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Abstract

Understanding how to effectively influence electric vehicle (EV) charging behavior
is critical for managing electricity grids powered by high levels of variable renewable
generation. We present results from a large-scale natural field experiment conducted
in the United Kingdom, involving approximately 110,000 EV customers and 60%
of the country’s public charging infrastructure. Within this network, we applied a
price decrease to approximately one-fifth of chargers to bring their prices closer to
the marginal cost of electricity in low-cost hours in Great Britain. Customers were
randomly assigned to different price levels, allowing us to estimate the causal effect
of price on charging demand and derive elasticities that capture short-run behav-
ioral responses within a subset of the UK’s public charging network. Customers were
highly responsive to price: a 40% reduction in charging costs increased platform-wide
charging activity by 117%, while a 15% price cut led to a 30% increase. Decompos-
ing the increase in charging, we estimate that approximately half reflects substitution
between charging apps. The balance could represent new demand or displacement
from unobserved sources, which are difficult to disentangle in this setting. Our find-
ings suggest that dynamic pricing for public EV charging generates large consumer
welfare gains.

∗We are grateful to the Electroverse team – Abbie Burrell-Rann, Ahmed Zada, Alice Hodges, Claudia Dahinten, Joe
Van Der Wee, Jude Ward, Kori Noonan, Lucy Admans, Marcin Muszynski, Matt Davies, Matthew Penny, Rachel Beaton,
and Taichi Hobbs – for all of their support and partnership for this project. Their commitment to the implementation
of the intervention was remarkable. We would also like to thank Navya Kumar for excellent research assistance, Ed-
ward Barton for proofreading, and Seung Min Kim, Doina Radulescu, Yixin Sun and Shosh Vasserman for excellent
comments. Conflicts of Interest: Centre for Net Zero is part of Octopus Energy Group. Part of the funding for this
research was provided by the Transport Research Innovation Grant (TRIG), a program funded by the Department for
Transport and administered by Connected Places Catapult. Luca Panzone contributed to the project during a six-month
secondment (November 2024 to May 2025) at the Centre for Net Zero, which was supported by this funding. The grant
also covered some of Electroverse’s trial implementation costs. AEARCT: 0015061.



1 Introduction

Road transport is responsible for approximately 15% of global greenhouse gas emissions

(IPCC, 2022), a share that rises to around 25% in the United States and the United King-

dom, with most emissions stemming from cars and light-duty vehicles (EPA, 2023; De-

partment for Transport, 2024). To reduce these emissions, policymakers have primarily

focused on encouraging the replacement of internal combustion engine (ICE) vehicles

with electric vehicles (EVs) (Rapson and Muehlegger, 2023a). According to the Interna-

tional Energy Agency (2024a), a medium-sized ICE vehicle currently emits roughly twice

as much CO2e as an EV, and this gap is expected to widen as electricity systems further

decarbonize. The United Kingdom and European Union have set aggressive EV adoption

targets for the 2030s.1

As EVs become a major driver of residential and public electricity demand, under-

standing the price elasticity of EV charging is essential for energy economists, regulators,

and policymakers. This paper provides the first large-scale experimental estimate of that

elasticity in public charging, a key public infrastructure challenge. From a general eco-

nomics perspective, we study how consumers respond to short-run variation in marginal

cost for a durable good’s primary energy input, one of the few contexts where real-time

marginal cost pricing is observable and manipulable at scale. This context offers rare

insight into demand behavior in a high-frequency, high-salience, decentralized energy

market.2

The anticipated growth in EV adoption will place new demands on electricity grids.

Without intervention, unmanaged charging is likely to strain networks during peak peri-

ods, leading to grid instability, higher infrastructure costs, and ultimately increased costs

for consumers (Richardson, 2013; Anwar et al., 2022; Bailey et al., 2024; Sarda et al.,

2024; Li and Jenn, 2024; Turk et al., 2024). Dynamic pricing has been proposed as a way

to enable flexibility in EV charging demand, shifting consumption away from peak peri-

ods and toward times when variable renewable energy is abundant - or even in excess -

thereby reducing both the cost and carbon intensity of electricity supply (Muratori, 2018;

1The UK plans to end the sale of new cars powered solely by ICE by 2030, and hybrids and vans by 2035 (Department
for Transport, 2025b). The European Union has legislated to effectively ban new ICE cars by 2035 as part of its “Fit for
55” climate package (European Commission, 2023). The US previously aimed for 50% of new vehicle sales to be electric
by 2030, but this executive order has since been revoked by the Trump administration (The White House, 2025).

2While there is important general interest work on the price elasticity of gasoline demand (Parry and Small, 2005;
Bento et al., 2009; Edelstein and Kilian, 2009; Davis and Kilian, 2011; Allcott and Wozny, 2014; Li et al., 2014;
Coglianese et al., 2017; Levin et al., 2017; Knittel and Tanaka, 2021), no credible price elasticity of public EV charging
demand exists.
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Birk Jones et al., 2022). In essence, it can bring prices closer to the real-time marginal

cost of electricity. However, the literature provides no causal evidence of this marginal

pricing setup a � ecting EV charging demand.

Another potential bene�t of dynamic pricing is to lower EV running costs for con-

sumers, particularly for those more reliant on public charging infrastructure. Alongside

sensitivity to upfront costs (Holland et al., 2021; Muehlegger and Rapson, 2022), price

elasticity of EV demand re�ects these recharging expenses (Zhang et al., 2018; Zhou and

Li, 2018; Borlaug et al., 2020; Burlig et al., 2021; Bushnell et al., 2022; Gillingham et al.,

2023; Barwick et al., 2024; Dorsey et al., 2025). Understanding how responsive con-

sumers are to charging costs is therefore relevant to welfare analysis of various EV poli-

cies (Arkolakis et al., 2025). Many countries have implemented substantial incentives to

promote EV adoption, which o � er signi�cant welfare bene�ts (Rapson and Muehlegger,

2023b; Gillingham et al., 2023; Allcott et al., 2024; Hahn et al., 2024; Knittel and Tanaka,

2024).

While observational studies have examined EV charging behavior, 3 there has been no

experimental evidence to date on how price in�uence public charging demand among a

representative population of EV users. Our paper presents the �rst �eld experiment to

estimate the causal impact of public charging costs on charging demand and to assess the

�exibility of charging behavior in response to periods of low marginal electricity costs,

whether due to abundant renewable generation or unexpectedly low demand. We con-

ducted the natural �eld experiment across the UK, covering approximately 60% of the

country's public charging network. We reduced 18% of these chargers' prices during dy-

namic pricing events. Importantly, participants were unaware of the experiment, elim-

inating concerns about selection bias or experimenter demand e� ects. Our data allow

us to observe a substantial share of EV charging behavior across the country, providing

a uniquely comprehensive view of how public charging demand responds to dynamic

pricing.

The nationwide �eld experiment was administered in collaboration with Octopus

Electroverse, a public EV charging platform. The Electroverse app displays a map of

public EV chargers across the United Kingdom, centered by default on the user's geolo-

cation and showing an area of approximately 1 square kilometer. For each charger, the

app provides real-time, accurate information on location, price per kilowatt-hour (kWh),

3For instance, Quirós-Tortós et al. (2015); Motoaki and Shirk (2017); Sheldon et al. (2019); Lee et al. (2020); Nehiba
(2024); Weekx et al. (2025).
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and station congestion (as price change was unrelated to congestion, our e� ects were not

driven by price as a signal for charger abundance).4 Access to full and accurate informa-

tion is critical for realizing the bene�ts of the public EV charging network (Asensio et al.,

2025).

The Electroverse platform enabled us to adjust public charging prices as part of the

experimental design. We reduced prices during speci�c periods when the marginal cost

of electricity was low, designed to incentivize EV charging at times of high low-carbon

electricity supply and to support grid balancing. These lower prices were made possible

by procuring wholesale electricity at lower costs and passing the savings on to consumers.

The app noti�ed users in advance - usually day-ahead - of these dynamic pricing events

at participating chargers, which generally lasted for two hours.

We analyzed the charging behavior over an 11-week period of all UK EV drivers who

had an Electroverse account and push noti�cations enabled, encompassing 109,711 eli-

gible drivers, approximately 5% of the UK EV market. 5 Using an incomplete crossover

experimental design, each customer was exposed to three out of four randomly assigned

experimental conditions at di � erent points in time: a 40% price reduction; a 15% price

reduction; a carbon information message encouraging charging when "the grid is green"

(with no price reduction); and a control condition (with no price change or informational

message). By randomly lowering prices to better re�ect marginal costs, and by indepen-

dently varying carbon messaging, we were able to causally estimate the impacts of price

incentives and non-price signals on public EV charging demand.

1.1 Primary �ndings

We found that demand for public EV charging through the Electroverse platform was

highly responsive to price, with point elasticities ranging from –2 to –7 depending on the

exact sample (though always re�ecting short-run responses to temporary price events

on the Electroverse network), suggesting substantial short-run �exibility in how and

when consumers choose to refuel EVs. These estimates are among the highest elasticities

observed in electricity markets and carry signi�cant implications for welfare analysis,

4The app is free to any EV consumer and has many product features: (i) interactive map and �lters to easily locate
chargers by �ltering based on connector types, charging speeds, availability (congestion), and network providers; (ii)
plan trips with charging stops tailored to the EV's battery capacity and connector type; and (iii) the ability to initiate
and monitor charging sessions directly from the consumer's phone, eliminating the need to interact with the charger
physically.

5We assume 2.2 million EVs, including plug-in hybrids, in the UK (Society of Motor Manufacturers and Traders,
2025).
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marginal cost pricing, and infrastructure investment. We begin by presenting several de-

scriptive insights into charging behavior, followed by four main results from our natural

�eld experiment.

Given our EV charger data, we estimated the �rst load duration curve for public EV

charging across a country. We found that at peak, only 25% of the network was being

used, and for more than 50% of the time, less than 10% of the EV charging network was

being used. In addition, congestion at the location level was rare during our trial (see

Figure 4). This demonstrates that during this experiment, we were not facing conges-

tion due to supply-side constraints. We also documented the following baseline patterns:

(i) most users are infrequent public charger users, likely because they rely primarily on

home charging; (ii) among frequent users, charging typically occurs close to home, either

at locations within 1 kilometer or at nearby fast chargers within a 5-kilometer radius;

(iii) a substantial share of charging occurs far from home, likely re�ecting usage during

longer-distance travel; and (iv) weekend charging is disproportionately associated with

chargers located farther away, suggesting more out-of-home travel on weekends. Since

representative data on EV charging behavior is often scarce, these descriptive �ndings

o� er a valuable foundation for understanding the demand characteristics of our study

sample, though we acknowledge that our �ndings are representative only of today'spub-

lic EV charging customers in the UK.

Directly from the �eld experiment, �rst, we found very large demand responsiveness

to the price. A 40% reduction in the charging price at the subset of participating chargers

caused a 117% increase in demand across the network of charging points within the app,

while a 15% price reduction led to a 30% increase. We estimated that equates to point

price elasticities of demand – for charging through the Electroverse platform – of -2.9

and -2 respectively. These price elasticities of demand rise to -3.8 and -7.1 when we

focus on consumption impacts at charging points that reduced prices during the events

rather than the whole Electroverse network – noting that only approximately one �fth

of chargers participated in the dynamic pricing events. The e � ects were consistent and

persistent across the whole time period. Conversely, non-price messages to charge when

the grid was "green" had no impact on charging demand.

Second, we found some evidence of substitution from other charging apps as well as

possible temporal displacement of demand. 6 Approximately half of the observed treat-

6This distinction is possible due to the high-resolution data we collected, which includes public charging activity
across both participating and non-participating chargers, as well as total electricity consumption at participating charg-
ers, regardless of the app used. Additionally, for a subset of customers, we obtained half-hourly household electricity
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ment e� ect was attributable to users shifting from other apps to using Electroverse (but

accessing the same chargers). For grid operators, the relevant metric is the net increase

in demand, regardless of app or platform, as this a � ects system stress and renewable in-

tegration. Accounting for our estimate that roughly half of the observed increase comes

from app switching, we halve the headline price elasticities when assessing net demand

changes during event hours: i.e., price elasticities from a 15% and 40% price reduction

of -1 and -1.45, respectively. It is not clear to what extent the net new demand during

event hours was demand creation or displacement. We �nd some evidence of temporal

displacement within the public charging network or in-home charging behavior, but the

con�dence intervals around these estimates overlap 0. 7 Shifting of demand across time

or between public and private charging is likely di � use, making it challenging to mea-

sure precisely. Moreover, we acknowledge that there may be displacement from sources

we did not observe, such as o� ce chargers.

Third, we found variation in treatment e � ects consistent with economic theory. First,

we observed heterogeneity by income: customers living in lower-income areas exhib-

ited more elastic demand.8 We also found substantial di � erences by vehicle type: large-

battery EVs (over 77 kWh) show far greater increases in charging demand, as one would

expect, which resulted in a price elasticity of -4.86 for these consumers, compared to

-1.77 among those in the smallest battery quartile (14–51 kWh). In addition, we ob-

served heterogeneity by situational context. Price elasticity was higher on weekends than

weekdays, and varied by time of day: mornings showed the largest absolute increases in

demand, while evenings showed the largest relative increases, perhaps consistent with

when people's value of time is lower (Goldszmidt et al., 2020). Finally, we found that

proximity to public chargers is also an important moderator of responsiveness – as dis-

tance to the nearest charger increases and charging presumably becomes more costly (in

terms of time and battery energy), responsiveness declines.

Fourth, we found that the experimental price reduction encouraged consumers to try

new public chargers. Overall, 25% of charging sessions took place at a charger from a

new brand and 18% at a new charger from a brand previously used, implying that 59% of

new chargers were also from new brands. However, this demand change did not persist;

consumption data.
7During the study period, home charging remained cheaper than public charging, although public charging is much

faster than home charging (so opportunity cost of time should also be included here). Outside of price-decrease hours,
public charging rates ranged from £0.50 to £0.90 per kWh. In contrast, customers on �xed-rate home tari � s paid
£0.25–£0.27 per kWh, while those on a managed charging tari� paid just £0.07 per kWh during o � -peak periods.

8For customers in local authorities with average disposable income below £19,000 per year, the price elasticity of
demand in response to the 40% price increase is -4.32. All other quintiles show weaker responses.
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drivers were no more likely to return to the new charger after the experiment ended than

the control group. This pattern suggests that consumers were already near-optimized in

their charging behavior, despite brie�y responding to the temporary price incentive. This

stands in contrast to some earlier �ndings that emphasize suboptimal travel or location

choices (Larcom et al., 2017).

Fifth, we found that reducing EV public charging prices closer to the marginal cost

has economic welfare bene�ts.9 Given the large random price change, we were able to

estimate the consumer surplus of EV public charging. At existing market prices, we

found that for every £1 spent on EV charging, there was a consumer surplus transfer of

£0.53. However, we also estimated the total consumer surplus change of moving to the

wholesale marginal cost from the current market price for charging. At this point, we

found that for every £1 spent on EV charging, there was a consumer surplus transfer of

£5.63.

1.2 Contribution to the existing literature

Our natural �eld experiment contributes to the growing literature in energy economics

on demand �exibility, price elasticity of demand, and EV charging behavior. In particu-

lar, we built on three recent important and innovative studies — Bailey et al. (2023), Garg

et al. (2024), and La Nauze et al. (2024) — that examine how price variation a � ects EV

charging. These studies focused on home charging (Bailey et al., 2023; La Nauze et al.,

2024) and workplace charging (Garg et al., 2024), and consistently found that consumers

respond to lower prices. Estimated elasticities ranged from –0.4 for Australian Tesla own-

ers receiving 50–80% price reductions during peak hours (La Nauze et al., 2024), to –0.44

for UCSD employees o� ered a 50% discount on workplace charging (Garg et al., 2024), to

–1.6 for Calgary customers responding to a 23% overnight price reduction (Bailey et al.,

2023). Importantly, the price responsiveness we observed for public charging occurs in a

di � erent behavioral and socioeconomic context. Households less likely to have access to

o� -street parking for EV chargers, such as multiple-dwelling properties (Azarova et al.,

2020) tend to correlate with lower income and property value (Chester et al., 2015; Zhang

and Fan, 2025) - these public charging users, with more constrained access to charging

infrastructure, may therefore respond more strongly to price incentives.

Our study di � ered from these studies in four key ways. First, we examined the price

9This result has been noted in other energy markets, see Joskow and Wolfram (2012); Hahn and Metcalfe (2021);
Borenstein and Bushnell (2022); Hinchberger et al. (2024); Imelda et al. (2024).
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elasticity of demand for many public chargers across the whole country, and merged in

additional data that also allowed us to capture substitution between public and home

charging home charging. Second, our experiment was a large-scale natural �eld experi-

ment with no additional self-selection into the trial aside from having a noti�cation en-

abled Electroverse account in the UK, providing excellent external validity for our es-

timates among today's users of public EV charging (Harrison and List, 2004), whereas

Bailey et al. (2023), Garg et al. (2024), and La Nauze et al. (2024) are smaller framed �eld

experiments with voluntary participation. Our partnership with a major public charging

app enabled us to access granular charging and home consumption data without requir-

ing selection (i.e., opt-in). Third, participants in our study were unaware they were part

of an experiment, avoiding potential experimenter demand e � ects and Hawthorne e� ects

that can arise in opt-in settings (Levitt and List, 2009). Fourth, our within-subject ran-

domization across approximately 110,000 drivers allowed us to estimate heterogeneous

treatment e� ects with greater statistical power, in contrast to the between-subject designs

and smaller samples in prior work. Taken together, we believe our study meaningfully

extends this important literature. 10,11

We also related to the literature on new peak energy demand. The strong responsive-

ness to reductions in price has implications for a static time-of-use (ToU) tari � system:

Bailey et al. (2024) showed that EV charging that was optimized by ToU could cause new

peaks that might o � set some of the bene�ts of such a system (see also Powell et al. (2022);

Li and Jenn (2024)); this e� ect might not appear with a more dynamic pricing tool like

the one used in our study.12

Furthermore, we contributed to the growing literature using large and novel datasets

to better understand what in�uenced a consumer's driving and refueling behavior. For

instance, Burlig et al. (2021) showed that EVs are driven less than the average internal

combustion engine (ICE) vehicle, suggesting that EVs may serve as additional vehicles

rather than direct substitutes. 13 Similarly, Dorsey et al. (2025) examined the value of

EV charging demand over gasoline demand using multiple datasets; they estimated that

10Like Bailey et al. (2023), we found no e � ect of environmental messaging on charging behavior. Our null result was
even stronger than that in Ito et al. (2018), who �nds initial but diminishing e � ects, and contrasted with the positive
e� ects reported in Garg et al. (2024). The absence of e� ects in our study may stem from the lack of self-selection and
the broader population included.

11Our research is also related to studies on static time-of-use pricing, which have found signi�cant shifts in home EV
charging to o� -peak hours (Burkhardt et al., 2023).

12Given that the EV dynamic charging prices are adjusting to the marginal cost of generation and where the marginal
generator would likely be natural gas or renewables, there might be some attractive properties to such pricing, as
opposed to coal (Gillingham et al., 2025).

13There is also a rich survey literature on the charging preferences of EV drivers (Carley et al., 2019; Forsythe et al.,
2023).
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people with EVs have annual refueling time costs of $7,763 (compared to $675 for ICE

drivers), and ICE drivers make refueling decisions primarily driven by a station's long-

run - rather than current - fuel price. Interestingly, our price elasticities of demand for

charging on the Electroverse platform (-2 to -2.9) were larger than the gas price elasticities

in the literature (e.g., -0.3 to -0.4 in Coglianese et al. (2017); Knittel and Tanaka (2021);

Levin et al. (2017)). There could be many reasons for this (e.g., day ahead notice, short-

term nature, etc.), but it does suggest that there are large social economic bene�ts of

aligning charging prices with marginal cost. A further distinction is that most gasoline

studies estimate elasticities using lower-frequency, more aggregated data, whereas our

setting exploits daily, high-frequency data. 14

Our �ndings are also relevant to literature arguing for the importance of supply-side

factors in EV adoption rates and the overall EV policy debate (Li et al., 2017; Zhou and Li,

2018; Meunier and Ponssard, 2020; Springel, 2021; Remmy et al., 2022; Cole et al., 2023;

Heid et al., 2024). These supply side factors depend in part on consumers' responsiveness

to charging prices, which our study suggests is substantial. This relates, for example,

to understanding the elasticity of investment in charging infrastructure, where demand

and supply dynamics have created a "chicken-and-egg" problem for policymakers: should

they prioritize subsidizing EV adoption or the deployment of EV charging networks (Cole

et al., 2023)?15 Our price elasticities can be used to help understand this question and are

applicable to the related IO literature on induced new demand versus charger switching

demand and charger competition.

Finally, our results have implications for policy responses to local charging costs. 16

Electricity in charging stations is generally more expensive than in residential settings

because of additional costs to suppliers, such as those associated with running and main-

taining charging infrastructure (O � ce for Zero Emission Vehicles, 2024).17 Policymakers

are exploring ways to reduce these costs, with a view to encouraging EV adoption at scale,

but also to address equity concerns. It is notable that lower-income neighborhoods were

14The use of daily high-frequency data in our setting is fundamental to be able to measure such short-term price
elasticities of fuel demand (Hughes et al., 2008; Levin et al., 2017).

15In the United States, subsidies have supported both EV purchases and charging infrastructure development, par-
ticularly under the Infrastructure Investment and Jobs Act (IIJA) and the In�ation Reduction Act (IRA), with a focus
on bene�ting low- and middle-income households. The United Kingdom has pursued the same goal through a combi-
nation of �nancial incentives, regulation (namely a mandate on new car sales), and charging infrastructure grants (the
Local EV Infrastructure Fund).

16Our research is in similar spirit to Holland et al. (2016), whereas we are focusing on local charging costs and the
local externalities it can create, rather than the direct health costs from local EV charging.

17We acknowledge however that the speed of the kWh going into the EV in public chargers is usually a lot quicker
than for at-home chargers. Therefore, in terms of cost, once we include people's value of time, it is unclear whether
public is more costly than at-home chargers.

8



the ones with the larger elasticities in our �eld experiment. While currently the vast

majority of EV drivers in the UK (93%) have access to home charging (Britain Thinks,

2022), consumers may become more reliant on public charging as EV di� usion moves

from "early adopter" to "early majority" (Rogers, 2003). 18 By 2040, it is expected that

most people would be using public charging to some extent, including to supplement

home or workplace charging (International Energy Agency, 2024 b). Therefore, our esti-

mated price elasticities of demand are important for understanding the bene�ts of such

public infrastructure investment.

The remainder of the article is structured as follows. First, we describe the study

design, including details of the experimental manipulations, the timing of the dynamic

pricing events, the incomplete crossover randomization approach, and the data and an-

alytical methods used. Next, we present key descriptive statistics. Third, we present the

full set of results, covering treatment e � ects and tests for demand displacement. We then

examine welfare impacts before concluding with a discussion of the results' potential

implications for energy and transport policy.

2 Experimental design

In this section, we present the sample selection in the experiment (Section 2.1), the de-

sign of the treatments (Section 2.2), our use of crossover randomization (Section 2.3), the

scheduling of the treatment (Section 2.4), and the availability of data before and during

the �eld experiment (Section 2.5).

2.1 Eligibility into the �eld experiment

We implemented our �eld trial using eligible customers of the Electroverse app, a pay-

ment platform with Europe's largest consumer EV charging network. Electroverse func-

tions as a payment platform that connects users to charging point operators (CPOs),

rather than operating its own chargers. 19 In the UK, the app covers approximately 60%

18Early EV adopters are higher-income households (Borenstein and Davis, 2016; Chakraborty et al., 2019; Davis,
2019; Gillingham et al., 2023), and are thus more likely to have a garage and driveway for home charging than middle-
and lower-income households, especially on multi-family dwelling.

19Most chargers listed on Electroverse can also be accessed directly through other apps or payment methods provided
by each CPO. This means that a driver can charge at a participating Electroverse station without using the Electroverse
app, although in our trial only sessions initiated via Electroverse were eligible for the experimental price reductions.
Conversely, Electroverse users can also access non-participating CPOs through the app, although those chargers did
not o� er dynamic pricing during the experiment.
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of the public charging network, linking users to more than 65,000 charging points 20

from approximately 100 charging point operators (CPOs). A subset of CPOs on the net-

work is supplied by Octopus Energy Limited. Octopus Energy Limited and Electroverse,

both part of Octopus Energy Group, make direct procurement savings at these charg-

ing points by encouraging customers to charge at times when wholesale electricity prices

are lower. Seven of theseCPOs participated in the dynamic pricing events, comprising

18% of Electroverse charging points (11% of the UK public network): Be.EV (770 charg-

ing points), Blink Charging (3,607), GeniePoint (1,675), IONITY (394), InstaVolt (1,372),

Osprey (2,549), and Raw Charging (1,569). All remaining chargers did not o � er the dy-

namic pricing intervention. The set of participating chargers remained the same across all

events; there was no variation in which operators o � ered discounts from event to event.

Among participating chargers, only 16% were slow chargers (under 7kW), 37% were fast

chargers (under 50kW), 38% were rapid (under 150kW) and 9% were ultra fast chargers

(from 150kW to 500kW) as shown in Table A1. We also show how much of the additional

consumption is drawn from each kind of chargers in Figure A10.

Customers were deemed eligible for the �eld trial if, at the time of randomization on

16/12/2024, they met the following criteria: i) they had an active Electroverse account;

ii) their device language was set to English; iii) they had enabled push noti�cations in

the app; and iv) they had not opted out of receiving "Plunge Pricing" noti�cations (the

marketing term for the price decreases). A total of 109,647 customers met these criteria

at the beginning of the study; 64 new customers enrolled during the trial and were au-

tomatically assigned to a treatment group, with a �nal sample of 109,711 customers. 21

Our analysis was restricted to chargers within Great Britain, where the price decreases

applied. 22

2.2 Intervention design

Before our study, Electroverse occasionally o� ered dynamic price reductions, which

20Note that a speci�c charging location can have multiple physical charging devices, and a device can have multiple
pieces of Electric Vehicle Supply Equipment (EVSE). When we refer to a charging point or charger throughout the rest
of the report, we are referring to an EVSE.

21Our pre-analysis plan had dictated excluding new customers, �eet users, and super users (a customer marker
de�ned by Electroverse), but they were automatically randomized following the same process as existing customers
(see Section 2.3), which we had not realized in advancewould occur. For this reason, we have included these 330
customers in our analyses. We show that our results are almost unchanged in Table A38.

22Electroverse also operates in other countries, and British customers in our sample could use charging points outside
the UK during the life of the trial, without receiving a price decrease. These transactions were excluded from our
analysis.
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Figure 1: Visual representation of the three noti�cations used in the experiment

(a) 15% price decrease (b) 40% price decrease (c) Green message

Notes: Customers in our sample were exposed to one of four trial arms: a control treatment or
one of three push-noti�cation-based treatments. These noti�cations were displayed on participants'
phones. On the example event day shown, 11:00–13:00 was a period of relatively low wholesale en-
ergy cost and CO2e intensity, though event timings varied across the study (Table A2 shows the dates,
times, and durations of all events).

varied across events and CPOs. Importantly, these discounts were not randomized across

customers within the same event, meaning our experiment is the �rst to measure causal

e� ects at the individual level. Our experiment introduced this within-event random-

ization to identify causal e � ects. In the Electroverse UK network, only around 26% of

stations apply time-of-use (ToU) pricing, and among participating CPOs, just 12% of

charging stations do so, typically through a daytime price increase. This lower prevalence

among participating charging points re�ects the fact that about 88% of charge points with

ToU tari � s are slow chargers, most of which are not part of the trial. The corresponding

daily price pro�les are shown in Figure A20. Because the randomization occurred at

the user level, and most trial events took place at chargers without ToU pricing, we are

con�dent that the estimated e � ects primarily capture the impact of our experimental

intervention, rather than existing price variation across the day.

The customers in our sample were exposed to one of four trial arms: a control treat-

ment or one of three push-noti�cation-based treatments (as shown in Figure 1), with the

in-app experience shown in Figure 2. 23,24

Control group: Customers in the control group did not receive any push noti�cations

about events' price decreases.

23In the framework of Athey (2025), this �eld experiment places us in the economist as market designer category.
24The default map setting is Zoom Level 16, roughly the level at which individual buildings are visible. (For more

information on zoom levels, see https://docs.mapbox.com/help/glossary/zoom-level/.) However, the user can zoom
in and out of the map and can search across the whole country. The users can also use the app to determine the
compatibility of charging station to their vehicle, which is relatively homogeneous (Li (2019) shows the importance
of such standards for welfare). Interestingly, the user can see location, price, speed and type of charger, and available
chargers. This may mean more diversity in location of chargers compared to traditional gasoline markets, where
stations tend to be concentrated on major commuting paths (Houde, 2012).
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Figure 2: The Electroverse app under di � erent pricing conditions

(a) No event – map
view

(b) No event –
zoomed out map

view

(c) No event –
charger view

(d) Upcoming event
– o� ers view

(e) Event – zoomed
out map view

(f) Event – charger
view

Notes: Panels (a), (b), and (c) show the Electroverse app under normal pricing conditions: (a) is the standard map
view, (b) is a zoomed-out map view, and (c) is a charger-speci�c view (for an Osprey charger). Panel (d) shows the
“O � ers” tab when a dynamic pricing event is upcoming (note that the map is still the default screen, even in the
lead-up to dynamic pricing events). Panels (e) and (f) show the map and charger views, respectively, during an
active event. Discounted chargers are not �agged visually, but users can �lter for participating CPOs such as Osprey.
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15% price decrease group: Participants in this treatment received a push noti�cation

about a low price decrease, 15%, at selected charging stations. The message25 read:

Plunge Pricing tomorrow! Get 15% o� [operators names] [time slot]! Participants could

then locate eligible charging stations on the map in the app. Customers were entitled to

the price decrease if they started charging during the speci�ed time window, even if the

session ended after the window closed. Since electricity unit rates varied across operators

and stations, we used a �xed proportional price decrease to keep the message simple and

clear.

40% price decrease group: This group received a push noti�cation o � ering a high price

decrease, 40%, at selected charging stations. The message was similar in structure:Plunge

Pricing tomorrow! Get 40% o� [operators names] [time slot]!The price decrease conditions

were identical to those in the low price decrease group, with users able to locate eligible

stations in the app and receive the price decrease for any charging session initiated during

the event window.

Green message group: Customers in this treatment received a push noti�cation high-

lighting the low-carbon intensity of electricity during dynamic pricing events – i.e., when

the grid was "green" – but without any mention of price or price decreases. The message

read: The grid is green! The grid is looking green tomorrow, get charging and help lighten the

electric load [time slot]. The message was designed to promote a pro-environmental goal

by informing consumers when electricity was greenest. This treatment allows us to com-

pare the e� ectiveness of pro-environmental messages and price incentives. It also allows

us to understand the impact of incentives, holding �xed the receipt of a noti�cation.

We have three main hypotheses in our �eld experiment. Our �rst null hypothesis is

that reducing the charging price by 40% has no impact on charging demand; our second

null hypothesis is that the 15% price decrease has no impact on demand; our third null

hypothesis is that a green message will not a� ect charging demand. These three hypothe-

ses belong to the same family so we will adjust for multiple hypothesis testing in our

analysis.

25On the �rst event, the message read "today" as the event was later that day; this is true for the 40% and green
message noti�cations for the �rst event, too.
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2.3 Crossover randomization

Participants were randomized to one of four sequences. Each sequence consisted of three

blocks of events, with varying numbers of treatment events in each block. Note that we

did not randomize participants into new treatments after each event to reduce imple-

mentation complexity and avoid potential randomization errors. Sequence assignment

was based on Electroverse's internal user IDs, which are unique, positive integers as-

signed sequentially according to the customer's join date. 26 This approach ensured bal-

anced assignment across the user base, while preserving randomness with respect to the

time when a customer joined the Electroverse platform. As shown in Table 1, we ran the

trial for only three periods, leading to a four-treatment, three-block (4 x 3) incomplete

crossover design (see e.g., Jemielita et al. (2019)), where blocks also had varying lengths

(in terms of number of events). For example, a participant in Sequence 1 experienced

eight 40% price decrease events in Block 1, six 15% decrease events in Block 2, and four

control events in Block 3.

Table 1: Experimental design

Sequence 1 Sequence 2 Sequence 3 Sequence 4 Events

Block 1 40% decrease 15% decrease Control Green Message 8
Block 2 15% decrease Control Green Message 40% decrease 6
Block 3 Control Green Message 40% decrease 15% decrease 4

Participants 26,805 27,448 27,685 27,773
Notes: Total number of participants at the beginning of our study: 109,647. During the trial, 64 new customers
enrolled and were automatically assigned to a treatment group, with a �nal sample of 109,711 customers. We ran-
domized customers into one of four sequences. Our experiment followed an incomplete Latin square design with
one-week wash-out periods between three blocks of events.

The use of within-customer randomization (i.e., a crossover design) o � ered several ad-

vantages in our experimental setting. It increased statistical power by observing the same

participant under multiple treatments and removing time-invariant di � erences across

participants. It also allowed estimation of heterogeneous e � ects. And, it mirrored the

dynamic pricing environments customers face in practice, enhancing external validity.

Two main concerns with within-customer randomization are carryover e � ects, where

one treatment a� ects subsequent behavior, and order e� ects, where responses depend on

treatment order. We mitigated both by including one-week washout periods (List, 2025).

26We randomized customers to one of four sequences using Python's modulo function, assigning each customer based
on the remainder of their user ID divided by 4 (i.e., 0, 1, 2, or 3), implemented as user_id % 4 in Electroverse's data
environment.
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Tests for carryover and order e� ects (see Section 4.2.1) revealed no evidence of either, sug-

gesting the washout design was e� ective. A further potential concern is spillovers due to

information sharing between participants, such as through social media, that could in-

�uence behavior in other groups. We monitored social media and Electroverse customer

forums during the trial and did identify posts indicating some knowledge of di � ering

price reductions between customers – ultimately, we found only approximately 10 such

posts, which suggests that these spillovers were minimal and unlikely to bias our esti-

mates.

2.3.1 Unbiasedness of the treatment e � ect due to randomization

Our randomization design ensures strong internal validity by satisfying both the as-

signment mechanism and exclusion restrictions necessary for identifying an unbiased

treatment e� ect.

First, the three assignment mechanism conditions were met: (i) non-zero probability,

as every Electroverse customer had a chance of assignment to any of the four experimen-

tal sequences; (ii) individualism—treatment assignment for one customer was indepen-

dent of others' assignments and outcomes; and (iii) unconfoundedness, as treatment was

assigned independently of potential outcomes.

Second, we satis�ed four exclusion restrictions. (i) SUTVA holds: a customer's po-

tential outcomes did not depend on the treatment assigned to others, and there was no

variation in treatment form. 27 (ii) Observability was ensured: treatment was assigned

only to observed customers, and while post-assignment attrition was possible, we tested

this and found no evidence that treatment a � ects outcome observability. (iii) Complete

compliance was guaranteed: all treated customers received the assigned message. With

these conditions satis�ed, (iv) we also had statistical independence, ensuring that treat-

ment assignment was independent of potential outcomes. This validated our use of ran-

domization to recover an internally unbiased estimate of the impact of charging prices

on charging demand.

27The charging network was uncongested (see the load duration curve in Section 3.1), so treated users did not a� ect
charger availability or outcomes for others. Were the network congested, treated users might have crowded out other
users, biasing estimates upward. However, even if the charging network was crowded, someone in the treated group
who charged in the incentive time period would have crowded out all other users equally, so the SUTVA violation
e� ects would be small or negligible. See Goldszmidt et al. (2020) for a discussion of these issues in a two-sided platform
randomization.
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2.4 Scheduling of dynamic pricing events

As part of our �eld experiment, we held 18 dynamic pricing events between December

2024 and March 2025, which are reported in Table A2. Participants who were in one of

the two price decrease groups were eligible if they startedcharging in the time window

of the dynamic pricing events listed in Table A2, irrespective of the length of the charge.

All events lasted two hours, except for events on December 28, 2024 (three hours) and

January 02, 2025 (one hour). Dynamic pricing events were not scheduled to happen at a

predetermined time interval; rather, Electroverse identi�ed events within a given week

to correspond to times when the price of wholesale electricity was predicted to be low

with high probability. Figure 3 con�rms that events tended to occur during hours with

lower day-ahead prices (£/MWh) and CO 2e intensity (gCO 2e/kWh) compared to day as a

whole, and especially to the 4pm-7pm period.

Averaged across all three treatment groups and all events, the noti�cation was sent

around 18 hours before the dynamic pricing event.

Figure 3: Day-Ahead prices (left) and CO 2e intensity (right)

Notes: These �gures show average day-ahead prices (£/MWh) and CO2e intensity (gCO2e/kWh) during event hours
(blue circle), 4pm-7pm (red square), and the across the whole day (purple triangle) for each day that had a dy-
namic pricing event. Events tended to occur during hours with lower day-ahead prices (£/MWh) and CO 2e intensity
(gCO2e/kWh) compared to day as a whole, and especially to the 4pm-7pm period. (4pm-7pm is traditionally con-
sidered the most supply-constrained "peak" hours in Great Britain.) We retrieved carbon intensity data from Great
Britain's National Energy System Operator (NESO), using https://carbonintensity.org.uk/.

The wholesale cost of energy (and associated CO2e intensity) varies widely across days

and hours, with swings of £50 to £300 per MWh (£0.05 to £0.30 per kWh) being common.

While the 15% and 40% price reductions ( £0.10 and £0.28, respectively, from the typical

£0.70/kWh marginal charging cost) do not exactly re�ect the social marginal cost, they

roughly correspond to the decreases in social marginal cost that occur during speci�c
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hours of the year.

2.5 Data

Our analysis used observed charging behavior via the Electroverse app. We focused on

two main behavioral outcomes: i) whether a customer initiated a charge during the speci-

�ed time window of the event; and ii) the volume of electricity consumed during charges,

measured in kWh. As noted in Section 2.1, 18% of Electroverse charging points had price

decreases during dynamic pricing events; the remaining points did not participate in the

price changes. Importantly, we collected data on all charging activity through the app, re-

gardless of whether a station received a price change. In other words, non-participating

chargers are not a control group; they simply did not receive the experimental treat-

ment, but we still observe customer behavior at those locations. This distinction arises

naturally from the commercial arrangements between CPOs, Electroverse, and Octopus

Energy Limited; it also enables an interesting heterogeneity analysis, discussed in Sec-

tion 4.3.1, where we examine whether treated customers shifted from non-participating

to participating chargers.

The dataset also included a range of individual-level variables. In particular, we ob-

served pre-trial electricity consumption in September, October, and November 2024, and

charging behavior (kWh charged, GBP spent, number of receipts, number of di � erent

charging stations visited) between January 1st and November 30th 2024. For the 89,202

participants (80%) who indicated the model of their EV, we included the usable battery

capacity of the vehicle (we used the largest battery for those who owned more than one

EV). We also recorded the customer's home postcode at the time they joined the Elec-

troverse app (full information was available for 77,595 customers, 70% of the sample);

we used this information to link contextual variables such as average income in the cus-

tomer's local authority (O � ce for National Statistics, 2024), whether their home postcode

was classi�ed as rural 28 (O� ce for National Statistics, 2025, from the 2011 census), and

the number of public EV chargers in their local authority as of January 2025 (Department

for Transport, 2025 a).

In addition to these charging data from Electroverse, we also integrated two other key

data sources. First, we observed electricity consumption at the household level for a sub-

set of customers with linked home smart meter data. This enabled analysis of potential

28This classi�cation includes farming communities, rural tenants, and aging rural dwellers (retirees who move to
rural areas).
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spillover e � ects between home and public charging behavior. Second, we had access to

high-frequency electricity consumption data from the public EV chargers participating

in the dynamic pricing events, which allowed us to compare user-level responses with

aggregate demand patterns at the station level.

3 Descriptive statistics

3.1 Load Duration Curve

In this section, we discuss the Load Duration Curve (LDC) for Electroverse chargers. A

LDC provides a ranked view of power demand across time on the Electroverse Network,

which accounts for around 60% of public charging infrastructure in the UK. It shows

how frequently demand nears peak capacity, and how often infrastructure is operating

below its potential. This LDC is important to plot out as we would like to know, ex ante,

whether the UK was close to a congested network, which might temper any treatment

e� ects from the �eld experiment.

More precisely, we present an analysis of usage patterns across approximately 49,000

electric vehicle supply equipment (EVSE) points in the UK, covering the period from

December 19, 2024 to March 3, 2025.29 Drawing on availability data provided by CPOs,

we constructed a LDC to estimate the network's active demand pro�le over the course of

the trial in panel (a) of Figure 4. The resulting LDC reveals a minimum estimated load

of 72 megawatts and a peak approaching 460 megawatts — a wide range that re�ects the

high variability in user demand and chargers type. However, it is clear that at maximum

demand, only 25% of the network is being used. And for about 50% of the time, at most

10% of the charging network is being used. 30 The red dots on the �gure are the MW

during each price plunge events, which shows that the events are not triggered during

peak congested times for the grid.

Panel (b) of Figure 4 shows the share of time that each charging location (a location can

have several EVSEs) was occupied at or above 80% over the course of the trial. Chargers

are ordered along the x-axis from least to most heavily used, and the y-axis shows the

29These 49,000 EVSEs represent the subset of the 65,000 EVSEs in our sample that were used at least once during the
trial period. We exclude the others because they may have issues that prevented their use, which are not yet re�ected
in Electroverse's administrative data.

30In Figure A19, we show the same curve by charger speed. High speed chargers' LDC slopes are steeper, indicating
more variability in peak demand and highlighting the potential for �exibility for high speed chargers.
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proportion of time spent at high occupancy. The distribution is heavily right-skewed:

approximately 99% of locations were occupied at 80% for less than 25% of the time,

indicating that high congestion was rare at most sites. Only a small fraction of chargers

saw sustained high utilization, while the vast majority are only brie�y busy. We show

the same share of time above 80% occupancy for non-participating and participating

stations separately in Figure A1 and found an even lower share of congested stations for

participating stations. Charging speed explains most of the di � erences are slow charging

stations (mostly non-participating) are the most likely to be used overnight.

Figure 4: Utilization patterns across the Electroverse charging network

(a) Load duration curve (EV charging) (b) Share of time each location was at or
above 80% occupancy during the trial

Notes:Panel (a) presents the Load Duration Curve (LDC), showing the ranked estimated demand across all
active chargers from December 19, 2024 to March 3, 2025. The red dots show MW during price plunge
events. Panel (b) displays the share of time each charging location operated at or above 80% occupancy,
sorted from least to most congested.

There are, however, important limitations to this analysis. In the absence of direct me-

tering data for many devices, we relied on nameplate power ratings and observed avail-

ability to estimate load — a method that captures theoretical capacity rather than actual

energy transferred. As a result, the estimates may overstate demand in cases where high-

powered chargers are online but lightly used (e.g., a 150 kW charger delivering just 30

kW). This limitation is important to consider when interpreting the curve's upper and

lower bounds. Nonetheless, the LDC provides meaningful insights into overall system

usage, potential stress points, and opportunities for more intelligent demand-side man-

agement. We do not appear to be near any system-wide congestion at any point in time.
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3.2 EV charging demand patterns and sample characteristics

We examined customers' charging behavior in the year prior to the trial's commence-

ment and present here some stylized facts about public charging usage. Most EV owners

appeared to have access to home chargers; public charging was often used occasionally,

especially during weekends and holiday trips. The average distance between home loca-

tions (measured as the centroid of users' home postcodes) and charger locations increased

sharply during public and school holidays (Figure A13), and to a lesser extent on week-

ends (Figure A14). However, public charging was also used locally by high-frequency

users, either at slow charging stations located very close to home (under 600 m) or at fast

chargers within 5 km of home. 31

These use cases are re�ected in the underlying composition of Electroverse users.

Using a k-means clustering algorithm, we identi�ed three distinct behavioral segments,

which we grouped into three main user pro�les. 32 The �rst consisted of users charging

almost exclusively on slow chargers (84% of sessions on average). This group likely used

public charging as a substitute for home charging. The second group included users with

around 15 sessions annually, who charged at a median distance of 5 km and used fast

chargers for 97% of their sessions. The proximity of the charger, type and frequency sug-

gests that these users charged in "destination" chargers, typically found at places people

visit, such as hotels, restaurants, or shopping centers. The third group comprised long-

distance users — we included customers that only charged abroad and more occasional

chargers in the UK (average 7 sessions per year), with median distances consistently ex-

ceeding 120 km from home. This group included weekend users (80% of sessions on

weekends), holiday users (70% during holidays), and work-related users (80% on week-

days and less than 5% during holidays).

We present a density plot of users' median distance to chargers in Figure A15. Local

slow-charging users were characterized by a distinct concentration of charging very close

to home, with a sharp peak below 1 km. In contrast, long-distance users displayed a

clearly separate distribution, with median distances typically well above 100 km. The

overlap between local and long-distance users was minimal, indicating distinct usage

31Most on-street charging in residential areas o � ers slower charging speeds compared to fast charging stations, which
are typically located near supermarkets, public parking, or other business hubs.

32We have data on pre-trial charging behavior for 54,547 out of 109,711 users in our sample. In order to unpack
user di� erences, we classi�ed users into three groups using a k-means clustering algorithm, based on four behavioral
indicators: the median distance from home to charging points, the share of sessions at high-speed chargers, the share
of sessions occurring on weekends, and the share of sessions during school or bank holidays. This method allowed us
to reduce the dimensionality of the data and draw meaningful comparisons between groups.

20



patterns.

Our sample comprised a large user base and we saw no systematic di� erences in

pre-trial charging behavior between the randomized treatment sequences. 33 Table A34

presents summary statistics for the full sample of 109,711 customers. In the 12 months

prior to the trial (19 December 2023 to 18 December 2024), customers charged on average

121.9 kWh in �ve transactions and visited two di � erent charging stations for a total cost

of approximately £81. In the three months before the trial started, customers charged

in public stations for around 13 kWh of electricity per month. On average, customers

had been members of Electroverse for 16 months. A series of Kruskal–Wallis tests reveals

no signi�cant di � erences across these variables among the four sequences described in

Table 1.

4 Results

This section presents the results of the experiment, examining how the di � erent ran-

domized interventions in�uenced consumer EV charging demand. The analysis follows

an Intention-To-Treat (ITT) approach: participants are included for analysis in the se-

quence they were originally assigned to, regardless of whether they actively engaged in

the trial. This method is particularly appropriate in our context: participants assigned

to the control group never received noti�cations, making it impossible to determine a

measure of engagement with the intervention, while participation in treatment groups

was voluntary and therefore endogenous. More importantly, the charging behavior of

consumers remains observable in the dataset even after they chose to drop out by dis-

abling the noti�cations on their app; their exclusion would bias the results by omitting

non-adherence to the intervention, when non-adherence itself can be in�uenced by the

intervention.

4.1 Our empirical strategy

Our empirical strategy follows our pre-analysis plan (PAP) in our pre-registration of the

�eld experiment (AEARCTR-0015061). 34 To formally estimate the e � ect of our interven-

33However, as discussed in Section 4.4, our treatment e� ect heterogeneity analyses found that local users were much
more engaged than more occasional trip users.

34In the notes section for every �gure and table, we specify whether the analysis was in the PAP or whether it is new
analysis that deviates away from the PAP. We also list deviations in Appendix A3.
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tions on consumer charging behavior, we employ regression analyses. In particular, our

analyses focus on two primary outcomes: (1) the volume of electricity charged (in kWh),

and (2) the likelihood that a customer charges at all during a dynamic pricing event. For

both outcomes, we estimate an OLS regression of the form:

Yit = � + � T it + 
 0Zi + � t + " it (1)

where Yit is the outcome for customer i during event t , Tit is a vector of treatment

indicators for the Green message, 15% price decrease, and 40% price decrease (the Con-

trol group is the omitted category), Zi is a vector of time-invariant consumer covariates

(speci�cally: kWh charged in September 2024 (set to 0 if the customer was not yet a

member), kWh charged in October 2024 (0 if not a member), kWh charged in Novem-

ber 2024 (0 if not a member); and a binary indicator for whether the customer charged at

least once between January and November 2024). These variables are intended to capture

persistent di � erences in baseline usage patterns across individuals, improving precision

in our estimates by accounting for variation that is predictive of the outcome. While such

controls may reduce residual variance and partially account for temporal dependence in

behavior, they do not fully eliminate serial autocorrelation. Accordingly, we account for

potential within-customer autocorrelation by clustering standard errors at the customer

level; � t event �xed e � ects; and" it is the error term, clustered at the customer level. Note

that t indexes the 18 discrete dynamic pricing events in our study; we do not use all hours

in the data because including non-event hours as “controls” would con�ate the treatment

e� ect with potential temporal displacement, thereby biasing the estimates of the causal

impact of the event-speci�c price changes.

The above speci�cation captures average treatment e� ects, controlling for prior en-

gagement with the platform and customer baseline consumption.

4.2 Main results

Our primary estimates assessed how electricity consumption responded to each treat-

ment during dynamic pricing events. Figure 5 and Table A3 present our core pre-registered

speci�cation and results. Customers in the 40% price decrease group increased their

consumption by an average of 0.0604 kWh during dynamic pricing events, a 117% in-

crease over the control group. Those o� ered a 15% price decrease increased usage by
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0.0154 kWh – a 30% increase over the control group, approximately a quarter of the

e� ect of the larger price decrease. We estimated that these uplifts imply point price elas-

ticities of demand of -2.9 and -2, respectively. However, it is important to emphasize that

these uplifts and implied elasticities pertain only to charging through the Electroverse

platform, as we do not observe customers' charging via other platforms. For this reason,

the relative increases in public charging demand achieved by our treatments are uncer-

tain, and so too are the implied price elasticities of demand for any public charging. The

green message alone did not produce a statistically signi�cant change in consumption.

To account for the several outcomes and treatment arms, we applied two corrections

to our p-values. First, we applied multiple hypothesis testing corrections to account for

testing across two outcomes, kWh used and whether or not the user charged, and across

the three treatment coe� cients. Using the Romano-Wolf stepwise procedure to control

the family-wise error rate (FWER), we found that the 15% and 40% discount treatments

remained statistically signi�cant at the 1% level (p < 0.001). We then applied the same

approach — wild bootstrapping with stepwise multiple testing correction — to test the

joint signi�cance of the three treatment e � ects. Again, we found strong evidence of joint

signi�cance, with a corrected p-value less than 0.001.

Table A4 presents estimates of treatment e� ects under progressively richer speci�ca-

tions, allowing us to assess the stability of our results to the inclusion of potentially con-

founding covariates. Model (1) includes only the main treatment indicators. Model (2)

implements the crossover estimator from Piantadosi (2005, p. 523), which accounts for

block �xed e � ects and treatment-by-block interactions. Column (3) adds time-invariant

consumer covariates from Table A3, as well as day �xed e � ects. Across models (1)–(3),

the estimated e� ects of the three interventions remain robust.

4.2.1 Testing for carryover e � ects

Given our within-subject experimental design, we tested for potential carryover ef-

fects. To do this test, we measured daily consumption during the two washout periods

- one between block 1 and block 2, and one between block 2 and block 3 - to deter-

mine whether consumers in di � erent groups manifested di � erent charging behavior. We

assigned treatment on the basis of the experimental manipulations consumers were ex-

posed to in the block that was just completed. Results in Table A33 show that during

washout consumers charging behavior did not di � er across the groups, with all posi-
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Figure 5: Treatment e� ect (kWh charged per event)

Notes: Bars show treatment e� ects (kWh per dynamic pricing event) from Table A3, our primary
analysis as speci�ed in our pre-analysis plan. Error bars are 95% con�dence intervals. Labels show
the % change relative to the average consumption of 0.0517 kWh in the Control group. The 40%
price decrease increased consumption by 117%, while the 15% price decrease led to a smaller but
positive e� ect of 30%. The green message did not signi�cantly a � ect usage.

tive but non-signi�cant coe � cients. Additionally, we compared consumption treatment

group interactions with blocks in Tables A4 and A28; we found no signi�cant interaction

between treatment groups and blocks, an indication that the e � ects we observed and did

not extend beyond the intervention period, providing complementary evidence against

signi�cant spillover e � ects. Finally, we examined how treatments a� ected whether cus-

tomers unsubscribed from subsequent noti�cations, as well as whether noti�cations were

delivered as intended; see Appendix A2.11. Overall opt-out rates were very low across

all treatments.

4.3 Testing for substitution in energy consumption

This section explores the sources of increased electricity consumption during dynamic

pricing events, as identi�ed in Section 4.2. The results in Section 4.2 show a general

increase in electricity consumption during event hours when a dynamic pricing event is

in e� ect. This may originate from two distinct behavioral responses. First, the increase in

kWh charged may re�ect an overall increase in energy demand, as consumers drive more

and require additional electricity due to lower charging costs. Second, the increase may

stem from substitution of charging activity. This second mechanism includes substitution
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from non-discounted to discounted chargers; temporal substitution/displacement, where

consumers delay or advance charging to align with the event, spatial substitution, such

as users opting for public instead of home charging, or platform-based substitution (e.g.,

users charge via Electroverse rather than competing public charging apps). These forms

of substitution involve a reallocation of when, where, or through which platform charging

occurs rather than more total charging. 35

Understanding the balance between net new charging and di � erent sources of dis-

placement is important from a system-level perspective. The objective of demand �exi-

bility is to in�uence real electricity consumption to support system balancing. Temporal

displacement of demand bene�ts the system, as does spatial displacement if demand

is shifted to areas of high supply. That said, net new consumption can also contribute

meaningfully to grid �exibility by absorbing surplus renewable generation or alleviat-

ing stress during periods of over-supply. However, if the observed increase in charging

during events simply re�ects shifts from alternative charge-point operators or payment

platforms - rather than a genuine rise in electricity demand - then the intervention o � ers

limited value for system balancing.

4.3.1 Substitution between charging point operators

First, we examined whether treatment e � ects di� ered depending on operator partic-

ipation in the dynamic pricing events. The regression results presented in Section 4.2

referred to all chargers in the dataset. As noted in section Section 2.1, only seven op-

erators were part of the dynamic pricing events, where these seven operators accounted

for approximately 18% of the Electroverse charging network. As a result, many receipts

that appeared in the previous regression were generated from charging points managed

by CPOs that did not participate in dynamic pricing events. In this subsection, we ana-

lyzed treatment e � ects in participating vs non-participating charging points separately.

Figure 6 and Table A28 break down the results from Table A3 by whether the operator

participated in the dynamic pricing events.

We found no evidence of substitution from non-participating charging points to par-

ticipating ones. The e� ect shown in Section 4.2 seemed to be concentrated at partici-

pating operators' stations – where a 40% price decrease increases consumption by 282%,

35In our setting, the good can be stored (as in battery charge), so there could be good reasons for intertemporal
substitution Hendel and Nevo (2006, 2013). We di � er from their approach since we randomize prices and allow brand
preferences to be dynamic. And in our setting, intertemporal substitution can be welfare enhancing if the displacement
demand comes from higher priced times with higher CO 2e intensity of the marginal generator.
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Figure 6: Treatment e� ect (kWh), by whether the charging point operator (CPO)
participated in dynamic pricing events.

Notes: Bars show treatment e� ects (kWh per dynamic pricing event) from Table A28, a spatial dis-
placement check speci�ed in our pre-registered analysis plan (as our second of three exploratory
analyses). Error bars are 95% con�dence intervals. Labels show the % change relative to Control
group consumption. The e � ects were concentrated at charging points operated by CPOs that partici-
pated in the dynamic pricing events, where a 40% price decrease increased consumption by 282% and
a 15% price decrease by 57% (from a control group average of 0.0215 kWh. No signi�cant changes
were observed at non-participating CPOs (control group average of 0.0302). The green message did
not yield statistically signi�cant e � ects in either case.

while a 15% price decrease increases the amount of kWh purchased by about 57% –

whereas the price decreases had no e� ect on charging behavior in chargers operated

by non-participating CPOs. The green message did not signi�cantly in�uence behavior

across either set of chargers.

In interpreting the treatment e � ect, the hypothetical "scaled-up" impact on demand

– if all chargers in Electroverse's network participated in dynamic pricing events, rather

than just the seven CPOs who did so during our trial – likely falls between two extremes:

for the 40% price decrease, the 117% increase in demand across the entire network from

Figure 5, versus the 282% increase when focusing only on the participating charging

points in Figure 6. While this suggests a hypothetically far greater response than our

headline increases, we caution against assuming this e� ect size would be replicated across

the whole charging network because additional participating charges may, in part, canni-

balize demand for each other. In other words, there may be a dilution e � ect where total

customer response is limited by a �nite amount of responsive users. 36

This analysis focused on chargers within the Electroverse network (approximately

36In addition to these considerations, it is possible that current Electroverse customers may di � er from future ones
in their response to dynamice pricing.
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60% of the public charging network). We could not assess switching from chargers out-

side the network, as we did not observe activity at those locations. However, we believe

such switching was likely minimal, given that even within the network there was no ev-

idence of displacement from non-participating to participating CPOs during events (as

we have shown in this section).

4.3.2 App substitution

Although we did not �nd evidence of substitution from non-participating CPOs /

chargers to participating ones (see Section 4.3.1 immediately above), customers may have

changed how they paid for consumption at a given charger, switching from other pay-

ment methods to paying via Electroverse to take advantage of the price changes. Un-

derstanding this distinction is important for assessing the e � ectiveness of demand-side

interventions from a grid operator's perspective, where only net new demand contributes

to alleviating systems stress or supporting renewable integration.

Quantifying the extent of platform-switching is challenging, as our data only included

charging sessions initiated via the Electroverse platform. However, all CPOs participat-

ing in the dynamic pricing intervention procured their electricity through Octopus En-

ergy Limited, as described in Section 2, providing us with access to smart meter consump-

tion data at the relevant charging points. This allowed for a valuable cross-validation: we

could compare changes in electricity usage recorded through Electroverse receipts with

changes in overall energy consumption at the same charging points. While smart meter

data could not be disaggregated by treatment group, we applied a consistent pre-post

estimation strategy to both data sources, allowing us to assess how much of the observed

increase in Electroverse activity re�ected actual system-level demand turn-up. To our

knowledge, this kind of cross-platform validation using independent consumption data

is rarely possible in public EV charging studies, and o � ers an important methodologi-

cal contribution to the evaluation of dynamic pricing and other demand-side �exibility

interventions.

To directly compare these measures, we �rst estimated the total increase in electricity

usage based on our main treatment e� ect estimates from Table A3 (0.0154 and 0.0604).

For this analysis, we ignored the green message treatment e� ect as it was not di� erent

from 0 at conventional levels of statistical signi�cance. We applied this to the proportion

of treated users in each arm (� 25%), the total number of users in the sample (109,711),
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and the number of events (18). This produced an estimated increase of approximately

37,422 kWh.

We used this estimate to validate our pre-post comparison approach, which also mea-

sured changes in energy usage from receipts data. The pre-post method yielded a slightly

higher estimate of 38,972 kWh compared to our experiment's estimate, but the two �g-

ures were closely aligned, con�rming the pre-post method's validity . When we extended

this approach to include all users at participating charging points, 37 the estimated in-

crease rose to 57,517 kWh. In other words, users in the experimental sample accounted

for approximately 68% of the kWh recorded in the receipts.

We repeated the same calculations using receipts from charging points for which we

have smart meter data.38 We found an increase of 27,215 kWh from users in the experi-

mental sample and 41,135 kWh from all users. This again suggests that around 66% of

electricity delivered through these chargers came from the experimental group, indicat-

ing similar usage patterns across participating stations.

Next, we applied the same pre-post estimation strategy to the smart meter data for

the relevant charging points, which yielded an estimated increase in consumption of

19,726 kWh. To ensure comparability with the receipts-based estimates, we scaled this

�gure by 68%, corresponding to the share of receipts attributable to users in our exper-

imental sample at these charging points. The adjusted smart meter-based estimate was

13,366 kWh, approximately half the size of the increase estimated using receipts.

Thus, of the increase in electricity usage via the Electroverse app, a substantial por-

tion seemed to be due to platform switching rather than net new demand. Speci�cally,

approximately 51% of the increase in Electroverse receipts seems to come from users

shifting their charging activity from other charging platforms. 39 This �nding under-

scores the importance of distinguishing between changes in platform choice and changes

in total electricity demand when evaluating demand-side interventions. Figure 9 pro-

vides a visual breakdown of the app substitution e � ect.

37This includes customers who were not randomized into treatment groups due to ineligibility, such as not having
push noti�cations enabled or being registered in a di � erent app country.

38We observe half-hourly consumption for only 68% of the charging stations in our dataset. Reasons for missing data
include older meters without smart capabilities, smart meters without half-hourly readings enabled, malfunctioning
smart meters, or poor address matching between the Octopus Energy Limited and Electroverse datasets.

39EV drivers may prefer using the native payment platform of the CPO. However, Electroverse o � ers convenience
when traveling by allowing access to multiple networks through a single app, without the need to register for each
CPO individually.
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