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 Electric Vehicles and the Energy Transition:  
Unintended Consequences of Time-of-Use Pricing†

By Megan R. Bailey, David P. Brown, Erica Myers,  
Blake Shaffer, and Frank A. Wolak*

The growth of electric vehicles (EVs) raises new challenges for elec-
tricity systems. We implement a field experiment to assess the effect 
of time-of-use (TOU) pricing and managed charging on EV charging 
behavior. We find that while TOU pricing is effective at shifting EV 
charging into off-peak hours, it unintentionally induces new and 
larger “shadow peaks” of simultaneous charging. These shadow 
peaks lead to greater exceedance of local capacity constraints and 
advance the need for distribution network upgrades. In contrast, 
centrally managed charging solves the coordination problem, reduc-
ing transformer capacity requirements, and is well tolerated by con-
sumers in our setting. (JEL C93, D91, L62, L94, Q42)

The transportation sector accounts for almost a quarter of global carbon emis-
sions (IEA 2023). Consequently, the adoption of electric vehicles (EVs) and transi-
tion to low-carbon electricity supply have become key climate mitigation strategies. 
However, achieving widespread adoption raises concerns about the ability of the 
existing electricity system to produce and deliver energy where and when it is 
demanded by EV owners.

Although much attention is focused on the generation side of the industry, it is 
local distribution networks—the collection of poles, wires, and transformers that 
connect consumers to the electricity system—that are likely the first bottleneck for 
EV charging. The challenge is to avoid situations where network capacity limits are 
exceeded when too many vehicles are charged simultaneously. Given that home char-
gers can draw power up to ten times higher than typical residential devices, it takes just 
a few vehicles to exceed the traditional capacity limits of a transformer— the last link 
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in the chain, often serving fewer than a dozen homes. Regularly exceeding nameplate 
capacity causes wear and tear that can cause the transformer to fail and / or accelerate 
the need for an upgrade (McKenna, Abraham, and Wang 2024). This local issue is 
enhanced by the fact that early EV adopters tend to be geographically concentrated 
(Elmallah, Brockway, and Callaway 2022), meaning that local capacity restrictions 
can bind even at low levels of overall EV adoption.

A key policy question is whether grid upgrades—and their costs—can be delayed 
by incentivizing households to shift charging to times when there is less strain on 
existing infrastructure. An increasingly common solution is time-of-use (TOU) pric-
ing, which features higher prices during “peak” periods of predictable high demand 
and cheaper prices during “off-peak” periods.1 However, while TOU pricing has 
been shown to be effective in shifting the timing of EV charging (Bailey, Brown, 
Shaffer, and Wolak 2025; La Nauze et al. 2024), we consider a potential unintended 
consequence. By incentivizing charging during specific cheap hours, the likelihood 
of coincident charging could increase, resulting in large “shadow peaks” in pockets 
of the distribution network where EVs are prominent.2 As a result, TOU pricing runs 
the risk of being a policy that, while well intentioned and effective at reducing costs 
in one part of the electricity system (i.e., generation costs), could exacerbate strain 
and ultimately increase costs in another part (i.e., distribution networks).

To investigate this possibility, we run a field experiment to analyze the charging 
behavior of groups of EVs randomly assigned to TOU pricing and an alternative 
approach of “managed charging,” both compared to a baseline of flat pricing. Under 
managed charging, EV owners provide their desired departure time, and charging 
is sequenced to prevent multiple vehicles from overloading their transformer.3 
Since our focus is on potential distribution-level impacts, we created “virtual trans-
formers” by grouping sets of ten EVs from each treatment group as though they 
were connected to the same transformer. This approach allowed us to overcome 
the current sparsity of EV adoption in our setting and evaluate impacts under a 
simulated higher penetration of EVs within a distribution network. For each virtual 
transformer day, we randomly assigned an empirically grounded capacity level and 
compared it to the aggregate EV charging demand, combined with a representa-
tive non-EV demand, to evaluate the extent to which transformer capacities were 
exceeded across treatment groups.

To conduct the experiment, we partnered with FortisAlberta, an electric distri-
bution company in Alberta, Canada, and Optiwatt, a US-based EV charging app. 
We recruited over 200 EV owners, primarily urban and suburban, and randomly 
assigned them to either TOU pricing, managed charging, or a control group. TOU 
participants were informed that they would receive 3.5 cents/kWh for charging at 
home during off-peak hours (10 am – 2 pm and 10 pm – 6 am).4 Managed charging 
participants were told that they would receive 3.5 cents/kWh for all home charging 

1 TOU pricing is increasingly being offered and adopted in the United States, for example. In 2023, 45 percent of 
residential customers lived in a utility region with a residential TOU rate offering (EIA 2024). In these regions, 14 per-
cent of customers were enrolled in a time-varying rate, up from 3 percent in 2015 (Faruqui, Hledik, and Sergic 2019).

2 Most EVs allow owners to schedule charging via apps. Many apps include features to prioritize charging in a 
location’s prevailing cheaper TOU time periods, thus making this concentration more likely.

3 Managed EV charging programs are nascent but growing, with 110 programs launched in the United States 
since 2013 (Black et al. 2024).

4 All currency is in Canadian dollars unless otherwise noted. At time of writing, C$1.00 ​ ≈​  US$0.73.
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but their schedules would occasionally be adjusted to meet the needs of the grid. 
Control participants remained on a flat rate and were not contacted after initial 
enrollment.

We find that TOU pricing delivers, as intended, a considerable shift in EV charging 
from peak to off-peak periods—a beneficial outcome for reducing system-wide 
demand peaks. However, it unintentionally increases off-peak charging coordina-
tion, more than doubling transformer capacity violations compared to the control 
group, thereby exacerbating strain on the distribution network. In contrast, managed 
charging outperforms TOU by reducing capacity violations in peak hours without 
a corresponding increase in off-peak violations. A potential drawback of managed 
charging is that it may be less tolerated by users than TOU pricing. We find that 
while active users rarely opted out of managed charging events (< 1 percent), attri-
tion rates were greater in the managed group than the TOU group. As we detail in 
what follows, group-specific software issues likely played an important role, but we 
cannot rule out lower satisfaction with the program.

Previous research has considered the effect of TOU pricing on distribution con-
straints using simulation studies that rely on representative consumption curves 
and assumptions of elasticities and coincident charging behavior (e.g., Hilshey 
et  al.  2012; Muratori  2018; Elmallah, Brockway, and Callaway 2022; Turk 
et al. 2024). By using a field experiment, we directly observe consumer behavioral 
responses across heterogeneous individuals. The use of virtual transformers allows 
us to compare the impact of these two interventions—TOU pricing and managed 
charging—on charging coordination under high EV penetration scenarios.

Our results point to a new challenge for demand-side flexibility in electrify-
ing personal transportation and home heating: local distribution network capacity 
constraints. While distribution network challenges have been well documented in 
low-income countries (Jacome et al. 2019; Carranza and Meeks 2021; Berkouwer 
et  al. 2024), electrification is now raising similar issues in more mature electric-
ity systems. McKenna, Abraham, and Wang  (2024) forecast a 160–260  percent 
increase in US transformer capacity needs by 2050 to accommodate electrification. 
Supply chain constraints have recently driven up costs and increased lead times for 
new transformers, which experts warn are impeding the energy transition (Chopra 
et al. 2024). Given the massive scale of potential infrastructure investments, min-
imizing unintended cost increases is imperative. Policies that reduce reliance on 
transformer upgrades could significantly lower the cost of electrifying transportation.

The existing literature focuses mainly on policies that aim to provide common 
time-varying (dynamic) price signals to consumers when electricity generation costs 
or system-wide demand are high (e.g., Harding and Sexton 2017; Garnache, Hernæs, 
and Imenes 2025). Dynamic pricing, in which the retail price changes hourly in line 
with wholesale market conditions, does not resolve the distribution network coordi-
nation challenge. Instead, it is likely to make it worse by narrowing the set of inex-
pensive hours in which to target EV charging. An optimal pricing solution would 
require the complexity and granularity of being both time varying and household 
specific to signal local distribution constraints properly. In practice, highly granular 
real-time pricing is rarely adopted by residential customers who are believed to 
prefer predictable and stable bills (Schittekatte et al. 2024). This is compounded by 
the political challenges of exposing customers to sustained high-price events such as 
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those experienced during the 2021 winter storm event in Texas (Busby et al. 2021). 
Consequently, a household-specific dynamic price is likely to face resistance from 
both consumers and regulators.

Rather than focusing on a price signal, managed charging compensates consum-
ers for providing a service: allowing the timing of their charging to be centrally con-
trolled. In doing so, managed charging directly addresses the coordination problem 
by sequencing charging among nearby households to remain within the limits of 
local distribution networks. Although managed charging for EVs is currently far less 
common than TOU pricing, it has the potential to reduce the strain on distribution 
networks and lower the cost of the transition to electrified transportation.

I.  A Simple Model of Distribution Transformer Constraints

To illustrate the intuition behind the EV charging challenge, we draw on a simple 
model of a distribution transformer capacity requirement developed by Boiteux and 
Stasi (1964). Consider a distribution transformer, which must be sized sufficiently 
to meet the maximum aggregate peak demand of the collection of individual con-
sumers it serves. The system planner’s objective is to minimize the capacity of the 
transformer, ​​q​T​​​, subject to meeting the aggregate demand, ​​∑ i=1​ n ​​​q​i​​​, of the down-
stream consumers under all conditions and in all hours. If undersized, the distribution 
equipment will frequently operate beyond its capacity, causing stress and degrada-
tion that can result in failure and the need for premature replacement. Conversely, 
oversizing the transformer leads to unnecessary and inefficient added costs.

The challenge faced by the planner is that the collective demand is uncertain 
and thus best thought of as a probability distribution. Accordingly, Boiteux and 
Stasi (1964) propose a sizing rule that incorporates both the average value (​​q –​​) of 
potential aggregate demands faced by the transformer plus an “irregularity margin” 
equal to the variability of collective peak demand (​σ​) times a margin (​λ​). The greater 
the irregularity of the collective demand, the larger the transformer must be sized:

(1)	 ​​q​T​​  = ​ q –​ + λσ​.

Equation  (1), however, does not sufficiently describe the underlying behavior of 
individual consumers. Consider, for example, that at an individual level, it matters 
whether a customer’s irregularity occurs coincident with their neighbor’s or at a 
completely different time. The irregularity margin can thus be described as a func-
tion of individual irregularities, ​​σ​i​​​, and a correlation parameter, ​​K​i​​​, that reflects the 
tendency of individual i’s irregularity to occur coincident with that of the collec-
tive. This results in a complete expression of the distribution transformer capacity 
requirement as a function of individual consumer demands:

(2)	 ​​q​T​​  = ​ ∑ 
i
​ 
 
 ​​ ​(​​q –​​i​​ + λ​K​i​​ ​σ​i​​)​​.

From this expression, we see the factors that increase distribution transformer capac-
ity requirements and thus costs on the system:

	 (i)	​ ​q​T​​​ increases with average peak demand, ​​​q​i​​ – ​​;
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	 (ii)	​ ​q​T​​​ increases as individual irregularities, ​​σ​i​​​, increase; and

	 (iii)	​ ​q​T​​​ increases as the correlation across irregularities, ​​K​i​​​, increases.

The first factor is an obvious result, but the second and third are more nuanced 
and especially relevant to the topic of this paper. EVs, and especially level 2 char-
gers, significantly increase the irregularity of individual loads, ​​σ​i​​​, due to their high 
power draw relative to other household appliances. Consider, for example, a non-EV 
household whose demand is likely to oscillate between 0.5 kW (or less) and 5 kW 
over the course of a day. A home with a level 2 charger, which has a power draw that 
can range from 5 to 12 kW, has more than double the potential peak power draw and 
therefore a significantly larger ​​σ​i​​​. The issue of increased correlation of irregularities 
is less clear with EV charging. By separating energy demand (charging) from EV 
service (driving), it is not clear ex ante that ​​K​i​​​ increases in a world with more EVs. 
This is where TOU pricing can play an unintentional role in increasing the correla-
tion of charging. By creating a coordinating mechanism to target a narrow set of 
hours with cheaper-priced blocks, TOU pricing could increase ​​K​i​​​ and thus raise the 
transformer capacity requirement and, ultimately, distribution system costs. In con-
trast, managed charging has the potential to reduce charging correlation.

II.  Experimental Design and Data

A. Recruitment and Treatment Randomization

In early 2023, households with EVs in FortisAlberta’s territory were recruited 
for the EV Smart Charging Pilot via social media and other advertising methods.5 
Participants were required to download the Optiwatt app, connect the app to their 
EV through a wireless telemetry connection, and sign up for the program through the 
app. They received $50 for enrolling and $100 for completing the program at the end 
of 2023. The app automatically tracked EV charging, both at home and away. While 
Optiwatt offers additional features, participants in the study were limited to using it 
to monitor their charging and setting their desired charge levels and departure times.

The 202 EVs we recruited are primarily located in suburban and urban regions 
near Edmonton and Calgary, with only 14  percent in rural regions (Statistics 
Canada 2024). Comparing participants’ charging behavior to drivers in nine major 
US cities using the Optiwatt app, we find that their behavior is broadly representa-
tive of current EV owners across North America.6

In July 2023, after several months of monitoring charging behavior, we random-
ized EV owners into three  groups: control (62  EVs), TOU (70  EVs), and man-
aged (70 EVs).7 TOU and managed participants were defaulted into their treatment 

5 Fortis serves over 60  percent of Alberta’s electricity distribution network, with over 600,000 end users. 
Residential households in its territory face retail rates that do not vary through the day but can change on a monthly 
basis.

6 The US sample charges slightly longer daily (50 minutes more), but average daily energy charged (22.3 kWh 
versus 23.2  kWh) and peak power drawn (6.7  kW versus 6.8  kW) are nearly identical, indicating similar grid 
demands (Supplemental Appendix C2).

7 Randomization at the household level ensured that households with multiple EVs were assigned to the same 
treatment group.
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group and informed that their incentives would begin July  5, 2023, the start of 
the treatment period. The control group received no messaging and continued to 
be monitored through the end of 2023. For details on participant messaging, see 
Supplemental Appendix A.

TOU participants were offered a 3.5-cent/kWh reward (paid via the Optiwatt 
app) for at-home charging during off-peak hours (10 am–2 pm and 10 pm–6 am), 
effectively reducing the volumetric price (i.e., per kWh) by about 19  percent. 
Managed participants were offered 3.5 cents/kWh for all at-home charging, with 
the condition that Optiwatt could adjust charging times to align with grid needs. The 
software ensured that EVs met user-set charge targets by their scheduled departure 
times. Participants could override managed charging and charge immediately using 
a “Charge Now” button in the app but forfeited the reward for that day.

B.  Virtual Transformers

To overcome the current sparsity of EVs connected to physical transformers and 
understand the potential impact of EV charging on the distribution network with a 
larger number of EVs, we introduced “virtual transformers.” We randomly assigned 
households within the same treatment groups to virtual transformers of ten cars and 
analyze their aggregate behavior.8

Optiwatt passively monitored EV charging behavior in both the control and TOU 
groups without participants’ awareness of their virtual transformers, which served 
solely to document group-level constraint violations. In contrast, virtual transform-
ers were integral to Optiwatt’s managed charging algorithm for the managed group. 
Here, charging was actively sequenced among EVs sharing a virtual transformer 
to ensure that all vehicles reached their charge targets by their scheduled depar-
ture times while adhering to transformer capacity limits. When grid constraints or 
high charging demand made this infeasible, constraint violations were permitted. It 
is important to note that real-world constraint violations do not necessarily trans-
late into outages. Distribution transformers are capable of handling loads of up to 
200 percent of their nameplate capacity for short durations. However, sustained or 
frequent overloading significantly shortens the transformer’s lifespan and increases 
the likelihood of failure (McKenna, Abraham, and Wang 2024). We monitored and 
recorded constraint violations as a primary object of interest for all groups.

For each virtual transformer day, we calculated the available headroom for EV 
charging as the difference between a randomly assigned transformer capacity and 
representative hourly non-EV demand. Figure 1 displays the hour-specific represen-
tative residential household-level load profile in Fortis’s territory, multiplied by ten 
to represent the ten households on the virtual transformer.

The daily transformer capacity limits were drawn from a distribution ranging from 
12 to 24 kW.9 These transformer capacity limits were empirically grounded based 

8 There were seven virtual transformers in each of the control, TOU, and managed groups. We included one con-
trol transformer with only two EVs, adjusting its capacity accordingly. We undertake robustness checks excluding 
this group, and our conclusions are unchanged.

9 Our distribution of virtual transformer constraints weighted tight constraints more heavily than relaxed con-
straints, to ensure that the managed charging algorithm was binding a sufficient proportion of time, for statistical 
power.
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on typical distribution transformer ratings (Hilshey et al. 2012; EnergyHub 2023). 
The difference between the transformer capacity limits and underlying household 
demand defines the headroom available for EV charging. Capacity is most con-
strained during the evening peak and increases overnight into early-morning hours.

Randomizing transformer capacity limits across a range of values helps address 
the limitation of relying on a single representative load profile for non-EV demand. 
Real-world non-EV load variability creates fluctuating periods of slack and tight-
ness in charging headroom. Our range of constraints captures this variability, allow-
ing scenarios where one to three level 2 EV chargers can operate simultaneously.

C. Data and Assessment of Balance

Our data span from April 1 to December 13, 2023, covering each charging ses-
sion’s start and end times, kWh charged, charger power (kW), and location (home 
or away) (Bailey, Brown, Myers, et al. 2025). We also have information on vehicle 
characteristics, including make, model, year, and battery range.

We use pretreatment data to check balance across groups by comparing aver-
age EV charging metrics and vehicle characteristics. Table 1 shows that the groups 
are well balanced, with no statistically significant differences in means based on a 
one-way ANOVA test.

During the experiment, 32 vehicles exited: 20 from the managed group, 9 from the 
TOU group, and 3 from the control group. This may indicate a potential drawback 
of managed charging as users in this group may have been less satisfied. However, 
it is difficult to draw definitive conclusions about the relative acceptance of man-
aged charging due to software challenges primarily affecting the managed group. 

Figure 1. Illustration of Virtual Transformer Capacity

Note: Shaded areas represent off-peak hours.
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Specifically, Tesla’s lack of third-party API support for most of the experiment caused 
complications, leading to nine Tesla vehicles in the managed group losing connec-
tion with the Optiwatt app due to “user password errors.” These errors occurred 
because repeated attempts by Optiwatt to access Tesla’s system were blocked, 
prompting users to reset their passwords. Reconnecting required users to reset pass-
words in both systems, a step these attrited users did not complete. This issue had a 
greater impact on the managed group because the management algorithm required 
more frequent API interactions.

Only one control group participant and no TOU participants left due to user pass-
word errors. Excluding user password errors, attrition rates between the TOU and 
managed groups are not statistically different, though both exceed that of the con-
trol group. In Supplemental Appendix B, we compare observables for vehicles that 
dropped out versus those that remained and find that the charging behavior is largely 
comparable.10 Estimated experimental treatment effects over time also remain con-
sistent despite attrition.

Nevertheless, we take seriously the possibility that participants in the managed 
group may have been closer to the margin of exiting the program than others, mak-
ing them not bother to solve the password reset error. This type of attrition reduces 

10 The proportion of home charging, charge duration, energy charged (kWh), share of off-peak charging, and 
proportion of Teslas are statistically indistinguishable between attritors and stayers in both the pre- and posttreatment 
periods. However, the maximum charging rate (kW) is significantly higher posttreatment for attritors (8.60 kW) 
compared to nonattritors (6.99 kW).

Table 1—Balance on Observable Characteristics by Group Using Pretreatment Data

Variable Control TOU Managed ANOVA (p-value)
Home share (%) 74.25 77.71 74.27 0.62

(26.55) (21.14) (23.97)
Charge duration (minutes) 242.62 236.74 262.04 0.63

(161.39) (132.06) (185.14)
Energy charged (kWh) 22.65 22.45 21.70 0.85

(9.31) (9.43) (11.56)
Max kW charge (power) 6.85 6.94 6.38 0.37

(2.24) (2.51) (2.75)
Off-peak share (%) 53.69 48.25 48.80 0.17

(19.31) (17.51) (17.55)
Off-peak share (%)—home only 54.76 49.53 51.54 0.37

(22.60) (20.92) (20.80)
Tesla (%) 83.87 87.14 84.29 0.85

(37.08) (33.71) (36.66)

Number of EVs 62 70 70
Number of virtual transfomers 7 7 7

Notes: This table compares pretreatment average values of various charging variables at the vehicle level by group. 
Parentheses contain the standard deviations. “Home share” represents the percentage of total charging kWh at 
home; “charge duration” is the daily number of minutes the EV is charged at home; “energy charged” is the kWh 
charged per day at home; “max kW charge” is maximum power of charge used per day at home; “off-peak share” is 
the percentage of kWh charged in the off-peak period either at home or away; and “off-peak share—home only” is 
the percentage of kWh charged in the off-peak period at home only. “Tesla” is the percentage of EVs that are Teslas, 
and “number of EVs” is the count of EVs. “ANOVA (p-value)” reports the p-value from one-way ANOVA tests for 
differences in means across groups.
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the benefits of managed charging relative to the other programs. To account for this, 
we perform a bounding exercise, described in Section IVB, where attrited vehicles 
are assigned control group behavior to calculate treatment effects.

III.  Descriptive Statistics

We begin with a descriptive analysis of changes in charging behavior and trans-
former violations across the three groups, comparing outcomes before and after 
treatment. The left-hand side of Figure 2 shows mean hourly charging (kWh) across 

Figure 2. Average Charge kWh and Transformer Violations by Group and Hour of Day

Notes: “Average charged kWh” reflects the mean hourly charging (kWh) across all vehicle days with nonzero home 
charging. “Average transformer violations” represents the average magnitude of hourly transformer constraint vio-
lations (in kWh) across all virtual transformers by treatment group, for the pre- and posttreatment periods. The 
shaded areas indicate off-peak hours.
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vehicle days with nonzero home charging by group.11 The shaded areas indicate 
off-peak hours. Pretreatment charging profiles are similar across groups, with higher 
mean charging starting at 6 pm and continuing overnight.

The control group shows no change in charging behavior between pre- and 
posttreatment, reflecting the absence of incentives for this group. In contrast, the 
TOU group exhibits a notable increase in charging during off-peak hours and a 
reduction during the evening peak (5 pm–10 pm), suggesting a response to finan-
cial incentives. The managed group shows modest changes: a slight reduction in 
peak-period charging and a slight increase in early-morning off-peak charging. This 
pattern aligns with the managed charging algorithm’s goal of distributing charging 
within the available distribution transformer capacity rather than focusing on shift-
ing charging from peak to off-peak.

The right-hand side of Figure 2 summarizes the average hourly distribution trans-
former constraint violations (in kWh) by group pre- and posttreatment. Pretreatment, 
each group shows higher constraint violations in the evening, when EV owners typ-
ically return home from work and begin charging. The increased evening demand 
coupled with tighter transformer headroom during early-evening hours (as shown in 
Figure 1), contributes to these higher violations.

Comparing pre- to posttreatment, we see consistent patterns of constraint violations 
for the control group. In contrast, the TOU group displays a sharp increase in con-
straint violations posttreatment at the beginning of the off-peak period coupled with 
a decrease during evening peak hours. The magnitude of off-peak violations exceeds 
those in the peak-period pretreatment, demonstrating that TOU has the potential to 
accelerate the need for transformer upgrades. In contrast, the managed group shows a 
consistent reduction in violations posttreatment. Unlike the TOU group, they reduced 
peak violations without any corresponding increase in off-peak hours.

IV.  Empirical Strategy and Results

A. Charge Timing and Constraint Violations

The descriptive evidence suggests that treatment incentives affected charging 
behavior and, consequently, distribution transformer constraint violations. We use a 
regression analysis to quantify these effects more formally. We begin by analyzing 
the treatment effects on the timing of at-home charging using vehicle-level data.12

We estimate the effects of the treatments on hourly charging during peak and 
off-peak periods, using the following specification:

(3)	 ​​Y​idh​​  = ​ β​0​​ + ​β​1​​ ​Post​d​​ × ​TOU​i​​ + ​β​2​​ ​Post​d​​ × ​Managed​i​​​

	​ + ​β​3​​ ​TOU​i​​ × ​OffPeak​h​​ + ​β​4​​ ​Managed​i​​ × ​OffPeak​h​​​

	​ + ​β​5​​ ​Post​d​​ × ​OffPeak​h​​ + ​β​6​​ ​Post​d​​ × ​TOU​i​​ × ​OffPeak​h​​​

	 ​+ ​β​7​​ ​Post​d​​ × ​Managed​i​​ × ​OffPeak​h​​ + ​α​i​​ + ​δ​d​​ + ​τ​h​​ + ​ϵ​idh​​​,

11 A “day” spans 9:00 am to 8:59 am to capture overnight charging decisions.
12 The majority of charging takes place at home (see Table 1). Additionally, given our focus on local distribution 

constraints, at-home charging is the relevant measure of interest. Supplemental Appendix C1 provides evidence that 
drivers did not shift charging locations posttreatment.
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where ​​Y​idh​​​ represents the hourly charge (in kWh) (Charge kWh) for EV ​i​ on 
day-of-sample ​d​ and hour-of-day ​h​.13 ​​Post​d​​​ is an indicator that equals one starting 
on July 5, 2023 (posttreatment), and zero otherwise. ​​Managed​i​​​ and ​​TOU​i​​​ are indi-
cator variables that denote whether EV ​i​ is in the managed or TOU groups, respec-
tively. ​​OffPeak​h​​​ equals one if hour ​h​ falls within our definition of off-peak hours and 
zero otherwise.

We include EV-level fixed effects, ​​α​i​​​, to account for time-invariant charging 
characteristics specific to each EV. Additionally, we incorporate hour-of-day fixed 
effects, ​​τ​h​​​, and day-of-sample fixed effects, ​​δ​d​​​, to control for time-varying factors 
within days and over time that may influence charging behavior.

The treatment effects for TOU are represented by ​​β​1​​​ for peak hours and ​​β​1​​ + ​β​6​​​ 
for off-peak hours. Likewise, the managed group treatment effects are represented 
by ​​β​2​​​ for peak hours and ​​β​2​​ + ​β​7​​​ for off-peak hours. For vehicles in the TOU and 
control groups, standard errors are clustered at the EV level as these vehicles do not 
interact with one another within a virtual transformer. For vehicles in the managed 
group, standard errors are clustered at the transformer level to account for correlated 
errors within a transformer arising from the managed charging algorithm, as well as 
autocorrelation.14

Column  1 of Table  2 reports the treatment effects during peak and off-peak 
periods for hourly charging. The TOU group exhibits large and significant effects 
in both reducing peak-period charging and increasing off-peak charging. Peak 
charging decreases by 55  percent relative to the control group’s posttreatment 
mean (​− 0.203 / 0.369  ≈  − 0.55​), while off-peak charging increases by 54 percent 
(​0.229 / 0.422  ≈  0.54​). In contrast, the effects for the managed group are smaller 
and not significant. These results are consistent with the descriptive evidence in 
Figure 2, where TOU shows a sizable shift to off-peak hours, while the managed 
group does not exhibit a distinct change.

The middle section of Table 2 presents the results of Wald tests assessing the null 
hypothesis that the estimated treatment effects for the TOU and managed groups are 
equal. We report the differences in treatment effects, with p-values shown in brack-
ets. For both peak and off-peak, the differences are statistically significant.

We now examine how treatments affected transformer capacity violations, shifting 
focus from individual EV charging behavior to aggregated transformer-level impacts. 
This analysis captures how changes in charging behavior influence the coincidence of 
EV charging on the same virtual transformer. We aggregate the individual EV data to 
the transformer level and estimate a model analogous to equation (3) with ​i​ indexing 
transformers instead of vehicles and the dependent variable being the magnitude of 
transformer constraint violations (in kWh) for transformer  ​i​ on day  ​d​ at hour  ​h​.15 
Additionally, instead of EV fixed effects, the model includes transformer fixed effects, 

13 For this analysis, we include all vehicle days, not just those with nonzero at-home charging as in Figure 2.
14 Supplemental Appendix  C3 provides results clustering at the vehicle level for all treatment groups, with 

somewhat tighter standard errors.
15 Specifically, for each hour of our sample, we sum Charged kWh at home for all EVs on a transformer and 

subtract available transformer capacity headroom. Violations are positive when Charged kWh exceeds available 
headroom and zero otherwise.
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reflecting the shift in the unit of observation from EV hour to transformer hour. 
Standard errors are clustered at the transformer level.16

Column 2 of Table 2 displays the impact of treatments on distribution transformer 
constraint violations. Both the TOU and managed groups show significant reduc-
tions in peak-period constraint violations, decreasing by 85 percent (​− 0.772 / 0.906​ ) 
and 79  percent (​− 0.720​​/ 0.906​) of the control group’s mean posttreatment peak 
constraint violations, respectively. However, the TOU group exhibits a significant 
139 percent (​0.961 / 0.689​) increase in off-peak constraint violations, while the man-
aged group shows a small, insignificant reduction in off-peak constraint violations.

These findings demonstrate that TOU pricing induces a systematic shift in 
charging away from peak hours and into off-peak hours. While this helps reduce 
peak-period transformer capacity violations, it also results in an increase in coin-
cident charging in off-peak hours and, consequently, the creation of new and more 
pronounced “shadow demand peaks” on distribution transformers. In contrast, man-
aged charging is able to similarly reduce peak-period violations without the com-
mensurate increase in off-peak violations.

16 Supplemental Appendix C3 demonstrates that our results are robust to implementing wild bootstrap robust 
standard errors to address potential concerns of having only 21 transformer clusters.

Table 2—Estimated Treatment Effects by Group

  Charge kWh Constraint Violations

Group Hours (1) (2)
TOU Peak −0.203 −0.772

(0.041) (0.174)
Off-peak 0.229 0.961

(0.047) (0.277)
Managed Peak −0.048 −0.720

(0.029) (0.176)
Off-peak 0.062 −0.146

(0.040) (0.097)

Treatment effect comparison
TOU − managed Peak −0.155 −0.052

[0.000] [0.826]
Off-peak 0.167 1.108

[0.001] [0.001]

Mean dependent variable (posttreatment)
Control Peak 0.369 0.906

Off-peak 0.422 0.689

Observations 1,131,426 127,512

Notes: This table provides the estimated treatment effects for the EV-level dependent variable Charge 
kWh and the transformer-level dependent variable Constraint Violations (in kWh), using at-home charging 
only. The estimated treatment effects are separated into peak and off-peak hours. “Treatment effect com-
parison” compares the treatment effects for the TOU and managed groups by peak and off-peak hours, 
with p-values reported in brackets for the Wald tests assessing the null hypothesis that the estimated treat-
ment effects for TOU and managed are equal. “Mean dependent variable (posttreatment)” represents the 
mean value of each dependent variable between April 1, 2023, and July 4, 2023, for the control group, 
separated into peak and off-peak hours. All specifications include fixed effects at the day-of-sample and 
hour-of-day level. The column 1 specification includes EV-level fixed effects, while column 2 includes 
transformer-level fixed effects. Standard errors (in parentheses) in column 1 are clustered at the trans-
former level for vehicles assigned to the managed group and the EV level for vehicles assigned to the con-
trol and TOU groups. Standard errors in column 2 are clustered at the transformer level.
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To estimate the hourly effect of TOU and managed charging, we replace the 
indicator variable ​​OffPeak​h​​​ from equation (3) with a vector of hour indicators for 
each hour of the day. Figure 3 presents these estimated hourly treatment effects for 
Charge kWh as the dependent variable. For each hour of the day, the estimates show 
the difference in Charge kWh between each treatment group and the control group 
during the posttreatment period compared to the pretreatment period. For the TOU 
group, there is a reduction in evening peak-period charging and a systematic large 
and often statistically significant increase in off-peak charging. These results are 
consistent with EV owners in the TOU group delaying their charging from peak 
to late-evening hours, aligning with financial incentives. In contrast, the managed 
group shows a smaller shift away from peak charging. There is a small, statistically 
significant increase in morning charging kWh between 7 am and 9 am.17

Figure 3 presents hourly regression estimates for our specification using constraint 
violations as the dependent variable. The results indicate that TOU reduces distribu-
tion transformer constraint violations in the evening peak hours (before 10 pm) but 
leads to a large increase in the magnitude of constraint violations during off-peak 
evening hours with the coefficients for hours 22 to 4 being significantly different 
from zero. Several of the positive point estimates in the off-peak evening hours 

17 The increase in the early-morning hours could be driven by the fact that managed EVs are “preconditioned” 
prior to the set departure time to warm the battery to improve performance.

Figure 3. Estimated Treatment Effects by Group and Hour

Note: The upper and lower bars represent the 95 percent confidence interval.

−1

−0.5

0

0.5

1

kW
h

kW
h

kW
h

kW
h

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23

Hour

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23

Hour

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23

Hour

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23

Hour

TOU

−1

−0.5

0

0.5

1
Managed

Panel A. Charge kWh

−4
−3
−2
−1

0
1
2
3
4
5

TOU

−4
−3
−2
−1

0
1
2
3
4
5

Managed

Panel B. Constraint Violations



563BAILEY ET AL.: ELECTRIC VEHICLES AND THE ENERGY TRANSITIONVOL. 7 NO. 4

are larger in magnitude than the reductions in the evening peak hours. In contrast, 
the transformers with managed EVs experience a significant reduction in violations 
during evening peak hours with no corresponding increase during off-peak hours.18

B. Willingness to Provide Automated Flexibility

Our results indicate that managed charging can reduce strain on local distribu-
tion networks relative to the status quo (and even more so relative to TOU pricing). 
However, successful implementation requires a higher customer buy-in compared to 
TOU rates. Users must consent to and allow third-party control over their charging. 
It typically also involves sharing charging data with third parties and may require 
users to download and use third-party apps.

To assess user acceptance, we examine both the intensive and extensive mar-
gins. On the intensive margin, we analyzed the frequency of user overrides. In the 
posttreatment period, across 5,743 instances of managed charging at home, only 44 
(less than 1 percent) were overridden, indicating minimal user interference.

On the extensive margin, we investigate the effects of consumer willingness to 
remain in the managed program. As noted in Section II, attrition rates were higher in 
the managed group compared to the TOU and control groups. While technical issues 
with the Tesla API specific to managed charging may have played a role, participants 
in the managed group might also have been more inclined to opt out. To address the 
impacts of attrition on the effectiveness of managed charging, we conducted a sen-
sitivity analysis. For each vehicle that left the experiment (regardless of treatment 
group), we randomly assigned the charging behavior of an active control vehicle for 
each day following its departure.19 This analysis yielded results broadly consistent 
with our main findings, with some attenuation to the estimated effects of managed 
charging on constraint violations at peak (−0.619) as compared to the main esti-
mate (−0.720); see Supplemental Appendix Table B2. However, from this analysis, 
the difference between the estimated treatment effect for off-peak constraint viola-
tions for the TOU group minus that of the managed group (1.047) is close to those 
reported in Table 2 in the main text (1.108), suggesting that differential attrition 
from the managed group does not have a strong effect on this comparison.

Finally, to further explore consumer willingness to be involved in managed 
charging, we conducted a follow-up survey with the control group. In December 2023, 
participants were offered the opportunity to join a managed charging program with 
a variable onetime payment incentive ($0, $75, or $150). Of the 35 respondents, 
only one declined the offer, suggesting that the incentive levels did not significantly 
influence participation. Moreover, the retention rate among those who actively opted 
in (29 out of 34 remained after six months) was comparable to the retention rate of 
the experimental group that did not experience a password reset error; recall that our 
initial experimental group was defaulted into managed charging and had the option 
to opt out. While our sample is limited to existing EV owners participating in a 
charging pilot, these findings suggest a substantial willingness to provide flexibility.

18 Supplemental Appendix C4 shows that these results become more pronounced as transformer constraints 
become tighter.

19 This involved a unique random draw with replacement for each attrited car day.
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V.  Discussion and Conclusion

As electrification of transportation and other end uses accelerates, identifying 
and mitigating impediments to this energy transition will be critical. In this paper, 
we highlight the importance of local distribution constraints, where the earliest 
electricity system bottlenecks for EV charging are likely to occur. At a broad geo-
graphic scale (e.g., statewide systems), the diversity of demand across millions of 
heterogeneous customers makes infrastructure strain less of an issue. However, at 
the more granular neighborhood scale of the distribution network, load diversity 
cannot be safely assumed, raising the possibility of correlated charging behavior 
(Cutter et al. 2021).

We find that TOU pricing is effective at shifting EV charging to off-peak hours 
but has the unintended consequence of increasing the coincidence of EV charging, 
resulting in increased strain on local distribution networks. Commonly faced 
inexpensive time blocks become a coordinating mechanism, leading to “shadow 
demand peaks” of simultaneous charging and increasing the magnitude of trans-
former violations as compared to flat pricing. Our experiment demonstrates that this 
well-intentioned policy is likely to exacerbate the challenge of integrating EVs and 
accelerate the need for costly infrastructure upgrades. We find that an alternative 
solution, managed charging, can effectively resolve the coordination problem by 
sequencing charging to remain within capacity constraints. Additionally, managed 
charging offers the potential for further benefits, unexplored in our setting, such as 
responding to peak system demand events and time shifting to co-optimize for both 
generation costs and distribution constraints.

To quantify the impact on capacity requirements for distribution transformers 
from our treatments, we compare the average maximum demand on the distribution 
transformers by group in the posttreatment period. This comparison is agnostic to the 
transformer constraints chosen in our experiment. Rather, differences between groups 
reflect the extent of coincidental charging of EVs arising from treatment. The average 
maximum demand for a ten-EV distribution transformer (i.e., ​​q​T​​​ from equation (2)) 
under TOU pricing is 24 percent higher than the control group posttreatment. In con-
trast, the average maximum demand for the managed group is 17 percent lower than 
the control and 33 percent lower than TOU posttreatment.20 These results reinforce 
our findings that managed charging has the potential to reduce the need for distribu-
tion transformer upgrades compared to the status quo, while TOU can magnify them.

A limitation of our study is the necessary use of virtual transformers versus 
real-world physical transformers. EV owners connected to the latter are likely to share 
more similar characteristics than those on our virtual transformers due to their spatial 
proximity. They may even exhibit similar driving patterns and thus charging demand, 
for example, due to living in commuter neighborhoods. As such, one could reason-
ably expect more correlated behavior in a physical transformer setting. We explore 
this by regrouping the passively monitored TOU and control participants into virtual 
transformers based on a clustering analysis of similar characteristics. The results of 

20 A simulation exercise shows that transformer demand increases with the number of EVs but at a decreasing 
rate. TOU pricing results in higher maximum demand than the control group, a disparity that widens as ​N​ increases 
(Supplemental Appendix C6).
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this exercise (detailed in Supplemental Appendix C5) confirm the intuition that trans-
former violations can become more frequent with greater homogeneity. However, this 
trend holds for both the control and TOU groups, and, notably, the incremental effect 
of TOU relative to control remains consistent with our main estimates.

Although our experiment was conducted in a single province in Canada, the 
effects we observe of TOU pricing causing a greater concentration of charging are 
likely to apply across North America more broadly. Our experimentally recovered 
load shapes align with nonexperimental load shapes for drivers on TOU rates across 
the United States, which also show a “shadow peak” during off-peak hours imme-
diately following the peak period.21 Furthermore, our estimates could prove con-
servative as the 3.5-cent difference between peak and off-peak in our experiment 
is small relative to other common TOU rates. For example, British Columbia and 
Ontario have peak to off-peak differences of 10 cents and 22 cents, respectively, and 
California’s Pacific Gas & Electric Company has EV-specific TOU rates with differ-
ences as wide as US$0.36 (C$0.50) (BC Hydro 2024; Government of Ontario 2023; 
PG&E 2024). An expectedly larger response to the larger real-world price differ-
ences is likely to amplify the TOU effect observed in this study.

As the electricity system evolves, flexibility will be increasingly valuable. Smart 
grid technologies and telemetry control solutions, such as managed charging, offer 
innovative ways to overcome traditional infrastructure challenges and lower the 
cost of the transition to electrified transportation. While we observe minimal over-
rides by managed participants, we note potentially higher attrition in this group. 
Further study is warranted on consumer acceptance to managed charging programs. 
However, if broad acceptance and deployment of managed charging is achieved, it 
could play a significant role in lowering the cost of electrifying transportation.

REFERENCES

BC Hydro. 2024. “Residential Tiered Rate with Time-of-Day Pricing.” https://app.bchydro.com/
accounts-billing/rates-energy-use/electricity-rates/residential-rates/tiered-time-of-day.html 
(accessed December 6, 2024).

Bailey, Megan, et al. 2023. Financial Incentives to Shift Electric Vehicle Charging: Time-of-Use versus 
Managed. AEA RCT Registry. https://doi.org/10.1257/rct.11822-1.0.

Bailey, Megan R., David P. Brown, Erica Myers, Blake Shaffer, and Frank A. Wolak. 2025. Data and 
Code for: “Electric Vehicles and the Energy Transition: Unintended Consequences of Time-of-Use 
Pricing.” American Economic Association; distributed by Inter-university Consortium for Political 
and Social Research. https://doi.org/10.3886/E221121V1.

Bailey, Megan R., David P. Brown, Blake Shaffer, and Frank A. Wolak. 2025. “Show Me the Money! 
A Field Experiment on Electric Vehicle Charge Timing.” American Economic Journal: Economic 
Policy 17 (2): 259–84.

Berkouwer, Susanna B., Pierre E. Biscaye, Maya Mikdash, Steven L. Puller, and Catherine D. Wolfram. 
2024. “Voltage Quality and Economic Activity.” Unpublished.

Black, Doug, Nadia Panossian, Jingjing Liu, Bruce Nordman, John Farrell, Cabell Hodge, Andrew 
Meintz, et al. 2024. Survey and Gap Prioritization of US Electric Vehicle Charge Management 
Deployments. National Renewable Energy Laboratory Research Hub.

Boiteux, Marcel, and Paul Stasi. 1964. “The Determination of Costs of Expansion of an Interconnected 
System of Production and Distribution of Electricity.” In Marginal Cost Pricing in Practice, edited 
by James R. Nelson, 91–126. Prentice-Hall. 

21 See Valdberg et al. (2022) for drivers on TOU rates in California’s Pacific Gas & Electric service territory 
and Supplemental Appendix C2 for drivers in 14 major US cities using the Optiwatt app who self-report being on 
a TOU rate.

https://app.bchydro.com/accounts-billing/rates-energy-use/electricity-rates/residential-rates/tiered-time-of-day.html
https://app.bchydro.com/accounts-billing/rates-energy-use/electricity-rates/residential-rates/tiered-time-of-day.html
https://doi.org/10.1257/rct.11822-1.0
https://doi.org/10.3886/E221121V1


566 AER: INSIGHTS DECEMBER 2025

Busby, Joshua W., Kyri Baker, Morgan D. Bazilian, Alex Q. Gilbert, Emily Grubert, Varun Rai, 
Joshua D. Rhodes, Sarang Shidore, Caitlin A. Smith, and Michael E. Webber. 2021. “Cascading 
Risks: Understanding the 2021 Winter Blackout in Texas.” Energy Research and Social Science 
77: 102106.

Carranza, Eliana, and Robyn Meeks. 2021. “Energy Efficiency and Electricity Reliability.” Review of 
Economics and Statistics 103 (3): 461–75.

Chopra, Sagar, Aaron Marks, Kevin Jacobs, and Benjamin Boucher. 2024. Power Transformers: Sup-
ply Shortage and High Lead Times. Wood Mackenzie.

Cutter, Eric, Emily Rogers, Amparo Nieto, John Leana, Jessica Kersey, Nikit Abhyankar, and 
Taylor McNair. 2021. Distribution Grid Cost Impacts Driven by Transportation Electrification. 
Energy+Environmental Economics.

EIA. 2024. Annual Electric Power Industry Report, Form EIA-861 Detailed Data Files. Energy Infor-
mation Administration. https://www.eia.gov/electricity/data/eia861/ (accessed December 2, 2024).

Elmallah, Salma, Anna M. Brockway, and Duncan Callaway. 2022. “Can Distribution Grid Infrastruc-
ture Accommodate Residential Electrification and Electric Vehicle Adoption in Northern Califor-
nia?” Environmental Research: Infrastructure and Sustainability 2 (4): 045005.

EnergyHub. 2023. From Obstacle to Opportunity: How Managed Charging Can Mitigate the Distri-
bution Impacts of EV Charging. EnergyHub.

Faruqui, Ahmad, Ryan Hledik, and Sanem Sergic. 2019. “A Survey of Residential Time-of-
Use (TOU) Rates.” Brattle Group, November 12. https://www.brattle.com/wp-content/
uploads/2021/05/17904_a_survey_of_residential_time-of-use_tou_rates.pdf.

Garnache, Cloé, Øystein Hernæs, and Anders Gravir Imenes. 2025. “Demand-Side Management in 
Fully Electrified Homes.” Journal of the Association of Environmental and Resource Economists 
12 (2): 257–83.

Government of Ontario. 2023. “Ontario Launches New Ultra-Low Overnight Electricity Price Plan.” 
News release, April 11. https://news.ontario.ca/en/release/1002916/ontario-launches-new-ultra-
low-overnight-electricity-price-plan.

Harding, Matthew, and Steven Sexton. 2017. “Household Response to Time-Varying Electricity 
Prices.” Annual Review of Resource Economics 9: 337–59.

Hilshey, Alexander D., Paul D. H. Hines, Pooya Rezaei, and Jonathan R. Dowds. 2012. “Estimating the 
Impact of Electric Vehicle Smart Charging on Distribution Transformer Aging.” IEEE Transactions 
on Smart Grid 4 (2): 905–13.

IEA. 2023. CO2 Emissions in 2022. International Energy Agency.
Jacome, Veronica, Noah Klugman, Catherine Wolfram, Belinda Grunfeld, Duncan Callaway, and Isha 

Ray. 2019. “Power Quality and Modern Energy for All.” Proceedings of the National Academy of 
Sciences 116 (33): 16308–13.

La Nauze, Andrea, Lana Friesen, Kai Li Lim, Flavio Menezes, Lionel Page, Thara Philip, and Jake 
Whitehead. 2024. “Can Electric Vehicles Aid the Renewable Transition? Evidence from a Field 
Experiment Incentivising Midday Charging.” CESifo Working Paper 11386.

McKenna, Killian, Sherin Ann Abraham, and Wenbo Wang. 2024. Major Drivers of Long-Term Dis-
tribution Transformer Demand. National Renewable Energy Laboratory.

Muratori, Matteo. 2018. “Impact of Uncoordinated Plug-In Electric Vehicle Charging on Residential 
Power Demand.” Nature Energy 3 (3): 193–201.

PG&E. 2024. “Electric Vehicle (EV) Rate Plans.” https://www.pge.com/en/account/rate-plans/find-
your-best-rate-plan/electric-vehicles.html (accessed December 6, 2024).

Schittekatte, Tim, Dharik Mallapragada, Paul L. Joskow, and Richard Schmalensee. 2024. “Electric-
ity Retail Rate Design in a Decarbonizing Economy: An Analysis of Time-of-Use and Critical Peak 
Pricing.” Energy Journal 45 (3): 25–56.

Statistics Canada. 2024. Rural Canada Statistics. https://www.statcan.gc.ca/en/subjects-start/society_
and_community/rural_canada (accessed July 10, 2024).

Turk, Graham, Tim Schittekatte, Pablo Dueñas Martínez, Paul L. Joskow, and Richard Schmalensee. 
2024. “Designing Distribution Network Tariffs under Increased Residential End-User Electrifica-
tion: Can the US Learn Something from Europe?” MIT Center for Energy and Environmental Pol-
icy Research Working Paper 2024-02.

Valdberg, Anna, David Gomez, E. Gregory Barnes, and Benjamin Ellis. 2022. Compliance Filing of 
Southern California Edison Company, San Diego Gas & Electric Company, and Pacific Gas and 
Electric Company Pursuant to Ordering Paragraph 2 of Decision 16-06-011. Public Utilities Com-
mission of the State of California.

https://www.eia.gov/electricity/data/eia861/
https://www.brattle.com/wp-content/uploads/2021/05/17904_a_survey_of_residential_time-of-use_tou_rates.pdf
https://www.brattle.com/wp-content/uploads/2021/05/17904_a_survey_of_residential_time-of-use_tou_rates.pdf
https://news.ontario.ca/en/release/1002916/ontario-launches-new-ultra-low-overnight-electricity-price-plan
https://news.ontario.ca/en/release/1002916/ontario-launches-new-ultra-low-overnight-electricity-price-plan
https://www.pge.com/en/account/rate-plans/find-your-best-rate-plan/electric-vehicles.html
https://www.pge.com/en/account/rate-plans/find-your-best-rate-plan/electric-vehicles.html
https://www.statcan.gc.ca/en/subjects-start/society_and_community/rural_canada
https://www.statcan.gc.ca/en/subjects-start/society_and_community/rural_canada

	Electric Vehicles and the Energy Transition: Unintended Consequences of ­Time-of-Use Pricing
	I. A Simple Model of Distribution Transformer Constraints
	II. Experimental Design and Data
	A. Recruitment and Treatment Randomization
	B. Virtual Transformers
	C. Data and Assessment of Balance

	III. Descriptive Statistics
	IV. Empirical Strategy and Results
	A. Charge Timing and Constraint Violations
	B. Willingness to Provide Automated Flexibility

	V. Discussion and Conclusion
	References




