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1. Introduction 

Ninety-eight percent of residential customers in the United States take service under flat or 

inclining block rates (FERC, 2012).  Yet time-based rates provide an opportunity for customers 

and utilities alike to achieve a variety of benefits including: increased opportunity for customer 

bill management, lower utility power production costs, deferred future generation investments, 

and increased utilization of existing infrastructure (National Energy Technology Laboratory, 

2008). Recent broad-based deployment of Advanced Metering Infrastructure (AMI) enables the 

opportunity for broader adoption of time-based rates, and the benefits that result have been 

sizable contributors to making the investments cost effective (National Energy Technology 

Laboratory, 2008).   

 

However, some stakeholders have raised concerns about the assumptions underlying the benefits 

assessments in AMI business cases.  Some contend AMI is not needed to implement time-based 

rates, although it may lower the cost of doing so and facilitate more diversity in the types of 

time-based rates that may be offered (Felder, 2010).  Others infer that since less than 2% of 

residential customers at a national level take service under such rates (FERC, 2012), large groups 

of customers have consistently preferred stable and less volatile rate structures (Alexander, 

2010).  In addition, some observe that even mild forms of time-based rates (e.g., time-of-use) 

have sometimes drawn opposition from customers (Brand, 2010) which would potentially 

manifest itself in high attrition rates once customers are exposed to time-based rates.  

Furthermore, some have raised concerns that customer load response to such rates has been 

inconsistent, disappearing over time (AARP et al., 2010).  Ultimately, if a very small share of 
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customers take up these rates, and those who do either quickly leave or don’t substantially and 

persistently respond to them, then the benefits that utilities promote in their AMI business case 

are unlikely to come to fruition. 

 

Such concerns are especially acute for certain subpopulations of residential customers.  Low 

income, elderly and chronically ill (i.e., vulnerable) customers are believed to not use as much 

energy as their counterparts and so have less load that can be shifted or reduced to capture bill 

savings (AARP et al., 2010).  In addition, some assert that such vulnerable customers lack the 

know-how or wherewithal with which to curtail usage (Faruqui et al., 2010). Furthermore, 

vulnerable customers likely have more limited financial resources which may compel them to 

avoid high priced periods by reducing electricity for essential usage (e.g., life-sustaining medical 

equipment, air conditioning) potentially causing them physical harm (AARP et al., 2010).  

Lastly, if these customers are on fixed or limited incomes, then they may be more adversely 

affected by higher bills inducing energy poverty, which could result from or be exacerbated by 

certain forms of time-based rates (Welton, 2017).1 

 

Based on these concerns, a set of research questions can be identified: 

                                                 

1 There is a much broader and more robust body of literature on energy poverty issues whose 

focus extends well beyond retail rate design issues, including: 1) identifying the conditions 

which cause households to lack access to electricity and/or rely on traditional biomass fuels (e.g., 

charcoal, wood, dung) for cooking due to low income levels; 2) impacts on global climate 

changes; and 3) public policies that attempt to mitigate or alleviate these various conditions (e.g., 

Richardson et al., 2009; Sovacool, 2012; Oppenheim, 2016).     
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1. Do vulnerable subpopulations exhibit usage patterns (either in terms of their average 

usage or flexibility of usage) that differ from those of non-vulnerable subpopulations? 

2. Do vulnerable subpopulations participate and stay enrolled in time-based rates at 

different levels than non-vulnerable subpopulations? 

3. Do vulnerable subpopulations exhibit load response to time-based rates at different levels 

than non-vulnerable subpopulations? 

4. Do vulnerable subpopulations benefit financially from time-based rates at different levels 

than non-vulnerable subpopulations? 

Unfortunately, there is limited existing literature that addresses these questions specifically with 

regard to vulnerable subpopulations.  Although there have been a few pieces of empirical 

research that focus on the low-income community (see Faruqui et al., 2010; Wolak, 2010; Smart 

Grid Consumer Collaborative, 2012), little to no research has been published on the elderly or 

those with medical needs. 

 

This paper, which provides a summary of main content and conclusions from a broader report 

(Cappers et al., 2016), extends the existing empirical literature on the experiences of low-income 

customers exposed to critical peak pricing (CPP), and provide the first glimpses into the 

experiences of the elderly and those who reported being chronically ill.  Specifically, our 

analysis provides empirical evidence of whether or not vulnerable customer subpopulations have 

preferences, load profiles, load response capabilities, and bill impacts that differ from their non-

vulnerable customer counterparts.  
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For those states and utilities considering broader and more aggressive offering of critical peak 

pricing rates to residential customers, this analysis can contribute to the electric industry 

stakeholders’ understanding of the degree to which perceived concerns about low income, 

elderly and/or chronically ill customers are, or are not, realized.   

 

This paper is organized as follow.  In Sections 2 and 3, we provide an overview of the data and 

methods, respectively, used to characterize the experiences of vulnerable customers to CPP.  

Next, in Section 4 we present the results of our analysis while in Section 5 we draw conclusions 

and implications based on these results. 

2. Data Sources 

We had access to two electric utility pricing studies which had sufficient participation data, 

interval meter data, survey and other sources of demographic data to sufficiently analyze the 

outstanding research questions posited in Section 1 associated with vulnerable populations 

applied to a critical peak pricing rate design: Green Mountain Power (GMP) and Sacramento 

Municipal Utility District (SMUD). 2  

                                                 

2 Because neither SMUD nor GMP’s study was designed to have the power to identify load 

responses of disaggregated customer groups, we chose to combine multiple similar treatment 

arms for both utilities in our analysis, in order to maximize the potential of identifying any 

differences in load response, enrollment rates, and bill impacts. In particular, while we analyzed 

SMUD’s default rate treatment independently, we combined SMUD’s voluntary CPP rate 

treatment arms, both of which faced exactly the same rates and critical events, but one of which 

was offered an in-home-display (IHD) and one of which was not. We similarly combined GMP’s 

voluntary CPP rate treatment arms, both of which were exposed to exactly the same rates and 

experienced the same critical events, but one of which included an IHD and one of which did 

not.  
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2.1 SMUD’s Consumer Behavior Study3 

The SMUD study’s main goals were to better understand how the enrollment approach 

(voluntary vs. default) affected enrollment rates, drop-out rates, and electricity demand impacts 

to different time-based rate designs (see Figure 1). Specifically, SMUD’s study included 

evaluations of three rate treatments all in effect during the summer months (June through 

September) of 2012 and 2013: (1) a two-period time-of-use (TOU) rate with a three-hour (4-7 

p.m.) peak period, (2) CPP overlaid on an underlying inclining block rate, and (3) CPP overlaid 

on the TOU rate (see Table 1).  The CPP rate was designed and implemented with 12 critical 

events called each year between the hours of 4 PM and 7 PM (i.e., 48 hours in total) on summer 

weekdays, excluding holidays.   

 

For the purposes of this analysis, only the customers exposed to CPP overlaid on the inclining 

block rate, including both enrollment approaches and treatments with or without the presence of 

an IHD offer, were analyzed. The default CPP with IHD treatment group was analyzed 

independently, while the Voluntary CPP with and without IHD treatment groups were combined 

in our analysis, in order to maximize our ability to identify effects when disaggregated by 

demographic subpopulations. 

                                                 

3 For more details about SMUD’s consumer behavior study, see Cappers et al. (2013a). 
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Note: Those treatment arms depicted in gray were not analyzed here, while those with black text were included in this study. 

Figure 1. SMUD’s Consumer Behavior Study Experimental Design 

 

Table 1. SMUD’s CBS Summer 2012 Rate Design (¢/kWh)4 

Period CPP                            

in ¢/kWh       

(Treatment) 

Inclining Block        

in ¢/kWh         

(Control) 

Non Critical Peak Base (< 700 kWh) 8.51 9.38 

Non Critical Peak Base-Plus (> 700 kWh) 16.65 17.65 

Critical Peak 75.0 N/A 

                                                 

4 Table 1 shows the rates charged to SMUD’s general population of customers on the CPP 

treatment rates. SMUD also included customers enrolled in the low-income rate, referred to as 

EAPR (Energy Assistance Program). These customers faced a lower fixed charge than non-

EAPR customers, and were given a discount of 35% applied to electricity use charges for base 

use, and a discount of 30% applied to non-base use up to 600kWh, above which no discount was 

applied. This same discount structure applied to both time-based treatment rates and inclining 

block flat rates. 

Residential

Default

CPP

IHD

TOU-CPP

IHD

TOU

IHD

Voluntary

CPP

IHD No IHD

TOU

IHD No IHD
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2.2 GMP’s Consumer Behavior Study5 

GMP conducted a consumer behavior study that focused exclusively on opt-in event-driven rate 

designs.  One of the study’s main goals was to better understand the timing and magnitude of 

changes in residential customers’ peak demand due to exposure to either critical peak pricing or 

critical peak rebate (CPR), as well as to observe customer preferences for different transition 

strategies towards these rates.  As such, GMP’s study included evaluations of two different 

event-driven rate treatments (see Figure 2), all in effect for a 13 month period but broken into 

two epochs (Year 1: August 2012 – April 2013; Year 2: May 2013-September 2013) designed to 

call 10 critical peak events between 1 and 6 PM (i.e., 50 hours in total). However, only 4 critical 

events were called in Year 16, while all 10 were called in Year 27. These two rates implemented 

by GMP were: (1) CPR overlaid on the existing flat rate, and (2) CPP overlaid on a slightly 

reduced flat rate (see Table 2).  

 

For purposes of this analysis, only the customers included in the CPP overlaid on the flat rate for 

both year 1 (August 2012 – April 2013) and year 2 (May 2013 – September 2013) of the study, 

including both treatments with and without an IHD offer, are analyzed and discussed. The CPP 

with and without IHD treatment groups were combined in our analysis, in order to maximize our 

ability to identify effects when disaggregated by demographic subpopulations. 

 

                                                 

5 For more details on GMP’s consumer behavior study, see Cappers et al. (2013a). 
6 Events in Year 1 were called on: 9/14, 9/21, 9/25, and 10/5 of 2012.  
7 Events in Year 2 were called on: 7/5, 7/15, 7/16, 7/17, 7/18, 7/19, 8/13, 8/21, 8/22, and 8/28 of 

2013. 
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Note: Those treatment arms depicted in gray were not analyzed here, while those with black text were included in this study. 

Figure 2. GMP’s Consumer Behavior Study Experimental Design 

 

Table 2. GMP’s Summer 2012 CBS Rate Design (¢/kWh)8 

Period CPP                    

in ¢/kWh       

(Treatment) 

Flat                     

in ¢/kWh               

(Control) 

Non Critical Peak 13.948 15.546 

Critical Peak 60.0 N/A 

                                                 

8 GMP also offers a Low-Income Rate. According to the data provided by the utility, only a 

small subset of customers on the non-experimental flat rate were on the low-income version of 

that rate, but no customers were on the low-income version of the experimental CPP rate. GMP’s 

low-income rate consisted of an inclining block rate structure with usage up to 600kWh charged 

at a lower rate (11.89 cents per kWh in the summer of 2012, for example), and usage beyond that 

point charged at the standard flat rate. 

Residential

CPP 
(Yr. 1 & 2)

IHD No IHD

CPR 
(Yr. 1 & 2)

IHD No IHD

CPP (Yr. 1) 
CPR (Yr. 2)

IHD No IHD
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2.3 Definitions of Vulnerable Customer Subpopulations 

Within the context of this analysis, we define each of the vulnerable customer subpopulations as 

follows9: 

 Low income: Determined by reported income levels and the number of people living in 

the residence via utility-administered survey instruments, and a state-specific Low 

Income Home Energy Assistance Program (LIHEAP) cutoff definition;10 

 Elderly: Determined by reported age of adults (those over 65 identified as elderly) living 

in the residence via utility-administered survey instruments; and 

 Chronically Ill: Determined by reported existence of a chronic illness of individuals 

living in the residence via utility-administered survey instruments. 

3. Methodology 

In this section, we describe the methodology employed to derive enrollment, attrition, load, and 

billing impacts by customer subpopulation. 

                                                 

9 The main data sources for identifying vulnerable customers were survey instruments 

administered by SMUD and GMP.  A copy of SMUD’s demographic survey instrument that was 

administered after the completion of the enrollment phase of the study can be found in Appendix 

B of the utility’s interim evaluation report (Jimenez et al., 2013).  The survey instrument GMP 

administered to its customers during the enrollment process to collect demographic information 

can be found in Appendix 2 of the utility’s interim evaluation report (Blumsack and Hines, 

2013).  
10 The eligibility criteria for LIHEAP were found at http://dcf.vermont.gov/benefits/fuel-

assistance and http://www.csd.ca.gov/Services/HelpPayingUtilityBills.aspx for Vermont and 

California, respectively. 

http://dcf.vermont.gov/benefits/fuel-assistance
http://dcf.vermont.gov/benefits/fuel-assistance
http://www.csd.ca.gov/Services/HelpPayingUtilityBills.aspx
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3.1 Experimental Design 

The recruitment and enrollment methods for both the SMUD and GMP studies were 

implemented as a specific type of randomized controlled trial (RCT) called a randomized 

encouragement design (RED). As depicted in Figure 3, for a default enrollment approach under 

an RED, customers are randomly assigned to one of two groups: the control group, which is not 

contacted and not defaulted onto the rate; and the treatment group, which is put onto the rate by 

default, and are “encouraged” not to opt-out. In an RED for a voluntary enrollment approach, 

customers are randomly assigned to one of two groups: the control group, which is not contacted 

and not “encouraged” to opt-in, and the treatment group, which is contacted and “encouraged” to 

opt-in (through marketing materials). The appropriate method for estimation with an RED design 

is an instrumental variable (IV) approach (also called two stage least squares (2SLS) in this 

case); see Cappers et al. (2013b)for a detailed explanation. The “encouragement” to opt-in or to 

not opt-out is used as the instrument for actual enrollment in the rate. The exact specification of 

the 2SLS is defined in subsequent sections for each type of applicable analysis undertaken. 
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Figure 3. Randomized Encouragement Design and Corresponding Instrumental Variable Analysis 

Method For Default and Voluntary Enrollment Rates. 

3.2 Pre-Treatment Average Peak Period Consumption and Variability in Peak Period 

Consumption 

In order to look at differences in consumption patterns between vulnerable and non-vulnerable 

populations the following analysis was performed. In the pre-treatment period the average peak 

period consumption, the load factor, and the coefficient of variation (CV) of peak usage were 

calculated for each household and averaged across the vulnerable and non-vulnerable customer 

groups. A t-test was conducted to identify if differences in these metrics between the vulnerable 

and non-vulnerable groups was statistically significant. 

Enrolled (estimate effect of 
enrollment on rate)

Encouragement (use as 
instrument for enrollment)

Randomization

Random Assignment

Control (not 
encouraged)

Not enrolled in rate

Default: automatically 
enrolled in rate and 

encouraged not to opt-
out

Enrolled in rate  (did not 
opt-out)

Not enrolled in rate 
(opted-out)

Voluntary: encouraged 
to opt-in

Enrolled in rate (opted-
in)

Not enrolled in rate (did 
not opt-in)
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3.3 Enrollment and Attrition Impacts 

Because in the case of SMUD not everyone in the group of customers that eschewed treatment 

were surveyed, the way that we are able to assess whether vulnerable or non-vulnerable 

populations enrolled at different rates requires looking at the frequency of occurrence of 

vulnerable populations in the control group and compare it to the similar frequency of occurrence 

in the group that enrolled in treatment. If the rate of occurrence of vulnerable households in the 

treatment group are higher than in the control group, the assumption is that that populations 

enrolled at a lower rate than their non-vulnerable counterparts, and vice versa. To test whether 

this difference is statistically significant the Bernoulli test statistic was calculated for SMUD’s 

voluntary treatment groups combined, SMUD’s default treatment group and GMP’s voluntary 

treatment groups combined. 

 

Attrition rates of vulnerable and non-vulnerable households once they were enrolled in treatment 

by study and enrollment method were also developed (i.e., number of customers un-enrolling 

divided by total number of enrolled customers). In order to test whether vulnerable households 

dropped out at statistically significantly different rates than their non-vulnerable counterparts the 

Bernoulli test statistic was calculated. 

3.4 Average Peak Period Load Impacts 

A separate regression is run to determine the marginal impacts of the CPP rates on critical event 

days for each vulnerable subpopulation (low income, elderly, or chronically ill) relative to their 

non-vulnerable counterparts, and for each utility (SMUD and GMP).  
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In the equations that follow, Tit is an indicator variable equal to one starting on the date the 

treatment rates took effect for each utility (June 1st, 2012 in the case of SMUD, and August 25th, 

2012 in the case of GMP) if household i was actually enrolled in treatment and remained in 

treatment at time t, zero otherwise. Ait is an indicator variable equal to one starting the date the 

treatment rates took effect for each utility if household i was encouraged to be in one of the 

treatment groups (random assignment to treatment), zero otherwise. Finally Pt is an indicator 

variable equal to one starting on the date the treatment rates took effect for each utility, zero 

otherwise. The estimation was done using 2SLS, where terms including the indicator Tit were 

instrumented for using analogous terms constructed using the indicator Ait. More specifically, 

given a particular vulnerable population (Vi) (e.g., low income), the regression used to estimate 

the marginal impact of being a treated member of that vulnerable population relative to a 

treatment household that is not a member of that vulnerable population includes the terms Tit and 

(Tit * Vi). These terms are instrumented for with the terms Ait and (Ait * Vi) by running the first 

stage regressions shown in equations (1) and (2) below, and then including the predicted values 

from those regressions, 𝑇𝑖�̂� and (𝑇𝑖𝑡 ∗ 𝑉𝑖)̂ , in the final stage regression shown in equation (3), 

below. 

 

𝑇𝑖𝑡 = 𝜂1𝐴𝑖𝑡 + 𝜂2(𝐴𝑖𝑡 ∗ 𝑉𝑖) + 𝜂3(𝑃𝑡 ∗ 𝑉𝑖) + 𝛾𝑖 + 𝜏𝑡 + 휀𝑖𝑡   (1) 

 

(𝑇𝑖𝑡 ∗ 𝑉𝑖) = 𝛿1𝐴𝑖𝑡 + 𝛿2(𝐴𝑖𝑡 ∗ 𝑉𝑖) + 𝛿3(𝑃𝑡 ∗ 𝑉𝑖) + 𝛾𝑖 + 𝜏𝑡 + 휀𝑖𝑡  (2) 

 

𝑦𝑖𝑡 = 𝛽1�̂�𝑖𝑡 + 𝛽2(𝑇𝑖𝑡 ∗ 𝑉𝑖)̂ + 𝛽3(𝑃𝑡 ∗ 𝑉𝑖) + 𝛾𝑖 + 𝜏𝑡 + 휀𝑖𝑡   (3) 

 



14 

 

The variable yit is hourly electricity consumption for household i in hour t; 𝛾𝑖 is a household 

fixed effect;𝜏𝑡 is an hour of sample fixed effect; and 휀𝑖𝑡 is the error term assumed to be 

distributed IID normal across households, conditional on the covariates. In order to account for 

serial correlation across time observations within households, we cluster the standard errors of 

the estimates at the household level. The data used are peak hour consumption (4 pm to 7 pm for 

SMUD and 1 pm to 6pm for GMP) during critical event days in both treatment summers (2012 

and 2013), and on counterfactual days similar (in terms of temperature) to event days, identified 

in the pre-treatment period (during the summer of 2011 for SMUD, and between from May 1st 

through August 25th, 2012 in the case of GMP). Households in both the treatment groups and the 

control group are included. Coefficient 𝛽1 captures the average hourly treatment effect per 

household of non-vulnerable customers, and 𝛽2 captures the marginal difference in treatment 

effect between the non-vulnerable and vulnerable treated households. 

 

For the primary analysis we combined the two voluntary treatment groups included for SMUD, 

and the two voluntary treatment groups included for GMP. These groups faced the exact same 

rates and critical events, but one treatment group in each utility was offered an in-home-display 

(IHD) and the other was not. We combined the IHD and non-IHD voluntary treatment groups in 

order to maximize the power and increase the likelihood of identifying any differences between 

the vulnerable and non-vulnerable populations that might exist. 
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3.5 Average Hourly Peak Period Load Impacts Disaggregated Across the Two Treatment 

Summers 

The treatment effects across the two summers were separated using a regression analysis similar 

to that described in equations (1), (2) and (3), but allowing for heterogeneity between the two 

summers. The estimation of these effects is show in equations (4), (5), (6) and (7). Households in 

both the treatment groups and the control group are included. A separate regression is run for 

each vulnerable population (low income, elderly and chronically ill), each treatment group 

(Voluntary and Default), and each utility (SMUD and GMP). The three first stage regressions are 

shown in equation (4), (5) and (6). The term St is an indicator variable equal to one if date t is in 

the second summer of the study, zero otherwise. Predicted values from the first stage regressions 

are used in the final regression shown in equation (7) to estimate the final treatment effects. 

 

𝑇𝑖𝑡 = 𝜂1𝐴𝑖𝑡 + 𝜂2(𝐴𝑖𝑡 ∗ 𝑉𝑖) + 𝜂3(𝐴𝑖𝑡 ∗ 𝑆𝑡) + 𝜂4(𝐴𝑖𝑡 ∗ 𝑉𝑖 ∗ 𝑆𝑡) + 𝜂5(𝑃𝑡 ∗ 𝑉𝑖) + 𝜂6(𝑉𝑖 ∗ 𝑆𝑡) + 𝛾𝑖 +

𝜏𝑡 + 휀𝑖𝑡         (4) 

 

(𝑇𝑖𝑡 ∗ 𝑉𝑖) = 𝛿1𝐴𝑖𝑡 + 𝛿2(𝐴𝑖𝑡 ∗ 𝑉𝑖) + 𝛿3(𝐴𝑖𝑡 ∗ 𝑆𝑡) + 𝛿4(𝐴𝑖𝑡 ∗ 𝑉𝑖 ∗ 𝑆𝑡) + 𝛿5(𝑃𝑡 ∗ 𝑉𝑖) +

𝛿6(𝑉𝑖 ∗ 𝑆𝑡) + 𝛾𝑖 + 𝜏𝑡 + 휀𝑖𝑡        (5) 

 

(𝑇𝑖𝑡 ∗ 𝑉𝑖 ∗ 𝑆𝑡) = 𝛿1𝐴𝑖𝑡 + 𝛿2(𝐴𝑖𝑡 ∗ 𝑉𝑖) + 𝛿3(𝐴𝑖𝑡 ∗ 𝑆𝑡) + 𝛿4(𝐴𝑖𝑡 ∗ 𝑉𝑖 ∗ 𝑆𝑡) + 𝛿5(𝑃𝑡 ∗ 𝑉𝑖) +

𝛿6(𝑉𝑖 ∗ 𝑆𝑡) + 𝛾𝑖 + 𝜏𝑡 + 휀𝑖𝑡        (6) 

 

𝑦𝑖𝑡 = 𝛽1𝑇𝑖�̂� + 𝛽2(𝑇𝑖𝑡 ∗ 𝑉𝑖)̂ + 𝛽3(𝑇𝑖𝑡 ∗ 𝑆𝑡)̂ + 𝛽4(𝑇𝑖𝑡 ∗ 𝑉𝑖 ∗ 𝑆𝑡)̂ + 𝛽5(𝑃𝑡 ∗ 𝑉𝑖) + 𝛽6(𝑉𝑖 ∗ 𝑆𝑡) + 𝛾𝑖 +

𝜏𝑡 + 휀𝑖𝑡         (7) 
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The coefficient 𝛽1 is the estimate of the average hourly per-household treatment effect of non-

vulnerable households in the first summer; 𝛽2 is an estimate of the marginal difference in 

treatment effect between vulnerable and non-vulnerable households in the first summer; 𝛽3 is an 

estimate of the marginal difference in treatment effect between the first and second summer of 

the pilot for the non-vulnerable households, and finally 𝛽4 is an estimate of the marginal 

difference in the change in treatment effect between the two summers of vulnerable households 

relative to non-vulnerable households. 

3.6 Bill Impacts 

We also estimate the effect on average expenditure as a result of the CPP pricing, relative to the 

control group expenditure. The actual bill savings were estimated using the same strategy as 

described in equations (1), (2), and (3) in Section 3.4 above. Now, however, the 𝑦𝑖𝑡 variable is 

the expenditure of household i in month t. The expenditure was converted from bill cycles to 

calendar months in order to avoid any systematic discrepancies generated based on differences in 

bill period start and stop dates across control and treatment groups. This conversion was done by 

pro-rating the total bill amount, averaged across all dates in that bill cycle, to each day within 

that bill cycle. These prorated daily expenditure amounts were then aggregated back up to the 

calendar month level. The results from this analysis were reported as a percent of average 

expenditure for the Control group. The analysis for SMUD was done during the summer months 

(June, July, August, and September) using data from 2011, 2012 and 2013. 
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3.7 Analysis Approach and Representation of Results 

The analysis approach taken throughout this paper is as follows: for each vulnerable population 

category (i.e., elderly, low income, and chronically ill), customers are identified as either falling 

into that category or not. For each analysis that follows, outcomes of interest for customers that 

fall into a given “vulnerable” category (e.g., elderly) are compared to that category’s “non-

vulnerable” counterpart (e.g., non-elderly). Accordingly, we are only comparing elderly to non-

elderly, low income to non-low income, and chronically ill to non-chronically ill. Due to the 

modest size of the various subpopulations, we chose to not assess the impacts for customers who 

would be associated with two or more of these subpopulations under the expectation that it 

would substantially limit the robustness and representativeness of any results. 

4. Empirical Results 

In this section, we first present some general information about our sample including a more 

detailed analysis of general usage patterns and usage flexibility.  This is followed by an analysis 

of customer acceptance, retention, load impacts, and bill impacts from critical peak pricing, with 

respect to the different customer subpopulations.  

4.1 Customer Sample and Summary Statistics 

GMP and SMUD took different approaches to collecting demographic data via surveys from 

both their participating and non-participating customers.  In the case of GMP, the utility 

administered the survey at the time customers were asked to enroll in the study, as a condition of 

participation, regardless of whether a customer was randomized into the control group or one of 

the treatment groups. As such, they were able to administer the survey to basically everyone 
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associated with the study and get responses from just about all of them: greater than 99% 

coverage and response rates for both those not exposed to treatment (i.e., control group) and 

those in one of the treatment groups focused on in this analysis.  In contrast, SMUD undertook 

its effort to collect demographic information after the completion of the recruitment phase of 

their study. They administered the survey to all their enrolled households, but to only a 

randomized subset of those households who eschewed treatment or were in the control group. 

This approach resulted in much lower coverage of the instrument for the eligible customer 

sample and also considerably lowers response rates: 1% coverage of those not exposed to 

treatment11 and 45% coverage of those in one of the treatment groups analyzed in this study, 

with an overall response rate that was less than 40%.12 The trade-off, however, was that while 

GMP had almost complete survey coverage of the households associated with the pilot, they had 

much smaller sample sizes overall as compared to SMUD. SMUD did not have survey responses 

for all customers associated with the pilot, but they had very large sample sizes for the pilot as a 

whole, which allowed them to have very precisely estimated load impacts and other results in 

analyzing research questions for which survey responses were not necessary.  

 

                                                 

11 SMUD had a very large control group (around 40,000 customers). They only administered the 

survey to a small subset of the customers in the control group. That is why the coverage of the 

full non-participant population is so low, because the population itself is so large. 
12 Such limited coverage of the survey instrument may result in some of the subsequent reported 

metrics being different than they are for the entire study sample.  However, if vulnerable and 

non-vulnerable customer subpopulations who answered the survey are reasonably representative 

of the broader study population, then the difference between the two groups should be 

representative of the broader study population even if their respective levels are not.  



19 

 

Based on SMUD’s survey responses, over 30% of survey respondents reported income levels 

falling within the range we determined to be low-income and a similar proportion reported that 

the household included members of an age we categorized as elderly, while much smaller shares 

of survey respondents (9-12%) reported having a chronic illness (see Table 3).  GMP shows a 

considerably smaller share of survey respondents who reported income levels in the low-income 

range (15%) but had larger shares of both elderly (41%) and chronically ill (20%) residents (see 

Table 4).  

 

Data reported by the U.S. Census from July 2017 are included in both Table 3 and Table 4 to 

compare the share of survey respondents who self-identified as being vulnerable with the broader 

population in similar geographic areas as those where the two pricing studies were undertaken.  

These are defined as follows: 

 Low income: Persons in poverty13; 

 Elderly: Persons 65 years and over; and 

 Chronically Ill: Persons with hearing difficulty, vision difficulty, cognitive difficulty, 

ambulatory difficulty, self-care difficulty, and independent living difficulty.14 

In SMUD’s study, our sample is reasonably representative of U.S. Census data for those who are 

chronically ill, but much less so for those who are low income and elderly, where the sample 

                                                 

13 The definition of poverty is complex and dependent on a number of different data elements as 

documented in U.S. Census Bureau (2018b). 
14 This comprehensive assessment of disability (U.S. Census Bureau, 2018a) is the closest 

publicly available source of information that approximates the general question posed by both 

SMUD and GMP to identify those with chronic illnesses. 
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over represents the general population (see Table 3).  The GMP sample is reasonably 

representative of those who self-identify as low income, somewhat over representative of those 

who identify as having a chronic illness, and substantially over representative of the elderly. 

 

Table 3 and Table 4 also includes summary information about average monthly energy 

consumption (kWh) as well as average monthly electric utility bills ($) during the summer prior 

to the commencement of the study for SMUD and GMP customers, respectively, based on 

whether or not they self-identified as being low income, elderly, or chronically ill.  Elderly and 

chronically Ill customers from both SMUD and GMP have higher monthly usage and higher 

monthly bills than their non-vulnerable counterparts, whereas this consistency across the utilities 

is not observed with respect to low income customers.  

Table 3. Summary Statistics for Data Sample (SMUD) 

 

Population 

Low 

Income Elderly 

Chronically 

Ill 

Number of Households     

Treatment (Voluntary) – Vulnerable 

8,857 

435 407 110 

Treatment (Voluntary) – Non-Vulnerable 684 769 1,099 

Treatment (Default) – Vulnerable 

731 

80 80 31 

Treatment (Default) – Non-Vulnerable 168 182 233 

Control – Vulnerable 

39,323 

87 78 31 

Control – Non-Vulnerable 124 149 202 

% of Households Identified as Vulnerable     

Treatment (Voluntary)  n/a 39% 35% 9% 

Treatment (Default) n/a 32% 31% 12% 
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Control n/a 41% 34% 13% 

Overall n/a 38% 34% 10% 

U.S. Census Bureau (Sacramento, CA) n/a 21% 12% 9% 

Average Monthly kWh (Pre-Study)     

Vulnerable 

800 

669 751 831 

Non-Vulnerable 835 800 773 

Average Monthly Bill (Pre-Study)     

Vulnerable 

$104 

$77 $92 $110 

Non-Vulnerable $123 $105 $97 

 

Table 4. Summary Statistics for Data Sample (GMP) 

 

Population 

Low 

Income Elderly 

Chronically 

Ill 

Number of Households     

Treatment (Voluntary) – Vulnerable 

563 

69 230 111 

Treatment (Voluntary) – Non-Vulnerable 394 330 447 

Control – Vulnerable 

376 

48 155 92 

Control – Non-Vulnerable 254 218 280 

% of Households Identified as Vulnerable     

Treatment (Voluntary)  n/a 15% 41% 20% 

Control n/a 16% 42% 25% 

Overall n/a 15% 41% 22% 

U.S. Census Bureau (Sacramento, CA) n/a 16% 19% 14% 

Average Monthly kWh (Pre-Study)     

Vulnerable 

550 

705 591 714 

Non-Vulnerable 604 634 592 
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Average Monthly Bill (Pre-Study)     

Vulnerable 

$89 

$106 $92 $110 

Non-Vulnerable $99 $105 $97 

 

To further characterize the sample of customers under analysis, we next present a comparison of 

average peak period electricity loads between the vulnerable and non-vulnerable subpopulations 

of interest via an analysis of pre-treatment interval meter data of both SMUD’s and GMP’s 

customers who were identified based on their survey responses as elderly, low-income or 

chronically ill. Such an analysis reveals that some but not all of these vulnerable customer 

subpopulations have average peak period loads that are less than their respective non-vulnerable 

counterparts.  As shown in the two plots in column (a) of Figure 4, SMUD’s low-income 

customers and GMP’s elderly customers have smaller, on average, peak period electricity 

consumption than their non-vulnerable counterparts (i.e., their points lie in the upper-left area of 

the graph).15  However, column (a) of Figure 4 also shows that those who responded to the 

survey in GMP’s study indicating the presence of chronic illness in the household actually 

consume more peak period electricity, not less, than their healthier peers.16  For the remaining 

subpopulations, the differences in average peak period load are very small, less than 5%, and not 

statistically significantly different between vulnerable and non-vulnerable groups. 

 

Next we explore metrics of load flexibility to determine if these metrics differ significantly 

between vulnerable and non-vulnerable sub-populations. Two metrics were constructed to assess 

                                                 

15 These differences are statistically significant at a 99.9% confidence level. 
16 This difference is statistically significant at a 99.9% confidence level. 
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this concern: coefficient of variation (CV) in peak period consumption and a load factor during 

the peak period.    

 

In the former case (coefficient of variation), we see from the two figures in column (b) of Figure 

4 that there is next to no difference in the dispersion of vulnerable and non-vulnerable customer 

subpopulations’ peak period consumption levels. In fact, only households with elderly residents 

in GMP’s study were found to have any measurable and statistically significant differences 

(99.9% confidence level) in that dispersion, relative to their non-elderly counterparts. This 

difference was very small in magnitude, however, but indicated that elderly customers had 

slightly less variability than their non-elderly counterparts (CV of 0.31 versus 0.34, respectively).  

 

Generally speaking, a similar story holds when analyzing these study participants’ peak period 

load factors (see panel (c) of Figure 4) where differences are relatively small.  That being said, 

the load factors for SMUD’s chronically ill (load factor of 0.35 versus 0.32), GMP’s low income 

(load factor of 0.19 versus 0.17), and GMP’s chronically ill (load factor of 0.19 versus 0.17) 

customer subpopulations do have statistically significant differences in their load factor (at a 

95% confidence level at least) from their respective non-vulnerable comparison groups. All of 

these differences indicate that the peak consumption of chronically ill customers of both utilities, 

and low income customers in the SMUD study, were on average significantly less variable than 

their respective non-ill or higher income counterparts with the load factor metric is used, though 

the differences are quite small in magnitude. 
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Note: For any of the points that lie in the gray bar area, the difference in relevant metric for the vulnerable population was not statistically 

significant (at a 90% confidence level at least) relative to the appropriate non-vulnerable counterpart population. The gray bar in and of itself is 

not the 90% confidence interval, but rather a graphical way of showing which estimates are statistically significant at the 90% confidence level 

and which are not.   

Figure 4. Average (a), Coefficient of Variation (b), and Load Factor (c) of Peak Period Load Absent 

Treatment for Vulnerable and Non-Vulnerable Populations 
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4.2 Enrollment and Retention 

Concerns have been raised that vulnerable customers are less likely to want to take service under 

a time-based rate and are more likely to drop out once exposed. Results presented in Figure 5 and 

Figure 6 suggest this is not necessarily the case. 

 

First, concerning enrollment experience, of those customers who responded to the demographic 

survey, we see that there is a tendency for vulnerable subpopulations to be somewhat less likely 

to participate in the study relative to their non-vulnerable counterparts (Figure 5). We can see 

this because the percent of the participant population that were identified as low-income, elderly, 

or chronically ill are slightly lower than the representation of this group in the general population 

(as measured by the control group). This difference is statistically significant (90% confidence 

level) in the case of chronically ill subpopulations for SMUD’s voluntary treatment, and for low-

income subpopulations in the default treatment group, but not statistically significant in any other 

case.  
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Note: These data are limited to those who responded to the survey. The percent of vulnerable households in the general population are based on 

those households from the control group that responded to the survey.  * indicates that the difference between the percent of households facing 
treatment (i.e. opted in or didn’t opt out) that are vulnerable versus the percent that are vulnerable in the general population are statistically 

significant at least at the 90% confidence level, all other differences are not statistically significant. 

Figure 5. Vulnerable vs. Non-Vulnerable Representation in Groups Exposed to Treatment 

 

Once customers began taking service under a CPP rate in one of these two consumer behavior 

studies, conditional on responding to the survey the vulnerable customer subpopulations did not 

drop out over the two-year study period at drastically different rates than their non-vulnerable 

counterparts (Figure 6). However, elderly customers were about twice as likely to drop out of a 

default CPP rate (11% vs. 5%, a difference that is statistically significant at a 90% confidence 

level); chronically ill customers were also twice as likely to drop out of SMUD’s voluntary 

treatment (8% vs. 4%, a difference that is statistically significant at a 90% confidence level); and 

on the other hand low-income customers were less than half as likely to drop out of the same 

default CPP rate (3% vs. 8%, a difference that is statistically significant at a 90% confidence 

level) than higher income customers.  
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Note: * indicates that the difference in retention rate between the vulnerable and non-vulnerable study participants are statistically significant at 

least at the 90% confidence level, all other differences are not statistically significant. 

Figure 6. Vulnerable vs. Non-Vulnerable Retention Experience 

4.3 Load Response 
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treatment groups. In this case, the low-income customers exhibited a peak period load response 

of 23% on average, while higher income customer load response was 35% on average.17  

   

Note: The markers in this graph indicate the estimated load response as a percent of average consumption. For any of the points that lie in the 

gray bar area, the difference between the estimated load response for the vulnerable population was not statistically significant (at a 90% 

confidence level) relative to the relevant non-vulnerable counterpart population. The gray bar in and of itself is not the 90% confidence interval, 

but rather a graphical way of showing which estimates are statistically significant at the 90% confidence level and which are not.   

Figure 7. Load Response of Vulnerable and Non-Vulnerable Customer Subpopulations 

 

Concerns have also been raised that customers in general, but especially vulnerable customer 

subpopulations, are unable to maintain their initial levels of load response as they continue 

taking service under time-based rates.  Figure 8 shows average load response during declared 

                                                 

17 It’s important to note here that there is a correlation between customers on SMUD’s low-

income rate (EAPR), and those designated as low income through our definition based on the 

survey data and LIHEAP categories. In the case of SMUD, 67% of customers designated as low 

income were on the EAPR rate. While the ratio of critical peak period rate to base rate was 

similar for EAPR and non-EAPR (9.0 vs. 8.8, respectively), the absolute level of the critical peak 

period rate was lower for EAPR versus non-EAPR customers ($0.50 vs. $0.75, respectively). 

Depending on how customers respond to rates and what aspects of the rates are salient, this may 

be one important reason why the low-income customers on SMUD’s voluntary rate were less 

responsive on a proportional basis than higher income customers. 
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events by customer subpopulation over time.  With respect to age, elderly customers do appear to 

become less responsive as they gain experience with the rate, though the change between the first 

(40%) and second summer (27%) peak-period load response was only statistically significant (at 

a 90% confidence level) in the case of one of the voluntary treatments, and is not statistically 

significant in the case of the other voluntary treatment group. In contrast, for both chronically ill 

and low-income customers, none of the changes between the first and second summer load 

response were statistically significantly different. However, higher income customers did reduce 

their load response on average from the first summer (39%) to the second summer (30%) in the 

case of one of the voluntary treatment groups, a change that was statistically significant at a 90% 

confidence level.  
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Note: The markers in this graph indicate the estimated load response as a percent of average consumption. For any of the points that lie in the 
gray bar area, the difference between the estimated load response in the first summer of the pilot was not statistically significant (at a 90% 

confidence level) relative to the second summer. The gray bar in and of itself is not the 90% confidence interval, but rather a graphical way of 

showing which estimates are statistically significant at the 90% confidence level and which are not.   

Figure 8. First vs. Second Summer Event Response for Vulnerable vs. Non-Vulnerable Customer 

Subpopulations 

4.4 Bill Impacts 

As is true with any customers, vulnerable customers, if unable or unwilling to respond to CPP 

rates, may see higher bills than they otherwise would if on a flat or inclining block rate, 

especially during periods when critical events are dispatched.  However, rate design plays an 

important role in an assessment of how customers, or particular customer subpopulations, are 

affected; so results are separately reported for SMUD and GMP. 
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substantially higher revenue for the utility, it must be offset with a rate discount during the other 

non-event hours in the period of time covered by the rate design.   

 

Given SMUD’s rate design, an analysis of their customers’ bill experiences is limited to the four 

summer months.18  As shown in Figure 9, every vulnerable and counterpart non-vulnerable 

subpopulation on the CPP rate, regardless of enrollment approach, saw lower bills on average (a 

finding that was robust at a 95% confidence level or more in all cases). In general the 

experiences of vulnerable and non-vulnerable subpopulations were similar in this regard.  This 

was a positive outcome for SMUD because, given the significant load responses exhibited by all 

sub-populations presented previously, it indicated that on average participants benefited 

financially from the pilot rate in large part because they responded to the rate, and not just 

because only structural winners19 enrolled. In addition, there was a tendency for all the 

vulnerable subpopulations to experience even higher bill savings relative to their non-vulnerable 

counterparts, however there was only one case where the difference between subpopulations was 

statistically significant (at a 99% confidence level). This case indicates that chronically ill 

customers on SMUD’s voluntary rate actually experienced higher expenditure savings (25% 

reductions on average) compared to their non-ill counterparts (5% reductions on average). 

 

 

                                                 

18 As a point of interest, we did perform the analysis for SMUD during the non-summer months 

and found no bill impacts for any of the customer subpopulations relative to the control group. 
19 Structural winners are customers that would benefit from the piloted rate not because they 

changed their behavior as a result of the rate, but simply by virtue of their habitual usage pattern 

(e.g., lower on-peak use and higher off-peak use vis-à-vis the class-average customer). 
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Note: The markers in these graphs indicate the estimated bill impacts from the treatment rates as a percent of average consumption. For any of the 

points the lie in the gray bar area, the difference between the estimated load response for the vulnerable population was not statistically 

significant (at a 90% confidence level) relative to the non-vulnerable counterpart population. The gray bar in and of itself is not the 90% 
confidence interval, but rather a graphical way of showing which estimates are statistically significant at the 90% confidence level and which are 

not.  The estimates for SMUD were done during the event season only, as that was when the experimental rates were in effect.  

Figure 9. SMUD Bill Impacts by Vulnerable vs. Non-Vulnerable Subpopulations (Event season 

only) 

 

GMP’s rate design was in effect for the entire 13 month study period, although critical events 

were only called during a limited number of months (September and October in 2012 and July 

and August in 2013).  A comparison of bill impacts during months when events were called and 

when they were not called reveals a different story than at SMUD.  In the case of GMP’s rate, 

customer bills were higher on average for both vulnerable and non-vulnerable subpopulations 

(this result was robust at a 99.9% confidence level for all groups).  This is shown in Figure 10, 

where customer bills during the event season are 10-20% higher for all customer subpopulations 

relative to the control group. However, the savings from the non-event rates during the non-event 
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season were not enough to counteract the losses (i.e., higher bills) experienced during the event 

season. All customer subpopulations experienced no sizable changes (all within +/-5%) in their 

bills relative to the control group during the non-event season, on average.  The only case where 

the bill effects in the non-event season were statistically significant were for elderly customers, 

who saw a statistically significant (5%, at a 99% confidence level) increase in their bills relative 

to the elderly customers in the control group, and relative to non-elderly treatment customers, 

who saw no statistically significant change in their bills.  

 

Note: The markers in these graphs indicate the estimated bill impacts from the treatment rates as a percent of average consumption. For any of the 

points the lie in the gray bar area, the difference between the estimated load response for the vulnerable population was not statistically 

significant (at a 90% confidence level) relative to the non-vulnerable counterpart population. The gray bar in and of itself is not the 90% 
confidence interval, but rather a graphical way of showing which estimates are statistically significant at the 90% confidence level and which are 

not.  The estimates for GMP were done during both the event season and the non-event season separately, as GMP’s rates were in effect 

throughout the year.  

Figure 10. GMP Bill Impacts by Vulnerable and Non-Vulnerable Populations (Event vs. Non-Event 

Season) 

 

It’s not entirely clear why the bill impacts for GMP had these outcomes. GMP had a deeper non-

event discount than SMUD, and a lower critical event volumetric rate. One possible explanation 

is that the average peak period energy use for GMP customers was much smaller than SMUD 
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(see Figure 4) and, potentially in part because of this fact, the load response exhibited by GMP 

customers was very small and not significant (see Figure 7). The fact that customers on GMP’s 

rate did not change their consumption significantly during events may have been a factor in their 

higher bills while on the rate. 

5. Conclusions 

The experience of vulnerable customer subpopulations in the consumer behavior studies 

conducted by Green Mountain Power and Sacramento Utility District suggests there may be 

some differences from those who would not be considered vulnerable, many of which are small 

in magnitude and not statistically significant.  However, these results often differ both across the 

three vulnerable subpopulations, and across the two utilities included in this analysis.  Returning 

to the questions initially posed in the introduction, our research suggests that in general: 

5.1 Do vulnerable subpopulations exhibit usage patterns that differ from those of non-

vulnerable subpopulations? 

In cases where differences were statistically discernable, the average peak period usage of 

elderly (GMP) and low-income (SMUD) customers was slightly lower, while it was higher for 

chronically ill (GMP) customers. In addition, there is evidence that all groups had instances of 

slightly lower load variability/flexibility than their non-vulnerable counterparts, though the 

differences were very small in magnitude, and not always statistically significantly different. 
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5.2 Do vulnerable subpopulations participate and stay enrolled in time-based rates at 

different levels than non-vulnerable subpopulations? 

Vulnerable subpopulations participated in a CPP rate at similar levels in general as non-

vulnerable subpopulations. Discernable differences were observed for chronically ill SMUD 

customers offered the voluntary CPP rate, and low-income customers defaulted onto the SMUD 

CPP rate, both of which participated at slightly lower levels than their non-vulnerable 

counterparts.20 In addition, the majority of vulnerable subpopulations stayed enrolled in the rate 

at roughly comparable levels as their non-vulnerable counterparts, with some slight differences 

that were statistically identifiable, but very small in magnitude. 

5.3 Do vulnerable subpopulations exhibit load response to time-based rates at different 

levels than non-vulnerable subpopulations?   

Vulnerable subpopulations were usually just as responsive on a proportional basis as their non-

vulnerable counterparts over the entire study period, though exhibiting varying degrees of 

persistence. There were no differences in response level or persistence of response between 

vulnerable and non-vulnerable customers on the default rate. In the voluntary rates, the only case 

in which there was a statistically significant difference was for low-income customers, who 

exhibited a slightly lower load response as compared to their higher income counterparts. 

However, these voluntary low-income customers had a persistent load response between the first 

                                                 

20 Note that differences in participation rates do not reflect flaws in the initial randomization of 

households into control and treatment groups. These studies were designed to be evaluated using 

a Randomized Encouragement Design (RED). This means that the estimation of load impacts 

and other outcomes can be accomplished even with imperfect compliance with treatment (i.e., 

customers not opting in or choosing to drop out do not invalidate the treatment estimates). 
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and second summer of the pilot, while higher income customer load response attenuated over 

time. Voluntary elderly customer load response in one instance attenuated between the two 

summers as well, while non-elderly load response did not. 

5.4 Do vulnerable subpopulations benefit financially from time-based rates at different 

levels than non-vulnerable subpopulations? 

Vulnerable subpopulations financially benefited at roughly similar proportional levels to their 

non-vulnerable counterparts. In the case of SMUD the rate was designed to be revenue neutral 

during the summer event season, but all customer groups actually experienced bill savings during 

this time period as a result of being on the rate. In addition, chronically ill customers financially 

benefited at even higher rates relative to their non-vulnerable counterparts. In the case of GMP, 

the rate was designed to be revenue neutral over the entire year, but events were only called 

during the summer. Bills were higher for all customer groups during the event season, and higher 

for elderly customers during the non-event season relative to both non-elderly customers, and 

relative to elderly customers in the control group. 

5.5 Policy Implications 

The results suggest that by-and-large the concerns of some, namely that the low income, elderly 

and chronically ill are less interested, willing, and capable of managing their electricity 

consumption in response to a critical peak pricing rate design were not realized. Low income, 

elderly, and chronically ill customers’ experienced similar bill impacts, on a proportional basis, 

as their non-vulnerable counterparts.  Concerns about energy poverty suggest that these 

vulnerable groups are more sensitive to even comparable proportional bill effects, and thus 
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would be expected to leave the pilot in higher numbers. Such was generally not the case; but 

where higher attrition rates occurred, they were modest.  Given the opportunity for substantially 

more volatility in bills due to the declaration of multiple high-priced events in a given billing 

cycle, this finding is especially important but may still suggest a need for policy support and 

increased education and outreach for such vulnerable customers to ensure they sufficiently 

understand the risks (e.g., more volatile and higher bills during event season) and rewards (e.g., 

opportunity for lower bills during non-event season) associated with taking service under such 

rates.   

 

If these results can be extended to other jurisdictions, ultimately a question for regulators and 

policymakers to address is what share of the population at this point can be readily identified as 

capable of effectively managing the risks of higher bills associated with time-based rates.  If that 

share is rather large and/or includes customers who can or should accept the financial 

consequences of the down side of those risks, then regulators and policymakers should consider 

moving ahead with broader deployment of time-based rates under either voluntary or default 

enrollment approaches. At the same time, they should seek to identify ways to mitigate the bill 

impacts for those who may be adversely affected through increased education and outreach 

concerning load response strategies that best fit their capabilities or possibly redirecting them to 

other rates where they might be more successful at managing their bills while still being exposed 

to some form of time-based rates.  Alternatively, if that share is still small but there is an 

acknowledgement of the value of broader adoption of time-based rates, then regulators and 

policymakers should proactively seek to identify the outstanding barriers, which may 

substantially include a lack of credible information about customer behavior in response to such 
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rates, and develop ways to overcome those barriers through more targeted pricing pilots, more 

effective education and outreach efforts, and better safety nets to name a few. 
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