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Abstract

A successful green transition requires aligning electricity demand
with renewable supply, which variable pricing can achieve. We use
novel high-frequency data on electricity consumption and an instru-
mental variable approach to analyze electricity price responsiveness
of Danish households. We estimate electricity price elasticities across
and within days. We find that higher prices lead households to adjust
their consumption, mostly through level decreases rather than shifting
use to cheaper off-peak hours. The level cuts persist after prices fall,
especially for lower-income households, while within-day shifting is
modest and concentrated among higher-income households. Electric
car usage explains some, but not all, of the income gradient.
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1 Introduction

Electricity and heat together account for 33% of global emissions (Han-
nah Ritchie and Roser| [2024]), with households representing a substantial
share of electricity demand. Understanding household consumption behavior
is therefore crucial in the context of renewable energy transition. Renewable
sources such as wind, solar, or hydropower provide environmentally friendly
alternatives to fossil fuels, but suffer from limited storage possibilities. This
makes household adaptability to fluctuations in renewable energy supply a
key for a successful energy transition. One policy tool to motivate households
to adjust their consumption is through pigouvian taxes that would align with
the marginal cost of non-renewable electricity (Pigou, [1920)). In practice, this
translates to setting variable electricity prices. This raises two central ques-
tions: to what extent do prices drive households to lower and/or smooth their
consumption, both across and within days, and do all households respond to
prices in the same way?

Evidence on households’ response to electricity prices remains limited
for several reasons. First, granular data on hourly electricity consumption,
especially at a country-level, is often difficult to obtain. Second, electricity
prices are typically set by grid operators in ways that correlate with demand,
with higher prices prevailing during high demand periods. As a result, a
simple analysis of intraday consumption relative to prices can be misleading,
since hours of high demand are inherently associated with higher prices.
Third, isolating exogenous shocks to electricity prices to study potential shifts
in medium to long term consumption patterns is challenging]

In this study, we examine how households adjust both the level and timing

of their electricity consumption in response to price fluctuations, using novel

!Studies using household-level hourly electricity consumption include but are not lim-
ited to |Jessoe and Rapson| [2014], [Wolak| [2011], Di Cosmo et al.|[2014], Ida et al. [2015],
Lanot and Vesterberg [2021], |Guo| [2023], Fabra et al.|[2021], (2021}, |2024). These are typ-
ically focused on small-scale pilots, aggregate measures, specific regions or cities, or short
time periods, underscoring the scarcity of nationally representative, long-run datasets.



high frequency electricity consumption data from Denmark. Our dataset
covers hourly electricity consumption of all Danish households from 2021 to
first half of 2024, which we link to electricity price data as well as households
background characteristics using the rich administrative register data. Den-
mark is also an ideal candidate for our analysis as its electricity supply relies
predominantly on wind power. In 2023, wind generated 65.5% of domestic
electricity supply (Energistyrelsen, 2023)). This allows us to exploit wind
forecasts as an instrumental variable for electricity price variation that is
exogenous to household demand. Furthermore, we investigate household re-
sponses to the sharp increase in electricity prices following the Ukraine 2022
invasion, treating this as a shock to energy costs. Finally, we extend the
analysis to 2023 to explore potential evidence of habit formation in house-
hold electricity consumption behavior.

We start by documenting some insightful patterns in monthly as well as
hourly electricity consumption for the entire population. Overall, it corrob-
orates the idea that households have been decreasing their consumption as
electricity prices have been soaring. It also shows heterogeneity in house-
holds’ response, especially by household income. Given the high frequency
of our data, our analysis focuses on 10.344 households, which provides a
reasonable sample for conducting the study.

Next, we formally examine how households’ electricity bills are reacting
to price changes. We aim to quantify the bills’ reactions to price fluctuations.
If households are indeed attentive and responsive to prices, we would expect
their bills to vary less than one-for-one with prices. Indeed, our analysis
shows that a 1% increase in electricity prices corresponds to only a 0.94%
increase in daily bills. This suggests that households respond to higher prices
by reducing or re-allocating their electricity consumption.

We further investigate how this readjustment of electricity consumption
translates into price elasticities at different horizons. To obtain unbiased esti-

mates, we employ forward-looking wind forecasts as an instrumental variable



for electricity prices. Our results indicate elasticities of -0.8 at the monthly
level, -0.05 at the daily level, and -0.017 at the hourly level.ﬂ These findings
reinforce the earlier evidence from household bills, further demonstrating
that households are responsive to fluctuations in electricity prices. These es-
timates are also consistent with prior evidence showing elasticities generally
small in magnitudeﬁ Some evidence help explain why estimated elastici-
ties are generally small - households react to average rather than marginal
prices [Ito, 2014]; load shifting is driven more by relative within-day price
differences than by absolute hourly spikes [Schittekatte et al., [2022]; provid-
ing real-time information strengthens responses to temporary price changes
[Jessoe and Rapson|, 2014]; the duration of the price signal has little effect
on the size of the response [Wolak, 2011]; and short-term elasticities increase
during periods of high prices and volatility (Andersen et al. [2024]; | Andersen
and Dietrich [2025]).

Elasticity estimates alone cannot disentangle the mechanisms through
which households reduce their electricity bills. Broadly, there are two ad-
justment channels. First, households may lower the overall level of consump-
tion during periods of high prices - for example, by foregoing certain uses
such as cooking with an oven or by substituting toward more energy-efficient
appliances. Second, households may adjust the timing of their consump-
tion. Electricity pricing typically follows two regimes: peak hours (5-8 a.m.
and 4-10 p.m.), when both household and industrial demand is elevated and
providers increase tariffs and spot prices, and off-peak hours, when demand,
and thus price, is lower. Thus, a second channel to keep electricity bills un-

changed would be that, in response to higher prices, households may shift

2We account for endogeneity and autocorrelation in electricity demand estimation by
using nuisance IV regression as proposed by [Thams et al.| [2022].

3For example, in the meta-analysis of Labandeira et al. [2017] the authors find an
average short-run elasticity of —0.24, based on 966 elasticity estimates (with short-run
being defined as up to one year). Shorter-run responses are generally small - in Spain [Fabral
et al.| [2021] finds hourly elasticities in the range —0.054 to —0.014 and not significantly
different from zero, with similar results found in Sweden [Lanot and Vesterberg| [2021])



part of their electricity use from peak to off-peak hours in order to mitigate
increases in their total bills.

First, to measure adjustments in electricity consumption levels during ex-
ogenous surges in energy prices, as well as to assess potential long-term habit
formation, we divide our sample into three distinct periods. The during win-
dow which starts in March 2022, immediately following the Ukraine invasion,
and spans the following 12 months. The event was accompanied by a sudden
escalation in electricity prices that lingered over the following year. The pre
window covers the preceding year while the post window corresponds to the
subsequent year. Using 2023 as a longer term horizon (post window) is re-
vealing, as Denmark removed its electricity tax during this period, lowering
prices to levels even below those observed in the during window as docu-
mented in Figure [l We then estimate changes in electricity consumption
across these periods by regressing household consumption on period indi-
cators. Our results show that in the during period—when prices were at
their peak—households reduced their daily electricity use by 3.5% relative
to the pre window. Strikingly, this reduction persisted into the post period,
even after prices declined, suggesting that households not only curtail con-
sumption in response to sudden price increases but also form longer-lasting
consumption habits.

We then test whether households adjust to electricity prices by reallo-
cating consumption within the day: shifting usage from costly peak hours
to cheaper off-peak hours along two different dimensions. First, we compare
intra-day reallocation across the pre, during, and post periods to capture
responses to overall price levels. We find that households shift about 0.5%
of daily consumption to off-peak hours in high-price periods, and this shift
persists after prices decline. Second, we examine responses to daily price vari-
ation by estimating the share of consumption occurring during peak hours
as a function of average peak to total daily prices. Consistent with the hy-

pothesis of intra-day adjustment, we find that households reduce peak-hour



consumption when peak prices increase. This response was exacerbated in
the during period and persisted into the post period when electricity prices
went down. These tests provide evidence that households reallocate some of
their electricity consumption to time of days when prices are lower.

We subsequently assess the relative importance of changes in consump-
tion levels versus changes in timing in driving households’ electricity bill
responses. To this end, we decompose the bill change into change in over-
all consumption and change in the timing. Our estimates show that nearly
all of the reduction in household electricity bills —approximately 98%— is
attributable to lower overall consumption rather than intra-day reallocation.

Lastly, we conduct a series of heterogeneity analyses to identify the main
drivers of household adjustments to fluctuating electricity prices. We start
by documenting that income levels play an important role for how households
react to price surges. While households belonging to a higher income bracket
are more likely to adjust their intra-day consumption, they are also the ones
for which the levels of consumption revert back in the post period. This
could either be a result of individuals with higher income being more likely
to own an electric vehicle, more flexible or more aware of price changes which
we test separately.

We divide the sample into households that own at least one electric vehicle
(EV) and those that do not own any. As expected, EV-owning households,
who are disproportionately concentrated in higher income groups, exhibit
stronger shifts in electricity consumption away from high, price peak hours.
This pattern largely reflects the mechanical response of EV chargers that
automatically schedule charging during lower-price periods. Nevertheless, we
continue to observe meaningful intra-day adjustments among higher-income
households without EVs. Thus, while automated charging contributes to the
reallocation of consumption across hours, higher-income households remain
more responsive to intra-day price variation even in the absence of EVs.

We conclude by testing whether flexibility drives intra-day electricity ad-



justments. We use having at least one unemployed or retired household
member as a proxy for flexibility. We find that households with retired or
unemployed members do not adjust their consumption intra-day when peak
prices are higher. This suggests that higher income households are more
likely to be attentive to prices and adjust their consumption as well as build
habits on the long term, that they keep even after prices are down.

Our findings carry several implications for the broader energy transition.
First, automated technologies appear particularly effective at facilitating
intra-day load shifting. The sharp contrast between EV-owning and non-EV-
owning households suggests that technologies that can schedule consumption
automatically—analogous to smart EV charging—can deliver meaningful ef-
ficiency gains by moving demand into low-price hours. Second, the benefits
of variable electricity pricing are unevenly distributed: higher-income house-
holds shift more in response to within-day price variation, even when control-
ling for EV ownership. This may reflect differences in attention or greater
flexibility in shifting consumption. Third, temporary price shocks appear
to generate persistent reductions in electricity use; even after prices revert,
households maintain lower consumption levels. This persistence could stem
from investments in more energy-efficient appliances or from the adoption of
longer-term electricity-saving behaviors.

Our results supplement a large and fast growing literature on the role of
households in the green transition. A first strand studies households as finan-
cial decision-makers and find that retail investors are increasingly reallocating
portfolios toward socially responsible assets (e.g., |Adib et al. [2024], Riedl
and Smeets| [2017]). A second strand examines households as consumers,
documenting preferences for electric vehicles and other forms of responsible
consumption (Liao et al| [2017], Ferreira et al.|[2024]). A third concerns
households as energy users. Because households account for a substantial
share of electricity demand, their consumption patterns directly affect car-

bon emissions, particularly when generation is still partly fossil-based ( IEA



2020, 2021; [Davis and Gertler| [2015]). We contribute to this literature by
showing how households can support the green transition through adjust-
ments in electricity use in response to variable prices.

A long-standing debate concerns the conditions required for a successful
shift to low-carbon electricity systems. Renewable energies reduces emis-
sions but the main challenge is their transient nature. Renewable energies
are hard to store and in order for economies benefit from green electricity
when consumption can adjust to the availability. A large literature studies
policy instruments, such as Pigouvian taxes and other mechanisms aimed at
internalizing externalities, to encourage cleaner production and consumption
choices (Bovenberg and de Mooij [1994], Calel and Dechezleprétre| [2016],
Dottling and RolaJanicka [2025]). Our work complements this literature by
focusing on variable electricity pricing for retail customers and by quanti-
fying how households adjust both how much they consume and when they
consume it as a reaction to price changes.

More closely related, our study contributes to the still limited literature
on how real-time or high-frequency electricity prices affect household behav-
ior (Faruqui and Sergici [2010], Fabra et al.|[2021], Metcalf| [2025]). Reiss and
White [2005] develop and test a model using California tariff changes, empha-
sizing the difficulty households face in anticipating and responding to price
variation. [to| [2014] similarly shows that households often respond weakly to
nonlinear price schedules and instead react more to marginal prices. In con-
trast, we find that households respond to overall price levels, and that more
attentive groups additionally track and respond to intra-day price move-
ments.

Finally, while a broad literature estimates electricity demand elasticities
(e.g., Deryugina et al.| [2020], Hirth et al.| [2024]), less is known about het-
erogeneity in responses to within-day price variation and about the margins
through which adjustment occurs. We help fill this gap by (i) identifying

which households shift consumption in response to intra-day price changes



and (ii) separating responses along the intensive margin (reducing total con-
sumption) versus the timing margin (reallocating use across hours).

The paper proceeds as follows: Section [2 presents the institutional details
of the Danish electricity market, and Section [3| describes the data and pro-
vides summary statistics of both monthly and hourly electricity consumption.
Section {4 estimates electricity bills’ price reaction and elasticities. In Section
we discuss the different ways households react to electricity prices. Section
[6] presents results split by different household characteristics and section

concludes.

2 The Danish Electricity Market

Electricity prices are determined within market structures that reflect the
physical constraints of power generation and transmission. In this section,
we describe the institutional features of the Danish electricity market that
shape household electricity prices and underpin our empirical strategy.

Electricity differs from most commodities in two fundamental ways. First,
it is fungible: one kilowatt-hour is identical regardless of the source of gener-
ation. Second, electricity cannot be stored at scale, implying that supply and
demand must be balanced continuously in real time. To accommodate these
features, electricity trading is organized across three interconnected markets:
the day-ahead market, the intraday market, and the balancing market.

The day-ahead market is the primary venue for price formation. Prices
are set hourly through a price auction based on forecasts of supply and de-
mand for the following day. These day-ahead prices constitute the core price
signal faced by households. Electricity producers submit supply bids ranked
by marginal production cost, the so-called merit order. Low-cost sources,
primarily renewable sources such as wind and solar, are dispatched first. As
demand increases, progressively more expensive technologies, such as coal-

or gas-fired plants, are added until expected demand is met. Consequently,



prices remain low when renewable generation is sufficient to meet demand
but rise when higher-cost fossil fuel generation is required. The market price
is determined by the price of the highest-cost source that is needed to meet
demand.

The intraday market allows participants to trade electricity closer to real
time, adjusting positions in response to updated information about demand
or renewable generation. Finally, balancing markets are operated by the
transmission system operators (TSOs) to correct any remaining discrepancies
between realized supply and demand.

Electricity transmission and distribution are regulated separately from
energy trading. TSOs manage the high-voltage transmission network, while
distribution system operators (DSOs) are responsible for delivering electricity
to end users through local grids. This division is analogous to highways and
local roads, with grid tariffs reflecting the cost of maintaining and operating

these networks.

2.1 Electricity Sources

Denmark is divided into two electricity bidding zones: DK1, covering western
Denmark and connected to Germany and the Continental European market,
and DK2, covering eastern Denmark and connected to the Nordic market.
Denmark is a global leader in renewable electricity generation, particularly
wind power. In 2022, renewable sources accounted for 81.4% of total electric-
ity production, with wind alone contributing 53.6% Danish Energy Agency
[2022]. During periods of high demand or low wind generation, gas-fired
power plants provide backup capacity. In line with its long-term climate ob-
jectives, Denmark aims to transition to a fully renewable electricity system
by 2050 Danish Ministry of Energy, Utilities and Climate| [2011].



2.2 Household Electricity Bills

Household electricity bills in Denmark consist of three main components:
the energy component, grid payments, and taxes. The energy component
includes the spot market price and any margin charged by the electricity
supplier. Grid payments cover tariffs set by TSOs and DSOs to finance
transmission and distribution infrastructure. Taxes are imposed by the gov-
ernment and are designed in part to discourage excessive electricity use.

In 2022, approximately 48% of the average household electricity bill was
attributable to the energy component, 11% to grid tariffs, and 41% to taxes.
Grid tariffs are regulated by the Danish Utility Regulator and are typically
set and announced in advance for the coming year. Electricity taxes are also
announced ahead of time and are usually fixed for extended periods, such as
six months.

A majority of Danish households (around 70%) are enrolled in contracts
with floating electricity prices Hinrichsen| [2024]. Electricity suppliers gen-
erally recommend such contracts, as they allow households to benefit from
periods of low spot prices. At the same time, suppliers note that households
with electric heating or those living in apartments may experience smaller
gains from variable pricing, due to more limited flexibility in adjusting con-

sumption.

2.3 Smart Meters

Smart meters installed in households record electricity consumption at an
hourly frequency and automatically transmit this information to electric-
ity providers. These meters enable the implementation of dynamic pricing
schemes and facilitate more efficient demand management by suppliers and
grid operators. In Denmark, the nationwide rollout of smart meters was
completed by 2020, ensuring comprehensive coverage of hourly household

electricity consumption. This infrastructure is central to our analysis, as it
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allows us to observe high-frequency consumption responses to price variation
at the household level.

3 Data and Summary Statistics

This section describes the data sources used in the analysis and presents key
summary statistics on electricity prices and consumption in Denmark. We
combine high-frequency electricity meter data with rich administrative reg-
isters, allowing us to track household electricity use over time, across income
groups, and within the day. Descriptive patterns motivate the empirical

analysis that follows.

3.1 Data Sources

Our study relies on monthly and hourly electricity consumption data covering
all electricity meters in Denmark from 2021 to first half of 2024. We link
the data to detailed electricity price information as well as administrative
registers that cover the entire Danish population.

Electricity consumption data are collected by Energinet and made avail-
able through Statistics Denmarkf_f] Electricity price data are obtained directly
from Energinet’s public website and include hourly spot prices, taxes, and
grid tariffs, as well as hourly forecasts of wind and solar power generation
and aggregate electricity production and consumption. We compute local
electricity prices by adding the national electricity tax and local grid tariffs
to the spot price, following the institutional setup described in Section

Household characteristics are drawn from Danish administrative registers.
A key advantage of these data is the presence of unique personal identifica-

tion numbers (CPR), which allow us to link individuals across multiple reg-

4Energinet is an independent public enterprise owned by the Danish Ministry of Cli-
mate, Energy and Utilities. It owns, operates, and develops the transmission systems for
electricity and gas in Denmark.
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isters. We observe demographic characteristics such as age, gender, location,
and household composition from the population register, as well as income
and wealth from tax records, vehicle ownership from the Danish motor reg-
istry, and housing characteristics from the building and dwelling register
(Bygnings- og boligregistret, BBR). All data are accessed through Statistics
Denmark.

At the monthly frequency, we include the full population of Danish house-
holds. However, daily and hourly electricity data are substantially larger and
computationally more demanding. For analyses at these higher frequencies,
we restrict attention to a subsample of households residing in single-family
houses. This restriction is motivated by two considerations. First, house-
holds living in houses are less likely to hold fixed-price electricity contracts
Hinrichsen| [2024]. Second, residents of single-family homes generally face
fewer constraints on the timing of appliance use—for example, running a
washing machine late at night is less disruptive than in apartment buildings,
where noise may affect neighbors.

To construct a high-quality sample, we apply several restrictions. We
begin by selecting adult single-family households with valid tax records. Be-
cause most variation in electricity prices occurs in 2022, we require households
to be present in both 2021 and 2022 and to have stable household compo-
sition and residential address throughout 2022. We exclude households for
which a unique meter address cannot be identified, as well as those with am-
biguous housing classifications. We further restrict the sample to households
with complete electricity consumption data for all months of 2022. From
the resulting pool of eligible households living in houses, we randomly select
12,500 addresses observed in 2022 and retain their full address electricity
histories from 2021 through 2024. We then remove duplicate observations

and exclude implausible records/]

5We define implausible consumption as usage below the minimum required to contin-
uously power an energy-efficient refrigerator. We also exclude households whose annual
electricity bill exceeds their annual income.
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The final dataset consists of 8871 addresses corresponding to 10,334
households observed between 2021 and 2024, yielding a total of 10,515,864
household-day observations. Appendix Table summarizes the data con-
struction and filtering process.

Table [I] reports summary statistics for the estimation sample. Panel A
presents electricity consumption and price measures. Average daily house-
hold electricity consumption is 8.81 kWh, and the average electricity price
is 1.92 DKK per kWh. This price comprises three components: a wholesale
spot price of 0.97 DKK, a national electricity tax of 0.69 DKK, and a local
distribution tariff of 0.26 DKK. The average day-ahead wind forecast in the
relevant price area (DK1 or DK2) is 1.09 GWh. As discussed in Section [4.1]
this forecast serves as our instrumental variable for electricity prices.

Panel B of Table [1| reports household characteristics. On average, house-
holds consist of 1.6 adults and 0.57 children, with a mean age of 58 years.
The relatively high average age reflects that the sample includes households
across the entire age distribution, not only those of working age. Mean annual
household income is 667,473 DKK (approximately 90,000 EUR). In terms of
technology adoption, about 2 percent of households use electric heating, and

roughly 1 percent own an electric vehicle.

3.2 Electricity Prices and Overall Consumption

We begin by describing aggregate patterns in electricity prices and consump-
tion. Figure[l] Panel A, shows the evolution of average electricity prices over
time. Prices were around 1.5 DKK per kWh at the beginning of the sample
period but began rising toward the end of 2021. Following the Russian inva-
sion of Ukraine in February 2022, electricity prices increased sharply, peaking
at over 4 DKK per kWh in August 2022. In January 2023, the Danish gov-
ernment temporarily removed the electricity tax for the entire year, leading
to a substantial decline in consumer electricity prices.

Motivated by these developments, we divide the sample into three peri-

13



ods: pre (March 2021-February 2022), during (March 2022-February 2023),
and post (March 2023-February 2024). Figure [2 Panel A, displays average
monthly household electricity consumption for the full population using this
time split. Consumption exhibits a pronounced U-shaped seasonal pattern,
with higher usage during colder monthsﬂ Relative to the pre period, house-
holds substantially reduce electricity consumption during the during period,
when prices are highest. Consumption remains somewhat lower in the post
period, even after prices decline.

Figure [A-1] Panel A, plots monthly electricity consumption by income
quartile. As expected, consumption increases with income, and seasonal
variation is more pronounced among higher-income households. This likely
reflects differences in housing size, appliance ownership, and energy-intensive
activities. Across periods, households in the lowest income quartile exhibit
only modest adjustments during the during period, suggesting limited scope
for further reductions. In contrast, households in the middle income quartiles
reduce consumption noticeably and maintain part of this reduction in the
post period. Households in the highest income quartile primarily reduce
electricity use during colder months of the during period but rapidly revert
to pre-period consumption levels once prices fall.

We next examine how households allocate electricity consumption within
the day. While the preceding figures cover the full population at the monthly
level, the remainder of this section focuses on the subsample of households
residing in single-family houses. Figure [1, Panel B, reports average hourly
electricity prices. Prices exhibit two daily peaks—one in the morning and
one in the evening—with the largest spread between peak and off-peak prices

occurring during the during period, when overall price levels are highest

6Because approximately 96 percent of Danish households do not rely on electric heat-
ing, this pattern likely reflects increased time spent indoors during winter and lower elec-
tricity use during summer months.
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(approximately 2.2 DKK versus 3.1 DKK per kWh)D In the analysis that
follows, we define peak hours as 5-8 a.m. and 4-10 p.m.

Figure [2, Panel B, shows average hourly electricity consumption. In con-
trast to prices, consumption exhibits a single pronounced peak in the evening,
a relatively flat profile during daytime hours, and a trough overnight. Rela-
tive to the pre period, consumption declines throughout the day during the
during period. In the post period, consumption partially rebounds, with
households shifting some usage from daytime to nighttime hours, indicating
greater off-peak consumption.

Finally, Figure [A-1| Panel B, presents hourly consumption patterns by
income quartile. The gap between peak and off-peak consumption increases
with income, suggesting that differences in monthly consumption across in-
come groups are largely driven by variation in peak-time usage. Moreover,
the shift toward greater nighttime consumption in the post period is more
pronounced among higher-income households, consistent with greater adop-
tion of technologies, such as electric vehicles, or appliances that can be more
easily scheduled outside peak hours.

Taken together, these descriptive patterns reveal substantial heterogene-
ity in electricity use across time, income, and hours of the day. We next turn
to the response of household electricity bills and estimate price elasticities,

which form the basis of our main empirical results.

"Within-day price variation is driven primarily by fluctuations in the spot price, re-
flecting changes in supply and demand conditions. A smaller share is attributable to local
tariffs designed to incentivize consumption away from peak hours. Figure decomposes
hourly price components.
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4 Electricity bill and price elasticity

4.1 Regression specification

In this section and the next, we examine how electricity bills, consumption
levels, and consumption timing respond to price changes. We begin by out-
lining the regression specification in general terms.

Naturally, since the spot price is determined by both supply and demand,
and that some local tariffs are higher in times of peak consumption, a naive
OLS regression of electricity consumption on price would suffer from simul-
taneity bias and yield positive price elasticities. As Danish electricity prices
are heavily affected by the supply of wind energy, we instrument the elec-
tricity price with the day-ahead wind forecast and capture the supply driven
variations in the price. To instrument prices we estimate the first-stage re-

gression:

10g(pgt) = Blog(wa;) + Wa + Wi + € (1)

where p,, is the grid g specific price in time ¢ and wg is the day-ahead
forecast of time ¢ and price area d wind. w, and w,, are address and time
fixed effects.

The main analyses then applies a second stage regression of the follow-
ing form, with gy, being either bill by, consumption ¢, or peak-share of

consumption ;.

—

log(yat) = €log(pgt) + 108(Yat—1) + 108(Yat—7) + Qa + m + €at (2)

where we control for any house specific characteristics using address fixed
effects a, and for any aggregate consumption trends using time fixed effects
Q.-

We include lagged values of the dependent variable in our regressions.
This follows the insight from Thams et al| [2022], who demonstrate that
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instrumental variable (IV) estimates of high-frequency electricity demand
elasticities can be biased when using wind as an instrument. The bias arises
because both wind generation and electricity consumption exhibit temporal
persistence, violating the exclusion restriction across time. This issue leads to
upward-biased elasticity estimates if unaddressed. To correct for this, Thams
et al.| [2022] propose two approaches: the nuisance IV and the conditional
IV estimators. Tiedemann et al. [2023] empirically evaluate these methods
and find that standard IV estimation inflates elasticity estimates, while the
nuisance IV approach performs best and effectively mitigates the bias. In our
analysis, we adopt the nuisance IV estimator, incorporating lagged dependent
variables to control for serial correlation. Specifically, we include lags of 1
and 7 days in the daily regression specification, lags of 1 and 24 hours in the

hourly specification, and a lag of 1 month in the monthly specification. [

4.2 Dalily electricity bill

Households observe their electricity consumption mainly through their elec-
tricity bills. We begin by examining how daily electricity expenditures re-
spond to daily electricity prices. Consistent with the rest of the study, we
rely on wind forecast as an instrumental variable to explain exogenous vari-
ation in electricity prices, orthogonal to household demand. Specifically, we

estimate the following two-stage instrumental variable (IV) regression:ﬂ

—

10g<bat) = 7109<pgt) + log(batfl) + log(bat77) + Qg + (07%% + €at (3>

The first dependent variable is the logarithm of the daily electricity bill
(in DKK) of address a in day t, (log(ba)).

8PACF can be seen in the appendix, where we can see that lags 1 and 7 need to be
accounted for.
9The first stage regression is described in Equation
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Table [2| presents the results of the second-stage regressionm As expected,
daily electricity bills increase with daily electricity prices. However, house-
holds adjust their consumption in response to higher prices: a 1% increase
in electricity price is associated with only a 0.94% increase in the electricity
bill (and significantly different from 1%). In other words, household bills in-
crease by about 6% less than they would have if consumption had remained
unchanged. This finding motivates our subsequent analysis of price elastic-
ities and the mechanisms through which households adjust their electricity

use during periods of high prices.

4.3 Price elasticities

To analyze how household consumption levels responds to price changes, we
now turn to estimating households electricity price elasticities over different
horizons. In section |5l we examine the other dimension of adjustment, namely
the intraday timing of consumption.

We first estimate the following regression:

—

10g(qat) = €log(pgt) + 10g(qat—1) + 108(qar—7) + 4 + Qm + €at (4)

where ¢, is the address-specific amount of kWh consumed in time period
t, € is the elasticity that we want to estimate. We vary the time horizon from
monthly over daily to hourly prices.

Table |3| reports the second stage estimates of household electricity price
elasticities, showing how consumption responds to changes in the day-ahead
electricity price.E. Across all time aggregations, consumption is negatively
related to price, with statistically significant effects at the 1 percent level.
The sensitivity towards prices however decreases with the frequency of ob-

servation. At the monthly level, elasticities are large: a 1 percent increase

10First-stage results can be seen in Table
HFirst-stage results are in Table
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in price reduces consumption by about 0.81 percent when controlling for
address-specific fixed effects. At higher-frequencies, the elasticities remain
negative and highly significant, but magnitudes are smaller: daily elasticities
are -0.05, while hourly elasticities are around —0.01 to -0.02.

Our estimates are consistent with previous estimates of price elasticities of
electricity demand. The meta-study of |Labandeira et al.|[2017] finds average
elasticities for horizons of less than a year of about —0.24, and evidence
from Spain and Sweden reports hourly elasticities close to zero (Fabra et al.
[2021], |Lanot and Vesterberg [2021]). An Australian meta-study further
indicates that long-run elasticities range from —0.75 to —0.3, while short-
run elasticities - defined as a month or less - fall between —0.47 and —0.026.

This pattern suggests that households adjust to prices by lowering con-
sumption, but also that they react more to average prices than to marginal
(in accordance with [Ito} 2014]) - potentially because electricity consumption
adjustments are more driven by investments (replacing old appliances with
more energy efficient ones) and habit change (always doing laundry in off-
peak hours) than attention to hourly prices. This distinction is the subject
of Section B

5 Levels vs Timing

In section 4] we show that households do respond to electricity prices. We
now examine the adjustment channels and potential habit formation by split-
ting the sample period and comparing behavior across price regimes. House-
holds can respond by (i) lowering overall electricity use when average prices
are high, (ii) shifting the timing of daily peak consumption across periods,
and (iii) further modifying peak demand as the peak—off-peak price differen-

tial changes.
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5.1 Consumption levels

When faced with high electricity prices, households may reduce overall con-
sumption to contain their bills. Households may adopt persistent changes—for
example, upgrading to more efficient appliances or routinely switching off
lights in unoccupied rooms. To quantify this response, we estimate the fol-
lowing regression, evaluating the effects of the during and post periods, as

identified in section [3| on households electricity consumption:

log(Qat) = 61 1during + 62 1post + log(qat—l) + + 10g<qat—7) + o + Qg + €t (5>

where ¢, is address-specific electricity consumption in kWh on day t.
Lauring and 1,,5 are indicators for days in the high-price period (during) and
the subsequent low-price period (post), respectively. We control for address
and specific month fixed effects, oy and «,,, as well as lagged consumption
to account for autocorrelation (Thams et al. [2022]). Our first coefficient of
interest, 1, measures the change in daily consumption between the during
and pre periods. This will measure the overall decrease in consumption when
electricity prices increase. Our second coefficient of interest, [, captures
the change between post and pre periods, providing evidence on any habit
formation; behaviors that persist even after prices revert to lower levels.

Results are reported in table Households decrease their daily con-
sumption by 3.5% in the during period relative to the pre suggesting that
when prices go up, they adjust the overall level of electricity consumption.
What is even more interesting is that this effect persists even into the post
period where prices are back to lower levels. Therefore any habits households
started adopting, regarding their overall consumption, when prices went up
did not subside after the spike.
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5.2 Static daily readjustments

Alternatively, households may limit bill increases by shifting usage from peak
to off-peak times (as defined in Section during periods with high electric-
ity prices. To test this, we re-estimate equation [5| with the share of address
a’s daily consumption occurring during peak hours, m,; € [0, 1], as the de-

pendent variable:

Tat = 51 1dum’ng + 52 1post + Tat—1 + Tat—7 + Qg + Oy + €at (6)

The last two columns of table |4 report the results of this analysis. As ex-
pected, households shift toward intra-day reallocation during high electricity
price periods (during). Specifically, they move about 0.5% of their daily con-
sumption to off-peak hours when prices are overall high. Importantly, these
adjustments persist. Even after prices fall, in the post period, off-peak con-
sumption remains elevated relative to the pre period, consistent with habit

formation.

5.3 Dynamic daily readjustments

The second way households can adjust their daily consumption can be by
following daily prices. They can be attentive to daily prices fluctuation and
dynamically adjust their consumption during days where peak electricity
prices vary more than average daily prices. Even though households may
not always be attentive to short-term price fluctuations, attention to prices
generally increase in the during period, as illustrated by Figure which
shows the surge in electricity price app downloads that peak in the second
half of 2022.

To estimate household response to peak vs off-peak prices, we run a spec-
ification similar to regression @, but including time period interactions with
day t average peak and off-peak prices, pgt peat a0d Dyt of fpeak, in grid area g.

Time period specific variation is accounted for through month—event fixed
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effects, ay,.

Tat :ﬁl 1duringpgt,peak + 52 1postpgt,peak: + 63 1duringpgt,offpeak+

ﬁ4 1postpgt,offpeak + Mat—1 + Mat—7 + O + O + €q¢ (7>

Table |5 reports the results. Overall, households respond to higher peak
prices by reducing the share of daily electricity consumption during peak
hours by approximately 0.7 percentage points for each one-DKK increase.
Conversely, households on average increase the peak share by about 0.8 per-
centage points when off-peak prices rise by one DKK. These effects, how-
ever, are observed only after the price hike. The coefficients are statistically
insignificant and close to zero in the pre period, but they become larger
in magnitude and statistically significant during the high-price period (0.4
percentage point increase per DKK) and even more pronounced in the sub-
sequent period when prices fell again (0.23 percentage point increase per
DKK).

Although these effects are statistically significant, they remain economi-
cally small, suggesting that households pay limited attention to hourly price

variation. [

5.4 Contribution of level vs. timing adjustments

One question that is still pending is to what extent the timing and level
participate to the overall bill adjustments across periods. Comparing stand-
alone regressions coefficients does not help and we need a way to disentangle
the importance of the two effects simultaneously.

To examine this we construct counterfactual bills. We treat the house-

12A 0.7 percentage-point reduction in the peak share equals roughly 0.07 kWh of elec-
tricity shifted to off-peak hours for a typical 10 kWh household - about 0.1 kWh is required
to boil one liter of water in an electric kettle Durand et al.| [2022]
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hold bill, B;, as a function of total consumption, C', and the share of peak

consumption, s, at times ¢ € {pre, during},
Bi(cta St) =Cy (St 'ppeak + (1 — St) .poff-peak)

To assess the effect of changing either the timing or level of consumption
we calculate the Shapley contributions. Shapley values [Shapley, |1953] pro-
vide a way to attribute a total change in outcomes to different underlying
drivers. They are defined as the average marginal contribution of each factor
across all possible orders in which the factors could be adjusted. In terms of
electricity consumption, it could for example be that households would not
have adjusted the level of their consumption had they not already adjusted
the split. This way to calculate the contribution of each driver ensures an
additive, path-independent decomposition, since the parts sum exactly to
the total change, and each driver is credited only for what it contributes on
average[”|

In our setting, we hold prices fixed at the average during level, and for
ease of notation let pre-period values be (Cy, sg) and during-period values
be (C1,s1). The Shapley contribution of for example timing is the average

of the marginal effects when timing is changed first and when it is changed

I3Examples of other papers applying Shapley values are Tarashev et al. [2016], who use
them to decompose systemic financial risk across banks; |Graham et al.| [1990], who show
that side-payments in collusive bidding correspond to Shapley allocations; Moulin| [1992],
who demonstrates that Shapley values satisfy equity axioms in fair division with money;
and |Stole and Zwiebel| [1996], who derive wages in intra-firm bargaining that coincide with
Shapley payoffs.
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second:

AEiming _ % Bz’(COa 81) _ Bi(CO; 50) —|-% ?i(Cl, 51) — Bz’(Cl; 80)

N J

-~ -~

effect of timing given no change in level effect of timing given change in level
level __ 1 1
Ai =3 Bi(Cl,SO) —Bi(CO,S()> +§ Bi(Cl7SI) —Bi(C(),Sl)
~ TV - ~ TV
effect of level given no change in timing effect of level given change in timing

Azotal _ Aziming + Aievel — BZ,(C’I, 81) — Bi(C()) 30)-

Applying this decomposition to our data shows that for the average house-
hold, almost the entire reduction in electricity bills stems from a lower overall
level of consumption, while changes in the timing of use play only a very mi-
nor role. Quantitatively, about 98% of the behavioral change is attributable
to reduced consumption, and only about 2% to shifts in the timing of use.

Formally, we compute

Alevel B 1 N A%evel 0,08
Alevel  Atiming o N Zl Alevel + A‘Fiming ~ U.

where Al*¥! and A" denote the Shapley contributions of level and timing
for household 1.

6 Heterogeneity and discussion

On average, we have documented that households react to electricity prices
through both a decrease in their overall consumption and a readjustment of
daily usage towards off-peak hours. In this section, we make use of the rich-

ness of our data to identify any heterogeneity in responses across households.
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6.1 Income split

Households with different income can have varying incentives of adjusting
their electricity consumption. On the one hand, households facing tighter
budget constraints may already be close to their consumption optimum before
prices rise, leaving limited scope for further reductions and thus a muted re-
sponse. On the other hand, lower-income households may react more strongly
if liquidity constraints make higher bills particularly salient. Ex ante, the net
effect is ambiguous.

We separately estimate level and intra-day adjustments by income quar-
tile in Table [6} Panel A shows that all quartiles reduce their levels of elec-
tricity use by similar magnitudes in the during period. By contrast, in the
post period, lower-income households sustain larger reductions relative to
higher-income households. Panel B examines intra-day reallocation as a
function of prices across income groups. The bottom two quartiles show lit-
tle evidence of shifting consumption toward off-peak hours when peak prices
rise in the during period. Intra-day adjustment is concentrated among the
highest-income households and persists into the post period. Taken together,
while lower-income households maintain reduced total usage after prices fall,
higher-income households are most responsive in adjusting the timing of their
consumption.

We further apply a Shapley decomposition of changes in households’
electricity bills to separate the contributions of intra-day load shifting and
changes in overall consumption. Figure |3| reports the decomposition for the
during and post periods by income quartile. Consistent with the regression
results, bill reductions attributable to intra-day adjustment are concentrated
among higher-income households. On average, however, most of the bill
change reflects lower electricity consumption levels. Also consistent with
the regression analysis, lower-income households partially sustain their lower
consumption in the post period, whereas higher-income households sustain

primarily their intra-day adjustments and increase consumption, reverting
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to roughly (or slightly above) pre-period levels. Overall, the decomposition
highlights heterogeneity in responses to higher electricity prices across the

income distribution.

6.2 Electric cars

One possible mechanism underlying the stronger intra-day load adjustments
and the reversal in overall electricity consumption among higher-income
households in the Post period is differential adoption of electric vehicles
(EVs). Modern EV chargers allow owners to shift charging to hours with
lower electricity prices, potentially generating mechanically timed consump-
tion patterns that could be confounded with behavioral responses. To sep-
arate these effects, we exploit administrative data on vehicle ownership to
distinguish households with EVs from those without.

Using the Danish Motor Vehicle Register, we classify a household as an
EV owner if at least one adult is listed as the registered owner of an electric
or hybrid vehicle that year.

We begin by plotting average electricity consumption for households with-
out EVs, by income quartile, in Figure [A-2] Whereas Panel B of Figure
shows that higher-income households exhibit increased electricity use during
nighttime hours, this pattern largely disappears once EV-owning households
are excluded. This attenuation is consistent with EV charging predominantly
occurring at night.

We next replicate the analysis of electricity consumption across periods
separately for households with and without EVs, as reported in Table [A-6]
The reversal in electricity use observed in the Post period is concentrated al-
most entirely among EV-owning households. This pattern is consistent with
the continued expansion of EV ownership throughout the sample periods.

Table [7] examines intra-day consumption responses among EV-owning
households and non-EV-owning households. While the price sensitivity of

higher-income households is markedly stronger within the subgroup of EV
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owners, higher-income households without EVs also exhibit greater intra-
day load adjustments than their lower-income counterparts. This pattern
suggests that EV charging behavior does not fully account for the income

gradient in the ability to respond to time-varying electricity prices.

6.3 TFlexibility

We proxy household flexibility using working status. First, we classify house-
holds by working arrangements: (i) not working, defined as having at least
one unemployed or retired member; (ii) retired, where at least one member
is retired; (iii) working, where at least one member is employed; and (iv)
working remote, where at least one member is employed in an industry with
the highest incidence of remote work. []

Table [8] reports results for level adjustments (Panel A) and intra-day
adjustments (Panel B). In terms of levels, all household types reduce con-
sumption by similar magnitudes in the during period. In the post period,
most households sustain these reductions, whereas households with at least
one remote worker revert more substantially toward pre-treatment consump-
tion. Regarding intra-day adjustments, most shifting occurs among house-
holds with at least one employed member, with little distinction between
those able to work remotely and those who are not. A caveat is that in-
dustries with higher remote-work prevalence are also associated with higher
income and potentially greater familiarity with the electricity market. Since
we already control for address fixed effects, incorporating additional quasi-
time-invariant characteristics would not improve identification. Overall, we
find that households with members more often at home do not systematically

readjust their electricity consumption.

14 8pecifically, the top three industries identified by Statistics Denmark in 2024 as having
the largest shares of remote workers: finance and research (79%), information and commu-
nication (76.9%), and public administration and teaching (63.4%) (Danmarks Statistik)).
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6.4 Policy discussion

Our findings yield several policy implications for the transition toward greater
reliance on renewable energy and the containment of overall pollution stem-
ming from traditional sources of energy. First, temporary shocks to energy
prices can induce households to reduce consumption and form more persistent
consumption habits. This reduction appears to be driven both by deliber-
ate efforts to optimize usage and potentially due to replacement with more
energy-efficient appliances. Second, variable pricing predominantly benefits
higher-income households, who are more likely to reallocate their intra-day
consumption toward off-peak periods. Third, and perhaps most importantly,
automated technologies, as we have documented with our results on electric
cars, are the primary drivers of adjustments toward periods with excess re-
newable supply /cheaper electricity prices. Automatic charging that responds
directly to high-supply periods is more effective than expecting households
to track and react to real-time price signals. Consequently, relying solely
on variable pricing to achieve a green transition is unlikely to be sufficient.
A more effective strategy is to prioritize the development and diffusion of

automated appliances that do not require active household intervention.

7 Conclusion

This study documents how households respond to electricity price fluctua-
tions in Denmark. We start by measuring households’ bills and consump-
tions’ sensitivities to electricity prices. We later show that when prices rise,
households adjust along two dimensions: by reducing their overall level of
electricity use and by shifting consumption across the day. Our evidence
demonstrates that the dominant channel is the former: nearly all of the re-
duction in electricity bills (98%) stems from lower total consumption, while
intra-day reallocations play only a minor role. Strikingly, these level adjust-

ments persist even after prices fall back, consistent with households investing
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in more energy-efficient appliances or adopting new routines and habits that
reduce their electricity demand in the long run. These findings underscore
the importance of price signals not only as short-term incentives but also as
mechanisms for lasting behavioral change.

Heterogeneity analysis highlights how households with higher income are
more likely to adopt daily readjustment of consumption towards off-peak
hours while not necessarily because of more flexibility in their schedules. On
the other hand, lower-income households decrease their overall consumption
and maintain low levels even when prices revert. Electric car ownership
explain some of the difference, but not all.

For policymakers, the results suggest that maintaining consistent peak-
to—off-peak price differences can effectively smooth household electricity de-
mand across the day, while hour-by-hour prices that mirror short-run supply
fluctuations are far less effective in shifting consumption within the day and

can further create inequalities across households with different income.

29



References

Fatima Zahra Filali Adib, Steffen Andersen, Dmitry Chebotarev, and
Kasper Meisner Nielsen. Rich and responsible: Is esg a luxury good?
Working Paper, 2024.

Per Andersen and Alexander M. Dietrich. Price response in residential elec-
tricity demand: Evidence from danish smart meter data. Working Paper
Working Paper No. 214, Danmarks Nationalbank, Copenhagen, August
2025.

Thomas Mgller Andersen, Philipp A. Gunkel, Henrik J. Jacobsen, and Lena
Kitzing. Household characteristics and electricity consumption: Evidence
from danish smart-meter data. Energy Economics, 100:105371, 2021.

Thomas Mgller Andersen, Philipp A. Gunkel, Jonas Bjerregaard, and Hen-
rik J. Jacobsen. Electricity consumption patterns and price responsiveness
during the european energy crisis. Energy, 290:130441, 2024.

A. Lans Bovenberg and Ruud A. de Mooij. Environmental levies and dis-
tortionary taxation. The American Economic Review, 84(4):1085-1089,
1994.

Raphael Calel and Antoine Dechezleprétre. Environmental policy and di-
rected technological change: Evidence from the european carbon mar-
ket. The Review of Economics and Statistics, 98(1):173-191, 2016. doi:
10.1162/REST\ _a\_00470.

Danish Energy Agency. Energy statistics 2022. Technical report, Danish
Ministry of Climate, Energy and Utilities, 2022. URL https://ens.dk/
sites/ens.dk/files/Statistik/energy_statistic_2022.pdf.

Danish Ministry of Energy, Utilities and Climate. Denmark: Energy strategy
for 2050 — from coal, oil and gas to green energy. Technical report, Danish
Government, Copenhagen, Denmark, 2011.

Danmarks Statistik. Hjemmearbejde er pa sit hgjeste siden covid-19. URL
https://www.dst.dk/da/Statistik/nyheder-analyser-publ/nyt/
NytHtml?cid=49082. Nyt fra Danmarks Statistik, nr. 239.

30


https://ens.dk/sites/ens.dk/files/Statistik/energy_statistic_2022.pdf
https://ens.dk/sites/ens.dk/files/Statistik/energy_statistic_2022.pdf
https://www.dst.dk/da/Statistik/nyheder-analyser-publ/nyt/NytHtml?cid=49082
https://www.dst.dk/da/Statistik/nyheder-analyser-publ/nyt/NytHtml?cid=49082

Lucas W. Davis and Paul J. Gertler. Contribution of air conditioning adop-
tion to future energy use under global warming. Proceedings of the Na-
tional Academy of Sciences, 112(19):5962-5967, 2015. doi: 10.1073/pnas.
1423558112.

Tatyana Deryugina, Alexander MacKay, and James Reif. The long-run
dynamics of electricity demand: Evidence from municipal aggregation.
American Economic Journal: Applied Economics, 12(1):86-114, 2020. doi:
10.1257/app.20180136.

Valeria Di Cosmo, Sedn Lyons, and Anne Nolan. Demand response with
smart meters: Evidence from irish households. The Energy Journal, 35(4):
117-134, 2014.

Robin Dottling and Magdalena RolaJanicka. Too levered for pigou: Carbon
pricing, financial constraints, and leverage regulation. Journal of Financial
Economics, 172:104105, 2025. doi: 10.1016/j.jfineco.2025.104105.

A. Durand et al. Electric kettles: An assessment of energy-saving potential.
Sustainability, 14(20), 2022. doi: 10.3390/su142012963.

Energistyrelsen. Data, tables, statistics and maps energy statistics 2023.
2023.

Natalia Fabra, David Rapson, Mar Reguant, and Jingjing Wang. Real-time
pricing and electricity consumption: Evidence from spain. American Eco-
nomic Review: Papers € Proceedings, 111:315-319, 2021.

Ahmad Faruqui and Sanem Sergici. Household response to dynamic pricing
of electricity: a survey of 15 experiments. Journal of Regulatory Economic,
38:193-225, 2010.

Miguel A. Ferreira, Pedro A. Pires, Margarida Soares, and Andre Trindade.
Income shocks and demand for sustainable products. Working Paper, 2024.

Daniel A Graham, Robert C Marshall, and Jean-Francois Richard. Differen-
tial payments within a bidder coalition and the shapley value. American
Economic Review, 80(3):493-510, 1990.

Tianqi Guo. Peak pricing and spillovers in residential electricity demand.
Journal of Environmental Economics and Management, 121:102812, 2023.

31



Pablo Rosado Hannah Ritchie and Max Roser. Breakdown of carbon dioxide,
methane and nitrous oxide emissions by sector, 2024. URL https://
ourworldindata.org/emissions-by-sector/.

Michael Bilde Hinrichsen. Elkunder flokkes om variable priser,
November 2024. URL https://greenpowerdenmark.dk/nyheder/
elkunder-flokkes-om-variable-priser. Accessed online.

Lion Hirth, Tarun M. Khanna, and Oliver Ruhnau. How aggregate elec-
tricity demand responds to hourly wholesale price fluctuations. FEnergy
Economics, 135:107652, 2024. doi: 10.1016/j.enec0.2024.107652.

Takanori Ida, Koichiro Murakami, and Makoto Tanaka. Can information
provision affect electricity consumption? evidence from japanese field ex-
periments. FEconomics of Energy € Environmental Policy, 4(1):113-130,
2015.

International Energy Agency. End-Use Energy Efficiency. IEA, Paris, 2020.
URL https://www.iea.org/reports/end-use-energy-efficiency.

International Energy Agency. Net Zero by 2050: A Roadmap for the Global
Energy Sector. IEA, Paris, 2021. URL https://www.iea.org/reports/
net-zero-by-2050.

Koichiro Ito. Do consumers respond to marginal or average price? evidence
from nonlinear electricity pricing. American Economic Review, 104(2):
537-563, February 2014. doi: 10.1257/aer.104.2.537. URL https://www.
aeaweb.org/articles?id=10.1257/aer.104.2.537.

Katrina Jessoe and David Rapson. Knowledge is (less) power: Experimental

evidence from residential energy use. American Economic Review, 104(4):
1417-1438, 2014.

Xavier Labandeira, José M. Labeaga, and Xiral Lépez-Otero. A meta-
analysis on the price elasticity of energy demand. FEnergy Policy, 102:
549-568, 2017.

Gauthier Lanot and Mattias Vesterberg. The effects of demand charges on
household electricity use: Evidence from sweden. FEnergy Economics, 95:
105004, 2021.

32


https://ourworldindata.org/emissions-by-sector/
https://ourworldindata.org/emissions-by-sector/
https://greenpowerdenmark.dk/nyheder/elkunder-flokkes-om-variable-priser
https://greenpowerdenmark.dk/nyheder/elkunder-flokkes-om-variable-priser
https://www.iea.org/reports/end-use-energy-efficiency
https://www.iea.org/reports/net-zero-by-2050
https://www.iea.org/reports/net-zero-by-2050
https://www.aeaweb.org/articles?id=10.1257/aer.104.2.537
https://www.aeaweb.org/articles?id=10.1257/aer.104.2.537

Fanchao Liao, Erik Molin, and Bert van Wee. Consumer preferences for
electric vehicles: a literature review. Transport Reviews, 37(3):252-275,
2017. doi: 10.1080/01441647.2016.1230794. URL https://doi.org/10.
1080/01441647.2016.1230794.

Gilbert E. Metcalf. An informational nudge to shave peak demand. Technical
Report Working Paper No. 34089, National Bureau of Economic Research,
August 2025. URL https://www.nber.org/papers/w34089.

Hervé Moulin. An application of the shapley value to fair division with
money. Econometrica, 60(6):1331-1349, 1992.

Cecil Arthur Pigou. The Economics of Welfare. MacMillan and Co., 1920.

Peter C. Reiss and Matthew W. White. Household electricity demand, revis-
ited. The Review of Economic Studies, 72(3):853-883, 2005. doi: 10.1093/
restud/1557538.  URL https://academic.oup.com/restud/article/
72/3/853/1557538.

Arno M. Riedl and Paul Smeets. Why do investors hold socially respon-
sible mutual funds?  Journal of Finance, 72(6):2505-2550, 2017. doi:
10.1111/jofi.12547. URL https://onlinelibrary.wiley.com/doi/abs/
10.1111/jofi.12547.

Tim Schittekatte, Deepak Mallapragada, Paul L. Joskow, and Richard
Schmalensee. Electricity retail rate design in a decarbonized economy:
An analysis of time-of-use and critical peak pricing. NBER Working Pa-
per 30560, National Bureau of Economic Research, 2022. URL https:
//www.nber.org/papers/w30560.

Lloyd S Shapley. A value for n-person games. Contributions to the Theory
of Games, 2(28):307-317, 1953.

Lars A Stole and Jeffrey Zwiebel. Intra-firm bargaining under non-binding
contracts. Review of Economic Studies, 63(3):375-410, 1996.

Nikola A Tarashev, Kostas Tsatsaronis, and Claudio Borio. Risk attribution
using the shapley value: Methodology and policy applications. Review of
Finance, 20(3):1189-1213, 2016.

33


https://doi.org/10.1080/01441647.2016.1230794
https://doi.org/10.1080/01441647.2016.1230794
https://www.nber.org/papers/w34089
https://academic.oup.com/restud/article/72/3/853/1557538
https://academic.oup.com/restud/article/72/3/853/1557538
https://onlinelibrary.wiley.com/doi/abs/10.1111/jofi.12547
https://onlinelibrary.wiley.com/doi/abs/10.1111/jofi.12547
https://www.nber.org/papers/w30560
https://www.nber.org/papers/w30560

Nikolaj Thams, Rikke Sgndergaard, Sebastian Weichwald, and Jonas Peters.
Identifying causal effects using instrumental time series: Nuisance iv and
correcting for the past, 2022. URL https://arxiv.org/abs/2203.06056.
v3 (2024-07-19).

Silvana Tiedemann, Raffaele Sgarlato, and Lion Hirth. Price elasticity of
electricity demand: Using instrumental variable regressions to address en-
dogeneity and autocorrelation of high-frequency time series, 2023. URL
https://arxiv.org/abs/2306.12863.

Frank A. Wolak. Do residential customers respond to hourly prices? evidence

from a dynamic pricing experiment. American Economic Review: Papers
¢ Proceedings, 101(3):83-87, 2011.

34


https://arxiv.org/abs/2203.06056
https://arxiv.org/abs/2306.12863

Figure 1: Electricity prices

The figures show average monthly (panel a) and hourly (panel b) electricity
prices in DKK/KWh
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Figure 2: Household electricity consumption
The figures show average monthly (panel a) and hourly (panel b) electricity
consumption by Danish households.
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Figure 3: Shapley decomposition of bill changes

The figure shows the Shapley decomposition of electricity bills changes for
the during and post periods for different income quartiles. The decomposi-
tion is on intra-day adjustment (Timing) effects versus consumption changes
(Level).
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Table 1: Summary Statistics

This table shows mean and standard deviations of household and address data. Panel
A shows daily peak and off-peak electricity price and consumption, as well as wind fore-
cast for our random sample of meters in houses. Units of observations is household-day.
Panel B contains household characteristics for our random sample. Unit of observations
is household-year.

Panel A: Electricity Consumption

)
Sample
Consumption (kWh) 8.81
(8.01)

Wind forecast day-ahead (kWh) 1,096,225.10
(938,637.78)

Total price per kWh (DKK) 1.92
(0.87)
Spot price (DKK) 0.97
(0.79)
Tax (DKK) 0.69
(0.31)
Tariff (DKK) 0.26
(0.12)
Observations 10,515,864
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Panel B: Household Characteristics

(1)
Sample
Adults 1.61
(0.49)
Nb kids 0.57
(0.94)
Have kids 0.32
(0.46)
Age 59.11
(16.38)
Female 0.55
(0.31)
Income 667,472.88
(467,639.26)
Electric Heating 0.02
(0.14)
Electric Car 0.01
(0.08)
Retired 0.43
(0.49)
Unemployed 0.09
(0.28)
Self-employed 0.04
(0.20)
Working remote 0.28
(0.45)
Observations 28,874
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Table 2: Household daily electricity bill response to price

This table reports IV estimates from a 2SLS regression of the log of household daily electricity bill on
the log of electricity price, using the day-ahead wind forecast as an instrument for price. Regression
is shown in Equation , The daily bill, bill;¢, is constructed by aggregating hourly consumption of
household ¢ multiplied by the corresponding hourly price. Prices and wind forecasts are averaged to the
daily level within grid area g. The null hypothesis 8 = 1 is rejected at conventional levels (¢ = —51.22
and t = —49.49 for columns (1) and (2)). Standard errors clustered at the household level are shown in

parentheses. Significance levels: *** p < 0.01, ** p < 0.05, * p < 0.10.

(1) (2)

log(Price) 0.946*** 0.940%**

(0.001) (0.001)
Municipality X
Month-Event X X
Address ID X
Lagged Consumption X X
Observations 10,447,212 10,447,212
R?2 0.80845 0.82251

F-test (1st stage), log(Price)  3,730,177.7  3,793,240.9
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Table 3: Price elasticities

This table reports IV estimates from 2SLS regressions of log household electricity consumption on log
electricity price, using the day-ahead wind forecast as an instrument for price. Regression is shown in
Equation . Dependent variable consumption;; is aggregated at the monthly, daily, or hourly level.
Prices and wind forecasts are averaged at the corresponding time scale within grid area g. Standard errors
clustered at the address level are in parentheses. Significance levels: *** p < 0.01, ** p < 0.05, * p < 0.10.

Monthly Daily Hourly
(1) (2) (3) (4) (5) (6)

log(Price) J0.238***  0.805"**  -0.046***  -0.052*** -0.010*** 0.017%**

(0.014) (0.020) (0.001) (0.001) (0.0004) (0.0005)
Municipality X X X
Event X X
Address ID X X X
Month-Event X X X X
Lagged Consumption X X X X X X
Observations 335,971 335971 10,447,964 10,447,964 250,394,622 250,394,622
R? 0.86283 0.75413 0.74964 0.76789 0.64716 0.65752
F-test (1st stage), log(Price)  4,149.4 3,804.5  3,726,302.4 3,789,442.5 45,707,872.3  46,536,717.1
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Table 4: Level adjustment

This table reports estimates from regressions of log household daily electricity consumption
on indicators for the price shock period. Regression for columns 1 and 2 is shown in
Equation and for columns 3 and 4 in Equation (@ The first coefficient captures
the consumption change during the price event relative to the pre-period, and the second
captures the change in the post-period. Standard errors are clustered at the household
level. Standard errors clustered at the address level are in parentheses. Significance levels:

R p < 0.01, ** p < 0.05, * p <0.10.

Log(Consumption) %m
(1) (2) (3) 4)
lguring -0.010*** -0.035*** -0.003*** -0.005***
(0.0002) (0.0007) (0.0002) (0.0002)
1post -0.007*** -0.030*** -0.006*** -0.008***
(0.0003) (0.0009) (0.0002) (0.0003)
Municipality X X
Month X X X X
Address ID X X
Lagged Consumption X X X X
Observations 10,447,964 10,447,964 10,380,444 10,380,444
R? 0.74946 0.76751 0.13771 0.19334
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Table 5: Intra-day allocation of electricity consumption

This table reports IV estimates from 2SLS regressions of the household share of daily
electricity consumption in peak hours on electricity prices, as shown in Equation . The

dependent variable is the fraction of household i’s electricity consumption that occurs
—— Peak

during peak hours (peak consumption divided by total daily consumption). Price s

. .. . . . . — Offpeak

the daily average hourly electricity price during peak hours in grid area g, and Price el

is during off-peak hours. Both price measures are instrumented using the day-ahead wind
forecast. lguring is an indicator for the price shock period, and 1,,4 is an indicator for
the post-period, both relative to the pre-period baseline. Standard errors clustered at the
household level are reported in parentheses. Significance levels: *** p < 0.01, ** p < 0.05,
* p < 0.10.

) 2) 3) )

Price (Peak) 0.006%**  -0.007*** -0.001 -0.0002
(0.0006) (0.0006) (0.001) (0.001)
Price(Peak) X 1iyring -0.004***  -0.005***
(0.001) (0.001)
Price(Peak) X 1post -0.010%**  -0.013***
(0.002) (0.002)
Price(Off-Peak) X 1gyring 0.010*** 0.012%**
(0.002) (0.002)
Price(Off-Peak) X 1pos: 0.019*** 0.023***
(0.003) (0.003)
Price (Off-peak) 0.008*** 0.008*** -0.002 -0.004**
(0.0007) (0.0007) (0.002) (0.002)
Municipality X X
Month-Event X X X X
Address ID X X
Lagged Consumption X X X X
Observations 10,380,444 10,380,444 10,380,444 10,380,444
R2 0.13786 0.19352 0.13780 0.19343
F-test (1st stage), Price (Off-peak) 1,292,582.9  1,303,962.9  467,074.7  471,243.5
F-test (1st stage), Price (Peak) 1,345,809.6  1,359,424.7  480,378.5  485,285.7
F-test (1st stage), P?i\ce(Peak) X lduring 349,767.9 351,035.9
F-test (1st stage), P/ri\ce(Peak) X 1post 957,217.4 970,608.6
F-test (1st stage), P/ri\ce(Off—Peak) X lguring 310,574.0 311,557.9
F-test (1st stage), Pﬁe(Off—Peak) X lpost 689,753.4 698,998.8
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Table 6: Heterogeneous consumption responses by income quartile

Panel A reports estimates from regressions of log daily household electricity consumption
on indicators for the price shock period, as shown in Equation @ The dependent variable
is log(consumption) of household i at the daily frequency. The coefficient captures the
consumption change relative to the pre-period. The row labeled during — post (t-stat)
reports the test statistic for the null hypothesis that the consumption response during the
price event differs significantly from the response in the post-period. Panel B reports IV
estimates from 2SLS regressions of the household share of daily consumption in peak hours
on electricity prices, following Equation . In both panels, column (1) uses all households,
while columns (2)—(5) restrict the sample to households in the 0-25%, 25-50%, 50-75%,
and 75-100% income quartiles, respectively. Standard errors are clustered at the household
level. Standard errors clustered at the address level are in parentheses. Significance levels:

6 p < 0.01, ** p < 0.05, * p < 0.10.

(a) Panel A: Level

All 0—25% 25 —-50% 50 —T5% 75— 100%
1) (2) (3) (4) (5)
Lauring 20.035%**  -0.030***  -0.040***  -0.038***  -0.035***
(0.0007) (0.001) (0.001) (0.002) (0.002)
1post -0.030*** -0.035***  -0.039***  -0.028*** -0.012%**
(0.0009) (0.002) (0.002) (0.002) (0.002)
during - post (t-stat) =77 4.102 -0.718 -7.466 -14.398
Address ID X X X X X
Month X X X X X
Lagged Consumption X X X X X
Observations 10,447,964 2,637,767 2,626,836 2,614,745 2,568,616
R2 0.76751 0.78593 0.73003 0.69101 0.64609
(b) Panel B: Intra-day adjustment
All 0—25% 25 —50% 50 —75% 75— 100%
1) 2 (3) (4) (5)
Price (Peak) -0.0002 -0.008*** -0.001 0.004* 0.007***
(0.001) (0.002) (0.002) (0.002) (0.002)
Price(Peak) X 1guring -0.005*** 0.001 20.002  -0.011%**  -0.012***
(0.001) (0.003)  (0.003)  (0.003) (0.003)
P/r.i\ce(l:’eak) X 1post -0.013*** 0.003 -0.007** -0.025*** -0.028***
(0.002) (0.003) (0.003) (0.004) (0.004)
P/Ti\ce(Off—Peak) X lguring 0.012%** 0.001 0.008** 0.020*** 0.028***
(0.002) (0.004)  (0.004)  (0.004) (0.005)
P?i\ce(Off-Peak) X 1post 0.023*** 0.002 0.014%** 0.039*** 0.052%**
(0.003) (0.005) (0.005) (0.006) (0.007)
Price (Off-peak) -0.004** 0.007** -0.002 -0.012*** -0.019***
(0.002) (0.003)  (0.003)  (0.003) (0.004)
Address ID X X X X X
Month-Event X X X X X
Lagged Consumption X X X X X
Observations 10,380,444 2,619,370 2,610,036 2,598,724 2,552,314
R?2 0.19343 0.18325 0.18183 0.19943 0.20416
F-test (1st stage), Price (Off-peak) 7},243.5  127,001.2 124,811.5 121,392.7  104,265.6
F-test (1st stage), Price (Peak) 485,285.7 130,768.1  128,756.7  125,558.9 108,398.3
F-test (Ist stage), Price(Peak) X Lauring 351,035.9  98,075.6  96,317.9  91,658.0  75,436.9
F-test (1st stage), Pmce(Peak) X 1post 970,608.6 247,024.4  247,631.0 245,834.7 232,187.7
F-test (1st stage), Pmce(Off Peak) X lguring 311,557.9 87,682.7 86,016.5 81,636.7 65,802.5
F-test (1st stage), Pmce(Off Peak) X 1post 698,998.8 187,148.4  190,023.3  185,475.1 168,020.7




Table 7: Intra-day allocation, income bracket and EVs

This table reports IV estimates from 2SLS regressions of the household share of daily
electricity consumption in peak hours on electricity prices, as shown in Equation 7
by electric car ownership and income bracket. The dependent variable is the fraction of
household #’s electricity consumption that occurs during peak hours (peak consumption

— Peak
divided by total daily consumption). Price “" is the daily average hourly electricity

. . . . — Offpeak .
price during peak hours in grid area g, and Price P s during off-peak hours. Both

price measures are instrumented using the day-ahead wind forecast. 1gyring is an indicator
for the price shock period, and 1,,4 is an indicator for the post-period, both relative to
the pre-period baseline. Standard errors clustered at the household level are reported in
parentheses. Significance levels: *** p < 0.01, ** p < 0.05, * p < 0.10.

(a) Panel A: Electric Car Owners

All 0-25% 25—50% 50—"75% 75— 100%
& (2) (3) (4) (5)
Price (Peak) 0.005 0.003 -0.022 0.003 0.013
(0.006) (0.024) (0.015) (0.012) (0.008)
P/r.i\ce(Peak) X lguring -0.016** -0.042 0.002 -0.011 -0.020**
(0.007) (0.030) (0.018) (0.015) (0.010)
P/ri\ce(Peak) X 1post -0.040*** -0.008 0.002 -0.031** -0.058***
(0.008) (0.040) (0.020) (0.015) (0.011)
P/ri\ce(Off-Peak) X lguring ~ 0.049*** 0.062 0.043 0.035 0.061***
(0.012) (0.042) (0.028) (0.022) (0.016)
P/rﬁe(Off—Peak) X 1post 0.090*** 0.038 0.057* 0.062** 0.119***
(0.014) (0.056) (0.031) (0.025) (0.019)
Price (Off-peak) -0.035%**  -0.019 -0.015 -0.023 -0.051%**
(0.010) (0.035) (0.026) (0.018) (0.014)
Address ID X X X X X
Month-Event X X X X X
Lagged Consumption X X X X X
Observations 871,302 36,228 91,055 250,345 493,674
R2? 0.19084 0.21732 0.17719 0.20209 0.18850

(b) Panel B: No Electric Car Owners

All 0—-25% 25—50% 50—"75% 75— 100%
(1) (2) 3) 4) (5)
Price (Peak) -0.0003 -0.008*** -0.001 0.004* 0.005**
(0.001) (0.002) (0.002) (0.002) (0.002)
P?i\ce(Peak) X lguring -0.005*** 0.002 -0.002 -0.010*** -0.011%***
(0.001) (0.003) (0.003) (0.003) (0.003)
P/r.i\ce(Peak) X 1post -0.010*** 0.004 -0.006* -0.023*** -0.019***
(0.002) (0.003) (0.003) (0.004) (0.004)
P/ri\ce(Off—Peak) X lguring ~ 0.010%** 0.0007 0.007* 0.018*** 0.020***
(0.002) (0.004) (0.004) (0.004) (0.004)
P/ri\ce(Off-Peak) X 1post 0.018*** 0.002 0.010** 0.034*** 0.032***
(0.003) (0.005) (0.005) (0.006) (0.006)
Price (Off-peak) -0.003** 0.007** -0.001 -0.010*** -0.013***
(0.002) @5003) (0.003) (0.003) (0.003)
Address ID X X X X X
Month-Event X X X X X
Lagged Consumption X X X X X
Observations 9,509,142 2,583,142 2,518,981 2,348,379 2,058,640

R? 0.19134 0.18239 0.17942 0.19375 0.19146




Table 8: Heterogeneous consumption responses by flexibility

Panel A reports estimates from regressions of log daily household electricity consumption
on indicators for the price shock period, as shown in Equation @ The dependent variable
is log(consumption) of household i at the daily frequency. The coefficient captures the
consumption change relative to the pre-period. The row labeled during — post (t-stat)
reports the test statistic for the null hypothesis that the consumption response during
the price event differs significantly from the response in the post-period. Panel B reports
IV estimates from 2SLS regressions of the household share of daily consumption in peak
hours on electricity prices, following Equation . In both panels, column (1) uses all
households, while columns (2)—(5) restrict the sample to households where at least one
member is not working, retired, working, or working in a sector where remote work is very
likely, respectively. Standard errors are clustered at the household level. Standard errors
clustered at the address level are in parentheses. Significance levels: *** p < 0.01, **
p < 0.05, * p < 0.10.
(a) Panel A: Level

All Not working Retired Working  Working remote
(1) (2) 3) (4) (5)
lauring -0.035*** -0.038*** -0.035%**  -0.035*** -0.033***
(0.0007) (0.003) (0.001) (0.001) (0.002)
1post -0.030*** -0.030*** -0.038***  -0.023*** -0.014***
(0.0009) (0.004) (0.001) (0.002) (0.003)
during - post (t-stat) =77 -3.142 4.154 -10.235 -9.713
Address ID X X X X X
Month X X X X X
Lagged Consumption X X X X X
Observations 10,447,964 688,486 4,462,927 3,621,374 1,640,961
R? 0.76751 0.75125 0.79387 0.73879 0.68970

(b) Panel B: Intra-day adjustment

All Not working Retired Working  Working remote
(1) () (3) (4) (5)
Price (Peak) -0.0002 -0.005 -0.008***  0.008*** 0.007**
(0.001) (0.004) (0.002) (0.002) (0.003)
Price(Peak) X 1auring -0.005%** 0.003 0.003*  -0.015*** -0.012%**
(0.001) (0.005) (0.002) (0.002) (0.004)
P/ri\ce(Peak) X 1post -0.013*** -0.012* 0.003 -0.025%** -0.027***
(0.002) (0.007) (0.002) (0.003) (0.005)
P/rEe(Off—Peak) X 1guring 0.012%** -0.0008 -0.003 0.027*** 0.024***
(0.002) (0.007) (0.003) (0.004) (0.006)
P/r—i\ce(Off—Peak) X 1post 0.023*** 0.016 0.0004 0.042*** 0.045%**
(0.003) (0.010) (0.004) (0.005) (0.008)
Price (Off-peak) -0.004** 0.005 0.010***  -0.018*** -0.017***
(0.002) (0.006) (0.002) (0.003) (0.005)
Address ID X X X X X
Month-Event X X X X X
Lagged Consumption X X X X X
Observations 10,380,444 683,908 4,435,920 3,596,202 1,630,540
R? - @6{9343 0.15919 0.17251 0.20201 0.19449
F-test (1st stage), Price (Off-peak) 471,243.5 33,383.5 200,876.6  169,757.8 68,585.3
F-test (1st stage), Price (Peak) 485,285.7 34,288.0 206,596.9  174,825.2 71,010.0
F-test (1st stage), P/ri\ce(Peak) X lguring 351,035.9 25,625.8 151,612.9  127,023.8 49,501.0
F-test (1st stage), P/T-i\ce(Peak) X 1post 970,608.6 66,096.5 415,076.9  336,988.1 150,563.2
F-test (1st stage), P?i\ce(Off—Peak) X lquring  311,557.9 23,107.0 134,748.3  113,109.3 43,514.2
F-test (1st stage), P/raje(Off-Peak) X 1post 698,998.8 50,871.0 298,876.7  251,558.3 108,926.1




Appendix
A-1 Additional tables and figures
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Figure A-1: Household electricity consumption by income
These figures plot the evolution of monthly (panel a) and hourly (panel b) household
electricity consumption, by income quartiles and time period
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Figure A-2: Household hourly electricity consumption by income,

excluding EVs

These figures plot the evolution of monthly (panel a) and hourly (panel b) household elec-

tricity consumption, by income quartiles and time period, excluding electric cars owners.

0-25% 25-50%

50-75%

75-100%

0.84

<
)
L

Average Consumption (Kwh)
o
P

o
N
L

0.04

AL e e e AL L e e LA L e B e
0246810121416182@2 024 63810121416121R2 02 4 6 8101214618202

Hour of Day

49

o4

N o

~

o -

T T T T
1012146182@2

0 -

— pre
- during

—=- post



Figure A-3: Decomposed Hourly Price

The figure plots the components of the total electricity price: national tax, local tariff,
and the spot price.
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Figure A-4: Attention to Electricity Prices

This figure shows three indices of attention on electricity prices: Google searches, Infome-
dia articles, and monthly downloads of the app Watts®. Watts® is a Danish company
that provide sustainable energy solutions to Danish households (and firms). A core prod-
uct is the Watts® Homegrid Controller, an intelligent system that automatically manages
energy flows between solar panels, batteries, and the grid, optimizing for maximum sav-
ings and efficiency, but the company also provides a free app, which provides 24-hour
advance electricity price forecasts as well as detailed insights into energy consumption and
production. We are gratefull to Watts® for providing their data. All three measures are

indexed with the peak = 100.
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Table A-1: Data Filtering - Houses

Household-years  Households  Addresses

All households 5,636,626 2,259,362
- Non-standard households® 963,558 467,785
- Household do not exists 2022 255,781 201,389
- Changed family composition 2022 226,992 74,626
- Moved 2022 198,999 76,598
- Unclear meter address 30 11
- Not regular housing® 564,878 230,987
- Income filter® 66,350 11,183
Filtered households 4,420,024 1,224,308
- No detected meter 71,883 20,529
- More than two meters 279,446 74,267
- Inconsistent reporting 2022 11,008 3,489
Filtered data 4,057,687 1,126,023
Sample? 12,500

Household-year / Household-day — Households — Addresses

Sample linked to electricy data® 38,390 / 10,515,864 10,334 8,871

a) Children under 18 or multi-family homes

b) Home is not house (detaached or attached) or apartment

¢) No income information, top and bottom 1 percent, income below 100K DKK
d) 12.500 meters in the the filtered data in 2022
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Table A-2: First stage regression - wind forecast

This table reports first-stage regressions of log(Price) on log(Wind). Second stage results
are shown in Table ([3). Columns (1)-(2) use monthly data, (3)—(4) use daily data, and
(5)—(6) use hourly data. Standards errors are clustered on address level. Parentheses
contain p-values and stars show significance level. *** is 1%, ** 5%, and * 10% significance

level.

log(Price)
Monthly Daily Hourly
(1) (2) (3) (4) (5) (6)

log(Wind) -0.087***  -0.085*** -0.145%** -0.145*** -0.128*** -0.129***

(0.0004)  (0.0006)  (6.86 x 107°)  (6.83 x 107°)  (7.17 x 107%) (7.2 x 107%)
Observations 335,971 335,971 10,447,964 10,447,964 250,394,622 250,394,622
R2 0.46908 0.47328 0.79859 0.80192 0.64168 0.64687
F-test (1st stage) 4,149.4 3,894.5 3,726,302.4 3,789,442.5 45,707,872.3 46,536,717.1
Municipality X X X
Event X X
Address ID X X X
Month-Event X X X X
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Table A-3: First stage regression - wind forecast

This table reports first-stage regressions corresponding to the 2SLS estimates in Table
The dependent variables are the daily average peak and off-peak electricity prices,
instrumented using the day-ahead wind forecast interacted with indicators for the during
and post periods. All regressions include grid-area and month-event fixed effects. Standard
errors are clustered at the meter level. Significance levels: *** p < 0.01, ** p < 0.05, *
p < 0.10.
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Table A-4: Price elasticities by time of week

This table shows the the IV regression of household electricity consumption (log) on elec-
tricity price (log), similar to column 3 and 6 in Table [3| but separate for weekdays (column
1 and 2) and weekends (column 3 and 4). Column 1 and 3 have average hourly price elas-
ticities and column 2 and 4 shows price elasticities separately for peak, off-peak day and
off-peak night. Standards errors are clustered on meter level. Parentheses contain p-values
and stars show significance level. *** is 1%, ** 5%, and * 10% significance level.

log(consumption)
log(price) -0.3642*** -0.4164***
(0.0073) (0.0095)
(0.0027) (0.0064) (0.0024) (0.0052)
log(price) x Off-Peak Day -0.4137* -0.5015***
(0.0110) (0.0133)
log(price) x Off-Peak Night -0.1905*** -0.2056***
(0.0091) (0.0107)
log(price) x Peak -0.5322%** -0.6143***
(0.0099) (0.0114)
Off-Peak Day -0.2052%** -0.2781*** -0.0481*** -0.1160***
(0.0020) (0.0055) (0.0023) (0.0035)
Off-Peak Night -0.5222%** -0.6818*** -0.4430*** -0.6001***
Observations 303,336,418 303,336,418 121,539,832 121,539,832
Meter ID FE
Date FE

95



Table A-5: Background controls

This table shows estimates of the IV regression of household electricity consumption (log)
on electricity price (log), using the day-ahead wind forecast to instrument electricity price,
and controlling for household background characteristics. Fixed effects correspond to
column 2 in Table [3| Parentheses contain p-values and stars show significance level. ***
is 1%, ** 5%, and * 10% significance level.

log(consumption)
(1) (2)
log(price) -0.3689***
(0.0903)
log(price) x Off-Peak Day -0.4217***
(0.0878)
log(price) x Off-Peak Night -0.1819**
(0.0869)
log(price) x Peak -0.5537***
(0.1071)
Off-Peak Night -0.3416*** -0.4293***
(0.0046) (0.0124)
Peak 0.1588*** 0.2369***
(0.0128) (0.0266)
No electric heating/pump -0.7992%** -0.7992***
(0.0095) (0.0095)
No electric car -0.0855*** -0.0855***
(0.0020) (0.0020)
Above 2 household members — 0.2539*** 0.2539***
(0.0010) (0.0010)
Employed 0.0706*** 0.0706***
(0.0011) (0.0011)
No school-age child -0.0234*** -0.0234***
(0.0008) (0.0008)
Income 25-50% 0.2261*** 0.2261***
(0.0011) (0.0011)
Income 50-75% 0.4427*** 0.4427***
(0.0019) (0.0019)
Income 75-100% 0.6119*** 0.6119***
(0.0025) (0.0025)
Age (years) 0.0234*** 0.0234***
(0.0001) (0.0001)
Age? -0.0002*** -0.0002***
56 (9.72e-07) (9.72e-07)
Below 65 -0.0464*** -0.0464***
(0.0008) (0.0008)
Observations 424,635,754 424,635,754
R? 0.16671 0.16013
Within R? 0.14374 0.13698




Table A-6: Consumption responses by income quartile and EVs

This Table reports estimates from regressions of log daily household electricity consump-
tion on indicators for the price shock period, as shown in Equation @, by electric car
ownership. The dependent variable is log(consumption) of household i at the daily fre-
quency. The coefficient captures the consumption change relative to the pre-period. The
row labeled during — post (t-stat) reports the test statistic for the null hypothesis that
the consumption response during the price event differs significantly from the response in
the post-period. Columns (1) includes all households, while columns (2)—(5) restrict the
sample to households in the 0-25%, 25-50%, 50-75%, and 75-100% income quartiles, re-
spectively. Standard errors are clustered at the household level. Standard errors clustered
at the address level are in parentheses. Significance levels: *** p < 0.01, ** p < 0.05, *
p < 0.10.

(a) Panel A: Electric Car Owners

All 0—-25% 25—50% 50—"75% 75— 100%
(1) (2) (3) (4) (5)
lduring -0.012**  -0.041** 0.002 -0.013 -0.010
(0.006) (0.017) (0.015) (0.011) (0.008)
1post 0.042*** -0.004 0.038** 0.042*** 0.053***
(0.007) (0.017) (0.018) (0.014) (0.009)
during - post (t-stat) -14.613 -2.447 -3.77 -7.085 -11.888
Address ID X X X X X
Month X X X X X
Lagged Consumption X X X X X
Observations 877,494 36,430 91,620 252,088 497,356
R2? 0.52464 0.63637 0.58232 0.49286 0.46852

(b) Panel B: No Electric Car Owners

All 0—25% 25 —50% 50 —75% 75— 100%
(1) (2) (3) (4) (5)
Lauring S0.0377%  -0.030%*F  -0.040%**  -0.041%**  -0.042***
(0.0007) (0.001) (0.001) (0.001) (0.002)
1post -0.037***  -0.035***  -0.041***  -0.037*** -0.035%**
(0.0009) (0.002) (0.002) (0.002) (0.002)
during - post (t-stat) 0.826 4.572 0.573 -2.948 -6.075
Address ID X X X X X
Month X X X X X
Lagged Consumption X X X X X
Observations 9,570,470 2,601,337 2,535,216 2,362,657 2,071,260
R2 0.78315 0.78766 0.73547 0.71413 0.69685
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