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Roadmap

Discuss what energy efficiency means in economic terms, and
why it’s so popular in policy circles

Today: Go through Allcott & Greenstone model of EE and
explanations for the energy efficiency gap

Next class: Nudges

Next week: Weatherization

Empirical theme: field experiments

2 / 88



Energy
Efficiency

Prof. Richard
Sweeney

Intro

Model

EE gap
Behavioral
Explanations

EE
experiments
Water Heaters

Nudges
Lightbulbs

Measuring
energy savings
Treatment effect
estimation

FGW estimated
savings

Energy
Efficiency
Wrapup

Unused
OPOWER

LATE

Americans spend a lot of money on energy

In 2023, BLS Consumer Expenditure Survey reports that the average
US household spent:

$2,694 on gasoline

$1,762 on electricity

$540 on natural gas

$140 on fuel oil

Important: We don’t get any utility from energy directly.

3 / 88
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Actual utility comes from energy “services” generated
when combined with other capital

What matters for utility is the total cost of energy services:
capital costs + energy costs
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The ratio of energy costs to capital costs varies a lot

Source: Allcott & Greenstone (2012)
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Many policies in place to encourage the adoption of
more efficient energy-using capital

Source: Allcott (2015)

6 / 88



Energy
Efficiency

Prof. Richard
Sweeney

Intro

Model

EE gap
Behavioral
Explanations

EE
experiments
Water Heaters

Nudges
Lightbulbs

Measuring
energy savings
Treatment effect
estimation

FGW estimated
savings

Energy
Efficiency
Wrapup

Unused
OPOWER

LATE

Energy efficiency vs. energy taxes

Consider the market for oil.

CO2 emissions contribute to climate change.

Two ways to reduce oil consumption:

Tax oil (increase price p)

Encourage energy efficiency (fuel economy)
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One of the reasons EE is so popular is that people
believe it’s a “win-win” proposition

This sentiment has been popular for four decades now (Lovins 1979,
McKinsey & Co. 2009)

Win #1: Energy consumption is associated with many externalities

reducing energy use brings us closer to the social optimum

this seems pretty clear

Win #2: Consumers fail to take up privately optimal EE
investments

for example because they do not have correct information

correcting this mistake saves them money

much less obvious (to economists)
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A model of energy efficiency

Total cost (TC) of energy using capital:

TC︸︷︷︸
total cost

= c︸︷︷︸
capital cost

+ epm/(1 + r)︸ ︷︷ ︸
energy cost

c is the up-front cost of capital

m is the amount the good is used (ie miles driven)

p is the price of energy

e= energy efficiency (energy use / unit m)

r is the discount rate

For simplicity, assume all energy expenditure occurs in a
single future period t. r is the rate of time preference
between utility now and t years from now.
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Example: 2022 Toyota RAV4

Imagine two identical goods, that differ only on energy use and
up-front cost.

Fuel economy (e): 27 vs 41 MPG (city)
Up front cost (c): $26,975 vs $29,575
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For otherwise identical products,
consumers should minimize total costs

Two goods: inefficient (j = I); efficient (j = E)

Efficient good cost more today: cE − cI > 0

But saves on energy tomorrow: eE − eI < 0

Total cost of good j

TCj = cj + ejpm/(1 + r)

purchase E if TCE < TCI

implies:

cE − cI <
(eI − eE)p

(1 + r)
∗m
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Who should buy the efficient good?

Energy expenditure on service:

Expense =

(
energy
usage

)
(usage) (energy price) (discount factor)

Last three terms are random variables that vary across individuals (i)

Expensei = (e) (mi) (pi)

(
1

1 + ri

)
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Tracing out a demand curve for the efficient good

Individual energy savings from buying E:

(eI − eE)

(
mipi

1 + ri

)

If we arrange everyone in descending order of this value, this
traces out a demand curve for E (draw this)

Assume everyone faces the same upfront costs. Then the
difference in these costs (cE − cI) represents the “price” of E.

Everyone who saves more than this amount should buy E.
Everyone who saves less should not.
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Rational private demand for energy efficiency
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We know that people use too much energy because
of unpriced externalities

In the model, p should be psocial = p+ ϕ, where ϕ is the marginal
external cost of energy use
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In the rational model, consumers would lose money
if they were more efficient. But society would gain.
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The energy efficiency “gap” (or “energy paradox”)

Energy paradox is the observation that energy-efficiency
technologies that would privately pay off for adopters (in terms
of energy cost savings) . . . are nevertheless not adopted

ie TCE < TCI , but consumers still chose I

What are some possible reasons for this? Why might consumers
choose I even if the energy savings outweigh the upfont cost?

cE − cI <
(eI − eE)p

(1 + r)
∗m
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Behavioral economics: humans vs “econs”

Economics historically assumed that agents were infallible,
computationally limitless and rational.

implies people must be cost minimizing

In the real world, human beings:
make mistakes (misoptimize)
don’t like thinking hard about things (there is a cost to
optimization)
are inattentive
experience regret/ loss aversion
care about peer effects
are easily swayed by default options
overly discount the future (present bias)

This is important for energy efficiency because it can
explain the gap
suggest ways to correct it that don’t involve taxes/ regulation

(and cost much less)
19 / 88
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Innattention

Sometimes information is presented correctly, but consumers are just
not attentive to it (or it isn’t salient enough)

Example: Online shipping (Hossain & Morgan 2006)

total cost of buying a something online = price of the good +
shipping costs

consumers should only care about the total cost.

Experiment: on eBay, randomly vary good prices and shipping
costs of Xbox games, keeping the total cost fixed

Result: using a lower price leads to more bidders and higher
revenue

Interpretation: shoppers forget to think about shipping costs
when bidding

EE Implication: Energy costs are less salient than up front costs,
so people might underweight them

20 / 88



Energy
Efficiency

Prof. Richard
Sweeney

Intro

Model

EE gap
Behavioral
Explanations

EE
experiments
Water Heaters

Nudges
Lightbulbs

Measuring
energy savings
Treatment effect
estimation

FGW estimated
savings

Energy
Efficiency
Wrapup

Unused
OPOWER

LATE

Which choice leads to greater fuel savings?
(A) a 15 mpg Cadillac Escalade instead of a 12 mpg Chevrolet
Suburban
(B) a 50 mpg Toyota Prius instead of a 29 mpg Toyota Corolla?

Source: Wolfram blog post (2013)

Assume you would drive the same distance and speed in each car.
21 / 88
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The MPG Illusion
Assume you’re going to drive 100 miles,

(A) 8.3 gal in the Suburban vs 6.7 gal in the Escalade → save
1.6
(B) 2 gal in the Prius vs 3.4 in the → save 1.4
So the correct answer is A. Why?

Source: Larrick and Soll (2008)

Gas demand = miles driven * (gas/mile)
What we care about is GPM, not MPG!
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Solution: New Fuel Economy Labels

Consumers can still choose gas guzzlers if they want, but now they
have better information to make their decision.
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Updating the model to account for consumers
undervaluing energy savings

Consumers value a future (discounted) dollar saved at γ < 1

Adopt if: cE − cI < γ
(eI − eE)p

(1 + r)
∗m
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Now increasing energy efficiency can actually
increase private benefits
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Now increasing energy efficiency can actually reduce
both externalities and internalities
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Energy Efficiency: Is there a free lunch?

Source: McKinsey & Company (2009)
27 / 88

http://www.mckinsey.com/client_service/sustainability/latest_thinking/greenhouse_gas_abatement_cost_curves


Energy
Efficiency

Prof. Richard
Sweeney

Intro

Model

EE gap
Behavioral
Explanations

EE
experiments
Water Heaters

Nudges
Lightbulbs

Measuring
energy savings
Treatment effect
estimation

FGW estimated
savings

Energy
Efficiency
Wrapup

Unused
OPOWER

LATE

How do we really know people are making mistakes?

cE − cI <
(eI − eE)p

(1 + r)
∗m

Need to know:

True energy savings

True usage m and energy prices p

Real discount rate r

If we mis-measure any of these, we might incorrectly conclude
that people are making mistakes

What are some other “rational” explanations for low takeup?
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Some “rational” explanations for low takeup

Information Problems

Principal-agent issues (e.g., renters/landlords – Davis 2011)

Lack of information, asymmetric information (research on
residential construction, Jaffe & Stavins 1995; Palmer et al.
2011)

Capital Market Failures

Liquidity constraints

Particularly relevant in developing countries

Measurement error

Uncertainty over benefits, energy prices

29 / 88
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Measuring the energy efficiency gap

Can make assumptions about discount rates (r), usage (m), and
energy prices (p), and see if observed takeup matches predicted
“rational” takeup. (What McKinsey does)

But any thing we get wrong there will be attributed to
innattention/mistakes (low γ)

what we’d like to do is find situations where we “know” γ = 1,
and compare what people buy in the baseline.

the way economists typically do this is to run an experiment

pick consumers

randomly give them perfect information about energy
savings

compare to consumers in control group
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Example: Water Heaters
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Setup

What we do:

Focus on water heaters: Second largest home energy use:
Energy cost = 29 billion/year

Lifetime energy cost > upfront price

Mundane product → conceptually interesting

Randomized control trial (RCT) with large nationwide retailer

At call center: vary Energy Star info, rebates, and sales
incentives

Measure effects on demand

Extensive surveys and audits of sales agents and consumers
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Market overview
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Product overview

6-year warranty: $≈ 220 incremental price, $≈ 40/year savings
13-18% IRR

But Energy Star market share ≈ 1/30.

12-year warranty: Energy Star bundled with premium features
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Experimental design
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Mapping experiment to the model
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Info script

Let me take a moment to tell you about our Energy Star
models. Energy Star water heaters cost about $220 more
than a standard model, but they save a typical household
$40 each year, so you would make up that price difference in
about six years. Over 12 years, which is the normal life of
a water heater, you would save $480 in energy bills. Energy
Star models may not be available for every home. If possible,
would an Energy Star water heater be of interest to you?
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Effect of treatments on Energy Star takeup
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Consumers are confused about Energy Star
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But they do not underestimate energy savings

Punchline: They are just not interested in the value proposition.

What are some reasons for this?
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Paternalism in public policy

Governments frequently intervene to protect us from:

Imperfect information

Failure to maximize long-run welfare

Many times the “solution” is to outright ban the activity in
question. Examples:

Drug, alcohol, and cigarette taxes and bans

Food and consumer product safety standards

Helmet and seat belt laws

Usury laws and other financial services regulation
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Are we sure everyone is making a mistake?
“The Lightbulb Paradox”

Source: Allcott & Taubinsky (2015)

Incandescents cost less ($1 vs $4), but don’t last as long
What explains low takeup here?

Irrational: People uninformed, energy savings not salient
What are some Rational? explanations?
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Appealing alternative: policy “nudges”

Insights from behavioral economics has lead to interest in a
softer form of paternalism, known as “Libertarian Paternalism”

Nudge, by Sunstein and Thaler (highly recommended
summer reading)

Not an oxymoron

Idea is to design policy in that can correct behavioral
failures, but still allows people to make whatever choice
they want
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How does this paper answer this question?
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Allcott and Taubinsky (2015) experiment

“The Lightbulb Paradox”
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AT ask people to make 15 choices with different
relative prices. Why?
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Results

Source: Allcott & Taubinsky (2015)

For many consumers, γ < 1

But some consumers really do not like CFLs

Maybe banning incandescants isn’t a good idea?
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Policy results

A subsidy of $3 would maximize (private) welfare

But a ban would not increase welfare (based on internalities
alone)
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Updating the model

I and E may differ on non-energy dimensions (ie light quality)

if goods aren’t perfect substitutes, and people value them
based on non-energy dimensions, we need to account for
this.

let ξ represent the incremental utility “cost” of I.

now the decision rule is adopt E if:

γpm(eI − eE)/(1 + r) > (cE − cI) + ξ

An energy efficiency “gap” will exist whenever γ < 1

ie consumers are inattentive to or uninformed about energy
costs

but simply observing that people are not buying the efficient
good based solely on energy and up front costs is not enough to
conclude this.
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What if we’re not sure how efficient a good is?

In our simple model of energy efficiency, an investment E is
worth making if energy savings are worth more than the up front
cost (and any difference in preference for the good)

γpm(eI − eE)/(1 + r) > (cE − cI) + ξ

A key assumption is that we know the energy rating e.

In reality, this is more complicated for many goods
Cars may perform one way in ideal track conditions, and
another in the real world
Energy lost via heat from an incandescent depends on how
long it’s on and ambient temperature

What matters to consumers is realized energy savings

This is also what matters for policymakers who might use
taxpayer money to subsidize these investments
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Case Study: Weatherization Assistance Program

Largest residential energy efficiency program in the US

Benefited over 7 million homes since 1976

Provides free home improvements to low income households

The 2009 ARRA (stimulus) dramatically increased WP funding

$450 million in 2009
$5 billion 2011-2012

How large are the savings from this program? Was all this
taxpayer spending worth it?

DOE says it was a huge success
Some economists question these results
Comparing the two approaches provides a good introduction
to the challenges involved in measuring energy savings
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Measuring the gains from weatherization

Participants first receive a free audit to identify needs

insulation, new windows, furnace upgrades, etc.

Auditor predicts the savings from each measure and makes
recommendations.

This audit data and information on local weather, etc are fed
into a model, the National Energy Audit Tool (NEAT).

These estimates are just guesses, so we want to measure the
savings using billing data.
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DOE’s evaluation found the WP to be a resounding
success

According to the , DOE press release:

For every dollar invested in weatherization, $4.50 was generated
in energy and non-energy benefits.

Approximately 8,500 jobs were created or retained.

Single-family homes saved an average of $283 annually on
energy costs.

Carbon reduction of 2.2 million metric tons.

Conclusion: “The results demonstrate that weatherization provides
cost-effective energy savings and health and safety benefits to
American families.”

Here is the full report and summary of results.
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How did the DOE arrive at these findings?

Fowlie, Greenstone and Wolfram looked under the hood of the
4,500 page (!) DOE study

Our judgment is that many of the DOE’s conclusions are
based on dubious assumptions, invalid extrapolations, the
invention of a new formula to measure benefits that does
not produce meaningful results, and no effort to evaluate
statistical significance

Found numerous mistakes/ inconsistencies

DOE had no control group for health and well being measures
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DOE energy calculations involve two comparisons

Observed the treated population before and after, and a control
group after only.

Can’t do difference-in-differences, so they average the differences
between these groups...

To the best of our knowledge, this approach has never
been used in any textbook or research paper previously.....The
approach to estimating nonenergy benefits is unrecognizable,
and we believe the resulting estimates have no meaningful
interpretation

More importantly: FGW argue that weatherization is a
“purposeful” decision.

What does this mean? What are some stories here?

DOE implicitly assumes no selection
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Who opts into weatherization?

Consumers have beliefs about how much energy they will use
with and without weatherization

Note these could be biased or just plain wrong

There could also be other things they do / don’t like about
weatherization

Maybe it’s a hassle to install

Adopt if:

Expected savings + non-energy benefits > weatherization cost

Who adopts? What type of households?

Do you think these households would use more or less energy
than average without weatherization?
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Estimating the Causal Effect of Weatherization

Each individual (i ) has two potential outcomes Y (energy use)

one where they have weatherization (Yi1)

and one where they don’t (Yi0)

For any individual, the weatherization “treatment effect” is the
amount of energy they save from weatherization: Yi1 − Yi0

From a policy perspective, we may be interested in the average
treatement effect (ATE): βATE = E[Yi1 − Yi0]

Fundamental Problem of Causal Inference:
We only every observe one state of the world for each individual.

To make progress, we are forced to compare households that got the
treatment to those that didn’t. How bad is this?
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Selection Bias

Want to learn about the true population average treatment effect
(average savings from weatherization)

βATE = E[Yi1 − Yi0]

What if we compare WP and no-WP homes:

β̂ = E[Yi1|WPi = 1]− E[Yi0|WPi = 0]

= E[Yi1|WPi = 1]−E[Yi0|WPi = 1] (Causal Effect)
+E[Yi0|WPi = 1]− E[Yi0|WPi = 0] (Selection bias)

Our estimate of the energy saved is biased by "selection" – the
difference in the untreated state of the world, across households who
do and don’t get WP.
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What if we run an experiment?

Imagine we could randomly assign households to weatherization.

Since we assign WPi randomly, our selection bias term
E[Yi0|WPi = 1]− E[Yi0|WPi = 0] equals zero.

Unfortunately, in the real world we can’t force people to
participate in this program.

We can however, encourage them.

this could be a monetary incentive, advertising, persuasion,
etc

This is what Fowlie, Greenstone and Wolfram did
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Fowlie, Greenstone and Wolfram (2015)

30,000 WP-eligible households in Michigan

Randomized encouragement design:

25% of households put in treatment group

received extensive outreach and assistance signing up for
WP

but control households still eligible for WP under own
volition
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FGW encouragement activities
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Result 1: People do not seem to want to weatherize

Average WP household received $5,150 worth of home
improvements totally free

Yet in the control group, only 1% opt into the program

In the treatment group, only 6% opt in despite extensive
encouragement

What do people make of this?

Takeway: there must be large hassle costs associated with this
program.

What might those be?
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The authors estimate two models of energy savings

ln(yimt) = β1{WP}imt + αim + αmt + ϵimt

Quasi-experimental approach: Difference in differences

Estimates average treatment effect on treated (ATET)

Experimental approach: Instrumental variables

Typically we think of an RCT as randomly assigning
1{WP}
But in this case it just increased the probability of
assignment
Can use IV to predict probability of 1{WP}, ie use
treatment group assignment as an instrument
If treatment effects differ across households, this will
recover the local average treatment effect (LATE)

Or the treatment effect of “compliers”
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Result 2: Energy savings were 10-20%

IV < OLS. Suggests selection bias term
E[Yi0|WPi = 1]− E[Yi0|WPi = 0] is greater than zero.

ie households selecting into WP would have had higher than
average non-WP usage
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While these savings are substantial, they are
significantly less than the up front costs

Average WP household received $5,150
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Engineering model projected savings were 2.5 times
larger

Source:Fowlie (2015)
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Even accounting for environmental externalities, the
program still has negative costs

Ex Ante (NEAT) vs Ex post (FGW) benefit estimates
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Could low savings be due to a rebound effect?

What is the rebound effect?

Do you think it would be large here?

Why does it matter if there’s a rebound effect?
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We don’t have much evidence on rebound effects

Typically hard to measure

FGW randomly contacted a subset of treated and non-treated
households

Went to 1,658 households on cold days

Asked what the thermostat was set to

899 people let them in the house (688 let them close the door)

Moved to the center of the room and waved two
thermometers around
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Result 3: No evidence of a rebound effect
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Call in the auditors?

What did people learn from this debate?

I personally think it’s unfair lump ORNL together with polluters
in India

But selective attention affects all of us, and ORNLs response
shows clear signs of this.

Highlights the benefits of independent evaluators
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Weatherization Summary

Energy efficiency

engineering models over-estimate

people really can’t be bothered

rebound effect small

Broader

importance of transparent and independent evaluation

RCTs in energy able to deal with selection
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Energy Efficiency Gap Summary

Long-standing interest in energy efficiency due to externalities.

More popular than Pigouvian taxes because it seems like a
“win-win”

We describe this claim in a simple economic model that simply
says that the net gains to consumers are the energy savings less
the up-front cost difference.

Net Savings = pm(eI − eE)/(1 + r)− ξ − (cE − cI)

failure to adopt when net gains are positive is a mistake (and
correcting that mistake makes people better off)

model clarifies what we need to know to conclude people are
making mistakes
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Quantifying the energy efficiency gap is challenging
people are heterogeneous

particularly wrt to usage m
what is the right r ? credit card rate?
even if you know those values on average, you would get it
wrong for half the population

goods involve many attributes, not just energy:
ξ probably not zero (as in light bulbs)

we actually don’t know (eI − eC) with certainty
engineering estimates can differ in the real world for lots of
reasons (weatherization an extreme example)

For all these reasons, many simple calculations of the energy
efficiency gap (ie McKinsey) are probably misleading.

Many careful studies have tried to measure the gap using field
experiments.
While people surely make mistakes, the tl;dr from nearly two
decades of evidence suggests people aren’t making massive
mistakes.
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Social Norms: The OPOWER experiments

OPOWER provides information energy efficiency to electriciy
consumers

social comparison (above)
action items (next slide)

Allcott (2011) randomly varied which households got the
information

used billing data to estimate the impact on electricity use.
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OPOWER information

Source: Allcott (2011)
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OPOWER Sample

Source: Allcott (2011)
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OPOWER results

Source: Allcott (2011)
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OPOWER: No “boomerang” effect

Source: Allcott (2011)

81 / 88



Energy
Efficiency

Prof. Richard
Sweeney

Intro

Model

EE gap
Behavioral
Explanations

EE
experiments
Water Heaters

Nudges
Lightbulbs

Measuring
energy savings
Treatment effect
estimation

FGW estimated
savings

Energy
Efficiency
Wrapup

Unused
OPOWER

LATE

Cost effectiveness

Allcott & Mullainathan (2010)

OPOWER cost: 2.5 cents per kWh saved

Long run marginal cost of electricity: 8 cents per kWh

Net savings: 5.5 cents per kWh

Marginal carbon intensity: .34 tons CO2 pe kWh

OPOWER carbon abatement cost: -$165 per ton CO2

Approximate cost of wind $20 per ton of CO2

Conclusion: Nudges should be an important part of any cost-effective
climate policy

82 / 88



Energy
Efficiency

Prof. Richard
Sweeney

Intro

Model

EE gap
Behavioral
Explanations

EE
experiments
Water Heaters

Nudges
Lightbulbs

Measuring
energy savings
Treatment effect
estimation

FGW estimated
savings

Energy
Efficiency
Wrapup

Unused
OPOWER

LATE

OPOWER: Long-run backsliding?

Source: Allcott & Rogers (2014)

Effects decay, but slowly ~ 10-20% per year
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What do we take away from OPOWER Results

Something atypical going on

Possible explanations

New information (good)

Attention (good)

Guilt (bad)
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Causal estimation under random encouragement

Define (Zi) as whether or not you’re encouraged. Taxonomy of
household types (t)

Always takers (t = A): take WP without encouragement
(WPi = 1 if Zi = 1 or if Zi = 0)

Never takers (t = N): don’t take WP even if encouraged
(WPi = 0 if Zi = 1 or if Zi = 0)

Compliers (t = C): only take WP if encouraged
(WPi = 1 if Zi = 1; WPi = 0 if Zi = 0)

Who do we observe take WP in each arm of the experiment?

Encouraged Control
WP Always takers + Compliers Always takers
No WP Never takers Never takers + Compliers
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If we compute the average electricity consumption in
each group, what do we get?

Encouraged Control
WP Always takers + Compliers Always takers
No WP Never takers Never takers + Compliers

Let Pr(t) be the probability of each compliance type in the
population

let Y t
1 and Y t

0 be the average electricity use of each type with
and without WP.

E[Y |Control] = E[Y N
i0 ]Pr(N) + E[Y C

i0 ]Pr(C) + E[Y A
i1 ]Pr(A)

E[Y |Encouraged] = E[Y N
i0 ]Pr(N) + E[Y C

i1 ]Pr(C) + E[Y A
i1 ]Pr(A)

If we difference these two equations, it’s clear that they only group
we learn about from this experiment is the compliers.
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Intent to treat & LATE

If we simply difference the raw average of the treatment and
control groups, we get:

E[Y |Encouraged]− E[Y |Control] = (E[Y C
i1 ]− E[Y C

i0 ])Pr(c)

This is referred to as the Intent to treat effect (ITT)

The ITT is the average savings for compliers (E[Y C
i1 ]− E[Y C

i0 ])
times the share of compliers in the population.

Define the average savings for compliers as the Local Average
Treatment Effect (LATE).

We can estimate the share of compliers by simply comparing the
probability of WP in the treatment and control group (in FGW,
6% - 1% = 5%)

We can then recover the LATE by dividing the ITT by this
probability.
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Better LATE then never?

This tells us that even with an experiment (or a good instrumental
variable), we can never learn about the true average savings for the
entire population.

The best we can do is to learn the average (causal) effect for
housholds that would get WP if encouraged, but otherwise would not.

What do people think of this?
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