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Abstract

This Heterogeneity Analysis Report describes results from the third phase of “Eval-
uating Take-Up and Savings in a Large-Scale Air Conditioner Replacement Program”,
EPC-14-026. The overall objective of the project is to understand take-up and savings
in Southern California Edison’s Quality Installation Program, a large-scale central air
conditioner replacement program. This report describes estimates from the third phase
of the project aimed at describing how take-up and savings vary across customers. Us-
ing the same empirical di↵erence-in-di↵erences framework used in the second phase,
we expand the analysis in this phase to examine heterogeneity. The results show large
variation in energy savings between mild, warm, and hot areas of Southern California
Edison territory. On average, program participants in hot areas (Climate Zones 13, 14,
and 15) save 1,100+ kilowatt hours annually, compared to 300 kilowatt hours annually
in warm areas (Climate Zones 9 and 10), and approximately zero average savings in
mild areas (Climate Zones 6, 8, and 16). We also test for variation in savings be-
tween locations with di↵erent levels of household income, education, racial makeup,
and household size, but these factors prove to be much less significant than climate.
These demographic factors strongly influence take-up, however. For example, we find
that higher-income households are approximately twice as likely to participate in the
program as lower-income households. These results have important implications for
the cost-e↵ectiveness of the program as well as for the potential for better targeting of
the program to increase benefits. Lower-income households in hot areas would appear
to be a particularly valuable potential target.
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1 Introduction

This report describes estimates from the third phase of the project EPC-14-026 aimed at

describing how take-up and energy savings vary across customers. We first briefly describe

our empirical strategy which follows closely from Boomhower and Davis (2016). Using the

same empirical di↵erence-in-di↵erences framework used in the second phase of EPC-14-

026, we expand the analysis in this phase to examine heterogeneity. We do this first with

a series of “paired” regressions, and then with a single regression which pits the di↵erent

types of heterogeneity against each other in attempt to disentangle which factor is most

important.

We then describe results. Most significantly, the results show large variation in energy

savings between mild, warm, and hot areas of Southern California Edison territory. On

average, program participants in hot areas (Climate Zones 13, 14, and 15) save 1,100+

kilowatt hours annually, compared to 300 kilowatt hours annually in warm areas (Climate

Zones 9 and 10), and approximately zero average savings in mild areas (Climate Zones 6,

8, and 16). This central finding comes through in both the “paired” and single regression

approaches.

We also test for variation in savings between locations with di↵erent levels of household

income, education, racial makeup, and household size. These factors prove to be much less

significant than climate, however. In particular, once we include climate, none of these

factors prove to have a large e↵ect on energy savings. The coe�cient estimates for these

non-climate factors also don’t have any consistent pattern, further underscoring the main

finding that climate seems to be the most important form of heterogeneity.

We conclude by discussing the potential implications of these results for the cost-e↵ectiveness

of the program as well as for the potential for better targeting of the program to increase

benefits. Even though energy savings vary relatively little with demographics, these de-

mographic factors do strongly influence take-up. For example, we find that higher-income

households are approximately twice as likely to participate in the program as lower-income

households. Underserved groups in hot climate areas would thus appear to be a particularly

valuable potential target for future programs.
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2 Empirical Strategy

Our estimating equation is essentially identical to the equation used in Boomhower and

Davis (2016). The response variable is electricity consumption measured in kilowatt hours.

The explanatory variable of interest is 1[New Air Conditioner] an indicator variable equal

to one for participating households after they have replaced their air conditioner through

the Quality Installation Program. All regressions include our complete set of fixed e↵ects

including household by hour-of-day by month-of-year, and week-of-sample by hour-of-day

fixed e↵ects, and thus identify savings via di↵erence-in-di↵erences.

The innovation in this third phase of EPC-14-026 is to look not only at average electricity

savings, but also at how savings vary across participants. We do this first with a series of

paired regressions in which we simply divide our sample into di↵erent subsets. For example,

participants for which annual household income in that zip code is above or below median

annual household income.

In addition to these paired regressions we also estimate a single regression which pits the

di↵erent types of heterogeneity against each other in attempt to disentangle which factor is

most important. In particular we estimate a model with 1[New Air Conditioner] interacted

with household income, educational attainment, climate, and the other factors.

We do not have household-level demographic information. Instead, we use Census data

from a private vendor called Geolytics that has household income, educational attainment,

race, and household size available at the Zip9 level. We imputed, therefore, for each

household demographic variables equal to the average characteristics for their Zip9.

3 Results

3.1 Paired Regressions

Table 1 reports estimates from the paired regressions. In addition to reporting estimates

for energy savings, this table reports the the take-up rate for each group. These take-up

rates are of significant independent interest because they can indicate how successful the

program has been on reaching di↵erent categories of households.
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The structure of Table 1 is as follows. Column (1) reports the number of households in

each category who participated in the program. Column (2) reports the participation rate

for that group. Finally, column (3) reports the average annual electricity savings (in kWh)

for program participants in that group.

We start in Panel A by reporting estimates for all participating households. Overall, there

were 7,284 households in our data who participated in the Quality Installation Program.

This is about one-tenth of one percent of all 4.9 million residential customers in PG&E

territory. And, on average, program participants saved 398.6 kilowatt hours annually after

replacing their central air conditioners. These results are identical to the baseline results

from the second phase of EPC-14-026.

Panel B breaks participants into two categories on the basis of annual household income.

Take-up is about twice as high for higher-income households. The pattern of high uptake

among higher-income households has been previously noted with other similar programs

(see, e.g. Borenstein and Davis, 2015) and is of great policy relevance. Average energy

savings are larger in the lower-income category. Having now done additional analysis,

however, we believe that this pattern is almost entirely due to climate. Lower-income

households come disproportionately from the hot climate zones. With these paired com-

parisons climate is not controlled for, so these di↵erences in Table 1 can reflect climate and

other “lurking variables” rather than income itself. Indeed, when we run a single regression

below, it turns out that climate is a much more important factor and income.

Panel C looks at educational attainment. Both take-up and savings are positively correlated

with educational attainment. It is perhaps surprising that the income and educational

attainment results appear to go in opposite directions. We’ve examined a map of the

di↵erent categories (Figure 1) and although income and educational attainment are strongly

correlated, they are not perfectly correlated. In particular there are a large number of

“low” income, high education zip codes in the Palm Spring area, potentially indicating

retirees.

Panel D examines climate zones. Take-up is near zero in the mild zones, and at .23% in

the warm and hot areas. Savings are strongly correlated with climate zone. In the mild

zones, the point estimate for savings is near zero and not statistically significant. Savings

are larger in warm areas, and then much larger again in the hot areas, with average savings

of almost 1,200 kilowatt hours annually. We think these are some of the most interesting
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results of the heterogeneity analysis, and of direct policy relevance.

Panels E and F look by race and household size. Overall we find smaller savings in zip codes

which are more than 50% non-white and with larger households. Also notable is that the

take-up rate is considerably smaller in zip codes that are more than 50% non-white.

As the truism goes, however, correlation is not causation. All of these patterns could reflect

correlation between these characteristics and lurking variables. For example, the estimates

for household income could be reflecting correlation between income and climate zones,

rather than any true causal impact of income. The large variation in savings by climate

zone, in particular, we believe is driving most of these results as becomes clearer in the

next subsection.

3.2 Single Regression

Table 2 examines the same heterogeneity but with a single regression which pits the di↵er-

ent types of heterogeneity against each other in attempt to disentangle which factor is most

important. In particular we report coe�cient estimates and standard errors from a single

least squares regression. As with Table 1, the dependent variable is average hourly electric-

ity consumption and the regression includes household by hour-of-day by month-of-year,

and week-of-sample by climate zone fixed e↵ects.

The di↵erence is that the specification includes a set of interaction between 1[New Air

Conditioner] and six di↵erent heteogeneous factors listed in the row headings. Program

participants belong to di↵erent categories for these di↵erent factors (e.g. above median in-

come, warm climate zone, more than three people per household), and the single regression

is an attempt to tease out which factors are most significant.

The results are very interesting. Most significantly, the results show large variation in

energy savings between mild, warm, and hot areas of Southern California Edison territory.

On average, program participants in hot areas (Climate Zones 13, 14, and 15) save 1,166

kilowatt hours annually, compared to 378 kilowatt hours annually in warm areas (Climate

Zones 9 and 10), and approximately zero average savings in mild areas (Climate Zones 6,

8, and 16). This central finding comes through in the single regression approaches, even

after allowing for heterogeneity in these other factors.
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The demographic factors are much less significant. While there were large di↵erences

for high- and low-income in the paired comparison, here the coe�cient on high income is

relatively small (65). Thus, the single regression provides strong evidence that the di↵erence

observed in the paired comparison is driven by climate, rather than by the “true” e↵ect of

income. Results are similarly small, and of inconsistent pattern for the other demographic

factors.

4 Concluding Comments

The main finding from the third phase of “Evaluating Take-Up and Savings in a Large-

Scale Air Conditioner Replacement Program”, EPC-14-026, is that climate is the most

important form of heterogeneity. On average, program participants in hot areas (Climate

Zones 13, 14, and 15) save 1,100+ kilowatt hours annually, compared to 300 kilowatt hours

annually in warm areas (Climate Zones 9 and 10), and approximately zero average savings

in mild areas (Climate Zones 6, 8, and 16).

These results imply that the Quality Installation Program is likely to be most cost-e↵ective

in the hot areas of Southern California Edison’s territory. At some level, this makes intuitive

sense. Where air conditioners are mostly heavily used, energy-e�ciency gains are most

valuable and translate into the largest total savings in kilowatt hours.

Demographic factors strongly influence take-up, but not energy savings. For example, we

find that high-income households are approximately twice as likely to participate in the

program as low-income households. This suggests that low-income households in hot areas

would appear to be a particularly valuable potential target. There is also a strong equity

argument for targeting these programs to underserved groups.

In terms of policy recommendations, it might make sense to consider eliminating the pro-

gram in mild climate zones. Our results indicate approximately zero average savings in

mild areas (Climate Zones 6, 8, and 16), consistent with these units not being used enough

hours of the year to generate substantial savings. Given scarce utility resources it makes

sense to spend money where there is the biggest possible return on investment.

In addition, it would make sense to perform additional analyses of the program in warm

climate zones. Savings are modest enough in these areas that it calls for a full-scale
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cost-benefit analysis. Critical for this broader analysis is the question of what fraction of

participants are inframarginal “free riders” i.e. getting paid to do what they would have

done anyway. The problem with inframarginal participants is that they add cost to the

program without generating actual energy savings. This is an important consideration for

all energy-e�ciency programs (Boomhower and Davis, 2014), but particularly when the

average savings are relatively modest.

Potentially o↵setting this concern about inframarginal participants is the fact that this

program tends disproportionately to deliver energy savings during high-value hours. We

found in the second phase of the analysis (Boomhower and Davis, 2016), that this sig-

nificantly increases the overall value of the program, especially once we account for the

large capacity payments received by generators to guarantee their availability during high-

demand hours. In particular, we find that the program has a timing premium of 50%, in

that it delivers savings that are 50% more valuable than under a naive calculation that

ignores timing.

More broadly, our work highlights the enormous potential of smart-meter data. Our econo-

metric analysis would have been impossible just a few years ago with traditional monthly

billing data, but today more than 50 million smart meters have deployed in the United

States alone. This flood of high-frequency data can facilitate smarter, more evidence-based

energy-e�ciency policies that are better integrated with market priorities. California can

help lead the way on this type of smart-meter analysis, both because of the innovative

approaches through which California utilities make data available to researchers, and be-

cause of the California Energy Commission’s long-standing support for evidence-based

policy making.
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Table 1: Take-Up and Energy Savings, Paired Regressions

(1) (2) (3)

Number of Takeup Average Savings
Households Rate per Replacement

(%) (kWh/year)

A. Baseline Specificiation

All Households 7,284 0.13 398.6
(34.2)

B. By Annual Household Income in Zip Code

Below $75,000 Median 3,786 0.11 508.9
(48.2)

$75,000+ Median 3,498 0.19 284.8
(48.8)

C. By Educational Attainment in Zip Code

Less than 30% with College Degree 3,724 0.12 324.1
(45.1)

More than 30% with College Degree 3,560 0.16 488.1
(51.8)

D. By Climate Zone

Mild Areas (Zones 6, 8, & 16) 829 0.03 -29.1
(82.9)

Warm Areas (Zones 9 & 10) 4,954 0.23 267.4
(38.1)

Hot Areas (Zones 13, 14, & 15) 1,501 0.23 1,199.0
(103.6)

E. By Racial Makeup of Zip Code

Less than 50% Non-White 4,077 0.20 542.8
(47.8)

More than 50% Non-White 3,207 0.09 228.5
(48.5)

F. By Average Household Size in Zip Code

Less than 3 People per Household 3,697 0.14 593.9
(52.2)

More than 3 People per Household 3,587 0.13 222.2
(44.5)

This table describes takeup and energy savings by zip code-level demographics. Takeup rates in

Column (2) are percentages of SCE residential customers. Energy savings estimates and standard

errors in Column (3) are estimated with separate regressions in each row. The dependent variable

is average hourly electricity consumption at the household by week-of-sample by hour-of-day level.

Average savings is the weighted sum of the coe�cients on 288 indicator variables measuring the

e↵ects of replacement by month-of–year and hour-of-day. The weights are the number of days

in the month. All regressions include household by hour-of-day by month-of-year, and week-of-

sample by climate zone fixed e↵ects. The 8 weeks prior to the replacement date are excluded.

Standard errors are clustered at the household level.
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Table 2: Take-Up and Energy Savings, Single Regression

Average Annual
Energy Savings
(kWh/year)

1[New Air Conditioner] 1.3 (16.3)

⇥ Median Income > $75,000 -65.8 (10.5)

⇥ College Completion > 30% 166.3 (10.4)

⇥ Warm Climate Zone 378.0 (14.4)

⇥ Hot Climate Zone 1,166.3 (21.4)

⇥ > 50% Non-White -190.6 (9.4)

⇥ > 3 People per Household -68.4 (9.8)

This table reports coe�cient estimates and standard errors from a single least

squares regression. As with Table 1, the dependent variable is average hourly

electricity consumption and the regression includes household by hour-of-day by

month-of-year, and week-of-sample by climate zone fixed e↵ects. The di↵erence is

that the specification includes a set of interaction between 1[NewAirConditioner]

and the di↵erent heteogeneous factors listed in the row headings. Due to compu-

tational constraints, the reported standard errors above are only approximate and

were calculated assuming that the covariances are zero between all hour-of-day and

month-of-year cells.
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Figure 1: Quality Installation Program Participants, By Income and Education
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