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ABSTRACT 

Uptake of electric vehicles (EVs) is increasing, as is their share of the total vehicle miles 
traveled (VMT) and total energy consumption for personal transportation services. This 
accelerating adoption trend is an opportunity for utilities to provide additional energy services to 
their existing customer base. It also presents a challenge to distribution and generation 
infrastructure. On-peak vehicle charging exacerbates already stressed electricity delivery systems 
and can lead to unintended service disruptions if not managed with care. An alternative to 
expensive infrastructure upgrades is to encourage vehicle owners to smooth their EV charging by 
moving it to off-peak times. In a first-of-kind pilot program, Rhode Island Energy has provided 
incentive rewards to a group of EV households to encourage off-peak charging. Accompanying 
this incentive intervention, Opower created an educational and behavioral-nudging campaign for 
a segment of the population and leveraged a randomized control trial (RCT) to assess its 
effectiveness. This paper reports on the results of the first year of treatment by this behavioral 
load shifting program. We find an approximate 8% reduction in on-peak charging behavior by 
households who receive behavioral educational materials compared to control group households, 
though this point estimate does not meet our threshold for statistical significance. Nevertheless, 
we interpret this result as suggesting that the load-management effectiveness of variable price 
signals can be enhanced by nudging households through behavioral educational communications. 

Introduction 

The delivery mechanism for the energy that drives personal transportation services is 
undergoing change unmatched since the transition from horses to horsepower. Reference-case 
projections by the U.S. Department of Energy’s Annual Energy Outlook forecast that the 
quantity of electricity used for light-duty vehicle (LDV) mobility will increase approximately 
ten-fold by 2040 and over 19-fold by 2050 compared to 2020 (US EIA 2021). Several side-cases 
show even greater rates of growth. The increase in transportation energy delivered through the 
medium of at-home electric charging for EVs has the potential to add material stress to existing 
transmission and distribution infrastructure; particularly if latent preferences for the timing of 
charging by electric vehicle owners is correlated with demand peaks, as seems likely (Morrissey, 
Weldon, and O’Mahony 2016). Investment in U.S. transmission infrastructure has accelerated, 
doubling twice over the period of 2005 to 2016 (US DOE 2020), but that may not be sufficient to 
avoid service disruptions caused by over-congestion even in a business-as-usual scenario (ASCE 
2021).  

Distribution infrastructure must be built to the scale of peak system demand, so one 
pathway to reduce the ultimate investment necessary to meet utility-company service obligations 
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is to smooth demand by end-use consumers. Time-of-use (TOU) pricing schemes are 
increasingly being deployed by utilities in order to encourage demand shifting to off-peak 
periods when electricity service delivery is less expensive for utility operators (e.g., see Trabish 
2019). However, unless consumers are aware of their TOU rates, and of strategies available to 
them to adjust their energy consumption timing accordingly, the desired load shifting cannot 
occur (Prest 2020). 

This paper reports results from an effort by Opower, along with National Grid Rhode 
Island, to pilot a program designed to encourage EV owners who have enrolled in a TOU rebate 
program to shift their charging demand by delivering behavioral and educational messaging 
about their energy consumption. The results show that layering behavioral educational materials 
on top of a TOU rebate can boost the effectiveness of time-specific price signals.   

Pilot Design 

 The behavioral education pilot reported in this study is layered on top of an existing 
program, called SmartCharge Rhode Island, run by Rhode Island Energy (formerly, National 
Grid Rhode Island) to provide TOU rebates to EV owners for off-peak charging (see, NGRI 
2021). This opt-in program provides an incentive to participants to install a FleetCarma (now 
Geotab) device in their EV which tracks and transmits details about each EVs use. In addition to 
the annual flat-rate incentive provided to participants, the FleetCarma device records EV 
charging data in order to facilitate rebate payments under the TOU rate. Participants receive a 
rebate on EV charging that occurs in the off-peak period of 9pm to 1pm, daily. This behavioral 
education pilot uses these data of the timing-of-charging events and the quantity of power 
consumed while charging to measure the effects of treatment.  

The population of participating households who opted-in to the SmartCharge program 
(initially, n=308) were split, using random selection, into treatment and control groups (n=154 
for each). The treatment group received the behavioral education communication materials of 
this pilot while the control group did not. Crucially, for the causal inference of this study, this 
RCT approach allows us to attribute differences we observe in charging behavior between the 
treatment group and control group following the start of treatment to the program. It also means 
that the effects we measure in the pilot are entirely additional to the effects of the SmartCharge 
program (which are not measured by this study but are reported on elsewhere—see ERS 2020). 
To ensure valid assignment to treatment and control groups for the purposes of effect attribution, 
a standardized randomization procedure was employed. 

Randomization Procedure 

Assignment to the RCT’s treatment and control groups was done at the household level. 
In the sample population, there were 49 households with more than one participating EV; 
however, because behavioral treatment is directed to the occupants of the household, it is the 
household, and not the EV, that is the unit of analysis for this study.  

To ensure that the random assignment created two statistically balanced groups, we 
follow Bruhn and McKenzie’s (2009) “minimum maximum” rerandomization method. In so 
doing, we create a randomized assignment and compute t-tests of differences in means (or 
proportions, for binary variables) for several variables of interest. That randomization 
assignment and the maximum t-score from among the variables included in the balance check are 
saved, then a new randomization assignment is performed and new t-test scores are computed. 
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This is iterated 1,000 times, and the assignment with the smallest maximum t-test score is 
selected for final treatment and control group assignment.  

This procedure was operationalized using the Stata randomize module (Kennedy and 
Mann 2015). The variables used in the balance check algorithm and the t-test values for the 
comparison of the assigned treatment and control groups are reported in Table 1. For all included 
variables, the P scores, representing the probabilities that the two groups are not different, are 
well above standard critical values for this measure.  
 
Table 1: Results of the randomization balance check 

Variable mean 
(treatment) 

mean 
(control) 

st. dev. 
(treatment) 

st. dev. 
(control) 

t-
score 

P(T<=t) 
two-tail 

P > 
0.1? 

luxury 0.253 0.273 0.436 0.447 -0.387 0.699 OK 
BEV 0.571 0.571 0.496 0.496 0.000 1.000 OK 
PHEV 0.455 0.455 0.500 0.500 0.000 1.000 OK 
car_count 1.169 1.188 0.393 0.482 -0.389 0.698 OK 
miles_per_day 26.087 25.224 15.624 14.909 0.496 0.620 OK 
daily_peak_kwh_12mo 1.910 1.815 1.629 1.923 0.467 0.641 OK 
daily_total_kwh 7.354 7.915 5.269 10.714 -0.583 0.560 OK 
daily_peak_kwh 2.309 2.897 1.800 9.243 -0.775 0.439 OK 
pct_peak 0.349 0.353 0.194 0.209 -0.174 0.862 OK 
Level2 0.513 0.539 0.501 0.500 -0.455 0.649 OK 
Level3 0.026 0.013 0.160 0.114 0.823 0.411 OK 
oldTreat 0.468 0.513 0.501 0.501 -0.796 0.427 OK 

 
In the table, the variables are defined as follows.  

• Luxury is an indicator variable for the presence of a luxury EV in the household,  
• BEV is an indicator for a full (battery) EV in the household,  
• PHEV is an indicator for a plug-in hybrid EV in the household,  
• car_count is a count of the number of EVs in the household,  
• miles_per_day is the average daily miles driven by EV vehicles in the household 

prior to program launch,  
• daily_peak_kwh_12mo is the average daily peak-period EV charging in kWh for 

the household in the 12-months prior to program launch,  
• daily_total_kwh is the average daily EV charging in kWh for the household 

among all records prior to program launch,  
• daily_peak_kwh is the average daily peak-period EV charging in kWh for the 

household among all records prior to program launch,  
• pct_peak is the percentage of on-peak EV charging as a fraction of all EV 

charging for the household prior to program launch,  
• Level2 is an indicator variable in which a Level-2 EV charger is present at the 

household,  
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• Level3 is an indicator variable in which a Level-3 EV charger is present at the 
household2,  

• and oldTreat is an indicator variable for households previously included in the 
treatment group of a now concluded earlier study using this same household 
population (ERS 2020). 

Description of Treatment Experience 

Households included in the treatment group for this pilot received monthly email 
communications from Opower, with National Grid Rhode Island branding (as Rhode Island 
Energy was known at the time of the program’s launch), along with an initial welcome letter. 
These communications included modules of both dynamic personalized elements along with 
static elements intended to remind participants about the SmartCharge program as well as 
provide a graduated educational experience about EV charging. The purpose of these 
communications is to encourage a change in charging behavior consistent with the incentives 
provided by the TOU rebate program. Each of the monthly communications has the following 
five elements: Anchor module; Educator module; TOU Repeating Banner; EV Fun Facts & 
Tools module; and Rebate Summary module. Figure 1 is an example communication in which 
each of these five elements is identified.   

Anchor 

The Anchor module provides dynamic energy consumption comparisons, personalized to 
the household, designed to leverage the same proven behavioral-change strategies are used in 
other behavior-based energy programs. This includes a self-comparison, in which the 
households’ monthly on-peak EV charging consumption is compared to the consumption from 
the previous month. This gives the participant household a sense of the progress (or backsliding) 
they have made. The anchor also includes a cross-participant comparison (social norming), in 
which the households’ monthly on-peak EV charging consumption is compared to other similar 
participants in the program. For the purposes of this comparison, similar participants are defined 
as other EV users with a similar type of EV (BEV or PHEV).   

Educator 

The Educator module includes graduated topical themes that build over time to take the 
consumer from motivation to knowledge to action. Each group of three months (one quarter) 
focuses on a different theme, with each subsequent theme building on the previous one. For the 
first year of the Opower program, the four quarterly themes were 1) why shift charging, 2) how 
to shift charging, 3) make shifting easier, and 4) schedule your charging. Within each quarterly 
theme there are three messaging opportunities. The first two of these provide straightforward, 
easily understandable messaging related to the theme. The third and final educator module in 
each quarter includes a “myth-buster” or tip message. The messaging in the Educator modules 
can be dynamically personalized, depending on the content of the messages. For example, within 
the “how to shift charging” theme, details are populated that are specific to the manufacturer of 

 
2 See e.g., https://afdc.energy.gov/fuels/electricity_infrastructure.html for a definition of Level-2 and Level-3 
chargers. 
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the EV owned by the household to educate participants about the specifics of automating their 
EV charging schedule.   

TOU Repeating Banner 

The TOU Repeating Banner element is a relatively static portion of the email that 
reminds the consumer of the start and end times of their off-peak charging window and 
encourages them to earn rewards with the program by charging their EV during that time. This 
banner provides a visual break to the email and develops an identifiable visual feel for the 
communication series. While this content is not dynamic relative to the household, it does 
change relative to the seasonal change in rebate rewards provided by the SmartCharge program. 
For example, in the summer this banner reminds the reader that extra rewards are available for 
participants who shift charging to the off-peak period during that critical time.   

EV Fun-Facts & Tools 

This module features a variety of content of interest to EV drivers in order to create a 
tailored “feel good” experience and reinforce SmartCharge program participation. Topics include 
timely EV news, apps and tools for locating charging stations and planning EV road trips, quick 
survies, and more. Quarterly this module delivers a dynamic “community impact message” 
showcasing the total off-peak charging accomplishment across the entirety of the SmartCharge 
program. This aggregated off-peak charging total is then tied to messaging about the positive 
benefits that off-peak consumption has in terms of environmental stewardship and grid 
resiliency. 

Rebate Summary 

The Rebate Summary provides dynamic household-specific calculations of the rebates 
earned for off-peak charging over the previous month by the participants in the household. This 
helps to reinforce the self-interest element of program participation and concludes the messaging 
on a positive note for the participant. 
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Figure 1. Treatment email example with each of the five elements that appear in all communications 

Measurement Methods 

To measure the effect of behavioral treatment on the treatment group households we use 
a lagged dependent variable (LDV) model. This model form is preferred to a fixed-effects (FE) 
model due to the increased efficiency in creating precise coefficient estimates (McKenzie 2012; 
Burlig, Preonas, and Woerman 2017). The model specification for estimating a single month’s 
average treatment effect is given by Equation 1.  
    

𝑝𝑒𝑎𝑘_𝑐ℎ𝑎𝑟𝑔𝑒! = 𝛼 + 𝛽𝑡𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡! +1𝛿Y!" + 𝜀! 
Equation 1. Lagged dependent variable model specification for monthly average effect. 
 
Where  

• the dependent variable, peak_charge, is the value for EV charging by household, i, in a 
given month measured in kWh;   

• α is the model intercept; 
• treatment is an indicator variable that is equal to one for households in the treatment 

group, and the coefficient, β, is the estimate of interest for this model;  
• Y!" is a vector of three LDV terms: 

o peak_charge_same_month is the value for EV charging by the household in the 
same calendar month in the year prior to the start of program treatment 

Anchor
Including a self-
comparison and a 
comparison to 
similar participants

Educator
Information for EV 
owners that builds 
thematically by 
quarter

Repeating Banner

Fun-Facts
Cycles through 
topics between 
communications

Rebate Summary
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o peak_charge_year_average is the average monthly value for EV charging by the 
household over the course of the full year prior to the start of program treatment 
and, 

o peak_charge_prior_month is the value for EV charging by the household in the 
month immediately preceding the start of program treatment (i.e., March 2021) 

• ε is an idiosyncratic error term 
 
The set of LDV terms included in this model were selected to be similar to the modeling 

approach of other behavioral energy programs administered by Opower (e.g., Allcott and 
Rodgers 2014). Equation 1 is used to estimate the effect of the program on treatment households, 
restricting the panel dataset to one post-treatment month per estimation run. Equation 2 is used to 
estimate the cumulative average treatment effect of the program from launch to-date. Equation 2 
uses the same terms as Equation 1 but adds monthly indicator variables as well as interactions 
between those monthly indicators and the LDV terms. While Equation 1 is estimated with the 
dataset restricted to one month per estimation, Equation 2 is estimated using the full treatment-
period dataset, with month indexed by the subscript, t.  
 

𝑝𝑒𝑎𝑘_𝑐ℎ𝑎𝑟𝑔𝑒!" = 𝛼 + 𝛽𝑡𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡! +1𝛾𝑚𝑜𝑛𝑡ℎ" +1𝛿Y!" +1𝜁𝑚𝑜𝑛𝑡ℎ"Y!" + 𝜀!" 
Equation 2. Lagged dependent variable model specification for cumulative average effect. 

Results  

Treatment effect estimates from Equations 1 & 2 are presented in Table 2. The treatment 
coefficient represents the estimated value of ß from Equations 1 & 2 and is reported in kWh per 
month. Reported standard errors are clustered robust at the household level. Treatment effects 
are also reported as a percentage of control group on-peak consumption for the time-period 
relevant to the treatment effect.  
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Table 2: Treatment effect estimates (to be updated with final results) 

Equation Month Treatment 
coefficient 

Standard 
Error 

Treatment 
effect as % N R2 

1 April, 2021 -1.55 6.37 -2% 268 0.60 
1 May, 2021 -19.00 9.15 -26% 257 0.40 
1 June, 2021 -9.50 6.93 -14% 254 0.49 
1 July, 2021 -1.96 11.24 -3% 250 0.29 
1 August, 2021 -8.14 7.12 -12% 247 0.49 
1 September, 2021 -5.74 7.75 -8% 242 0.44 
1 October, 2021 -8.69 7.28 -11% 239 0.55 
1 November, 2021 -5.20 9.15 -6% 236 0.44 
1 December, 2021 3.06 8.30 4% 235 0.48 
1 January, 2022 -3.26 6.98 -4% 228 0.61 
1 February, 2022 6.20 7.66 10% 227 0.54 
1 March, 2022 -5.53 10.01 -7% 221 0.38 
1 April, 2022 -17.06 11.77 -19% 202 0.31 
2 April-April -5.86 4.61 -8% 3106 0.45 

 

Discussion 

The RCT experimental design of this program is layered on the SmartCharge program, 
with both treatment and control households receiving rebate payments as a result of off-peak EV 
charging. As a consequence, the effect estimated in this study is entirely additional to the effect 
of the price signal alone. This suggests that the demand effect of time-specific energy price 
signals can be materially amplified by coupling those programs with targeted information that 
goes beyond simple reminders about peak hours by engaging and educating consumers about 
how to manage their off-peak charging. Further, it suggests that existing estimates of the 
elasticity of demand for electricity across narrow time frames could be under-estimated for 
instances in which consumer awareness of the timing of their consumption patterns can be 
enhanced. Indeed, it is possible that the effect of the communication series is complementary to 
the price signal. Future research could investigate whether the communication effect on its own 
is greater or less without an accompanying TOU rate or incentive program. Note also that this 
program follows a previous program that provided communications to approximately half of the 
treatment group within this study. To the extent that the effects of that program persisted into the 
period of this study, the on-peak charging available to move to an off-peak period is reduced. 
Therefore, in a fresh population similarly treated, we would expect a program of this type to have 
the same or larger observed effect.    

While the cumulative effect of the program has not, to date, reached statistical 
significance at the initially specified confidence interval threshold of 95%, both the magnitude 
and the directional effect observed in such a small sample size is encouraging, and is consistent 
with the finding of DNV (2021) that treatment households have changed the timing of the start of 
their charging sessions. Future work could seek larger populations to test the replicability of the 
outcomes observed by this study. Additional future work could include assessing the relative 
effect of economically identical price signals that are framed as a gain (rebates, as in this 
program) or as a loss (like most TOU rate charges) to identify if loss-aversion is an additional 
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motivating factor that could be leveraged by system operators to maximize the behavioral nudge 
delivered by a program like this one to relieve peak-period system stress. A limiting factor for 
future studies of this kind are the need for participants to install a data-gathering device in their 
vehicle in order to transmit data back to the utility. To the extent possible, vehicle manufacturers 
should incorporate this capability into the data logging that EVs are likely to do for other 
purposes in the future. Nevertheless, data-privacy safeguards should remain to ensure that third-
party access to these data are based on affirmative participant opt-in.   

As EV ownership continues to increase, solutions for managing the resulting demand 
growth will be necessary to ensure that the grid continues to operate with stability. To maximize 
the environmental benefits of wide-spread EV use, coinciding demand with renewable 
generation supply will be a critical pathway to achieve least-cost climate and system reliability 
goals. Behavioral nudges are an effective mechanism to contribute to this objective. 
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Appendix 

Table A: Full regression results for Equation 2  

 
Variable Coefficient 

Estimate 
Standard 

Error t-score p-value 

 Treatment -5.86 4.61 -1.27 0.20 
      

M
on

th
 In

di
ca

to
rs

 

May-21 9.28 6.45 1.44 0.15 
Jun-21 10.34 4.46 2.32 0.02 
Jul-21 16.23 5.98 2.72 0.01 

Aug-21 8.70 5.14 1.69 0.09 
Sep-21 14.96 7.02 2.13 0.03 
Oct-21 15.63 8.56 1.82 0.07 

Nov-21 22.51 7.04 3.20 0.00 
Dec-21 16.26 6.01 2.71 0.01 
Jan-22 6.96 5.29 1.32 0.19 
Feb-22 9.45 6.43 1.47 0.14 
Mar-22 20.85 7.38 2.82 0.01 
Apr-22 22.40 9.70 2.31 0.02 

      
 LDV Term 1 -0.27 0.19 -1.42 0.16 

LD
V

 T
er

m
 1

 b
y 

M
on

th
 

In
te

ra
ct

io
ns

 May-21 -0.37 0.40 -0.92 0.36 
Jun-21 0.24 0.25 0.95 0.34 
Jul-21 0.10 0.20 0.48 0.63 

Aug-21 0.34 0.25 1.37 0.17 
Sep-21 0.35 0.21 1.67 0.10 
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Oct-21 0.41 0.20 2.03 0.04 
Nov-21 0.56 0.26 2.11 0.04 
Dec-21 0.31 0.25 1.23 0.22 
Jan-22 0.43 0.22 1.95 0.05 
Feb-22 0.39 0.21 1.88 0.06 
Mar-22 0.30 0.34 0.87 0.39 
Apr-22 -0.11 0.56 -0.19 0.85 

      
 LDV Term 2 0.87 0.32 2.70 0.01 

LD
V

 T
er

m
 2

 b
y 

M
on

th
 In

te
ra

ct
io

ns
 May-21 0.73 0.73 1.00 0.32 

Jun-21 -0.05 0.39 -0.13 0.89 
Jul-21 0.53 0.43 1.24 0.22 

Aug-21 -0.27 0.40 -0.66 0.51 
Sep-21 -0.44 0.39 -1.13 0.26 
Oct-21 -0.43 0.30 -1.42 0.16 

Nov-21 -0.51 0.36 -1.43 0.15 
Dec-21 -0.40 0.37 -1.07 0.28 
Jan-22 -0.26 0.28 -0.92 0.36 
Feb-22 -0.65 0.38 -1.72 0.09 
Mar-22 -0.24 0.40 -0.60 0.55 
Apr-22 0.31 0.92 0.34 0.74 

 
 

    
 LDV Term 3 0.21 0.16 1.28 0.20 

LD
V

 T
er

m
 3

 b
y 

M
on

th
 In

te
ra

ct
io

ns
 May-21 -0.47 0.33 -1.39 0.16 

Jun-21 -0.17 0.18 -0.91 0.36 
Jul-21 -0.55 0.23 -2.33 0.02 

Aug-21 -0.05 0.20 -0.26 0.80 
Sep-21 0.05 0.21 0.25 0.81 
Oct-21 0.07 0.17 0.43 0.67 

Nov-21 0.02 0.21 0.11 0.91 
Dec-21 0.15 0.17 0.88 0.38 
Jan-22 0.01 0.18 0.05 0.96 
Feb-22 0.27 0.23 1.18 0.24 
Mar-22 (omitted due to collinearity with LDV 1) 
Apr-22 -0.32 0.43 -0.73 0.47 

      
 Constant 3.01 5.32 0.57 0.57 
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Reported standard errors are clustered robust at the household level. The month indicator for the 
first month, April 2021, is omitted to avoid collinearity. Similarly, the LDV3 interaction term for 
March 2022 is identical to the LDV1 term for that month so it is also omitted to avoid 
collinearity. Note that while many of the LDV by month interaction terms are not statistically 
significant individually, a Wald test of joint significance for each collection of LDV by month 
terms yields F-values greater than the critical value at standard levels of significance, reinforcing 
the justification of their joint inclusion. 
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