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Abstract 
 

Reducing peak electricity demand directly benefits consumers economically by 
mitigating the frequency of short-term wholesale price spikes, decreasing the need for costly new 
investment in capacity and by ensuring the constant availability of supply.  Demand response 
mechanisms slow the growth in peak electricity demand by providing consumers with financial 
incentives to shift consumption to off-peak periods.  Demand response includes direct load 
control, wholesale programs, as well as time-varying retail electricity rates that reflect the near-
term cost of supply.  

In 2007, the Connecticut General Assembly passed Public Act No. 07-242, An Act 
Concerning Electricity and Energy Efficiency, requiring electric distribution companies to offer 
voluntary critical peak pricing or real-time pricing to all customer classes. In 2008, Connecticut 
Light & Power implemented Variable Peak Pricing (VPP), a rate option that allows time-of-use 
rate customers to purchase on-peak electricity at daily-varying prices linked to the clearing of 
New England’s day-ahead wholesale electricity market.   

This study uses regression analysis to estimate the hourly price elasticity of demand for 
electricity of the 24 residential VPP customers. Using average hourly load data from 2008 to 
2011, hourly electricity demand is modeled as a function of price, temperature, relative humidity, 
and hourly, weekday and household effects.  A modified difference in differences estimation 
technique is also employed to in an attempt to make causal inference about the “treatment effect” 
of variable on-peak prices using a larger control group of residential time-of-use rate customers. 

The fully-specified demand models for the VPP subset indicate that consumers increase 
their hourly demand when prices increase; in contrast, the difference in differences technique 
produces a small but statistically significant hourly price elasticity of demand of -0.1.  In other 
words, a 10% increase in hourly price results in an approximately 1% reduction in hourly 
consumption.  This estimate compares favorably with the larger control group, with an estimated 
price elasticity of demand between -.05 and -0.1.  Low observed price elasticities of demand 
comport with previous research on dynamic pricing pilots indicating that large on- and off-peak 
price differentials are necessary to encourage load shifting. 

Causal inference is rendered difficult by the non-experimental nature of this study and the 
small number of VPP customers.  To the extent that the estimates are unbiased, the results are 
not generalizable to the residential customer class as a whole, given the voluntary nature of the 
program.  
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Introduction 
 

Flat retail electricity rates mask the time-varying cost of supplying power, encouraging 

relative overconsumption in periods of scarcity.  Wholesale markets prices, by contrast, capture 

the interaction of supply and demand on an hourly or sub-hourly basis.  The marginal cost of 

supply increases exponentially during periods of high demand, increasing the long-term average 

cost of supply.  The regulatory process that administratively sets rates insulates consumers from 

short-term price volatility in exchanged for fixed rates that are higher than they would be if 

consumers were charged according to the time-varying cost of production.  In addition, masking 

price signals forces consumers to unknowingly amortize costly capital investments in peaking 

power plants that may only run 100 to 200 hours annually, or 1-2% of time during the year, to 

satisfy peak demand. 

 Reducing peak electricity demand directly benefits consumers economically by 

mitigating the frequency of short-term wholesale price spikes, decreasing the need for costly new 

investment in capacity and by ensuring the constant availability of supply.  Ahmad Faruqui at the 

Brattle Group estimates that a 5% peak reduction would produce annual nationwide cost savings  

of $3 billion (Faruqui & Palmer, 2011). Recognizing these benefits, the Federal Energy 

Regulatory Commission (FERC) has encouraged demand side management through financial 

incentives and education.  The goal of demand side management is to encourage consumers to 

use less energy during peak hours, primarily by shifting consumption to off-peak periods when 

supply is cheap and abundant.  Load shifting, then, does not necessarily decrease aggregate 

consumption levels, but reflects a temporal change in usage patterns. 

The Federal Energy Regulatory Commission defines demand response as “a reduction in 

the consumption of electric energy by customers from their expected consumption in response to 

an increase in price of electrical energy or to incentive payments designed to induce lower 

consumption of electrical energy (Federal Energy Regulatory Commission, 2008, p. 309).  

Demand response falls into two categories: “dispatchable” and “non-dispatchable”.  

Dispatchable demand response includes direct load control, as well as wholesale programs 

offered by system operators that compensate enrolled participants for reducing consumption for 

economic and reliability purposes.  Dispatchable demand response reduces to a degree the 
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consumer’s control over their usage patterns in exchange for compensatory payments.  In 

contrast, non-dispatchable demand response reduces peak demand through price incentives 

embedded in time-varying retail rates—the focus of this study.  Dynamic pricing—a broad 

category encompassing many types of time-varying retail electricity rate structures—charges 

higher prices during higher-demand hours and lower prices at other times (Federal Energy 

Regulatory Commission, 2010).  As such, they can be viewed as the extension of price signals in 

the wholesale markets to consumers. 

Current demand response programs tap less than a quarter of the total nationwide 

potential (Federal Energy Regulatory Commission, 2009).  Dynamic pricing as a form of 

demand response remains particularly unpopular among state lawmakers and regulators hesitant 

to expose consumers to price volatility.  As a result, less than 1% of residential customers use 

some form of time-varying rate reflecting the near-term cost of supply; in 2009, only four of 

1,755 utilities indicated to FERC that they offered non-experimental dynamic pricing programs 

(excluding TOU) to their residential customers. (Faruqui & Palmer, 2011).  The status quo 

persists despite over two-thirds of electricity consumers in the United States living in regions 

where clearing prices in centralized day-ahead and spot markets reflect the relative abundance or 

scarcity of supply on a sub-hourly basis. 

This study analyzes a specific time-varying rate option called Variable Peak Pricing 

(VPP) offered by Connecticut Light & Power.  The primary objective of this study is to observe 

how VPP customers respond to price signals.  Their estimated response is quantified as an hourly 

price elasticity of demand.  The study also estimates the hourly price elasticity of demand of a 

control sample of Rate 7 residential time-of-use customers who did not opt for VPP in 2009.  

Examining the behavior of existing time-of-use and VPP customers will hopefully inform future 

policy measures that leverage dynamic pricing to unlock the residential rate class’s significant 

potential to reduce peak electricity demand in the state of Connecticut. 

Rate design, and the political and regulatory environment that produced the current 

incentive structure, is addressed only to the extent that it informs our understanding of price 

response.  FERC’s National Assessment of Demand Response Potential and National Action 

Plan on Demand Response identify the key regulatory and technological barriers to the wider 

implementation of demand response programs and provide recommendations for overcoming 
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them (2009, 2010).  In addition, Faraqui and Palmer have analyzed a series of dynamic pricing 

pilots, and debunk many of the myths that perpetuate lingering doubts about the efficacy and 

equity of time-varying retail rates (2011). 

 In the following pages, this study provides further background to contextualize the 

analysis of Connecticut Light & Power’s Variable Peak Pricing rate option.  It briefly surveys 

dynamic pricing mechanisms, and discusses their role in reducing national peak electricity 

consumption.  Demand response penetration and potential is then explored in the context of New 

England’s bulk power system1.  Finally, a brief description of Connecticut’s retail electricity 

market is provided before Variable Peak Pricing is directly analyzed.   

Retail Rate Mechanisms as Demand Response 

Time-based pricing provides financial incentives to lower electricity consumption during 

peak periods, when it is the most expensive to produce, and to shift load to off-peak periods.    

The Brattle Group has analyzed a wide range of dynamic pricing rate designs, and has plotted 

them on a risk-reward frontier where risk is defined as variance in price and potential reward as 

the discount relative to a flat rate structure (Faruqui & Palmer, 2011; Faruqui & Sergici, 2011).  

Dynamic rates, in order of increasing risk-reward profiles for consumers, include: inclining 

block, seasonal, time-of-use (TOU)2, critical peak pricing, variable peak pricing, and finally, real 

time pricing.    

Time-of-use rates charge higher prices during all weekday peak hours and a discounted 

price at all other hours.  TOU rates are the most commonly, fully-deployed time-based rate.  

They are not considered truly “dynamic”, since they have relatively stable on-peak and off-peak 

prices for defined time periods.  Critical peak pricing imposes a significantly higher price during 

the peak period on a limited number of event days3.  Critical peak pricing has been tested 

through pilots—including by Connecticut Light & Power—with limited full-scale 

implementation.  Real time pricing fluctuates hourly with wholesale spot market clearing prices 

or LMPs.  It is deployed in some regions as a full-scale offering for commercial and industrial 

                                                
1 The bulk power system is a large interconnected electrical system comprising generation and transmission facilities 
and their control systems.  It excludes facilities used in the local distribution of electricity. 
2 Time-of-use rates (TOU) are alternatively referred to as time-of-day (TOD) rates.  This analysis frequently uses 
TOU to refer to the same rate design. 
3 The top 100 critical peak hours of the year constitute anywhere from 8-18% percent of annual peak demand 
(Faruqui & Palmer, 2011). 
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customers, which are much more frequently exposed to dynamic rates in general than the 

residential class (Faruqui & Sergici, 2011). 

Unrealized Potential of Dynamic Pricing 
 

If peak demand growth is not further curtailed, roughly 150 GW of additional peaking 

capacity will be needed by 2019—an increase of over 18% from 772 GW in 2009 to 913 GW by 

2019—increasing costs to consumers and threatening long-term resource adequacy.  This 

estimate is based on FERC’s assumption that average national peak demand would grow at an 

annual average growth rate of 1.7% from 2009 onward if existing and planned demand response 

continued unchanged over the subsequent ten-year period.  The business-as-usual scenario 

anticipates a 38 GW (4%) reduction in peak demand for 2019 compared to a hypothetical 

scenario with no demand response.  The expanded business-as-usual, achievable participation, 

and full participation scenarios estimated potential (rather than likely projected) reductions of 82 

GW (9%), 138 GW (14%) and 188 GW (20%) compared to the business-as-usual scenario, 

respectively (Federal Energy Regulatory Commission, 2009). 

In FERC’s 2009 Staff Report, demand response potential are estimated on a state-by-state 

basis according to certain variables, including: customer participation levels, the availability of 

advanced metering infrastructure and the use of enabling technologies, customer class response 

rates, central air conditioning penetration and the relative penetration of dynamic pricing as the 

default rate (excluding time-of-use rates).  With respect to the latter, the achievable participation 

scenario assumes a default dynamic pricing rate mechanism with an opt-out provision, while the 

full participation scenario assumes that all customer classes remain on the default dynamic tariff 

and use enabling technology where it is cost-effective.  Said otherwise, greater than 9% peak 

reductions can only be achieved with dynamic rates tied to the marginal cost of electricity on 

daily or sub-daily time intervals (e.g., critical peak pricing, variable peak pricing and real time 

pricing). The report concludes that, “the largest gains in demand response impacts can be made 

when they are offered as the default tariff, particularly where they are offered with enabling 

technologies (Federal Energy Regulatory Commission, 2009).”  Most importantly to this study, 

the largest untapped potential lies in the residential class. 



8 
 

 

Demand Response in New England’s Bulk Power System 
 

The existing high penetration of demand response partially explains why the New 

England census region has the smallest gap between FERC’s business-as-usual and full 

participation scenarios at 10%, compared to gaps of 17-20% in the Mountain and three southern 

regions (2009)4.  ISO New England, the region’s system operator, procures demand response 

“resources” through its forward capacity market to ensure resource adequacy.  The installed 

capacity requirement—a measure of installed resources necessary to meet reliability criteria—for 

the 2012/13 capability year5 is 32,879 MW, and the local sourcing requirement for the import-

constrained Connecticut load zone is 6,640 MW.  These values ensure capacity resources are 

available to meet expected median (50/50) peak load forecasts of 29,020 MW for the entire 

region and 7,650 MW for the state of Connecticut (ISO New England Inc., 2009).  As of April 1, 

2012, ISO New England had 1,774 MW of dispatchable and 923 MW of non-dispatchable 

demand resources, which combined account for 8% of the 2012/13 installed capacity 

requirement.  The Connecticut load zone had 562 MW of dispatchable and 415 MW of non-

dispatchable demand resources (ISO New England Inc., 2011). 

In FERC’s 2009 Staff Report, Connecticut has one the largest business-as-usual potential 

peak reductions of this assessment, estimated at 16% by 2019.  This estimate assumes increased 

commercial and industrial participation in the ISO New England forward capacity market, but 

includes expanded utility demand bidding programs as well.  The expanded business-as-usual 

scenario increases the potential peak reduction to 1,798 MW, or 21%, through the 

implementation of direct load control programs.  Low central air conditioning load in the 

residential class implies that direct load control will have a more muted effect than in Georgia, 

for example, which has a saturation rate of 82% compared to 27% in Connecticut.  Incremental 

reductions in the achievable and full participation scenarios, while relatively minor, would be 

almost entirely realized by the residential class, as large customers are expected to remain in 

capacity programs rather than enrolling in dynamic pricing or interruptible tariffs.  The potential 

                                                
4 These larger gaps reflect greater potential impacts from direct load control and dynamic pricing with enabling 
technologies in hotter climates where central air condition is more prevalent.   
5 The third capability year of the forward capacity market begins on June 1, 2012 and ends on May 31, 2013. 
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for dynamic pricing among these latter classes is further limited given that enabling technologies 

are not expected to be cost-effective (Federal Energy Regulatory Commission, 2009). 

Overall, Connecticut has the highest potential peak demand reduction on a percentage 

basis of any state at 26% (2,181 MW) by 2019 in the achievable participation scenario.  Under 

this scenario, the residential class drives a significant increase in potential through dynamic 

pricing with and without the use of enabling technologies.  However, the residential class is 

expected to have a negligible impact under the business-as-usual and expanded business-as-usual 

scenarios.  Exposing the residential class to dynamic pricing in Connecticut is one of the last 

remaining obstacles to achieving full potential peak load reduction through demand response. 

Connecticut’s Retail Electricity Market 

Following the restructuring of the electric power industry, Connecticut’s two main 

utilities6—The Connecticut Light & Power Company (CL&P) and The United Illuminating 

Company (UI)—engage solely in the purchase, transmission, distribution and sale of electricity.  

Divested of their generation assets, both electric distribution companies are required to procure 

electricity for their retail customers from wholesale suppliers on a revenue-neutral basis7. This 

“pass-through cost” is reflected in the generation service charge (GSC) component, which 

constitutes approximately 50% of the consumer’s total bill.  In order to reduce price volatility, 

the State requires the companies to purchase standard service generation through “contract 

laddering”.  Under laddering, electricity for a future period is purchased over time, in small 

blocks, creating a blended portfolio with a weighted-average cost.  The standard service 

generation service charge therefore reflects historical market prices, but generally leads or lags 

current trends in the wholesale electricity markets (Connecticut Department of Energy & 

Environmental Protection Energy Conservation Management Board and Institute for Sustainable 

Energy, 2012).          

Connecticut consumers have the option of choosing an electric supplier for the generation 

service charge component of their bill, which is still handled by the electric distribution 

company.  As of June 30, 2011, 41% of CL&P’s customers had chosen an electric supplier, 

                                                
6 As of June 30, 2011, CL&P had 1,211,717 customers in its service territory compared to 329,271 in UI’s service 
territory. 
7 Refer to Connecticut General Statutes Section 16-244c for further information on the roles of electric distribution 
companies and electric suppliers after electricity restructuring. 
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including 38.7% of the residential customer class (representing 66.2% and 42% of electricity 

consumed, respectively) (Connecticut Department of Energy & Environmental Protection Public 

Utilities Regulatory Authority, 2011).  Over the past few years, declines in standard service 

generation service component charges have not kept pace with those offered by electric 

suppliers, creating financial incentives to switch out of standard service supply8. 

Dynamic Pricing in Connecticut 

 
Connecticut Light & Power’s experimentation with time-of-use (TOU) rates dates back 

to the 1980s when it was a vertically-operated utility with its own generation assets.  Until 

recently, the peak rates were assessed from 7 a.m. to 11 p.m. weekdays, offering little 

opportunity for shift load to take advantage of lower off-peak rates.  While voluntary TOU rates 

have been available for many years, only several hundred of CL&P’s residential customers are 

served under these tariffs out of a residential customer base of 1.1 million (Connecticut 

Department of Energy & Environmental Protection Energy Conservation Management Board 

and Institute for Sustainable Energy, 2012). 

In 2005, the Connecticut General Assembly provided the impetus for the greater 

penetration of TOU rates by enacting Public Act No. 05-1, An Act Concerning Energy 

Independence.  The Act required each electric distribution company to submit applications to the 

Department of Public Utility Control (DPUC)9 to implement TOU rates.  Effective from passage, 

Section 13(a)(2) required each company to submit an application before June 1, 2006 to “…offer 

…time of use rates for all customers [i.e., customer classes] ("An act concerning energy 

independence," 2005, p. 25).”  However, Section 13(e) specified conditions under which the 

DPUC could reject TOU rates unless they, “alter patterns of customer consumption of electricity 

without undue adverse effect on the customer ("An act concerning energy independence," 2005, 

p. 26).”  This clause can be broadly interpreted considering the inherent ambiguity of the term 

“undue adverse effect”; it potentially undermines the effectiveness of TOU rates, since the 

                                                
8 CL&P’s standard service generation service charge declined 1.2 ¢//kWh or12% from 9.482 ¢//kWh to 8.279 
¢//kWh, effective January 1, 2012 through December 31, 2012.  As of April 20, 2012, Dominion Retail, Inc. offered 
the lowest fixed generation service charge of 6.980 ¢/kWh through December 31, 2012 with no cancellation fee 
(Connecticut Department of Energy & Environmental Protection Energy Conservation Management Board and 
Institute for Sustainable Energy, 2012). 
9 The Department of Public Utility Control (DPUC) is now the Public Utilities Regulatory Authority (PURA) under 
the Department of Energy & Environmental Protection (DEEP), which was created in July, 2011. 
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degree of peak load shifted (i.e., the observed substitution effect) is a function of the relative 

difference in price between on-peak and off-peak electricity.  Since 2008, mandatory TOU rates 

have been applied to business customers based on declining levels of demand (Connecticut 

Department of Energy & Environmental Protection Energy Conservation Management Board 

and Institute for Sustainable Energy, 2012).   

In 2007, Section 99 of Public Act No. 07-242 required electric distribution companies to 

submit a proposal to implement “voluntary [emphasis added] critical peak pricing or real-time 

pricing tariffs for all customer classes” to come in effect on or before January 1, 2008 ("An act 

concerning electricity and energy efficiency," 2007).  As previously mentioned, critical peak 

pricing and real-time pricing are dynamic pricing mechanisms with a higher risk-reward profile 

than TOU rates. 

 In January 2008, after the imposed deadline had passed, the Department of Public Utility 

Control rendered its final decision regarding CL&P’s application to amend its rate schedules in 

accordance with Public Act No. 07-242 (Connecticut Department of Public Utility Control, 

2008).  It found that CL&P’s proposed Variable Peak Pricing (VPP) option fit within the 

definition of real-time pricing10 as contemplated by the Act, while also noting the existence of 

other real-time models.  Implementation was set for July 1, 2008.  The docket notes, however, 

that the Retail Energy Supply Association11 did not believe VPP qualified as a real-time or 

critical peak rate, but rather, “…a TOU product with a pricing structure that is so unattractive 

that few if any customers will choose to participate (Connecticut Department of Public Utility 

Control, 2008, p. 9).”  The Department of Public Utility Control also concluded that TOU rates 

should not be rendered mandatory for residential customers or small commercial & industrial 

customers whose demands are below 100 kW.  It postponed movement toward universal 

residential TOU rates and demand-based rates for all C&I customers until CL&P conducted an 

advanced metering study.   

                                                
10 For application purposes, CL&P defined real-time energy prices as, “a TOU pricing methodology in which rates 
are set for a specific time period on an advanced or forward basis and that may change according to changes in the 
generation spot market (Connecticut Department of Public Utility Control, 2008, p. 9).” 
11 “The Retail Energy Supply Association is a broad and diverse group of retail energy suppliers who share the 
common vision that competitive retail energy markets deliver a more efficient, customer-oriented outcome than a 
regulated utility structure. RESA is devoted to working with all stakeholders to promote vibrant and sustainable 
competitive retail energy markets for residential, commercial and industrial consumers (Retail Energy Supply 
Association, 2012).” 
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With respect to TOU rate design, the Department acknowledged that a “significant … 

differential, one that exceeds 5¢/kWh, is necessary to encourage residential and small 

[commercial and industrial] customers to pursue [them] (Connecticut Department of Public 

Utility Control, 2008, p.18).”  It nevertheless decided that CL&P should embed a 3.5¢/kWh 

differential in the generation service charge of its existing Rate 7 TOU rate.  It further added that, 

“the [DPUC] must be careful to design Rate 7 so as to avoid significant migration to the rate”, 

which might necessitate additional investment in meters by CL&P (Connecticut Department of 

Public Utility Control, 2008, p. 23). 

CL&P’s experimented with aggressive dynamic pricing mechanisms in its Plan-it Wise 

Energy Pilot, which ran from June 1, 2009 through August 31, 2009 (Connecticut Light & 

Power, 2010).  The pilot found that customer participation was statistically significant across all 

combinations of rate design, price differentials, advanced metering infrastructure and enabling 

technologies.  Critical peak pricing, peak time rebate12 and time-of-use rate designs were each 

tested with high and low on- to off- peak price differentials in order to develop a price elasticity 

curve.  Notably, price differentials were substantially wider than those in CL&P’s existing TOU 

rates, such as Rate 7 examined in this study.  For example, customers subject to critical peak 

rates faced prices up to $1.60/kWh during a period totaling 40 critical peak hours on 10 days 

from 2 p.m. to 6 p.m in exchange for discounts of up to $.05/kWh during off-peak periods.     

The results of the pilot demonstrated that the voluntary sample of residential customers in 

Connecticut do reduce on-peak consumption in response to price signals (Connecticut Light & 

Power, 2010).  In fact, their response to dynamic pricing rates was significantly larger than that 

of commercial and industrial customers, which is consistent with results from previous pilots.  

Most importantly, rates in effect for the fewest hours and with the highest price differentials were 

most effective in reducing peak load.  Critical peak pricing was the most effective, followed by 

peak time rebate and time-of-use rates, respectively.  Residential critical peak pricing volunteer 

customers achieved a peak reduction of 23.3% with enabling technologies while those without 

achieved a 16.1% reduction.  The eight-hour TOU rate was least effective, achieving a peak 

reduction of 3.1% despite price differentials that ranged between 10-20¢/kWh.  The eight-hour 

                                                
12 Peak time rebate combines an existing flat rate with a rebate for each unit of reduced demand below of pre-
determined baseline during peak times of event days or critical peak hours.  It is similar to critical peak pricing, but 
carries less price risk for the consumer, who is rewarded for voluntarily reducing peak load. 
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duration of the on-peak period—the same used for the fully deployed offerings examined in this 

study—is cited as a barrier to response.  Other significant findings include increased customer 

response on hotter, more humid peak events and a 92% satisfaction rate among the residential 

participants. 

The Brattle Group has analyzed the results of Plan-it Wise Energy Program and 23 other 

pilots involving 109 different time-varying rates.  Median peak reductions of 12% are cited as 

evidence that dynamic pricing is effective.  Faruqui & Palmer conclude that, “[t]he contention 

that electricity is a necessity with a zero price elasticity, and thus not subject to the normal rules 

by which a market economic, is not supported by the facts (2011, p. 18).”  They find that the 

magnitude of response is positively correlated with the size of the price incentive.  For example, 

customers in CL&P’s pilot exhibited substitution elasticities of -0.080 for critical peak pricing 

rates and -0.052 for peak time rebate rates. 

Variable Peak Pricing 
 

 The Department of Public Utility Control’s 2008 rate decision provided standards for the 

development of CL&P’s Variable Peak Pricing rider (Connecticut Department of Public Utility 

Control, 2008; Connecticut Light & Power, 2012e).  Participation in VPP is voluntary as an 

additional generation service charge option available to any customer receiving generation 

service under one of CL&P’s TOU rates.  It is not a pilot program.   

VPP replaces the fixed on-peak generation service charge from the applicable TOU rate 

with a rate that varies daily according to the ISO New England Day Ahead market price of 

energy plus an adjustment factor.  During the off-peak period, customers are billed at the 

applicable TOU rate.  Participating customers can return to their otherwise applicable firm rate 

within one month’s notice to CL&P.  Customers also receive an historical comparative billing 

summary to compare how VPP rates have impacted their bills. 

VPP rates have been offered from July 2008 to the present.  While VPP is a voluntary 

option to all customer classes, only 24 strictly residential customers have chosen to participate.    

At the time of this study, four customers have opted-out, leaving 20 remaining customers.  Low 

participation in the program can be explained by: (1) falling standard service generation service 
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charges from CL&P and (2) competition from competitive retail suppliers offering flat, fixed-

term generation service charges that are frequently lower than the off-peak TOU charge.  Given 

the cheaper risk-free alternatives offered by competitive suppliers, it is unclear what motivates 

presumably energy- or price-conscious consumers to remain in the program, since they can 

achieve a lower total electricity bill without having to shift load. 

In accordance with the VPP rider, all VPP participants are by default Rate 7 residential 

time-of-use customers who have elected to have daily-varying on-peak rates.  In contrast, Rate 7 

customers are billed at fixed on-peak and off-peak rates.  VPP customers’ off-peak usage is 

assessed almost identically to that of Rate 7 customers.  Note that this study alternatively refers 

to customers who have opted for VPP as “Rate 7 with VPP” or simply “VPP.”  

The on-peak period is common to both Rate 7 and VPP customers, and occurs on 

weekdays from 12 p.m. to 8 p.m. Eastern Prevailing Time.  Off-peak periods include all other 

hours.  Lower off-peak prices are available 77% of the time in order to provide load shifting 

opportunities.  Figure 1 provides a visual representation of hourly pricing schedules on April 20, 

2012.  Figure 2 demonstrates how CL&P communicates VPP pricing to its customers via the 

internet. 

 

Figure 1.  Hourly Pricing Schedule for 4/20/2012.  While the differential for Rate 7 is held constant 
at 3.5¢/kWh, VPP’s differential fluctuates and was 2.7¢/kWh on this particular day.  Data from 

(Connecticut Light & Power, 2012d). 
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Figure 2.  VPP prices effective for 4/20/2012 are posted after the clearing of ISO New England's 

Day-Ahead market on 4/19/2012.  VPP on-peak prices are calculated by CL&P for time-of-use rates 
for all customer classes; however, only residential customers have opted for VPP, and the only 

applicable schedule is Rate 7.  Data from (Connecticut Light & Power, 2012d).  
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Methodology 
 

Under CL&P’s residential time-varying rates—Rate 7 and Rate 7 with VPP—hourly 

electricity consumption is charged as the product of average hourly load and the prevailing 

hourly generation service charge (as well as an array of variable costs) (Connecticut Light & 

Power, 2012c, 2012e).  Hourly demand, observed in this study as average hourly load, can 

therefore be expressed as a linear function of the unit price, or charge per kWh.  Using panel 

data, this study uses regression analysis to estimate the price elasticity of demand for electricity 

for Rate 7 and VPP customers.  

The fully-specified linear and log-log demand models proposed in this study are shown in 

Equations 1 and 2.  See Table 1 on the following page for a description of the variables. 

  

(1) 𝐿𝑂𝐴𝐷!,!" = 𝛽!𝑃𝑅𝐼𝐶𝐸!,!   +     𝛽!𝑇𝐸𝑀𝑃! +   𝛽!𝑇𝐸𝑀𝑃!!   + 𝛽!𝑅𝐻! + 𝛾!𝐻𝐸!!"
!!! +

  𝛿𝑊𝐸𝐸𝐾𝐷𝐴𝑌! +   𝛼!   +   µμ!" 

(2) log  (𝐿𝑂𝐴𝐷!,!") = log  (𝑃𝑅𝐼𝐶𝐸!,!)   +     𝛽!𝑇𝐸𝑀𝑃! +   𝛽!𝑇𝐸𝑀𝑃!!   + 𝛽!𝑅𝐻! + 𝛾!𝐻𝐸!!"
!!! +

  𝛿𝑊𝐸𝐸𝐾𝐷𝐴𝑌! +   𝛼!   +   µμ!" 

 

where: 

 

k indicates if the variable is specific to VPP or Rate 7 

i indexes customers by customer identification number (cid) 

t indexes datetime 

h indexes hour ending13 

𝛼!  are household (i = 1,…,n) effects 

𝛾! are hourly (h = 1,…,23) effects 

𝛿! are weekday effects 

µμ!" is the idiosyncratic error term 

 

                                                
13 As an example, hour ending 18 designates the time period from 17:01 until 18:00. 
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Table 1  
Variable List 
 

Name Stata Description Units Notes  (Source) 
LOADk,it 
 

load average hourly load for 
customer i at datetime t  kWh 

• interval meter data 
consistently accurate 
to 2 decimal places 
(e.g., 2.02) 

(Connecticut Light & 
Power, 2012a, 2012b) 

PRICEk,t vpp_price 
r7_price 

generation service 
charge by customer type 
k 

¢/kWh 
 (Connecticut Light & 

Power, 2012a, 2012d) 

TEMPt temp dry bulb temperature at 
datetime t 

°F 

• measured at  
National Weather 
Service automated 
surface observing 
station (ASOS) at 
Bradley International 
Airport in Windsor 
Locks, CT 

• station is identified 
by Wban 14740 and 
Call BDL 

(Connecticut Light & 
Power, 2012a; National 

Oceanic and 
Atmospheric 

Administration, 2012) 

TEMPt
2 temp_sq squared dry bulb 

temperature at datetime 
t (°F)2 

 (Connecticut Light & 
Power, 2012a; National 

Oceanic and 
Atmospheric 

Administration, 2012) 
RHt rh relative humidity 

[0, 1] 

• measured at  
National Weather 
Service automated 
surface observing 
station (ASOS) at 
Bradley International 
Airport in Windsor 
Locks, CT 

• station is identified 
by Wban 14740 and 
Call BDL 

(Connecticut Light & 
Power, 2012a; National 

Oceanic and 
Atmospheric 

Administration, 2012) 

HEt d_he1,…,d_he24 binary variable equaling 
1 for every h hour 
ending at datetime t and 
0 otherwise 

{0,1} 

• d_he(h) corresponds 
to hour ending h-1, 
e.g., d_he2 is a 
dummy for hour 
ending h=1 

 

WEEKDAYt d_week_day binary variable equaling 
1 for every h hour 
ending on weekdays 
(i.e., Monday-Friday) at 
datetime t and 0 
otherwise 

{0,1} 

 

 

 

  



18 
 

 On-peak and off-peak electricity are partially substitutable goods.  As an example, 

lighting load is dictated by ambient conditions, but laundry can be washed and dried at any time.  

In consumer choice theory, the substitution effect suggests that as the price of on-peak electricity 

increases relative to off-peak electricity, consumers will use more of the latter.  The magnitude 

of the effect is positively correlated with the price ratio of two goods, conditional on income.  

Electricity is a normal good with a positive income elasticity of demand.  The overall the price 

effect—or response to on- and off-peak price differentials—is a function of both the substitution 

and income effects.  Overall, we expect to observe a negative correlation between hourly price 

and consumption.            

 The demand for electricity is influenced by numerous variables, including weather.  This 

study uses a quadratic specification for temperature to model its nonlinear relationship with load.  

The New England power grid is a summer peaking system where electricity consumption peaks 

on hot and humid days (ISO New England Inc., 2012).  Moreover, a quadratic specification 

allows for smaller marginal effects in moderate temperature ranges.  Even in lower temperatures, 

the marginal seasonally-adjusted effect should be minimal, given the low prevalence of electric 

heating in the region. 

 The hourly time series of temperature and relative humidity are measured at a single, 

inland location at Bradley International Airport.  While Connecticut is a relatively small state, it 

contains a number of microclimates.  Local temperature and humidity vary as a function of 

distance to the coast—where fluctuations are less extreme throughout the year—and elevation.  

Weather and relative humidity are proxies for the temperature-humidity index (used by ISO New 

England to derive weather normalized peak loads), which approximates the apparent 

temperature.  The synergistic effects of elevated temperature and relative humidity drive 

demand, especially cooling load.  Relative humidity is modeled as additive effect on 

temperature-driven electricity consumption. 

Three-Way Fixed Effects 
 

A fixed effects model is a natural choice for this dataset, where the intent is to analyze the 

impact on LOAD of variables—such as PRICE, TEMP and RH— that vary over time but are 

common to all customers; since it requires inter-panel or between variation, a random effects 
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model is not examined.  Moreover, fixed effects control for individual heterogeneity—i.e., 

unobserved customer-specific, time-invariant covariates.  By controlling for omitted variable 

bias, they produce unbiased parameter estimates if all other underlying assumptions are satisfied. 

 A number of variables known to influence residential electricity consumption and price 

response are not included in the “anonymized” sample examined in this study.  CL&P’s Plan-it 

Wise Energy Pilot identified other variables of interest; for instance, participants were required 

to answer questions regarding whether they have central air conditioning, if they own or rent 

their home, square footage, a self-rating of greenness, level of education and income 

(Connecticut Light & Power, 2010).  To underscore the importance of household effects, FERC 

estimates that the average peak electricity consumption for a residential customer in Connecticut 

without central air conditioning is 1.01 kWh/hr, compared to 3.35 kWh/hr for those with central 

air conditioning (2009).  Most of the sociodemographic and household characteristics identified 

above are constant for finite periods of T, though we cannot ignore the possibility of home 

additions, central air conditioning installations, wage increases, et cetera over the 3.5-year 

observed timeframe.  

 Endogeneity is a fundamental problem in non-experimental research, and occurs as the 

result of three mechanisms: unobserved heterogeneity or self-selection, simultaneity, and 

measurement error.  While a fixed effects estimator can difference out unobserved, time-

invariant heterogeneity, it is not a panacea.  The estimator’s consistency is predicated on the 

assumption of strict exogeneity, i.e., 𝐶𝑜𝑣 𝑥!" , µμ!" = 0  for all i and t.  This assumption can be 

violated by period effects and simultaneity.  To control for the former, we introduce fixed-

period-effects by including dummy variables for hourly and weekday periods.   

Difference in Differences 
 

 Hoechle posits that the, “actual information of microeconometric panels is often 

overstated since [they] are likely to exhibit all sorts of cross-sectional and temporal dependencies 

(Hoechle, 2007, p. 281).”  Hoechle also provides multiple examples where commonly employed 

“robust” standard error estimates that are only heteroskedasticity- and autocorrelation consistent 

(HAC) are insufficient and misleading.  He cites studies on social learning, herd behavior and 

neighborhood effects indicating mutual dependence between individuals to make the point that 
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social norms and psychological behavioral patterns commonly enter panel regressions as 

unobservable common factors (Hoechle, 2007, p. 282).   

In this regression analysis, common social norms and behavioral patterns may influence 

responses to common price, weather and other unobservable “shocks.”  This simultaneity (a form 

of endogeneity) causes the fixed effects parameter estimates to be unbiased, consistent but 

inefficient, provided that the unobservable common factors are uncorrelated with the explanatory 

variables.  Consumers concerned with ozone produced by power plants on sweltering summer 

days may not respond to price signals or temperature in the same manner as the general 

population.  Given that CL&P’s residential TOU and VPP rates are sub-optimal with respect to 

flat competitive offerings, sample selection bias may be significant.  

This study proposes a modified difference in differences (DID) quasi-experimental 

technique to obtain standard error estimates robust to contemporaneously cross-sectionally 

correlated disturbances and sample selection bias in non-experimental settings.  The difference in 

differences approach helps inform causal inference regarding the “treatment effect”—varying 

on-peak prices.  Rate 7 and VPP customers are exposed to different price schedules on common 

on-peak (12 p.m. to 8 p.m. weekdays) and off-peak (all other hours) periods.  VPP customers 

have opted for daily fluctuating on-peak prices, and thus experience repeated treatments with 

respect to the Rate 7 customers with fixed on-peak prices.  The treatment effect can either be 

positive or negative on a day-to-day basis, as on-peak prices for VPP customers vary according 

to market conditions.  On off-peak hours, the two customer groups experience roughly the same 

price.  In addition, Rate 7 customers serve as a good control group since they did not opt for VPP 

treatment when the rate was introduced.   

Differencing Equation 1 with group-specific regressors for all common datetime i causes 

the price parameter β to “fall out”, assuming both groups respond similarly (i.e., have the same β 

parameters) to observed covariates in the fully-specified demand model.  Under the assumption 

that the customers are drawn from a similar population and exhibit similar responses to factors 

that affect electricity demand, we can then make a causal inference about VPP customers’ price 

response (estimated as a price elasticity of demand). Equation 3 demonstrates how the treatment 

effect is isolated by comparing relative changes in consumption levels between the groups to 

different on-peak prices.   
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(3) 𝐿𝑂𝐴𝐷!"",!"   −   𝐿𝑂𝐴𝐷!"#$  !,!" = 𝛽!(𝑃𝑅𝐼𝐶𝐸!"!,! − 𝑃𝑅𝐼𝐶𝐸!"#$  !,!)+   𝛼!   +   µμ!" 

 

Note that the difference in demand is calculated by subtracting the average observed load of 

all Rate 7 customers from the individual observed loads of VPP customers at datetime t.    

 

Taking the difference of the natural log of the group-specific dependent and independent 

variables yields the generic constant elasticity demand function in Equation 4. 

 

(4) 𝑄 = 𝐴𝑝! 

 

where: 

Q is quantity demanded 

A is a positive constant 

ε is the constant elasticity of demand 
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Data 
 

 Two macro panels with small N and large T are examined.  All 24 VPP customers are 

examined from the start of the rate offering in 2008 to 2012, when it was redesigned.  The VPP 

panel is highly unbalanced due to different opt-in dates and attrition.  The Rate 7 panel is much 

larger (n=324) but is restricted to the year 2009, during which there were only 14 active VPP 

customers. 

Manipulation 
 

 Observations were excluded in a conservative manner.  VPP customer load values were 

dropped if interval metering was installed prior to their exposure to variable pricing.  Most, if not 

all VPP customers were not on Rate 7 beforehand (E.A. Davis, personal communication, 2011).  

Four historic systematic outages in CL&P’s service territory occurred between 2008 and 2012; 

all observations from the start date until the complete restoration of service are excluded 

(Connecticut Light & Power, 2012b).  Random, non-systematic customer-specific outages are 

also excluded, and were identifiable by low leading and terminal average hourly load values 

surrounding zero average hourly load values.  Finally, VPP load data from 2012 onwards is 

neglected in order to avoid bias introduced by the reform of the rate design. 

 In order to log transform the load variable, zero values that weren’t excluded were 

converted to 0.005 kW—half the lowest measurable reading.  Negative temperatures—

constituting a mere 0.06% of the time series—were converted to 0.5 °F to accommodate a 

quadratic specification. 
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Load 
 

Table 2  
VPP Hourly Load by Customer (CID) 
 
cid	   N	   mean	   min	   max	   range	   sd	   cv	   skewness	   kurtosis	   p1	   p25	   p50	   p75	   p99	  

1	   27571	   0.49	   0	   11.13	   11.13	   0.76	   1.56	   5.52	   42.67	   0.05	   0.14	   0.35	   0.5	   4.39	  

2	   28198	   0.72	   0	   5.2	   5.2	   0.43	   0.6	   2.49	   12.59	   0.17	   0.47	   0.62	   0.85	   2.46	  

3	   28223	   1.32	   0.12	   9.24	   9.12	   0.91	   0.69	   2.67	   13.77	   0.29	   0.76	   1.07	   1.59	   5.28	  

4	   28079	   1.21	   0.1	   8.55	   8.45	   0.83	   0.69	   2.35	   10.32	   0.41	   0.66	   0.96	   1.43	   4.56	  

5	   28031	   1.31	   0	   9.01	   9.01	   0.79	   0.61	   2.12	   9.72	   0.4	   0.77	   1.11	   1.59	   4.37	  

6	   27720	   0.94	   0	   5.02	   5.02	   0.58	   0.61	   1.38	   5.78	   0.18	   0.5	   0.83	   1.23	   2.91	  

7	   23279	   1.09	   0	   7.99	   7.99	   0.83	   0.77	   2.26	   10.3	   0.25	   0.55	   0.86	   1.36	   4.47	  

8	   23688	   0.76	   0.09	   6.9	   6.81	   0.91	   1.21	   2.31	   9.52	   0.13	   0.21	   0.33	   1.01	   4.44	  

9	   20278	   1.21	   0.34	   6.51	   6.17	   0.92	   0.76	   2.03	   7.07	   0.4	   0.62	   0.88	   1.38	   4.55	  

10	   19175	   1.77	   0	   12.51	   12.51	   1.56	   0.88	   1.82	   7.22	   0.29	   0.64	   1.22	   2.4	   7.27	  

11	   19174	   0.92	   0	   5.19	   5.19	   0.81	   0.88	   1.11	   4.31	   0.06	   0.13	   0.85	   1.46	   3.3	  

12	   17014	   1.49	   0	   9.26	   9.26	   1.17	   0.78	   1.56	   5.54	   0.33	   0.63	   1.05	   2.03	   5.35	  

13	   16990	   1.76	   0.18	   9.94	   9.76	   1.25	   0.71	   1.45	   5.7	   0.3	   0.8	   1.48	   2.35	   5.92	  

14	   16079	   0.92	   0	   7.7	   7.7	   0.9	   0.98	   2.59	   12.32	   0.01	   0.34	   0.73	   1.14	   4.93	  

15	   16157	   0.96	   0.32	   8.35	   8.03	   0.6	   0.62	   3.79	   26.06	   0.42	   0.64	   0.79	   1.05	   3.38	  

16	   13974	   1.09	   0	   6.39	   6.39	   0.61	   0.56	   2.42	   11.17	   0.51	   0.7	   0.89	   1.27	   3.5	  

17	   13853	   1.58	   0	   7.67	   7.67	   0.88	   0.56	   2.26	   9.94	   0.63	   1.01	   1.36	   1.83	   5.21	  

18	   15155	   0.59	   0	   5.82	   5.82	   0.62	   1.05	   2.57	   11.99	   0.1	   0.17	   0.39	   0.78	   3.25	  

19	   5785	   0.26	   0.02	   4.83	   4.81	   0.37	   1.42	   5.65	   42.71	   0.02	   0.08	   0.2	   0.28	   2.4	  

20	   3121	   0.9	   0	   5.26	   5.26	   0.76	   0.84	   1.7	   7.33	   0	   0.45	   0.75	   1.19	   3.68	  

21	   1512	   0.45	   0.06	   7.96	   7.9	   0.73	   1.63	   4.84	   33.83	   0.06	   0.15	   0.21	   0.4	   3.84	  

22	   5664	   0.88	   0.19	   5.62	   5.43	   0.73	   0.82	   3.74	   17.49	   0.45	   0.56	   0.67	   0.87	   4.43	  

23	   8520	   0.59	   0.16	   5.21	   5.05	   0.5	   0.84	   3.27	   17.89	   0.19	   0.27	   0.45	   0.69	   2.86	  

24	   3360	   1.22	   0.5	   6.63	   6.13	   0.74	   0.61	   3.47	   17.48	   0.56	   0.83	   1.05	   1.29	   4.83	  

Total	   410600	   1.07	   0	   12.51	   12.51	   0.93	   0.88	   2.42	   12.11	   0.07	   0.49	   0.81	   1.34	   4.75	  
 

 Table 2 shows the extent to which the panel is unbalanced.  There are significant 

differences in mean, minimum and maximum load, indicating different baseload consumption 

levels between customers.  Measures of kurtosis—or “peakedness”—and skewness suggest 

differences in customers’ load profile shapes.  Customer 1, for example, might consume a high 

amount of electricity during a very concentrated period relative to other hours, whereas customer 
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11 may have an overall flatter load profile.  This observed heterogeneity supports the use of 

household fixed effects. 

Table 3  

2009 Rate 7 and VPP Sample Comparison 

	  
N	   mean	   min	   max	   range	   sd	   cv	   skewness	   kurtosis	   p1	   p25	   p50	   p75	   p99	  

Rate	  7	  	  
(n=324)	   	  	  	  	  	  	  2,838,236	  	   1.22	   0	   28.66	   28.66	   1.29	   1.06	   2.88	   17.74	   0.07	   0.41	   0.8	   1.52	   6.24	  
Rate	  7	  with	  VPP	  
(n=14)	   	  	  	  	  	  	  	  	  	  	  	  	  79,056	  	   0.97	   0	   11.13	   11.13	   0.86	   0.88	   2.6	   13.49	   0.07	   0.45	   0.74	   1.21	   4.48	  

 

 A cursory glance at Table 3 suggests that Rate 7 and VPP customers are probably not 

drawn from the same population.  Rate 7 customers appear to use more electricity on average.  

An independent sample T-test assuming unequal population variances rejects the null hypothesis 

that there is no difference between the two sample means.  Assuming Rate 7 customers are more 

representative of CL&P’s customer base, estimates of VPP customers’ price elasticity of demand 

are likely to be biased and thus not generalizable; however, the converse could also be true.  It is 

perhaps more likely that both groups are comprised of outliers, given the extremely low rate of 

participation in both programs. 
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Price Differentials 
 

Table 4   

Evolution of Daily VPP Prices 

 

 

Table 5   

Evolution of Daily VPP Peak- to Off-Peak Price Ratios 
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Tables 4 and 5 show how falling wholesale electricity prices have created the perverse 

incentive for the consumers to shift load to on-peak periods, which runs counter to the primary 

policy objective of reducing on-peak electricity consumption.  While the maximum differential 

has been as high as 16¢/kWh, the mean differential is -1.37¢/kWh; correspondingly, the 

maximum peak- to off-peak price ratio reached 2.85, with a mean of 0.87.   A best-fit curve 

prepared by the Brattle Group aggregating the results of a couple dozen dynamic pricing pilots 

suggests peak reductions in the range of 0-7.5% when peak-to off- peak price ratios fluctuate 

between 0 and 3 (Faruqui & Palmer, 2011).   
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Results 
  

Tables 6 through 11 on the following pages present parameter and standard error 

estimates of the effect of the independent variables PRICEk,it on LOADk,it.  Column headings 

have column with numbers indicate the estimator and its robustness to various disturbance 

structures:   

(1) fixed effects model (xtreg) 

(2) fixed effect model robust to heteroskedastic- and autocorrelated- (HAC) disturbances 

(xtreg, robust) 

(3) fixed effect model with a Cochrane-Orcutt transformation that corrects for within 

panel, temporal dependencies with an estimated ρ  

(4) panel corrected Prais-Winsten model assuming heteroskedastic and 

contemporaneously correlated disturbances across panels and a common autoregressive 

structure across panels.   

Panel corrected standard errors were only estimated for Rate 7 customers, whose highly balanced 

panel allows for reliable estimates of the disturbance covariance matrix.   
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Demand Functions 
 

Variable Peak Pricing 
 
Table 6  
Demand Function: VPP, Linear Regression Specification 
Dependent variable: load 

 
 (1) (2) (3) 
VARIABLES FE FE CL FE AR(1) 
    
pricevpp 0.0230*** 0.0230** 0.0119*** 
 (0.00086) (0.01022) (0.00133) 
    
Observations 399,157 399,157 399,133 
R2 (within) 0.097 0.097  
Customers 24 24 24 

Standard errors in parentheses 
*** p<0.01, ** p<0.05, * p<0.1 

 
 

Table 7 
Demand Function: VPP, Log-Log Regression Specification 
Dependent variable: log(load) 

 
 (1) (2) (3) 
VARIABLES FE FE CL FE AR(1) 
    
log(pricevpp) 0.181*** 0.181 0.0421*** 
 (0.00720) (0.13781) (0.01044) 
Constant -0.0723*** -0.0723 0.159*** 
 (0.02049) (0.33712) (0.00772) 
    
Observations 399,157 399,157 399,133 
R2 (within) 0.095 0.095  
Customers 24 24 24 

Standard errors in parentheses 
*** p<0.01, ** p<0.05, * p<0.1 

 
 Estimates from tables 6 and 7 suggest a small but statistically significant positive 

correlation between price and demand.  These results are likely affected by the small sample size 

and self-selection bias.           
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Rate 7 
 
Table 8 
Demand Function: Rate 7, Linear Regression Specification 
Dependent variable: load 
 

 (1) (2) (3) (4) 
VARIABLES FE FE CL FE AR(1) PCSE 
     
pricerate7 -0.0369*** -0.0369*** -0.0163*** -0.0126*** 
 (0.00082) (0.00348) (0.00101) (0.00210) 
     
N 2,838,236 2,838,236 2,837,912 2,838,236 
R2 (within) 0.083 0.083  0.024 
Customers 324 324 324 324 

Standard errors in parentheses 
*** p<0.01, ** p<0.05, * p<0.1 

 
 
Table 9 
Demand Function: Rate 7, Log-Log Regression Specification 
Dependent variable: log(load) 
 

 (1) (2) (3) (4) 
VARIABLES FE FE CL FE AR(1) PCSE 
     
log(pricerate7) -0.265*** -0.265*** -0.0952*** -0.0594*** 
 (0.00772) (0.03025) (0.00914) (0.01993) 
     
N 2,838,236 2,838,236 2,837,912 2,838,236 
R2 (within) 0.099 0.099  0.031 
Customers 324 324 324 324 

Standard errors in parentheses 
*** p<0.01, ** p<0.05, * p<0.1 

 

The estimated price elasticity of demand for Rate 7 customers comports with economic 

theory.  Price elasticities of -0.1 and -0.06 from columns (3) and (4) respectively are likely the 

most robust of the series.  They suggest that Rate 7 customers decrease their hourly demand 

between 0.5-1% in response to a 10% increase in price.   
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Difference in Differences 
 

Table 10 
Difference in Differences, Linear Regression Specification 
Dependent variable: log(loadVPP/loadRate 7) 
 

 (3) (3) (3) 
VARIABLES FE AR(1) FE AR(1) FE AR(1) 
    
price!"" −   priceRate 7  -0.0140*** -0.00988*** -0.0152*** 

 (0.00129) (0.00132) (0.00221) 
    
Covariates  weather all 
F-test  F(3, 79017) = 166.75 F(27, 78993) = 40.37 
N 79,035 79,035 79,035 
R2 (within) 0.0015 0.0078 0.0152 
Customers 14 14 14 

Standard errors in parentheses 
*** p<0.01, ** p<0.05, * p<0.1 

 
 
Table 11 
Difference in Differences, Log-Log Regression Specification 
Dependent variable: log(loadVPP/loadRate 7) 
 

 (3) (3) (3) 
VARIABLES FE AR(1) FE AR(1) FE AR(1) 
    
log price!""

priceRate 7  -0.102*** -0.0727*** -0.0843*** 
 (0.01175) (0.01197) (0.01948) 
    
Covariates - weather all 
F-test  F(3, 79017) = 63.53 F(27, 78993) = 21.09   
N 79,035 79,035 79,035 
R2 (within) 0.0010 0.0034 0.0081 
Customers 14 14 14 

Standard errors in parentheses 
*** p<0.01, ** p<0.05, * p<0.1 

 
 The difference in difference estimates suggest that VPP customers are economically 

rational and responsive to price, with small but statistically significant price elasticities of 

demand.  This series of elasticities compare favorably with those calculated for Rate 7 

customers; however, the introduction of covariates jointly-significant at the 1% level undermines 
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the fundamental assumption underlying the difference in differences approach—namely, that 

both customer groups respond similarly to price and other observable and non-observable factors 

that impact the residential demand for electricity.  If the response to other covariates were 

statistically insignificant, the difference in differences estimates would have been indicative of a 

common response to a different set of prices: when VPP on-peak rates are greater than Rate 7 

on-peak rates, VPP consume relatively less and vice versa.  The results suggest that this 

technique may not successfully control for self-selection bias.  In addition, the comparison to 

their two means suggest that that customers do not belong to the same sample, and consequently, 

are not directly comparable.     

R2 values, where calculated, indicate that slightly less than 10% of the within-variation in 

hourly electricity consumption is explained by variation in the explanatory variables.  This is not 

surprising, given that other unobserved factors explain hourly electricity consumption.  While the 

simplified model may do an overall poor job of explaining hourly electricity consumption, it will 

accurately estimate the price effect if omitted variables are uncorrelated with the regressors.  The 

parametric statistical test (Wald test or F-test) in every iteration affirms the joint significance of 

the explanatory variables at the 1% level.  In addition, fixed effect models estimated in Stata 

using xtreg and xtregar “wash out” the explanatory “noise” contained in customer-specific 

intercepts (i.e., residuals), and thus have generally low R2 values compared to time-series 

regressions.   

 The observed weather controls—temperature and relative humidity—exhibited the 

expected relationship to electricity consumption.  The quadratic coefficient is positive; solving 

for the minimum, we find an inflection point at around 55 °F—5-10 °F lower than the base 

temperatures conventionally used to calculate heating degree days (HDD) and cooling degree 

days (CDD).  On either side of this minimum, the marginal effect of temperature on the demand 

for electricity increases. 

 F-tests on the joint significance of hourly and weekday effects are significant at the 1% 

level.  A negative weekday coefficient is intuitive, since base electricity demand is lower when 

people are at work.  Coefficients on early morning hours are negative, when consumers are 

sleeping.  When people are most likely to be home and active during the afternoon and evening, 

the hourly effects are positive generally statistically significant. 
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Figure 3.  Average Daily VPP Customer Load Curve (Not Seasonally Adjusted) 
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Discussion 
 

 Baltagi has extensively studied the benefits and drawbacks of the econometric analysis of 

panel data (Baltagi, 2008).  While fixed effects models control for unobserved, time-invariant 

heterogeneity, the estimators still rely on a set of assumptions that are difficult to test, one of 

which is strict exogeneity.  Unbalanced macro panels, with small N and large T, also contain 

relatively little information in the presence of temporal dependency.  A Wooldridge test, F(1,23) 

= 79.963, rejects the null hypothesis that there is no first-order autocorrelation at the 1% level.  

In addition, non-experimental research is notoriously difficult.  In this study, the small 

size of the VPP sample and self-selection most likely produced biased estimates of price 

response.  Indeed, the fully-specified demand functions don’t simply indicate that VPP 

customers are insensitive to price, but rather, that they consume more electricity as prices 

increases!  A priori economic reasoning is enough to doubt the internal validity of the model 

estimates derived by this study. 

The estimated common price response could represent an average of diametrically 

opposed, individual responses.  This is of particular concern when dealing with macro panels 

with small N and large T.  Baltagi discusses panel data estimators when the coefficients vary 

across individuals but are assumed homogenous in estimation, such as in fixed effects.  This 

study tested a mixed model with both fixed effects and random effects allowing for varying 

slopes and intercepts across individuals.  A likelihood ratio test (LR chi2(1) = 3607.62 allows us 

to reject the null model in favor of the alternative.  While such tests are usually used in order to 

develop best linear unbiased predictions (BLUP), these estimates would have no generalizable 

value.  The presence of random effects does suggest that the panels are heterogonous, and that 

customers may have different motivations in responding to common price signals. For instance, a 

subset of customers might be economic free riders who opted-in to VPP after having observed 

historical pricing series on the CL&P website.  Free riders are inherently economically self-

interested, and as such, they may be using the rate structure to shift their load on peak or to 

consume more electricity overall.  On the other hand, there may be environmentally-conscious 

consumers who simply like the idea of reducing their own on-peak consumption under the rate, 
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regardless of daily price.  Finally, some individual load data suggests customers have solar 

panels “behind the meter”. 

External validity is rejected based on the notion that the inferences and conclusions 

cannot be generalized from examined population to others.  There is no reason to believe that 

customers would respond the same way if the rate mechanism were mandatory.  In that 

counterfactual scenario, peak demand would actually increase as economically self-interested 

residential customers shifted load from off-peak periods to take advantage of perverse price 

incentives. 

 The absence of an accurately estimated causal effect does not render the study worthless.  

On the contrary, the same problems that plague estimation are indicative of larger overall 

problems with the rate structure itself.  The small sample size is a result of extremely low 

participation like due to more competitive fixed-price offered by retail suppliers.  Moreover, the 

same perverse price incentives which render an estimated effect non-generalizable highlight the 

need to tie retail rates directly to fluctuations in the wholesale markets.  Administratively-derived 

dynamic rates are likely to lead to sub-optimal policy outcomes if the regulatory process cannot 

keep up with changing conditions in the wholesale markets.
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