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I. Energy Efficiency
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Energy demand: several response margins

We will separate between two strategies:

Energy efficiency: becoming better at consuming the same goods, e.g., LEDs, building
retrofit, better appliances, etc.

Demand response: reducing our consumption if prices are high.

Today we will discuss energy efficiency interventions.
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I. Energy Efficiency
Energy Efficiency: Concepts and Evidence
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Energy efficiency

We do not consume energy directly

We consume “energy services” produced with energy inputs

Energy efficiency refers to the productivity of energy inputs:

Energy efficiency = energy services / energy input

Examples

Example 1: keep room at 65F for an hour

Example 2: run a washing machine at 4pm

Example 3?
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Energy efficiency - stock and flow

Energy efficiency involves several strategies:
▶ New better technology (e.g., heat pumps, better appliances, LEDs).
▶ New better buildings (building codes, standards).
▶ Improving energy efficiency of existing existing buildings (refurbishing).
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Energy Efficiency Could Be Essential to Decarbonization

1. Not enough battery storage for peak
electricity demand

Consumption growing ahead of storage
capability

Reducing consumption lowers GHG
emissions while grid mix of renewable
and (mostly) non-renewable
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Energy Efficiency Could Be Essential to Decarbonization

2. Transitioning away from natural gas in
buildings will take time

Significant upfront costs

Equity concerns with mandates
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Energy Efficiency Could Be Essential to Decarbonization

3. If done cost-effectively, one of lowest cost forms of carbon abatement
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Unexploited Investment Opportunities?

Source: McKinsey and Company, “Pathways to a Low-Carbon Economy”, 2010
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The energy efficiency gap

The energy efficiency gap refers to potential underinvestment in energy efficient
technologies (typically by the part of consumers) – second channel of inefficiency.

Defined as “a wedge between the cost-minimizing level of energy efficiency and the level
actually realized.”

Suggests there are other market failures at play.
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The energy efficiency gap – Debate

“Energy efficiency offers a vast, low-cost energy resource for the U.S. economy—but
only if the nation can craft a comprehensive and innovative approach to unlock it.”

McKinsey & Co. (2009), Unlocking Energy Efficiency in the U.S. Economy

”When one tallies up the available empirical evidence from different contexts, it is
difficult to substantiate claims of a pervasive energy-efficiency gap. . . the empirical
magnitudes of the investment inefficiencies appear to be smaller, indeed substantially
smaller, than the massive potential savings calculated in engineering analyses such as
McKinsey & Co. (2009).”

Alcott and Greenstone (2012), Journal of Economic Perspectives

12 / 119



The energy efficiency gap – Evidence

There is somewhat of a debate on how much of an “energy efficiency puzzle” there is.

Engineering view: typically more “optimistic”

Economists view: typically more “pessimistic”

Studies find a wide range of estimates of costs of energy efficiency.

A focus on percentage savings compared to “expected” engineering savings, with
numbers as low as 10 to 20 percent.

13 / 119



Discrepancies Between Projected and Realized Savings

Weatherization (WAP) and home retrofits (Fowlie et al. 2018, Allcott and Greenstone
2017)

Appliance rebate programs (Houde and Aldy 2014, Davis et al. 2014)

Building codes/efficient housing (Levinson 2016, Davis et al. 2018, Bruegge et al. 2019)

General efficiency rebates (Burlig et al, 2021)

Are there opportunities to allocate resources differently to achieve reductions more
cost-effectively? How to explain the gap?
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Recent evidence on WAP decomposes the difference

Christensen, Francisco, Myers, and Souza (2022) decompose the performance wedge:

1 Engineering measurement and model bias (43%)

2 Workmanship (41%)

3 Occupant behavior (6%)

2. Modifying worker incentives
▶ Randomized study paying workers based on building envelope tightness– quite cost-effective

3. Addressing model bias
▶ Predictions based on realized savings at similar homes outperform current engineering model

approach
▶ Targeting funds differently could improve cost-effectiveness
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We will cover a couple of examples

Both of them are “natural experiments,” exploiting policy interventions without
randomization.

Cash for coolers: rebate program for new fridges and AC in Mexico

Machine learning from schools: efficiency program for public schools in CA
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I. Energy Efficiency
Natural experiment example
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Example – “Cash for Coolers”

Since 2009 over 1.5 million refrigerators and air-conditioners have been replaced through
Mexico’s “Cash for Coolers” Program.
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C4C program details

Includes both refrigerators and room air-conditioners

To date 90% refrigerators, 10% air-conditioners

Direct cash subsidies of up to $185

Also low-interest credit against future electric bills

Old appliance must be 10+ years old

Verified by the retailer to be working at time of replacement

Then permanently disassembled in recycling centers

New appliance must meet exceed 2002 standard by 5%.
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C4C assessment

Lucas Davis, Alan Fuchs, and Paul Gertler, “Cash for Coolers”.

What is the effect of C4C on electricity consumption?
▶ What is the implied cost per “megawatt”?
▶ What is the implied cost per ton of carbon dioxide abated?
▶ How does this compare to ex ante predictions?

What broader lessons can be learned from C4C for the design of energy efficiency
programs?
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C4C impacts
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C4C impacts
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C4C and rebound
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C4C and rebound – Potential causes

1 The new appliances tended to be larger and have more features.
▶ These features are valued by households, but use more electricity
▶ For example, through-the-door ice adds 80 kWh per year

2 The old appliances tended to be close to the minimum age threshold.
▶ Refrigerators average age 13.2 years
▶ Air-conditioner average age 10.9 years

3 Households likely increased utilization of air-conditioners.
▶ Valued by households, but increased electricity consumption.
▶ This may have been amplified by the increasing block rates

4 Some of the old appliances were probably not working.
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C4C cost effectiveness
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I. Energy Efficiency
Natural experiment example with ML
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Machine learning and policy evaluation

Several papers now highlight the usefulness of machine learning in the context of panel
regressions (e.g., see work by Athey).

Electricity consumption data at high frequency lends itself very well to the use of ML.

See Christensen, P., Francisco, P., Myers, E., & Souza, M. (2021) for another example of
this.

Can it really help? How?
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Burlig Knittel Rapson Reguant Wolfram (2020)

How effective are energy efficiency upgrades at reducing electricity consumption?

Context: $1 billion EE subsidy program in CA’s K-12 schools

Data: 15’ interval electricity consumption

Research design: Panel fixed effects meets machine learning
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This question is difficult to answer empirically

Central challenge: Energy efficiency upgrades are not randomly assigned.

It is difficult to disentangle energy efficiency from other factors.

We must construct a counterfactual energy consumpton path.
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Our sample spans the PG&E territory

TreatedUntreated
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Can machine learning help?

Panel FE models are often not properly specified.

Schools are very heterogeneous (e.g., climate, size, school calendar).
▶ Ideally, introduce school-specific coefficients and trends in a very flexible manner.

We easily came up with ∼6,000,000 candidate control variables by making them
school-hour specific!

No clear ex ante optimal choice.
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Machine Learning: Advantages in this application

Exogenous weather variation and predictable weekly and seasonal patterns drive variation
in electricity consumption.

Schools are relatively stable consumption units:
▶ as opposed to single households that move around, unobservably buy a new appliance,

expand family size, etc.
▶ as opposed to businesses and manufacturing plants, exposed to macroeconomic shocks.

Prediction can do well!
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Machine Learning: Approach

Step 1

Use pre-treatment data to predict electricity consumption as a function of flexible
co-variates, for each school separately.
▶ For control schools, determine a “pre-treatment period” randomly.
▶ Use LASSO method (penalized regression).

▶ Minimizing the sum of the squared errors plus λ ·
∑p

j=1 |βj |.
▶ Larger “tuning parameters” lead to fewer coefficients.
▶ Use bootstrapped cross-validation with training and holdout samples within pre-treatment.

▶ Include a wide range of school-specific variables, and also consumption at control schools (a
la synthetic control).

▶ Also consider other alternatives (random forests).
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Machine Learning: Approach

Step 2

Regress prediction errors on treatment and controls.

Yith = βDit + αi + κh + γt + εith

▶ Data pooled across schools.
▶ Replicates diff-in-diff approach, but Y variable is now the prediction error.
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Machine Learning: Graphical intuition
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ML check: model complexity scales with observations

Step 1: Each dot is a school-hour model

The more data, the more controls.
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ML check: holidays negatively correlated with energy use

Each observation is a school-specific holiday

coefficient

Sanity check on sign of controls.
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ML check: a wide range of variables in model

Each school-block model has different predictors

Better taylored than a “normal”
regression.

C

0 .2 .4 .6 .8 1
Fraction of school-block models selecting variable type

Intercept

Other schools

Temperature

Month

Temp x Month

Holiday

Weekday

Temp x Month x Weekday

Temp x Weekday

Month x Weekday

Holiday x Weekday

Untreated Treated

38 / 119



ML check: comparison across methods

p10 p25 p50 p75 p90

LASSO optimal Lambda -0.23 0.18 0.44 0.61 0.72
LASSO 1SE Lambda 0.08 0.21 0.43 0.58 0.69
LASSO + Synth optimal Lambda -0.12 0.30 0.62 0.86 0.93
LASSO + Synth 1SE Lambda 0.13 0.33 0.64 0.86 0.93
LASSO Synth only optimal Lambda -0.08 0.28 0.61 0.85 0.93
LASSO Synth only 1SE Lambda 0.12 0.32 0.63 0.85 0.93
Forest by school-block 0.09 0.30 0.52 0.67 0.76
Forest by school -1.70 -0.15 0.42 0.63 0.71

The LASSO with control schools appears to do well out-of-sample
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Control and treated school estimates suggest savings

Controls: Prediction errors centered around

zero well out-of-sample

We see a shift in the distribution for schools
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ML results are stable across estimators

Prediction errors suggest a reduction in
energy consumption of around 2.5 KWh
per day.

However, still lots of noise across school
measurements.
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Implications for energy efficiency gap

Estimates suggest savings around 0.5-0.7
of energy efficiency savings.

Regressions are more noisy and can lead
to very low estimates (0.1-0.6).

Important to consider measurement
problems when assessing the effectiveness
of energy efficiency.
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Discussion: Why low realized savings?

Several potential explanations:

General measurement error in expected savings?
▶ Errors ins savings engineering model.
▶ Timing of savings for which we have additional info.

Large heterogeneity in realized savings?
▶ Average effectiveness vs intervention-by-intervention.
▶ Some interventions more effective than others.
▶ Some interventions harder to predict.
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Interactions of energy efficiency and climate impacts

Evidence of energy efficiency is mixed: reductions in energy consumption are significant,
but less than under ideal conditions.

Energy efficiency it is yet crucial for the energy transition:
▶ Reducing demand can be cheaper than reducing emissions for many settings!
▶ Energy efficiency protects households from extreme events: better infrastructure, less

gradient in consumption needs.
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II. Inequity impacts of the energy transition
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Energy transition’s heterogeneous impacts

The energy transition can have substantial impacts on households that can be highly
heterogeneous.

Example: Rich households have easier access to solar and batteries. Net-metering of solar
can leave poorer households stranded without policy action.

Uneven impacts combined with climate change impacts:
▶ Households most exposed to extreme events tend to have the lowest income (poor building

construction and insulation, heat islands).
▶ Also least able to adapt and upgrade with resilience equipment (solar + backup battery, solar

+ EV as battery).
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Example: adoption of EV and solar in Catalonia

Source: Enrich and Reguant, 2023. “Efectes distributius de la transició energètica: reptes i oportunitats per a una transformació justa.” Nota d’Economia.
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Equity impacts recently in the news
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Equity impacts can be devastating
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Resilience preparedness will not start where most needed
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Broader impacts of climate change

Today, we focus on ”micro” aspects of the
energy transition, focused on already
high-energy consuming countries.

The energy transition and impacts of
climate change will be uneven within a
country.

Cross-country differences are even more
dramatic, with developing countries being
much more affected by climate change
and extreme weather events.
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Equity and efficiency

Economists had traditionally not engaged
with issues such as inequity, environmental
justice, etc.

However, it is more and more obvious that
inequitable policies are not feasible.

This creates a link between efficiency
and equity.

For a policy to be effective, it needs to be
socially implementable.
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Many open questions to address efficiency and equity

Huge need to think about open topics concerning the energy transition that seem highly
suited for economists and that touch distributional issues:
▶ Equity impacts of non-linear and dynamic pricing during energy transition.
▶ Stranded assets and design of tariffs for fixed costs.
▶ Competition with dynamic prices and heterogeneous inattentive consumers.
▶ Solar panel and battery adoption with credit constraints.
▶ Transportation electrification and combustion car phase out.
▶ Heterogeneous ability to engage in reliability and resilience.
▶ Etc.
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Examples of tools/topics in the literature

Quantification of impacts via detailed tax/purchase data (Davis and Borenstein, 2016 –
US energy tax credits; Borenstein, 2017 – solar PV).

Comparisons of pricing impacts with micro data and aggregate income/demographic
data (Borenstein, 2012 – non-linear pricing; Leslie et al, 2021 – RTP pricing using
substation data; Cahana et al, 2022 – RTP pricing using household data).
▶ Today’s focus.

Counterfactual equilibrium model of demand and supply based on household data
(Wolak, 2016 – water; Feger et al., 2021, DeGroote and Verboven, 2022 – solar panels).

Responses to uneven impacts of energy policies using survey/voting data (Fabre and
Douenne, 2022 – Yellow Vests) and electoral data (DeGroote, Gautier and Verboven,
2022 – solar PV).
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II. Inequity impacts of the energy transition
Quantification via detailed tax/purchase data
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Borenstein and Davis (2016)

Borenstein and Davis (2016) document tax credits.

They use tax return data (IRS) to examine
characteristics of recipients.

Results suggests these are highly regressive.

Plausably more regressive than carbon taxes,
although much more popular (to a certain extent).
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Energy tax credits for EVs and solar in the US
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Evolution of overall spending

Paper focuses on a period of large energy
programs via the American Recovery and
Reinvestment Act (Recovery Act).

Large programs to subsidize energy
efficiency (windows, furnances, heat
pumps), solar panels and alternative
vehicles.

Over $18 billion over the period of study
on residential-focused subsidies alone.
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Distributional analysis: access

Thanks to the very detailed micro data
from the US Treasure (IRS), authors can
document that adoption of energy tax
credits is very low by low income
households.

Due to the nature of these tax credits,
some of these tax credits cannot be access
by low income households.

This is in addition to several other barriers
(credit constraints, renter status, etc.).
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Distributional analysis: concentration curves

Authors also compute concentration
curves of transfers of energy tax credits.

x-axis: income / y-axis: transfers.

Concentration is very large, and much
larger than the distribution of income
(annual gross income or AGI).

Figure: example from EVs.
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Recent focus on how to include low-income, but difficult in practice

Bottom line from mounting evidence is that inequality in energy policy is even larger than
in income, which can stall progress.

Many policies try to now explicitly target low-income households.

Example: weatherization assistance program (WAP), community solar programs.

In practice, difficult to implement in low-income neighborhoods with high participation
costs and limits on ability to directly benefit from program (e.g., renters).

Need to pool across several housing units also makes practical implementation harder
(e.g., community solar rooftop: problems with community agreements, also with
bureaucracy, limits on property tax credits, etc.).
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But with limits... e.g., Solar PV in California

Source: California Distributed Generation Statistics, https://www.californiadgstats.ca.gov/.
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Borenstein (2017)

Paper studies the distributional impacts of solar PV
in the PG&E territory.

It uses detailed billing data with solar panel
installation and production data to quantify
adoption and winning by income quintiles (Census
block group). Also limited hourly consumption data
for a sample of households.

Paper computes relevance of rate design in affective
solar PV adoption.
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Concentration indices

Concentration curves show what was
already shown in the previous paper:
higher concentration of adoption in
high-income categories.
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Factors making solar very attractive in California

Federal tax credit

Accelerated Depreciation Value (if under
lease)

State subsidies (CSI program)

Good solar radiation

High electricity prices

Rate structure (net metering)
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What is net metering (NEM)?

Under net-metering, households will get
the energy produced from their solar
panels substracted from their demand.

They are only charged for their net
demand, e.g., at the monthly level.

Traditionally, energy-based, so the implicit
price for solar power is the retail price.

Due to non-linear pricing, net-metering is
more attractive to high energy users,
which on average, are higher income.
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NEM can be a substantial subsidy

Under traditional NEM expected
the net present value (NPV) of
solar panels can be much larger.

This is due to the fact that the
retail energy prices can be much
larger than the marginal cost of
electricity.

In California, there were no
fixed fees: all the distribution
network is paid via retail prices
that are proportional to
electricity consumption.
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NEM interacts with income

Going from traditional NEM to a flat rate per solar output
reduces benefits of households.

It also reduces benefits to higher income households
disproportionately more.
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Policy consequences

Net-metering policy can become socially and financially unsustainable.

California has undergone two reforms of their net-metering policies to balance cost
allocation, efficiency, equity.

Open discussions between the winners and losers from the different alternatives.

See bonus notebook for an example of modeling this.
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II. Inequity impacts of the energy transition
Pricing impacts of the energy transition
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Today: Papers about pricing

Borenstein (2012): Distributive impacts of non-linear pricing.

Leslie, Pourkhanali, Roger (working paper, 2021): Impact of real-time pricing.

Cahana, Fabra, Reguant, and Wang (2022): Impact of real-time pricing and energy crisis.
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A data challenge

Very ideal data Usual data limitations

Individual detailed smart meter data.

Individual income.

Individual buidling/appliance
characteristics.

Individual comfort data.

Monthly billing data; hourly but not
individual data.

Censored income, zip code income.

Almost never no buidling/appliance
characteristics.

Almost never comfort data.

We will discuss for each paper methods to link consumption and income data.
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Borenstein (2012)
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Can non-linear pricing help?

Non-linear pricing is quite common in
utility tariff design.

Electricity prices are above marginal cost
to pay for other costs.

These other costs often include at least
part of fixed costs, e.g., transmission lines.

Instead of setting a fixed fee, many
regulators set increasing non- linear prices.
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What does the paper do?

Question: Is non-linear pricing progressive? To what extent?

Data: Monthly billing data for the three largest utilities in California (PG&E, SCE,
SDG&E), social bonus status (CARE), median and mean income at the Census block
group level (precise, small neighborhood area, but not individually).

Method: ecological methods to bound redistributive impacts under assumption of perfect
sorting (higher consumption → higher income) vs. no sorting vs. weighted based on
survey data (most realistic).

Findings: Non-linear pricing is progressive, but it fails to perfectly target households.
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Basic patterns in the data
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Non-linear pricing is progressive

Consumers with high levels of
consumption end up paying
substantially more at the margin,
while consumers with low
consumption get the first units at a
low price.

Higher income consumers tend to
consume more even using the random
approach, driven by higher income
Census blocks consuming more.
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Main findings: complementary tools?

Paper examines simulations with and without social bonus.

Social bonus suspected to not be very well targeted in California.

Under weighted method, bonus still contributes more to redistribution but non-linear
pricing targets best the highest quintile.
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Leslie, Pourkhanali, Roger (2021)
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What does the paper do?

Question: Is real-time pricing progressive? To what extent?

Data: half-hourly substation consumption data in Victoria (AUS) matched to
geographical demographic data including income and other covariates, data on number of
businesses and households, weather data.

Method: Regression that separates business vs. household consumption, then focus on
household consumption to look at redistribution across substations.

Findings: Real-time pricing favors low-income consumers on average.
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Regression approach

Use regression with number of households and businesses, allowing hourly consumption to
depend on neighborhood characteristics.

Each substation ranked into terciles (high, medium, low) for 12 measures
▶ Demographics: prop. of people over age 65; av. h’hold size, prop. born o’seas; prop. work

from home; unemployment; av. income; prop. Uni.
▶ Housing: prop. rental; median house price; residential density; prop. rooftop solar.
▶ Climate: cooling degree days

Focus on predicted household consumption βh interacted with characteristics Zs .
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Method seems to extract meaningful signal
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Method seems to extract meaningful signal
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Results are a bit mixed

Costs per MWh under RTP go down for
some sensitive demographic categories
(e.g., elderly, renters).

RTP is not necessarily regressive, although
heterogeneity in impacts is substantial
even with aggregate substation data.

Some open questions:
▶ Victoria has a very large share of rooftop

adoption, how does interact with RTP
when looking at distributional impacts?

▶ How does it depend on solar pricing
design, e.g., net-metering vs. other
alternatives?
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Cahana, Fabra, Reguant, and Wang (2022)
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What does the paper do?

Question: Is real-time pricing progressive?

Data: smart meter individual data match to zip-code level income and weather data.
Income quintiles at the zip-code level.

Method: Machine learning methods to infer appliance ownership and income imputation.

Findings: High-frequency RTP variation benefits low income, but low-frequency hurts
low-income with very inefficient electric heating.
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Main Findings Expanded

Main Finding:

The move towards RTP was slightly regressive, with heating mode and location as the
main drivers.

Main Effects:

Switch from annual to monthly prices is regressive → low-income households tend to
consume relatively more during winter when RTP prices are higher.

Switch from monthly to hourly prices is progressive → low-income households consume
relatively less at off-peak hours when RTP prices are lower.

Building/heating stock appears to be the major driver of consumption patterns, which
is correlated with income but also differs across locations.
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A first look at the data: month vs annual variation
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Computing bills under RTP and time-invariant prices

Compute bill with and without RTP:

∆Bill = BillRTPi − Bill i

▶ BillRTPi : Bill under hourly prices (RTP)
▶ Bill i : Bill under the annual average price (time-invariant)

Separate “within month” and “across months” effects:

∆Bill = [BillRTPi − Bill
m
i ] + [Bill

m
i − Bill i ]

▶ Bill
m

i : Bill under the monthly average prices
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The challenge: income data

We observe the distribution of income at the zip code level.

Zip codes can be substantially large.

Inference of income common in other applications: tax fraud, subsidy fraud, refinements
to coded income.

Impacts of RTP depend on highly dimensional vector, so difficult to make intuitive
bounding assumptions (e.g., Borenstein, 2012).

Research question: how to better assign households’ income exploiting richness of
hourly consumption data?
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Some notation and definitions

Zip code as z ∈ {1, . . . ,Z}.
Income bins as inck ∈ {inc1, . . . , incK}.
Households in zip code z as i ∈ {1, . . . ,Hz}.

Observed zip-code income distribution: Prz(inck).

Unknown household income distribution: Pri (inck).

92 / 119



Näıve approach

Assign income distribution at the zip code level Prz(inck) to all households in that zip
code.

Captures across-zip-code heterogeneity, but can miss important within-zip-code
heterogeneity.

One can get somewhat at within-income bin variance, but it might be overstated.
▶ [-] Heterogeneity of policy impacts conditional on the same income can be large, e.g. Cronin,

Fullerton and Sexton (2019).
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Assigning a prob. income distribution to households

We introduce new additional objects:

Zip code as z ∈ {1, . . . ,Z}.
Income bins as inck ∈ {inc1, . . . , incK}.
Households in zip code z as i ∈ {1, . . . ,Hz}.
Discrete types as θn ∈ {θ1, . . . , θN}.

Observed zip-code income distribution: Prz(inck).

Unknown household income distribution: Pri (inck).

Unknown household type distribution: Pri (θn)

Unknown type-income distribution: ηkn (probability that type n has income bin k).
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Our approach: intuition

We propose an estimator in two steps:

1 Classify consumers into types (deterministic or mixtures).

2 Infer income distribution of the types based on zip code level distribution.

Key: Allow for sufficient discrete heterogeneity to match income distribution at the zip code
level.

Identifying assumption: Common types across (subsets of) zip codes.
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Intuition follows similar settings (e.g., BLP, FKRB)

θA
θA

θB
θB

Zipcode 1 Zipcode 2

ηHAPr1(θA) + ηHBPr1(θB) =

Pr1(inc = H)

ηHAPr2(θA) + ηHBPr2(θB) =

Pr2(inc = H)

Assume we have already inferred the distribution of types in each zip code.

ηHA represents the probability of income level H for type θA (similarly for θB), unknowns.

Match zip code moments on the distribution of income, same underlying types across zip codes.
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Step 1: Assigning households to types

We break the approach in two steps to facilitate the computations: millions of households
with individual hourly consumption data.

Inefficient, but consistent under the proposed assumptions.

We have explored several classification techniques:
▶ [-] Observable discrete characteristics (contracted power).
▶ [-] Inferred discrete characteristics based on smart-meter data (appliance ownership).
▶ [-] Deterministic classification based on summary stats from high-frequency data.
▶ [-] EM algorithm based on household-level regression outcomes.
▶ [-] k-means clustering based on load profiles
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Step 1: k-means clustering of types

We reduce dimensionality of data into market shares for daily consumption in weekdays
and weekends for each individual household.

We group nearby zip codes and cluster the population of consumers based on these market
shares as well as the levels of production. Observable types based on contracted power.

Our baseline has 12 types per province depending on contracted power, heating mode,
and consumption patterns.
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Step 1: Example of type assignment
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Figure: Flexible k-mean types with electric heating in a given province
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Step 2: Identifying equations

Conditional on having identified the distribution of types for each zip code:

minη
∑
z

ωz

∑
k

(
Prz(inck)−

∑
i∈z

∑
n

ηknPrz(θn)
)2

s.t.
∑
k

ηkn = 1,∀n,

where ωz is a sampling weight and

Prz(θn) ≡
∑
i∈z

Pri (θn)/Hz .
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Step 2: Semi-parametric estimator

Previous identification results is limited in types by the numbers of zip-codes that share
types.

We consider a semi-parametric estimator that allows the distribution of income to depend
on individual and zip-code demographics.

The distribution of income is individual and zip-code specific even for the same type.

min
η,α,β

∑
j

ωj

K∑
k=1

(Pr jk −
∑
i∈Ij

Prk(θi , xi , zj)),

s.t. Prk(θi , xi , zj) =
exp(δijk)∑K

k ′=1 exp(δijk ′)
, ∀k ∈ [1, · · · ,K ],

δijk = αk + βθi
0 × k + βθi

1 xi × k + βθi
2 zj × k .
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Step 2: Results

The above estimator gives us an estimated probability of a given household belonging to
a certain income bin.

Estimator does not say exact income of a given households (still measured with error).

We show it can help correct the association between income and the policy impacts even
if income is not perfectly observed, which can be biased with zip-code level income.
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Step 2: Confirm relationship between income and contracted power

Individual-level of
contracted power strongly
associated with higher
income distribution, but not
with näıve zip-code level
data.
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Monte Carlo: Income estimation
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Monte Carlo: Policy impacts

We perform a Monte-Carlo simulation to inform this discussion. Assume that the true data
generation process behind the distributional impacts is governed by the following equation:

impacti ,z = t × θi + k × inci + σz × (ϕz + ϕzipgroup) + σe × ϵiz .

t: Heterogeneity captured by the types.

k : Direct income heterogeneity.

σz : Across zip code heterogeneity.

σe : Remaining unobserved heterogeneity.
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Monte Carlo: Policy impacts

Figure: Assessing the method with a Monte-Carlo simulation

1st 2nd 3rd 4th 5th
National Income Quintiles

4

3

2

1

0

1

2

3

4

Im
pa

ct

true impact
naive
gmm

(a) Full bias correction
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(b) Partial bias correction
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(c) No näıve bias
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Bringing it back to measuring the policy impacts

We use the inferred distribution of income at the household level to assess the distributional
impacts of RTP.

What is the impact of RTP across income bins?

How can it decomposed?

What are the main drivers for the effects?

Does the within-zip-code heterogeneity matter?
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Heterogeneous impacts by income bins

RTP is slightly regressive - still, the
average impact is small.

RTP impacts are highly heterogeneous
within zip-code because of income
heterogeneity.

Distributional implications are reversed
relative to using zip-code level income.
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Decomposing the impacts

Within month price changes have
progressive impacts.

However, across month price changes
have regressive effects.
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The mechanisms behind these patterns

We consider:
▶ Consumption patterns by income.
▶ Appliance ownership, across and by income.
▶ Geographical variation related to weather/appliances.

110 / 119



Mechanisms: consumption patterns during the day

Higher income quintiles consume
more electricity.

They also consume
proportionally more at peak
hours.

[→] The within month effect is
progressive.
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Mechanisms: appliance ownership

We infer appliance ownership based on consumption
structural breaks to local temperatures.

Appliance ownership, key for the within-income
heterogeneity.

The bigger bill increases are suffered by households
with electric heating due to the across months
effect.
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Mechanisms: appliance ownership

Households with electric heating consume
more during peak hours and winter when
prices are higher.

Appliance ownership creates bigger
differences than income.

Conditional on appliance ownership,
income still induces substantial differences.
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Mechanisms: geography

Within month effects are similar across income and
geography.

Seasonal price variation across locations drives the
heterogeneous impacts.

(a) Within month effects

(b) Across months effects
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Counterfactual experiments

The distributional impacts in our sample are limited and bounded (small price variation).

However, patterns could change going forward, with increasing extreme pricing and
volatility (as experienced lately).

We explore several counterfactuals:
▶ [-] Demand elasticity (under different correlations with income).
▶ [-] Extreme events (under alternative assumptions on price levels and volatility).
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Commodity risks and energy poverty
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(a) Simulated prices (b) Simulated price volatility

We consider simulated prices (with low, medium, high levels and low, medium, high
volatility).

We re-analyze the distributional implications of RTP.
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Commodity Risks and Energy Poverty

Low-income households are relatively worse off
under high prices and low volatility.

High price levels have more adverse distributional
impacts than high price volatility.

The across month effects strongly dominate the
within month effects.
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Conclusions: energy crisis, RTP, and equity

Distributional implications of RTP in Spain (2016-2017).
▶ In this context, RTP was slightly regressive.

Bill impacts decomposed in:
▶ within month effects (daily price variation).
▶ across months effects (seasonal price variation).

Key drivers: appliance ownership and location.
▶ In Spain, low-income households rely more on electric heating, which exposes them to the

high winter prices.
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