.000
Disabled Family Member 0.10 0.13 0.10 0.11 0.000 0.060
# Stories 0.52 0.50 0.53 0.45 0.006 0.000
Own Residence 0.94 0.91 0.94 0.93 0.000 0.047
Exterior Wall Insulation 0.64 0.65 0.62 0.71 0.016 0.000
Ceiling Insulation 0.89 0.90 0.89 0.93 0.614 0.000
Window Type 0.42 0.44 0.41 0.44 0.000 0.001
Remodeled Home 0.17 0.12 0.18 0.15 0.000 0.000
Natural Gas Line 0.78 0.94 0.77 0.96 0.000 0.000
Electric Heat 0.05 0.02 0.04 0.01 0.000 0.000
Heater Age 13.83 11.91 13.87 10.91 0.000 0.000
AC Age 10.89 10.07 10.81 9.34 0.000 0.000
Electric Water Heater 0.09 0.04 0.09 0.04 0.000 0.000
Electric Dryer 0.57 0.60 0.54 0.53 0.000 0.232
Electric Stove 0.54 0.46 0.52 0.43 0.000 0.000
Electric Oven 0.68 0.52 0.66 0.53 0.000 0.000
# of Refrigerators 1.36 1.35 1.35 1.35 0.036 0.879
Age of Refrigerator 7.44 7.04 7.59 6.69 0.000 0.000
CDD 398.54 573.96 425.35 557.16 0.000 0.000
HDD 1317.92 1126.44 1335.98 1220.49 0.000 0.000

Note: The table above presents the means for households in Zone S and Zone X. Column
(5) presents the p-score from the two-sided t-test for the difference in means of the two
variables before trimming, and column (6) presents the p-score after trimming.
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Table A.20: Two Sided T-Test for SDG&E Coastal and Inland Before and
After Trimming the Geographic Sample

(1) (2) (3) (4) (5) (6)
Variable Mean Coastal Mean Inland Mean Coastal (trim

10 km)
Mean Inland (trim 10
km)

P-Score of C vs. I
(pre-trim)

P-Score of C vs. I
(post-trim)

ln(income) 4.38 4.30 4.33 4.30 0.000 0.002
# Rooms 3.40 3.40 3.37 3.41 0.530 0.001
# in Household 2.77 2.86 2.74 2.86 0.000 0.000
Year Built 1970.91 1972.49 1969.87 1972.48 0.000 0.000
Sq Ft. (1000s) 2.00 1.93 1.93 1.92 0.000 0.744
Attended College 0.69 0.61 0.67 0.61 0.000 0.000
Disabled Family Member 0.09 0.11 0.09 0.11 0.000 0.000
# Stories 0.45 0.52 0.47 0.51 0.000 0.000
Own Residence 0.92 0.94 0.92 0.94 0.000 0.000
Exterior Wall Insulation 0.50 0.50 0.49 0.50 0.752 0.024
Ceiling Insulation 0.80 0.82 0.79 0.82 0.000 0.000
Window Type 0.35 0.35 0.36 0.35 0.429 0.535
Remodeled Home 0.17 0.15 0.18 0.15 0.000 0.000
Natural Gas Line 0.98 0.97 0.98 0.97 0.000 0.000
Electric Heat 0.02 0.02 0.02 0.02 0.048 0.078
Heater Age 15.89 14.98 16.37 14.99 0.000 0.000
AC Age 9.54 10.69 10.09 10.67 0.000 0.000
Electric Water Heater 0.02 0.03 0.02 0.03 0.000 0.000
Electric Dryer 0.25 0.27 0.25 0.27 0.000 0.000
Electric Stove 0.27 0.34 0.27 0.34 0.000 0.000
Electric Oven 0.45 0.47 0.43 0.47 0.000 0.000
# of Refrigerators 1.31 1.31 1.31 1.31 0.865 0.398
Age of Refrigerator 7.28 7.49 7.29 7.48 0.000 0.001
CDD 380.73 442.35 363.32 442.14 0.000 0.000
HDD 634.51 593.04 638.08 592.18 0.000 0.000

Note: The table above presents the means for households in the SDG&E Coastal and
Inland zones. Column (5) presents the p-score from the two-sided t-test for the difference
in means of the two variables before trimming, and column (6) presents the p-score after
trimming.
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Table A.21: Two Sided T-Test for SDG&E Coastal and Mountain Before
and After Trimming the Geographic Sample

(1) (2) (3) (4) (5) (6)
Variable Mean Coastal Mean Mountain Mean Coastal (trim

10 km)
Mean Mountain
(trim 10 km)

P-Score of C vs.
M (pre-trim)

P-Score of C vs. M
(post-trim)

ln(income) 4.36 4.23 4.36 4.24 0.000 0.010
# Rooms 3.32 2.66 3.31 2.90 0.000 0.000
# in Household 2.77 2.75 2.77 2.66 0.768 0.249
Year Built 1973.31 1975.88 1973.17 1974.22 0.003 0.342
Sq Ft. (1000s) 1.98 1.71 1.97 1.79 0.000 0.000
Attended College 0.57 0.49 0.56 0.65 0.004 0.010
Disabled Family Member 0.10 0.14 0.10 0.14 0.026 0.086
# Stories 0.60 0.43 0.61 0.36 0.000 0.000
Own Residence 0.96 0.92 0.96 0.87 0.001 0.000
Exterior Wall Insulation 0.64 0.68 0.64 0.64 0.123 0.892
Ceiling Insulation 0.90 0.78 0.90 0.71 0.000 0.000
Window Type 0.33 0.33 0.33 0.37 0.919 0.197
Remodeled Home 0.19 0.04 0.19 0.07 0.000 0.000
Natural Gas Line 0.77 0.00 0.77 0.00 0.000 0.000
Electric Heat 0.08 0.17 0.08 0.21 0.000 0.000
Heater Age 13.77 16.33 13.66 15.13 0.000 0.039
AC Age 11.55 10.01 11.40 10.60 0.011 0.287
Electric Water Heater 0.11 0.21 0.11 0.21 0.000 0.000
Electric Dryer 0.30 0.39 0.30 0.44 0.000 0.000
Electric Stove 0.38 0.54 0.38 0.59 0.000 0.000
Electric Oven 0.49 0.57 0.49 0.65 0.003 0.000
# of Refrigerators 1.34 1.16 1.34 1.21 0.000 0.000
Age of Refrigerator 6.76 8.66 6.74 7.80 0.000 0.001
CDD 534.33 463.81 535.67 452.58 0.022 0.034
HDD 659.07 1311.59 661.09 1315.50 0.000 0.000

Note: The table above presents the means for households in the SDG&E Coastal and
Mountain zones. Column (5) presents the p-score from the two-sided t-test for the
difference in means of the two variables before trimming, and column (6) presents the
p-score after trimming.
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Table A.22: Two Sided T-Test for Zone T and Zone X Before and After
Trimming the Matched Sample

(1) (2) (3) (4) (5) (6)
Variable Mean Zone T Mean Zone X Mean Zone T

(trim 10 km)
Mean Zone X
(trim 10 km)

P-Score of
T versus X
(pre-trim)

P-Score of
T versus X
(post-trim)

ln(income) 4.30 4.40 4.43 4.55 0.000 0.000
# Rooms 2.98 3.33 3.14 3.47 0.000 0.000
# in Household 2.67 2.78 2.73 2.82 0.000 0.006
Year Built 1959.54 1968.10 1975.73 1976.03 0.000 0.476
Sq. Ft. (1000s) 1.74 1.91 2.18 2.12 0.000 0.008
Attended College 0.64 0.62 0.62 0.67 0.000 0.000
Disabled Family Member 0.10 0.09 0.08 0.09 0.000 0.453
# Stories 0.43 0.53 0.40 0.49 0.000 0.000
Own Residence 0.91 0.93 0.95 0.96 0.000 0.057
Exterior Wall Insulation 0.46 0.55 0.73 0.68 0.000 0.000
Ceiling Insulation 0.75 0.86 0.86 0.92 0.000 0.000
Window Type 0.39 0.41 0.44 0.43 0.000 0.489
Remodeled Home 0.18 0.18 0.14 0.18 0.380 0.000
Natural Gas Line 0.84 0.85 0.74 0.82 0.000 0.000
Electric Heat 0.04 0.03 0.06 0.04 0.000 0.002
Heater Age 16.15 14.25 11.37 10.50 0.000 0.000
AC Age 10.28 9.96 10.16 9.90 0.065 0.168
Electric Water Heater 0.08 0.07 0.11 0.07 0.000 0.000
Electric Dryer 0.42 0.56 0.49 0.56 0.000 0.000
Electric Stove 0.31 0.47 0.37 0.44 0.000 0.000
Electric Oven 0.42 0.61 0.59 0.65 0.000 0.000
# of Refrigerators 1.26 1.34 1.33 1.41 0.000 0.000
Age of Refrigerator 7.86 7.51 8.44 7.04 0.000 0.000
Cooling Degree Days 145.79 312.84 284.33 375.50 0.000 0.000
Heating Degree Days 1462.55 1271.50 1422.70 1285.06 0.000 0.000

Note: The table above presents the means for households in Zone T and Zone X. Column
(5) presents the p-score from the two-sided t-test for the difference in means of the two
variables before trimming, and column (6) presents the p-score after trimming.
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Table A.23: Two Sided T-Test for Zone S and Zone R Before and After
Trimming the Matched Sample

(1) (2) (3) (4) (5) (6)
Variable Mean Zone S Mean Zone R Mean Zone S

(trim 10 km)
Mean Zone R
(trim 10 km)

P-Score of
S versus R
(pre-trim)

P-Score of
S versus R
(post-trim)

ln(income) 4.17 3.94 4.26 4.07 0.000 0.000
# Rooms 3.24 3.10 3.32 3.18 0.000 0.000
# in Household 2.72 2.80 2.74 2.82 0.000 0.000
Year Built 1978.11 1972.62 1982.18 1975.67 0.000 0.000
Sq. Ft. (1000s) 1.87 1.73 1.95 1.81 0.000 0.000
Attended College 0.47 0.40 0.50 0.44 0.000 0.000
Disabled Family Member 0.12 0.14 0.09 0.13 0.000 0.000
# Stories 0.57 0.64 0.56 0.66 0.000 0.000
Own Residence 0.92 0.89 0.96 0.92 0.000 0.000
Exterior Wall Insulation 0.70 0.64 0.75 0.69 0.000 0.000
Ceiling Insulation 0.90 0.88 0.94 0.91 0.000 0.000
Window Type 0.46 0.41 0.48 0.43 0.000 0.000
Remodeled Home 0.12 0.11 0.12 0.12 0.013 0.994
Natural Gas Line 0.85 0.80 0.88 0.85 0.000 0.000
Electric Heat 0.05 0.05 0.04 0.06 0.005 0.000
Heater Age 11.91 13.64 10.54 12.58 0.000 0.000
AC Age 10.01 11.10 9.93 11.19 0.000 0.000
Electric Water Heater 0.09 0.12 0.06 0.08 0.000 0.000
Electric Dryer 0.61 0.54 0.61 0.54 0.000 0.000
Electric Stove 0.45 0.50 0.45 0.51 0.000 0.000
Electric Oven 0.54 0.54 0.56 0.58 0.512 0.009
# of Refrigerators 1.35 1.29 1.35 1.32 0.000 0.000
Age of Refrigerator 7.21 7.45 7.05 7.35 0.000 0.000
Cooling Degree Days 610.99 852.09 612.09 860.70 0.000 0.000
Heating Degree Days 1147.44 1094.68 1146.98 1074.65 0.000 0.000

Note: The table above presents the means for households in Zone R and Zone S. Column
(5) presents the p-score from the two-sided t-test for the difference in means of the two
variables before trimming, and column (6) presents the p-score after trimming.
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Table A.24: Two Sided T-Test for Zone X and Zone R Before and After
Trimming the Matched Sample

(1) (2) (3) (4) (5) (6)
Variable Mean Zone X Mean Zone S Mean Zone X

(trim 10 km)
Mean Zone S
(trim 10 km)

P-Score of X
versus S (pre-
trim)

P-Score of
X versus S
(post-trim)

ln(income) 4.40 4.17 4.55 4.26 0.000 0.000
# Rooms 3.33 3.24 3.47 3.32 0.000 0.000
# in Household 2.78 2.72 2.82 2.74 0.000 0.000
Year Built 1968.10 1978.11 1976.03 1982.18 0.000 0.000
Sq. Ft. (1000s) 1.91 1.87 2.12 1.95 0.000 0.000
Attended College 0.62 0.47 0.67 0.50 0.000 0.000
Disabled Family Member 0.09 0.12 0.09 0.09 0.000 0.023
# Stories 0.53 0.57 0.49 0.56 0.000 0.000
Own Residence 0.93 0.92 0.96 0.96 0.001 0.000
Exterior Wall Insulation 0.55 0.70 0.68 0.75 0.000 0.000
Ceiling Insulation 0.86 0.90 0.92 0.94 0.000 0.000
Window Type 0.41 0.46 0.43 0.48 0.000 0.000
Remodeled Home 0.18 0.12 0.18 0.12 0.000 0.000
Natural Gas Line 0.85 0.85 0.82 0.88 0.893 0.000
Electric Heat 0.03 0.05 0.04 0.04 0.000 0.176
Heater Age 14.25 11.91 10.50 10.54 0.000 0.623
AC Age 9.96 10.01 9.90 9.93 0.557 0.705
Electric Water Heater 0.07 0.09 0.07 0.06 0.000 0.177
Electric Dryer 0.56 0.61 0.56 0.61 0.000 0.000
Electric Stove 0.47 0.45 0.44 0.45 0.000 0.103
Electric Oven 0.61 0.54 0.65 0.56 0.000 0.000
# of Refrigerators 1.34 1.35 1.41 1.35 0.191 0.000
Age of Refrigerator 7.51 7.21 7.04 7.05 0.000 0.820
Cooling Degree Days 312.84 610.99 375.50 612.09 0.000 0.000
Heating Degree Days 1271.50 1147.44 1285.06 1146.98 0.000 0.000

Note: The table above presents the means for households in Zone R and Zone S. Column
(5) presents the p-score from the two-sided t-test for the difference in means of the two
variables before trimming, and column (6) presents the p-score after trimming.
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Table A.25: Two Sided T-Test for SDG&E Coastal and Inland Before and
After Trimming the Matched Sample

(1) (2) (3) (4) (5) (6)
Variable Mean Coastal Mean Inland Mean Coastal (trim

10 km)
Mean Inland (trim 10
km)

P-Score of C vs. I
(pre-trim)

P-Score of C vs. I
(post-trim)

ln(income) 4.38 4.33 4.63 4.49 0.000 0.000
# Rooms 3.36 3.37 3.65 3.47 0.187 0.000
# in Household 2.75 2.84 2.79 2.82 0.000 0.087
Year Built 1970.62 1972.96 1981.80 1978.59 0.000 0.000
Sq Ft. (1000s) 1.99 1.95 2.37 2.14 0.000 0.000
Attended College 0.68 0.59 0.77 0.63 0.000 0.000
Disabled Family Member 0.09 0.11 0.08 0.11 0.000 0.000
# Stories 0.44 0.55 0.31 0.53 0.000 0.000
Own Residence 0.91 0.95 0.96 0.97 0.000 0.000
Exterior Wall Insulation 0.50 0.57 0.69 0.66 0.000 0.000
Ceiling Insulation 0.79 0.86 0.91 0.90 0.000 0.000
Window Type 0.35 0.34 0.34 0.33 0.168 0.141
Remodeled Home 0.18 0.17 0.18 0.16 0.001 0.000
Natural Gas Line 0.98 0.87 0.98 0.86 0.000 0.000
Electric Heat 0.02 0.05 0.01 0.06 0.000 0.000
Heater Age 15.99 14.44 11.13 11.41 0.000 0.016
AC Age 10.11 11.01 10.06 10.78 0.000 0.000
Electric Water Heater 0.02 0.07 0.01 0.06 0.000 0.000
Electric Dryer 0.24 0.29 0.23 0.28 0.000 0.000
Electric Stove 0.27 0.37 0.25 0.40 0.000 0.000
Electric Oven 0.44 0.49 0.53 0.57 0.000 0.000
# of Refrigerators 1.32 1.33 1.43 1.38 0.004 0.000
Age of Refrigerator 7.23 7.11 7.00 7.07 0.009 0.309
CDD 373.67 477.67 409.91 501.87 0.000 0.000
HDD 634.65 624.23 624.25 640.03 0.053 0.068

Note: The table above presents the means for households in the SDG&E Coastal and
Inland zones. Column (5) presents the p-score from the two-sided t-test for the difference
in means of the two variables before trimming, and column (6) presents the p-score after
trimming.
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Table A.26: Two Sided T-Test for SDG&E Coastal and Mountain Before
and After Trimming the Geographic Sample

(1) (2) (3) (4) (5) (6)
Variable Mean Coastal Mean Mountain Mean Coastal (trim

10 km)
Mean Mountain
(trim 10 km)

P-Score of C vs.
M (pre-trim)

P-Score of C vs. M
(post-trim)

ln(income) 4.33 4.28 4.49 4.41 0.034 0.001
# Rooms 3.37 2.90 3.47 3.10 0.000 0.000
# in Household 2.84 2.85 2.82 2.98 0.824 0.004
Year Built 1972.96 1978.39 1978.59 1986.08 0.000 0.000
Sq Ft. (1000s) 1.95 1.86 2.14 2.15 0.000 0.633
Attended College 0.59 0.62 0.63 0.65 0.051 0.212
Disabled Family Member 0.11 0.17 0.11 0.17 0.000 0.000
# Stories 0.55 0.50 0.53 0.61 0.000 0.000
Own Residence 0.95 0.96 0.97 1.00 0.008 0.000
Exterior Wall Insulation 0.57 0.73 0.66 0.75
Ceiling Insulation 0.86 0.85 0.90 0.91 0.450 0.272
Window Type 0.34 0.33 0.33 0.34 0.432 0.645
Remodeled Home 0.17 0.09 0.16 0.06 0.000 0.000
Natural Gas Line 0.87 0.03 0.86 0.03 0.000 0.000
Electric Heat 0.05 0.10 0.06 0.14 0.000 0.000
Heater Age 14.44 15.36 11.41 11.06 0.004 0.318
AC Age 11.01 11.32 10.78 10.44 0.319 0.318
Electric Water Heater 0.07 0.28 0.06 0.19 0.000 0.000
Electric Dryer 0.29 0.42 0.28 0.31 0.000 0.214
Electric Stove 0.37 0.49 0.40 0.48 0.000 0.000
Electric Oven 0.49 0.59 0.57 0.62 0.000 0.013
# of Refrigerators 1.33 1.30 1.38 1.30 0.030 0.000
Age of Refrigerator 7.11 8.03 7.07 7.16 0.000 0.640
CDD 477.67 510.03 501.87 533.02 0.046 0.179
HDD 624.23 1163.38 640.03 997.65 0.000 0.000

Note: The table above presents the means for households in the SDG&E Coastal and
Mountain zones. Column (5) presents the p-score from the two-sided t-test for the
difference in means of the two variables before trimming, and column (6) presents the
p-score after trimming.
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Table A.27: Geographic Sample: Price Elasticities of Demand (Average Price)

Full Sample $0–$49,999 $49,999–$74,999 $75,000–$149,999 >$150,000

�ln(Pit) −0.163* −0.100 −0.132 −0.165* −0.427*
(0.0529) (0.192) (0.119) (0.0763) (0.135)

�HDDit 0.00000270 0.0000122 −0.00000293 −0.000000578 −0.000000448
(0.00000428) (0.00000752) (0.00000995) (0.00000697) (0.0000119)

�CDDit 0.0000370* 0.0000193 0.0000328* 0.0000410* 0.0000680*
(0.00000671) (0.0000132) (0.0000138) (0.0000110) (0.0000186)

1 [Dit2] 0.0288* 0.0101 0.0185 0.0407* 0.0968
(0.0101) (0.0146) (0.0185) (0.0195) (0.0534)

1 [Dit3] 0.00331 −0.0105 −0.00500 0.0121 0.0301
(0.00938) (0.0157) (0.0189) (0.0160) (0.0409)

1 [Dit4] 0.0168 −0.0236 −0.0112 0.0370* 0.139*
(0.0100) (0.0170) (0.0203) (0.0139) (0.0538)

1 [Dit5] −0.00268 −0.00721 −0.00769 −0.0197 0.0543*
(0.00934) (0.0163) (0.0211) (0.0159) (0.0247)

1 [Dit6] −0.0239* −0.0320 −0.0578* −0.0153 −0.00283
(0.00970) (0.0213) (0.0221) (0.0148) (0.0231)

1 [Dit7] −0.0204* −0.0670* −0.0450* −0.00602 0.0221
(0.0100) (0.0279) (0.0224) (0.0128) (0.0240)

1 [Dit8] −0.0255* −0.0501* −0.0253 −0.0295* −0.00355
(0.00893) (0.0203) (0.0205) (0.0133) (0.0254)

1 [Dit9] −0.0461* −0.0704* −0.0464 −0.0428* −0.0374
(0.00941) (0.0214) (0.0245) (0.0144) (0.0221)

1 [Dit10] −0.105* −0.192* −0.107* −0.106* −0.0539*
(0.0120) (0.0386) (0.0242) (0.0185) (0.0235)

Border F.E. Y Y Y Y Y
N 27,144 7,801 5,913 9,695 3,735

Note: Standard errors in parentheses are clustered at the household level to adjust for serial correlation in electricity
consumption. This table present the results from the 2SLS specification for the regression on the log-difference in electricity
using the simulated instrument kWhi0 and reports the omitted coefficients from Table A.5 for the regressions on average price.
*p <0.05
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Table A.28: Geographic Sample: Price Elasticities of Demand (Marginal Price)

Full Sample $0–$49,999 $49,999–$74,999 $75,000–$149,999 >$150,000

�ln(Pit) −0.143* −0.107 −0.0906 −0.164* −0.362*
(0.0367) (0.0879) (0.0747) (0.0580) (0.113)

�HDDit 0.00000546 0.0000140 −0.000000280 0.00000339 0.00000124
(0.00000440) (0.00000774) (0.0000101) (0.00000719) (0.0000125)

�CDDit 0.0000355* 0.0000198 0.0000304* 0.0000399* 0.0000603*
(0.00000697) (0.0000133) (0.0000151) (0.0000116) (0.0000190)

1 [Dit2] 0.0275* 0.00943 0.0163 0.0405* 0.105
(0.0104) (0.0148) (0.0190) (0.0202) (0.0577)

1 [Dit3] 0.000944 −0.0113 −0.00866 0.0121 0.0247
(0.00983) (0.0161) (0.0194) (0.0168) (0.0467)

1 [Dit4] 0.0161 −0.0245 −0.0138 0.0402* 0.138*
(0.0104) (0.0175) (0.0208) (0.0148) (0.0570)

1 [Dit5] −0.00277 −0.00670 −0.00979 −0.0192 0.0633*
(0.00976) (0.0166) (0.0216) (0.0166) (0.0268)

1 [Dit6] −0.0235* −0.0311 −0.0606* −0.0115 −0.00359
(0.00996) (0.0217) (0.0223) (0.0151) (0.0252)

1 [Dit7] −0.0183 −0.0655* −0.0470* −0.000971 0.0271
(0.0103) (0.0285) (0.0226) (0.0133) (0.0245)

1 [Dit8] −0.0249* −0.0487* −0.0277 −0.0268* −0.00697
(0.00899) (0.0204) (0.0203) (0.0135) (0.0261)

1 [Dit9] −0.0455* −0.0690* −0.0492* −0.0407* −0.0348
(0.00945) (0.0211) (0.0243) (0.0145) (0.0233)

1 [Dit10] −0.104* −0.192* −0.109* −0.104* −0.0533*
(0.0120) (0.0391) (0.0242) (0.0188) (0.0234)

Border F.E. Y Y Y Y Y
N 27,168 7,805 5,918 9,697 3,748

Note: Standard errors in parentheses are clustered at the household level to adjust for serial correlation in electricity
consumption. This table present the results from the 2SLS specification for the regression on the log-difference in electricity
using the simulated instrument kWhi0 and reports the omitted coefficients from Table A.5 for the regressions on marginal price.
*p < 0.05.
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Table A.29: Geographic Sample: Price Elasticities of Demand (5 km.)

Income Group Elasticity (Avg. Price) Elasticity (Marg. Price) N

Full Sample −0.140* −0.151* 15,290
(0.0670) (0.0434)

$0–$49,999 −0.145 −0.123 4,394
(0.259) (0.122)

$50,000–$74,999 −0.259 −0.198* 3,367
(0.159) (0.101)

$75,000–$149,999 −0.138 −0.181* 5,412
(0.101) (0.0678)

>$150,000 −0.205 −0.207* 2,117
(0.131) (0.0984)

Note: Standard errors in parentheses are clustered at the household level to adjust for serial
correlation in electricity consumption. This table reports the 2SLS results for households
living within 5 km of a climate border using the simulated instrument based on kWhi0. All
regressions control for weather and a dummy for the decile of electricity consumption.
*p < 0.05

Table A.30: Geographic Sample: Price Elasticities of Demand (20 km.)

Income Group Elasticity (Avg. Price) Elasticity (Marg. Price) N

Full Sample −0.132* −0.120* 33,314
(0.0488) (0.0334)

$0–$49,999 0.0279 −0.0204 9,641
(0.155) (0.0795)

$50,000–$74,999 −0.162 −0.0819 7,152
(0.113) (0.0686)

$75,000–$149,999 −0.0959 −0.126* 11,731
(0.0720) (0.0524)

>$150,000 −0.460* −0.362* 4,790
(0.122) (0.101)

Note: Standard errors in parentheses are clustered at the household level to adjust for serial
correlation in electricity consumption. This table reports the 2SLS results for households
living within 20 km of a climate border using the simulated instrument based on kWhi0.
All regressions control for weather and a dummy for the decile of electricity consumption.
*p < 0.05
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Table A.31: Geographic Sample: Price Elasticities of Demand Alternative
Income Grouping

Income Group Elasticity (Avg. Price) Elasticity (Marg. Price) N

Full Sample −0.163* −0.143* 27,144
(0.0529) (0.0367)

$0–$34,999 −0.226 −0.197 5,003
(0.292) (0.158)

$35,000–$74,999 −0.0985 −0.0766 8,711
(0.109) (0.0612)

$75,000–$149,999 −0.165* −0.164* 9,695
(0.0763) (0.0580)

>$150,000 −0.427* −0.362* 3,735
(0.135) (0.113)

Note: Standard errors in parentheses are clustered at the household level to adjust for
serial correlation in electricity consumption. This table reports the two-stage least squares
(2SLS) results for households living within 10 km of a climate border using the simulated
instrument based on kWhi0. All regressions control for weather, a dummy for the decile of
electricity consumption, and border fixed effects.
*p < 0.05
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Table A.32: Geographic Sample: Heterogeneous Elasticities by Income

Income Group Elasticity (Avg. Price) Elasticity (Marg. Price)

$0–$49,999 −0.100 −0.107
(0.192) (0.0879)

$50,000–$74,999 −0.0321 0.0165
(0.226) (0.115)

$75,000–$149,999 −0.0646 −0.0569
(0.207) (0.105)

>$150,000 −0.327 −0.255
(0.234) (0.144)

N 27,144 27,168

Note: Standard errors in parentheses are clustered at the household level to adjust for
serial correlation in electricity consumption. This table reports the 2SLS results for
households living within 10 km of a climate border using the simulated instrument based
on kWhi0. All regressions control for weather and a dummy for the decile of electricity
consumption. Results reported are the marginal effects of being in a different income
category. To back out the point estimate for each income group add that estimate to the
base income group’s estimate.
*p < 0.05
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Table A.33: Geographic Sample: Price Elasticities of Demand

Income Group Elasticity (Avg. Price) Elasticity (Marg. Price) N

Full Sample −0.163* −0.143* 27,144
(0.0529) (0.0367)

1st Quartile −0.114 0.289 7,483
(0.608) (0.768)

2nd Quartile −0.548* −0.313* 7,082
(0.270) (0.0895)

3rd Quartile −0.200* −0.0813* 6,707
(0.0877) (0.0351)

4th Quartile −0.123* −0.0961* 5,896
(0.0493) (0.0362)

Note: Standard errors in parentheses are clustered at the household level to adjust for
serial correlation in electricity consumption. This table reports the two-stage least squares
(2SLS) results for households living within 10 km of a climate border using the simulated
instrument based on kWhi0. All regressions control for weather, a dummy for the decile of
electricity consumption, and border fixed effects.
*p < 0.05

Table A.34: Geographic Sample: Price Elasticities of Demand

Income Group Elasticity (Avg. Price) *1(has AC) Elasticity (Marg. Price) *1(has AC) N

Full Sample −0.161* −0.00279 −0.180* 0.0684 27,144
(0.0727) (0.0780) (0.0478) (0.0478)

$0–$49,999 −0.0340 −0.142 −0.11 0.0259 7,801
(0.229) (0.329) (0.113) (0.141)

$50,000–$74,999 −0.180 0.0796 −0.194 0.187 5,913
(0.180) (0.200) (0.114) (0.116)

$75,000–$149,999 −0.158 −0.0132 −0.199* 0.0664 9,695
(0.0964) (0.105) (0.0693) (0.0694)

>$150,000 −0.409* −0.0271 −0.335* −0.0452 3,735
(0.186) (0.163) (0.134) (0.110)

Note: Standard errors in parentheses are clustered at the household level to adjust for
serial correlation in electricity consumption. This table reports the two-stage least squares
(2SLS) results for households living within 10 km of a climate border using the simulated
instrument based on kWhi0. All regressions control for weather, a dummy for the decile of
electricity consumption, and border fixed effects. This table also reports the marginal
effect of owning an AC unit on the price elasticity of demand.
*p < 0.05
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Table A.35: Geographic Sample: Price Elasticities of Demand Lagged Price

Income Group Elasticity (Avg. Price) Elasticity (Marg. Price) N

Full Sample −0.211* −0.156* 27,168
(0.0623) (0.0403)

$0–$49,999 −0.133 −0.113 7,805
(0.222) (0.0982)

$50,000–$74,999 −0.168 −0.106 5,918
(0.133) (0.0776)

$75,000–$149,999 −0.262* −0.186* 9,697
(0.0937) (0.0662)

>$150,000 −0.424* −0.367* 3,748
(0.158) (0.121)

Note: Standard errors in parentheses are clustered at the household level to adjust for
serial correlation in electricity consumption. This table reports the two-stage least squares
(2SLS) results for households living within 10 km of a climate border using the simulated
instrument based on kWhi0 and lagged prices from the previous months. All regressions
control for weather, a dummy for the decile of electricity consumption, and border fixed
effects.
*p < 0.05
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Table A.36: Geographic Sample: Price Elasticities of Demand Using Sim-
ulated Instrument kWhi

Income Group Elasticity (Avg. Price) Elasticity (Marg. Price) N

Full Sample −0.0941 −0.0489 27,168
(0.0504) (0.0335)

$0–$49,999 0.0593 0.122 7,805
(0.155) (0.0671)

$50,000–$74,999 −0.0755 −0.0535 5,918
(0.103) (0.0705)

$75,000–$149,999 −0.0612 −0.0465 9,697
(0.0678) (0.0509)

>$150,000 −0.353* −0.278* 3,748
(0.140) (0.109)

Note: Standard errors in parentheses are clustered at the household level to adjust for serial
correlation in electricity consumption. This table reports the 2SLS results for households
living within 10 km of a climate border using the simulated instrument based on kWhi.
All regressions control for weather and a dummy for the decile of electricity consumption.
*p < 0.05

Table A.38: Matched Sample: Price Elasticities of Demand Using kWhi0

Income Group Elasticity (Avg. Price) Elasticity (Marg. Price) N

Full Sample −0.212 −0.097 106,806
$0–$49,999 0.034 −0.071 33,251
$50,000–$74,999 −0.247 −0.176 22,747
$75,000–$149,999 −0.246 −0.081 36,134
>$150,000 −0.366 −0.165 14,674

Note: This table reports the 2SLS results for the matched sample between each border pair
using the simulated instrument based on kWhi0. All regressions control for weather and a
dummy for the decile of electricity consumption. All estimates represent a weighted
average across all zones.
*p < 0.05
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Table A.37: Geographic Sample: Price Elasticities of Demand Using Sim-
ulated Instrument kWhit6

Income Group Elasticity (Avg. Price) Elasticity (Marg. Price) N

Full Sample −0.112* −0.103** 27,161
(0.0563) (0.0355)

$0–$49,999 0.0456 0.0244 7,803
(0.172) (0.0855)

$50,000–$74,999 −0.0275 −0.0452 5,917
(0.109) (0.0661)

$75,000–$149,999 −0.0799 −0.113* 9,697
(0.0770) (0.0535)

>$150,000 −0.438** −0.359** 3,744
(0.163) (0.114)

Note: Standard errors in parentheses are clustered at the household level to adjust for serial
correlation in electricity consumption. This table reports the 2SLS results for households
living within 20 km of a climate border using the simulated instrument based on kWhit6 .
All regressions control for weather and a dummy for the decile of electricity consumption.
*p < 0.05

Table A.39: Matched Sample: Price Elasticities of Demand Using kWhi

Income Group Elasticity (Avg. Price) Elasticity (Marg. Price) N

Full Sample −0.281 −0.122 106,873
$0–$49,999 −0.212 0.030 33,268
$50,000–$74,999 −0.381 −0.154 22,757
$75,000–$149,999 −0.234 −0.126 36,154
>$150,000 −0.384 −0.257 14,694

Note: This table reports the 2SLS results for the matched sample between each border pair
using the simulated instrument based on kWhi. All regressions control for weather and a
dummy for the decile of electricity consumption. All estimates represent a weighted
average across all zones.
*p < 0.05
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Table A.40: Matched Sample: Price Elasticities of Demand Using kWhit6

Income Group Elasticity (Avg. Price) Elasticity (Marg. Price) N

Full Sample −0.300 −0.179 106,860
$0–$49,999 −0.095 −0.097 33,264
$50,000–$74,999 −0.399 −0.067 22,756
$75,000–$149,999 −0.245 −0.233 36,154
>$150,000 −0.480 −0.295 14,686

Note: This table reports the 2SLS results for the matched sample between each border pair
using the simulated instrument based on kWhit6 . All regressions control for weather and a
dummy for the decile of electricity consumption. All estimates represent a weighted
average across all zones.
*p < 0.05
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Table A.41: Matched Sample: Price Elasticities of Demand Using kWhi0 Avg. Price

Climate Border T/X X/R R/S S/X Coastal/Inland Inland/Mountain

Full Sample −0.130 −0.218* −0.616* −0.224* −0.122* −0.0296
(0.0671) (0.0804) (0.176) (0.0767) (0.0613) (0.0875)
26,455 21,962 11,122 24,360 15,366 7,541

$0–$49,999 0.285 0.109 −0.384 −0.0815 0.113 0.0430
(0.150) (0.149) (0.482) (0.187) (0.242) (0.408)
7,779 7,090 4,742 7,432 4,139 2,069

$50,000–$74,999 −0.109 −0.220 −0.719 −0.211 −0.278 −0.0810
(0.155) (0.196) (0.371) (0.200) (0.171) (0.206)
5,429 4,525 2,610 5,125 3,319 1,739

$75,000–$149,999 −0.192 −0.292* −0.679* −0.236 −0.134 −0.0820
(0.110) (0.135) (0.249) (0.123) (0.0886) (0.117)
9,017 7,186 3,065 8,367 5,652 2,847

>$150,000 −0.366* −0.394* −0.557 −0.358* −0.321* −0.262
(0.141) (0.156) (0.393) (0.135) (0.107) (0.171)
4,230 3,161 705 3,436 2,256 886

Note: Standard errors in parentheses are clustered at the household level to adjust for serial correlation in electricity
consumption. This table reports the 2SLS results for the matched sample between each border pair using the simulated
instrument based on kWhi. All regressions control for weather and a dummy for the decile of electricity consumption.
*p < 0.05
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Table A.42: Matched Sample: Price Elasticities of Demand Using kWhi Avg. Price

Climate Border T/X X/R R/S S/X Coastal/Inland Inland/Mountain

Full Sample −0.235* −0.252* −0.622* −0.340* −0.150* −0.105
(0.0718) (0.0834) (0.169) (0.0850) (0.0567) (0.0776)
26,466 21,969 11,128 24,369 15,386 7,555

$0–$49,999 −0.0308 −0.0275 −1.107 −0.405 0.210 0.376
(0.200) (0.222) (0.706) (0.282) (0.155) (0.219)
7,784 7,094 4,746 7,436 4,139 2,069

$50,000–$74,999 −0.310 −0.350 −0.611 −0.437 −0.357* −0.222
(0.176) (0.228) (0.340) (0.237) (0.141) (0.176)
5,429 4,525 2,610 5,125 3,324 1,744

$75,000–$149,999 −0.155 −0.163 −0.764* −0.246* −0.179* −0.161
(0.0991) (0.111) (0.277) (0.113) (0.0813) (0.108)
9,023 7,189 3,067 8,372 5,654 2,849

>$150,000 −0.413* −0.478* −0.227 −0.419* −0.229 −0.297
(0.152) (0.176) (0.284) (0.161) (0.120) (0.186)
4,230 3,161 705 3,436 2,269 893

Note: Standard errors in parentheses are clustered at the household level to adjust for serial correlation in electricity
consumption. This table reports the 2SLS results for the matched sample between each border pair using the simulated
instrument based on kWhi. All regressions control for weather and a dummy for the decile of electricity consumption.
*p < 0.05
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Table A.43: Matched Sample: Price Elasticities of Demand Using kWhit6 Avg. Price

Climate Border T/X X/R R/S S/X Coastal/Inland Inland/Mountain

Full Sample −0.256* −0.269* −0.606* −0.361* −0.184* −0.137
(0.0816) (0.0915) (0.176) (0.0944) (0.0670) (0.0823)
26,466 21,969 11,128 24,369 15,379 7,549

$0–$49,999 0.0628 0.0341 −0.464 −0.401 0.177 0.277
(0.200) (0.212) (0.468) (0.275) (0.179) (0.231)
7,784 7,094 4,746 7,436 4,137 2,067

$50,000–$74,999 −0.404 −0.381 −0.592 −0.395 −0.382* −0.183
(0.228) (0.251) (0.325) (0.256) (0.169) (0.200)
5,429 4,525 2,610 5,125 3,323 1,744

$75,000–$149,999 −0.123 −0.168 −0.909* −0.260* −0.189* −0.180
(0.109) (0.128) (0.322) (0.130) (0.0962) (0.120)
9,023 7,189 3,067 8,372 5,654 2,849

>$150,000 −0.560* −0.593* −0.0936 −0.533* −0.289 −0.292
(0.182) (0.211) (0.330) (0.192) (0.148) (0.182)
4,230 3,161 705 3,436 2,265 889

Note: Standard errors in parentheses are clustered at the household level to adjust for serial correlation in electricity
consumption. This table reports the 2SLS results for the matched sample between each border pair using the simulated
instrument based on kWhit6 . All regressions control for weather and a dummy for the decile of electricity consumption.
*p < 0.05
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Table A.44: Matched Sample: Price Elasticities of Demand Using kWhi0 Marg. Price

Climate Border T/X X/R R/S S/X Coastal/Inland Inland/Mountain

Full Sample −0.0492 −0.0493 −0.357* −0.0612 −0.130* −0.0711
(0.0491) (0.0528) (0.143) (0.0493) (0.0364) (0.0521)
26,466 21,969 11,128 24,369 15,386 7,555

$0–$49,999 0.0742 0.0492 −0.508 −0.0390 −0.0380 −0.213
(0.125) (0.140) (0.580) (0.147) (0.115) (0.254)
7,784 7,094 4,746 7,436 4,139 2,069

$50,000–$74,999 −0.103 −0.105 −0.606 −0.191 −0.119 −0.00490
(0.105) (0.0943) (0.363) (0.113) (0.0857) (0.102)
5,429 4,525 2,610 5,125 3,324 1,744

$75,000–$149,999 −0.0849 −0.0600 −0.237 −0.0104 −0.129* −0.0699
(0.0772) (0.0889) (0.158) (0.0751) (0.0500) (0.0683)
9,023 7,189 3,067 8,372 5,654 2,849

>$150,000 −0.0573 −0.158 −0.296 −0.141 −0.361* −0.195*
(0.103) (0.105) (0.301) (0.0930) (0.0878) (0.0992)
4,230 3,161 705 3,436 2,269 893

Note: Standard errors in parentheses are clustered at the household level to adjust for serial correlation in electricity
consumption. This table reports the 2SLS results for the matched sample between each border pair using the simulated
instrument based on kWhi0. All regressions control for weather and a dummy for the decile of electricity consumption.
*p < 0.05
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Table A.45: Matched Sample: Price Elasticities of Demand Using kWhi Marg. Price

Climate Border T/X X/R R/S S/X Coastal/Inland Inland/Mountain

Full Sample −0.0377 −0.0622 −0.393* −0.152* −0.110** −0.123*
(0.0471) (0.0515) (0.161) (0.0577) (0.0370) (0.0497)
26,466 21,969 11,128 24,369 15,386 7,555

$0–$49,999 0.162 0.0945 −0.270 −0.0380 0.0913 0.126
(0.107) (0.138) (0.453) (0.152) (0.0794) (0.0986)
7,784 7,094 4,746 7,436 4,139 2,069

$50,000–$74,999 −0.0223 −0.0536 −0.458 −0.174 −0.198* −0.230*
(0.117) (0.131) (0.276) (0.146) (0.0859) (0.115)
5,429 4,525 2,610 5,125 3,324 1,744

$75,000–$149,999 −0.0206 −0.0376 −0.550* −0.156 −0.124* −0.145
(0.0689) (0.0703) (0.248) (0.0854) (0.0556) (0.0798)
9,023 7,189 3,067 8,372 5,654 2,849

>$150,000 −0.262* −0.319* −0.343 −0.219* −0.205* −0.229
(0.112) (0.128) (0.438) (0.110) (0.0952) (0.126)
4,230 3,161 705 3,436 2,269 893

Note: Standard errors in parentheses are clustered at the household level to adjust for serial correlation in electricity
consumption. This table reports the 2SLS results for the matched sample between each border pair using the simulated
instrument based on kWhi. All regressions control for weather and a dummy for the decile of electricity consumption.
*p < 0.05
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Table A.46: Matched Sample: Price Elasticities of Demand Using kWhit6 Marg. Price

Climate Border T/X X/R R/S S/X Coastal/Inland Inland/Mountain

Full Sample −0.114* −0.143* −0.407* −0.198* −0.158* −0.156*
(0.0510) (0.0557) (0.119) (0.0541) (0.0407) (0.0510)
26,466 21,969 11,128 24,369 15,386 7,555

$0–$49,999 0.0854 −0.0278 −0.548 −0.128 0.0316 −0.138
(0.106) (0.121) (0.415) (0.129) (0.113) (0.152)
7,784 7,094 4,746 7,436 4,139 2,069

$50,000–$74,999 −0.0382 0.0526 −0.182 −0.0246 −0.212* −0.140
(0.115) (0.118) (0.158) (0.113) (0.0915) (0.109)
5,429 4,525 2,610 5,125 3,324 1,744

$75,000–$149,999 −0.127 −0.241* −0.586* −0.278* −0.172* −0.158*
(0.0800) (0.0954) (0.215) (0.0899) (0.0553) (0.0746)
9,023 7,189 3,067 8,372 5,654 2,849

>$150,000 −0.376* −0.288* −0.0391 −0.288* −0.272** −0.222
(0.125) (0.115) (0.206) (0.106) (0.105) (0.122)
4,230 3,161 705 3,436 2,269 893

Note: Standard errors in parentheses are clustered at the household level to adjust for serial correlation in electricity
consumption. This table reports the 2SLS results for the matched sample between each border pair using the simulated
instrument based on kWhit6 . All regressions control for weather and a dummy for the decile of electricity consumption.
*p < 0.05
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Table A.47: Geographic Sample: Percentage Change in Aggregate Con-
sumption with CARE and Non-CARE Flat Price to IBP With and
Without CARE: Flat Price Varies by Region by Year

Percentage Change in Consumption by Year and Climate Zone
2003 2009

PG&E Average Marginal Average Marginal
R −0.02% −3.03% 0.67% −3.59%
S 0.10% −3.25% 0.74% −4.54%
T 0.14% −3.74% 1.37% −4.88%
X 0.08% −4.10% 1.40% −5.38%
SDG&E
Coastal −0.29% −2.45% 0.34% −5.10%
Mountain 0.10% −1.31% 0.38% −4.52%
Desert 0.57% −1.23% 0.38% −3.34%
Inland −0.12% −1.99% 0.51% −4.45%

Weighted Average 0.03% −3.42% 0.90% −4.86%

Note: This table reports the total changes in electricity use for moving from a
revenue-neutral flat price with CARE to the existing IBPs. Positive numbers indicate IBPs
increase electricity use relative to a flat price, and negative numbers indicate that IBPs
decrease electricity use. The average is weighted by the number of household-month
observations in the RASS.
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Table A.48: Geographic Sample: Percentage Change in Aggregate Con-
sumption with CARE and Non-CARE Flat Price to IBP With and
Without CARE: Flat Price Varies by Region

Percentage Change in Consumption by Year and Climate Zone
2003 2009

PG&E Average Marginal Average Marginal
R 1.21% −2.33% −0.84% −4.28%
S 1.58% −2.44% −1.08% −5.35%
T 2.07% −2.71% −1.25% −6.03%
X 2.11% −3.04% −1.09% −6.41%
SDG&E
Coastal 3.34% −0.15% −1.36% −5.89%
Mountain 2.99% 0.65% −1.13% −5.22%
Desert 2.66% 0.05% −0.66% −3.95%
Inland 3.23% 0.20% −1.07% −5.21%

Weighted Average 2.17% −2.21% −1.14% −5.77%

Note: This table reports the total changes in electricity use for moving from a
revenue-neutral flat price with CARE to the existing IBPs. Positive numbers indicate IBPs
increase electricity use relative to a flat price, and negative numbers indicate that IBPs
decrease electricity use. The average is weighted by the number of household-month
observations in the RASS.
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Table A.49: Geographic Sample: Percentage Change in Aggregate Con-
sumption with CARE and Non-CARE Flat Price to IBP With and
Without CARE: Flat Price Varies by Month

Percentage Change in Consumption by Year and Climate Zone
2003 2009

PG&E Average Marginal Average Marginal
R 0.17% −2.90% 1.32% −3.17%
S 0.43% −3.04% 1.57% −4.06%
T −0.05% −3.79% 0.99% −4.94%
X 0.23% −3.92% 1.86% −4.98%
SDG&E
Coastal −0.90% −3.14% −0.32% −5.60%
Mountain −0.05% −1.75% 0.32% −4.76%
Desert 0.09% −1.89% 0.31% −3.56%
Inland −0.65% −2.65% −0.35% −5.12%

Weighted Average 0.00% −3.45% 0.84% −4.88%

Note: This table reports the total changes in electricity use for moving from a
revenue-neutral flat price with CARE to the existing IBPs. Positive numbers indicate IBPs
increase electricity use relative to a flat price, and negative numbers indicate that IBPs
decrease electricity use. The average is weighted by the number of household-month
observations in the RASS.
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Table A.50: Geographic Sample: Percentage Change in Aggregate Con-
sumption with CARE and Non-CARE Flat Price to IBP With and
Without CARE: Flat Price Varies by Year

Percentage Change in Consumption by Year and Climate Zone
2003 2009

PG&E Average Marginal Average Marginal
R 0.18% −2.89% 1.49% −3.05%
S 0.44% −3.03% 1.79% −3.94%
T −0.03% −3.78% 1.22% −4.80%
X 0.25% −3.90% 2.11% −4.84%
SDG&E
Coastal −0.92% −3.16% −0.52% −5.70%
Mountain −0.08% −1.77% 0.01% −4.92%
Desert 0.02% −1.95% 0.00% −3.75%
Inland −0.67% −2.67% −0.53% −5.21%

Weighted Average 0.01% −3.45% 0.92% −4.84%

Note: This table reports the total changes in electricity use for moving from a
revenue-neutral flat price with CARE to the existing IBPs. Positive numbers indicate IBPs
increase electricity use relative to a flat price, and negative numbers indicate that IBPs
decrease electricity use. The average is weighted by the number of household-month
observations in the RASS.
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Table A.51: Geographic Sample: Percentage Change in Aggregate Con-
sumption

Percentage Change in Consumption by Year and Climate Zone
2003 2009

PG&E Average Marginal Average Marginal
Change [95% CI] Change [95% CI] Change [95% CI] Change [95% CI]

R −0.05% [1.11%, -0.64%] −3.05% [-6.52%, -0.14%] 0.57% [3.15%, -0.70%] −3.65% [-7.57%, -0.22%]
S 0.08% [1.32%, -0.58%] −3.27% [-6.82%, -0.29%] 0.66% [3.95%, -0.95%] −4.59% [-8.77%, -0.90%]
T 0.13% [1.43%, -0.54%] −3.75% [-7.59%, -0.52%] 1.30% [6.33%, -0.87%] −4.92% [-9.31%, -1.09%]
X 0.07% [1.30%, -0.58%] −4.11% [-8.01%, -0.83%] 1.35% [5.81%, -0.62%] −5.41% [-10.09%, -1.29%]
SDG&E
Coastal −0.31% [-0.2%, -0.36%] −2.45% [-4.93%, -0.55%] 0.25% [2.56%, -0.88%] −5.17% [-9.77%, -1.21%]
Mountain 0.09% [0.29%, -0.02%] −1.33% [-3.12%, 0.04%] 0.24% [2.81%, -0.99%] −4.62% [-9.01%, -0.86%]
Desert 0.56% [1.35%, 0.19%] −1.26% [-3.46%, 0.33%] 0.26% [1.04%, -0.22%] −3.41% [-7.17%, -0.14%]
Inland −0.15% [0.07%, -0.27%] −2.03% [-4.2%, -0.34%] 0.40% [2.72%, -0.77%] −4.54% [-8.8%, -0.85%]
Weighted Average 0.01% [1.03%, -0.52%] −3.43% [-6.91%, -0.54%] 0.82% [4.28%, -0.78%] −4.91% [-9.35%, -1.04%]

Note: This table reports the total changes in electricity use for moving from a
revenue-neutral flat price with CARE rates to the existing IBPs. Positive numbers indicate
IBPs increase electricity use relative to a flat price, and negative numbers indicate that
IBPs decrease electricity use. The average is weighted by the number of household-month
observations in the RASS. This table includes confidence intervals for the results in Table
A.6 based on the confidence intervals from the elasticity estimates in Table A.5
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Table A.52: Geographic Sample: Percentage Change in Aggregate Con-
sumption with CARE and Non-CARE Flat Price to IBP With and
Without CARE

Percentage Change in Consumption by Year and Climate Zone
2003 2009

PG&E Average Marginal Average Marginal
R −0.03% −2.69% 0.92% −2.57%
S 0.05% −3.07% 0.71% −3.94%
T −0.05% −3.60% 1.13% −4.38%
X −0.10% −4.02% 1.03% −5.02%
SDG&E
Coastal −0.50% −2.52% −0.12% −5.21%
Mountain −0.08% −1.39% −0.14% −4.65%
Desert 0.14% −1.40% 0.12% −3.40%
Inland −0.25% −2.05% 0.14% −4.53%

Weighted Average −0.12% −3.32% 0.61% −4.57%

Note: This table reports the total changes in electricity use for moving from a
revenue-neutral flat price with CARE to the existing IBPs. Positive numbers indicate IBPs
increase electricity use relative to a flat price, and negative numbers indicate that IBPs
decrease electricity use. The average is weighted by the number of household-month
observations in the RASS.
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Table A.53: Geographic Sample: Percentage Change in Aggregate Con-
sumption with CARE and One Elasticity for All Income Groups

Percentage Change in Consumption by Year and Climate Zone
2003 2009

PG&E Average Marginal Average Marginal
R 0.37% −2.75% 0.81% −3.40%
S 0.41% −2.88% 1.17% −3.52%
T 0.51% −2.85% 1.64% −3.26%
X 0.50% −2.84% 1.44% −3.50%
SDG&E
Coastal 0.09% −1.55% 0.92% −3.30%
Mountain 0.05% −1.33% 0.77% −3.32%
Desert 0.06% −1.42% 0.32% −3.45%
Inland 0.08% −1.54% 0.84% −3.40%

Weighted Average 0.39% −2.58% 1.18% −3.40%

Note: This table reports the total changes in electricity use for moving from a
revenue-neutral flat price with CARE to the existing IBPs. Positive numbers indicate IBPs
increase electricity use relative to a flat price, and negative numbers indicate that IBPs
decrease electricity use. The average is weighted by the number of household-month
observations in the RASS. This table includes calculations assuming that all households
have the same elasticity of demand, rather than allowing for differences in elasticities by
income
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Table A.54: Geographic Sample: Percentage Change in Aggregate Con-
sumption with CARE and Elasticities for Lagged Prices

Percentage Change in Consumption by Year and Climate Zone
2003 2009

PG&E Average Marginal Average Marginal
R 0.05% −3.34% 0.84% −4.04%
S 0.21% −3.61% 1.16% −5.01%
T 0.40% −4.06% 2.20% −5.26%
X 0.34% −4.42% 2.12% −5.78%
SDG&E
Coastal −0.23% −2.63% 0.77% −5.52%
Mountain 0.11% −1.48% 0.50% −4.98%
Desert 0.52% −1.41% 0.43% −3.82%
Inland −0.12% −2.22% 0.81% −4.94%

Weighted Average 0.20% −3.72% 1.43% −5.29%

Note: This table reports the total changes in electricity use for moving from a
revenue-neutral flat price with CARE to the existing IBPs. Positive numbers indicate IBPs
increase electricity use relative to a flat price, and negative numbers indicate that IBPs
decrease electricity use. The average is weighted by the number of household-month
observations in the RASS. This table includes calculations separating households by
income and using the lag of household prices.

167



Table A.55: Geographic Sample: Percentage Change in Aggregate Con-
sumption with CARE and Elasticities by Electricity Use

Percentage Change in Consumption by Year and Climate Zone
2003 2009

PG&E Average Marginal Average Marginal
R 1.62% −1.95% 2.49% −2.38%
S 2.00% −2.02% 3.99% −2.40%
T 2.27% −3.57% 5.34% −5.41%
X 2.79% −2.29% 6.35% −3.04%
SDG&E
Coastal 0.76% −1.68% 4.18% −4.46%
Mountain 0.41% −0.99% 3.51% −2.36%
Desert 0.22% −1.21% 0.94% −3.15%
Inland 0.74% −1.49% 4.35% −3.46%

Weighted Average 2.05% −2.31% 4.87% −3.61%

Note: This table reports the total changes in electricity use for moving from a
revenue-neutral flat price with CARE to the existing IBPs. Positive numbers indicate IBPs
increase electricity use relative to a flat price, and negative numbers indicate that IBPs
decrease electricity use. The average is weighted by the number of household-month
observations in the RASS. This table includes calculations separating household elasticities
for the four quartiles of electricity use, rather than by income.
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(a) PG&E Zone X (b) PG&E Zone T

(c) PG&E Zone S (d) PG&E Zone R

(e) SDG&E Coastal (f) SDG&E Inland

(g) SDG&E Mountain (h) SDG&E Desert

Figure A.13: Electricity Use Distribution by Income by Climate Zone
Note: Each subfigure shows the distribution of electricity use by income for a different
climate zone in PG&E’s and SDG&E’s service territories. Source: RASS (2003, 2009).
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Table A.57: Changes in Electricity Bills in $ with a Flat CARE Rate and
One Elasticity for all Households

Income Med. Bill (IBP) Med. Bill (Flat CARE) Change Percentage N

$0–$49,999 46.14 51.92 5.79 11.14% 59,831
$50,000–$74,999 64.56 75.54 10.98 14.53% 40,015
$75,000–$149,999 78.28 88.03 9.76 11.08% 63,343
>$150,000 101.83 107.75 5.93 5.50% 26,771

Note: This table presents the changes in electricity bills by income when switching from
flat to block prices where the flat price includes a reduced CARE rate. A positive number
for “Change” indicates that a household’s electricity bills increase under a flat price. Each
row is the median weighted by the number of household-month observations in that
income category. Calculations in this table assume that all households have the same price
elasticity of demand, rather than allowing the price elasticity of demand to vary by income.

Table A.58: Changes in Consumer Surplus from Flat Prices with CARE
to Block by Income and One Elasticity for all Households

Income Med. Bill (IBP) Med. Change in CS ($) Percentage N

$0–$49,999 46.14 1.18 2.56% 39,540
$50,000–$74,999 64.56 5.33 8.25% 60,446
$75,000–$149,999 78.28 4.00 5.11% 63,343
>$150,000 101.83 0.53 0.53% 26,771

Note: This table presents the changes in consumer surplus (CS) by income when switching
from flat prices with a CARE rate to an IBP with a CARE rate. A positive number for
“Change” indicates that a household’s surplus increases under a flat price. Each row is
weighted by the number of household-month observations in that income category.
Calculations in this table assume that all households have the same price elasticity of
demand, rather than allowing the price elasticity of demand to vary by income.
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Table A.56: OLS: Monthly Electricity use and Income

(1) (2) (3) (4)

ln(Income) 0.171* 0.170* 0.192* 0.0933*
(0.00177) (0.00681) (0.00681) (0.00729)

Zone S −0.0922* −0.0185
(0.0194) (0.0185)

Zone T −0.522* −0.168*
(0.0195) (0.0219)

Zone X −0.272* −0.0522*
(0.0171) (0.0178)

Coastal −0.434* −0.190*
(0.0202) (0.0210)

Mountain −0.254* −0.0828
(0.0843) (0.0770)

Desert −0.504 −0.592*
(0.291) (0.278)

Inland −0.266* −0.104*
(0.0202) (0.0200)

CDD 0.000245*
(0.00000695)

HDD 0.0000249*
(0.00000917)

# in Household 0.0669*
(0.00358)

Year Constructed −0.000103
(0.000259)

Sq. Ft. (1000s) 0.147*
(0.00857)

# Rooms 0.0204*
(0.00712)

Attended College −0.0538*
(0.0100)

Age of Heater −0.000751
(0.000438)

Has AC 0.146*
(0.0118)

Fridge Age 0.00519*
(0.000844)

Fixed Effects
Month-of-Sample N Y Y Y
Region N N Y Y
TV Count Dummy N N N Y

N 191,851 191,851 190,100 177,723
R-sq 0.046 0.055 0.121 0.291

Note: Standard errors in parentheses are clustered at the household level to adjust for
serial correlation in electricity consumption. This table reports the OLS results for the
regressions of electricity use on income and other controls.
*p < 0.05 171
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Chapter 2 Tables, Figures and Appendix

B.1 Tables and Figures

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

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

Mean Uncertified
Pre-2009

Mean Uncertified
Post-2009

Mean Certified
Pre-Cert

Mean Certified
Post-Cert

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

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

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

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

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

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

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

Unemployment 5.247 7.688 5.619 7.264
(1.617) 2.036 2.069 2.109

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

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

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

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

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

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

N 10,870 4,282 3,093 4,574
Standard deviations are reported in parenthesis. Each column reports the annual average and the standard deviation over
two time periods–before certification and after certification. For buildings that are never certified we define
before certification as before or in 2009 and after certification as after 2009.
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Table B.2: Unmatched Sample: Balance Test

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

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

N 13,963
Standard deviations are reported in parenthesis. Each column reports the annual average and the standard deviation over
two time periods–before certification and after certification. For buildings that are never certified we define
before certification as before or in 2009 and after certification as after 2009.
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Table B.3: Matched Sample: Balance Test

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

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

N 6,667
Standard deviations are reported in parenthesis. Each column reports the annual average and the standard deviation over
two time periods–before certification and after certification. For buildings that are never certified we define
before certification as before or in 2009 and after certification as after 2009.
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Table B.4: Matched Sample: Energy Star Certification and Rent Per Sq. Ft.

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

Cert*Post 0.055⇤ 0.028⇤ 0.037⇤ 0.034⇤
(0.015) (0.012) (0.011) (0.015)

1[treat=1] 0.066⇤ 0.066⇤
(0.026) (0.023)

Benchmarking Law 0.125 0.199 0.163
(0.233) (0.253) (0.266)

Avg. Elec. Price ($/MWh) 0.004 −0.002 0.000
(0.002) (0.001) (0.001)

Avg. Gas Price ($/Mcf) 0.048 −0.014
(0.038) (0.022)

Unemployment −0.122⇤ 0.041 0.121⇤
(0.055) (0.027) (0.046)

HDD (1000s) −0.097⇤ −0.055 −0.038
(0.032) (0.036) (0.034)

CDD (1000s) −0.053⇤ −0.010 −0.026
(0.026) (0.030) (0.034)

Building Age −0.003
(0.002)

Building Age Squared 0.000 0.000⇤ 0.000⇤
(0.000) (0.000) (0.000)

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

Percent Leased (%) 1.105⇤ 1.055⇤
(0.078) (0.170)

Cap Exp./Sq. Ft. (Tenant Imp.) ($) −0.011⇤ −0.013⇤
(0.002) (0.001)

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

Constant 2.699⇤ 2.264⇤ 2.229⇤ 2.017⇤
(0.015) (0.558) (0.328) (0.483)

City by Year FE Y Y Y Y
Property FE Y Y

N 10,553 10,444 10,347 10,353
* p<0.05. The standard errors reported in parenthesis have been clustered at the CBSA level.
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Table B.5: Matched Sample: Energy Star Certification and Utility Expenditure Per Sq. Ft.

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

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

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

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

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

Avg. Gas Price ($/Mcf) 0.153⇤ −0.032⇤
(0.043) (0.015)

Unemployment −0.176 0.042 0.068
(0.156) (0.054) (0.055)

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

CDD (1000s) −0.040 −0.016 −0.017
(0.038) (0.037) (0.037)

Building Age 0.013⇤
(0.002)

Building Age Squared 0.000⇤ 0.000 0.000
(0.000) (0.000) (0.000)

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

Percent Leased (%) 0.190 0.267⇤
(0.110) (0.058)

Cap Exp./Sq. Ft. (Tenant Imp.) ($) 0.005⇤ 0.005⇤
(0.001) (0.002)

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

Rent per Sq. Ft. 0.020⇤ 0.021⇤
(0.002) (0.002)

Constant 0.385⇤ 0.177 −0.020 −0.304
(0.032) (1.380) (0.555) (0.550)

City by Year FE Y Y Y Y
Property FE Y Y

N 10,553 10,444 10,347 10,353
* p<0.05. The standard errors reported in parenthesis have been clustered at the CBSA level.
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Figure B.4: Postmatch Event Study of Rent

Figure B.5: Postmatch Event Study of Utility Expenditure
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Table B.6: Matched Sample: Energy Star Certification Event Study

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

Benchmarking Law 0.203 0.178
(0.254) (0.241)

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

Avg. Gas Price ($/Mcf) −0.011 −0.035⇤
(0.024) (0.015)

Unemployment 0.035 0.040
(0.031) (0.057)

HDD (1000s) −0.051 −0.046
(0.034) (0.040)

CDD (1000s) −0.011 −0.015
(0.031) (0.037)

Building Age Squared 0.000⇤ 0.000
(0.000) (0.000)

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

Percent Leased (%) 1.055⇤ 0.265⇤
(0.171) (0.057)

Cap Exp./Sq. Ft. (Tenant Imp.) ($) −0.013⇤ 0.005⇤
(0.001) (0.002)

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

5 Years Pre-Cert −0.023 0.004
(0.030) (0.023)

4 Years Pre-Cert −0.011 0.000
(0.028) (0.026)

3 Years Pre-Cert 0.013 0.019
(0.029) (0.016)

1 Years Pre-Cert 0.032⇤ 0.021
(0.015) (0.015)

Certification Year 0.056⇤ 0.009
(0.020) (0.018)

1 Year Post-Cert 0.059⇤ −0.008
(0.016) (0.020)

2 Year Post-Cert 0.044⇤ 0.006
(0.016) (0.029)

3 Year Post-Cert 0.043⇤ 0.008
(0.018) (0.041)

4 Year Post-Cert 0.036⇤ −0.008
(0.017) (0.033)

5 Year Post-Cert 0.000 −0.006
(0.025) (0.032)

Rent per Sq. Ft. 0.020⇤
(0.002)

Constant 2.238⇤ −0.011
(0.337) (0.571)

City by Year FE Y Y
Property FE Y Y

N 10,347 10,347
* p<0.05. The standard errors reported in parenthesis have been clustered at the CBSA level.

180



Table B.7: Matched Sample: Heterogeneous Treatment Effects by Energy
Star Score

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

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

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

Benchmarking Law 0.199 0.175
(0.253) (0.241)

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

Avg. Gas Price ($/Mcf) −0.013 −0.033⇤
(0.022) (0.015)

Unemployment 0.039 0.047
(0.029) (0.055)

HDD (1000s) −0.055 −0.049
(0.036) (0.039)

CDD (1000s) −0.010 −0.016
(0.029) (0.037)

Building Age Squared 0.000⇤ 0.000
(0.000) (0.000)

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

Percent Leased (%) 1.054⇤ 0.269⇤
(0.170) (0.058)

Cap Exp./Sq. Ft. (Tenant Imp.) ($) −0.013⇤ 0.005⇤
(0.001) (0.002)

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

Rent per Sq. Ft. 0.020⇤
(0.002)

Constant 2.240⇤ −0.045
(0.321) (0.558)

City by Year FE Y Y
Property FE Y Y

N 10,347 10,347
* p<0.05. The standard errors reported in parenthesis have been clustered at the CBSA level.
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Table B.8: Matched Sample: Heterogeneous Treatment Effects by Square
Footage

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

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

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

Benchmarking Law 0.198 0.177
(0.253) (0.239)

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

Avg. Gas Price ($/Mcf) −0.014 −0.032⇤
(0.022) (0.015)

Unemployment 0.041 0.042
(0.027) (0.054)

HDD (1000s) −0.056 −0.048
(0.036) (0.040)

CDD (1000s) −0.010 −0.016
(0.029) (0.037)

Building Age Squared 0.000⇤ 0.000
(0.000) (0.000)

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

Percent Leased (%) 1.055⇤ 0.267⇤
(0.170) (0.057)

Cap Exp./Sq. Ft. (Tenant Imp.) ($) −0.013⇤ 0.005⇤
(0.001) (0.002)

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

Rent per Sq. Ft. 0.020⇤
(0.002)

Constant 2.230⇤ −0.023
(0.329) (0.555)

City by Year FE Y Y
Property FE Y Y

N 10,347 10,347
* p<0.05. The standard errors reported in parenthesis have been clustered at the CBSA level.
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Table B.9: Matched Sample: Heterogeneous Treatment Effects by Building
Age

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

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

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

Benchmarking Law 0.199 0.177
(0.253) (0.240)

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

Avg. Gas Price ($/Mcf) −0.014 −0.033⇤
(0.022) (0.015)

Unemployment 0.041 0.043
(0.029) (0.054)

HDD (1000s) −0.055 −0.048
(0.036) (0.040)

CDD (1000s) −0.010 −0.016
(0.029) (0.037)

Building Age Squared 0.000⇤ 0.000
(0.000) (0.000)

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

Percent Leased (%) 1.055⇤ 0.267⇤
(0.170) (0.057)

Cap Exp./Sq. Ft. (Tenant Imp.) ($) −0.013⇤ 0.005⇤
(0.001) (0.002)

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

Rent per Sq. Ft. 0.020⇤
(0.002)

Constant 2.229⇤ −0.018
(0.326) (0.554)

City by Year FE Y Y
Property FE Y Y

N 10,347 10,347
* p<0.05. The standard errors reported in parenthesis have been clustered at the CBSA level.
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Table B.10: Matched Sample: Heterogeneous Treatment Effects by Capital Expenditures for Building
Improvements

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

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

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

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

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

Avg. Gas Price ($/Mcf) −0.014 −0.017 −0.033⇤ −0.031⇤
(0.022) (0.021) (0.015) (0.015)

Unemployment 0.041 0.040 0.065 0.042
(0.034) (0.028) (0.059) (0.054)

HDD (1000s) −0.054 −0.055 −0.049 −0.048
(0.035) (0.035) (0.040) (0.040)

CDD (1000s) −0.011 −0.012 −0.017 −0.016
(0.029) (0.029) (0.037) (0.037)

Building Age Squared 0.000⇤ 0.000⇤ 0.000 0.000
(0.000) (0.000) (0.000) (0.000)

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

Percent Leased (%) 1.059⇤ 1.057⇤ 0.266⇤ 0.267⇤
(0.174) (0.173) (0.057) (0.057)

Cap Exp./Sq. Ft. (Tenant Imp.) ($) −0.013⇤ −0.013⇤ 0.005⇤ 0.005⇤
(0.001) (0.001) (0.002) (0.002)

1(Cert*Post*>Med. Exp.) 0.054⇤ −0.020
(0.021) (0.022)

Rent per Sq. Ft. 0.020⇤ 0.020⇤
(0.002) (0.002)

Constant 2.231⇤ 2.259⇤ −0.181 −0.027
(0.346) (0.332) (0.559) (0.563)

City by Year FE Y Y Y Y
Property FE Y Y Y Y

N 10,347 10,347 10,347 10,347
* p<0.05. The standard errors reported in parenthesis have been clustered at the CBSA level.
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B.2 Appendix

B.2.1 Energy Star

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

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

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

full calendar months of energy data for all energy types, as well as complete data

on property use details, such as hours of operation and workers. Then, to determine

the Energy Star score, Portfolio Manager computes the actual energy use intensity

(EUI) and the predicted source EUI based on the data inputs. The ratio of the actual

source EUI to predicted source EUI is the efficiency ratio, which is then mapped to

the Energy Star score.

A building is compared with other, similar buildings based on four elimination

steps. First, the building is compared only with buildings with the same basic opera-

tion type. Second, some basic program filters are applied, such as hours of operation.

Third, because of data limitations, some building types may be eliminated, as they

are not well represented in the Commercial Buildings Energy Consumption Survey.

Fourth, some analytical filters are applied prior to regression analysis to eliminate

outliers.

Portfolio Manager accounts for the fuel mix of the source of energy for the building.

Additionally, it makes some normalizations for building operating activity. Analysis

is completed using weighted ordinary least squares. Source EUI is predicted by given

building characteristics, such as its size, occupancy rates, weather, lighting type, and

business activity. The stated goal of Portfolio Manager “is to provide a 1-100 percentile

ranking of performance, relative to the national population” ( EPA 2018b).
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The same process is applied to office buildings for predicting Energy Star scores

(EPA 2019). With the data that the building managers have entered, Portfolio Man-

ager runs simple linear regression using data from CBECS to predict what a building’s

energy use would be. Predicted energy use is based on building characteristics such

as hours in operation, computer use, floor area, and outside climate. Then it uses the

ratio from predicted versus actual electricity use to compute a building’s Energy Star

score. The scores range from 1 to 100 and correspond to where in the distribution

of electricity use a building falls. Higher scores indicate greater energy efficiency. If a

building earns a score of 75 or above, meaning that it is in the bottom 25th percentile

of electricity usage, it is eligible for Energy Star certification. A building audit is then

required to verify that indoor conditions meet Energy Star standards.1

B.2.2 Data Cleaning and Trimming

We take two steps to fill in data with missing observations for real utility expen-

diture per square foot. In our original data set, we have 107,884 year-quarter obser-

vations for all building types. Around 67 percent of these (72,548 year-quarter obser-

vations) have data for real utility expenditure. If we annualize the data, keeping only

years where we have a full year of data, we have 18,137 observations. To fill in missing

values, we proceed in two steps.

In the first step, if the building has at least one complete year of information, we

take the ratio of real utility expenditures for every quarter with every other quarter:

Q1
Q2 ,

Q1
Q3 , ... Q4

Q3

Then we take the median value for each separate ratio (within a specific property),

so that we have one term for each quarter-quarter ratio, using the median value of

1. Buildings must have sufficient lighting and cooling to be verified.
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the ratio to project the variable of interest for the missing quarter. For example, if

quarter one is missing,

Q1 =
Q2⇤med(Q1

Q2 )+Q3⇤med(Q1
Q3 )+Q4⇤med(Q1

Q4 )

3

This leads us to have around 88 percent of observations with data for utility expen-

diture per square foot, or 94,696 observations. Annualizing the data results in 23,647

observations.

In our second step, we fill in observations for buildings that have data for at least

four subsequent quarters. For example, imagine a property that is in the NCREIF

data for two years, 2003 and 2004, and has data for 2003Q2-2004Q3. First we take the

median value by property for each quarter, so that we have a measure of median(Q1),

median(Q2), median(Q3), and median(Q4). We take the ratio of the median values

similarly to the first step, then we use the same procedure to predict missing observa-

tions as above. This leads to 93 percent of observations with data for utility expendi-

ture per square foot, or 100,396 observations. Annualizing the data results in 25,099

observations with data for annual utility expenditure per square foot.

B.2.3 Other Data Sources

Energy Prices

We merge the NCREIF data with quarterly commercial electricity prices per

megawatt-hour ($/MWh), using data from the US Energy Information Agency (EIA).

EIA collects data on monthly revenues and electricity sales for most utilities in the

United States on Form 826. We calculate the average price per MWh for each utility

company by dividing total revenue by total electricity sold. We map each building

to its utility service territory using a correspondence between zip codes and utility
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service territory maps. If a zip code is served by more than one utility, we calculate

a weighted average based on each utility’s share of the zip code.

Similarly, we determine each building’s average natural gas price using data from

EIA’s Form 176. Again, we calculate average natural gas prices by dividing total

revenue by total volume sold of natural gas. We report natural gas prices in price per

thousand cubic foot (Mcf).2 We match each building to its natural gas utility using

a correspondence between zip codes and natural gas service territories. All prices are

converted to 2000$ using the Consumer Price Index.

Unemployment

To control for other local economic conditions that could be driving energy use or

the decision to apply for Energy Star certification, we match each building with local

unemployment statistics from the US Bureau of Labor Statistics (BLS).3 Local eco-

nomic conditions are an important factor in determining whether a building acquires

an Energy Star certification. For example, the number of Energy Star certified build-

ings spiked during the financial crisis of 2008–9. Figure B.3 shows the number of

office buildings certified each year and average Energy Star scores. There was a large

increase in the number of buildings obtaining certification around the time of the

financial crisis. There is some evidence that green labeling improves building finan-

cial stability via higher rents and higher occupancy rates, which was likely driving

the increase in labeling during the crisis (Eichholtz, Kok, and Quigley 2013; Kok and

Jennen 2012).

2. One Mcf is equal to 1.036 million British thermal units (MMBtus).
3. The BLS constructs these data using information from the Current Population Survey,

the Current Employment Statistics program, and state unemployment insurance systems
(BLS 2018).
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Weather

Weather is one of the most important determinants of energy use. In 2018, the

United States generated more electricity than in any previous year, which the EIA

attributes to a cold winter and a hot summer (EIA 2018). We use weather data from

NASA’s Land Processes Distributed Active Archive Center to match each building

with local weather conditions. These data provide temperature information at a 1-

square-kilometer resolution. We aggregate to the zip code level to measure heating

degree days (HDDs) and cooling degree days (CDDs) at the annual level. HDDs and

CDDs measure the number of days when the average daily temperature is above or

below 65 degrees Fahrenheit, respectively.

B.2.4 Tables and Figures

Figure B.6: Trends in Rent per Square Foot

(a) Unmatched Sample (b) Matched Sample
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Figure B.7: Trends in Utility Expenditure per Square Foot

(a) Unmatched Sample (b) Matched Sample

Figure B.8: Trends in Rent per Square Foot

(a) Unmatched Sample
(b) Matched on Time-Varying Character-
istics Sample
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Figure B.9: Trends in Utility Expenditure per Square Foot

(a) Unmatched Sample
(b) Matched on Time-Varying Character-
istics Sample

Table B.11: Matched Sample: Balance Test

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

Util. per Sq. Ft. 1.718 1.609 −0.109⇤ 0.025
Rent per Sq. Ft. 17.504 16.069 −1.435⇤ 0.196
Square Feet (1000s) 227.225 226.803 −0.422 4.143
Year Built 1989.194 1987.935 −1.259⇤ 0.331
Benchmarking Law 0.001 0.000 −0.001 0.001
Avg. Elec. Price ($/MWh) 88.231 88.304 0.072 0.757
Avg. Gas Price ($/Mcf) 9.085 8.806 −0.279⇤ 0.060
Unemployment 5.508 5.573 0.065 0.053
HDD (1000s) 1.752 1.744 −0.008 0.045
CDD (1000s) 5.393 5.342 −0.051 0.064
Used Space (Pct. Leased * Sq. Ft.) (1000s) 200.292 199.386 −0.906 3.708
Percent Leased (%) 0.887 0.884 −0.003 0.004
Cap Exp./Sq. Ft. (Tenant Imp.) ($) 1.808 1.384 −0.423⇤ 0.085
Cap Exp./Sq. Ft. (Bldg. Imp.) ($) 0.882 0.795 −0.087 0.091

N 5,137
Standard deviations are reported in parenthesis. Each column reports the annual average and the standard deviation over
two time periods–before certification and after certification. For buildings that are never certified we define
before certification as before or in 2009 and after certification as after 2009.
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Table B.12: Unmatched Sample: Energy Star Certification and Rent Per
Sq. Ft.

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

Cert*Post 0.061⇤ 0.036⇤ 0.058⇤ 0.056⇤
(0.014) (0.011) (0.012) (0.015)

1[treat=1] 0.119⇤ 0.106⇤
(0.028) (0.026)

Benchmarking Law 0.177 0.173 0.155
(0.178) (0.186) (0.195)

Avg. Elec. Price ($/MWh) 0.003⇤ −0.001 0.000
(0.001) (0.001) (0.001)

Avg. Gas Price ($/Mcf) 0.003 −0.010
(0.030) (0.017)

Unemployment −0.038 0.067⇤ 0.078⇤
(0.048) (0.021) (0.029)

HDD (1000s) −0.098⇤ −0.048⇤ −0.033
(0.031) (0.019) (0.018)

CDD (1000s) −0.039 0.000 −0.008
(0.020) (0.019) (0.024)

Building Age −0.005⇤
(0.001)

Building Age Squared 0.000⇤ 0.000 0.000⇤
(0.000) (0.000) (0.000)

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

Percent Leased (%) 1.135⇤ 1.002⇤
(0.041) (0.084)

Cap Exp./Sq. Ft. (Tenant Imp.) ($) −0.010⇤ −0.012⇤
(0.001) (0.001)

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

Constant 2.642⇤ 2.070⇤ 1.868⇤ 2.160⇤
(0.009) (0.409) (0.227) (0.243)

City by Year FE Y Y Y Y
Property FE Y Y

N 20,410 19,797 19,518 19,533
* p<0.05. The standard errors reported in parenthesis have been clustered at the CBSA level.
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Table B.13: Matched Sample: Energy Star Certification and Rent Per Sq.
Ft.

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

Cert*Post (Including Year Prior to Cert.) 0.056⇤ 0.025⇤ 0.047⇤ 0.045⇤
(0.015) (0.012) (0.012) (0.015)

1[treat=1] 0.060⇤ 0.065⇤
(0.026) (0.022)

Benchmarking Law 0.124 0.196 0.161
(0.234) (0.254) (0.267)

Avg. Elec. Price ($/MWh) 0.004 −0.002 −0.001
(0.002) (0.001) (0.001)

Avg. Gas Price ($/Mcf) 0.048 −0.014
(0.038) (0.023)

Unemployment −0.122⇤ 0.033 0.114⇤
(0.055) (0.029) (0.043)

HDD (1000s) −0.097⇤ −0.056 −0.038
(0.032) (0.035) (0.033)

CDD (1000s) −0.053⇤ −0.010 −0.026
(0.026) (0.030) (0.034)

Building Age −0.003
(0.002)

Building Age Squared 0.000 0.000⇤ 0.000⇤
(0.000) (0.000) (0.000)

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

Percent Leased (%) 1.105⇤ 1.054⇤
(0.078) (0.169)

Cap Exp./Sq. Ft. (Tenant Imp.) ($) −0.011⇤ −0.013⇤
(0.002) (0.001)

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

Constant 2.698⇤ 2.265⇤ 2.281⇤ 2.065⇤
(0.015) (0.557) (0.332) (0.467)

City by Year FE Y Y Y Y
Property FE Y Y

N 10,553 10,444 10,347 10,353
* p<0.05. The standard errors reported in parenthesis have been clustered at the CBSA level.
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Table B.14: Unmatched Sample: Energy Star Certification Event Study

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

Benchmarking Law 0.173 0.139
(0.186) (0.169)

Avg. Elec. Price ($/MWh) −0.001 0.004⇤
(0.001) (0.001)

Avg. Gas Price ($/Mcf) −0.008 −0.005
(0.018) (0.014)

Unemployment 0.067⇤ 0.020
(0.023) (0.030)

HDD (1000s) −0.046⇤ −0.043
(0.019) (0.029)

CDD (1000s) 0.001 −0.027
(0.019) (0.025)

Building Age Squared 0.000 0.000
(0.000) (0.000)

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

Percent Leased (%) 1.006⇤ 0.128⇤
(0.085) (0.047)

Cap Exp./Sq. Ft. (Tenant Imp.) ($) −0.012⇤ 0.006⇤
(0.001) (0.002)

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

5 Years Pre-Cert −0.039 0.005
(0.027) (0.021)

4 Years Pre-Cert −0.025 0.004
(0.024) (0.022)

3 Years Pre-Cert 0.002 0.020
(0.022) (0.017)

1 Years Pre-Cert 0.030⇤ 0.012
(0.013) (0.010)

Certification Year 0.064⇤ −0.003
(0.018) (0.013)

1 Year Post-Cert 0.077⇤ −0.026
(0.019) (0.018)

2 Year Post-Cert 0.076⇤ −0.018
(0.021) (0.022)

3 Year Post-Cert 0.082⇤ −0.016
(0.021) (0.031)

4 Year Post-Cert 0.090⇤ −0.036
(0.026) (0.024)

5 Year Post-Cert 0.058 −0.037
(0.030) (0.021)

Rent per Sq. Ft. 0.019⇤
(0.003)

Constant 1.850⇤ −0.278
(0.235) (0.286)

City by Year FE Y Y
Property FE Y Y

N 19,518 19,518
* p<0.05. The standard errors reported in parenthesis have been clustered at the CBSA level.
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Figure B.10: Post-Time-Varying-Match Event Study of Rent

Figure B.11: Event Study of Rent Relative to Three Years Precert
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Table B.15: Matched Sample: Energy Star Certification Event Study

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

Benchmarking Law 0.067 0.201⇤
(0.236) (0.070)

Avg. Elec. Price ($/MWh) −0.001 0.004⇤
(0.001) (0.001)

Avg. Gas Price ($/Mcf) 0.008 −0.018
(0.012) (0.018)

Unemployment 0.085⇤ 0.018
(0.027) (0.047)

HDD (1000s) −0.012 0.022
(0.015) (0.055)

CDD (1000s) 0.004 0.025
(0.023) (0.044)

Building Age Squared 0.000⇤ 0.000
(0.000) (0.000)

Used Space (Pct. Leased * Sq. Ft.) (1000s) −0.002⇤ −0.001⇤
(0.001) (0.000)

Percent Leased (%) 1.089⇤ 0.170⇤
(0.159) (0.074)

Cap Exp./Sq. Ft. (Tenant Imp.) ($) −0.015⇤ 0.011⇤
(0.002) (0.002)

Cap Exp./Sq. Ft. (Bldg. Imp.) ($) −0.005⇤ 0.006
(0.001) (0.003)

5 Years Pre-Cert −0.048 0.017
(0.029) (0.030)

4 Years Pre-Cert −0.027 0.013
(0.030) (0.023)

3 Years Pre-Cert 0.002 0.015
(0.027) (0.017)

1 Years Pre-Cert 0.023 0.004
(0.017) (0.014)

Certification Year 0.050⇤ −0.011
(0.019) (0.018)

1 Year Post-Cert 0.048⇤ −0.036
(0.021) (0.024)

2 Year Post-Cert 0.038 −0.032
(0.022) (0.030)

3 Year Post-Cert 0.050 −0.037
(0.025) (0.037)

4 Year Post-Cert 0.053⇤ −0.083⇤
(0.025) (0.031)

5 Year Post-Cert −0.004 −0.096⇤
(0.033) (0.030)

Rent per Sq. Ft. 0.023⇤
(0.003)

Constant 1.636⇤ −0.546
(0.267) (0.519)

City by Year FE Y Y
Property FE Y Y

N 8,321 8,321
* p<0.05. The standard errors reported in parenthesis have been clustered at the CBSA level.
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Table B.16: Matched Sample: Energy Star Certification Event Study

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

Benchmarking Law 0.203 0.178
(0.254) (0.241)

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

Avg. Gas Price ($/Mcf) −0.011 −0.035⇤
(0.023) (0.015)

Unemployment 0.035 0.041
(0.031) (0.057)

HDD (1000s) −0.051 −0.046
(0.034) (0.040)

CDD (1000s) −0.011 −0.016
(0.031) (0.037)

Building Age Squared 0.000⇤ 0.000
(0.000) (0.000)

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

Percent Leased (%) 1.054⇤ 0.264⇤
(0.170) (0.057)

Cap Exp./Sq. Ft. (Tenant Imp.) ($) −0.013⇤ 0.005⇤
(0.001) (0.002)

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

5 Years Pre-Cert −0.033 −0.012
(0.022) (0.020)

4 Years Pre-Cert −0.022 −0.016
(0.017) (0.018)

2 Years Pre-Cert −0.008 −0.014
(0.025) (0.020)

1 Years Pre-Cert 0.023 0.005
(0.020) (0.025)

Certification Year 0.046⇤ −0.006
(0.015) (0.027)

1 Year Post-Cert 0.049⇤ −0.023
(0.018) (0.029)

2 Year Post-Cert 0.035 −0.009
(0.020) (0.035)

3 Year Post-Cert 0.034 −0.007
(0.024) (0.043)

4 Year Post-Cert 0.027 −0.023
(0.024) (0.040)

5 Year Post-Cert −0.009 −0.020
(0.033) (0.039)

Rent per Sq. Ft. 0.020⇤
(0.002)

Constant 2.248⇤ 0.004
(0.335) (0.567)

City by Year FE Y Y
Property FE Y Y

N 10,347 10,347
* p<0.05. The standard errors reported in parenthesis have been clustered at the CBSA level.
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Figure B.12: Post-Time-Varying-Match Event Study of Utility Expendi-
ture

Figure B.13: Event Study of Utility Expenditure Relative to Three Years
Precert
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Table B.17: Unmatched Sample: Energy Star Certification and Utility
Expenditure Per Sq. Ft.

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

Cert*Post −0.015 −0.026 −0.024 −0.026
(0.037) (0.035) (0.013) (0.013)

1[treat=1] 0.150⇤ 0.109⇤
(0.046) (0.044)

Rent per Sq. Ft. 0.036⇤ 0.019⇤ 0.019⇤
(0.005) (0.003) (0.002)

Benchmarking Law 0.390 0.138 0.159
(0.251) (0.168) (0.164)

Avg. Elec. Price ($/MWh) −0.003 0.004⇤ 0.004⇤
(0.002) (0.001) (0.001)

Avg. Gas Price ($/Mcf) 0.060 −0.006
(0.037) (0.015)

Unemployment 0.027 0.020 0.021
(0.064) (0.029) (0.031)

HDD (1000s) −0.034 −0.043 −0.046
(0.036) (0.029) (0.028)

CDD (1000s) 0.003 −0.027 −0.026
(0.023) (0.024) (0.024)

Building Age 0.012⇤
(0.003)

Building Age Squared 0.000⇤ 0.000 0.000
(0.000) (0.000) (0.000)

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

Percent Leased (%) −0.605⇤ 0.128⇤
(0.121) (0.047)

Cap Exp./Sq. Ft. (Tenant Imp.) ($) 0.012⇤ 0.006⇤
(0.002) (0.002)

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

Constant 0.235⇤ −0.420 −0.265 −0.222
(0.016) (0.595) (0.283) (0.249)

City by Year FE Y Y Y Y
Property FE Y Y

N 20,410 19,797 19,518 19,533
* p<0.05. The standard errors reported in parenthesis have been clustered at the CBSA level.
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Table B.18: Matched Sample: Energy Star Certification and Utility Expen-
diture Per Sq. Ft.

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

Cert*Post (Including Year Prior to Cert.) 0.019 0.017 0.005 0.005
(0.048) (0.044) (0.021) (0.021)

1[treat=1] 0.005 0.021
(0.055) (0.053)

Benchmarking Law 0.149 0.180 0.193
(0.326) (0.239) (0.236)

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

Avg. Gas Price ($/Mcf) 0.153⇤ −0.033⇤
(0.042) (0.015)

Unemployment −0.176 0.043 0.069
(0.157) (0.055) (0.056)

HDD (1000s) −0.039 −0.047 −0.044
(0.053) (0.040) (0.040)

CDD (1000s) −0.040 −0.016 −0.017
(0.038) (0.037) (0.037)

Building Age 0.013⇤
(0.002)

Building Age Squared 0.000⇤ 0.000 0.000
(0.000) (0.000) (0.000)

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

Percent Leased (%) 0.190 0.268⇤
(0.110) (0.058)

Cap Exp./Sq. Ft. (Tenant Imp.) ($) 0.005⇤ 0.005⇤
(0.001) (0.002)

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

Rent per Sq. Ft. 0.020⇤ 0.021⇤
(0.002) (0.002)

Constant 0.384⇤ 0.174 −0.026 −0.314
(0.032) (1.382) (0.566) (0.561)

City by Year FE Y Y Y Y
Property FE Y Y

N 10,553 10,444 10,347 10,353
* p<0.05. The standard errors reported in parenthesis have been clustered at the CBSA level.
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Table B.19: Matched Sample: Energy Star Certification and Utility Expen-
diture Per Sq. Ft.

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

Cert*Post −0.025 −0.035 −0.027 −0.030
(0.056) (0.051) (0.018) (0.018)

1[treat=1] 0.198⇤ 0.203⇤
(0.065) (0.067)

Benchmarking Law 0.326⇤ 0.204⇤ 0.220⇤
(0.143) (0.061) (0.078)

Avg. Elec. Price ($/MWh) −0.010 0.004⇤ 0.004⇤
(0.005) (0.001) (0.001)

Avg. Gas Price ($/Mcf) 0.156⇤ −0.017
(0.060) (0.018)

Unemployment 0.133 0.016 0.012
(0.102) (0.043) (0.043)

HDD (1000s) −0.208⇤ 0.019 0.023
(0.088) (0.054) (0.051)

CDD (1000s) −0.061 0.024 0.024
(0.054) (0.044) (0.043)

Building Age 0.011⇤
(0.005)

Building Age Squared 0.000⇤ 0.000 0.000
(0.000) (0.000) (0.000)

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

Percent Leased (%) −0.138 0.169⇤
(0.165) (0.075)

Cap Exp./Sq. Ft. (Tenant Imp.) ($) 0.011⇤ 0.011⇤
(0.004) (0.002)

Cap Exp./Sq. Ft. (Bldg. Imp.) ($) 0.006 0.006
(0.004) (0.003)

Rent per Sq. Ft. 0.023⇤ 0.022⇤
(0.003) (0.003)

Constant 0.193⇤ −0.427 −0.514 −0.512
(0.040) (0.733) (0.493) (0.451)

City by Year FE Y Y Y Y
Property FE Y Y

N 8,381 8,381 8,321 8,321
* p<0.05. The standard errors reported in parenthesis have been clustered at the CBSA level.
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Table B.20: Matched Sample: Linear Probability Model of Updates on
Probability of Certification

(1) (2) (3) (4)
Cert*Post Cert*Post Cert*Post Cert*Post

1[update] 0.007 0.003 −0.113 −0.113
(0.022) (0.020) (0.095) (0.094)

ln(Util/Sq. Ft.) ($) −0.006 −0.014 −0.016
(0.026) (0.015) (0.015)

ln(Rent/Sq. Ft.) ($) 0.117⇤ 0.058⇤ 0.046⇤
(0.027) (0.017) (0.017)

Benchmarking Law −0.160 −0.254 −0.252
(0.134) (0.136) (0.136)

Avg. Elec. Price ($/MWh) −0.002 −0.001 −0.001
(0.002) (0.003) (0.003)

Avg. Gas Price ($/Mcf) 0.022 0.014
(0.021) (0.024)

Unemployment 0.008 −0.091 −0.094
(0.040) (0.052) (0.049)

HDD (1000s) −0.061 −0.092 −0.095
(0.031) (0.053) (0.054)

CDD (1000s) −0.011 0.028 0.028
(0.017) (0.030) (0.030)

Building Age Squared 0.000 0.000 0.000
(0.000) (0.000) (0.000)

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

Percent Leased (%) −0.040 −0.102⇤
(0.048) (0.046)

Cap Exp./Sq. Ft. (Tenant Imp.) ($) 0.002⇤ 0.000
(0.001) (0.001)

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

Constant 0.372⇤ 0.185 0.754 0.877⇤
(0.005) (0.368) (0.483) (0.413)

City by Year FE Y Y Y Y
Property FE Y Y

N 10,553 10,444 10,347 10,353
* p<0.05. The standard errors reported in parenthesis have been clustered at the CBSA level.
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Table B.21: Matched Sample: Energy Star Certification and Utility Expen-
diture Per Sq. Ft.

(1) (2) (3) (4)
Percent Leased (%) Percent Leased (%) Percent Leased (%) Percent Leased (%)

Cert*Post 0.017⇤ 0.012⇤ 0.000 0.000
(0.007) (0.006) (0.006) (0.006)

1[treat=1] 0.003 −0.008
(0.007) (0.006)

Rent per Sq. Ft. 0.010⇤ 0.013⇤ 0.013⇤
(0.001) (0.002) (0.002)

Util. per Sq. Ft. 0.002 0.015⇤ 0.016⇤
(0.004) (0.007) (0.006)

Benchmarking Law 0.039 −0.005 −0.001
(0.027) (0.019) (0.018)

Avg. Elec. Price ($/MWh) −0.001 0.001 0.000
(0.001) (0.001) (0.001)

Avg. Gas Price ($/Mcf) −0.005 0.004
(0.010) (0.004)

Unemployment 0.034 0.076 0.085
(0.020) (0.046) (0.046)

HDD (1000s) 0.009 0.021 0.020
(0.009) (0.014) (0.014)

CDD (1000s) 0.010⇤ −0.017 −0.016
(0.004) (0.009) (0.010)

Building Age −0.001
(0.001)

Building Age Squared 0.000 0.000 0.000
(0.000) (0.000) (0.000)

Square Feet (1000s) 0.000 0.001⇤ 0.001⇤
(0.000) (0.000) (0.000)

Cap Exp./Sq. Ft. (Tenant Imp.) ($) 0.000 0.002⇤
(0.001) (0.001)

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

Constant 0.861⇤ 0.549⇤ −0.069 −0.052
(0.003) (0.195) (0.306) (0.292)

City by Year FE Y Y Y Y
Property FE Y Y

N 10,553 10,444 10,347 10,353
* p<0.05. The standard errors reported in parenthesis have been clustered at the CBSA level.
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Appendix C

Chapter 3 Tables, Figures, and Appendix

C.1 Figures and Tables

Figure C.1: Optimal Consumption

Note: Utility maximization, conditional on three alternative budget constraints. The solid
blue budget is a constant electricity pricing schedule at rate r, with optimum of c0. The
orange dashed line indicates that the allocation A of electricity acts like income, increasing
consumption to c

0
0. The solid black line shows the same allocation with a free-electricity

range causing a nonlinearity and moving optimal consumption to c1, the top of the
free-electricity range. Source: Generated by the authors.
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Figure C.2: Marginal Buncher Determines Elasticity Upper Bound

Note: We estimate the change in consumption for the household that is just indifferent to
bunching, i.e., marginal. Following Kleven and Waseem 2013, an upper bound for the price
elasticity of demand is percent �c due to the percent �r. Source: Generated by the
authors.
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Figure C.3: Missing and Bunching Density
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Figure C.4: Allocation in kWh/Day for all Months of Observation, by
Location

Note: The vertical line indicates when electricity became free. The solid horizontal line
represents the free amount of electricity a household living in location one receives each
day, on average, and the dashed horizontal line marks the same for the second location.
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Table C.1: Summary Statistics

Pooled Location
Sample 1 2

Electricity Use, kWh/Day 33.36 37.52 30.41
(18.80) (19.29) (17.87)

Price, $/kWh 0.07 0.07 0.08
(0.01) (0.00) (0.00)

Value of Electricity Use, $/Day 2.42 2.55 2.33
(1.35) (1.31) (1.38)

Cooling Degree Days, �F/day 6.27 4.90 7.24
(6.37) (5.24) (6.90)

Heating Degree Days, �F/day 8.17 10.87 6.26
(8.69) (10.43) (6.56)

Charge, $/Day if Charged 0.59 0.58 0.59
(0.55) (0.56) (0.55)

Rebate, $/Day if Rebated 0.39 0.40 0.38
(0.46) (0.44) (0.48)

Bottom, Free-Electricity Range, kWh/Day 31.12 34.96 28.39
(15.25) (15.37) (14.56)

Top, Free-Electricity Range, kWh/Day 34.39 38.64 31.38
(16.85) (16.99) (16.10)

Value of Free-Electricity Range, $/Day 0.24 0.25 0.23
(0.12) (0.11) (0.12)

Share with Gas, % 24.79 56.52 2.26
(26.78) (2.25) (0.46)

Gas Use, Therms/Day 1.35 1.36 1.18
(1.38) (1.39) (0.98)

Share with E-bill, % 11.73 12.41 11.26
(1.98) (2.22) (1.62)

Share with Autopay, % 3.92 4.73 3.35
(1.12) (1.10) (0.68)

Time as Resident, Months 16.53 16.83 16.32
(11.22) (11.37) (11.11)

Billing Group Size 150.32 148.23 151.80
(119.22) (106.63) (127.39)

Billing Groups 95 43 52
Homes 9,307 3,981 5,326
Residents 31,381 12,716 18,665
Observations, Nonlinear 370,029 151,994 218,035
Observations, Free 85,322 37,080 48,242
Observations, Total 455,351 189,074 266,277

Note: Each column reports the average for the pooled sample, and by location. Standard
deviations in parentheses.
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Figure C.5: Distribution of Monthly Electricity Use by Location

Note: This figure shows the distribution of daily electricity use at both locations under the
two alternative pricing schedules. The distributions represent the data across months.
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Figure C.6: Changes in Electricity Use

Note: Each Binj represents average electricity use in 10-percent bins when electricity is
free. Note that Bin7 is the omitted category. The point estimates �2j are shown by the
triangles and represent the log change in electricity use for each bin-type.
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Figure C.7: Individual Approach, T-Test Estimates

Note: This figure shows the result of 200 t-tests for the difference in the share of
households falling into a percent bin in the observed data versus the predicted data. A
negative and statistically significant estimate suggests that bin is in the missing range and
a positive and statistically significant estimate suggests that bin is in the bunching range.
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Figure C.8: Average Change in the Share of Households in Each Bin

Note: This figure shows the estimates of �1b from Equation (3.3). A positive and
statistically significant estimate demonstrates that a higher share of households landed in
that bin when the nonlinear pricing schedule was in effect versus the free pricing schedule.
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Figure C.9: Individual Approach, Observed and Predicted Distributions

Note: This figure shows the average share of households that fall into one percent bins
relative to the group allocation. The circles show the observed data and the triangles show
the predicted data resulting from Equation (3.2).
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Table C.2: Missing and Bunching Bins to Minimize Estimated Missing and
Excess Mass

Miss and Bunch Bins Included �1 �2 # Miss Bins # Bunch Bins Difference

Miss (60 to 75) Bunch (80 to 105) -0.001189* 0.000825 4 6 0.000194
(0.000525) (0.000603)

Miss (70 to 95) Bunch (100 to 105) -0.000743 0.002335* 6 2 0.000212
(0.000548) (0.000909)

Miss (65 to 95) Bunch (100 to 105) -0.000611 0.002292* 7 2 0.000307
(0.000507) (0.000909)

Gray Miss (65 to 85) Bunch (90 to 105) -0.001283* 0.001761* 5 4 0.000629
Gray (0.000610) (0.000739)
Miss (60 to 80) Bunch (85 to 105) -0.001334* 0.001199 5 5 -0.000675

(0.000553) (0.000658)
Miss (60 to 90) Bunch (95 to 105) -0.000903 0.002354* 7 3 0.000741

(0.000461) (0.000830)
Miss (70 to 85) Bunch (90 to 105) -0.001652* 0.001838* 4 4 0.000744

(0.000697) (0.000746)
Miss (60 to 70) Bunch (75 to 105) -0.001055 0.000576 3 7 0.000867

(0.000585) (0.000548)
Miss (65 to 80) Bunch (85 to 105) -0.001232 0.001212 4 5 0.001132

(0.000660) (0.000660)
Miss (60 to 85) Bunch (90 to 105) -0.001365* 0.001747* 6 4 -0.001202

(0.000522) (0.000734)

Note: * significant at 0.05 or better. Standard errors reported in parenthesis, clustered at
billing group level.
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Figure C.10: Binned Approach, Observed and Predicted Distributions

Note: This figure shows the average share of households that fall into each five percent bin
relative to the group average and the predicted share of households.

Table C.3: Chetty Specification: Bunching Estimates

(1) (2) (3) (4) (5)
Range Bunching S.E. Lower 95% CI Upper 95% CI

87 to 118 39.64 6.52 52.42 26.86
90 to 110 33.30 4.70 42.51 24.09
90 to 109 33.61 4.86 43.14 24.08
93 to 110 23.24 4.46 31.98 14.50
93 to 109 23.91 4.30 32.34 15.48
95 to 110 21.20 4.25 29.53 12.87
95 to 109 21.94 4.04 29.86 14.02
100 to 109 10.00 4.41 18.64 1.36

Note: Bunching estimates shown in column 2 are the resulting estimates under the Chetty
et al. (2011) methodology. Standard errors in column 3 are the result of a bootstrap
estimator.
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Figure C.11: Chetty Method, Observed and Predicted Distributions

Note: This figure shows the total count of households that ever fell into that one percent
bin relative to the group average as well as the counterfactual predicted using Equation
(3.5).

Table C.4: Change in Probability of Bunching

(1) (2) (3) (4) (5)
1 [Bit] 1 [Bit] 1 [Bit] 1 [Bit] 1 [Bit]

1 [Oit ⇤ Nt] 0.016⇤ 0.035⇤ 0.004 0.028⇤ −0.005
(0.004) (0.007) (0.005) (0.006) (0.006)

1 [Oit] 0.048⇤ 0.021 0.010⇤ 0.104⇤ 0.057⇤
(0.007) (0.017) (0.005) (0.005) (0.007)

1 [Nt] −0.009⇤ −0.013⇤ 0.010 −0.018⇤ −0.009
(0.004) (0.006) (0.005) (0.006) (0.006)

Constant 0.339⇤ 0.337⇤ 0.344⇤ 0.329⇤ 0.345⇤
(0.005) (0.012) (0.007) (0.006) (0.006)

N 385,758 111,356 82,348 89,334 102,720
* p<0.05. The standard errors reported in parenthesis have been clustered at the billing group level.

Column 1 shows estimates for the full sample. Column 2 shows estimates for winter. Column 3 shows

estimates for spring. Column 4 shows estimates for summer. And Column 5 shows estimates

for fall.
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Figure C.12: Bunching Streaks in Months

Note: This figure shows the average share of households that had a bunching streak of
length n in months.

Table C.5: Individual Specification: Elasticities

(1) (2) (3) (4) (5) (6)

Percent Bins Included Pct. � in Price Pct. � in Electricity Elasticity Share in Dom.
Range [63-104]

Attenuated
Elasticity

Implicit Marginal Price
63 to 87 0.00 27.59 0.47
63 to 105 -23.81 40.00 -1.68 0.47 -0.89
63 to 118 -17.54 47.50 -2.71 0.47 -1.44
67 to 87 0.00 22.99 0.47
67 to 105 -26.32 36.19 -1.38 0.47 -0.73
67 to 118 -18.87 44.17 -2.34 0.47 -1.25
Average Price
63 to 87 0.00 27.59 0.47
63 to 105 -9.52 40.00 -4.20 0.47 -2.23
63 to 118 -8.33 47.50 -5.70 0.47 -3.03
67 to 87 0.00 22.99 0.47
67 to 105 -9.52 36.19 -3.80 0.47 -2.02
67 to 118 -8.33 44.17 -5.30 0.47 -2.82

Note: Elasticities in this table are calculated by first finding the percent change in price
from the nonlinear marginal price and either the implicit marginal price or the average
price. Next, we calculate the percent change in electricity consumption for each bin group
and find the elasticity, which is displayed in the final column.
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Table C.6: Binned Specification: Elasticities

(1) (2) (3) (4) (5) (6)

Percent Bins Included Pct. � in Price Pct. � in Electricity Elasticity Share in Dom.
Range [65-104]

Attenuated
Elasticity

Implicit Marginal Price
65 to 90 0.00 27.78 -1.5e+15 0.45 -8.5e+14
65 to 105 -25.00 38.10 -1.52 0.45 -0.84
65 to 110 -22.22 40.91 -1.84 0.45 -1.01
90 to 90 . 0.00 0.45
90 to 105 -66.67 14.29 -0.21 0.45 -0.12
90 to 110 -50.00 18.18 -0.36 0.45 -0.20
Average Price
65 to 90 0.00 27.78 0.45
65 to 105 -9.52 38.10 -4.00 0.45 -2.20
65 to 110 -9.09 40.91 -4.50 0.45 -2.47
90 to 90 0.00 0.00 0.45
90 to 105 -9.52 14.29 -1.50 0.45 -0.82
90 to 110 -9.09 18.18 -2.00 0.45 -1.10

Note: Elasticities in this table are calculated by first finding the percent change in price
from the nonlinear marginal price and either the implicit marginal price or the average
price. Next, we calculate the percent change in electricity consumption for each bin group
and find the elasticity, which is displayed in the final column.

C.2 Online Appendix

C.2.1 Data Preparation & Further Descriptive Statistics

We drop observations with daily average electricity use in the bottom1 and top2

one percent of the distribution. We drop these outliers to prevent bias in our esti-

mations. We also drop observations when the billing group includes 25 households or

fewer.3

1. That value ranges from 3.7 kWh to 5.2 kWh per day depending on the location. The
average Energy Star rated refrigerator uses between 35 and 45 kWh in a month (Silicon
Valley Power). Low electricity use indicates that the home was likely unoccupied.

2. That value ranges from 90.9 kWh per day to 106.6 kWh per day depending on the
location.

3. A handful of billing groups only have four houses. This presents a problem as the
variation in the group average is much larger, and less predictable, for the smaller billing
groups.
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C.2.2 Simulated Instrument and Encompassing Test

Ito (2014) and Shaffer (2020) use an encompassing test combined with a simulated

instrument to investigate whether households respond to marginal or average elec-

tricity prices. The encompassing test tests whether the effect of one variable “encom-

passes” another when they are both included in the same regression. In this case,

the authors test whether average prices encompass the effect of marginal prices on

electricity consumption:

�ln(kWhit) = �0 + �1�ln(MPit) + �2�ln(APit) +
10X

j=1

Dijt + �3�Xlt + ⌘it (C.1)

where �ln(kWhit) ⌘ ln(kWhit)� ln(kWhit12), �ln(MPit) ⌘ ln(MPt(kWhit))�

ln(MPt12(kWhit12)), �ln(APit) ⌘ ln(APt(kWhit)) � ln(APt12(kWhit12)), Dijt is a

dummy variable indicating which decile of electricity use that household’s consump-

tion falls in, Xlt are heating degree days and cooling degree days for location l in

month t.

However, the electricity prices in equation (C.1 are endogenous. Electricity prices

are a function of quantity. One potential solution to this issue is using a simulated

instrument Auten and Carroll (1999). The simulated instrument leverages variation

in electricity prices that are induced by a change in policy. In Ito (2014) the policy

change is temporal variation in electricity prices based on changes in both the tiered

rates and where the nonlinearities occur. In Shaffer (2020) the policy change is the

introduction of a nonlinear pricing schedule in one utility service territory.

The basic idea behind the simulated instrument is that given a constant level of

electricity consumption, the household would still experience a change in their elec-

tricity prices over time because of the policy-induced price variation. This simulated

instrument is �ln(M̃P it) ⌘ ln(MPt( ˜kWhit))� ln(MPt12
˜(kWhit)) based on constant

219



electricity consumption ˜kWhit. We construct the simulated instrument based on two

alternative selections for ˜kWhit: the six-month-lag of electricity consumption kWhit�6

and seasonal average electricity consumption kWhit.

One minor complication in calculating the simulated instrument is that the

number of days in the month six months ago is frequently not the same as the

number of days in the month in the time t (and t� 12) month. The same is true for

February in leap years. To adjust for these differences between the number of days

in the month, we calculate the electricity prices based on daily average electricity

consumption multiplied by the number of days in the month in time t (and t � 12.

This way, none of the variation in electricity prices is due to the different length of

days in a given month.

We can estimate the linear model using a two stage least squares regression where

the first stage is:

�ln(MPit) = ⇡0 + ⇡1�ln(M̃P it) + ⇡2�ln(ÃP it) +
10X

j=1

Dijt̃ + ⇡3�Xlt + ⌫it

�ln(APit) = ⇡0 + �1�ln(M̃P it) + �2�ln(ÃP it) +
10X

j=1

Dijt̃ + �3�Xlt + ⌫it

(C.2)

The second stage estimates changes in electricity use as a function of the predicted

changes in electricity price from the first-stage estimation.

Second stage:

�ln(kWhit) = �0 + �1
\�ln(MPit) + �2

\�ln(APit) +
10X

j=1

Dijt6 + �3�Xlt + ⌘it (C.3)

All terms are the same as in Equation (C.1) except the outcomes predicted using

the price instruments: \�ln(MPit) which is the predicted log-change in price from the
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first-stage regression based on the simulated instrument and \�ln(APit), which is the

predicted same for average price.

Figure C.13 shows the average variation in the dependent and price variables in

equation C.1. The important thing to note is that there is very little variation in

average prices. The variation in marginal prices arises from households moving in and

out of the buffer over time. The structure of the electricity prices in our data lead us to

be skeptical of using a simulated instrument in this case. Because electricity prices are

a function of the household’s group average, allocations are higher in summer months

than in winter months. For example, if we are using the log difference in electricity

prices between December, the instrument based on the six month lag would be using

June electricity consumption. In that case, June electricity consumption will almost

always fall above the buffer region simply because June electricity use is typically so

much higher than December electricity use.

For illustrative purposes, we estimate the price elasticities via the ordinary least

squares specification in Equation (C.3) and via 2SLS in Equation (C.1) using the six-

month-lag instrument and the seasonal average instrument. Tables C.7 through C.9

via OLS and 2SLS with the two alternative price instruments. In particular, the results

using the simulated instrument yield nonsensical results for the price elasticities for

average price response. This is as a result of the minimal variation in average prices

over time. The independent variable is the same in both specifications, but we are

attempting to predict the same change in electricity consumption for almost no change

in average electricity prices. For this reason, we do not rely on these estimates for any

conclusions in the paper.
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Figure C.13: Variation in Log-Difference in Electricity Use and Prices

C.2.3 Tables and Figures

Figure C.14: Distribution of Monthly Electricity Use by Billing Group
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Table C.7: OLS: Encompassing Test

(1) (2) (3)
�ln(kWhit) �ln(kWhit) �ln(kWhit)

�ln(MPit) −0.002⇤ −0.001⇤
(0.000) (0.000)

�HDDit 0.000⇤ 0.000⇤ 0.000⇤
(0.000) (0.000) (0.000)

�CDDit 0.002⇤ 0.002⇤ 0.002⇤
(0.000) (0.000) (0.000)

1 [Dit2] −0.063⇤ −0.010 −0.009
(0.013) (0.013) (0.013)

1 [Dit3] −0.016 0.033⇤ 0.033⇤
(0.011) (0.012) (0.012)

1 [Dit4] 0.015 0.056⇤ 0.055⇤
(0.009) (0.009) (0.009)

1 [Dit5] 0.033⇤ 0.060⇤ 0.059⇤
(0.009) (0.009) (0.009)

1 [Dit6] 0.050⇤ 0.065⇤ 0.065⇤
(0.008) (0.009) (0.009)

1 [Dit7] 0.063⇤ 0.077⇤ 0.076⇤
(0.011) (0.012) (0.012)

1 [Dit8] 0.079⇤ 0.091⇤ 0.092⇤
(0.011) (0.013) (0.013)

1 [Dit9] 0.103⇤ 0.114⇤ 0.115⇤
(0.010) (0.015) (0.015)

1 [Dit10] 0.160⇤ 0.186⇤ 0.187⇤
(0.009) (0.013) (0.013)

�ln(AP_it) −1.260⇤ −1.255⇤
(0.124) (0.124)

N 166,383 165,923 165,923
* p<0.05. The standard errors reported in parenthesis have been clustered at the billing group level.
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Table C.8: Simulated Instrument kWh t-6: Encompassing Test

(1) (2) (3)
�ln(kWhit) �ln(kWhit) �ln(kWhit)

�ln(MPit) 0.141 −0.058
(0.139) (0.060)

�HDDit 0.000⇤ 0.000⇤ 0.000⇤
(0.000) (0.000) (0.000)

�CDDit 0.002⇤ 0.002⇤ 0.002⇤
(0.000) (0.000) (0.000)

1 [Dit2] 0.059⇤ 0.028⇤ 0.016
(0.025) (0.005) (0.015)

1 [Dit3] 0.055⇤ 0.027⇤ 0.017
(0.024) (0.004) (0.013)

1 [Dit4] 0.042⇤ 0.029⇤ 0.025⇤
(0.012) (0.004) (0.007)

1 [Dit5] 0.026⇤ 0.024⇤ 0.024⇤
(0.007) (0.004) (0.005)

1 [Dit6] 0.011 0.025⇤ 0.031⇤
(0.017) (0.003) (0.008)

1 [Dit7] 0.009 0.019⇤ 0.024⇤
(0.016) (0.004) (0.006)

1 [Dit8] 0.005 0.023⇤ 0.031⇤
(0.022) (0.004) (0.008)

1 [Dit9] −0.005 0.022⇤ 0.034⇤
(0.033) (0.003) (0.013)

1 [Dit10] 0.003 0.023⇤ 0.033⇤
(0.027) (0.004) (0.011)

�ln(APit) 0.177⇤ 0.234⇤
(0.041) (0.081)

N 166,383 165,870 165,870
* p<0.05. The standard errors reported in parenthesis have been clustered at the billing group level.
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Table C.9: Simulated Instrument Average Seasonal Electricity Use: Encom-
passing Test

(1) (2) (3)
�ln(kWhit) �ln(kWhit) �ln(kWhit)

�ln(MPit) 0.016 0.015
(0.009) (0.011)

�HDDit 0.000⇤ 0.000⇤ 0.000⇤
(0.000) (0.000) (0.000)

�CDDit 0.002⇤ 0.002⇤ 0.002⇤
(0.000) (0.000) (0.000)

1 [Dit2] 0.046⇤ 0.036⇤ 0.040⇤
(0.005) (0.006) (0.006)

1 [Dit3] 0.041⇤ 0.032⇤ 0.035⇤
(0.005) (0.005) (0.005)

1 [Dit4] 0.031⇤ 0.022⇤ 0.025⇤
(0.005) (0.004) (0.005)

1 [Dit5] 0.027⇤ 0.021⇤ 0.022⇤
(0.004) (0.004) (0.004)

1 [Dit6] 0.020⇤ 0.017⇤ 0.016⇤
(0.004) (0.004) (0.004)

1 [Dit7] 0.019⇤ 0.017⇤ 0.014⇤
(0.004) (0.004) (0.004)

1 [Dit8] 0.021⇤ 0.018⇤ 0.015⇤
(0.005) (0.004) (0.004)

1 [Dit9] 0.015⇤ 0.013⇤ 0.010⇤
(0.004) (0.004) (0.004)

1 [Dit10] 0.030⇤ 0.026⇤ 0.022⇤
(0.005) (0.003) (0.004)

�ln(APit) 0.256⇤ 0.240⇤
(0.048) (0.047)

N 166,383 165,870 165,870
* p<0.05. The standard errors reported in parenthesis have been clustered at the billing group level.
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Table C.10: Simple Differences: Average Change in Bin Share After 0 Price

(1) (2) (3)
Bin Share Bin Share Bin Share

HDD 0.000⇤ 0.000⇤ 0.000⇤
(0.000) (0.000) (0.000)

CDD 0.000⇤ 0.000⇤ 0.000⇤
(0.000) (0.000) (0.000)

Nonlinear 0.000 0.000 0.000
(0.000) (0.000) (0.000)

Missb ⇤Nt (65–85) −0.001
(0.001)

Bunchb ⇤Nt (90–105) 0.002⇤
(0.001)

Missb ⇤Nt (70–85) −0.001
(0.001)

Bunchb ⇤Nt (90–105) 0.002⇤
(0.001)

Missb ⇤Nt (60–85) −0.001⇤
(0.001)

Bunchb ⇤Nt (90–105) 0.002⇤
(0.001)

Constant 0.017⇤ 0.017⇤ 0.017⇤
(0.000) (0.000) (0.000)

Loc. FE Y Y Y
Month FE Y Y Y
BG FE Y Y Y
Year FE Y Y Y
Bin FE Y Y Y

N 323,640 323,640 323,640
* p<0.05. The standard errors reported in parenthesis have been clustered at the billing group level.

Column 1 shows estimates for the full sample without individual fixed effects. Column 2 shows estimates

for the full sample with individual fixed effects. And Column 3 shows estimates for the sample

limited to households we observe under both pricing regimes.
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Table C.11: Individual Regression: Average Change in Electricity Use by
Bin Type

(1) (2) (3)

ln(daily kWh) ln(daily kWh) ln(daily kWh)

Nonlinear*Bin 1 −1.043
⇤

0.329
⇤

0.325
⇤

(0.014) (0.006) (0.006)

Nonlinear*Bin 2 −0.439
⇤

0.459
⇤

0.457
⇤

(0.161) (0.175) (0.175)

Nonlinear*Bin 3 −0.171
⇤

0.282
⇤

0.282
⇤

(0.056) (0.071) (0.070)

Nonlinear*Bin 4 −0.123
⇤

0.156
⇤

0.156
⇤

(0.025) (0.044) (0.044)

Nonlinear*Bin 5 −0.105
⇤

0.024 0.025

(0.018) (0.024) (0.024)

Nonlinear*Bin 6 −0.028
⇤

−0.011 −0.011

(0.008) (0.013) (0.013)

Nonlinear*Bin 8 −0.006 −0.050
⇤

−0.049
⇤

(0.007) (0.005) (0.005)

Nonlinear*Bin 9 −0.011
⇤

−0.038
⇤

−0.037
⇤

(0.006) (0.005) (0.005)

Nonlinear*Bin 10 −0.012
⇤

−0.029
⇤

−0.028
⇤

(0.005) (0.004) (0.004)

Nonlinear*Bin 11 −0.021
⇤

−0.026
⇤

−0.025
⇤

(0.005) (0.004) (0.004)

Nonlinear*Bin 12 −0.035
⇤

−0.025
⇤

−0.024
⇤

(0.008) (0.004) (0.004)

Nonlinear*Bin 13 −0.030
⇤

−0.019
⇤

−0.018
⇤

(0.010) (0.004) (0.004)

Nonlinear*Bin 14 −0.046
⇤

−0.021
⇤

−0.020
⇤

(0.011) (0.004) (0.004)

Nonlinear*Bin 15 −0.044
⇤

−0.029
⇤

−0.028
⇤

(0.012) (0.006) (0.006)

Nonlinear*Bin 16 −0.039
⇤

−0.030
⇤

−0.029
⇤

(0.017) (0.009) (0.009)

Nonlinear*Bin 17 −0.055
⇤

−0.042
⇤

−0.041
⇤

(0.012) (0.010) (0.010)

Nonlinear*Bin 18 −0.033 −0.050
⇤

−0.048
⇤

(0.026) (0.013) (0.012)

Nonlinear*Bin 19 −0.043 −0.070
⇤

−0.069
⇤

(0.023) (0.018) (0.018)

Nonlinear*Bin 20 −0.022 −0.084
⇤

−0.083
⇤

(0.024) (0.014) (0.014)

HDD 0.002
⇤

0.001
⇤

0.001
⇤

(0.000) (0.000) (0.000)

CDD 0.001
⇤

0.003
⇤

0.003
⇤

(0.000) (0.000) (0.000)

(0.036) (0.051) (0.051)

Month-of-Year FE Y Y Y

Year FE Y Y Y

Individual FE Y Y

Decile Bin FE Y Y Y

N 193,334 192,879 171,596

* p<0.05. The standard errors reported in parenthesis have been clustered at the billing group level.

Column 1 shows estimates for the full sample without individual fixed effects. Column 2 shows estimates

for the full sample with individual fixed effects. And Column 3 shows estimates for the sample

limited to households we observe under both pricing regimes.
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Table C.12: Change in Probability of Bunching with Lags

(1) (2) (3) (4) (5) (6) (7)
1 [Bit] 1 [Bit] 1 [Bit] 1 [Bit] 1 [Bit] 1 [Bit] 1 [Bit]

1 [Oit] 0.047⇤ 0.045⇤ 0.045⇤ 0.045⇤ 0.044⇤ 0.038⇤ 0.038⇤
(0.007) (0.007) (0.007) (0.007) (0.006) (0.006) (0.006)

1
⇥
Bit�1

⇤
0.171⇤

(0.008)
1 [Nt] −0.011⇤ −0.006 −0.006 −0.010⇤ −0.011⇤ −0.009⇤ −0.009⇤

(0.004) (0.004) (0.004) (0.004) (0.004) (0.004) (0.004)
1 [Oit ⇤ Nt] 0.015⇤ 0.013⇤ 0.017⇤ 0.023⇤ 0.026⇤ 0.021⇤ 0.021⇤

(0.003) (0.003) (0.004) (0.004) (0.004) (0.004) (0.004)
1
⇥
Oit ⇤ Bit�1

⇤
0.024⇤

(0.009)
1
⇥
Nit ⇤ Bit�1

⇤
−0.007
(0.009)

1
⇥
Oit ⇤ Nt ⇤ Bit�1

⇤
0.028⇤

(0.009)
1
⇥
Bit�2

⇤
0.199⇤

(0.009)
1
⇥
Oit ⇤ Bit�2

⇤
0.073⇤

(0.012)
1
⇥
Nit ⇤ Bit�2

⇤
−0.047⇤
(0.013)

1
⇥
Oit ⇤ Nt ⇤ Bit�2

⇤
0.039⇤

(0.012)
1
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* p<0.05. The standard errors reported in parenthesis have been clustered at the billing group level.

Column 1 shows estimates for a bunching streak of 1 month. Column 2 shows estimates for a bunching streak of 2 months. Column 3 shows

estimates for a bunching streak of 3 months. Column 4 shows estimates for a bunching streak of 4 months. And Column 5 shows estimates

for a bunching streak of 5 months. And Column 6 shows estimates for a bunching streak of 6 months.
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Figure C.15: Seasonal and Alternative Bin Robustness Tests
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Figure C.16: Seasonal and Alternative Bin Robustness Tests
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