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ABSTRACT 

 
Many countries have implemented policies to correct market and behavioral failures that lead to 

inefficient energy use. It is important to know what factors and policies can effectively overcome 

such failures and improve energy efficiency; however, a comprehensive analysis has been 

difficult because of data limitations. Using state scores compiled by American organizations 

recently, and adopting fixed effects regression models, I analyze the joint impacts of relevant 

factors and policy programs on residential electricity consumption in each U.S. state. The 

empirical results reveal that increases in electricity price have small and negative effects, and 

increases in personal income have positive effects on residential electricity sales per capita (a 

measure of energy efficiency). The results suggest that it may take time for economic factors to 

affect electricity sales. The effects of personal income suggest the difficulty of controlling 

residential electricity consumption; however, they also imply that there is some room in 

households to reduce electricity use. The study also finds that programs and budgets of several 

policies seem to be associated with electricity sales. The estimates from a model including 

interaction terms suggest the importance of including multiple policies when analyzing and 

designing policies to address electricity efficiency. The results also imply the possibility of 

rebound effects of some policies, whereby improvements in energy efficiency lead to increases 

in energy consumption due to the associated lower per unit cost. Future studies should analyze 

both short-term and long-term effects of economic factors and policies, based on improved and 
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accumulated time series and panel data, in order to design more effective policies for improving 

residential electricity efficiency. 
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1. Introduction 

The world is facing growing threats from climate change and energy constraints due to 

rapidly growing national economies. Global emissions of CO2 from fossil-fuel combustion have 

reached record levels (IEA, 2012). Although countries agreed at the 2010 Cancun Conference of 

the Parties to the UN Framework Convention on Climate Change that they should reduce 

emissions of greenhouse gases to hold the increase in global average temperature below 2 

degrees above pre-industrial levels, that reduction is generally considered to be a highly 

challenging target. Because reducing greenhouse gases requires substantial investments, 

countries are concerned that undertaking greenhouse gas reduction would impede their economic 

growth, reduce their competitiveness with their rivals, and slow increases in their citizens’ living 

standards. In addition, many countries have also faced the threat of energy security and energy 

constraint issues. 

One of the ways to address these issues while keeping or improving economic growth 

levels is to improve the efficiency of energy use, as well as expanding the use of renewable 

energy. Improvement of energy efficiency is generally considered to be a more cost effective 

way to reduce carbon emissions than switching to cleaner energy sources. On the McKinsey 

global greenhouse gas abatement curve, carbon abatement costs of many methods for efficiency 

improvement are negative, which means that marginal benefits surpass marginal costs of 

improving energy efficiency (McKinsey & Company, 2010). Also, the American Council for an 

Energy-Efficient Economy (ACEEE) reviewed the cost-effectiveness of policies from 14 states 

and argued that energy efficiency is the least cost option available for utility resource portfolios, 

with one-third or less the cost of new sources of electricity supply such as conventional fossil 

fuel or renewable energy sources (Friedrich, Eldridge, York, Witte, & Kushler, 2009). 
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Low efficient energy use is attributed to market failures such as imperfect information, 

split incentives that investors and beneficiaries of energy efficiency differ, and externalities with 

ignored energy security and environmental costs, market barriers such as low energy prices and 

inability to invest initial capital costs for energy efficiency and limited access to credit, and 

behavioral failures such as risk adverseness and cognitive constraints (Gillingham, Newell, & 

Palmer, 2009; Gillingham & Palmer, 2013; Vaidyanathan, Nadel, Amann, Bell, Chittum, Farley, 

Hayes, Vigen, & Young, 2013). Since the energy crises in the 1970s, many countries have tried 

to correct these failures by setting appliance standards, giving financial incentives, and 

mandating standards. However, because energy is an essential input for all economic activities 

and daily life, making people use less energy and invest in more efficient technology, appliances, 

and buildings are still difficult. In addition, economic growth and rising living standards have led 

people to consume more energy. Furthermore, improvement of energy efficiency can sometimes 

generate a rebound effect in which, people consume more electricity as a result of a reduction in 

electricity prices following electricity efficiency improvements. (Berkhout, 2000). Thus, it is 

essential to design appropriate policies through knowing to what factors and to what extent 

people might respond in order to reduce energy consumption.  

Residential electrical equipment accounts for 30% of all electricity consumed in OECD 

countries (IEA, 2007) and about 37% in the United States (IEA Statistics, Electricity/Heat in 

United States in 2009). The 2009 McKinsey & Company report estimated that the United States 

could achieve a 26% reduction in its residential electricity consumption in 2020 by adopting 

electricity efficiency measures that can provide positive net present values (Granade et al., 2009). 

Thus, the residential sector has a large potential to contribute to the improvement of energy 

efficiency. However, improving energy efficiency is especially complicated in the residential 
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sector because, in contrast to businesses, private individuals have less knowledge and access to 

information about efficient energy use and cannot be easily regulated by law. Also, a problem of 

split incentives often happens in the residential sector, where builders, owners and lenders who 

could decide to invest in efficiency improvement do not have an incentive to save energy 

because they do not pay energy bills. As a result, residential electricity consumption has kept 

growing in many countries (Bernstein & Madlener, 2011).  

In view of these problems, policy analysis is needed to develop effective programs to 

reduce end-use energy consumption in the residential sector. However, the impacts of various 

factors and policies on energy consumption are difficult to quantify. In fact, a comprehensive 

analysis has not been conducted because of data limitation. Thus, in this study I analyze 

quantitatively the response of U.S. states’ residential electricity consumption to economic factors 

such as electricity price and personal income and state policy programs. I choose U.S. residential 

electricity consumption as a study subject because U.S. agencies and organizations have 

compiled more data about relevant factors and policies than other countries. 

 

2. Literature review 

In consumer theory, the amount of demand is affected by the price of goods and the 

income of consumers. Demand for ordinary goods decreases when price goes up. Demand for 

normal goods increases when income increases. Table 1 reviews preceding studies that have 

examined the price and income elasticity of the U.S. residential electricity demand (Bernstein & 

Griffin, 2005; Narayan, Smyth, & Prasad, 2007; Dergiades & Tsoulfidis, 2008; Paul, Myers, & 

Palmer, 2009; Nakajima & Hamori, 2010; Alberini & Filippini, 2011; Azevedo, Morgan, & Lave, 

2011; Bernstein & Madlener, 2011; Fell, Li, & Paul, 2010).  
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Table 1. Review of studies that estimate price and income elasticity and climate estimates for 
residential electricity consumption 

 
Study Type of model Type of 

data 
Dura
tion Price elasticity Income elasticity Heating 

degree-days 
Cooling 

degree-days 

Paul et al. (2009) Fixed effects OLS 
model 

State-level 
panel 

1990-
2006 -0.13 (-0.40) 0.11 4.0E-4 1.2E-3 

Azevedo et al. 
(2011) 

Fixed effects OLS 
model 

State-level 
panel 

1990-
2004 -0.25 - 0.12 - 

Bernstein and 
Griffin (2005) Time series model State-level 

panel 
1977-
2004 -0.24 (-0.32) 0.003 - - 

Narayan et al. 
(2007) 

Panel unit root, Panel 
cointegration 

Nationwide 
time series 

1978-
2003 

-0.036 to -0.20  
(-1.38 to 0.40) 

0.35 to 0.37  
(0.40 to 0.74) - - 

Dergiades and 
Tsoulfidis (2008) Time series model Nationwide 

time series 
1965-
2006 -0.39 (-1.065) 0.10 (0.27) 0.26 (0.73) 

Nakajima and 
Hamori (2010) Dynamic OLS State-level 

panel 
1993-
2008 

-0.33 [1993-2000], 
-0.14 [2001-2008] 

0.38 [1993-2000], 
0.85 [2001-2008]  

0.19 [1993-2000], 
0.17 [2001-2008] 

0.56 [1993-2000], 
0.64 [2001-2008] 

Bernstein and 
Madlener (2011) 

Panel unit root, Panel 
cointegration 

Nationwide 
time series 

1981-
2008 

-0.23 to -0.21  
(-0.23 to -0.21) 0.29 (0.66 to 0.79) - - 

Alberini and 
Filippini (2011) 

Dynamic partial 
adjustment model 

State-level 
panel 

1995-
2007 

-0.15 to -0.08  
(-0.73 to -0.44) − 0.093 to 0.064 0.029 to 0.096 0.066 to 0.077 

Fell et al. (2010) Generalized method of 
moments approach 

Household- 
level panel 

2004-
2006 -1.02 to -0.82 0.051 to 0.109 -0.015 to 0.010 -0.032 to 0.049 

Long-term estimates are in parentheses. 

 

These studies generally found that residential electricity consumption is almost inelastic for 

price and only slightly elastic for income, although specific estimations of elasticity differ due to 

different methodologies and durations of data. Short-term price elasticity is approximately -0.3 to 

-0.1, and short-term income elasticity is generally 0.1 to 0.4. These low elasticities in the short 

term are attributed to necessity of electricity in the modern lifestyle for housework, comfort, and 

leisure. In the long term, the magnitudes of price elasticity and income elasticity are generally 

larger than in the short term, which can be attributed to the long lifetimes and slow turnover of 

appliances and equipment (Gillingham et al., 2009). These empirical results imply that an 

increase in electricity prices and policies that would increase electricity prices may have only 

slight effects on electricity demand. Meanwhile, Fell et al. (2010) reported larger price 

elasticities, using household expenditure data. In addition, significant price changes could result 

in larger electricity savings. Reiss and White (2008), for example, noted that after electricity 

prices unexpectedly spiked in San Diego in 2000, the average household reduced electricity 

consumption by more than 13 percent in about 60 days. In addition, demand response or load 



 5 

management programs using dynamic pricing based on advanced metering systems have 

gradually spread. The U.S. Federal Energy Regulatory Commission (FERC) has reported that 

during periods of peak demand, prolonged advance metering and demand response programs 

have a notable impact (FERC, 2011).  

Another major factor that affects residential electricity consumption is climate and weather. 

The relevant quantitative index used to reflect temperature change for energy consumption is a 

degree-day. It is derived from daily temperature observations. Both heating and cooling degree 

days are calculated based on differences between mean daily temperature and the base of 65°F. 

Table 1 includes the estimation of coefficients of heating and cooling degree-days found in the 

previous studies. The magnitude of estimates differs considerably among the studies. 

Compared to these economic and contextual factors, empirical evidence of effects of policy 

programs for household energy efficiency is limited and mixed. Policy programs that address 

improvement of electricity efficiency include information programs such as product standards, 

labeling and free energy audits, financial incentives such as subsidies and tax deductions, and 

electricity load management.  

Since the era of energy crises, some policy programs such as information and financial 

assistance have been implemented as part of utility demand-side management (DSM) programs 

(Gillingham et al., 2009). The Public Utility Regulatory Policies Act of 1978 required state 

public service commissions to consider energy conservation by utilities in their rate design and 

promoted utility based DSM programs. Using the data on states’ DSM annual savings as 

indicators of stringency in states’ energy efficiency program commitment, Horowitz (2007) 

found that those states that have a moderate to strong commitment to energy efficiency programs 

reduce electricity intensity (i.e., electricity consumption per capita income or per gross state 
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product) 4.4% more in the residential sector than states with weak program commitment, 8.1% 

more in the commercial sector, and 11.8% more in the industrial sector. Horowitz also found that 

energy efficiency program commitment had transformed electricity demand in all three sectors in 

terms of three key economic variables: electricity prices, per capita income (or gross state 

product), and technological change. Based on these results, Horowitz argued that a spillover 

effect (i.e., a positive externality to the society) from energy efficiency programs might be rapid 

in the residential sector. However, he did not specify effective policy programs to promote the 

improvement of energy efficiency. Caldwell (2008), a former GPPI student, and Arimura, Li, 

Newell and Palmer (2011) respectively analyzed the impact of DSM expenditures on states’ total 

electricity efficiency or electricity demand. The former study found no strong impact of DSM 

expenditures on electricity efficiency. The later found that DSM expenditures between 1992 and 

2006 reduced electricity demand by 0.9 percent during the data period and by 1.8 percent over all 

years. Neither of the studies separately analyzed effect of DSM expenditures on electricity 

consumption of different sectors. Furthermore, utility-level DSM spending whose data are 

available in the Energy Information Administration (EIA) database has become a less 

appropriate factor to consider in evaluating comprehensive effects of energy efficiency programs 

because restructuring of the electricity industry led to a decline in utility-level DSM funding and 

led some states to establish new mechanisms such as public benefit fund and energy efficiency 

resource standards (Carley, 2012). Also, different utilities have self-reported data about DSM 

programs to the EIA based on their own different criteria and methods (Gllingham et al., 2006).  

Aside from DSM, the Energy Tax Act (ETA) of 1978 provided a federal tax credit for 

residential energy efficiency investments until 1987. The Energy Policy Act (EPAct) of 2005 

restored tax credits to homeowners for energy-efficient home improvements and to 
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manufacturers of energy efficient appliances. State tax credits and deductions had begun before 

the ETA. The federal and state governments have also implemented weatherization assistance 

programs. 

As for product standard programs, California took the lead. It enacted the first appliance 

efficiency standards in the mid 1970s and led other states while rulemaking for many 

Department of Energy standards was deferred. However, appliance manufacturers preferred 

uniform federal standards to a patchwork of state standards, and in 1987 national appliance 

standards were set for 15 categories of household appliances under the National Appliance 

Energy Conservation Act (NAECA). The standards have been updated, and new ones have been 

added under NAECA, the EPAct of 1992 and 2005, and the Energy Independence and Security 

Act (EISA) of 2007. McMahon, Chan and Chaitkin (2001) showed that appliance standards were 

responsible for reducing total U.S. residential energy consumption by approximately 2.5 percent 

in 1997 alone. The federal laws preempt state actions. However, states can exceed federal 

standards. Also, some states are enacting standards for products that are not covered by federal 

law. The appliance standards have been generally accompanied by labeling programs such as 

mandatory EnergyGuide and voluntary ENERGY STAR and voluntary public-private 

partnership programs. Environmental Protection Agency estimates significant energy savings 

(e.g., more than 80 billion kWh savings in 2001) by ENERGY STAR (Gillingham et al., 2006). 

Building energy codes are another type of product standards that set the minimum 

efficiency level for the design and construction of new buildings and significant renovations of 

existing buildings. States had started to enact building energy codes separate from the national 

level ones in the 1970s. During the 1980s, the Council of American Building Officials created 

the Model Energy Code (MEC), which was taken over by the International Energy Conservation 
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Code (IECC) developed by the International Code Council. The codes are for residential 

buildings. According to Misuriello, Kwatra, Kushler, and Nowak (2012), the 2012 IECC requires 

30 percent more efficiency than the 2006 IECC. Most states have adopted the MEC or IECC. 

DOE has also participated in the development of model energy efficiency codes and IECC. 

Under the American Recovery and Reinvestment Act of 2009, states that committed to 

introducing national codes received federal funding. Aroonruengsawat, Auffhammer, and 

Sanstad (2009) found that states that adopted building codes that were followed by a significant 

amount of new construction reduced residential electricity consumption per capita by 3 to 5 

percent in 2006. Costa and Kahn (2010a) argued from their analysis of California’s data that 

houses built when the state had building code regulations and experienced higher electricity 

prices became more electricity efficient. 

Information programs for households include not only labeling but also communication 

programs. Allcott (2011) estimated that a non-price energy conservation programs in which a 

company sent Home Energy Report letters to residential customers so that they could compare 

their electricity consumption to that of their neighbors reduced energy consumption by 2.0 

percent. Reiss and White (2008) reported that the state’s public appeals for energy conservation 

after San Diego’s price spike significantly reduced residential electricity consumption. 

Meanwhile, Costa and Kahn (2010b) found that providing feedback to households on their 

electricity usage seemed to be effective for liberals but counterproductive for conservatives.  

Another important energy efficiency program are the energy efficiency resource standards 

(EERS) that are generally administered by state utility commissions and specify mandatory 

reduction targets in energy use compared with business as usual. EERS vary greatly in terms of 

target quantity, target date, baseline, responsible parties, implementation and verification 
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methods, and penalties for noncompliance. Some states target not only overall electricity use but 

also peak demand (Brennan & Palmer, 2012). Brennan and Palmer theoretically argue that other 

policies such as energy taxes and cap-and-trade systems rather than EERS would be more 

cost-effective to reduce energy use. 

Due to lack of comprehensive data, only little is known about the impacts on electricity 

consumption of various types of policies and other economic factors. There are a few exceptional 

studies that quantitatively analyze relative impacts on electricity consumption by making use of 

state scores assigned by the American Council for an Energy-Efficient Economy (ACEEE).  

The ACEEE, a nonprofit organization that advocates energy efficiency policies, programs, 

technologies, investments, and behaviors, has annually reported “The State Energy Efficiency 

Scorecard” in which it has graded state policies to promote energy efficiency in eight policy 

categories since 2006: 1) Spending on utility and public benefits energy efficiency programs, 2) 

Energy efficiency resource standards, 3) Combined heat and power generation, 4) Building 

energy codes, 5) Transportation policies, 6) Appliance and equipment efficiency standards, 7) 

Financial and information incentives, and 8) State lead by example and research and 

development programs (ACEEE 2007, 2008, 2009, 2010, and 2011). Such policies are intended 

to promote spending for efficiency, mandate energy saving targets, reduce market and regulatory 

barriers, establish mandatory codes and standards, and increase public visibility of energy 

efficiency as an energy resource (ACEEE, 2007). 

Berry (2008) analyzed the relationship between the ACEEE’s scores for 2006 and growth 

in electricity sales between 2001 and 2006 in each state. He found that utility efficiency program 

expenditures per capita and the aggregation of a range of other efficiency programs are 

associated with the greater reductions in the growth of electricity sales. However, Berry’s 
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analysis was aggregated and did not specify the effect of each kind of program, or separate the 

effect on residential and other sectors. Also, it is difficult to interpret the causation of the 

variables because Berry used the ACEEE’s 2006 scores as his independent variables and 

electricity sales data between 2001 and 2006 as his dependent variable. 

A recent thesis by a GPPI student, also using the 2006 ACEEE data, analyzed which types 

of state energy efficiency policies are most effective (Shaw, 2009). The thesis found a negative 

effect on states’ per capita electricity consumption, of the policy variables representing the 

presence of public benefits funds and the number of appliance/equipment standards. However, 

this analysis is based on snap-shot data for 2006 rather than panel data on state policies. Also, the 

author did not separately analyze the effect of policies on residential and other sectors. 

Making use of the ACEEE’s scores for the period 2006 to 2009 and other panel data, 

Boadu (2012) investigated the impacts of state-level policy variables and other contextual factors 

such as electricity prices and gross state product on residential, commercial, and building sector 

electricity consumption. Based on a random effects model analysis, Boadu found that federal 

grant allocations under State Energy Programs had a positive effect on residential electricity 

consumption per capita. Boadu reported that she used random effects models because Hausman 

test was not significant for the data set. A random effects model is appropriate when it is 

assumed that unobserved effects are uncorrelated with each explanatory variable. However, in 

the case of states’ energy policy analysis, states’ unobserved effects such as their geographical 

and political characteristics might be correlated with their income levels and existing policies. 

Thus, in this case, fixed effects models would be preferable. Also, a further investigation with 

longer period of data is now possible.  

Furthermore, given the mixed reasons for inefficient electricity use in the residential sector, 
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a combination of several programs may be more effective than one single program to improve 

electricity efficiency. For example, not only adopting standards for buildings and appliances but 

also offering informational assistance and financial incentives at the same time would make it 

easier for consumers to replace their old, inefficient appliances with new, more efficient ones 

than one program alone. In addition, if electricity prices were high enough, households would be 

more motivated to make use of offered incentives and other programs to save electricity. 

However, empirical studies to analyze such interactive effects have not been implemented. 

To sum up, little is known about what can drive residential electricity efficiency and to 

what extent. Thus, in this study, I will make use of ACEEE’s data and other data, including not 

only data for the years 2006 to 2009, but also data for later years, and adopt improved models to 

investigate the effects of electricity efficiency programs and contextual factors on the U.S. state 

residential electricity efficiency.  

 

3. Conceptual framework 

Making use of the data from U.S. agencies and ACEEE’s scores for state programs, this 

study estimates the impact of economic factors such as electricity prices and personal income 

and policies on residential electricity consumption. Because economic factors and policies vary 

through time in each state, I adopt a fixed effects approach. 

A fixed effects model is more appropriate than a random effects model in my study 

because states’ unobserved effects such as their geographical and political characteristic might be 

correlated with explanatory variables such as income level and existing policies. Although a 

precedent study (Boadu, 2012) used a random effects model with the panel data from the 

ACEEE repots, a random effects model should be used when it is assumed that the unobserved 
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effect is uncorrelated with each explanatory variable. Here, I tested my argument by applying a 

Hausman test to the values of the variables (except for those of the lag variables) that I describe 

below. The test implied that I should use a fixed effects model. 

I use the following specification for the state i in year t: 

 

log(electricity sales)it = β0 + β1log(price)i, t-j + β2log(income) i, t-j + β3hddit + β4cddit  

+ βk(policy variables)i, t-j, k + βl(budget variables)i, t-j, l + δld20xx + ai + uit  

 

Where: 

electricity sales: residential electricity sales per capita (kWh) 

price: retail price of electricity to ultimate customers (cents/kWh) 

income: personal income per capita (dollars) 

hdd: number or heating degree-days adjusted by the share of electricity in space heating 

cdd: number of cooling degree-days  

 

The policy variables are: 

EERS: stringency of energy efficiency resource standards  

Building codes: dummy variable of building energy codes (state with codes =1, state 

without codes =0) 

Appliance standards: dummy variable of appliance efficiency standards that are not 

preempted by federal standards (state with codes =1, state without codes =0) 

Incentive programs: index based on numbers and stringency of major financial and 

information incentive programs 

 



 13 

The budget variables are:   

Residential programs: budgets for residential electricity efficiency programs per capita 

(dollars) 

Low income programs: budgets for low-income households’ electricity efficiency per 

capita (dollars) 

Other programs: budgets for other electricity efficiency program (except for the 

commercial and industrial sectors) per capita (dollars) 

Load management: budgets for load management per capita (dollars) 

 

The other variables and notations are: 

d20xx: time fixed effects (xx: 07-10) 

ai: state fixed effects  

uit: error term 

j denotes lagged year (j = 0, 1, 2) 

 

Unobserved state-specific heterogeneity is captured by the term ai. Each state has specific 

geographical, socioeconomic, ideological, and political characteristics that can affect residents’ 

electricity consumption patterns. However, the primary objective of this study is to analyze the 

effects of changing policy programs and economic conditions rather than to clarify state 

characteristics that are relatively constant over time. Also, year-specific effects that are common 

across states such as nationwide macroeconomic changes and federal energy efficiency programs 

are captured by the term d20xx.  

I also include lagged variables to analyze the effect of factors or policies in any given year 
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(t) and the year (or several years) before (t-j). To do that, fixed effects estimates may be more 

appropriate than first differencing estimates. However, including lagged variables further reduces 

the number of observations that is already small due to the limitation of available data for policy 

variables. 

It seems reasonable to assume that the conceptual model does not violate the classical 

Ordinary Least Squares assumptions for fixed effects estimators. The first two assumptions are 

surely met, that is, 1) a linear relationship between dependent and independent variables, and 2) 

random sampling. As for the third assumption of no perfect collinearity among independent 

variables, I may see multicollinearity between contemporaneous and lagged variables because 

some variables may not change their values much across the duration of the data set. In a case of 

nearly perfect collinearity, STATA would omit the variable. If the fourth assumption of zero 

conditional mean of the error term is not met, or the model has some omitted variables, 

coefficients will be biased. This may happen because of limitations of the data. However, the 

ACEEE’s data and other data that I will complementarily use are largely comprehensive, as I 

describe below. As for the fifth assumption of homoscedasticity (constant variance in the error 

terms), even if it does not hold, I can correct heteroscedasticity by estimating robust standard 

errors. Thus, although there may be some drawbacks in the model, it will be appropriate to apply 

fixed effects approach with care. 

From the results of the preceding studies and assumption of consumer theory, electricity 

price is expected to be negatively associated, and personal income is likely to be positively 

associated, with electricity consumption. Naturally, both heating degree-days and cooling 

degree-days is expected to have positive correlations with electricity sales; when it is colder or 

hotter, people consume more electricity by using heaters or coolers more. I hypothesize that each 
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of the policy variables, and each of the expenditure variables has negative impacts on electricity 

sales.  

 

4. Data description  

Data for my study come from several sources for the contiguous 48 states and the District 

of Columbia (hereinafter the “states”) for the period 2006 (when ACEEE’s state score was 

initiated) to 2011. I exclude Alaska and Hawaii because data for their heating and cooling 

degree-days are not compiled in the same way as for other states. 

 

Dependent variable 

As my dependent variable, I use residential electricity sales per capita in each state. 

Analyzing changes in electricity sales gives more accurate results than looking at the energy 

saving estimates reported annually by the EIA because the latter are based on data collected from 

many different sources and tend to be inaccurate. I divide residential electricity sales by state, 

downloaded from the EIA database, by state population estimated by the Census Bureau. 

 

Independent variables 

(1) Economic and contextual variables 

As for independent variables, retail electricity prices for the residential sector are 

downloaded from the EIA database. I converted all monetary values to 2006 dollars using the 

Consumer Price Index for All Urban Consumers from the Bureau of Labor Statistics. Data on per 

capita personal income are from the personal income summary by the Department of Commerce. 

I adjust the income data for inflation in the same way as the electricity price data. Data on 
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heating degree-days and cooling degree-days compiled by the National Oceanic and 

Atmospheric Administration are downloaded from the EIA database. These data are weighted by 

the population in 2000 by state and aggregated into multi-state census regions. Data for the 

Pacific region exclude Alaska and Hawaii. Arimura et al. (2011) point out that while more than 

99 percent of building cooling is powered by electricity, quite a large proportion of space heating 

is powered by other fuels such as natural gas. Thus, I adjust the heating degree-days, using the 

share of electricity in space heating, derived from data compiled by the EIA’s Residential Energy 

Consumption survey in 2009. 

 

(2) Policy variables from ACEEE’s state energy efficiency scorecards 

My policy variables are derived from ACEEE’s state energy efficiency scorecards reported 

for 2006, 2008, 2009, 2010, and 2011. ACEEE did not report state scores for 2007. Thus, when it 

is possible (as in the case of energy efficiency resource standards), I use values assumed from the 

data of 2006 and 2008 and the date of the program enactment. In other cases, I use the average of 

the values of 2006 and 2008, as Boadu (2012) did. Among the ACEEE’s eight policy categories, 

I choose four variables that are closely related to residential electricity consumption: 1) Energy 

efficiency resource standards, 2) Residential building energy codes, 3) Appliance energy 

standards, and 4) Financial and information incentive programs. These variables are described 

below. 

 

(2-1) Energy efficiency resource standards 

Between 2006 and later years (2008, 2009, 2010, and 2011), ACEEE changed its 

criteria for grading states. For the 2006 report, it scored based on the status of implementation 
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of programs; that is, whether states had an EERS that was in full operation, had announced an 

EERS that was not yet fully effective, or did not have binding targets, or had no plans for an 

EERS. For the later reports, ACEEE gave a maximum score of 4 to states whose percent 

savings target or current level of savings met was 1.5% or greater, a score of 3 to states with 

1-1.49% targets, a score of 2 to states with 0.5-0.99% targets, a score of 1 to states with 

0.1-0.49% targets, and zero score to states with less than 0.1% saving targets.  

Also, ACEEE gives states 1 more point if they have already met or exceeded the targets 

or they have targets for both electricity and natural gas. States lose one point if the policy is 

still pending, has not yet been implemented, or is not binding, and therefore allows some way 

to avoid meeting targets or cost caps to limit a spending.  

To analyze policy effects in a state fixed effect model, I use scores for the period 2008 

to 2011. For 2006 and 2007, I use scores inferred by the same criteria as in the other years, 

from the level of their targets in 2006 and their 2008 scores. 

One disadvantage of this variable is that it does not distinguish programs for the 

residential sector from those for the industry and commercial sectors. Also, some targets 

include not only electricity reduction targets but also natural gas saving targets, and ACEEE 

does not separate them. Moreover, the scores do not capture various timeframes for achieving 

the targets or compliance levels.   

 

(2-2) Residential building codes 

ACEEE has changed the standards that it uses to grade state building codes every year, 

mostly because of the improvement of the IECC. This means that state scores can be lowered 

without any change or even with a little improvement in their building codes. The best way to 
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address this problem would be to reassign scores based on the level of state codes. However, 

there are no published data on past levels in state codes. Thus I adopt a dummy variable 

indicating whether the state has any residential building codes (yes = 1) or not (no = 0). A 

drawback of this binary variable is that the values do not capture levels of stringency and 

compliance levels. Also, the data do not include codes by localities within states.  

 

(2-3) Appliance efficiency standards 

In its 2006-2009 reports, ACEEE scored states based on the number of their appliance 

standards; for its 2010 and 2011 reports, it based its scoring on the potential savings generated 

through 2030 by appliance standards not presently preempted by federal standards. It also 

changed other criteria for evaluating states during each period. Thus, I cannot adopt its scores 

in my fixed effects model. The only alternative is using a binary dummy variable that 

indicates whether the state had any appliance efficiency standards that were not preempted by 

federal standards. However, I had to compromise here because I cannot capture energy 

savings impacts of federal standards whose number has kept increasing.  

 

(2-4) Financial and information incentive programs 

ACEEE gave states 1 point for each major incentive program (that is, it allocated points 

depending on the strength of the programs and did not assign them to minor programs) and 

capped each score at a maximum of 3 points. For 2006 ACEEE gave points for tax incentive 

programs. Beginning with the 2008 report, it also gave points for home disclosure laws in 

which homeowners are required to disclose information about their homes’ energy efficiency 

when they place their homes on the market.  



 19 

This variable has four drawbacks: 1) as I mentioned above, ACEEE changed the criteria 

between 2006 and later years, 2) the ACEEE scores do not separate residential programs from 

other sector programs and may include programs for industrial, commercial, and transport 

energy efficiency, 3) the scores are aggregations of different types of incentive programs, and 

4) the scores do not capture the amount of incentives or the stringency of incentive eligibility 

rules. 

 

(2-5) Observations that were reported by ACEEE but will not be used in this research 

This study does not use variables that ACEEE says specifically are scores for evaluation 

of transportation, industry, or commercial energy savings. I also drop ACEEE’s score for 

combined heat and power generation because it is for power generators’, not for end-users’ 

energy efficiency. In addition, I do not use the energy efficiency spending scores because the 

ACEEE reports do not distinguish spending on residential electricity efficiency from spending 

on industrial electricity efficiency. Some states might have a good score on efficiency 

spending because they have spent substantial amounts on industrial energy saving, but only a 

little on households. In fact, according to Friedrich, Eldridge, York, Witte, and Kushler (2009), 

state electric efficiency spending on the residential sector varied from 29 percent to 64 percent. 

Also, I do not use EIA’s DSM spending data because the data do not include spending by 

other than utilities. Excluding variables representing program budgets or spending from my 

estimation may cause omitted variable bias in the coefficients because such variables may 

correlate with both of the amount of electricity sales (the dependent variable) and the 

independent variables such as electricity price, income, and policy variables. Thus, instead of 

the ACEEE’s energy efficiency spending scores and EIA’s data, I make use of the data on 
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spending on electricity efficiency programs in states compiled by the Consortium of Energy 

Efficiency (CEE), as I describe below.  

 

(3) Budget variables from CEE’s report 

CEE publishes an annual report, which includes data on energy efficiency program budgets, 

expenditures, and savings for natural gas and electric ratepayer-funded programs of more than 

300 utility and nonutility program administrators in the United States and Canada. Among these 

data, I use budgets for 1) residential, 2) low income, and 3) other electricity efficiency programs, 

and for 4) load management programs (e.g., direct load control, interruptible demand, price 

response) in the U.S. states from 2006 to 2011. “Other programs” do not include programs for 

industrial and commercial electricity efficiency, but do include programs that are not allotted for 

specific sectors. Load management budgets do not distinguish budgets for specific sectors. For 

the models in my study, I adjust the values of the budgets by the inflation rate and then divide 

them by state population to attain the values of budgets per capita. 

Caveats of using these data are that the budget data are a mixture of calendar and fiscal 

years, that the data do not include budgets of some multi-state electricity administrations such as 

Bonneville Power Administration and of most small municipal suppliers, or budgets for most 

low-income weatherization programs, and that the amounts of the budgets may be different from 

the amounts of the actual expenditures. Also, because respondent organizations do not share 

common evaluation practices, terminology, definitions, and reporting requirements about their 

programs, the compiled data may lack consistency. Another problem is that several states miss 

data from some program administrators. 
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(4) Summary statistics 

Table 2 shows the summary statistics of the relevant variables. The number of observations 

of the variables for the contiguous 49 states for the period 2006 to 2011 is 294, except for the 

budget variables, where I have only 231 observations.  

 
Table 2: Summary statistics 

Variable Unit Observations Mean Standard 
Deviation Min Max 

Electricity sales per capita kWh 294 4832.219 1281.82 2336.237 7424.677 

Electricity price cents/kWh 294 10.320 2.752 6.184 19.104 

Personal income  dollars 294 36876.33 6640.931 27917.000 66187.180 

Heating degree-days   294 1250.090 387.004 582.692 2295.838 

Cooling degree-days  294 1391.000 687.609 362.000 3172.000 

Energy efficiency 
resource standards  294 0.947 1.387 0 4 

Building energy codes  294 0.867 0.337 0 1 

Appliance efficiency 
standards  294 0.252 0.433 0 1 

Incentive programs  294 1.001 0.874 0 3 

Residential programs 
budget per capita dollars 231 3.403 3.931 0 41.405 

Low-income programs 
budget per capita dollars 231 0.942 1.140 0 4.966 

Other programs budget 
per capita dollars 231 1.070 1.577 0 11.096 

Load management budget 
per capita dollars 231 2.175 3.416 0 18.130 

 

Tables 3 and 4 respectively show the correlations and the pairwise correlations between all 

of the variables. While a correlation uses only samples with complete data, a pairwise correlation 

uses as many observations as possible, deleting only missing values. In neither table, I observe 

any perfect collinearity or very strong multicollinearity among the independent variables. The 

largest values of correlation (observed between heating degree-days and cooling degree-days in 

Tables 3 and 4, and electricity price and low-income program budgets in Table 4) are smaller 

than 0.71. 
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Table 3: Correlations (Observations = 231) 
 

 

Electricity 
sales 

Electricity 
price 

Personal 
income 

Heating 
degree-days 

Cooling 
degree-days 

EERS Building 
codes 

Appliance 
standards 

Incentive 
programs 

Residential 
programs 

Low 
income 
programs 

Other 
programs 

Electricity 
sales  1            

Electricity 
price -0.6489 1           

Personal 
income -0.4725 0.6087 1          

Heating 
degree-days 0.702 -0.5805 -0.4869 1         

Cooling 
degree-days 0.6257 -0.4032 -0.3198 0.7072 1        

EERS -0.435 0.3445 0.2886 -0.3253 -0.2705 1       

Building 
codes -0.2189 0.1749 0.0417 -0.1488 0.0231 0.2759 1      

Appliance 
standards -0.3752 0.5082 0.5215 -0.4274 -0.3076 0.3244 0.204 1     

Incentive 
programs -0.1298 0.1338 0.1077 -0.1291 -0.1047 0.4029 0.2011 0.2717 1    

Residential 
programs -0.3222 0.4096 0.2812 -0.3714 -0.3071 0.3675 0.2081 0.4416 0.2321 1   

Low-income 
programs -0.565 0.6408 0.3982 -0.5671 -0.4091 0.3571 0.188 0.4837 0.1707 0.5367 1  

Other 
programs -0.2077 0.2582 0.0885 -0.2127 -0.1974 0.2801 0.1586 0.1346 0.1787 0.324 0.4322 1 

Load 
management  0.1694 -0.0654 -0.0938 0.3152 0.2061 0.0759 0.0853 -0.082 0.0249 0.0933 -0.0699 0.1648 

 
 
Table 4: Pairwise correlations 
 

 

Electricity 
sales 

Electricity 
price 

Personal 
income 

Heating 
degree-days 

Cooling 
degree-days 

EERS Building 
codes 

Appliance 
standards 

Incentive 
programs 

Residential 
programs 

Low 
income 
programs 

Other 
programs 

Electricity 
sales  1            

Electricity 
price -0.6545 1           

Personal 
income -0.4931 0.543 1          

Heating 
degree-days 0.6519 -0.5129 -0.3444 1         

Cooling 
degree-days 0.6184 -0.377 -0.2084 0.6653 1        

EERS -0.4622 0.3853 0.2205 -0.3406 -0.3218 1       

Building 
codes -0.255 0.2005 0.094 -0.1688 0.073 0.2695 1      

Appliance 
standards -0.4387 0.5311 0.5035 -0.3957 -0.3182 0.3547 0.2062 1     

Incentive 
programs -0.2021 0.2025 0.1738 -0.1238 -0.0965 0.3939 0.2579 0.2779 1    

Residential 
programs -0.3222 0.4096 0.2812 -0.3714 -0.3071 0.3675 0.2081 0.4416 0.2321 1   

Low-income 
programs -0.565 0.6408 0.3982 -0.5671 -0.4091 0.3571 0.188 0.4837 0.1707 0.5367 1  

Other 
programs -0.2077 0.2582 0.0885 -0.2127 -0.1974 0.2801 0.1586 0.1346 0.1787 0.324 0.4322 1 

Load 
management  0.1694 -0.0654 -0.0938 0.3152 0.2061 0.0759 0.0853 -0.082 0.0249 0.0933 -0.0699 0.1648 
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Most of the signs of the correlation values are not a surprise. For example, electricity sales 

per capita are negatively associated with electricity prices with a correlation of -0.65. Electricity 

sales positively correlate with adjusted heating degree-days and cooling degree-days with a 

correlation of 0.7 and 0.6, respectively. Each of the policy variables is negatively associated with 

electricity sales. Among the budget variables, three variables except for load management 

expenditure are negatively correlated with electricity sales. One might think that the positive 

correlation between heating degree-days and cooling degree-days is not appropriate. However, 

this correlation might be due to the adjustment in my data of heating degree-days by the share of 

electricity in space heating. In the regions where air-conditioners are frequently used for cooling, 

they may also be used for space heating. Meanwhile, the correlation between original heating 

degree-days (before adjustment by electricity share of space heating) and cooling degree-days is 

unsurprisingly negative with the value of -0.8245. However, the negative correlation between 

electricity sales and personal income is unexpected. As I described above, preceding studies 

show income effects on electricity consumption in which people consume more electricity when 

they increase their income.  

Figure 1 shows the trends of average state residential electricity sales per capita, real 

residential electricity price, and real personal income from 2006 to 2011.  
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Fig 1: Average state electricity sales per capita, electricity price, and personal income – 2006-2011 
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5. Results 

Table 5 shows the results of three fixed effects models (Model 1 to 3) that do not include 

budget variables, and three fixed effects models (Model 4 to 6) that do include budget variables. 

Model 1 and Model 4 include estimators of only the contemporaneous variables. Model 2 and 

Model 5 include not only the contemporaneous variables, but also one-year lagged variables. For 

heating degree-days and cooling degree-days, I do not include lagged variables because these 

degree-days are likely to more directly and promptly, rather than indirectly, affect electricity 

consumption by increasing operating time of electric heaters and coolers. Model 3 and Model 6 

include two-year lagged variables.  
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Table 5: Fixed effects estimators  
 Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 
Intercept 3.929*** 4.193*** 5.910*** 5.251*** 4.346*** 5.815*** 
 (0.520) (0.477) (0.866) (1.307) (1.338) (1.889) 
Economic and contextual variables       

Log of electricity price -0.0591** -0.0434 -0.0523 -0.0270 0.00292 -0.0449 
 (0.0240) (0.0331) (0.0363) (0.0343) (0.0468) (0.0563) 
Log of personal income 0.416*** 0.0974 -0.0759 0.279** 0.134 0.0191 
 (0.0494) (0.0878) (0.122) (0.122) (0.0902) (0.106) 
Heating degree-days 0.000118*** 0.000145*** 0.000165*** 0.000118*** 0.000130*** 0.000148*** 
 (1.39e-05) (1.48e-05) (1.82e-05) (1.89e-05) (2.17e-05) (2.90e-05) 
Cooling degree-days 9.27e-05*** 9.11e-05*** 0.000109*** 0.000104*** 0.000108*** 0.000136*** 
 (1.44e-05) (1.56e-05) (1.53e-05) (1.68e-05) (1.93e-05) (2.08e-05) 

Policy variables       
EERS  -0.00121 -0.00388*** -0.00357** -0.000294 -0.00396** -0.00189 
 (0.00130) (0.00125) (0.00148) (0.00143) (0.00164) (0.00205) 
Building codes 0.00117 0.00312 0.00207 0.00346 0.00549 0.00384 
 (0.00807) (0.00990) (0.00936) (0.00647) (0.00930) (0.0109) 
Appliance standards 0.000431 0.0216*** 0.0201** 0.000347 0.0189* 0.0116 
 (0.00758) (0.00629) (0.00810) (0.00778) (0.00942) (0.0122) 
Incentive programs 0.00232 0.00533* 0.00635* 0.00150 0.00435 0.00612 

 (0.00281) (0.00281) (0.00341) (0.00390) (0.00391) (0.00432) 
Budget variables        

Residential program budgets    -0.000252 -0.000432 1.94e-05 
    (0.000287) (0.000318) (0.000365) 
Low income program budgets    0.00154 0.00289 -0.00124 
    (0.00243) (0.00279) (0.00307) 
Other program budgets    -0.00138 -0.00154 -0.000454 
    (0.00135) (0.00111) (0.00130) 
Load management budgets    -0.000813 -0.000739 -0.00268** 
    (0.00104) (0.000929) (0.00101) 

One-year lagged economic variables       
Log of electricity price  -0.0801*** -0.0470  -0.0413 0.0655 
  (0.0288) (0.0328)  (0.0339) (0.0549) 
Log of personal income  0.306*** 0.279**  0.233** 0.155 

  (0.101) (0.127)  (0.114) (0.152) 
One-year lagged policy variables       

EERS   0.00312** 0.00290**  0.00435** 0.00317 
  (0.00134) (0.00140)  (0.00183) (0.00209) 
Building codes  -0.00567 -0.00256  -0.00493 0.00642 
  (0.00699) (0.00424)  (0.00748) (0.00760) 
Appliance standards  -0.0272*** -0.0205**  -0.0194*** -0.0100 
  (0.00617) (0.00818)  (0.00701) (0.00986) 
Incentive programs  -0.00102 0.00481  -0.00304 0.00286 

  (0.00322) (0.00385)  (0.00372) (0.00422) 
One-year lagged budget variables       

Residential program budgets     -0.000354 2.64e-05 
     (0.000379) (0.000379) 
Low income program budgets     -0.000217 0.00314 
     (0.00345) (0.00391) 
Other program budgets     0.00122 -0.000356 
     (0.00123) (0.00157) 
Load management budgets     -0.00180*** -0.00231*** 
     (0.000545) (0.000638) 

Two-year lagged economic variables       
Log of electricity price   0.0187   0.0568 
   (0.0427)   (0.0401) 
Log of personal income   0.0218   0.0198 

   (0.103)   (0.143) 
Two-year lagged policy variables       

EERS    0.000675   0.000810 
   (0.00279)   (0.00312) 
Building codes   -0.0119   -0.00316 
   (0.0111)   (0.00794) 
Appliance standards   5.64e-05   -0.00379 
   (0.00765)   (0.00777) 
Incentive programs   -0.00438   -0.00804 

   (0.00290)   (0.00546) 
Two-year lagged budget variables       

Residential program budgets      -0.000596 
      (0.00157) 
Low income program budgets      0.00314 
      (0.00452) 
Other program budgets      -0.00194 
      (0.00278) 
Load management budgets      0.000991 
      (0.00134) 

Year fixed effects       
2007.year 0.00750**   0.0106**   
 (0.00356)   (0.00421)   
2008.year -0.00586 -0.0194***  -0.00243 -0.0158***  
 (0.00475) (0.00440)  (0.00623) (0.00548)  
2009.year 0.000928 -0.0287*** -0.0188*** -0.00110 -0.0222** -0.0123 
 (0.00555) (0.00798) (0.00640) (0.00860) (0.00910) (0.00778) 
2010.year 0.0119 0.00254 0.00482 0.00741 0.00222 -0.00392 
 (0.00718) (0.00581) (0.0102) (0.0107) (0.0115) (0.0163) 
2011.year -0.00458 -0.0118* -0.00421 -0.00640 -0.0113 -0.0129 
 (0.00740) (0.00666) (0.00827) (0.0110) (0.0119) (0.0157) 

Observations 294 245 196 231 182 139 
R-squared 0.667 0.744 0.783 0.653 0.745 0.804 
Number of state 49 49 49 48 43 43 

Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1. 
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(1) Economic and contextual variables 

(1-1) Electricity price 

In Model 1, the natural log of residential electricity price and the natural log of 

electricity sales per capita for the current year show a negative association at the 5 percent 

significance level. The estimate means that a 1 percent increase in electricity price is 

associated with a 0.059 percent decline in electricity sales per capita. When including lagged 

variables in Model 2, while the coefficient of contemporaneous price is not statistically 

significant, the lagged electricity price has a negative association with electricity sales: a 1 

percent increase in electricity price the year before is associated with a 0.080 percent 

reduction in electricity sales in the present year, at the 1 percent significance level. The 

magnitudes of these coefficients are relatively smaller than those reported in previous studies 

(noted in Table 1). The coefficients of the other contemporaneous and lagged electricity price 

variables are not statistically significant.  

 

(1-2) Personal income 

In Models 1 and 4, the natural log of personal income shows a statistically significant, 

positive association with the natural log of electricity sales. In Model 1, a 1 percent increase 

in personal income is associated with a 0.42 percent increase in electricity sales. In Model 4, a 

1 percent increase in personal income is associated with a 0.28 percent increase in electricity 

sales. In Models 2 and 5 that include one-year lagged variables, the one-year lagged personal 

income is positively associated with electricity sales at a statistically significant level: the 

coefficients, respectively, are 0.31 and 0.23. However, the contemporaneous personal income 

variable does not have a statistically significant association with electricity sales. In Model 3 
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that includes two-year lagged variables, the one-year lagged personal income variable is also 

positively associated with electricity sales, with the coefficient of 0.28. The coefficients of the 

contemporaneous and two-year lagged income variables are not statistically significant. The 

magnitude of the statistically significant coefficients is nearly the same level or a little larger 

than that reported by previous studies (Table 1). 

 

(1-3) Heating degree-days and cooling degree-days 

Both heating degree-days and cooling degree-days are positively associated with the log 

of electricity sales at the 1 percent significance level. A 1 point increase in heating 

degree-days and in cooling degree-days is associated with increases in electricity sales of 

approximately 0.012 to 0.017 percent and approximately 0.0091 to 0.014 percent, 

respectively.  

 

(2) Policy variables 

(2-1) Energy efficiency resource standards 

In Model 2 that includes one-year lagged variables, the contemporaneous EERS score is 

negatively associated with electricity sales: the coefficient is -0.0039. The one-year lagged 

EERS score is positively associated with electricity sales: the coefficient is 0.0031. These 

coefficients have opposite signs, but have the almost same magnitude. When I test the 

hypothesis that the absolute values of these coefficients are equal, I cannot reject it (the 

p-value is 0.74). Meanwhile, I can reject the hypothesis that both the contemporaneous and 

one-year lagged coefficients are equal to zero (the p-value is 0.006). Model 3 that includes 

two-year lags and Model 5 that adds budget variables onto Model 2 show a similar result to 
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the result of Model 2: the coefficients of the contemporaneous EERS and of the one-year 

lagged EERS variables are -0.0036 and 0.0029 in Model 3, and -0.0040 and 0.0044 in Model 

5. Thus, a one point increase in EERS score for the year is associated with a 0.4 percent 

decline in electricity sales per capita, and a one point increase in EERS score for the year 

before is associated with 0.3 to 0.4 percent more electricity sales per capita. A one point 

increase in EERS score means that the state’s energy saving target or current level of savings 

improved to a higher level classified by ACEEE, it met or exceeded the targets, it included 

additional targets for electricity or natural gas, or it withdrew a pending or unbinding version 

of the policy in that year. 

 

(2-2) Building codes 

Building code variables do not have statistically significant impacts on electricity sales 

in any of my models. 

 

(2-3) Appliance efficiency standards 

In Model 2, 3, and 5, the contemporaneous variables of appliance standards are 

positively associated with electricity sales (the coefficients are 0.022 in Model 2, 0.020 in 

Model 3, and 0.019 in Model 5). Meanwhile, the one-year lagged variables of appliance 

standards are negatively associated with electricity sales (the coefficients are -0.027 in Model 

2, -0.021 in Model 3, and -0.019 in Model 5). I cannot reject the hypothesis that the absolute 

values of the coefficients of the contemporaneous and one-year lagged appliance standards 

variables are equal, while I can reject the hypothesis that both of the contemporaneous and 

one-year lagged coefficients are equal to zero. In Model 3, the coefficient of the two-year 
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lagged appliance standards variable is not statistically significant. Thus, the presence of 

appliance standards that are not preempted by the federal standard is associated with an 

increase in electricity sales for the same year of about 2 percent and associated with a 

decrease in electricity sales in the year after of about 2 to 3 percent. 

 

(2-4) Financial and information incentives 

In Models 2 and 3, the coefficients of contemporaneous incentive programs variables 

are positively associated with electricity sales (the coefficients are 0.0053 and 0.0064). Thus, 

a one point increase, which means that a state adopts one more major incentive program, is 

associated with increases in electricity sales of about 0.53 percent and 0.64 percent, 

respectively, at the 10 percent significance level. Other coefficients of the contemporaneous 

and lagged variables are not statistically significant.  

 

(3) Budget variables 

Among budget variables, only load management budget shows statistically significant 

association with electricity sales. In Model 6, a 1 dollar increase in the contemporaneous load 

management budget is associated with 0.27 percent less electricity sales. Also, a 1 dollar increase 

in the one-year lagged load management budget is associated with a reduction in electricity sales 

of 0.18 percent in Model 5 and 0.23 percent in Model 6. 

 

(4) Year fixed effects 

The time fixed effect terms of the year 2007 are positively associated with electricity sales, 

with coefficients of 0.0075 and 0.011, in Models 1 and 4 respectively. The year 2008 fixed effect 
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term is negatively associated with electricity sales, with coefficients of -0.019 and -0.016, in 

Models 2 and 3 respectively. The year 2009 fixed effect term is negatively associated with 

electricity sales ,with coefficients of -0.029, -0.019, and -0.022, in Models 2, 3, and 5, 

respectively. 

 

(5) Fixed effects models with natural log of budget variables 

When the range of the variable is broad, in the cases of variables of dollar amounts, taking 

the natural log is useful and more popular than using the original form. In Models 7 to 9 (see 

Table 6), I take the natural log of budget amounts. However, in Models 7 to 9, the number of 

observations is considerably decreased because taking the log of budget required dropping my 

original zero values. That means that the estimators in Models 7, 8, and 9 only represent effects 

of budget programs in the states where all the four programs had budget amounts of more than 

zero in at least two years during the period 2006 to 2011.  

Dropping observations made variation between the contemporaneous and lagged variables 

smaller, and required omissions of some of the variables because of nearly perfect collinearity. In 

Models 8 and 9, some variables for appliance standards are omitted, except for one of the lagged 

variables. In Model 9, the contemporaneous and two-year lagged building code variables are 

omitted, and only the one-year lagged building code variable is left.  

Despite the limited number of states and small number of observations, the general trends 

of effects of the economic and contextual factors and most policy variables in Models 7 to 9 are 

consistent with those in Model 4 to 6. However, the coefficients of the budget variables in 

Models 7 to 9 are different from those in Models 4 to 6, although the magnitudes are small in any 

case. Although residential budgets do not show statistically significant effects in Models 4 to 6, 
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one-year lagged residential budgets in Model 8 and two-year lagged residential budgets in Model 

9 have a statistically significant, positive association with electricity sales, with the coefficients 

of 0.017 and 0.023, respectively. Similarly, contemporaneous low-income budget in Model 8 and 

one-year lagged low-income budget in Model 9 show positive associations with the coefficients 

of 0.011 and 0.0084, respectively, while one-year lag in Model 8 and two-year lag in Model 9 

have negative associations, with coefficients of -0.0047 and -0.012, respectively. One-year 

lagged load management budgets that have negative associations with electricity sales in Models 

5 and 6 are not associated with electricity sales at a statistically significance level in Models 8 

and 9. In Model 9 the two-year lagged load management budget variable is negatively associated 

with electricity sales, with coefficient of 0.0095. In Model 7 and 8, the contemporaneous load 

management budget variable is positively associated with electricity sales, with coefficients of 

0.0066 and 0.010, respectively. 
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Table 6: Fixed effects estimators, using models with natural log of budget amounts (Model 7 to 9) 
 (Model 1) (Model 2) (Model 3) Model 7 Model 8 Model 9 
Intercept 3.929*** 4.193*** 5.910*** 2.376* 4.589** 0.0764 
 (0.520) (0.477) (0.866) (1.309) (1.776) (2.061) 
Economic and contextual variables       

Log of electricity price -0.0591** -0.0434 -0.0523 0.0725 0.0619 -0.0350 
 (0.0240) (0.0331) (0.0363) (0.0439) (0.0466) (0.0757) 
Log of personal income 0.416*** 0.0974 -0.0759 0.523*** -0.0750 -0.344 
 (0.0494) (0.0878) (0.122) (0.121) (0.196) (0.210) 
Heating degree-days 0.000118*** 0.000145*** 0.000165*** 0.000166*** 0.000184*** 0.000235** 
 (1.39e-05) (1.48e-05) (1.82e-05) (1.92e-05) (2.61e-05) (9.36e-05) 
Cooling degree-days 9.27e-05*** 9.11e-05*** 0.000109*** 0.000126*** 0.000120*** 0.000117*** 
 (1.44e-05) (1.56e-05) (1.53e-05) (1.73e-05) (1.92e-05) (1.92e-05) 

Policy variables       
EERS  -0.00121 -0.00388*** -0.00357** -0.00151 -0.00282 -0.00760*** 
 (0.00130) (0.00125) (0.00148) (0.00199) (0.00195) (0.00209) 
Building codes 0.00117 0.00312 0.00207 0.00103 -0.00542 Omitted 
 (0.00807) (0.00990) (0.00936) (0.00730) (0.00923)  
Appliance standards 0.000431 0.0216*** 0.0201** 0.0156 Omitted Omitted 
 (0.00758) (0.00629) (0.00810) (0.0125)   
Incentive programs 0.00232 0.00533* 0.00635* -0.000539 0.00187 -0.00730 

 (0.00281) (0.00281) (0.00341) (0.00442) (0.00633) (0.0140) 
Budget variables       

Log of residential program budgets    0.00272 0.000125 -0.000918 
    (0.00440) (0.00600) (0.0144) 
Log of low income program budgets    0.00241 0.0111** 0.00452 
    (0.00223) (0.00459) (0.00547) 
Log of other program budgets    -0.00244 -0.00474* 0.00541 
    (0.00190) (0.00267) (0.00546) 
Log of load management budgets    0.00655*** 0.0104*** 0.00303 
    (0.00224) (0.00311) (0.0130) 

One-year lagged economic variables       
Log of electricity price  -0.0801*** -0.0470  -0.124* 0.00532 
  (0.0288) (0.0328)  (0.0625) (0.0588) 
Log of personal income  0.306*** 0.279**  0.414* 0.798** 

  (0.101) (0.127)  (0.236) (0.308) 
One-year lagged policy variables       

EERS   0.00312** 0.00290**  0.00263 0.00683* 
  (0.00134) (0.00140)  (0.00242) (0.00354) 
Building codes  -0.00567 -0.00256  0.00618 0.0885* 
  (0.00699) (0.00424)  (0.00841) (0.0501) 
Appliance standards  -0.0272*** -0.0205**  -0.0134 Omitted 
  (0.00617) (0.00818)  (0.0189)  
Incentive programs  -0.00102 0.00481  0.00826* -0.000221 

  (0.00322) (0.00385)  (0.00455) (0.0110) 
One-year lagged budget variables       

Log of residential program budgets     0.0170*** 0.000507 
     (0.00428) (0.00947) 
Log of low-income program budgets     -0.00671*** 0.00841** 
     (0.00223) (0.00401) 
Log of other program budgets     0.00107 -0.0117 
     (0.00152) (0.00703) 
Log of load management budgets     0.00286 -0.00640 
     (0.00198) (0.00597) 

Two-year lagged economic variables       
Log of electricity price   0.0187   0.0339 
   (0.0427)   (0.0919) 
Log of personal income   0.0218   0.282 

   (0.103)   (0.389) 
Two-year lagged policy variables       

EERS    0.000675   -0.00587 
   (0.00279)   (0.00699) 
Building codes   -0.0119   Omitted 
   (0.0111)    
Appliance standards   5.64e-05   0.0607 
   (0.00765)   (0.0471) 
Incentive programs   -0.00438   -0.00341 

   (0.00290)   (0.00558) 
Two-year lagged budget variables       

Log of residential program budgets      0.0234** 
      (0.0113) 
Log of low-income program budgets      -0.0121*** 
      (0.00371) 
Log of other program budgets      -0.00378 
      (0.00432) 
Log of load management budgets      -0.00951** 
      (0.00338) 

Year fixed effects       
2007.year 0.00750**   -0.0107*   
 (0.00356)   (0.00533)   
2008.year -0.00586 -0.0194***  -0.0227** -0.0186**  
 (0.00475) (0.00440)  (0.00929) (0.00788)  
2009.year 0.000928 -0.0287*** -0.0188*** -0.0136 -0.0491*** -0.0342** 
 (0.00555) (0.00798) (0.00640) (0.00830) (0.0161) (0.0140) 
2010.year 0.0119 0.00254 0.00482 -0.0157 -0.0314** 0.00806 
 (0.00718) (0.00581) (0.0102) (0.0114) (0.0113) (0.0141) 
2011.year -0.00458 -0.0118* -0.00421 -0.0259*** -0.0394*** 0.0330 
 (0.00740) (0.00666) (0.00827) (0.00937) (0.0103) (0.0202) 

Observations 294 245 196 120 84 57 
R-squared 0.667 0.744 0.783 0.786 0.901 0.977 
Number of state 49 49 49 34 26 23 

Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1. 
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(6) Interaction effects  

Given the mixed factors behind inefficient use of electricity, a combination of several 

kinds of programs for electricity efficiency would be more effective than one independent 

program. Thus, I estimate the combined effects of electricity price, personal income, and each of 

policy programs. When I include all the possible interaction terms between these variables, many 

of them are omitted possibly because of nearly perfect collinearity (results not shown). Then, I 

only include interaction terms between the contemporaneous policy variables and the one-year 

lagged price, income, and policy variables.  

Table 7 shows the result. Interestingly, while the one-year lagged income is positively 

associated (with coefficient of 0.37), the one year-lagged incentive programs is negatively 

associated (with coefficient of -0.525), and the interaction between income and incentive 

programs is positively associated with electricity sales (with coefficient of 0.050). This implies 

that although income increases have positive impacts on electricity sales, incentive programs to 

address electricity efficiency may restrain the increase in electricity sales.  

The coefficients of EERS are difficult to interpret. The one-year lagged EERS is 

positively associated with electricity sales. The signs of the coefficients of the interactions 

between one-year lagged electricity price and EERS, and between one-year lagged personal 

income and EERS are respectively positive and negative, and are opposite to that of the 

coefficients of one-year lagged price and income themselves. These results might imply that a 

strengthening of EERS promotes residential electricity consumption a year later, even with an 

increase in electricity price and a decrease in personal income. However, it is not possible to 

make a clear interpretation because only a few coefficients are statistically significant, and 

budget variables are omitted in these models.  
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Table 7: Fixed effects estimators, using a model with interaction terms 
 Model 10 
Intercept 3.657*** 
 (0.644) 
Economic and contextual variables  

Log of electricity price -0.0326 
 (0.0313) 
Log of personal income 0.0680 
 (0.0999) 
Heating degree-days 0.000141*** 
 (1.42e-05) 
Cooling degree-days 9.57e-05*** 

 (1.60e-05) 
Policy variables  

EERS  0.000879 
 (0.00222) 
Building codes 0.0193 
 (0.0146) 
Appliance standards 0.0115 
 (0.0188) 
Incentive programs 0.0227* 

 (0.0120) 
Interactions  

EERS-Appliance -0.00103 
 (0.00192) 
EERS-Building Omitted 
  
EERS-Incentive -0.00193* 
 (0.000993) 
Building-Appliance -0.00112 
 (0.0161) 
Building-Incentive -0.0167 
 (0.0113) 
Appliance-Incentive 0.00557 
 (0.00453) 

One-year lagged economic variables  
Log of electricity price -0.0297 
 (0.0457) 
Log of personal income 0.373*** 
 (0.108) 

One-year lagged policy variables  
EERS  0.247* 
 (0.143) 
Building codes 1.713 
 (1.326) 
Appliance standards -0.627 
 (0.563) 
Incentive programs -0.525*** 
 (0.181) 

One-year lagged interactions  
Price-EERS 0.0132* 
 (0.00761) 
Price-Building -0.0369 
 (0.0363) 
Price-Appliance -0.0367 
 (0.0321) 
Price-Incentive -0.000114 
 (0.0137) 
Income-EERS -0.0262* 
 (0.0147) 
Income-Building -0.157 
 (0.130) 
Income-Appliance 0.0658 
 (0.0516) 
Income-Incentive 0.0504*** 
 (0.0166) 
EERS-Building Omitted 
  
EERS-Appliance 0.00114 
 (0.00291) 
EERS-Incentive -0.000224 
 (0.00117) 
Building-Appliance 0.0110 
 (0.0153) 
Building-Incentive -0.00561 
 (0.00772) 
Appliance-Incentive -0.00662 
 (0.00769) 

Year fixed effects  
2008.year -0.0180*** 
 (0.00516) 
2009.year -0.0302*** 
 (0.00873) 
2010.year -0.00146 
 (0.00644) 
2011.year -0.0162** 
 (0.00767) 

Observations 245 
Number of state 49 
R-squared 0.779 

Robust standard errors in parentheses 
*** p<0.01, ** p<0.05, * p<0.1  
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(7) Pooled ordinary least square models 

Table 8 shows the estimators of my pooled ordinary least squares (OLS) models. The 

direction of the statistically significant coefficients of electricity price and degree-days are the 

same as those seen in the fixed effects models. In Models 11 and 14, electricity price shows a 

negative and statistically significant association with electricity sales. The magnitude of the 

coefficients is six times larger than the magnitude shown in Model 1. Both heating degree-days 

and cooling degree-days have positive relationships with electricity sales, as seen in the fixed 

effects models.  

Meanwhile, the negative association of the one statistically significant coefficient, for 

personal income, is opposite to the positive association shown in the fixed effects models. Other 

statistically insignificant coefficients also show mixed directions. The mixed and inconsistent 

results of the income variables in the OLS models compared with those in the fixed effects 

models may imply the existence of omitted variables of state characteristics in the OLS models 

in which state fix effects are not controlled. For example, while an increase in personal income is 

likely to increase electricity sales as shown in the fixed effects models, wealthier people or 

people in wealthier states may tend to consume electricity less or more efficiently for some 

reasons (e.g., more knowledge and capacity to adopt more efficient appliances and buildings, 

more use of substitutes such as natural gas, or less time spent at home, but more time at 

workplace).  

It is also interesting that, in some models, the contemporaneous EERS and building code 

variables are negatively associated with electricity sales at statistically significance levels. These 

results may imply that people in the states that have more stringent EERS or building codes 

consume less electricity, or on the contrary, states with people who consume less electricity may 
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tend to set stricter EERS and building codes than other states. If it is the case, endogeneity of the 

policy variables would bias the coefficients. Most of my other policy variables do not have 

statistically significant relationships with electricity sales.  
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Table 8: Simple OLS estimators  

 Model 11 Model 12 Model 13 Model 14 Model 15 Model 16 
Intercept 11.79*** 11.76*** 11.56*** 9.450*** 8.762*** 7.850*** 
 (0.776) (0.868) (1.027) (1.043) (1.300) (1.655) 
Economic and contextual variables       

Log of electricity price -0.413*** -0.218 -0.215 -0.380*** -0.183 -0.339 
 (0.0524) (0.220) (0.261) (0.0636) (0.289) (0.393) 
Log of personal income -0.247*** 0.117 0.116 -0.0364 0.465 0.376 
 (0.0761) (0.349) (0.379) (0.101) (0.434) (0.504) 
Heating degree-days 9.74e-05*** 8.32e-05* 9.00e-05* 0.000127** 0.000126** 0.000137* 
 (3.75e-05) (4.27e-05) (4.72e-05) (5.04e-05) (6.02e-05) (7.34e-05) 
Cooling degree-days 0.000140*** 0.000146*** 0.000144*** 0.000126*** 0.000135*** 0.000130*** 
 (2.00e-05) (2.30e-05) (2.57e-05) (2.48e-05) (2.93e-05) (3.72e-05) 

Policy variables       
EERS  -0.0203** -0.0268* -0.0285** -0.0292*** -0.0282* -0.0273 
 (0.00848) (0.0137) (0.0144) (0.00931) (0.0157) (0.0175) 
Building codes -0.123*** -0.0230 -0.0179 -0.0939** 0.0206 0.0283 
 (0.0321) (0.0625) (0.0667) (0.0387) (0.0684) (0.0791) 
Appliance standards 0.00848 -0.0482 -0.0274 0.0227 -0.00342 -0.00700 
 (0.0285) (0.0762) (0.0811) (0.0321) (0.0833) (0.0890) 
Incentive programs 0.0120 0.0446** 0.0320 0.0190 0.0395 0.0316 

 (0.0124) (0.0225) (0.0249) (0.0140) (0.0270) (0.0305) 
Budget variables       

Residential program budgets    0.00757** 0.00739* 0.00491 
    (0.00358) (0.00408) (0.00499) 
Low income program budgets    -0.0440*** -0.0302 -0.0204 
    (0.0151) (0.0212) (0.0268) 
Other program budgets    0.00654 0.00655 0.0151 
    (0.00818) (0.00969) (0.0110) 
Load management budgets    0.00124 0.00176 -0.00320 
    (0.00363) (0.00611) (0.00772) 

One-year lagged economic variables       
Log of electricity price  -0.213 -0.190  -0.175 -0.116 
  (0.210) (0.327)  (0.280) (0.461) 
Log of personal income  -0.357 -0.0842  -0.444 0.0710 
  (0.357) (0.502)  (0.436) (0.649) 

One-year lagged policy variables       
EERS   0.000624 0.000231  -0.0109 -0.00984 
  (0.0147) (0.0184)  (0.0179) (0.0230) 
Building codes  -0.110* -0.0495  -0.0866 -0.00583 
  (0.0605) (0.0864)  (0.0638) (0.0910) 
Appliance standards  0.0705 -0.0669  0.0442 -0.0148 
  (0.0776) (0.121)  (0.0879) (0.142) 
Incentive programs  -0.0253 0.0221  -0.0216 0.0467 

  (0.0224) (0.0336)  (0.0270) (0.0412) 
One-year lagged budget variables       

Residential program budgets     0.00468 0.00372 
     (0.00423) (0.00512) 
Low income program budgets     -0.0335 -0.0308 
     (0.0244) (0.0347) 
Other program budgets     0.00686 0.0163 
     (0.0112) (0.0146) 
Load management budgets     -0.00292 -0.00309 
     (0.00698) (0.00875) 

Two-year lagged economic variables       
Log of electricity price   -0.0362   0.0923 
   (0.232)   (0.333) 
Log of personal income   -0.251   -0.341 

   (0.381)   (0.487) 
Two-year lagged policy variables       

EERS    -0.00884   -0.0248 
   (0.0159)   (0.0207) 
Building codes   -0.0707   -0.0701 
   (0.0789)   (0.0867) 
Appliance standards   0.129   0.0715 
   (0.0881)   (0.111) 
Incentive programs   -0.0257   -0.0524 

   (0.0249)   (0.0335) 
Two-year lagged budget variables       

Residential program budgets      0.00934 
      (0.0101) 
Low income program budgets      -0.0342 
      (0.0370) 
Other program budgets      -0.00226 
      (0.0148) 
Load management budgets      0.00397 
      (0.0105) 

       
Observations 294 245 196 231 182 139 
R-squared 0.670 0.692 0.710 0.668 0.700 0.725 

Standard errors in parentheses 
*** p<0.01, ** p<0.05, * p<0.1 
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6. Discussion 

The objective of this paper is to jointly estimate effects of economic and contextual factors 

and policy programs on residential electricity sales per capita in U.S. states. The empirical results, 

using the data for 49 states for the period 2006 to 2011, suggest that economic factors affect 

electricity sales promptly or some time later. An increase in electricity price seems to have a 

slight and negative effect on residential electricity sales per capita, an increase in personal 

income seems to have a positive effect, and an increase in heating and cooling degree-days has a 

positive effect. These results are generally consistent with the results of previous studies.  

Electricity price changes are likely to have a more negative and statistically significant 

effect on sales per capita one year after than in the same year. However, the impact is small. For 

example, a 1 percent increase in electricity prices the year before is associated with a 0.080 

percent reduction in electricity sales when controlling for other contemporaneous and one-year 

lagged income and policy variables. This estimation is converted to monetary value as follows:. 

Given the state mean values of electricity price (10.32 cents/kWh) and annual electricity sales 

per capita (4,832 kWh), a 5 percent (0.52 cents/kWh) increase in the electricity price is linked to 

a 0.4 percent (19.3 kWh) reduction in annual electricity sales per capita, which means only about 

a $1.99 annual saving for about a $500 payment for total electricity fees. This negative but small 

impact of price on residential electricity sales reflects the difficulties facing any effort to improve 

residential electricity efficiency by simple market mechanisms alone. Households do not respond 

well to changes in electricity prices for several reasons. Electricity rates in the United States are 

generally low, and small changes in such low prices may not motive people to consume less. 

Many people may not even notice the price changes, not only because it is small but also because 

it is not advertised as much as increases in gasoline prices, for example. Also, even if adopting 
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more efficient appliances could significantly reduce future spending, inertia keeps people in their 

existing behaviors and lifestyles. They may also have high discount rates for future saving. In 

addition, ordinary people may lack complete knowledge, accessibility, and capacity to switch 

their electricity consumption to become more efficient. Also, dependence on electricity for 

everyday activities has continued to grow because of the increase in extreme weather that 

requires more cooling or heating, and increase in the number of electric appliances such as 

personal computers, cell-phones, televisions with bigger and brighter screens, and in some cases, 

electric vehicles. (This trend of dependence on electricity might partly explain the lower price 

elasticities found in this study compared with preceding estimates.) The residential sector also 

suffers from a split incentive problem in which possible investors for efficient equipment are 

generally different from ratepayers who could benefit from efficiency improvement. Thus, price 

changes or policies that induce price changes may not be effective incentives to households to 

consume less electricity. 

The impact of personal income is more explicit than that of electricity prices in the fixed 

effects models. Also, income changes the year before have more statistically significant impact 

than changes in the same year. Also, income changes two year before do not have a statistically 

significant association with electricity price. This might imply that it takes about one year for an 

income effect to influence electricity consumption, although it is also possible that the statistical 

insignificant coefficients of two-year lags might be due to a small number of observations. While 

the income effect shows the difficulty of reducing electricity consumption because people freely 

consume electricity in their daily life activities, it also suggests that there is some room to cut 

electricity consumption. In the year after income declined, people may have saved electricity.  

Statistically significant effects of both heating degree-days and cooling degree-days are 
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also as expected. Inconsistent with preceding studies, the magnitude of the coefficient of heating 

degree-days is similar to that of cooling degree-days, possibly because in my study I adjusted 

original heating degree-days by the share of electricity of space heating. However, because the 

standard deviations of both degree-days is large, which means that number of degree-days varies 

greatly from one area to area, it is important for policymakers when designing electricity policy 

to carefully analyze the effect of the area climate on electricity consumption. 

Compared with these economic and contextual variables, the impacts of the policy 

variables are generally less explicit. For example, a one point increase in EERS score seems to 

have a negative effect on electricity sales by about 0.4 percent in the year of the increase, and a 

positive effect by about 0.3 to 0.4 percent the year after. The opposite signs with the similar 

magnitude of the coefficients of the contemporaneous and one-year lagged variables might imply 

that EERS produced rebound effects one year after it was implemented or improved and reduced 

residential electricity consumption in the state. However, it might be also possible that the effects 

of EERS on residential electricity consumption are very small, and that the coefficients go back 

and forth around zero. From the results of my models that use interaction terms, while 

improvements in EERS seem to weaken downward effects on electricity sales by increasing 

prices, it might suppress upward income effects. This might reflect characteristics of EERS in 

that EERS is typically not a cap of energy use but a target for reducing energy use relative to a 

business as usual.  

However, I cannot explicitly interpret the effects of EERS from the results because every 1 

point increase in EERS score does not always have the same meaning, but has a mixture of 

contents including improvement of targets, achievement of existing targets, or withdrawing of a 

pending policy. Also, because EERS score does not separate policies for the residential sector 
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from other sectors, it does not accurately represent the stringency of the state’s EERS for the 

residential sector. Moreover, it seems more reasonable to think that EERS would work 

cumulatively to improve electricity efficiency than to consider it would work promptly just after 

it is introduced or improved. Because of the limitations of the data and the characteristics of the 

model, I do not estimate the cumulative effects of EERS. Thus, in order to make a clearer 

interpretation, it will be necessary to use separate standards for the household sector, to improve 

the scoring system so that the score linearly represents the stringency and compliance level of 

EERS in each state, and to estimate the cumulative effects of EERS. 

The statistically insignificant coefficients of the building code variables may imply that 

having residential building codes does not have significant effects on electricity sales, at least 

within two years. This finding is reasonable because the lifespan for buildings is long, and it 

takes time for newly-built or renovated buldings to gradually replace old ones. According to the 

report of Architecture 2030, new construction and major renovations account for only about 3 

percent of the total building stock each year. Thus, if there were appropriate data, it would be 

better to estimate the cumulative effects of building codes. It would be also important to use data 

that represented the stringency and compliance levels of the codes in each state.  

Although the dummy variable for appliance standards captures only the existence of state 

standards not preempted by federal standards, and does not represent changing stringency of all 

of the standards (including the federal standards) in each state, changing the value from 0 to 1 

may capture some improvement of state standards. Having state appliance standards not 

preempted by federal standards seems to be associated with an increase in electricity sales of 

about 2 percent in the same year and a decrease of about 2 to 3 percent the year after. These 

opposite signs with similar magnitude of the coefficients might be due to small effects around 



 43 

zero. However, another implication is that it might take a year after a state adopts or improves 

appliance standards for new appliances with efficiency standards to replace conventional ones 

and to significantly reduce electricity consumption. Also, in the year when a state adopts or 

improves standards, electricity consumption increases because suppliers and retailers of 

appliances might sell conventional appliances more cheaply, wanting to move them off the shelf 

as soon as possible.  

Another interpretation is also possible. When federal standards are improved, many states 

that already have state standards would experience a change in the values of the variable from 1 

to 0, because many state standards would be preempted by federal standards. Thus, the positive 

coefficient of the contemporaneous variable might imply a decline in electricity sales by 

improvement of federal standards. Contrarily, the negative sign of the lag variable might imply 

rebound effects following the decrease in electricity sales the year before. However, data 

limitations make interpretation complicated. For more accurate and clearer analysis, it would be 

necessary to know the stringency and achievement levels of all of the standards, both state and 

federal existing in each state. 

An increase in the number of major financial and information inventive programs seems to 

increase electricity sales by about 0.5 to 0.6 percent in the same year. It is reasonable to assume 

that some of new incentive programs, in particular financial benefits that reduce costs for 

electricity efficiency, might encourage consumers to use more electricity through income effects 

and rebound effects. However, the results of the model including interaction terms show a highly 

significant negative effect of incentive programs on electricity sales (52.5 percent). This negative 

effect of incentive programs seems to cancel out the positive effect of income on electricity sales. 

This might imply that some financial and information incentive programs can effectively reduce 
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residential electricity consumption, even under a circumstance with opposite incentives such as 

income increases that would lead to increases in electricity sales.  

However, it is important here to remember the four drawbacks of the data mentioned in the 

data description section above. (i.e., that ACEEE changed the criteria between 2006 and later 

years, that the scores do not separate residential programs from other sector programs, that the 

scores measure the aggregate number of different types of financial and information incentive 

programs and most of all, that the scores do not capture the intensity, stringency, and 

enforcement level of programs.) 

These drawbacks could be partly compensated by budget variables from the CEE’s data 

that are specific in terms of budget amounts and subjects. Among the variables, only change in 

load management budget seems to have a statistically significant negative effect on electricity 

sales contemporaneously or the year after, although the variable includes budgets not only for the 

residential sector but also for other sectors.  

Meanwhile, the different results of the models with log of budget variables, which dropped 

zero values from the original budget variables, might imply that budget programs could work 

differently depending on the range of budget amounts or some other factors. For example, budget 

programs might have different magnitudes of income effects (in which a reduction in prices for 

electricity efficiency through providing financial incentives encourages consumers to adopt 

efficient equipment more), and of rebound effects (in which a reduction in electricity prices 

following efficiency improvements encourages people to consume more electricity), depending 

on budget amounts and socioeconomic conditions of recipients. In fact, preceding studies report 

that the magnitude of rebound effects is likely to vary according to different products, sectors, 

and income groups, because of diminishing marginal utilities, or saturating demands and 
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technologies (Sorrell, Dimitropoulos, & Sommerville, 2009).  

In addition, financial incentives could be costly. Lester and Hart (2012) argue that if an 

average retrofit cost per residence is $7,500, and a goal is to achieve 3 percent reduction in 

electricity use in the US’s 129 million homes each year, the annual capital requirement would be 

about $30 billion. If half of the requirement were paid by a societal benefits charge imposed by 

state public utility commissions, it would add more than $2 per kilowatt-hour to household 

electricity bills, while the average electricity retail price is about 10 cents per kilowatt-hour. Also, 

with regard to load management or demand response programs, FERC argues that, while load 

management has an important role to play in both wholesale and retail markets, cost-benefit 

analysis still needs to be improved (FERC, 2011). Thus, it is necessary to improve the 

measurement and evaluation of programs and use accumulated data in order to more accurately 

analyze budget effects on electricity efficiency improvement. 

Results from the model including interaction terms seem to suggest the importance of 

including multiple policies in a model and in the actual policy making process. Because 

inefficient use of electricity is attributed to a mixture of several types of failures of the market 

and consumers’ behavior, as I have noted, quantifying effects of multiple policies and designing 

more effective ones are quite important for the improvement of residential electricity efficiency.  

In the fixed effects model in this study, the time fixed effects are not clear, but statistically 

significant estimates show that the year 2007 had positive, and the year 2008 and 2009 had 

negative impacts on electricity sales, by about 1 to 3 percent. I cannot explain what these results 

might imply; however, they could reflect the effects of federal policies, technology 

improvements, and macroeconomic conditions such as the Great Recession between 2007 and 

2009. It would be useful to analyze what factors lie behind the effects, and how such factors 
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would interact with other factors to affect electricity consumption. Such analyses would be 

important, for example, in deciding what policies states should adopt, given that the federal 

regulations and programs keep changing, equipment and appliances are getting more efficient, 

and people’s daily activities using electricity are affected by personal income as well as other 

economic factors. 

Although this study is one of first to comprehensively analyze effects of multiple factors 

and policies on residential electricity efficiency, and its findings have several important policy 

implications, more data and better models are necessary in order to make more productive policy 

recommendations. First of all, it would be helpful to improve state scores and develop criteria 

that not only quantify levels of state policies’ stringency, coverage, and compliance, but also 

reflect aggregate levels of state and federal policies. In addition, given the difficulty of building a 

perfect database, it would be also useful to focus on specific states or regions, gather specific 

data on regional policies and aggregate these data and those on federal policies, and analyze 

them, controlling for regional and national economic conditions. Such regional analyses would 

be also useful for differentiated policy development because different regions could response 

differently to economic factors and policies, in ways that reflect the large variations in geography, 

socioeconomics, industrial structure, ideology, and politics in the U.S. states. Nonetheless, in 

order to compare multiple policies and to make recommendations about which to choose, 

common criteria of comparison are necessary. It is important not only to analyze the technical 

effects of policies, but also to compare cost-effectiveness between the policies. Finally, it would 

be quite important for future research to analyze both short-term and long-term effects of 

economic factors and policies, based on improved and accumulated time series and panel data, in 

order to design truly effective policies to improve residential electricity efficiency. 
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7. Conclusion 

As President Obama said in his 2013 State of Union Address, cutting waste in energy 

usage is an essential part of addressing issues of climate change, energy security, and economic 

efficiency. However, electricity efficiency has not been easy to improve because of mixed and 

complicated behavioral features of markets and people. To design effective policies, it is 

essential to analyze what factors, policies, and combinations of them can overcome these 

features. Such a comprehensive analysis is difficult because of data limitations. Making use of 

the state scores compiled by ACEEE and CEE, since 2006, and adopting fixed effects models, 

this study is one of first to analyze the joint impacts of relevant factors and policy programs on 

residential electricity consumption in each U.S. state. 

The empirical results reveal that electricity price increases have small and negative impacts 

and personal income increases have positive impacts on residential electricity sales per capita in 

the United States. One-year lags of price and income variables have more statistically significant 

effects than contemporaneous variables on electricity sales ones, which implies that it may take 

time for effects of economic factors on electricity sales to appear. Although electricity prices 

may have some effects, they may not work effectively as a driving force on their own to reduce 

households’ electricity consumption. The effects of personal income suggest the difficulty of 

controlling residential electricity consumption; however, they also imply that there is some room 

in the households to reduce electricity use. Heating degree-days and cooing degree-days have 

positive effects on electricity sales. The study also finds that programs and budgets of several 

policies seem to be associated with electricity sales. The estimates from a model including 

interaction terms suggest the importance of including multiple policies when analyzing and 

designing policies to address electricity efficiency. The results also imply the possibility of 
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rebound effects of some policies.  

Although these findings have useful implications, the data used have some limitations such 

as state scores’ lack of common criteria to value policy stringency, coverage, and compliance. 

The number of available observations is small. Also, given the long time-span before relevant 

factors and policies can change people’s behavior to improve energy efficiency, it is important 

for future analyses to estimate cumulative effects of economic factors and policies. It would be 

also useful to analyze the single and interactive effects not only of state-level variables but also 

of aggregate state-level and federal policies, technological improvements, and macroeconomic 

conditions. For any purpose, accumulation of public panel and time series data is essential. 

Future studies should also analyze both short-term and long-term effects of economic factors and 

policies, based on improved and accumulated data, in order to make truly effective policies to 

improve residential electricity efficiency. 
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