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Abstract

We study how electrification and pricing affect household peak electricity demand, and
whether these effects strain local electric grids. Using high-frequency consumption data from
over 42,000 households, we find that adopting an electric vehicle raises a household’s monthly
peak by about 2 kilowatts. Real-time prices also raise household peak demand, but have lim-
ited grid-level effects. Peak demand charges reduce peaks by 3 percent on average, and by 5
percent or 320 watts among electric vehicle owners, who shift charging to nighttime. By low-
ering coincident demand, household-level peak reductions aggregate to lower local grid peaks
and reduce costly grid investment.
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1 Introduction

In network industries, pricing must reconcile two fundamental objectives. On the one hand,
prices should promote allocative efficiency by guiding consumption across time in line with
marginal operating costs. On the other hand, because network capacity must be built to meet
peak demand, prices must also reflect the long-run cost of maintaining and expanding grid
capacity that is used only intermittently (Vickrey, 1969; Williamson, 1966).

Electricity markets provide a particularly salient setting in which this tradeoff between energy
and capacity matters. Households are increasingly meeting heating and mobility needs with
electricity, through heat pumps and electric vehicles. This adoption increases peak loads on
distribution networks, which strains transformers, feeders, and distribution substations, and
accelerates the need for costly distribution grid investments to maintain sufficient capacity (Bailey
et al., 2025b; Powell et al., 2022; Rapson and Shaffer, 2025). As an illustration, Figure 1a shows
that the average monthly peak demand in local distribution circuits rises by about 80 percent
when electric vehicle adoption increases from 0% to 100%, based on high-frequency electricity
consumption data from households in our dataset. Electrification also raises the elasticity of
residential electricity demand, as heat pumps (Bernard et al., 2024; Blonz et al., 2025) and electric
vehicles (Bailey et al., 2025c) add large, shiftable loads, whose demand is increasingly automated
(Bollinger and Hartmann, 2020; Harding and Lamarche, 2016).

At the same time, the expansion of variable renewable generation makes wholesale prices more
volatile, raising the gains from real-time prices, which pass this volatility through to consumers.
These prices reduce production costs and improve allocative efficiency (Borenstein and Holland,
2005; Borenstein, 2005, 2016; Ito et al., 2023). Yet real-time prices could also raise peaks on local
grids, by concentrating consumption in the lowest-price hours (Bailey et al., 2025b; Rapson
and Shaffer, 2025). Consistent with this, peak demand in local distribution circuits in our data
rises modestly when connected consumers switch to real-time pricing (see Figure 1b). Because
networks must still be sized to meet these peaks, and the investments required to reinforce
them are large and long-lived, capacity-related network costs account for a growing share of
total grid expenditures (Schittekatte et al., 2018; Turk et al., 2025). Conventional volumetric
tariffs recover these costs in proportion to energy consumed, setting the marginal price of
capacity to zero and leaving households no incentive to avoid the peak hours that drive net-
work costs. Given their scale, mitigating future costs requires grid tariffs that price scarce capacity.

In this study, we focus on individual peak demand charges. By pricing a household’s peak
rather than its energy use, this grid tariff gives households an incentive to lower demand in
peak periods and smooth consumption across the day, making better use of existing network
capacity. We develop a conceptual framework showing how electrification and renewable
generation affect household peaks, and how this depends on whether consumers respond to
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Figure 1. Histograms of coincident monthly peak demand (kW) at the circuit level in synthetic
distribution grids with 10 households per circuit. For each circuit, we vary electric vehicle adop-
tion and real-time pricing participation rates and compute the maximum coincident monthly peak
(the maximum 15-minute aggregate load within each month). The histograms summarize the dis-
tribution of these peaks across simulated circuits.

prices. Real-time pricing has an ambiguous effect: it reduces demand during high-price periods
but increases consumption when renewable supply is abundant and prices are low, so its net
effect on peak demand is an empirical question. Peak demand charges, by contrast, internalize
the capacity cost of peak load by discouraging consumption in any period that might set the
peak. We then empirically examine the effects of electrification, peak demand charges, and
real-time pricing on residential customers and distribution grids, using a high-frequency panel
of 15-minute consumption data of over 42,000 low-voltage residential consumers in the region
of Flanders (Belgium), between 2022 and 2024. Over this period, 17.3% of these households
adopted a low-carbon technology, such as electric vehicles, heat pumps, batteries, or solar panels.
Both the individual peak demand charges and real-time prices were introduced during our
sample period. First, as of January 2021, every consumer had the voluntary option to switch
from a flat energy price contract to real-time pricing. Second, as of January 2023, the volumetric
tariff for network costs was partially replaced by an individual peak demand charge of roughly
€35 to €53 per kW-year, applied to a consumer’s monthly 15-minute peak demand, with a
minimum of 2.5 kW. As these real-time energy prices and individual peak demand charges col-
lectively contribute to the total retail price, they each affect the consumers’ electricity load profiles.

We estimate how electrification, peak demand charges, and real-time pricing each affect monthly
peak demand. For each, we use a difference-in-differences (DID) design that exploits a distinct
source of variation. First, to estimate the effects of residential electrification, specifically electric
vehicle and heat pump adoption, we implement a DID design that accounts for staggered
adoption (Callaway and Sant’Anna, 2021). We find that electric vehicles increase peak demand
consistently throughout the year by approximately 2 kW, while heat pumps have smaller,
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seasonally varying effects. Second, we identify the effect of peak demand charges by exploiting
a natural experiment in which protected consumers were exempt from the newly introduced
tariff. To address differences in pre-treatment load profiles and observable characteristics, we
implement a range of estimators, including two-way fixed effects DID, inverse probability
weighting DID (Abadie, 2005), and doubly robust DID (Sant’Anna and Zhao, 2020). Across
specifications, the introduction of individual peak demand charges reduces household monthly
peak demand by 51 to 118 watts, approximately 1-3 percent of the average pre-treatment peak of
around 4,100 watts. The reduction is larger among households with electric vehicles: 5 percent,
or about 320 watts. Moreover, households seem to respond to the introduction of the charge but
less to its level, consistent with a salience effect rather than a marginal-price response. Third, to
estimate the effect of real-time prices, we exploit their staggered rollout, using not-yet-treated or
never-treated households as controls. Using a doubly robust DID framework adjusted for varia-
tion in treatment timing (Callaway and Sant’Anna, 2021), we find that real-time prices increase
monthly peak demand by around 56 to 76 watts per household. The net increase indicates that
the concentration of load in low-price hours outweighs the dampening of peak-hour consumption.

Event-study estimates reveal heterogeneous and time-varying treatment effects of prices and
tariffs. The effect of real-time prices is relatively stable throughout seasons, and only slightly more
pronounced during summer months. The effect of peak demand charges shows little seasonal
variation but is strongly moderated by low-carbon technology adoption. Households with electric
vehicles show a sustained reduction in peak demand by shifting charging to nighttime and hours
of high solar production. By contrast, households without low-carbon technologies–relying on
manual demand response–see their peak demand gradually reverting to pre-treatment levels five
months after introduction.

To assess how household-level price responses scale to the level of the electricity distribution grid,
we construct synthetic distribution circuit-level data by aggregating smart metered households
to randomly assigned circuits of 10 or 25 households, simulating local distribution feeders and
cables, following an approach inspired by Bailey et al. (2025b). Within each synthetic distribution
circuit, we simulate varying levels of electric vehicle adoption and real-time pricing participation
rates to capture different stages of electrification. Our findings reveal that individual peak
demand charges also significantly reduce coincident peak load at the grid level, particularly
in highly electrified circuits. In circuits with 100% electric vehicle adoption, we estimate that
monthly distribution circuit-level peak demand decreases by up to 6.8% for 10-household
groups (1.8 kW) and 6.0% for 25-household groups (3.1 kW) following the introduction of peak
demand charges, reducing grid expansion costs by approximately €16.40 per household per
year. This grid-level effect arises because electric vehicle charging tends to occur simultaneously
across households, often in the early evening, so reductions in individual peaks aggregate into
meaningful declines in coincident circuit-level peak demand. By contrast, household-level effects
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of real-time pricing attenuate at the circuit-level. Our findings suggest that peak demand charges
can be an effective tool to reduce local grid congestion, supporting recent calls in the literature
for tariff structures that address rising peak loads from electrification and help avoid costly grid
reinforcement (Bailey et al., 2025b; Becker et al., 2025; Powell et al., 2022).

Related literature and contributions Our paper contributes to several strands of the literature.
First, we contribute to the literature on residential electricity flexibility and household electricity
demand response. Earlier observational studies have estimated household price elasticities under
real-time pricing (Fabra et al., 2021) and time-of-use tariffs (Enrich et al., 2024), and others have re-
lied on experimental designs to evaluate time-of-use tariffs (Bollinger and Hartmann, 2020; Blonz
et al., 2025), critical-peak pricing (Jessoe and Rapson, 2014; Garnache et al., 2025), exceedance
tariffs (van Montfoort et al., 2026), and real-time price interventions (Allcott, 2011; Hofmann and
Lindberg, 2024). We extend this literature in four key ways. To begin, our study is among the
first to examine the interaction between pricing schemes with distinct incentive structures. We
show the effect of co-existing incentives in the same residential electricity bill. Second, we present
one of the first large-scale empirical evaluations of individual peak demand charges as a tool
for managing grid congestion in electrified grids. This complements earlier, smaller-scale work
such as Stokke et al. (2010), who found peak reductions of up to 12% in a sample of Norwegian
households exposed to seasonal peak charges based on winter weekday consumption. Third, we
provide extensive heterogeneity analysis of household responses to real-time prices and peak
demand charges. While prior work has examined the effects of solar PV adoption (Astier et al.,
2023; Gillingham et al., 2025; Qiu et al., 2019), in-home electric vehicle charging and electric
vehicle-specific time-of-use tariffs (Qiu et al., 2022; La Nauze et al., 2024), and smart heating
incentives (Bernard et al., 2024; Blonz et al., 2025), we document substantial heterogeneity in
responsiveness to real-time pricing and individual peak demand charges for these distinct
household types. In particular, households owning electric vehicles exhibit peak reductions up
to six times larger than the average. Finally, a related literature examines whether households
respond to average versus marginal price incentives (Ito, 2014; Shaffer, 2020; Ito and Zhang, 2025).
Individual peak demand charges create a highly non-linear price schedule, with a marginal cost of
zero except in the household’s highest-demand hour, while real-time pricing exposes consumers
to marginal prices that vary daily. We add evidence on the limits of marginal-price response:
households above the billing minimum of 2.5 kW face a nonzero marginal incentive to lower
their peak, yet react to the introduction of the charge but show no detectable response to its level.
This pattern is consistent with a salience response. Households whose peak was already below
the minimum, for whom the charge had no marginal incentive, show no detectable response at all.

Secondly, we link our results to an underexplored challenge for demand-side flexibility and
electrification: capacity constraints in local distribution networks. As indicated by Bailey et al.
(2025b) and Rapson and Shaffer (2025), existing literature primarily focuses on the electricity
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production cost component of the overall electricity bill (e.g. Allcott (2011); Fabra et al. (2021);
Burkhardt et al. (2023)). Further, a recent branch of the literature emphasizes the importance of
high-voltage transmission grids for renewables integration and the energy transition (Gonzales
et al., 2023; Hausman, 2025). Although important, these largely neglect the role of local electricity
distribution. Electricity distribution and local distribution circuits, however, are likely to be
the earliest constraint on residential electrification and demand response (Bailey et al., 2025b).
The needs to expand local distribution networks are particularly acute in circuits with high
electric vehicle penetration, where simultaneous fast charging causes sharper consumption
peaks than traditional appliances, thereby accelerating the need for upgrades (Becker et al.,
2025; Powell et al., 2022), and requiring grid tariffs that are forward-looking (Schittekatte et al.,
2023). Moreover, well-intended time-of-use tariffs can even exacerbate the problem by inducing
new and larger “shadow peaks”, particularly in highly electrified neighborhoods (Bailey et al.,
2025c,b; Turk et al., 2025). These shadow peaks can also arise under real-time electricity pricing,
as real-time prices incentivize a coincident shift of electricity consumption towards periods with
low cost of generation. Our findings indicate that the introduction of individual peak demand
charges can alleviate these concerns and lead to a statistically and economically significant
reduction in the coincident monthly peak in distribution circuits. This result holds, and is even
stronger, in distribution circuits with high electric vehicle penetration, for which the introduc-
tion of peak demand charges can create reductions of up to 6% of pre-treatment circuit level peaks.

Thirdly, we provide discussion of the behavioral mechanisms underlying demand response. The
literature identifies several factors that either hinder or enhance residential electricity flexibility.
Mechanisms that impede behavioral responses include lack of awareness of the tariff, information
and adaptation costs (Fabra et al., 2021), and response fatigue (Hofmann and Lindberg, 2024).
In an event-study estimation of our main model, we find results consistent with response
fatigue only for households who need to rely on a manual demand response. Conversely, the
literature also discusses factors that enhance demand responsiveness to pricing: the availability of
information (Jessoe and Rapson, 2014) and the role of automation (Bollinger and Hartmann, 2020;
Blonz et al., 2025; Bailey et al., 2025a; Metcalfe et al., 2026). We complement this work by linking
the mechanisms underlying the demand response to the incentives provided by individual peak
demand charges and real-time prices. We show that the largest reductions in monthly peak
electricity demand occur among households adopting low-carbon technologies–particularly
battery storage and electric vehicles–where demand adjustments can be largely automated.

The remainder of this paper is structured as follows. Section 2 provides a stylized model of elec-
tricity consumption, aiming to clarify the incentives for retail electricity pricing. Section 3 intro-
duces our institutional setting and data. In Section 4 we detail our research design and empirical
strategy. Section 5 presents the main results and extensions. Finally, Section 6 concludes.
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2 Conceptual Framework

In this section, we develop a stylized model of electricity supply and demand to formalize the
link between residential electrification, the cost of grid capacity, and real-time prices. The model
demonstrates how coincident and individual peak demand charges internalize the capacity exter-
nality, thereby affecting production decisions, market equilibrium, and grid investment costs. We
assume demand (Qd) and supply (Qs) for electricity are at any point in time given by:

Qd = e− βP , Qs = qrenewable + bfossilP (1)

Demand is decreasing linearly with the market price (P ) and can shift with the level of residential
electrification (e). Electricity supply consists of renewable generation (qrenewable), which has zero
marginal cost and production depending on weather conditions, and fossil generation, which has
a positive marginal cost that is increasing with supply.

Electrification and renewable supply We are interested in the effect of increasing electrification
and renewable generation on equilibrium quantities and grid expansion costs. We examine the
comparative statics for increased electrification (e) through an outward shift of the demand curve,
and for increased generation of renewables (qrenewable) through an outward shift of the supply
curve. After solving for equilibrium (P ∗, Q∗) and differentiating with respect to qrenewable and e

we find that the effect of an electrification or renewables shock on equilibrium quantities (Q∗) can
be expressed as:

dQ∗

de
=

bfossil
β + bfossil

,
dQ∗

dqrenewable
=

β

β + bfossil
. (2)

The proof for Equation 2 is given in Supplemental Appendix A. In this appendix, we also link
the result to elasticities and prove the result more generally, for nonlinear supply and demand
functions. It follows from Equation 2 that the comparative statics effects of electrification and
renewable generation ultimately depend on consumers’ price responsiveness β. We therefore
distinguish between two scenarios: a baseline scenario with time-invariant retail electricity
pricing and hence price-unresponsive consumers (β = 0), and a scenario in which consumers
respond to prices through real-time retail electricity pricing (β > 0).

In the baseline scenario of time-invariant electricity pricing, shown in Figure 2a, demand does
not respond to prices, implying a price elasticity of demand equal to zero, or β = 0 (point A).
A positive demand shock from increased electrification then passes one-for-one into quantity
(
dQ∗

tip

de = 1), with no behavioral adjustment or load shifting in response to the increased price,
raising peak demand from Q∗

tip to Q∗∗
tip (point B). Adding a positive supply shock from increased

renewable generation does not further affect equilibrium quantity (
dQ∗∗

tip

dqrenewable
= 0) and is entirely

passed onto lower prices (point C).
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Under real-time electricity pricing, consumers do respond to prices, meaning that β > 0. These
price responses reduce production costs. We show this in Figure 2b. For the same outward elec-
trification shift as before, the increase in peak demand is now smaller, because price-responsive
households reduce consumption in reaction to the higher peak-hour price (point B). Working
in the opposite direction, the positive renewables shock lowers the price and price-responsive
consumers increase consumption, so the peak rises from Q∗∗

rtp to Q∗∗∗
rtp (point C). The hour in

which the peak occurs may itself shift toward times of abundant renewable supply, but this does
not change the interpretation of the model. Real-time pricing thus pulls household peaks in
two directions: it reduces demand during high-price periods but increases consumption when
renewable supply is abundant and prices are low. Which effect dominates depends on the relative
size of the demand and supply shocks and on how strongly consumers respond, making the net
effect an empirical question. Peak demand under real-time pricing, Q∗∗∗

rtp , will be higher than
under time-invariant pricing, Q∗∗

tip, when the price in the peak period is below the price in the
initial equilibrium (point A).

Q

P Qd = e Q′
d = e′ Qs

Q′
s

A

B

C

Q∗
tip Q∗∗

tip

(a) Increased electrification under
time-invariant pricing increases peak demand

from Q∗
tip to Q∗∗

tip.

Q

PQd = e− βP Q′
d Qs

Q′
s

A

B

C

Q∗
rtp Q

∗∗
rtp Q∗∗∗

rtp

(b) Joint increased electrification and real-time
pricing increases peak demand from Q∗

rtp to Q∗∗∗
rtp .

Figure 2. Market equilibrium under time-invariant pricing (left) and real-time pricing (right),
without internalizing capacity constraints

In summary, under time-invariant pricing, electrification adds directly to capacity constraints
in local distribution circuits, since unresponsive demand passes the full shock into peak load.
Real-time pricing makes demand responsive but does not resolve the problem: it prices energy
rather than grid scarcity, dampening peaks in some circumstances and raising them in others.
In particular, when increased demand from electrification shifts to times with abundant and
low-price renewable generation, this raises local peaks–a pattern documented by Bailey et al.
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(2025b) for electric vehicle charging under a time-of-use tariff. This motivates an instrument that
prices grid capacity directly, to which we now turn.

Coincident peak demand charges To internalize the network cost of peak demand, we introduce
a coincident peak demand charge. This mechanism charges consumers a capacity cost c (in
euro/kW) based on their demand during the system’s highest-load hour within a billing period
(e.g. month or season). This coincident peak demand charge changes the demand curve to
Q′′

d = e−βP − γcQ, where γ is consumers’ responsiveness to the coincident peak demand charge.
The charge rotates the original demand curve inward, as consumers internalize the marginal
network cost of higher aggregate load.

With this adjustment, the responsiveness of equilibrium quantity to an electrification demand
shock or renewable supply shock becomes:

dQ∗

de
=

bfossil
β + bfossil + γcbfossil

,
dQ∗

dqrenewable
=

β

β + bfossil + γcbfossil
. (3)

Complete proofs are available in Supplemental Appendix A. Effectively, the introduction of a co-
incident peak demand charge reduces the quantity response to an increased electrification shock,
thereby also mitigating the grid expansion costs as shown visually in Figure 3a, where the peak
falls from Q∗∗

tip to Q∗∗∗
tip (point D). This finding should not be interpreted as a general reduction in

overall electricity consumption. Rather, with a coincident peak demand charge, the household
is given an incentive to reduce its maximum demand and to smooth their consumption over
time. A similar argument holds for a positive supply shock and households on real-time pricing,
which we show visually in Figure 3b: a coincident peak demand charge balances the productive
efficiency from increased renewable supply with existing capacity constraints, reducing peak
demand from Q∗∗∗

rtp to Q∗∗∗∗
rtp .

The coincident peak demand charge in the model differs from the individual peak demand charge
we study empirically, which is based on each household’s own maximum demand rather than the
system-wide coincident peak. Only coincident charges directly target system congestion. The
two instruments move closer together when individual peaks are highly synchronized. In feeders
with strongly coincident load, for instance under high electrification and electric vehicle adoption
(Bailey et al., 2025b), individual peaks increasingly coincide with the system peak, so an individual
charge generates much the same incentive to curtail demand during peak hours. This incentive
is not confined to a single hour. Because households cannot identify the peak in advance, both
coincident and individual peak demand charges discourage high consumption across all periods
that might turn out to be the maximum. This effect is largest for electric vehicle charging, whose
load is large enough that almost any charging event risks setting the household’s peak.
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Q′′
d = e′ − γcQ

Q′
d = e′

Qs

Q′
s

A

B

C

D

Q∗
tip Q∗∗

tipQ∗∗∗
tip

(a) A coincident peak demand charge under
increased electrification and time-invariant pricing

reduces peak demand from Q∗∗
tip to Q∗∗∗

tip .

Q

P Qd Q′
dQ′′

d Qs

Q′
s

Q∗
rtp Q∗∗∗

rtpQ∗∗∗∗
rtp

A

B

C

D

(b) A coincident peak demand charge under
increased electrification and real-time pricing

reduces peak demand from Q∗∗∗
rtp to Q∗∗∗∗

rtp .

Figure 3. Market equilibrium under time-invariant pricing (left) and real-time pricing (right),
with a peak demand charge that internalizes capacity constraints.

3 Data

As formalized in the conceptual framework in the previous section, electrification, real-time
prices, and the introduction of individual peak demand charges affect peak electricity demand and
hence grid capacity costs. The model also highlights heterogeneity through differences in price
elasticity. We evaluate the empirical impact of electrification, individual peak demand charges,
and real-time pricing on peak electricity demand, at the household and distribution-system level.
We use as a case study the region of Flanders, for which we obtained a balanced panel of 15-minute
level smart-meter electricity consumption data for over 42,000 residential low-voltage consumers
between 2022 and 2024.

3.1 Institutional Setting

As of 2021, all residential electricity consumers in Flanders were given the voluntary option to
switch from a flat-rate time-invariant electricity price contract to a real-time pricing contract
where the electricity price changes every hour following the Belgian day-ahead wholesale elec-
tricity market. These prices can vary substantially: in 2023, the month-by-hour average ranged
from below €20/MWh during periods of high solar generation to over €180/MWh during winter
evening peak hours or tight supply conditions, with an average daily price spread of €90/MWh.
We describe day-ahead prices in further detail in Supplemental Appendix Figure B.1.

Secondly, as of January 2023, the grid tariff design changed. The volumetric kWh-based tariff for
grid costs was replaced by a tariff for grid costs based on a combination of a volumetric kWh-
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based tariff, representing 20% of overall grid tariffs, and a kW-based individual peak demand
charge, representing the other 80% of overall grid tariffs. The volumetric kWh-based tariff was
reduced, such that the total tariff reform was budget-neutral. The kW-based individual peak de-
mand charge is based on a household’s monthly 15-minute peak demand, which is computed
based on the 15-minute interval with the highest electricity consumption and takes a minimum
value of 2.5 kW. The yearly average of the twelve 15-minute monthly peak demands is multi-
plied by the per kW-price, ranging from €35.18/kW-year to €50.05/kW-year in 2023 and from
€35.12/kW-year to €53.39/kW-year in 2024.

3.2 Data sources and sample construction

We use high-frequency smart meter data on household electricity consumption as our primary
data source. The dataset comprises 15-minute interval electricity usage records for over 50,000
households before preprocessing. The data were provided by Fluvius, the Flemish distribution
system operator.

Metering data Prior to analysis, we applied a series of preprocessing steps. For the main
analysis, we restricted the sample to households with at least one full year of data preceding
the introduction of the kW-based peak demand charge, resulting in a balanced panel starting in
January 2022. To mitigate the influence of outliers, we truncated monthly grid withdrawals (in
kWh), monthly peak demand (in kW), and installed solar inverter capacity (in kVA)1. The final
sample consists of more than 1.5 million household-month observations for 42,077 households
during the 2022–2024 period.

Low-carbon technology adoption In addition to high-frequency electricity consumption data,
we observe rich metadata on the adoption of low-carbon technologies at the household level,
including heat pumps, electric vehicles, solar photovoltaic systems, and battery energy storage.
The distribution system operator identifies solar photovoltaic systems and batteries using
administrative records, drawing on mandatory reporting requirements for these technologies.
For electric vehicles and heat pumps, identification combines administrative data, based on
the required registration of charging stations and subsidy applications for heat pumps, with
machine learning–based classification models. These models are trained on households with
confirmed technology adoption (via reporting) and are used to predict adoption status for all
other households2. This approach also enables the distribution system operator to infer the month

1Monthly grid withdrawals are truncated at 1500 kWh/month, monthly peak withdrawals at 15 kW and installed
solar inverter capacity at 10 kVA. In Flanders, once the total inverter capacity exceeds 10 kVA, households must register
as self-employed and comply with additional tax and administrative obligations. Households outside these thresholds
are dropped from the sample

2The distribution system operator verifies the presence of electric vehicles by analyzing the distribution of house-
hold electricity consumption. When recurring peaks are observed at typical charging speeds, such as 5.4 kW, 7.7 kW,
or 11 kW, the presence of an electric vehicle is confirmed. The detection of heat pumps relies on a supervised ma-
chine learning approach, in which the distribution system operator employs a decision tree model to detect heat pump
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of installation for each low-carbon technology.

Electricity contracts Finally, we obtained further contract-level information for all households.
First, we identify a subset of households designated as protected customers, who were exempted
from the individual peak demand charges implemented under the otherwise mandatory new
grid tariff. We describe this group of customers in more detail in our empirical strategy. Second,
in addition to the main balanced panel of 42,077 households, we construct a supplementary
sample of 16,197 households for the analysis of real-time pricing. The majority of real-time
pricing households adopted this contract type only after the introduction of individual peak
demand charges on January 1st, 2023. For these households, smart meter data become available
on a staggered basis. As a result, this supplementary sample is unbalanced, but data is typically
available both before and after the real-time pricing enrollment.

In summary, we obtain two final samples. A first, balanced, sample consisting of more than 42,000
households to estimate the effects of residential electrification and peak demand charges, intro-
duced uniformly on January 1st, 2023. The second sample consists of households that addition-
ally adopted real-time pricing. This second sample contains more than 16,000 households, but is
unbalanced and reflects the staggered adoption of real-time pricing throughout 2023 and 2024.

3.3 Sample description

Metering data Our analysis of electrification and peak demand charges relies on the balanced
panel of 42,077 households over the 2022–2024 period. For each household-month, we construct
several key measures of electricity consumption and injection. Monthly peak demand is defined
as the highest grid withdrawal observed over any 15-minute interval during the month, mea-
sured in watts (W). In addition to monthly peak withdrawal, we aggregate grid withdrawals and
grid injections over the month to obtain household-level measures of total monthly electricity
withdrawals (kWh) and total monthly electricity injection (kWh).

Table 1 summarizes the distribution of these monthly variables across the sample. The average
monthly peak demand is approximately 4.1 kilowatt, with 50% of the households realizing a peak
between 3 and 5 kilowatts. When broken down by year, monthly peak withdrawals decrease
from 2022 to 2023, but increase in 2024. Total grid withdrawals average 256 kWh per month.
Monthly grid injections, which occur through solar photovoltaic generation, average 163 kWh,
though the distribution is highly skewed: the median injection is significantly lower, representing
the share of households with zero or minimal injection. Overall, these sample descriptives reflect
the characteristics of smart meter deployment, where installation of smart meters was prioritized
for households with solar PV and battery owners.

ownership.
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Low-carbon technology adoption Table 1 also describes the adoption of low-carbon technologies
within the sample as of January 1, 2023. The data indicate that 69 percent of households had
installed solar photovoltaic systems, with an average installed inverter capacity of 4.26 kVA.
Sixteen percent of households had adopted battery storage, with an average usable storage
capacity of 8.50 kWh and a corresponding average power rate of 4.48 kW.

Real-time pricing sample Descriptive statistics for the additional, unbalanced, real-time pricing
sample are reported in Supplemental Appendix Table B.4. Relative to the main sample, house-
holds in the real-time pricing sample have higher rates of battery and electric vehicle owner-
ship, while solar photovoltaic adoption remains broadly similar and heat pump adoption rates
are slightly lower. Supplemental Appendix Figure B.5 shows the evolution of real-time pricing
adoption over time, with households adopting in a staggered fashion over 2023 and 2024.

Table 1: Descriptive statistics: smart meter data and sample composition
Mean Std 25% 50% 75%

Monthly peak withdrawal [W] 4,146 1,814 2,988 3,884 4,959
Monthly peak withdrawal (2022) [W] 4,142 1,745 3,040 3,920 4,948
Monthly peak withdrawal (2023) [W] 4,048 1,747 2,925 3,801 4,852
Monthly peak withdrawal (2024) [W] 4,249 1,936 3,001 3,931 5,080
Grid withdrawals per month [kWh] 256 191 131 210 327
Grid injection per month [kWh] 163 206 0 73 274
Solar PV (01-01-2023) 0.69 0.46 0.00 1.00 1.00
Battery storage (01-01-2023) 0.16 0.37 0.00 0.00 0.00
Electric vehicle (01-01-2023) 0.05 0.21 0.00 0.00 0.00
Heat pump (01-01-2023) 0.17 0.38 0.00 0.00 0.00
Average solar capacity (2023) [kVA] 4.26 1.74 3.00 4.00 5.00
Average battery size (2023) [kWh] 8.50 3.19 5.12 9.60 10.00
Average battery power (2023) [kW] 4.48 1.66 3.00 4.00 5.00

Note: Descriptive statistics for the smart meter data and sample composition for households included in the main
analysis. This table reports household-month statistics. There are 1,514,772 observations for 42,077 households,
40,360 treated households and 1,717 control households.

3.4 Descriptive evidence

We begin by presenting descriptive evidence on how households’ monthly peak electricity
demand evolves across different stages of residential electrification, following enrollment in
real-time pricing, and after the introduction of individual peak demand charges. Figure 4 shows
the distribution of individual household monthly peak demand across these scenarios.

Electrification The distributions in Figure 4 are consistent with the model’s prediction that
residential electrification increases peak loads. Panels 4a and 4b show that households with
electric vehicles and heat pumps display systematically higher monthly peak demand relative to
non-electrified households. In both cases, the distributions visibly shift to the right, indicating
more frequent high monthly peak demand values. This shift is most pronounced for electric
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vehicle ownership. Further, the pattern aligns with the comparative statics in Figure 2a, where
increases in electrification, in the absence of mechanisms that internalize capacity constraints,
translate into higher peak electricity demand.

Real-time pricing Figure 4c examines how peak demand relates to real-time pricing. The
observed shift in the distribution of monthly peaks is relatively small, and from a visual in-
spection alone, the sign is unclear looking at the distributions only, suggesting that exposure to
real-time pricing by itself may not substantially reduce monthly peak demand. This finding is
consistent with the theoretical framework, in which responsiveness to real-time prices (β ̸= 0)
induces demand adjustments but does not necessarily reduce peak demand when consumption
is coordinated during low-price periods (Figure 2b).

Individual peak demand charges Finally, Figure 4d presents the distribution of monthly peaks
for households with electric vehicles—those with the highest observed peak demand—before and
after the introduction of peak demand charges. Following the introduction of this grid tariff, the
highest peak values (10–15 kW) become less common, and the distribution shifts toward lower
levels. This pattern is consistent with households adjusting charging behavior, either by reducing
charging intensity or shifting load to off-peak periods. Consistent with the model in Figure 3, peak
demand charges are associated with a shift away from high peak periods and, correspondingly,
lower monthly peak demand, independent of real-time pricing.

4 Empirical Strategy

In this section, we describe our empirical strategy to estimate the causal effect of residential elec-
trification, real-time electricity pricing, and peak demand charges on residential monthly peak
electricity demand. First, we estimate the household-level average treatment effect on the treated
(ATT), for each of the three treatments separately. Next, we turn to the aggregate impact of electri-
fication, real-time pricing, and peak demand charges at the level of the local distribution circuits.
Finally, we explore the mechanisms underlying the overall treatment effects.

4.1 Monthly peak

This section describes our analysis at the household level. To identify the treatment effects of each
of the three treatments – residential electrification, real-time pricing and peak demand charges
– on the household-level monthly peak electricity demand (Peakit), we implement a series of
difference-in-difference (DID) designs. While the empirical specifications differ across treatments
and estimators, the treatment effects are estimated in the following generic DID framework:

Peakit = β0 + β1 × 1{Postt = 1} × 1{Treati = 1}+X′
itδ + λi + τt + εit. (4)
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Figure 4. Histograms of individual household monthly peak demand (W). Panels (a) and (b)
examine the impact of residential electrification by comparing households with and without elec-
tric vehicles and heat pumps. Panel (c) shows the effect of real-time pricing on monthly peak
demand, while panel (d) shows the impact of peak demand charges among electrified households
with at least one electric vehicle.

In this equation, 1{Treati} defines one of the following treatment of variables of interest:
household-level electric vehicle or heat pump adoption (indicating residential electrification),
adoption of real-time electricity pricing, or exposure to peak demand charges. Xit defines a set
of time-varying controls, λi captures household fixed effects, τt accounts for month-of-sample
fixed effects, and εit represents the idiosyncratic error term, clustered at the household level. In
each of the three difference-in-difference designs, the main coefficient of interest, β1, identifies
the ATT. In what follows, we discuss in more detail the identification of the treatment effects of
electrification, peak demand charges and real-time prices on individual household monthly peaks.

Electrification To estimate the effects of residential electrification, we focus on electric vehicle
and heat pump adoption3. Using Equation 4, we compare the relative evolution of monthly

3We use only those households with administratively confirmed electric vehicle adoption in the treated group, while
for heat pumps we combine administrative data with the supervised machine learning approach developed by the
distribution system operator. Because the detection algorithm identifies heat pump adoption with a lag, we shift the
inferred adoption date one month earlier to better approximate the true installation date.
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peak electricity demand for households who adopted an electric vehicle (treatment group) with
households who did not adopt any electric vehicle (never-treated). To avoid confounding our
treatment effect estimate due to observable differences between the treatment and control group,
we include installed solar inverter capacity (kVA), installed battery energy storage size (kWh) and
heat pump ownership as covariates in the estimation. The fixed effects include household and
month-of-sample fixed effects. After estimating the effect of electric vehicles, we also estimate the
effect of heat pump ownership on monthly peak electricity demand.

Equation 4 would typically be estimated using a TWFE-DID estimator. Yet, as is shown in
de Chaisemartin and D’Haultfœuille (2020), Goodman-Bacon (2021) and Borusyak et al. (2024),
the TWFE-DID estimator delivers inconsistent estimates for the treatment effect if the treatment
follows a staggered adoption and the treatment effect is heterogeneous across treatment groups
or time (Roth et al., 2023), as is the case for electric vehicle or heat pump adoption. We overcome
these issues by estimating Equation 4 for electric vehicle and heat pump adoption using the
heterogeneity-robust estimators introduced in Callaway and Sant’Anna (2021).

Individual peak demand charges To identify the ATT of individual peak demand charges, we
exploit the design of the tariff introduction in Flanders. Under the policy reform, a subset of
the population, known as protected customers, was exempted from the newly introduced peak
demand charge, which is otherwise mandatory. Instead of facing the newly introduced peak
demand charge, based on kilowatt (kW) peak usage, these protected customers continue to pay
a fixed volumetric kilowatt-hour (kWh) rate. Protected customers are thus exempt from being
charged based on peak electricity usage. Eligibility status for being a protected customer is
determined by predefined social criteria4. If protected consumers are not an appropriate control
group for treated households, pre-treatment characteristics between the treatment and control
group might differ, and the parallel trends assumption underlying the DID model might not
hold unconditionally. To address these potential violations, we adopt multiple variations of a
conditional DID model.

First, as shown in Equation 4 we directly add a set of control variables Xit to our baseline
TWFE-DID model to improve on covariate balance between the treated and control group. More
specifically, we include monthly electricity grid withdrawals (kWh)5, monthly electricity injection
(kWh), installed solar capacity (kVA), installed battery energy storage size (kWh), and dummy

4These criteria include households with at least one chronically ill or disabled member receiving social assistance,
recipients of unemployment benefits, low-income retirees, residents of social housing, and families receiving increased
child allowances for children with a physical or mental disability (Vlaanderen, 2025).

5Grid withdrawals could be a bad control if they are directly affected by the treatment and mediate part of the treat-
ment effect. In Supplemental Appendix Figure C.6, we show that the relative evolution of grid withdrawals between
treated and control groups is statistically indistinguishable from zero in the 24 months surrounding the introduction
of peak demand charges. This suggests that the observed peak reductions are not driven by changes in total electricity
demand.
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variables for the ownership of heat pumps and electric vehicles as household-level control
variables. We interact each of the technology-specific variables with month-of-year dummies to
capture heterogeneity between seasons. Second, we implement the inverse-probability weighted
(IPW) DID estimator of Abadie (2005) with stabilized weights. This estimator estimates the
propensity score of being treated, based on the same set of household-level control variables. For
technology adoption, we now include for each technology the quarter-of-sample of adoption as a
variable in the weighting procedure. The IPW-DID estimator then computes a weighted mean of
the outcome variable, where the weights are equal to the inverse of the propensity scores. Finally,
we adopt the doubly-robust DID estimator proposed by Sant’Anna and Zhao (2020). This method
combines propensity score weighting with outcome regression, providing an unbiased estimate
of the average treatment effect on the treated if at least one of the models is correctly specified.

Real-time pricing Finally, to estimate the ATT of real-time pricing using Equation 4, we compare
the relative evolution of monthly peak electricity demand for households who enrolled for real-
time pricing (treatment group) with households who did not, or not-yet, adopt real-time pricing
(not-yet-treated and never-treated). We account for two challenges in the identification of the
effect of real-time pricing. First, households self-select into real-time prices. We accommodate for
this self-selection bias by including a broad set of control variables, including monthly electricity
grid withdrawals (kWh) and monthly electricity grid injection (kWh), installed solar capacity
(kVA), installed battery energy storage size (kWh), and dummy variables for the adoption of
heat pumps and electric vehicles. Second, as before, we account for the staggered adoption of
real-time pricing by estimating Equation 4 using the estimator of Callaway and Sant’Anna (2021).

Dynamic treatment effects To explore the dynamics of treatment effects we also estimate fully
dynamic versions of our three DID models. We estimate the following specification, separately
for each treatment:

Peakit = β0 +
∑
k

(βk × 1{EventTimet = k} × 1{Treati = 1}) +X′
itδ + λi + τt + εit (5)

For peak demand charges, we specify a fully dynamic event-study specification in which we ob-
tain a month-of-sample specific treatment effect estimate from January 2022 (12 months prior to
treatment) to December 2024 (24 months after treatment). To estimate the dynamic effect of resi-
dential electrification and real-time pricing, we follow the framework of Callaway and Sant’Anna
(2021): we estimate separate group-time specific treatment effects for each adoption cohort, and
then aggregate the results to event time or calendar time.
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4.2 Grid level effects

To simulate the impact of electrification, real-time pricing, and peak demand charges on the
distribution grid, we adopt a strategy inspired by Bailey et al. (2025b). In our strategy, households
are randomly assigned to synthetic distribution circuits consisting of either 10 or 25 households,
representing a typical low-voltage cable or feeder in Flanders. Within each synthetic distribution
circuit, we also vary the level of technology adoption. For each technology – electric vehicles, heat
pumps, and battery storage – households are placed into circuits with a predetermined adoption
level: 0%, 20%, 50%, 80%, or 100% adoption. We then aggregate the load profiles for these 10 or 25
households, to obtain the aggregate load profile for the synthetic distribution circuit, for varying
levels of technology adoption. Afterwards, we determine the coincident grid-level monthly peak.
As shown in Supplemental Appendix Table B.2, the relative uptake of low-carbon technologies in
the group of protected customers is lower than in the treated group. We therefore generate our
synthetic distribution circuits using only the households that are subject to the introduction of
peak demand charges.

Our simulation strategy provides several key advantages. First, our design captures different
stages of residential electrification. By varying the share of, for instance, electric vehicle adoption
across circuits, the design enables the simulation of grid impacts under different scenarios of
electric vehicle penetration and the underlying coincidence in electric vehicle charging. Second,
our design allows maintaining realistic baseline demand profiles, without relying on ad-hoc as-
sumptions. Because households are assigned to circuits conditional on only their own low-carbon
technology adoption status, the underlying heterogeneity in non-electric vehicle or non-heat
pump electricity consumption is preserved. This allows for a more accurate representation of
baseline electricity load conditions within each circuit. Third, this design allows us to estimate,
within one coherent framework, the effects of electrification, real-time prices, and peak demand
prices on distribution circuit monthly peaks.

To estimate these effects at the distribution circuit level, we implement a series of panel fixed
effects regression models, which we summarize in their general form as:

Circuit Peakct = β0 +
S∑

s=1

βs × 1{Adoptionct = s}+X′
ctδ + τt + εct. (6)

In this equation the Circuit Peakct is defined at the circuit (c) month-of-sample (t)-level.
1{Adoptionct = s} reflects a set of dummy variables indicating electric vehicle or real-time pric-
ing adoption bins (0%, 20%, 50%, 80%, or 100%), with 0% adoption as the omitted category6. For

6For electrification, it is possible to compare variation between circuits that always have a high (or low) share of
electric vehicles or heat pumps. Real-time pricing adoption evolves staggered and only starts throughout 2023 and
2024, making it infeasible to assign circuits a fixed level of treatment intensity at every point in time. Within the same
circuit, adoption levels can, for instance, increase from 20% to 50% throughout a year. As a result, we allow real-time
pricing adoption to vary within circuits across time and estimate how different levels of real-time pricing adoption
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the estimation of the effect of individual peak demand charges, we replace 1{Adoptionct = s}
with 1{Adoptionct = s} × 1{Postt = 1}, indicating that we are interested in the heterogeneous
effect of peak demand charges when varying the level of low-carbon technology adoption in the
distribution circuit. As before Xct defines a set of time-varying controls, τt accounts for time fixed
effects, and εct represents the idiosyncratic error term, clustered at the distribution circuit level.
The control variables are identical to the household-level control variables to mimic our main re-
gression, but are now aggregated over all the households in the distribution circuit: total number
of heat pumps and electric vehicles, aggregate solar inverter capacity (kVA), aggregate battery
energy storage capacity (kWh), aggregate residential electricity production (kWh) and aggregate
withdrawals (kWh).

4.3 Load profile

Changes in monthly peak demand at the household level can arise through multiple channels.
Households may shift consumption from peak to off-peak hours or change overall electricity use
in response to peak demand charges and real-time pricing. The extent of these responses may
depend on information, knowledge, and the availability of automation technologies. To examine
these mechanisms driving changes in peak demand, we exploit granular 15-minute interval
electricity consumption data in a regression framework estimating load shifting behavior.

We construct the outcome variable of this regression as the sum of electricity consumption for
specific intra-day time blocks and the overall daily total. Specifically, let Demandidb denote to-
tal electricity demand from grid withdrawals (in kWh) of household i on day d in time block b.
Time blocks are defined as night (22:00–06:00), morning (06:00–12:00), afternoon (12:00–17:00), and
evening peak (17:00–20:00). We then use Demandidb as the outcome variable in a DID specification:

Demandidb = β0 + β1 × 1{Treati = 1} × 1{Postt = 1}+X′
idbδ + αidb + εidb. (7)

As before, 1{Treati = 1} is the treatment variable of interest: household-level adoption of real-
time electricity pricing, or exposure to peak demand charges. For the response to peak demand
charges, protected customers again serve as the control group. For real-time pricing, we use the
not-yet-treated as control group. Control variables Xidb include daily temperature variables and
household-specific variables on solar inverter capacity (kVA), battery storage size (kWh), heat
pump and electric vehicle adoption, and solar production (kWh), interacted with month-of-year
dummy variables. Finally, αidb represents a flexible set of fixed effects.

within circuits affects grid-level outcomes.
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5 Results

We investigate the effect of electrification, peak demand charges, and real-time pricing on the
household-level monthly peak in Section 5.1 and the distribution grid peak in Section 5.2. We
then proceed to our analysis of the mechanisms and the effect of treatment on the shape of the
daily electricity consumption profile, which we present in Section 5.3.

5.1 Monthly Peak

5.1.1 Electrification

Main results Table 2 reports the estimated effects (ATT) of electric vehicle and heat pump
adoption on monthly household peak demand. We first present results from a TWFE-DID
specification with controls, followed by estimates based on the CS-DID approach (Callaway and
Sant’Anna, 2021). Electric vehicle adoption leads to the largest increase in peak demand, raising
monthly household peaks by approximately 1.9–2.2 kW on average. For heat pump adoption,
the treatment effect estimates are considerably lower, with monthly peaks increasing by 0.15 kW,
approximately, on average.

Calendar time treatment effects In Figure 5 we aggregate the treatment effects to calendar
time. We exclude the first months of 2022 from this figure, as treatment effects are imprecisely
estimated in these months. As described in Section 3.2, this occurs because we use a combination
of administrative data and machine learning-based classification to detect low-carbon technology
adoption. For this reason, the algorithm requires a few months of initial data – the first months of
2022 – before detection is reliably possible, and we thus exclude the initial months of the dataset.
For reference, we report the event-time treatment effects and the calendar time treatment effects
for the full three years in Supplemental Appendix C.1.

The aggregation to calendar time serves two purposes. First, it allows for an informal inspection
of structural breaks with the introduction of the compulsory peak demand charge scheme, on
January 1st 2023. Second, it allows to capture the seasonal variation in treatment effects which is
especially present in the treatment effects for heat pump adoption7.

Figure 5a presents the calendar-time treatment effect aggregations for electric vehicles. While there
is some seasonality present in these results, electric vehicles increase households’ monthly peak de-
mand consistently throughout the year, and with a stable order of magnitude around 2 kW. After
the introduction of the peak demand charge grid tariff on January 2023, there seems to be a fall in

7Presenting event-study estimates for heat pump adoption will confound the strong seasonality in electricity de-
mand with the actual dynamic treatment effect. Because heat pump usage, and thus its impact on peak demand, is
highly concentrated in winter months, event time becomes mechanically correlated with calendar time. As a result, the
estimated event-study coefficients largely reflect seasonal variation rather than clean dynamic treatment effects.
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monthly peak electricity demand. For heat pumps, in Figure 5b, results show pronounced season-
ality. Treatment effects for heat pump ownership are insignificant in summer months, while heat
pumps do increase peak electricity demand in winter months up to 400 to 600 watts, depending
on the specification. The overall ATT of 152 to 160 watt increase in peak electricity demand, is
thus indeed an average treatment effect, averaging away seasonal variation.

Table 2: Effects of electrification (electric vehicle and heat pump adoption) on households’ monthly
peaks

Electric vehicle Heat pump
(1) (2) (3) (4)

TWFE-DID CS-DID TWFE-DID CS-DID
1{Postt = 1} × 1{Treat EVi = 1} 2198.78∗∗∗ 1891.37∗∗∗

(45.32) (31.46)
1{Postt = 1} × 1{Treat HPi = 1} 178.35∗∗∗ 152.10∗∗∗

(9.48) (8.01)
Joint test: all leads zero (p-value) 0.000 0.000 / /
HonestDiD 95% CI for:
1{EventTimet = 1} × 1{Treati = 1} [1160.65; 1373.60] [1192.30; 1403.38] / /
1{Postt = 1} × 1{Treati = 1} [1637.90; 1916.52] [1691.30; 1968.51] / /

Observations 1,206,159 1,248,264 1,179,265 1,266,732
Households 35,003 35,003 41,590 41,590

Note: This table estimates the effects of electrification (electric vehicle and heat pump adoption) on households’ monthly
peaks (in watts) over the period January 2022 - December 2022 in a difference-in-differences framework. For each, two
specifications are used to estimate the model. Columns (1) and (3) uses TWFE-DID with additional control variables.
Control variables include solar inverter capacity (kVA), battery storage size (kWh) and the dummy variables for the any
other low-carbon technology on top of the treatment of interest (e.g. we include a dummy variable for heat pump adoption
when estimating the effect of electric vehicle ownership). Household fixed effects and time fixed effects are included. In
columns (2) and (4), we show the results using the Callaway and Sant’Anna (2021) Doubly Robust DID estimator with
never-treated as the control group. The unit of observation is household-month-of-sample. Standard errors are clustered
at the household level. For the adoption of electric vehicles, we present HonestDiD 95% confidence intervals from the
package by Rambachan and Roth (2023), explicitly accounting for smoothly evolving secular trends that differ between the
treatment and control group. We report 95% Robust CIs for the case ∆sd(M = 0), i.e. allowing for linearly evolving group-
specific trends. Results are reported both for the first period after treatment and the overall treatment effect. Because of
strong seasonality in heat pump usage effects, we do not estimate HonestDiD 95% confidence intervals for this treatment.
t-statistics in parentheses. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

5.1.2 Prices and tariffs

Main results Table 3 reports the estimated treatment effects of peak demand charges and real-time
pricing on monthly household-level peak demand, showing that the two pricing schemes had
opposing effects on peak electricity demand. The first three columns show the effects for individ-
ual peak demand charges. In the first column, we apply the TWFE-DID estimator, which includes
control variables and month-of-sample and household fixed effects. In the second column, we
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Figure 5. Estimates of the dynamic event-study specification in calendar time for electrification
using data for 2022 - 2024. Each dot represents the point estimate of the monthly peak increase
(in W) in event-time. Two different estimators are used. First, the TWFE-DID estimator with
individual and month-of-sample fixed effects including control variables. Second, the doubly-
robust CS-DID estimator Callaway and Sant’Anna (2021). Standard errors are clustered at the
household level and vertical bars show 95% confidence intervals.

apply the IPW-DID estimator (Abadie, 2005). The third column uses the DR-DID estimator
(Sant’Anna and Zhao, 2020) and shows the largest point estimate. We show specification tests
(common support and balancing) for the weighting procedures in Supplemental Appendix C.2.

Our results are relatively stable across specifications. While the point estimates increase in size
from -51 watts to -118 watts monthly peak reduction, all carry the same sign and all are statisti-
cally significant at the one percent level. As we reject the null hypothesis that all pre-treatment
coefficients are jointly zero, we further report HonestDiD 95% confidence intervals for the first
post-treatment period and the average treatment effect (Rambachan and Roth, 2023). To assess
the sensitivity of our results to potential violations of the parallel trends assumption, we estimate
the HonestDiD 95% confidence interval allowing for group-specific linear trends. The results
indicate that potential trend differences between treated and control households cannot account
for the significant reduction in peak demand observed in the first post-treatment period. In
contrast, the HonestDiD 95% confidence interval for the ATT becomes statistically insignificant.
This is consistent with Figure 6, which shows that the treatment effect dissipates over time.
Consequently, in later periods, the remaining effect is no longer distinguishable from plausible
differential trends between treated and control households.

The magnitude of our baseline effects corresponds to an approximate reduction of between 1 to
3 percent of the average pre-treatment household monthly peak of 4,142 watts. As a comparison,
Enrich et al. (2024) observe reductions of peak-hour electricity consumption up to 9% after the
introduction of a time-of-use tariff. In response to a critical peak pricing experiment, Garnache
et al. (2025) observe reductions of consumption up to 12.5% during critical peak hours, while

22



van Montfoort et al. (2026) find peak reductions up to 10% in response to an exceedance tariff.
Our results indicate it is more difficult to decrease monthly peak electricity demand than to shift
average electricity usage in peak periods.

To prevent that our results are driven or attenuated by new low-carbon technology adoption,
Supplemental Appendix C.3 presents two robustness checks, where we either exclude all house-
holds that adopt new technologies (Table C.2) or omit control variables for technology adoption
altogether (Table C.3). Both robustness checks deliver results similar to our main specification,
confirming the negative treatment effect of peak demand charges on monthly peak demand.

Columns four and five of Table 3 present the estimated effect of real-time pricing. Column
four employs the TWFE-DID estimator, which should be interpreted with caution as it does not
address the staggered adoption of real-time pricing. In contrast, column five implements the
estimator proposed by Callaway and Sant’Anna (2021), which accommodates staggered treatment
timing. Our results suggest that, for adopters, real-time pricing leads to a statistically significant
increase in monthly peak demand, with an effect size comparable to that of peak demand charges.
Moreover, effects are around twice as large for households with low-carbon technologies, as
shown in Supplemental Appendix Table C.6. These findings offer a new perspective on the
implications of real-time pricing: while Fabra et al. (2021) report an overall insignificant price
elasticity in Spain, our evidence indicates that real-time pricing may nonetheless contribute to
higher household peak electricity consumption. Self-selection into real-time pricing in our sample
might also explain part of the effect: as confirmed in Appendix Table B.4, households switching
voluntarily to real-time pricing have higher electric vehicle and battery storage ownership, me-
chanically increasing the expected benefits and flexibility potential for the switching households.

Event study: peak demand charges Beyond average effects, we now explore the dynamics of
treatment effects over time using event studies. We estimate a dynamic version of our DID
models. Figure 6 presents the event-study results for the TWFE-DID estimator with control
variables, the IPW-DID estimator with stabilized weights, and the Doubly Robust DID estimator
(Sant’Anna and Zhao, 2020). Across all specifications, pre-treatment coefficients are statistically
insignificant in most, but not all, months. Stronger divergence between the two groups emerges
only after the policy’s implementation, with treated households immediately reducing peak
demand relative to the control group. As confirmed by the HonestDiD 95% confidence intervals
in Table 3, this immediate discontinuity cannot be explained by plausible differential trends.

Figure 6 also illustrates the dynamic treatment effect of the peak demand charges, showing a
clear pattern of decay over time. In the early months of 2023, treated households significantly
reduce their monthly peak demand, but this reduction diminishes gradually in subsequent
months. The decline is robust across the various model specifications. Response fatigue provides
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a plausible explanation for the diminishing effect, particularly among households that rely on
manual demand response, those without low-carbon technologies. For these households, the
sustained effort required to reduce peak demand manually may lead to a gradual decline in
engagement. As these households are not able to use automated systems, continuously altering
consumption patterns may become increasingly difficult. We confirm this finding in Figure 7a,
which shows the treatment effects over time for households without any low-carbon technology.
This pattern of response fatigue in electricity consumption is consistent with the evidence in
Hofmann and Lindberg (2024), who document declining attention to electricity prices in a
randomized controlled trial.

Table 3: Effect of peak demand charges and real-time prices on households’ monthly peaks (W)
Individual peak demand charges Real-time pricing

(1) (2) (3) (4) (5)
TWFE-DID IPW-DID DR-DID TWFE-DID CS-DID

1{Postt = 1} × 1{Treat PDCi = 1} -51.40∗∗∗ -95.67∗∗∗ -118.47∗∗∗

(-3.79) (-3.11) (-3.87)
1{Postt = 1} × 1{Treat RTPi = 1} 56.10∗∗∗ 75.67∗∗∗

(4.79) (2.92)
Joint test: all leads zero (p-value) 0.0031 0.0543 0.0096 0.001 0.5191
HonestDiD 95% CI for:
1{EventTimet = 1} × 1{Treati = 1} [-177.92; -93.06] [-177.98; -81.66] [-168.61; -70.91] [2.51; 62.20] [-3.13; 85.96]
1{Postt = 1} × 1{Treati = 1} [-216.79; -78.11] [-135.51; 30.44] [-151.75; 11.85] [-5.48; 93.91] [-42.84; 186.37]

Observations 1,514,772 1,514,772 1,514,772 1,272,899 1,272,899
Households 42,077 42,077 42,077 58,274 58,274

Note: This table estimates the effects of peak demand charges and real-time prices on households’ monthly peaks (in watts)
over the period January 2022 - December 2024 in a difference-in-differences framework. Columns (1) to (3) show the results for
peak demand charges. The introduction of the individual peak demand charge on January 1st, 2023 indicates the post period
and protected households on the social tariff serve as control group. Three specifications are used to estimate the model. Col-
umn (1) uses TWFE-DID with additional control variables. Control variables include grid withdrawals (kWh), solar inverter
capacity (kVA), solar injection (kWh), storage capacity (kWh) and the dummy variables for the presence of heat pumps and
electric vehicles. Household fixed effects and time fixed effects are included. In column (2), we apply the IPW-DID estima-
tor with stabilized weights, weighting based on grid withdrawals (kWh), solar inverter capacity (kVA), solar injection (kWh),
postal code, and dummy variables for the quarter of low-carbon technology adoption (separate for EV, HP, PV and battery
storage). Column (3) shows the estimate for the Sant’Anna and Zhao (2020) Doubly Robust DID estimator using the same
weighting variables. Finally, columns (4) and (5) show the results for real-time prices, using the TWFE-DID and Callaway and
Sant’Anna (2021) Doubly Robust DID estimator with never-treated as the control group, respectively. The unit of observation is
household-month-of-sample. For the real-time pricing analysis, we extend the main sample of 42,077 households by including
an additional 16,197 households that adopted real-time pricing during 2023–2024. The number of treated and control house-
holds varies per month-of-sample, as treatment follows staggered adoption. Note that accounting for fixed effects is implicit in
IPW-DID, DR-DID and CS-DID. Standard errors are clustered at the household level. t-statistics in parentheses. For all estima-
tors, we present HonestDiD 95% confidence intervals from the package by Rambachan and Roth (2023), explicitly accounting
for smoothly evolving secular trends that differ between the treatment and control group. We report 95% Robust CIs for the
case ∆sd(M = 0), i.e. allowing for linearly evolving group-specific trends. Results are reported both for the first period after
treatment and the overall treatment effect. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Finally, some households are not incentivized to reduce their monthly peak after the introduction
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of peak demand charges, as the new tariff structure imposes a minimum peak of 2.5 kW. There-
fore, households with average pre-treatment monthly peaks below 2.5 kW are not incentivized to
reduce their peaks further. Figure 7b shows that these households do not change their monthly
peaks after the introduction of the kW-based peak demand charge scheme. For these households,
reductions in monthly peak demand below 2.5 kW do not lower electricity bills and therefore
generate no marginal financial incentive to further reduce peak consumption. Furthermore, even
when they do attempt to reduce their peak consumption, it might be more difficult to achieve
substantial reductions when pre-treatment peaks are already low.

-300

-200

-100

0

100

C
oe

ffi
ci

en
t

(W
)

-10 -5 0 5 10 15 20
Months relative to January 2023

TWFE-DID
IPW-DID
DR-DID

Figure 6. Estimates of the dynamic specification for the effect of peak demand charges on the households’ monthly
peak (watts) in the full sample using difference-in-differences. Three different estimators are used. First, the TWFE-
DID estimator with individual and month-of-sample fixed effects including control variables. Second, the IPW-DID
estimator with stabilized weights. Third, the Sant’Anna and Zhao (2020) Doubly Robust DID estimator. December
2022 is used as the reference category in both pre- and post-treatment periods. Standard errors are clustered at the
household level and vertical bars show 95% confidence intervals.
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(a) Households without low-carbon technologies
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(b) Households with 2022 peak < 2.5 kW

Figure 7. Estimates of the dynamic specification for the effect of peak demand charges on the households’ monthly
peak (watts) in subsamples of small consumers using difference-in-differences. Three different estimators are used.
First, the TWFE-DID estimator with individual and month-of-sample fixed effects including control variables. Second,
the IPW-DID estimator with stabilized weights. Third, the Sant’Anna and Zhao (2020) Doubly Robust DID estimator.
December 2022 is used as the reference category in both pre- and post-treatment periods. Standard errors are clustered
at the household level and vertical bars show 95% confidence intervals.
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Event study: real-time pricing We now turn our attention to the event-study effects of real-time
pricing. Figure 8 shows an event-study plot for the 12 months before and after voluntary adop-
tion, with statistically significant increases in peak demand among households that voluntarily
adopt real-time pricing on top of the compulsory peak demand charge. We present event-study
plots with alternative control groups in Supplemental Appendix Figure C.8. Real-time pricing
introduces a trade-off: households face incentives to both reduce their monthly peak (to mini-
mize peak demand charges) and to increase consumption during low-price hours (to benefit from
low marginal costs of electricity production). In our setting, the increased peak from switching
to real-time prices is low, but might be larger in settings without a peak demand charge in place.
In addition, as the number of negative price hours is increasing, and expected to increase in the
future (IEA, 2025), the significance of this finding is expected to increase further.
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Figure 8. Estimates of the dynamic specification for real-time prices in the full sample, showing
coefficients in event-time (months relative to adoption), from 12 months before to 12 months after
adoption. Each dot represents the point estimate of the monthly peak change (in W) in event
time. The Callaway and Sant’Anna (2021) Doubly Robust DID estimator with never-treated as
the control group is used to estimate the causal effect. Group-time treatment effects are then
aggregated to event time. Standard errors are clustered at the household level and vertical bars
show 95% confidence intervals.

5.1.3 Prices and tariffs: Heterogeneity

Low-carbon technology To assess whether the introduction of peak demand charges generated
heterogeneous treatment effects across household types, we examine treatment heterogeneity
by low-carbon technology adoption. Our analysis proceeds in two steps. First, we classify each
household into one or more categories based on the technologies installed prior to January 2023,
the introduction of the peak demand charge scheme. Categories are not mutually exclusive
and include households without any low-carbon technology, and those with at least an electric
vehicle, heat pump, or battery energy storage. Second, we estimate Equation 4 separately by
subgroup to identify heterogeneous effects.
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Table 4 reports treatment effect estimates for the effect of peak demand charges on monthly
peak demand across household subsamples. All specifications use the TWFE-DID estimator and
control for household and month-of-sample fixed effects. In addition, we include household-level
control variables for grid withdrawals and grid injection and include dummy variables for
adoption of new low-carbon technologies. The results reveal considerable heterogeneity in
treatment effects. Peak demand reductions are smaller among households with heat pumps or
without low-carbon technologies than in the full sample. Battery-owning households reduce their
peaks somewhat more. The most notable finding concerns electric vehicle owning households.
These households reduce their monthly peak demand by an average of 319 watts following the
reform, a reduction that is both economically and statistically significant. Relative to their 2022
pre-treatment baseline of 6,331 W monthly peak demand, this reduction amounts to roughly 5
percent of their average monthly peak. This contrasts both in absolute and relative terms with the
more modest 1–3 percent reductions observed in the full sample and other subgroups. This result
is robust to the use of alternative estimators (IPW-DID and DR-DID), as shown in Supplemental
Appendix Table C.5: the estimated treatment effects are consistently the largest for electric vehicle
and battery storage owning households.

Figures 9a and 9b present the event-study estimates of the response of monthly peak demand
to the introduction of peak demand charges for households with electric vehicle and those
with battery storage. These figures show a sharp reduction in peak demand in the months
immediately following the reform for both groups, an effect persistent over time. This treatment
effect is consistent with the adoption of automated energy-management systems, such as smart
electric vehicle chargers, as well as applications provided by electric vehicle manufacturers
allowing to set charging speeds, both of which can incorporate the incentive from peak demand
charges into the charging schedule to help limit peak demand. By deferring electric vehicle
charging to off-peak periods and reducing charging speeds, these systems help reduce peak
demand consistently, transforming what might otherwise be a one-time adjustment into a lasting
change driven by automation. For robustness, Supplemental Appendix Figure C.7 displays
event-study estimates for all subgroups of low-carbon technologies. These results again confirm
that households with electric vehicles exhibit the most stable and persistent reductions in peak
demand over time.
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Table 4: Effect of peak demand charge on monthly peak (W) for households with different
low-carbon technologies.
(1) (2) (3) (4) (5) (6)

Full sample Electric Heat pump Heat pump Battery No LCTs
vehicle (main) (additional) storage

1{Postt = 1} × 1{Treat PDCi = 1} -51.40∗∗∗ -319.47∗∗∗ -29.37 -88.70 -147.55∗∗∗ -18.44
(-3.79) (-2.41) (-0.45) (-1.41) (-2.61) (-1.13)

Mean dep. var.: Monthly Peakit 2022 4142.44 6331.26 5083.59 4966.90 3861.69 3706.10
Joint test: all leads zero (p-value) 0.0031 0.4099 0.0172 0.7097 0.9750 0.1080
Observations 1,514,772 57,636 102,168 79,308 245,088 290,844
Households 42,077 1,600 2,838 2,203 6,808 8,079

Note: This table estimates the effects of peak demand charges on households’ monthly peaks (in watts) for households
with different low-carbon technologies over the period January 2022 - December 2024 in a difference-in-differences
framework. The introduction of the individual peak demand charges on January 1st, 2023 indicates the post period and
protected households on the social tariff serve as control group. Results are shown by low-carbon technology adoption
group, with group membership being non-exclusive. Results are presented for the TWFE-DID estimator with addi-
tional control variables. Control variables include grid withdrawals (kWh), solar capacity (kVA), solar injection (kWh),
battery storage size (kWh) and the dummy variables for the presence of heat pumps and electric vehicles. Household
fixed effects and time fixed effects are included. Households are classified based on the technologies installed prior
to January 2023. Households with heat pumps as main source of heating do not have significant gas consumption,
whereas households with heat pumps as additional source of heating also have significant gas consumption. Standard
errors are clustered at the household level. t-statistics in parentheses. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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(a) Households with electric vehicle ownership
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Figure 9. Estimates of the dynamic specification for the effect of peak demand charges on the house-
holds’ monthly peak (watts) for households with an electric vehicle or battery energy storage using
difference-in-differences. Three different estimators are used. First, the TWFE-DID estimator with indi-
vidual and month-of-sample fixed effects including control variables. Second, the IPW-DID estimator with
stabilized weights. Third, the Sant’Anna and Zhao (2020) Doubly Robust DID estimator. All coefficients
are estimated relative to December 2022, the month immediately preceding treatment. Standard errors are
clustered at the household level and vertical bars show 95% confidence intervals.

Peak demand charge level Table 5 presents estimates from an extended specification that
examines heterogeneity in treatment effects by the level of the peak demand charge. While peak
demand charges were introduced uniformly across Flanders on January 1st, 2023, the actual
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tariff levels vary by region, ranging from €35.18/kW-year to €50.05/kW-year in 2023 and from
€35.12/kW-year to €53.39/kW-year in 2024. To capture this variation, we define R̃ateit as the
deviation of a household’s peak demand charge rate from the annual average.

In Table 5, column (1) replicates our average treatment effect estimated with the TWFE-DID
specification. Columns (2) through (4) explore heterogeneity by interacting the treatment
indicator with household-level deviations from the average peak demand charge rate. The
overall interaction term is not statistically significant in column (2), and the year-specific analysis
in columns (3) and (4) reveals that the effect of the rate deviation is small and only becomes
marginally significant at the 10% level in 2024. Specifically, in that year, a one-euro/kW-year
increase in the deviation from the average rate is associated with a 2.75 watts additional reduction
in peak demand. These results suggest that unlike for the existence of peak demand charges, we
find no detectable evidence that the level of the peak demand charge has a meaningful significant
effect on the change of the peak, as in Prest (2020).

Table 5: Effect of peak demand charge rate on households’ monthly peaks (W)
Main Deviations

(1) (2) (3) (4)
All All 2023 2024

1{Postt = 1} × 1{Treat PDCi = 1} -51.40∗∗∗ -53.06∗∗∗ -58.08∗∗∗ -46.00∗∗∗

(-3.79) (-3.90) (-4.60) (-2.66)

1{Postt = 1} × 1{Treat PDCi = 1} × R̃ateit -1.311 -0.0921 -2.754∗

(-1.34) (-0.10) (-1.75)
Households 42,077 42,077 42,077 42,077

Note: This table estimates the effects of the peak demand charge rate on households’ monthly peaks (in watts) over
the period January 2022 - December 2024 in a difference-in-differences framework. The introduction of the indi-
vidual peak demand charges January 1st, 2023 indicates the post period and protected households on the social
tariff serve as control group. Each specification uses the TWFE-DID estimator. Column (1) estimates the treatment
effect for the full sample, and columns (2), (3) and (4) model add the deviation from the average peak demand
charge rate as a covariate. Column (3) pools the years 2022 and 2023, while column (4) pools the years 2022 and
2024. All specifications include control variables: grid withdrawals (kWh), solar inverter capacity (kVA), solar injec-
tion (kWh), battery storage size (kWh), heat pump and electric vehicle ownership. Furthermore, all specifications
include household and month-of-sample fixed effects. The unit of observation is household-month-of-sample. Stan-
dard errors are clustered at the household level. t-statistics in parentheses. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

5.2 Grid level effects

The effects of electrification, peak demand charges, and real-time pricing thus far leverage data
at the individual household-level. However, local distribution grids are sized to ensure meeting
peaks in coincident system peak demand, not peaks in individual demand (Joskow and Tirole,
2005; Fell et al., 2021; Schittekatte et al., 2023). Grid tariffs should thus provide an incentive to
spread consumption over time, particularly discouraging usage during periods of high coincident
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system peaks, in order to reduce the need for costly grid reinforcement and to enhance overall
system efficiency. This issue is becoming increasingly salient with the growing adoption of
electric vehicles, as simultaneous charging events can generate substantially higher load peaks
than conventional household appliances (Bailey et al., 2025b; Becker et al., 2025; Li and Jenn, 2024;
Powell et al., 2022).

For this reason, this section leverages the granularity of our dataset to assess how the individual
household-level effects of electrification, peak demand charges, and real-time prices scale to the
level of the distribution grid. Our approach proceeds in two steps. First, we generate synthetic
distribution circuit-level data through a procedure similar to Bailey et al. (2025b). Second, we
estimate local distribution grid effects of electrification, peak demand charges, and real-time pric-
ing through regression analysis. The circuit peak is a deterministic aggregation of the household
peaks whose causal response we identify in Section 5.1 using protected customers as controls.
The grid-level regressions do not exploit separate identifying variation, but they quantify how the
identified household responses aggregate to the level that drives distribution investment.

5.2.1 Electric vehicles and distribution grids

To simulate the effect of electric vehicle adoption on the distribution grid, we randomly assigned
households to distribution circuits comprising either 10 or 25 households. Within each distribu-
tion circuit, we vary the level of electric vehicle adoption ranging between 0%, 20%, 50%, 80%, or
100%.

To understand the potential impact of electric vehicle charging on the distribution grid, Figure
10 shows the distribution of monthly peak electricity demand across varying levels of electric
vehicle adoption. Across categories, we observe that monthly peak electricity demand increases
consistently with the percentage of households that has adopted an electric vehicle in the circuit.
At the monthly level, distribution circuits of 10 households with 0% electric vehicle adoption,
peak on average at 15.32 kW (31.01 kW for circuits with 25 households), while distribution circuits
with 100% electric vehicle adoption peak on average at 26.41 kW (51.34 kW for circuits with 25
households). We provide further descriptive statistics in Supplemental Appendix Tables D.1
and D.2. The coincidence factor, the ratio of the coincident circuit peak to the sum of individual
household peaks, stays roughly constant at about 0.41 across electric vehicle adoption levels.
Because this ratio does not fall as adoption rises, the larger individual peaks under high electric
vehicle adoption pass through into proportionally larger coincident peaks at the circuit level.

We quantify the relationship through a panel fixed effects regression model with the coincident
grid-level peak as the outcome variable, and a set of dummy variables indicating the share of elec-
tric vehicle adoption in the distribution feeder as the main explanatory variables. The model is
estimated using data from 2022 only, when no households were subject to peak demand charges.
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Figure 10. Kernel densities of coincident monthly peak demand (kW) at the circuit level in synthetic distribution
grids with 10 or 25 households per circuit. For each circuit, we vary electric vehicle adoption and compute the max-
imum coincident monthly peak (the maximum 15-minute aggregate load within each month). There are 550 unique
circuits with 10 households, and 225 unique circuits with 25 households. The densities summarize the distribution of
these peaks across simulated circuits.

The results from this estimation are shown in Table 6. Relative to circuits with 0% electric vehi-
cle adoption, circuits with 100% adoption exhibit monthly coincident peak loads that are 12.41
kW higher for circuits with 10 households and 16.02 kW higher for circuits with 25 households,
corresponding to a coincident peak increase of approximately 81%.

Table 6: Effect of electric vehicle adoption on synthetic distribution grid peaks
Percentage of households with EV

0% 20% 50% 80% 100%
PANEL A: 10 households

Peak (kW)
Monthly Ref. 2.619∗∗∗ 6.336∗∗∗ 9.915∗∗∗ 12.409∗∗∗

(7.37) (9.71) (10.19) (10.41)
Monthly mean dep. var. 15.32 17.64 21.04 24.15 26.41

PANEL B: 25 households
Peak (kW)
Monthly Ref. 3.200∗∗∗ 7.659∗∗∗ 12.800∗∗∗ 16.016∗∗∗

(3.78) (4.63) (4.81) (4.70)
Monthly mean dep. var. 31.01 34.98 40.81 47.24 51.34

Note: This table estimates the effects of electric vehicle adoption on synthetic distribution grid monthly peaks (in
kilowatts) over the period January 2022 - December 2022 in a panel fixed effects model. The distribution grid level
coincident monthly peak is aggregated over 10 households in Panel A or 25 households in Panel B. There are 550
unique circuits with 10 households, and 225 unique circuits with 25 households. The introduction percentage of
households with an electric vehicle indicates the treatment variable. We employ a TWFE model without control
group, but with additional control variables. Control variables include grid-level aggregate distributed solar pro-
duction (kWh), aggregate solar capacity installed (kVA), aggregate battery energy storage size installed (kWh), tem-
perature, and variables for the aggregate number of heat pumps in the distribution circuit. Fixed effects include
month-of-year fixed effects. Standard errors are clustered at the circuit level, ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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5.2.2 Electric vehicles and peak demand charges

We now explore how the introduction of peak demand charges has changed these monthly peaks
through a panel fixed effects regression model, with the coincident grid-level monthly peak as
outcome variable and a dummy variable indicating the post-treatment period as main explana-
tory variable. We further include an extensive set of circuit-level control variables, including the
number of households with heat pumps, electric vehicles, aggregate solar PV and battery energy
storage capacity installed, aggregate residential electricity production, and temperature. Fixed
effects include month-of-year and circuit fixed-effects.

The results from this exercise are shown in Table 7. The results indicate a statistically significant
reduction in coincident peaks in local distribution circuits following the introduction of peak
demand charges. Peak demand charges become more effective as electric vehicle adoption
increases. Moving from circuits with 0% to 100% electric vehicle adoption raises the estimated
reduction in the monthly coincident peak from 0.45 kW to 1.81 kW, implying an additional
1.36 kW reduction in highly electrified circuits. Expressed in levels, the 1.8 kW monthly peak
reduction in 100% electrified circuits represents a decline of approximately 6.8% relative to the
pre-treatment average monthly peak of 26.41 kW (see Supplemental Appendix Table D.1). The
effect scales with the size of the circuit: in circuits with 100% electric vehicle adoption and 25
connected households, the coincident peak declines by 3.09 kW, or 6.0% of the pre-treatment
average.

We translate these circuit-level reductions into avoided grid investment under a forward-looking
scenario of 50% electric vehicle adoption, well above the 5% penetration in our current sample.
Applied to projected grid reinforcement investments, the coincident-peak reduction corresponds
to approximately €48.7 million in avoided annual expenditure, or about €16.40 per household
per year8. We emphasize that this is a scenario value at intermediate electric vehicle penetration
levels9, not a benefit realized at current adoption levels, and that it assumes the peak reduction
maps proportionally into investment savings. Distribution investment is lumpy and local, so the
realized relationship between coincident-peak reductions and avoided capital expenditures will
depend on which feeders are near their capacity limits.

In Supplemental Appendices D.3 and D.4 we provide similar analysis, now for circuits with in-

8This result is based on investment projections in Fluvius (2025), who estimate overall grid reinforcement invest-
ments for the period 2026-2035, amounting to €1 billion per year. Based on our estimates, peak demand charges at
intermediate levels of 50% electric vehicle adoption lead to an overall circuit-level peak reduction 4.87%, which we
assume translates directly to a reduction in required overall investments of 4.87%. These assumptions result in €48.7
million of avoided investments per year, which we then divide equally across the 2.973 million households in Flanders
(Statistiek Vlaanderen, 2025)

9Fluvius (2025) projects 2 million electric vehicles in Flanders by 2035 under a low-adoption scenario, 2.45 million
under a medium-adoption scenario, and 3.45 million under a high-adoption scenario. In all scenarios, electric vehicles
account for over 50% of total mobility by 2035. In the high-adoption scenario of 1.9 million electric vehicles by 2030,
electric vehicles account for close to 50% of total mobility by 2030 already.
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Table 7: Effect of peak demand charges on synthetic distribution grid peaks by electric vehicle
adoption level

Percentage of households with electric vehicle
0% 20% 50% 80% 100%

PANEL A: 10 households
Peak (kW)
Monthly -0.453∗∗∗ -0.824∗∗∗ -1.511∗∗∗ -1.847∗∗∗ -1.810∗∗∗

(-4.58) (-4.97) (-6.20) (-6.60) (-5.24)
Monthly mean dep. var. 15.32 17.64 21.04 24.15 26.41

PANEL B: 25 households
Peak (kW)
Monthly -0.508∗∗ -0.798∗∗ -1.988∗∗∗ -1.861∗∗ -3.093∗∗∗

(-2.10) (-2.14) (-3.59) (-2.32) (-3.23)
Monthly mean dep. var. 31.01 34.98 40.81 47.24 51.34

Note: This table estimates the effects of peak demand charges on synthetic distribution grid monthly peaks (in
kilowatts) by electric vehicle adoption level over the period January 2022 - December 2024 in a panel fixed effects
model. The distribution grid level coincident monthly peak is aggregated over 10 households in Panel A or 25
households in Panel B. The introduction of individual peak demand charges on January 1st, 2023 indicates the
post period. We employ a TWFE model without control group, but with additional control variables. Control
variables include grid-level aggregate distributed solar production (kWh), aggregate withdrawals (kWh), aggregate
solar capacity installed (kVA), aggregate battery energy storage size installed (kWh), temperature, and variables for
the aggregate number of heat pumps and electric vehicles in the distribution circuit. Fixed effects include circuit and
month-of-year fixed effects. Standard errors are clustered at the circuit level, ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

creased uptake of heat pumps or residential battery energy storage. For heat pumps we find
similar results, although the reduction of the circuit-level peak after the introduction of peak de-
mand charges is smaller for heat pumps than for electric vehicles in circuits with 10 households
and 100% adoption. For larger circuits with 25 households and 100% heat pump adoption, the
result turns insignificant. In circuits with higher levels of battery energy storage adoption, we
find that battery installation itself reduces circuit-level coincident peaks. However, additionally
introducing peak demand charges does not further reduce monthly peak demand in these circuits.

5.2.3 Real-time pricing

In Figure 11, we examine how the introduction of real-time pricing affects coincident monthly
peak demand at the circuit level. The figure displays the distribution of monthly peak loads
across synthetic circuits comprising 10 or 25 households, stratified by varying levels of real-time
pricing adoption (0%, 1-20%, 20-50%, 50-80%, or 100%). Importantly, real-time pricing adoption is
staggered over time, and the share of adopters in each circuit increases throughout the sampling
period. Consequently, circuits with higher real-time pricing adoption are disproportionately
observed later in the panel, introducing potential confounding due to seasonality, technology
adoption or underlying time trends in electricity demand. While these descriptive results provide
suggestive insights, they should be interpreted with caution given this potential confounding bias.

Across adoption levels, Figure 11 shows a modest increase in coincident monthly peaks at the
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distribution level, although the effect is markedly less pronounced than that observed for electric
vehicle adoption. Specifically, in circuits where none of the 10 connected households has adopted
real-time pricing, the average monthly coincident peak is 18.92 kW. This rises to 24.17 kW in
circuits where all connected households have adopted real-time pricing. Additional summary
statistics are provided in Supplemental Appendix Tables D.3 and D.4.

We next examine how real-time pricing adoption affects coincident peak demand in a regression
framework, controlling for adoption of low-carbon technologies, temperature and aggregate so-
lar PV production and including month-of-year fixed effects. We thus exploit variation between
circuits and within the same circuit over time. Table 8 presents results from a panel fixed effects
regression model, estimating the impact of varying levels of real-time pricing penetration within
synthetic distribution circuits of 10 and 25 households. We include data from January 2023 to De-
cember 2024, meaning that throughout, all real-time pricing adoption households are also subject
to peak demand charges. Across both circuit sizes, we find limited evidence that real-time pricing
also increases peak demand at the grid level. While the monthly peak demand increases modestly
at higher adoption levels, the effects are small and are mostly not statistically significant. These
findings suggest that, after controlling for technology adoption, the impact of real-time pricing in
our setting with peak demand charges in place is currently modest.
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Figure 11. Kernel densities of coincident monthly peak demand (kW) at the circuit level in
synthetic distribution grids with 10 or 25 households per circuit. For each circuit, we vary real-time
pricing participation rates and compute the maximum coincident monthly peak (the maximum
15-minute aggregate load within each month). There are 550 unique circuits with 10 households,
and 225 unique circuits with 25 households. The densities summarize the distribution of these
peaks across simulated circuits.

5.3 Daily load profile

After documenting treatment effects on monthly peak demand at both the household and
distribution-circuit levels, we turn to the underlying behavioral responses using full daily load
profiles. This section examines how households adjust consumption patterns in ways that trans-
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Table 8: Effect of real-time pricing adoption on synthetic distribution grids
Percentage of households with active real-time pricing contract

0% 1-20% 20-50% 50-80% 80-100%
PANEL A: 10 households

Peak (kW)
Monthly Ref. 0.138 0.353∗ 0.667∗∗∗ 1.049∗∗∗

(1.02) (1.87) (2.69) (3.28)
Monthly mean dep. var. 15.79 16.49 17.35 18.55 20.60

PANEL B: 25 households
Peak (kW)
Monthly Ref. 0.267 0.359 0.811 1.039

(0.81) (0.83) (1.55) (1.59)
Monthly mean dep. var 31.96 33.07 33.96 36.77 38.95

Note: This table estimates the effects of real-time pricing adoption on synthetic distribution grid monthly peaks (in kilo-
watts) over the period January 2023 - December 2024 in a panel fixed effects model. The distribution grid level coincident
monthly peak is aggregated over 10 households in Panel A or 25 households in Panel B. There are 550 unique circuits with
10 households, and 225 unique circuits with 25 households. We employ a TWFE model with additional control variables.
Control variables include grid-level aggregate distributed solar production (kWh), aggregate grid withdrawals (kWh), ag-
gregate solar capacity installed (kVA), aggregate battery energy storage size installed (kWh), temperature, and variables for
the aggregate number of heat pumps and electric vehicles in the distribution circuit. Fixed effects include month-of-year
fixed effects. Standard errors are clustered at the circuit level, t-statistics in parenthesis, ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

late into monthly peaks, with particular attention to key enablers of demand response such as
automation and access to information (Jessoe and Rapson, 2014; Bollinger and Hartmann, 2020;
Blonz et al., 2025). We focus on two groups that face strong financial incentives under peak de-
mand charges. We begin with households that voluntarily adopted real-time pricing, and then
analyze the responses of electric vehicle owners to peak demand charges.

5.3.1 Real-time pricing and peak demand

When discussing the effect of real-time pricing on peaks, we documented an increase in monthly
peak electricity demand for households on real-time pricing. Supplemental Appendix Figure B.1
presents average month-by-hour day-ahead prices in Belgium for 2023 and 2024. These form the
basis for residential real-time pricing contracts. We observe systematically higher prices in winter.
Further, there is pronounced intraday variation: prices are lowest during summer daytime hours,
consistent with solar PV generation, and peak in the early evening, typically between 17:00 and
20:00, when system demand is highest. For households on real-time pricing, these fluctuations
map directly into electricity costs. The average maximum intraday spread is 90.13 €/MWh in
2023 and 91.79 €/MWh in 2024.

Figures 12a and 12b report average hourly household electricity demand (grid withdrawals, in
kWh/hour) for adopters of real-time pricing. The load profiles are consistent with intraday load-
shifting in response to real-time prices. Following adoption, households reduce demand dur-
ing evening peak hours and increase withdrawals during nighttime hours, especially in winter
months, indicating a shift of load toward lower-priced periods. In summer months, the observed
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shift is less pronounced. We formalize these findings by estimating Equation 7, estimating the
change in electricity demand after the uptake of a real-time pricing contract. Table 9 reports the
coefficient estimates. The first row considers total daily electricity demand for grid withdrawals
and shows no statistically meaningful effect of real-time pricing on aggregate daily demand. The
remaining rows decompose demand into predefined time blocks. For example, the fourth row
aggregates peak hour demand and indicates an average peak hour demand reduction of 0.125
kWh per day following adoption, while demand during night hours increases sharply with 0.576
kWh per day. In winter, the peak hour demand reduction is more pronounced and adds up to
0.519 kWh. In total, during winter months, there is a shift of around 1 kWh from the morning and
evening peak to nighttime hours.
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Figure 12. Average hourly demand for electricity grid withdrawals (in kWh) for households
adopting real-time pricing, comparing demand before and after adoption. Note: the figure is based
on an unbalanced sample of 1,061 households that adopted a real-time pricing contract during the
sample period. Households switched to real-time pricing at different dates.

5.3.2 Electric vehicles, solar panels and peak demand charges

In this section, we present evidence showing the load shifting dynamics in response to the
introduction of peak demand charges for electric vehicle-owning households. Figures 13a and
13b present descriptive load profiles, showing households again increase nighttime demand
for grid withdrawals after the introduction of the peak demand charges scheme, while peak
hour electricity demand reduces. In Table 10, we formalize the effect estimation using only
households that already owned an electric vehicle before January 2023. There is no evidence of
a reduction in total daily electricity use following the introduction of the peak demand charge.
Instead, the response is characterized by reallocation across hours of the day. Specifically,
in winter months, electric vehicle owning households reduce grid withdrawals by 0.4 kWh
in the morning and 0.256 kWh in the evening peak, alongside additional reductions during
morning and afternoon hours. An offsetting effect is observed at night. The overall shift of load
amounts to roughly 0.75 kWh per day. In summer months, we do not find statistically significant
evidence of systematic load shifting, likely driven by self-production with residential solar PV.
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Replacing demand for grid withdrawals with demand for total consumption (withdrawals plus
self-production minus injections) yields similar patterns, as shown in Supplemental Appendix E.2.

Table 9: Load shifting in response to switching to real-time pricing
(1) (2) (3)
All Winter Summer

Total grid withdrawals:
All hours 0.405 0.0739 0.661

(1.45) (0.10) (1.21)
Morning hours (06.00 - 12.00) -0.127∗∗ -0.438∗∗ 0.0771

(-2.15) (-2.22) (0.61)
Afternoon hours (12.00 - 17.00) 0.0662 -0.318 0.304∗∗

(1.02) (-1.64) (2.12)
Peak hours (17.00 - 20.00) -0.125∗∗ -0.519∗∗∗ -0.0538

(-2.48) (-3.77) (-0.44)
Night hours (22.00 - 06.00) 0.576∗∗∗ 1.442∗∗∗ 0.341

(3.73) (3.61) (1.21)
Households 1,061 1,061 1,061

Note: The grid withdrawals (kWh) in a block of hours over the day over the period January 2023 - December 2024 are
regressed in a multi-way fixed effects difference-in-difference (MWFE-DID). The regression is based on a sample of
1,061 households that adopt real-time pricing throughout the sample period. The uptake of real-time prices indicates
the post period and not-yet-treated households serve as control group. The model is estimated for the full sample,
and the different seasons separately. The unit of observation is household-day-of-sample. Control variables include
daily variables for temperature, dummy variables for the presence of heat pumps interacted with month-of-year indi-
cators, dummy variables for the presence electric vehicles interacted with month-of-year indicators, and continuous
solar capacity (kVA), solar production (kWh), storage capacity (kWh) variables, interacted with month-of-year indica-
tors. Fixed effects include month-of-sample, household × month-of-year and household × day-of-week fixed effects.
Standard errors are clustered at the household level. t-statistics in parentheses. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Figure 13. Average hourly demand for electricity grid withdrawals (in kWh) for electric vehicle adopters before
and after the introduction of peak demand charges. Note: the figure is based on a balanced sample of 175 households
that adopted an electric vehicle before January 1, 2022. Consequently, all households in the sample owned an electric
vehicle throughout 2022 (the pre-reform period) and the post-reform period following the introduction of peak demand
charges.
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Table 10: Load shifting for electric vehicle owners in response to individual peak demand charges
(1) (2) (3)
All Winter Summer

Total grid withdrawals:
All hours 0.365 -0.421 0.807

(0.87) (-0.58) (1.54)
Morning hours (06.00 - 12.00) -0.0152 -0.400∗∗∗ 0.203

(-0.15) (-2.61) (1.44)
Afternoon hours (12.00 - 17.00) 0.000467 -0.353 0.157

(0.00) (-1.64) (1.39)
Peak hours (17.00 - 20.00) -0.0501 -0.256∗ 0.0843

(-0.57) (-1.91) (0.68)
Night hours (22.00 - 06.00) 0.464∗∗ 0.750∗ 0.292

(2.16) (1.68) (1.34)
Households 2,021 2,021 2,021

Note: The daily grid withdrawals (kWh) in a block of hours over the day over the period January 2022 - December
2024 are regressed in a multi-way fixed effects difference-in-difference (MWFE-DID) regression. The regression is
based on a balanced sample of 2,021 households, who adopted their electric vehicle before January 1st, 2023. The
introduction of individual peak demand charges on January 1st, 2023 indicates the post period and protected house-
holds serve as control group. The model is estimated for the full sample, and the different seasons separately. The
unit of observation is household-day-of-sample. Control variables include daily variables for temperature, dummy
variables for the presence of heat pumps interacted with month-of-year indicators, dummy variables for the pres-
ence electric vehicles two-way interacted with month-of-year and treatment indicators, and continuous solar capacity
(kVA), solar production (kWh), storage capacity (kWh) variables, interacted with month-of-year indicators. Fixed ef-
fects include month-of-sample, household × month-of-year and household × day-of-week fixed effects. Standard
errors are clustered at the household level. t-statistics in parentheses. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Several mechanisms may explain the effects we observe. First, the introduction of peak demand
charges appears to shift electricity consumption from peak to off-peak hours, particularly during
the night. Such load-shifting behavior reduces household-level monthly peaks, thereby lowering
the peak component of the electricity bill. Similar patterns have been documented in response
to time-of-use pricing schemes for electric vehicle owners in Arizona (Qiu et al., 2022) and the
Netherlands (van Montfoort et al., 2026), and price incentive programs in Australia (La Nauze
et al., 2024). Second, we find that this nighttime charging effect diminishes during the summer
months. This likely reflects a pre-existing incentive for solar self-consumption among households
that already owned both electric vehicles and solar panels prior to the grid charge reform (Liang
et al., 2022; La Nauze et al., 2024).

Finally, we emphasize the following. In our main analysis, we show that peak demand charges
reduce monthly peak demand, particularly among electric vehicle-owning households. By con-
trast, real-time pricing increases peak electricity demand. Despite this difference, both treatments
induce load shifting toward night hours. This pattern is not contradictory (see Supplemental Ap-
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pendix Figure E.7). Electric vehicle-owning households subject to peak demand charges exhibit
substantially higher baseline peaks than the average household adopting real-time pricing. Al-
though the electric vehicle-owning households shift average load to the night, the resulting night-
time peak demand does not increase above the original household-peak. Hence, overall peak load
declines because off-peak usage rises. In contrast, households switching to real-time pricing be-
gin with relatively flat peak profiles. For these households, shifting demand toward low-price
periods, both night and afternoon hours, can raise overall peak demand.

6 Conclusion

The transition to a zero-carbon energy system is changing how electricity is priced and consumed.
Real-time pricing promotes efficiency by aligning consumption with temporal variations in the
marginal cost of electricity production, encouraging demand shifts toward periods of lower
supply costs (Borenstein, 2005; Burkhardt et al., 2023). We emphasize a second, increasingly
important constraint: local distribution network capacity. Rising residential electrification is
intensifying coincident peak demand at the local distribution level, accelerating the need for
costly grid upgrades (Bailey et al., 2025b; Powell et al., 2022). Time-of-use charges and real-time
pricing may exacerbate these challenges by inducing synchronized consumption responses to
low wholesale prices.

Using high-frequency consumption data of over 42,000 low-voltage consumers in Flanders, we
find that electrification through electric vehicle adoption increases peak electricity demand by
around 2 kW. Heat pump adoption leads to a more limited average increase of 0.15 kW, rising
to 0.4 to 0.6 kW in winter months. Real-time pricing increases monthly peaks by around 0.075
kW, with effects roughly twice as large for households with low-carbon technologies. To address
these peaks, individual peak demand charges are effective at reducing coincident monthly peaks
at both the household and distribution-grid level. Their average effect at the household level is
51 to 118 watts, 1 to 3 percent of the pre-treatment average, driven by a sharp reduction in the
first post-treatment months that is robust to plausible differential trends. The averaged effect
dissipates over time but is persistent for households with electric vehicles.

Households with an electric vehicle show the most pronounced peak reduction of 320 watts, or
5 percent of their average pre-treatment monthly peak, an effect that remains stable over time.
This reduction of monthly peak electricity demand is obtained largely through load shifting
to night hours, with a shift of up to 0.75 kWh per day in winter months. The individual-level
effects translate to lower local grid peaks, especially when more of the connected households own
electric vehicles. The impact of real-time prices remains relatively limited at the grid level.

Rather than generating conflicting incentives, we argue that the two pricing mechanisms can
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operate in a complementary manner when carefully designed: real-time pricing addresses
energy system efficiency by signaling marginal production costs (Fabra et al., 2021; Allcott, 2011;
Borenstein, 2005), while peak demand charges internalize distribution-level constraints that are
otherwise invisible to consumers (Bailey et al., 2025b; Becker et al., 2025; Powell et al., 2022).
In increasingly automated households (Bollinger and Hartmann, 2020; Blonz et al., 2025), this
complementarity becomes increasingly important for demand-side flexibility that does not violate
local grid constraints.

While we argue that peak demand charges are justified as a means of containing future grid
investments, their role in cost recovery for distribution and transmission system operators has
long been debated. Under the standard assumption that fixed system costs are sunk and tariffs
serve to recover them, Borenstein (2016) and Schittekatte et al. (2018) argue that peak demand
charges are inefficient. More recently, with the increasing adoption of electric vehicles, this
premise might no longer hold, as future grid expansions depend inherently on demand flexibility
(Baldick, 2018). In this context, flat volumetric tariffs are not cost-reflective: by raising the
marginal price uniformly across all hours and locations—often even beyond the marginal social
cost of producing electricity (Borenstein and Bushnell, 2022)—they distort consumption decisions
without addressing the specific times and places where capacity is scarce (Pérez-Arriaga et al.,
2017). By contrast, locational marginal pricing (LMP) directly incorporates the marginal cost
of congestion at each node at the transmission level, and thus provides efficient incentives for
demand flexibility and investment (Kolesar, 2023), but no comparable nodal price exists at the
distribution level, where the capacity constraints we study bind. In practice, many utilities rely on
time-of-use tariffs, which shift demand into predefined off-peak periods. These schedules often
fail to align with actual system conditions and, under widespread electric vehicle adoption, can
even exacerbate simultaneity in charging demand (Bailey et al., 2025b; Turk et al., 2025). Against
this background, Turk et al. (2025) show that ex-post peak demand charges offer a promising
alternative, as these charges strike a balance: they limit the cost of charging electric vehicles, while
also mitigating the need for costly grid expansion and thus lowering costs for households without
electric vehicles. We extend this insight by noting that peak demand charges can coexist with
production-cost based signals, such as real-time pricing, ensuring that consumers face incentives
consistent with both generation and network constraints. Nevertheless, Turk et al. (2025) argue
that capacity subscription charges, where consumers choose an ex-ante kW limit, further reduce
cognitive burden and protect households against bill volatility compared to ex-post peak demand
charges.

These findings contribute to a growing literature recognizing the importance of aligning price sig-
nals across the electricity supply chain to address both production and network-level challenges.
More broadly, our findings highlight a challenge inherent in vertically structured electricity mar-
kets: the coexistence of multiple tariff components makes coordination across different stages of
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the supply chain – generation, transmission, and distribution – a necessary condition for avoiding
unintended outcomes such as inefficient load shifting or the exacerbation of network constraints.
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Supplemental Appendix

This appendix contains supplementary derivations for the conceptual framework (Appendix A),
additional descriptive statistics (Appendix B), additional econometric results for the main speci-
fication on individual-level effects (Appendix C), aggregated grid-level effects (Appendix D) and
mechanisms using daily load profiles (Appendix E).
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A Supplementary Derivations: Conceptual Framework

A.1 Baseline scenario

Setup Assume demand QD and supply QS for electricity are given by:

Qd = D(P ) + e, D′(P ) < 0,

Qs = S(P ) + qrenewable, S′(P ) > 0,

where demand is a decreasing function of the market price P and can shift with the level of res-
idential electrification, e, modelled as an additive demand shock. Electricity supply consists of
renewable generation, which has zero marginal cost qrenewable and fossil generation, which has a
positive marginal cost, and increases with P . Market equilibrium is defined by Q∗ = Qd = Qs or
equivalently,

D(P ∗) + e = S(P ∗) + qrenewable. (A.1)

Comparative statics We can rewrite the equilibrium condition implicitly by defining
F (P ∗, e, qrenewable) ≡ D(P ∗) + e− S(P ∗)− qrenewable = 0. We examine the comparative statics for
an outward shift of the demand curve through electrification and an outward shift of the supply
curve through increased generation of renewables. Totally differentiating F (P ∗, e, qrenewable) = 0

yields
∂F

∂P
dP ∗ +

∂F

∂e
de+

∂F

∂qrenewable
dqrenewable = 0,

which implies [
D′(P ∗)− S′(P ∗)

]
dP ∗ + de− dqrenewable = 0.

Solving for the effect of the supply and the demand shock on the equilibrium price using the
implicit function theorem gives

dP ∗

dqrenewable
= −∂F/∂qrenewable

∂F/∂P ∗ =
−(−1)

D′(P ∗)− S′(P ∗)
=

1

D′(P ∗)− S′(P ∗)
, (A.2)

dP ∗

de
= − ∂F/∂e

∂F/∂P ∗ =
−1

D′(P ∗)− S′(P ∗)
. (A.3)

From the supply function it follows that the equilibrium quantity changes according to

dQ∗

dqrenewable
= S′(P ∗)

dP ∗

dqrenewable
+ 1 =

S′(P ∗)

D′(P ∗)− S′(P ∗)
+ 1 =

D′(P ∗)

D′(P ∗)− S′(P ∗)
, (A.4)

dQ∗

de
= S′(P ∗)

dP ∗

de
= − S′(P ∗)

D′(P ∗)− S′(P ∗)
. (A.5)
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Since D′(P ∗) < 0 and S′(P ∗) > 0, the denominator is negative, implying the signs of the shocks:
• dP ∗/dqrenewable < 0 and dQ∗/dqrenewable > 0,
• dP ∗/de > 0 and dQ∗/de > 0.

Link with elasticities Define the (absolute value of the) price elasticity of demand and the price
elasticity of supply as

|εd| = −D′(P ∗)
P ∗

Q∗ ⇔ D′(P ∗) = −|εd|
Q∗

P ∗ ,

S′(P ∗) = εs
Q∗

P ∗ ⇔ S′(P ∗) = εs
Q∗

P ∗ .

Substituting gives

dP ∗

dqrenewable
= −P ∗

Q∗
1

|εd|+ εs
, (A.6)

dQ∗

dqrenewable
=

|εd|
|εd|+ εs

, (A.7)

dP ∗

de
=

P ∗

Q∗
1

|εd|+ εs
, (A.8)

dQ∗

de
=

εs
|εd|+ εs

. (A.9)

Linear supply and demand Assume now linear supply and demand. The general demand and
supply functions then reduce to

Qd = D(P ) + e = e− βP,

Qs = S(P ) + qrenewable = qrenewable + bfossilP.

Then D′(P ∗) = −β and S′(P ∗) = bfossil, and the comparative static conditions reduce to

dP ∗

dqrenewable
=

1

−β − bfossil
= − 1

β + bfossil
,

dQ∗

dqrenewable
=

−β

−β − bfossil
=

β

β + bfossil
,

dP ∗

de
=

−1

−β − bfossil
=

1

β + bfossil
,

dQ∗

de
=

bfossil
β + bfossil

.
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A.2 Coincident peak demand charges

Setup Assume demand QD and supply QS for electricity are given by:

Qd = D(P, cQ) + e, DP < 0, DcQ < 0,

Qs = S(P ) + qrenewable, S′(P ) > 0,

where demand is a decreasing function of the market price P and of the total consumption Q (due
to a coincident peak demand charge) with c ≥ 0, and e is an additive demand shock. Electric-
ity supply consists of renewable generation, which has zero marginal cost qrenewable, and fossil
generation, which has positive marginal cost and increases with P . For the demand function, we
now define explicitly two partial derivatives: DP ≡ ∂D/∂P < 0 and DcQ ≡ ∂D/∂(cQ) < 0,
with the latter representing the demand response to the coincident peak demand charge. Market
equilibrium is defined by Q∗ = Qd = Qs or equivalently,

D(P ∗, cQ∗) + e = S(P ∗) + qrenewable. (A.10)

Comparative statics In analogy with before, we can rewrite the equilibrium condition implicitly
by defining:

G(P ∗, qrenewable, e) ≡ D(P ∗, cQ∗) + e− S(P ∗)− qrenewable = 0, Q∗ = S(P ∗) + qrenewable.

After substitution of the equilibrium quantity from the supply side into the demand function, the
implicit equilibrium condition becomes:

G(P ∗, qrenewable, e) ≡ D(P ∗, c · (S(P ∗) + qrenewable)) + e− S(P ∗)− qrenewable = 0.

This is analogous to before, but now additionally reflecting the feedback effect from equilibrium
quantity into demand. Totally differentiating G(P ∗, qrenewable, e) = 0 gives

∂G

∂P ∗dP
∗ +

∂G

∂qrenewable
dqrenewable +

∂G

∂e
de = 0.
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Before applying the implicit function theorem, we first explicitly compute the partial derivatives.
These are non-trivial, because they depend on a chain rule, reflecting exactly the feedback effect
from equilibrium quantity on demand.

∂G

∂P ∗ = DP + DcQ︸︷︷︸
Outer derivative

· c · S′(P ∗)︸ ︷︷ ︸
Inner derivative

−S′(P ∗),

∂G

∂qrenewable
= DcQ︸︷︷︸

Outer derivative

· c︸︷︷︸
Inner derivative

−1,

∂G

∂e
= 1,

Solving for the effect of the supply and the demand shock on the equilibrium price using the
implicit function theorem gives

dP ∗

dqrenewable
= −∂G/∂qrenewable

∂G/∂P ∗ =
1− cDQ

DP + cDQS′ − S′ , (A.11)

dP ∗

de
= − ∂G/∂e

∂G/∂P ∗ = − 1

DP + cDQS′ − S′ . (A.12)

From the supply function it follows that the equilibrium quantity changes according to

dQ∗

dqrenewable
= S′ dP ∗

dqrenewable
+ 1 =

S′(1− c ·DcQ)

DP + c ·DcQ · S′ − S′ + 1 =
DP

DP + c ·DcQ · S′ − S′ , (A.13)

dQ∗

de
= S′dP

∗

de
= − S′

DP + c ·DcQ · S′ − S′ . (A.14)

Linear supply and demand example Assume linear supply and demand with a coincident peak
demand charge. Demand and supply equations reduce to:

D(P, cQ) + e = e− βP − γcQ,

S(P ) = qrenewable + bfossilP.

Then DP = −β, DcQ = −γ, S′ = bfossil, and the comparative statics reduce to:

dP ∗

dqrenewable
= − 1 + γc

β + bfossil + γcbfossil
,

dQ∗

dqrenewable
=

β

β + bfossil + γcbfossil
,

dP ∗

de
=

1

β + bfossil + γcbfossil
,

dQ∗

de
=

bfossil
β + bfossil + γcbfossil

.
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B Supplementary Descriptives

B.1 Real-time prices

Figure B.1 displays heatmaps for day-ahead electricity price by hour of day and month of year
for 2023 and 2024 in Belgian and other European bidding zones. Prices exhibit clear seasonal
and within-day variation, with higher prices concentrated during winter evenings and lower
prices during midday hours, especially in the summer months. The patterns are somewhat less
pronounced in 2024, reflecting milder price volatility compared to 2023.

Figure B.2 shows correlation matrices for pairwise correlation between day-ahead electricity prices
(€/MWh) for four European bidding zones. Correlations are high, ranging from between 0.7 to
0.97. Finally, Figure B.3 plots correlation matrices between day-ahead electricity prices, total load
and total renewables generation. Prices correlate negatively with renewables generation, but pos-
itively with total load.
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(b) Bidding Zone Belgium, 2024
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(c) Bidding Zone Netherlands, 2023
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(d) Bidding Zone Netherlands, 2024
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(e) Bidding Zone France, 2023
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(g) Bidding Zone Germany-Luxembourg, 2023
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(h) Bidding Zone Germany-Luxembourg, 2024

Figure B.1. Heatmaps for hour-by-month average day-ahead electricity prices (€/MWh).
Source: ENTSO-E Transparency Platform
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Figure B.2. Correlation matrix for pairwise correlation between day-ahead electricity prices
(€/MWh) for four European bidding zones (BE, DE-LU, FR, NL). Source: ENTSO-E Transparency
Platform
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Figure B.3. Correlation matrix for pairwise correlation between day-ahead electricity prices
(€/MWh), actual total load (MWh) and actual total renewables generation (solar, offshore wind,
onshore wind, MWh). Source: ENTSO-E Transparency Platform
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B.2 Sample composition - Individual peak demand charges

Table B.1 summarizes the smart meter readings for the 42,077 households included in our sample
for the evaluation of peak demand charges. We summarize meter readings for total monthly grid
withdrawals, total monthly grid injection and monthly peak electricity demand.

Table B.2 describes the composition of the 42,077 households that are included in our final sample
for the evaluation of peak demand charges. We present summary statistics separately for the
treatment and control group. Columns (1) shows the total number of households included in the
final sample. Columns (2) and (3) presents the household counts separately for the treated and
control group. The control group consists of the protected households that are not exposed to
the introduction of peak demand charges. Finally, column (4) represents the same results, but
now represented as the percentage of households adopting a specific combination of low-carbon
technologies. Percentages are computed separately for each year. Columns (5) and (6) further split
up the sample into treated and control households.
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Table B.1: Descriptive statistics: smart meter data
Treated Mean Std 25% 50% 75%
Monthly peak withdrawal [W] 4,152 1,821 2,990 3,886 4,963
Monthly peak withdrawal (2022) [W] 4,148 1,752 3,040 3,924 4,952
Monthly peak withdrawal (2023) [W] 4,051 1,753 2,926 3,801 4,854
Monthly peak withdrawal (2024) [W] 4,257 1,944 3,005 3,934 5,087
Grid withdrawals per month [kWh] 256 191 130 210 326
Grid withdrawals per month (2022) [kWh] 251 182 132 209 319
Grid withdrawals per month (2023) [kWh] 248 184 126 204 319
Grid withdrawals per month (2024) [kWh] 268 205 132 216 344
Grid injection per month [kWh] 165 206 0 76 277
Grid injection per month (2022) [kWh] 177 223 0 74 307
Grid injection per month (2023) [kWh] 167 210 0 78 277
Grid injection per month (2024) [kWh] 151 184 0 74 252

Control Mean Std 25% 50% 75%
Monthly peak withdrawal [W] 4,016 1,626 2,926 3,847 4,865
Monthly peak withdrawal (2022) [W] 4,020 1,557 2,984 3,884 4,860
Monthly peak withdrawal (2023) [W] 3,968 1,590 2,892 3,798 4,804
Monthly peak withdrawal (2024) [W] 4,059 1,726 2,905 3,856 4,931
Grid withdrawals month [kWh] 267 185 141 227 345
Grid withdrawals month (2022) [kWh] 266 181 144 227 341
Grid withdrawals month (2023) [kWh] 263 180 139 224 341
Grid withdrawal month (2024) [kWh] 272 194 140 229 353
Grid injection month [kWh] 121 188 0 10 193
Grid injection month (2022) [kWh] 130 205 0 2 215
Grid injection month (2023) [kWh] 121 189 0 11 191
Grid injection month (2024) [kWh] 111 169 0 16 179

Note: Descriptive statistics for the smart meter data included in the main analysis. This table
reports household-month statistics. There are 1,514,772 observations for 42,077 households,
40,630 treated households and 1,717 control households.
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Table B.2: Descriptive statistics: sample composition
(1) (2) (3) (4) (5) (6)

Households Households Households % % %
(All) (Treated) (Control) (All) (Treated) (Control)

1-1-2022
EV 175 173 2 0.4% 0.4% 0.1%
PV 26,613 25,774 839 63.2% 63.9% 48.9%
HP 615 601 14 1.4% 1.5% 0.8%
Battery 3,845 3,722 123 9.1% 9.2% 7.1%
Total 42,077 40,360 1,717

1-1-2023
EV 2,023 1,957 66 4.8% 4.8% 3.8%
PV 29,199 28,287 912 67.2% 72.3% 53.1%
HP 7,257 6,990 267 17.2% 17.3% 15.5%
Battery 6,859 6,636 223 16.3% 16.4% 12.9%
Total 42,077 40,360 1,717

All Total 42,077 40,360 1,717

Note: Characteristics of the households studied. This table reports household-level statistics. There
are 42,077 households observed for the full three year period from 2022 up to and including 2024.
We classify the households based on low-carbon technology adoption. Percentages represent the
proportion of households with a specific type of low-carbon technology adoption, relative to the
total number of households in the metering regime.
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B.3 Sample composition - Individual peak demand charges - Electric Vehicles

Table B.3: Descriptive statistics for electric vehicle owning households
Mean Std 25% 50% 75%

Monthly peak withdrawal [W] 6,090 2,485 4,384 5,740 7,410
Monthly peak withdrawal (2022) [W] 6,153 2,655 4,320 5,704 7,536
Monthly peak withdrawal (2023) [W] 5,980 2,368 4,361 5,678 7,277
Monthly peak withdrawal (2024) [W] 6,137 2,419 4,476 5,847 7,448
Grid withdrawals per month [kWh] 425 267 226 379 577
Grid withdrawals per month (2022) [kWh] 398 260 208 350 536
Grid withdrawals per month (2023) [kWh] 425 262 228 382 580
Grid withdrawals per month (2024) [kWh] 451 275 243 405 614
Grid injection per month [kWh] 210 225 20 137 337
Grid injection per month (2022) [kWh] 238 244 22 169 389
Grid injection per month (2023) [kWh] 206 225 18 132 329
Grid injection per month (2024) [kWh] 186 200 19 117 298
Solar PV (01-01-2023) 0.84 0.37 1.00 1.00 1.00
Battery storage (01-01-2023) 0.21 0.41 0.00 0.00 0.00
Electric vehicle (01-01-2023) 1.00 0.00 1.00 1.00 1.00
Heat pump (01-01-2023) 0.53 0.50 0.00 1.00 1.00
Average solar capacity (2023) [kVA] 4.96 1.85 3.68 5.00 5.60
Average battery size (2023) [kWh] 9.88 3.45 8.80 10.00 10.60
Average battery power (2023) [kW] 4.98 1.93 3.00 5.00 5.00

Note: Descriptive statistics for the smart meter data and sample composition for the households owning an
electric vehicle before January 1st, 2023, prior to the introduction of peak demand charges. This table reports
household-month statistics.

      208       196

      901       914

      598       643

      205       198
      111        72

Before PDC introduction After PDC introduction

> 10 kW 8 - 10 kW 6 - 8 kW 4 - 6 kW < 4 kW

Figure B.4. Sankey plot for electric vehicle-owning households. This figure presents a Sankey diagram for all
households owning an electric vehicle before January 1st, 2023, prior to the introduction of peak demand charges.
Monthly peaks are binned into five consecutive categories: [> 2kW], [4kW, 6kW], [6kW, 8kW], [8kW, 10kW], [> 10kW].
Following the implementation of the peak demand charges, electric vehicle-owning households tend to shift toward
bins with lower peak electricity demand.
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B.4 Sample composition - Real-Time Pricing

Table B.4 summarizes the characteristics of the 16,197 households included in the final sample for
the evaluation of real-time pricing. For these households, smart meter data become available on
a staggered basis beginning in early 2022. We report summary statistics for total monthly grid
withdrawals, total monthly grid injections, and monthly peak electricity demand. We also present
information on the adoption of low-carbon technologies, reflecting the status as of January 1,
2024. In addition, in Figure B.5 we show the distribution of real-time pricing start months in the
sample.

Table B.4: Descriptive statistics: smart meter data and sample composition for real-time
pricing households

Mean Std 25% 50% 75%
Monthly peak withdrawal [W] 4,259 2,152 2,880 3,888 5,168
Monthly peak withdrawal (2023) [W] 4,212 1,929 3,004 3,916 5,020
Monthly peak withdrawal (2024) [W] 4,277 2,232 2,828 3,872 5,236
Grid withdrawals month [kWh] 266 221 115 207 352
Grid withdrawals month (2023) [kWh] 263 201 133 216 342
Grid withdrawals month (2024) [kWh] 267 228 110 203 356
Grid injection month [kWh] 135 203 0 22 215
Grid injection month (2023) [kWh] 124 194 0 8 197
Grid injection month (2024) [kWh] 139 207 0 27 222
Solar PV (01-01-2024) 0.61 0.49 0.00 1.00 1.00
Battery (01-01-2024) 0.28 0.45 0.00 0.00 1.00
Electric vehicle (01-01-2024) 0.08 0.27 0.00 0.00 0.00
Heat pump (01-01-2024) 0.10 0.30 0.00 0.00 0.00
Average solar capacity (2024) [kVA] 4.94 2.05 3.68 5.00 5.00
Average battery size (2024) [kWh] 9.23 3.30 7.00 10.00 10.00
Average battery power (2024) [kW] 4.98 1.82 4.00 5.00 5.00

Note: Descriptive statistics for the smart meter data and sample composition for households included in
the additional analysis for real-time pricing. This table reports household-month statistics. We add 16,197
households on a real-time pricing contract in 2023 or 2024, for which there are 263,398 observations. For this
group, not the full three year period spanning 2022-2024 is available.
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Figure B.5. Distribution of real-time pricing start months for the 16,307 households included in
the analysis for real-time pricing.

B.5 Consumer survey data

This Appendix provides survey data adapted from survey questions by the Vlaamse Nutsreg-
ulator (2024). Each year, the Vlaamse Nutsregulator surveys a representative sample of 1000
households about their residential electricity consumption. Tables B.5, B.6 and B.7 present results
for survey questions relating to familiarity with peak demand charges, the ability to correctly
define how a peak demand charges works, and the estimated bill impact of peak demand charges.

In a subsequent study (Vlaamse Nutsregulator, 2025), the share of respondents reporting famil-
iarity with peak demand charges has declined slightly, whereas the share providing a correct def-
inition has remained stable over time. When subsequently asked how they reduce their monthly
peak demand, respondents most frequently cite spreading the use of household appliances, fol-
lowed by reducing overall consumption, aligning usage with solar generation, employing “smart”
technologies, lowering electric vehicle charging speeds, and using battery energy storage.
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Table B.5: Familiarity with peak demand charges
Do you know the “peak demand charge”?

Yes No Total
Yes 33 90 123

(26.83%) (73.17%) (100%)
Is the price you pay No 381 451 832
for electricity the social (45.79%) (54.21%) (100%)
maximum price, also referred Do not know 3 43 46
to as the social tariff? (6.52%) (93.48%) (100%)

Total 417 854 1001
(41.66%) (58.34%) (100%)

Note: Familiarity with peak demand charges by customer type. This Table shows a crosstab-
ulation of two survey questions from the Vlaamse Nutsregulator (2024). Differences be-
tween categories are statistically significant, Pearson χ2 = 40.35, p-value = 0.00.

Table B.6: Correct definition of peak demand charges
Give correct definition of “peak demand charge”

Yes No Total
Yes 14 19 33

(42.42%) (57.58%) (100%)
Is the price you pay No 271 110 381
for electricity the social (71.73%) (28.87%) (100%)
maximum price, also referred Do not know 3 0 3
to as the social tariff? (100%) (0%) (100%)

Total 288 129 417
(69.06%) (30.94%) (100%)

Note: Correct definition of peak demand charges by customer type. This Table shows a crosstab-
ulation of two survey questions from the Vlaamse Nutsregulator (2024). Differences between
categories are statistically significant, Pearson χ2 = 13.07, p-value = 0.00.

15



Table B.7: Financial impact of peak demand charges
What impact has the “peak demand charge” had on overall bill?

Remarkable Slight No Slight Remarkable Total
decrease decrease change increase increase

Yes 6 15 43 17 19 100
(6.00%) (15.00%) (43.00%) (17.00%) (19.00%) (100%)

Is the price you pay No 42 53 258 188 95 636
for electricity the social (6.60%) (8.33%) (40.57%) (29.56%) (14.94%) (100%)
maximum price, also referred Do not know 1 3 15 8 4 31
to as the social tariff? (3.23%) (9.68%) (48.39%) (25.81%) (12.90%) (100%)

Total 49 71 316 213 118 767
(6.39%) (9.26%) (41.20%) (27.77%) (15.38%) (100%)

Note: Estimated impact of peak demand charges on annual bill by customer type. This Table shows a crosstabulation
of two survey questions from the Vlaamse Nutsregulator (2024). Differences between categories are not statistically
significant, Pearson χ2 = 11.25, p-value = 0.19.
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C Supplementary Results: Monthly peak

C.1 Electrification: Specification Tests
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Figure C.1. Electric vehicles: estimates of the dynamic event-study specification in event time
and calendar time for electrification through electric vehicle adoption using data for 2022 - 2024.
Each dot represents the point estimate of the monthly peak increase (in W) in event-time. Two dif-
ferent estimators are used. First, the TWFE-DID estimator with individual and month-of-sample
fixed effects including control variables. Second, the doubly-robust CS-DID estimator Callaway
and Sant’Anna (2021). Standard errors are clustered at the household level and vertical bars show
95% confidence intervals.
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Figure C.2. Heat pumps: estimates of the dynamic event-study specification in event time and
calendar time for electrification through heat pump adoption using data for 2022 - 2024. Each dot
represents the point estimate of the monthly peak increase (in W) in event-time. Two different
estimators are used. First, the TWFE-DID estimator with individual and month-of-sample fixed
effects including control variables. Second, the doubly-robust CS-DID estimator Callaway and
Sant’Anna (2021). Standard errors are clustered at the household level and vertical bars show 95%
confidence intervals.
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C.2 Individual peak demand charges: Specification Tests

.4 .44 .48 .52 .56 .6 .64 .68 .72 .76 .8 .84 .88 .92 .96 1
Propensity Score

Untreated
Treated

Figure C.3. Common support graph. This figure plots the distribution of estimated propensity
scores for the Doubly Robust DiD model (Sant’Anna and Zhao, 2020) estimated for the full sample
of 42,077 households.

Table C.1: Balancing Table
Variable Matched Treated Control Bias (%) Bias reduction (%) t p

Solar capacity (kVA) U 2.97 2.22 30.5 12.42 0.000
M 2.97 2.88 3.6 88.1 5.05 0.000

Storage capacity (kWh) U 1.39 1.08 9.7 3.72 0.000
M 1.39 1.41 -0.4 95.4 -0.58 0.562

Grid withdrawals (kWh) U 385.62 383.89 0.7 0.30 0.767
M 386.62 383.63 0.8 -15.0 1.20 0.232

Grid injection (kWh) U 20.77 15.20 20.5 7.83 0.000
M 20.77 19.76 3.7 81.8 5.04 0.000

Note: Balancing Table for observable covariates. Balancing statistics are shown for the unmatched (U) and
matched (M) sample. The matched sample uses the weights generated by the DR-DID model Sant’Anna
and Zhao (2020) estimated for the full sample of 42,077 households. Outlier observations (eleven obser-
vations with inverse probability weights > 100) are excluded from this table. t-statistics are based on a
regression of the variable on a treatment indicator, the bias is the percentage difference in sample means
in the treated and non-treated groups. Rubin’s B = 32.8 for the unmatched sample and B = 4.4 for the
matched sample. Table constructed using the Stata command psmatch from Leuven and Sianesi (2003).
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C.3 Individual peak demand charges: Robustness Checks

Table C.2: Effect of peak demand charges on households’ monthly peaks (W), excluding all
households that adopt new low-carbon technologies

(1) (2) (3)
TWFE-DID IPW-DID DR-DID

1{Postt = 1} × 1{Treat PDCi = 1} -10.03 -68.26∗∗∗ -83.20∗∗

(-0.83) (-2.81) (-2.99)
Observations 734,688 734,688 734,688
Households 20,408 20,408 20,408

Note: This table estimates the effects of peak demand charges on households’ monthly peaks (in watts) over the period
January 2022 - December 2024 in a difference-in-differences framework, exclusing all households that adopt any new
low-carbon technology throughout. The introduction of individual peak demand charges on January 1st, 2023 indicates
the post period and protected households on the social tariff serve as control group. We exclude all households that
adopt any new low-carbon technology over the period 2023-2024. Three specifications are used to estimate the model.
Column (1) uses TWFE-DID with additional control variables. Control variables include grid withdrawals (kWh), solar
capacity (kVA), solar injection (kWh), storage capacity (kWh). Household fixed effects and time fixed effects are included.
In column (2), we apply the IPW-DID estimator with stabilized weights, weighting based on grid withdrawals (kWh),
solar capacity (kVA), solar injection (kWh), postal code, and dummy variables for the quarter of low-carbon technology
adoption (separate for EV, HP, PV and battery storage). Column (3) shows the estimate for the Sant’Anna and Zhao
(2020) Doubly Robust DID estimator using the same weighting variables. The unit of observation is household-month-
of-sample. Standard errors are clustered at the household level. t-statistics in parentheses. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗

p < 0.01
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Figure C.4. Estimates of the dynamic specification for individual peak demand charges in the sample of house-
holds that does not adopt any new low carbon technology throughout the period 2022-2024. Each dot represents the
point estimate of the monthly peak reduction (in W) for a given month-of-sample t. Three different estimators are used.
First, the TWFE-DID estimator with individual and month-of-sample fixed effects, excluding control variables for low-
carbon technology adoption. Second, the IPW-DID estimator with stabilized weights. Third, the Sant’Anna and Zhao
(2020) Doubly Robust DID estimator. All coefficients are estimated relative to December 2022, the month immediately
preceding treatment. Standard errors are clustered at the household level and vertical bars show 95% confidence inter-
vals.
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Table C.3: Effect of peak demand charges on households’ monthly peaks (W), without explicit control
variables for low-carbon technology adoption

(1) (2) (3)
TWFE-DID IPW-DID DR-DID

1{Postt = 1} × 1{Treat PDCi = 1} -32.91∗∗∗ -85.96∗∗∗ -106.81∗∗∗

(-2.61) (-3.43) (-4.39)
Observations 2,012,724 2,012,724 2,012,724
Households 55,909 55,909 55,909

Note: This table estimates the effects of peak demand charges on households’ monthly peaks (in watts) over the period
January 2022 - December 2024 in a difference-in-differences framework, without explicit control variables for low-carbon
technology adoption. The introduction of individual peak demand charges tariff on January 1st, 2023 indicates the post
period and protected households on the social tariff serve as control group. We do not explicitly control for the adoption
of new low-carbon technologies over the period 2022-2024 using electric vehicle or heat pump adoption dummy variables.
Three specifications are used to estimate the model. Column (1) uses TWFE-DID with additional control variables. Control
variables include grid withdrawals (kWh), solar capacity (kVA), solar injection (kWh), storage capacity (kWh). Household
fixed effects and time fixed effects are included. In column (2), we apply the IPW-DID estimator with stabilized weights,
weighting based on grid withdrawals (kWh), solar capacity (kVA), and solar injection (kWh). Column (3) shows the estimate
for the Sant’Anna and Zhao (2020) Doubly Robust DID estimator using the same weighting variables. The unit of observation
is household-month-of-sample. Standard errors are clustered at the household level. t-statistics in parentheses. ∗ p < 0.10, ∗∗

p < 0.05, ∗∗∗ p < 0.01
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Figure C.5. Estimates of the dynamic specification for peak demand charges in the full sample, without controls
for new low carbon technologies. Each dot represents the point estimate of the monthly peak reduction (in W) for
a given month-of-sample t. Three different estimators are used. First, the TWFE-DID estimator with individual and
month-of-sample fixed effects, excluding control variables for low-carbon technology adoption. Second, the IPW-DID
estimator with stabilized weights. Third, the Sant’Anna and Zhao (2020) Doubly Robust DID estimator. All coefficients
are estimated relative to December 2022, the month immediately preceding treatment. Standard errors are clustered at
the household level and vertical bars show 95% confidence intervals.
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Table C.4: Effect of peak demand charges on households’ monthly grid withdrawals (kWh)
(1) (2) (3)

TWFE-DID IPW-DID DR-DID
1{Postt = 1} × 1{Treat PDCi = 1} 3.27∗∗ 9.14∗∗∗ 6.63∗∗

(2.12) (2.28) (1.98)
Households 42,077 42,077 42,077

Note: This table estimates the effects of peak demand charges on households’ monthly peaks (in watts) over the
period January 2022 - December 2024 in a difference-in-differences framework, without explicit control variables for
low-carbon technology adoption. The introduction of individual peak demand charges tariff on January 1st, 2023
indicates the post period and protected households on the social tariff serve as control group. We do not explicitly
control for the adoption of new low-carbon technologies over the period 2022-2024 using electric vehicle or heat
pump adoption dummy variables. Three specifications are used to estimate the model. Column (1) uses TWFE-
DID with additional control variables. Control variables include grid withdrawals (kWh), solar capacity (kVA), solar
injection (kWh), storage capacity (kWh). Household fixed effects and time fixed effects are included. In column (2),
we apply the IPW-DID estimator with stabilized weights, weighting based on grid withdrawals (kWh), solar capacity
(kVA), and solar injection (kWh). Column (3) shows the estimate for the Sant’Anna and Zhao (2020) Doubly Robust
DID estimator using the same weighting variables. The unit of observation is household-month-of-sample. Standard
errors are clustered at the household level. t-statistics in parentheses. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

-10

0

10

20

30

C
oe

ffi
ci

en
t

(W
)

-10 -5 0 5 10 15 20
Months relative to January 2023

TWFE-DID
IPW-DID
DR-DID

Figure C.6. Estimates of the dynamic specification for the effect of peak demand charges on households’ monthly
grid withdrawals (kWh) in the full sample. Each dot represents the point estimate of the grid withdrawals change
(in kWh) for a given month-of-sample t. Three different estimators are used. First, the TWFE-DID estimator with
individual and month-of-sample fixed effects, excluding control variables for low-carbon technology adoption. Second,
the IPW-DID estimator with stabilized weights. Third, the Sant’Anna and Zhao (2020) Doubly Robust DID estimator.
All coefficients are estimated relative to December 2022, the month immediately preceding treatment. Standard errors
are clustered at the household level and vertical bars show 95% confidence intervals.
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C.4 Individual peak demand charges: Heterogeneity

Table C.5: Effect of peak demand charge on monthly peak (W) for households with different
low-carbon technologies.

(1) (2) (3) (4) (5) (6)
Full sample Electric Heat pump Heat pump Battery storage No low-carbon

vehicle (main) (additional) technology
TWFE-DID -51.40∗∗ -319.47∗∗∗ -29.37 -88.70 -147.55∗∗∗ -18.44

(-3.79) (-2.41) (-0.45) (-1.41) (-2.61) (-1.13)
IPW-DID -95.67∗∗∗ -404.02∗∗ 147.88 -217.62 -170.79∗∗ -68.76∗∗

(-3.11) (-2.05) (1.10) (-1.44) (-2.09) (-2.29)
DR-DID -122.22∗∗∗ -380.89∗∗ 161.01 -192.72 -168.33∗∗ -69.30∗∗

(-3.99) (-2.02) (1.21) (-1.35) (-2.63) (-2.31)
Observations 1,514,772 57,636 102,168 79,308 245,088 290,844
Households 42,077 1600 2838 2203 6808 8079
Treated 40,360 1547 2745 2107 6588 7513
Control 1717 54 93 96 220 566
Average Peakit 2022 4142.44 6331.26 5083.59 4966.90 3861.69 3706.10

Note: This table estimates the effects of peak demand charges and real-time prices on households’ monthly peaks
(in watts) for households with different low-carbon technologies over the period January 2022 - December 2024
in a difference-in-differences framework. The introduction of the peak demand charge on January 1st, 2023 indi-
cates the post period and protected households on the social tariff serve as control group. Three specifications are
used to estimate the model. Results are shown by low-carbon technology adoption group, with group member-
ship being non-exclusive. Row (1) uses TWFE-DID with additional control variables. Control variables include
grid withdrawals (kWh), solar capacity (kVA), solar injection (kWh) and battery storage size (kWh) and dummy
variables for the adoption of electric vehicles and heat pumps. Household fixed effects and time fixed effects are
included. In row (2), we apply the IPW-DID estimator with stabilized weights, weighting based on grid with-
drawals (kWh), solar capacity (kVA), solar injection (kWh) and battery storage size (kWh). This specification does
not explicitly weigh observations by heat pump and electric vehicle adoption cohort, because of smaller sample
size in the heterogeneity analysis. Finally, row (3) shows the estimate for the (Sant’Anna and Zhao, 2020) Doubly
Robust DID estimator using the same weighting variables. The unit of observation is household-month-of-sample.
Standard errors are clustered at the household level. t-statistics in parentheses. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

22



-500

0

500

1000
C

oe
ffi

ci
en

t
(W

)

-10 -5 0 5 10 15 20
Months relative to January 2023

TWFE-DID
IPW-DID
DR-DID

(a) Heat pump as main heating
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(b) Heat pump as additional heating
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(c) Electric vehicle
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(d) Battery energy storage
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Figure C.7. Estimates of the dynamic specification for peak demand charges in the five sub-
samples. Each dot represents the point estimate of the monthly peak reduction (in W) for a given
month-of-sample t. Three different estimators are used. First, the TWFE-DID estimator with indi-
vidual and month-of-sample fixed effects including control variables as in Appendix C.5. Second,
the IPW-DID estimator with stabilized weights. Third, the Sant’Anna and Zhao (2020) Doubly
Robust DID estimator. All specifications are estimated using control variables as in Table C.5. All
coefficients are estimated relative to December 2022, the month immediately preceding treatment.
Standard errors are clustered at the household level and vertical bars show 95% confidence inter-
vals.
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C.5 Real-time pricing: Specification Tests

In this Appendix we show pre-trends for the Callaway and Sant’Anna (2021) Doubly-Robust DiD
estimator using alternative control groups, estimating the effect of real-time pricing on monthly
peak electricity demand. While adoption of real-time prices is staggered over time, most adoption
takes place throughout 2023 and 2024, as shown in Figure B.5. In Figure C.8 we alternatively use
the not-yet treated plus never treated, or not-yet treated only as a control group.
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Figure C.8. Estimates of the dynamic specification for real-time prices in the full sample, show-
ing coefficients in event-time (months relative to adoption) using alternative control group def-
initions. Each dot represents the point estimate of the monthly peak change (in W) for a given
month relative to adoption. The Callaway and Sant’Anna (2021) Doubly Robust DID estimator is
used to estimate the causal effect. Group × period treatment effects are then aggregated to event
time. Standard errors are clustered at the household level and vertical bars show 95% confidence
intervals.
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C.6 Real-time pricing: Heterogeneity

This Appendix provides heterogeneity analysis for the main results on real-time prices. In Table
C.6 we present results for the conditional average treatment effect using the TWFE-DID and Call-
away and Sant’Anna (2021) Doubly-Robust DiD estimators. Then, Figure C.9 provides dynamic
results in calendar time for the year 2024, estimated using the Callaway and Sant’Anna (2021)
Doubly-Robust DiD estimator.

Table C.6: Effect of real-time pricing on monthly peak (W) for households with different low-carbon
technologies.

(1) (2) (3) (4) (5)
Full sample Electric vehicle Heat pump Battery storage EV, BES or HP

TWFE-DID 56.09∗∗∗ 122.7 88.09 155.6∗∗∗ 169.9∗∗∗

(4.79) (0.41) (0.78) (4.98) (5.51)
CS-DID 76.66∗∗∗ 126.90 135.92 134.35∗ 132.41∗∗∗

(3.06) (0.30) (1.23) (1.95) (2.78)
Households 58,274 2,060 7,374 9,460 16,205

Note: This table estimates the effect of real-time pricing on monthly peak (in watts) over the period January 2023 -
December 2024 for households with different low-carbon technologies. The enrollment into real-time pricing serves as the
treatment variable. We use two specifications to estimate the treatment effect. First, we show results using the TWFE-DID
estimator with additional control variables. Control variables include grid withdrawals (kWh), solar inverter capacity
(kVA), solar injection (kWh), battery storage size (kWh) and dummy variables for adoption of low-carbon technologies.
Household fixed effects and time fixed effects are included. Second, we use the Callaway and Sant’Anna (2021) Doubly
Robust DID estimator with never treated as the control group. The unit of observation is household-month-of-sample.
Standard errors are clustered at the household level. t-statistics in parentheses. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Figure C.9. Estimates of the dynamic specification for real-time prices in three subsamples.
Each dot represents the point estimate of the monthly peak change (in W) for a given month-
of-year in 2024. The Callaway and Sant’Anna (2021) Doubly Robust DID estimator is used to
estimate the causal effects. Group × period treatment effects are then aggregated to calendar
time. Standard errors are clustered at the household level and vertical bars show 95% confidence
intervals.
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D Supplementary Results: Grid-Level Effects

D.1 Electric vehicles

Table D.1: Synthetic distribution grid descriptive statistics by electric vehicle adoption level, 10
households

Percentage of households with EV
0% 20% 50% 80% 100%

Peak (kW)
Daily 10.48 11.69 13.58 15.51 16.83

(2.46) (3.39) (4.37) (5.23) (5.84)
Monthly 15.32 17.64 21.04 24.15 26.41

(2.43) (3.76) (4.75) (5.45) (6.08)
Half-yearly 18.15 21.67 26.70 30.81 34.55

(2.01) (3.36) (4.17) (4.64) (4.94)
Grid withdrawals (kWh)
Daily 78.99 88.70 104.82 120.82 131.98

(14.68) (23.11) (35.99) (47.87) (56.69)
Monthly 2424.22 2719.98 3214.23 3703.68 4047.56

(357.05) (556.08) (910.80) (1231.36) (1480.50)
Half-yearly 14534.67 16317.52 19285.36 22235.04 24285.35

(1722.49) (2028.85) (2621.46) (3040.05) (3415.60)
Coincidence factor
Daily 0.53 0.54 0.54 0.54 0.54

(0.08) (0.08) (0.09) (0.09) (0.09)
Monthly 0.40 0.41 0.41 0.41 0.41

(0.05) (0.05) (0.06) (0.06) (0.06)
Half-yearly 0.35 0.37 0.38 0.38 0.40

(0.03) (0.04) (0.05) (0.04) (0.05)

Note: Synthetic distribution grid descriptive statistics based on an aggregation of 10 households, using data from
July 2022 - December 2022, i.e. before the introduction of peak demand charges. The columns indicate the per-
centage of households with an electric vehicle (EV). All other households in the synthetic distribution grid do
not have any low-carbon technologies. Values represent mean peak electricity withdrawals (kW), total electricity
withdrawals (kWh) and coincidence factors for the peak electricity demand with corresponding standard devia-
tions between parenthesis.
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Table D.2: Synthetic distribution level descriptive statistics by electric vehicle adoption level.
25 households

Percentage of households with EV
0% 20% 50% 80% 100%

Peak (kW)
Daily 23.24 25.57 29.12 33.49 36.28

(4.38) (5.95) (7.66) (9.68) (10.97)
Monthly 31.01 34.98 40.81 47.24 51.34

(4.38) (6.32) (7.99) (10.55) (11.50)
Half-yearly 36.62 43.11 52.63 62.86 68.75

(3.29) (4.11) (5.11) (6.64) (7.88)
Grid withdrawals (kWh)
Daily 196.99 221.56 259.19 303.40 329.67

(26.75) (45.43) (72.59) (105.58) (125.43)
Monthly 6041.04 6795.35 7948.53 9305.05 10110.41

(646.72) (1155.71) (1928.94) (2873.05) (3439.30)
Half-yearly 36246.26 40772.10 47691.15 55830.29 60662.48

(2773.84) (3033.09) (3407.96) (5200.31) (5049.57)
Coincidence factor
Daily 0.47 0.47 0.46 0.47 0.47

(0.06) (0.06) (0.06) (0.07) (0.07)
Monthly 0.32 0.32 0.32 0.32 0.32

(0.03) (0.04) (0.04) (0.05) (0.04)
Half-yearly 0.28 0.29 0.31 0.31 0.31

(0.02) (0.03) (0.03) (0.03) (0.03)

Note: Synthetic distribution grid descriptive statistics based on an aggregation of 25 households, using data from
July 2022 - December 2022, i.e. before the introduction of peak demand charges. The columns indicate the
percentage of households with an electric vehicle (EV). All other households in the synthetic distribution grid do
not have any low-carbon technologies. Values represent mean peak electricity withdrawals (kW), total electricity
withdrawals (kWh) and coincidence factors for the peak electricity demand with corresponding standard errors
between parenthesis.
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D.2 Real-time pricing

Table D.3: Synthetic distribution level descriptive statistics by real-time pricing adoption
level. 10 households

Percentage of households with real-time pricing
0% 1-20% 20-50% 50-80% 80-100%

Peak (kW)
Daily 10.89 11.12 11.49 12.13 13.57

(2.67) (3.25) (4.00) (4.43) (4.77)
Monthly 15.79 16.49 17.35 18.55 20.60

(2.73) (3.53) (4.44) (4.83) (5.06)
Grid withdrawals (kWh)
Daily 81.45 85.71 90.44 96.80 112.92

(17.75) (25.74) (36.24) (43.73) (49.35)
Monthly 2478.31 2607.22 2755.37 2958.66 3460.88

(432.46) (651.27) (952.09) (1163.26) (1341.55)
Coincidence factor
Daily 0.54 0.53 0.53 0.54 0.54

(0.08) (0.09) (0.09) (0.09) (0.09)
Monthly 0.41 0.41 0.41 0.41 0.42

(0.05) (0.05) (0.06) (0.06) (0.06)

Note: Synthetic distribution grid descriptive statistics based on an aggregation of 10 households using data
from January 2023 - December 2024. The columns indicate the percentage of households with an active real-
time pricing contract. Other households in the synthetic distribution grid are never-treated, households that
will not adopt real-time pricing, or not-yet treated, households who have not yet adopted real-time pricing,
but will be adopting later in the sample period. Values represent mean peak electricity withdrawals (kW), total
electricity withdrawals (kWh) and coincidence factors for the peak electricity demand with corresponding
standard errors between parenthesis.
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Table D.4: Synthetic distribution level descriptive statistics by real-time pricing adoption level.
25 households

Percentage of households with real-time pricing
0% 1-20% 20-50% 50-80% 80-100%

Peak (kW)
Daily 24.17 24.58 24.35 26.36 27.94

(4.55) (5.63) (7.36) (8.44) (9.04)
Monthly 31.96 33.07 33.96 36.77 38.95

(4.21) (5.76) (7.65) (8.70) (9.17)
Grid withdrawals (kWh)
Daily 203.08 211.52 219.68 245.88 271.35

(29.51) (46.84) (73.56) (95.29) (110.73)
Monthly 6178.44 6434.64 6689.13 7486.10 8374.58

(688.99) (1212.59) (1963.51) (2605.63) (3116.46)
Coincidence factor
Daily 0.48 0.47 0.46 0.46 0.46

(0.06) (0.06) (0.07) (0.07) (0.06)
Monthly 0.33 0.33 0.32 0.32 0.33

(0.03) (0.04) (0.04) (0.05) (0.04)

Note: Synthetic distribution grid descriptive statistics based on an aggregation of 25 households using data from
January 2023 - December 2024. The columns indicate the percentage of households with an active real-time
pricing contract. Other households in the synthetic distribution grid are never-treated, households that will not
adopt real-time pricing, or not-yet treated, households who have not yet adopted real-time pricing, but will be
adopting later in the sample period. Values represent mean peak electricity withdrawals (kW), total electricity
withdrawals (kWh) and coincidence factors for the peak electricity demand with corresponding standard errors
between parenthesis.
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D.3 Heat pumps

0

.05

.1

.15

.2

D
en

si
ty

0 10 20 30 40 50
kW

0% HP 20% HP 50% HP 80% HP 100% HP

(a) 10 households aggregated

0

.05

.1

.15

.2

D
en

si
ty

0 25 50 75 100
kW

0% HP 20% HP 50% HP 80% HP 100% HP

(b) 25 households aggregated

Figure D.1. Kernel density for the distribution of monthly peaks in the distribution grid for
circuits with 10 or 25 households connected, and varying levels of heat pump adoption

Table D.5: Effect of peak demand charges on synthetic distribution grid peaks by heat pump
adoption level

Percentage of households with heat pump
0% 20% 50% 80% 100%

PANEL A: 10 households
Peak (kW)
Daily -0.111∗∗ -0.120∗∗ -0.161∗∗∗ -0.176∗∗ -0.242∗∗∗

(-3.37) (-3.16) (-3.36) (-3.01) (-3.49)
Monthly -0.453∗∗∗ -0.328∗∗ -0.397∗ -0.542∗∗ -0.464

(-4.58) (-3.11) (-2.44) (-2.67) (-1.90)

PANEL B: 25 households
Peak (kW)
Daily -0.173∗∗ -0.240∗∗ -0.220 -0.239 -0.370

(-2.07) (-2.24) (-1.49) (-1.11) (-1.28)
Monthly -0.508∗∗ -0.674∗ -0.411 -0.770 -1.240

(-2.10) (-1.99) (-0.73) (-1.00) (-1.26)

Note: The distribution grid level coincident monthly peak (kW) - aggregated over 10 households in Panel A or
25 households in Panel B - over the period January 2022 - December 2024 is modeled in a panel fixed effects
regression model. The introduction of individual peak demand charges tariff on January 1st, 2023 indicates the
post period. We employ a TWFE model without control group, but with additional control variables. Control
variables include grid-level aggregate distributed solar production (kWh), aggregate solar capacity installed
(kW), aggregate battery energy storage size installed (kWh), temperature, and variables for the aggregate
number of heat pumps and electric vehicles in the distribution circuit. Fixed effects include circuit and month-
of-year fixed effects. Standard errors are clustered at the circuit level, ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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D.4 Battery energy storage
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Figure D.2. Kernel density for the distribution of monthly peaks in the distribution grid for
circuits with 10 or 25 households connected, and varying levels of battery energy storage adoption

Table D.6: Effect of peak demand charges on synthetic distribution grid peaks by battery
energy storage adoption level

Percentage of households with battery energy storage
0% 20% 50% 80% 100%

PANEL A: 10 households
Peak (kW)
Daily -0.111∗∗∗ -0.200∗∗∗ -0.202∗∗∗ -0.119∗ -0.174∗∗∗

(-3.37) (-4.84) (-3.81) (-1.74) (-3.16)
Monthly -0.453∗∗∗ -0.518∗∗∗ -0.681∗∗∗ -0.151 -0.338

(-4.58) (-3.84) (-2.84) (-0.58) (-1.42)

PANEL B: 25 households
Peak (kW)
Daily -0.173∗∗ -0.283∗∗∗ -0.325∗∗ -0.210 -0.173

(-2.07) (-3.34) (-2.03) (-1.57) (-1.14)
Monthly -0.508∗∗ -0.942∗∗ -1.028∗ -0.841 0.527

(-2.10) (-2.45) (-1.97) (-1.48) (0.64)

Note: The distribution grid level coincident monthly peak (kW) - aggregated over 10 households in Panel A or
25 households in Panel B - over the period January 2022 - December 2024 is modeled in a panel fixed effects
regression model. The introduction of individual peak demand charges on January 1st, 2023 indicates the
post period. We employ a TWFE model without control group, but with additional control variables. Control
variables include grid-level aggregate distributed solar production (kWh), aggregate solar capacity installed
(kW), aggregate battery energy storage size installed (kWh), temperature, and variables for the aggregate
number of heat pumps and electric vehicles in the distribution circuit. Fixed effects include circuit and month-
of-year fixed effects. Standard errors are clustered at the circuit level, ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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E Supplementary Results: Load Profile

E.1 Real-time pricing
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Figure E.1. Average kWh hourly electricity consumption for real-time pricing adopters before
and after adoption

Table E.1: Load shifting total consumption in response to switching to real-time pricing
(1) (2) (3)
All Winter Summer

Total electricity consumption:
All hours 0.273 -0.0459 0.244

(0.82) (-0.06) (0.25)
Morning hours (06.00 - 12.00) 0.108 -0.529∗∗ 0.101

(0.73) (-2.40) (0.25)
Afternoon hours (12.00 - 17.00) -0.163 -0.391∗ 0.0391

(-0.93) (-1.93) (0.06)
Peak hours (17.00 - 20.00) -0.240∗∗∗ -0.520∗∗∗ -0.174

(-3.93) (-3.79) (-0.92)
Night hours (22.00 - 06.00) 0.548∗∗∗ 1.444∗∗∗ 0.288

(3.48) (3.61) (0.88)
Households 1,061 1,061 1,061

Note: The electricity consumption (kWh) in a block of hours over the day over the period January 2023 - December
2024 is regressed in a multi-way fixed effects difference-in-difference (MWFE-DID). The uptake of real-time prices
indicates the post period and not-yet-treated households serve as control group. The model is estimated for the full
sample, and the different seasons separately. The unit of observation is household-day-of-sample. Control variables
include daily variables for temperature, dummy variables for the presence of heat pumps interacted with month-
of-year indicators, dummy variables for the presence electric vehicles two-way interacted with month-of-year and
treatment indicators, and continuous solar capacity (kVA), solar production (kWh), storage capacity (kWh) variables,
interacted with month-of-year indicators. Fixed effects include month-of-sample, household × month-of-year and
household × day-of-week fixed effects. t-statistics in parentheses. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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E.2 Electric vehicles
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Figure E.2. Average kWh hourly electricity consumption for electric vehicle adopters in re-
sponse to individual peak demand charges. Note: the figure is based on a balanced sample of 175
households that adopted an electric vehicle before January 1, 2022. Consequently, all households
in the sample owned an electric vehicle throughout 2022 (the pre-reform period) and the post-
reform period following the introduction of peak demand charges.

Table E.2: Load shifting for electric vehicle owners in response to individual peak demand
charges

(1) (2) (3)
All Winter Summer

Total electricity consumption:
All hours 0.474 -0.363 1.046∗

(1.16) (-0.47) (1.82)
Morning hours (06.00 - 12.00) 0.00353 -0.351∗ 0.280

(0.02) (-1.91) (1.12)
Afternoon hours (12.00 - 17.00) 0.0968 -0.346 0.349

(0.76) (-1.34) (1.61)
Peak hours (17.00 - 20.00) -0.0536 -0.254∗ 0.0790

(-0.58) (-1.88) (0.59)
Night hours (22.00 - 06.00) 0.461∗∗ 0.750∗ 0.266

(2.13) (1.68) (1.21)
Households 2,021 2,021 2,021

Note: The electricity consumption (kWh) in a block of hours over the day over the period January 2022 - Decem-
ber 2024 is regressed in a multi-way fixed effects difference-in-difference (MWFE-DID). The introduction of the
individual peak demand charges on January 1st, 2023 indicates the post period and protected households serve
as control group. The model is estimated for the full sample, and the different seasons separately. The unit of
observation is household-day-of-sample. Control variables include daily variables for temperature, dummy vari-
ables for the presence of heat pumps interacted with month-of-year indicators, dummy variables for the presence
electric vehicles two-way interacted with month-of-year and treatment indicators, and continuous solar capacity
(kVA), solar production (kWh), storage capacity (kWh) variables, interacted with month-of-year indicators. Fixed
effects include month-of-sample, household × month-of-year and household × day-of-week fixed effects. Stan-
dard errors are clustered at the household level. t-statistics in parentheses. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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E.3 Heat pumps
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Figure E.3. Average kWh hourly electricity grid withdrawals for heat pump adopters before
and after the introduction of individual peak demand charges. Note: the figure is based on a bal-
anced sample of 116 households that adopted a heat pump before January 1, 2022. Consequently,
all households in the sample owned a heat pump throughout 2022 (the pre-reform period) and the
post-reform period following the introduction of peak demand charges.

Table E.3: Load shifting for heat pump owners in response to individual peak demand charges
(1) (2) (3)
All Winter Summer

Total grid withdrawals:
All hours 0.472∗∗ 0.773∗∗ 0.331

(2.02) (2.20) (1.24)
Morning hours (06.00 - 12.00) -0.0108 -0.0775 0.0570

(-0.18) (-0.73) (0.91)
Afternoon hours (12.00 - 17.00) 0.00363 0.0322 0.00405

(0.07) (0.34) (0.08)
Peak hours (17.00 - 20.00) 0.0733∗ 0.125∗ 0.0146

(1.67) (1.73) (0.31)
Night hours (22.00 - 06.00) 0.350∗∗∗ 0.646∗∗∗ 0.209

(2.85) (3.12) (1.60)
Households 1,123 1,123 1,123

Note: The grid withdrawals (kWh) in a block of hours over the day over the period January 2022 - December 2024
are regressed in a multi-way fixed effects difference-in-difference (MWFE-DID). The introduction of individual peak
demand charges on January 1st, 2023 indicates the post period and protected households serve as control group. The
model is estimated for the full sample, and the different seasons separately. The unit of observation is household-
day-of-sample. Control variables include daily variables for temperature, dummy variables for the presence of heat
pumps interacted with month-of-year indicators, dummy variables for the presence electric vehicles two-way inter-
acted with month-of-year and treatment indicators, and continuous solar capacity (kVA), solar production (kWh),
storage capacity (kWh) variables, interacted with month-of-year indicators. Fixed effects include month-of-sample,
household × month-of-year and household × day-of-week fixed effects. Standard errors are clustered at the house-
hold level. t-statistics in parentheses. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Figure E.4. Average kWh hourly electricity consumption for heat pump adopters before and
after the introduction of individual peak demand charges. Note: the figure is based on a balanced
sample of 116 households that adopted a heat pump before January 1, 2022. Consequently, all
households in the sample owned a heat pump throughout 2022 (the pre-reform period) and the
post-reform period following the introduction of peak demand charges.

Table E.4: Load shifting for heat pump owners in response to individual peak demand charges
(1) (2) (3)
All Winter Summer

Total electricity consumption:
All hours 0.553∗∗ 0.772∗∗ 0.465

(2.10) (2.16) (1.30)
Morning hours (06.00 - 12.00) -0.0101 -0.0765 0.101

(-0.10) (-0.69) (0.65)
Afternoon hours (12.00 - 17.00) 0.105 0.0298 0.137

(1.00) (0.27) (0.92)
Peak hours (17.00 - 20.00) 0.0759∗ 0.125∗ 0.0245

(1.68) (1.73) (0.38)
Night hours (22.00 - 06.00) 0.327∗∗∗ 0.646∗∗∗ 0.157

(2.67) (3.12) (1.25)
Households 1,123 1,123 1,123

Note: The electricity consumption (kWh) in a block of hours over the day over the period January 2022 - December
2024 is regressed in a multi-way fixed effects difference-in-difference (MWFE-DID). The introduction of individual
peak demand charges on January 1st, 2023 indicates the post period and protected households serve as control
group. The model is estimated for the full sample, and the different seasons separately. The unit of observation
is household-day-of-sample. Control variables include daily variables for temperature, dummy variables for the
presence of heat pumps interacted with month-of-year indicators, dummy variables for the presence electric vehi-
cles two-way interacted with month-of-year and treatment indicators, and continuous solar capacity (kVA), solar
production (kWh), storage capacity (kWh) variables, interacted with month-of-year indicators. Fixed effects include
month-of-sample, household × month-of-year and household × day-of-week fixed effects. Standard errors are clus-
tered at the household level. t-statistics in parentheses. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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E.4 Battery energy storage
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Figure E.5. Average kWh hourly electricity grid withdrawals for battery energy storage
adopters before and after the introduction of individual peak demand charges. Note: the fig-
ure is based on a balanced sample of 2000 households that adopted battery energy storage be-
fore January 1, 2022. Consequently, all households in the sample owned battery energy storage
throughout 2022 (the pre-reform period) and the post-reform period following the introduction of
peak demand charges.

Table E.5: Load shifting for battery energy storage owners in response to individual peak demand
charges

(1) (2) (3)
All Winter Summer

Total grid withdrawals:
All hours -0.330 0.119 -0.706∗

(-1.18) (0.28) (-1.86)
Morning hours (06.00 - 12.00) -0.126∗∗ -0.0447 -0.155∗∗

(-2.05) (-0.49) (-2.02)
Afternoon hours (12.00 - 17.00) -0.0684 -0.0710 -0.0691∗

(-1.51) (-0.65) (-1.86)
Peak hours (17.00 - 20.00) -0.0722 -0.0381 -0.112∗

(-1.42) (-0.45) (-1.92)
Night hours (22.00 - 06.00) -0.0193 0.335 -0.307

(-0.13) (1.61) (-1.48)
Households 2,000 2,000 2,000

Note: The grid withdrawals (kWh) in a block of hours over the day over the period January 2022 - December 2024
are regressed in a multi-way fixed effects difference-in-difference (MWFE-DID). The introduction of individual peak
demand charges on January 1st, 2023 indicates the post period and protected households serve as control group. The
model is estimated for the full sample, and the different seasons separately. The unit of observation is household-
day-of-sample. Control variables include daily variables for temperature, dummy variables for the presence of heat
pumps interacted with month-of-year indicators, dummy variables for the presence electric vehicles two-way inter-
acted with month-of-year and treatment indicators, and continuous solar capacity (kVA), solar production (kWh),
storage capacity (kWh) variables, interacted with month-of-year indicators. Fixed effects include month-of-sample,
household × month-of-year and household × day-of-week fixed effects. Standard errors are clustered at the house-
hold level. t-statistics in parentheses. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Figure E.6. Average kWh hourly electricity consumption for battery energy storage adopters
before and after the introduction of individual peak demand charges. Note: the figure is based
on a balanced sample of 2000 households that adopted battery energy storage before January 1,
2022. Consequently, all households in the sample owned battery energy storage throughout 2022
(the pre-reform period) and the post-reform period following the introduction of peak demand
charges.

Table E.6: Load shifting for battery energy storage owners in response to individual peak
demand charges

(1) (2) (3)
All Winter Summer

Total electricity consumption:
All hours -0.267 0.137 -0.706

(-0.74) (0.31) (-1.17)
Morning hours (06.00 - 12.00) 0.00565 -0.0420 0.00123

(0.02) (-0.26) (0.00)
Afternoon hours (12.00 - 17.00) -0.118 -0.0509 -0.195

(-0.45) (-0.34) (-0.45)
Peak hours (17.00 - 20.00) -0.0662 -0.0402 -0.0844

(-0.81) (-0.48) (-0.52)
Night hours (22.00 - 06.00) -0.0431 0.333 -0.365

(-0.27) (1.60) (-1.48)
Households 1,123 1,123 1,123

Note: The electricity consumption (kWh) in a block of hours over the day over the period January 2022 - December
2024 is regressed in a multi-way fixed effects difference-in-difference (MWFE-DID). The introduction of individual
peak demand charges on January 1st, 2023 indicates the post period and protected households serve as control
group. The model is estimated for the full sample, and the different seasons separately. The unit of observation
is household-day-of-sample. Control variables include daily variables for temperature, dummy variables for the
presence of heat pumps interacted with month-of-year indicators, dummy variables for the presence electric vehi-
cles two-way interacted with month-of-year and treatment indicators, and continuous solar capacity (kVA), solar
production (kWh), storage capacity (kWh) variables, interacted with month-of-year indicators. Fixed effects in-
clude month-of-sample, household × month-of-year and household × day-of-week fixed effects. Standard errors
are clustered at the household level. t-statistics in parentheses. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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E.5 Load shifting and peaks

Appendix Figure E.7 shows maximum kW peak electricity grid withdrawals for households with
an electric vehicle and households adopting into a real-time pricing contract. For both groups,
we first compute per household-month-hour-of-day the maximum kW peak electricity grid with-
drawal. We then take the average maximum grid withdrawal over all households in the sample,
and present the evolution by hour-of-day separately for winter and summer months.
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(c) Real-time pricing: winter months (December -
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Figure E.7. Maximum kW hourly electricity grid withdrawals for electric vehicle owning
households before and after introduction of individual peak demand charges (top row) and real-
time pricing adopting households before and after adoption (bottom row).
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