
 

 

 

 

THE IMPACTS OF RENEWABLE ENERGY POLICIES ON RENEWABLE ENERGY 

SOURCES FOR ELECTRICITY GENERATING CAPACITY 

  

 

 

 

 

 

A Thesis 

submitted to the Faculty of the 

Graduate School of Arts and Sciences 

of Georgetown University 

in partial fulfillment of the requirements for the 

degree of 

Master of Public Policy 

in Public Policy 

 

 

 

 

By 

 

 

 

 

Bryan Bonsuk Koo, M.A. 

 

 

 

 

 

Washington, DC 

April 18, 2013



 

ii 

 

 

 

 

 

 

 

 

 

 

 

 

Copyright 2013 by Bryan Bonsuk Koo 

All Rights Reserved 

  



 

iii 

 

THE IMPACTS OF RENEWABLE ENERGY POLICIES ON RENEWABLE ENERGY SOURCES FOR 

ELECTRICITY GENERATING CAPACITY 

 

Bryan Bonsuk Koo, M.A. 

 

Thesis Advisor:  Matthew Fleming, Ph.D.  

 

ABSTRACT 

 

 Electricity generation from non-hydro renewable sources has increased rapidly in the last 

decade. For example, Renewable Energy Sources for Electricity (RES-E) generating capacity in 

the U.S. almost doubled for the last three year from 2009 to 2012. Multiple papers point out that 

RES-E policies implemented by state governments play a crucial role in increasing RES-E 

generation or capacity. This study examines the effects of state RES-E policies on state RES-E 

generating capacity, using a fixed effects model. The research employs panel data from the 50 

states and the District of Columbia, for the period 1990 to 2011, and uses a two-stage approach 

to control endogeneity embedded in the policies adopted by state governments, and a Prais-

Winsten estimator to fix any autocorrelation in the panel data. The analysis finds that Renewable 

Portfolio Standards (RPS) and Net-metering are significantly and positively associated with 

RES-E generating capacity, but neither Public Benefit Funds nor the Mandatory Green Power 

Option has a statistically significant relation to RES-E generating capacity. Results of the two-

stage model are quite different from models which do not employ predicted policy variables. 

Analysis using non-predicted variables finds that RPS and Net-metering policy are statistically 

insignificant and negatively associated with RES-E generating capacity. On the other hand, 

Green Energy Purchasing policy is insignificant in the two-stage model, but significant in the 

model without predicted values.  
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1. Introduction  

Policymakers around the world have been seeking to increase Renewable Energy Sources 

for Electricity (RES-E) for various reasons. Some advocates claim that promotion of the 

renewable energy industry will yield positive impacts on national economies by creating "green 

jobs." Environmentalists emphasize that electricity generation from renewable energy sources is 

critical to reduce the emission of greenhouse gases and limit global warming; according to the 

Energy Information Agency, 40 percent of carbon dioxide (CO2) emissions in the United States 

come from fossil fuel combustion in the electricity sector (EIA, 2012). Government officials 

hope to reduce the risk from relying heavily on a few energy sources to promote energy security. 

Energy security is the capacity of households and businesses to handle interruptions of 

supply in energy markets (Congressional Budget Office, 2011). Heavy dependence on a specific 

energy source increases the vulnerability of industry and the economy. Therefore, some 

policymakers also characterize energy security as the ability to choose to import oil from stable 

countries. Renewable energy policy contributes to diversify the sources of energy (Congressional 

Budget Office, 2011). 

Policymakers in the United States have designed and implemented various policy 

instruments to increase electricity generation from renewable sources. In view of these efforts, 

this research seeks to answer to the following research question: Have renewable policies in the 

United States helped to increase the generation of RES-E?  

The paper is organized as follows. Section 2 briefly explains five policy instruments to 

promote RES-E ─ Renewable Portfolio Standard (RPS), Public Benefit Fund (PBF), Net-

metering, a Mandatory Green Power Option (MGPO), and green energy purchasing ─ and 
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discusses their implementation across various states. Section 3 reviews the extant literature. 

Section 4 presents the empirical model and hypotheses for testing in the present paper. Section 5 

describes my data and methods. Section 6 interprets the results of my regressions, and section 7 

discusses the findings and the limitations of my study.  

2. Background 

Policymakers have devised various policies to increase electricity generation from 

renewable sources. This section briefly explains five such policy instruments: RPS, PBF, net-

metering, MGPO, and green power purchasing.  Figure 1 shows that, since the late 1990s or 

early 2000s, states increasingly have adopted RES-E policies. 

Figure 1. RES-E policies adoption by states 

 
Source: Database of State Incentives for Renewable Energy (2012) 
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2.1 Renewable portfolio standards 

RPS requires that a certain percentage of total electricity production comes from 

renewable sources. To date, 30 state governments in the United States and the District of 

Columbia have implemented enforceable or mandated policies and 8 state governments have set 

voluntary goals for renewable generation (DSIRE, 2012). These RPS policies cannot be equally 

defined due to the differences in program structure, enforcement mechanisms, size, and 

application. For example, electricity generation from geothermal energy meets the requirement 

of RPS in Delaware or Maryland, but not in Connecticut or Montana. While some states allow 

electricity suppliers to buy renewable energy credits to meet their RPS requirement, others do 

not. Nonetheless, Figure 1 shows that the number of states that have enacted RPS has increased 

rapidly since the early 2000s.  

2.2 Public benefit funds 

As of 2011, 21 states and Washington, DC, had established funds to enhance energy 

efficiency, renewable energy generation, and research and development. PBF is funded through a 

charge on customers’ utility bills based on their energy usage, or through a flat fee. These funds 

are dedicated to supporting energy efficiency, renewable energy, and research and development 

(DSIRE, 2012). 

2.3 Net-metering 

Net-metering is an electricity policy for customers who generate their own electricity to 

be able to acquire a credit on their electricity bills for any extra electricity they produce that 

flows back into the electricity distribution system. 41 state governments and the District of 

Columbia have adopted net-metering policy (DSIRE, 2012). 
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2.4 Mandatory green power option  

Mandatory green power option requires or promotes electricity suppliers to offer RES-E 

options to consumers. RES-E or green power refers to electricity generated from 

environmentally preferred sources that include wind, geothermal and biomass. Typically, utilities 

offer consumers green power generated using renewable resources that the utilities own (or for 

which they contract), or they purchase renewable energy credits from a renewable energy 

provider certified by a state public utilities commission (DSIRE, 2012). 

2.5 Green power purchasing 

Green power purchasing policies specify the amount of green power that state facilities 

should use. 15 state governments currently have green power purchasing requirements. 

3. Literature review 

This literature review mainly focuses on three issues addressed by previous research: 

First, have renewable energy policies increased the electricity generation or capacity from 

renewable energy sources? Empirical research on the effectiveness of renewable energy policies 

finds mixed results. The findings from previous research help in developing the conceptual 

framework and hypothesis for this paper. Second, how did previous researchers select variables 

and where did they obtain the data for their studies? To measure the impacts of RES-E policies 

on RES-E generating capacity or generation, researchers select different dependent and 

independent variables and collect their datasets accordingly. Their choices provide concrete 

theoretical criteria for variable selection and data collection in this paper. Third, what 

econometric models have been used in previous studies? Looking at models used in previous 

studies helps in constructing the econometric model to test the hypothesis in this study.  
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3.1 Have renewable energy policies increased the electricity generation or capacity from 

renewable energy sources? 

3.1.1 Renewable portfolio standards 

Studies on the effects of RPS by previous researchers have generated mixed results. 

(Delmas and Montes-Sancho, 2011). Using a model which controls for time trends and state 

level effect, Carley (2009) finds no evidence that RPS effectively has increased RES-E. 

Therefore, she concludes that states with RPS policies do not have statistically higher shares of 

RES-E generating capacity than states without RPS policies, holding all other variables constant. 

Delmas and Montes-Sancho (2011) conclude similarly that while they observe a trend of 

increased installment of renewable capacity over a ten-year period (1997-2007), the effect of 

RPS on installed renewable capacity is statistically insignificant.  

On the other hand, Menz and Vachon (2006) suggest that wind power generation in a 

given state is determined not only by a state’s natural endowment of wind, but also by renewable 

energy policies that a state devises and implements. Menz and Vachon claim that RPS is 

effective at increasing the development of wind power capacity. In addition, Yin and Powers 

(2010) claim that while RPS binary and trend variables are not statistically significant, an 

incremental percentage requirement variable which aims to capture the strength and variety of 

RPS in general suggests that RPS substantially increases in-state renewable energy development 

at a statistically significant level.  

3.1.2. Mandatory Green Power Option (MGPO) 

Most states with RPS also adopted MGPO policy in the late 1990s and early 2000s. Since 

MGPO has a relatively shorter history than other policy variables, only a few studies have 
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investigated the effects of MGPO. Menz and Vachon (2006) find that MGPO has a positive and 

statistically significant impact on the development of wind capacity. Yin and Powers (2010) also 

show that the coefficient for MGPO is positive at the 95 percent level of statistical confidence. In 

fact, the variable representing MGPO policy is significant and positive in all models in their 

research. Shrimali and Kniefel (2011) also find that MGPO has substantially increased the share 

of RES-E deployment.  

3.1.3. Public Benefit Funds (PBF) 

Menz and Vachon (2006) find that the presence of PBF policy does not increase the 

generation of electricity generating capacity from wind. Delmas and Motes-Sancho (2011), using 

a two-stage model, also find no evidence that a financial incentive policy is statistically 

significant. Similarly, Yin and Powers (2010) do not find statistically significant relationship 

between PBF and the percentage of electricity generating capacity accounted by RES-E in a 

state. On the other hand, Shrimali and Kniefel (2011) conclude that the effects of financial 

incentives are mostly positive and significant. The financial incentive covered in Shrimali and 

Kniefel’s paper is Clean Energy Fund, which solely focuses on renewable energy, while PBF has 

a broader applicability. The authors also point out that papers that find no relationship between 

financial incentives and RES-E investments (Menz and Vachon, 2006; Yin and Power, 2010; 

Delmas and Motels-Sancho, 2011) do not allow for the four year delay between funds being 

awarded and the installation of capacity. (Shrimali and Kniefel, 2011) 
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3.1.4. Net-metering 

Yin and Powers (2010), using a binary variable of net-metering policy, find that net-

metering policy instrument does not have a statistically significant impact on RES-E generation, 

which they define as the percentage of non-hydro power RES-E generating capacity.  

3.2 What variables are used by previous researchers? 

3.2.1. Dependent variables 

In studying the effectiveness of RES-E policies, researchers have specified a range of 

dependent variables to measure the effects of RES-E policies. Dependent variables identified in 

previous studies can be divided into four categories: absolute value of RES-E generating 

capacity, absolute value of RES-E generation, share of RES-E generating capacity, and share of 

RES-E generation. Menz and Vachon (2006) conducted the first empirical research to measure 

the effectiveness of renewable energy policies in the United States. In order to capture different 

dimensions of wind energy development, they use four interrelated dependent variables: (1) the 

amount of installed wind capacity at the end of 2003, (2) the absolute growth in capacity since 

2000, (3) the absolute growth in capacity since 1998, and (4) the number of large wind energy 

projects.   The definition of a large project in their study is more than 25 megawatts in generating 

capacity (Menz and Vachon, 2006). Yin and Powers (2010) adopt a different dependent variable: 

the share of capacity in a state-year that is based on non-hydro renewable technology. Shrimali 

and Kniefel (2011) use five dependent variables based on the nameplate capacities of four 

different sources ─ wind, biomass, geothermal, solar and total renewable capacity. Nameplate 

capacity is the amount of capacity the generator produces under ideal conditions. (Shrimlai and 

Kniefel, 2011) These five dependent variables enable the researchers to capture the impact of 
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each policy instrument on four different renewable energy capacities. The dependent variable in 

the study by Delmas and Motels-Sancho (2011) is the sum of the maximum rated output of all 

units owned per utility measured by thousands of megawatts.  

3.2.2. Policy variables 

In previous studies that seek to assess the effectiveness of RES-E policies, researchers 

have tried to incorporate the variety and magnitude of policies into their models. Menz and 

Vachon (2006) use two types of variables to capture the impact of policy instruments on wind 

capacity. The first is a dichotomous variable that takes the value of “1” if the policy had been 

implemented and “0” otherwise. The other is the number of years that a policy has been in place 

in a given state. These two variables, a binary policy variable and the number of years, are 

commonly used in other research, too. Yin and Powers (2010), for example, use binary variables 

to show the presence of policies. They also include the RPS trend variable that indicates the 

number of years that RPS policy has been in effect. Yin and Powers introduce the nominal and 

incremental requirement of RPS variables to capture the magnitude of RPS policy. The nominal 

requirement is the nominal percentage requirement as written into the law. The incremental 

requirement shows the annual goal or standard set by the state which a power generator should 

meet.  

3.2.3. Economic variables 

Most researchers include economic variables in their models to account for the impact of 

economic factors. They expect that states with greater wealth will have a higher percentage of 

RES-E because they are able to invest more in RES-E deployment or other green energy 

opportunities (Carley, 2009; Yin and Powers, 2010; Shrimali and Kniefel, 2011; Delmas and 
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Montes-Sancho, 2011). Carley (2009) includes four economic variables: gross state product per 

capita, growth rate of population, electricity price, and electricity use per capita. Yin and Powers 

(2010) include three economic variables in their model: net import of electricity, electricity price, 

and state income. Shrimali and Kniefel (2011) also include three economic variables: average 

price of electricity, average price of natural gas, and gross state product per capita. 

3.2.4. Political variables 

Political factors in a given state can affect the enactment of renewable or environment-

oriented policies which ultimately increase investments in RES-E capacity or generation. First, if 

state legislatures are committed to environmental issues such as renewable energy, they will be 

more likely to support renewable energy policy. Commonly, researchers employ the League of 

Conservation Voters (LCV) score which measures the environment-related voting records of all 

Members of Congress. (Carley, 2009; Yin and Powers, 2010; Shrimali and Kniefel, 2011; 

Delmas and Motes-Sancho, 2011) In addition, Delmas and Montes-Sancho (2011) add dummy 

variables for Democratic governorship, and a weighted percentage of state House and Senate 

seats taken by Democrats.  

Secondly, the presence of strong interest groups promoting conventional fossil fuels such 

as coal might affect the investments in RES-E generating capacity and the enactment of RES-E 

legislation. Carley (2009) employs total gross state production from petroleum and coal 

manufacturing to estimate this effect. If a state economy heavily relies on a conventional fossil 

fuel industry, the state legislature needs to respond to its voice. Share of electricity generation 

from fossil fuels such as petroleum and coal, and carbon emission can be added in the model to 
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account for political factors, as well. (Shrimali and Kniefel, 2011; Delmas and Montes-Sancho, 

2011).  

3.3 Model Specification 

3.3.1 Fixed-Effects Models 

Most studies in the literature use a cross-sectional and time-series regression. They 

control time and state effects by using fixed effects models. Shrimali and Kniefel (2011) run both 

of a basic pooled model and a fixed-effects model to justify the use of the fixed-effects model in 

their research. Menz and Vachon (2006), however, use a random effects regression model. 

Instead of using a fixed effects model, they include state-specific technical potential for using 

wind resources to capture a state’s unique environments (Menz and Vachon, 2006). Even if state-

specific wind power potential is included in the model, however, time trend and other state-

effects might influence both dependent and other independent variables, which could possibly 

bias the coefficient estimates in the model. A Hausman test helps in deciding which regression 

model, random or fixed effects, generate the most precise estimates. 

3.3.2 Two-Stage Model 

Some researchers run state and time fixed effects models to control unobservable factors 

that cause bias in coefficient estimates. Delmas and Montes-Sancho (2011) run a two-stage least 

squares model to control for self-selection bias. If states adopt RES-E policies randomly, there is 

no bias in the coefficient estimates. However, the adoption of RES-E policies might be 

determined by socio-economic variables that are listed in the model, and this could bias the 

coefficient estimates of the model.  
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4. Conceptual Framework and Hypothesis 

Section 4 presents the hypothesis to be examined in this paper. The literature reviewed in 

the previous section provides a foundation to develop this hypothesis. As shown in Figure 2, I 

expect not only policy variables, but also economic and political variables affect RES-E 

generating capacity.  

4.1. Hypothesis: Implementation of renewable energy policies increases electricity 

generating capacity from renewable sources. 

The main goal of my study is to answer to the question: Do RES-E policies really 

increase RES-E generating capacity? The present study examines five RES-E Policies: RPS, 

MGPO, net-metering, green energy purchasing, and PBF. First, implementation of RPS is 

expected to increase RES-E generating capacity. Yin and Powers (2010), for example, use 

incremental sales or generation requirement variables to test the effect of RES-E policies. Their 

research concludes that the size of the incremental requirement of RPS affects the share of 

electricity generation from renewable sources. Second, MGPO policy is also expected to increase 

the share of RES-E generating capacity (Shrimali and Kniefel, 2011). Third, I expect that net-

metering policy also helps to increase RES-E generating capacity even though Yin and Powers 

(2010) conclude that effects of net-metering policy are not statistically significant. The present 

research attempts to determine the impact of net-metering policy when the share of net-metering 

customers among total electricity customers is included in the model. Fourth, I also expect green 

energy purchasing policy to increase RES-E generating capacity by creating demand for RES-E 

generating capacity. Fifth, I also expect financial incentives to be significant since they can lower 
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entry barriers for electricity customers who are willing to install RES-E generating facilities, 

therefore increasing RES-E generating capacity (Shrimali and Kniefel, 2011). 

4.2 Control Variable I: Political variables 

State governments where legislatures and constituents are environmentally conscious are 

more likely to increase the share of RES-E electricity capacity or generation. (Carley, 2009; Yin 

and Powers, 2010; Shrimali and Kniefel, 2011) Thus, I included LCV as a control variable to 

capture the preference of local constituents for environmental policies. In addition, I expect that 

high levels of state reliance on conventional fossil fuels will negatively affect the investment in 

RES-E generating capacity. So, this paper includes political variables to control political effects 

on investment in RES-E generating capacity. Figure 2 presents my conceptual framework 

graphically. 

Figure 2. Conceptual framework 
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4.3. Control variable II: Economic variables 

A large amount of investment is essential to increase RES-E capacity or generation. 

States with higher income levels or per capita GDP will likely be more capable of investing and 

subsidizing RES-E facilities. Therefore, I can hypothesize that per capita GDP and income level 

are positively associated with electricity generation/capacity from renewable energy sources. In 

addition, electricity prices could also affect demand for renewable energy resources. High 

electricity and other conventional fuel prices stimulate governments to seek alternative sources to 

generate electricity in an attempt to minimize adverse impacts on economy. Therefore, I include 

three economic variables, individual real income, coal average price, and total energy average 

price.  

5. Data and Methods 

5.1 Dependent Variable (yit) 

The dependent variable in my analysis is:  

                                                                        

 

The Energy Information Administration (EIA) defines generating capacity as the 

maximum rated output of a generator or other electric power production equipment under 

specific conditions designated by the manufacturer. Installed generator nameplate capacity is 

commonly measured in megawatts and is usually representing a nameplate physically attached to 

the generator (EIA, 2012). The EIA provides an annual dataset of nameplate capacity from 1990 

to the most recent year for the 50 states and the District of Columbia by sources and produce 

types. RES-E generating capacity is the nameplate capacity of total electric power industry from 
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all types of renewable sources. Renewable energy sources are as follows: wind, solar thermal and 

photovoltaic, other biomass, wood and wood derived fuels, and geothermal. EIA’s most recent 

detailed state data provide both the nameplate capacity and generation data for the 50 states and 

the District of Columbia for the 21 years from 1990 to 2011 (EIA, 2012). 

 

Figure 3. RES-E generating capacity trend over time 

 

Source: Energy Information Administration EIA Historical State Electricity Databse 
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The classical linear regression model assumes that the disturbances or error terms are 

normally distributed. Normal distribution of error terms is not necessary to acquire many of the 

results I investigate in multiple regression analysis. However, it will help us to obtain unbiased 

statistical results (Greene, 2007). Since RES-E generating capacity has increased exponentially 

as exhibited in Figure 3, the frequency distribution of RES-E generating capacity is also highly 

skewed as shown in Figure 4.  

 

Figure 4. Frequency distribution of the RES-E generating capacity variable 

 

Source: Energy Information Administration EIA Historical State Electricity Databse 
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Normal distribution of error terms plays no role in obtaining the unbiased estimates of 

OLS. It doesn’t affect the conclusion that OLS is the best linear unbiased estimator under Gauss-

Markov assumptions, either. But, “exact inference requires Multiple Linear Regression 

assumption 6” (Wooldridge, 2006). If the sample size is large enough, then we may be able to 

assume that the “OLS estimators satisfy asymptotic normality, which means they are 

approximately normally distributed in large enough sample size” (Wooldridge, 2006). However, 

it is not easy to collect large time series samples. So, in order to make the variables better meet 

the assumptions of linear regression, I need to transform the dependent variable in the model. 

Potential ways of transformation are as follow: taking the log, the square root, or raising the 

variable to a power, and so on. Figure 5 shows that the log transformation would help to make 

the dependent variable more normally distributed.  

Figure 5. Ladder-of powers histogram of RES-E generating capacity 

 

Source: Energy Information Administration EIA Historical State Electricity Databse 
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5.2 Policy Variables 

This research considers five policy instruments: RPS, PBF, net-metering, green energy 

purchasing, and MGPO. Data regarding these policy instruments came from various sources: the 

Database of State Incentives for Renewables & Efficiency (DSIRE) (http://www.dsireusa.org/), 

the Union of Concerned Scientists (http://www.ucsusa.org/), and the Center for Climate and 

Energy Solutions (http://www.c2es.org/).  

The values of policy dummy variables are determined based on the data obtained from 

the DSIRE, the Union of Concerned Scientists, and the Center for Climate and Energy Solutions. 

These organizations provide information when these policies are enacted. The value of these 

policies is coded as zero before the enactment date, and one after the enactment date.  

5.2.1 Renewable portfolio standard 

 A single binary variable for RPS is not enough to incorporate various aspects of RPS 

approaches into the research. Therefore, this research generates two more variables to reflect the 

magnitude of RPS as follows: (1) RPS trend and (2) nominal RES-E requirement. RPS trend 

counts the number of years RPS has been enacted in a given state. The first year when RPS is 

enacted is coded as one.  

The variable for the size of the nominal requirement of RPS is based on the information 

from the websites already noted: DSIRE, the Union of Concerned Scientists, and the Center for 

Climate and Energy Solutions. The nominal requirement is the goal or standard that a state 

legislature defines for individual power generator or distributor to meet. RPS also specifies the 

time when the goal should be achieved. Since most RPS do not specify annual requirements, this 

research linearly interpolated backward to the enactment date of the policy while incorporating 
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the existing RES-E capacity. If the nominal requirement is high, then the owner of a power 

utility might feel more pressure to meet the goal set by the government. For example, if the 

nominal requirement is 20 percent by 2010, the RPS was enacted in 2001, and the share of RES-

E generation in 2000 was 10 percent, the annual nominal increase in the requirement from 2001 

to 2010 is 1 percent starting from 2001. The utility owner in this example, therefore, would 

experience steadily increasing pressure to meet state requirements.  

5.2.2 Public Benefit Fund 

 This paper employs a binary PBF variable, equal to one if a state operates PBF in a given 

year, and equal to zero if not.  

5.2.3 Net-metering 

The participation of electricity consumers in net-metering program has increased sharply. 

Figure 6 shows that, between 2003 and 2010, the average annual growth in customer 

participation was 56 percent, with a 61 percent increase between 2009 and 2010. (EIA, 2012) 

Therefore, the share of net-metering customers among electricity customers is able to reflect the 

popularity and magnitude of net-metering policy in a given state. EIA has collected the number 

of net-metering customers by state since 2002, and provide these data in the EIA-861 data files. 

This data is available at http://www.eia.gov/electricity/data/eia861/index.html. The formula for 

my net-metering variable is: 
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Figure 6. Number of net-metering customers by year 

 

Source: Energy Information Administration EIA Historical State Electricity Databse 

5.2.4 Mandatory green power option 

 As in the case of net-metering, EIA has recorded the number of MGPO customers and 

provides this data on its website. The formula for my MGPO variable is: 
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from EIA’s State Energy Data System. In addition, I expect that the wealth of a state also 

influences the deployment of renewable energy generation or capacity. To measure the wealth of 

a state, I use a per capita income variable from the Bureau of Economic Analysis/Regional 

Economic Information System which is available at http://www.bea.gov/regional/.  

5.4 Political variables 

The LCV has published a National Environmental Scorecard for every Congress since 

1970. This paper uses the LCV scorecard (1990-2011) to assess whether constituents in states 

prefer environmental and renewable energy policies. This variable has been adopted by various 

researchers (Carley, 2009; Yin and Powers, 2010; Shrimali and Kniefel, 2011, Delmas and 

Montes-Sancho, 2011). The present study also includes a variable that measures the share of 

electricity capacity produced from coal sources to reflect the influence and importance of coal 

industry in a state. Table 1 presents summary statistics for the variables in my model. 

Table 1. Summary Statistics 
Variable Obs Mean Std. Dev. Min Max 

Dependent Variable 

RES-E generating capacity 1122 488.640 1109.369 0 10761.3 

Log of RES-E generating capacity 1122 9.360 1.059 6.429 11.685 

Independent Variables: Policy variables 

RPS(1) 1122 0.245 0.431 0 1 

RPS trend (yr) 1122 1.274 2.979 0 22 

RPS nominal requirement (%) 1122 1.673 4.864 0 75.4 

PBF(2) 1122 .215 0.411 0 1 

Net-metering 1122 0.373 0.484 0 1 

Share of Net-metering customers 1122 0.174 0.0882 0 2.054 

Mandatory Green Power Option 1122 0.365 0.482 0 1 

Mandatory Green Power Option number of customers 1122 0.299 0.823 0 8.351 

Green Energy Purchasing 1122 0.1 0.3 0 1 

Interaction of RPS and MGPO 1122 0.135 0.342 0 1 

Interaction of RPS and Net-Metering 1122 0.186 0.390 0 1 

Control Variables: Political Variable 

LCV score of House 1020 46.258 26.33 0 100 

Electricity dependent on coal industry 1122 36.467 27.173 0 98.366 

Control Variables: Economic Variable 

Individual real income (USD, inflation adjusted) 1122 29479.65 8917.481 13117 73783 

Coal price (USD per million Btu) 1122 1.581 0.713 0 4.16 

Electricity average price (USD per million Btu) 1122 21.416 9.186 0 85.78 

Natural gas average price (USD per million Btu) 1122 6.399 3.567 0 36.73 
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Nuclear fuel average price (USD per million Btu) 1122 0.306 0.278 0 2.14 

Total energy average price (USD per million Btu) 1122 11.503 5.296 0 36.13 

Source: Energy Information Administration (EIA.gov), Database of State Incentives for Renewable & Efficiency (2012),  League of Conservation 
Voters(1990-2011), Bureau of Economic Analysis (www.bea.gov) 

Note: (1) Renewable Portfolio Standards (2) Public Benefit Funds 

 

5.5 Model 

In selecting an econometric model to test the hypothesis of this study, it is important to 

address two problems. First, I need to decide which model, random or fixed effects, is better for 

this study. To answer this question, I use a Hausman’s specification test to “test for orthogonality 

of the common effects and the regressors.” (Greene, 2002)  Second, it is important to examine 

whether policy adoption is affected by other independent variables in the model that cause an 

endogenous bias in the coefficient estimates. To eliminate any endogeneity existing in the 

adoption of RES-E policies, I use a two-stage model. 

5.5.1 Fixed effects model 

If there are unobserved state and time effects, OLS regression estimation yields 

inconsistent estimates as error terms are correlated. Therefore, this study employs a Hausman’s 

model specification test. The Hausman’s test states that we should reject the null hypothesis 

(Prob>chi2 =0.00). The null hypothesis in this test is that differences in coefficients between 

random and fixed effects model are not systemic. The test results suggest using a fixed effects 

model to measure the impact of RES-E policies at state level. The present study aims to measure 

the impacts of RES-E policies on state-level RES-E generating capacity using panel data. The 

equation of the regression is:  

                                                                       



 

22 

 

State fixed effects (  ) control for heterogeneity across states, such as different existing 

capacity of electricity generation from renewable sources. Control variables (          ) include 

economic and political factors that might affect RES-E generating capacity.  

5.5.2 Two-stage model 

 A state’s adoption of RES-E policies in a given year (t) is not randomly assigned, but 

might be determined by state-level economic and political factors in the previous year (t-1). 

Delmas and Montes-Sancho (2011) use a two-stage model to eliminate, or at least reduce, the 

endogneity in their study.  

 The present study adopts a similar strategy. In the first stage regression, I use a binary 

variable to represent the adoption of RES-E policies in a given year and state. This variable takes 

a value of “1” in the year of enactment and the following years, and “0” otherwise. In this first 

stage regression, Zi,t-1 is the set of economic and political variables that explain the adoption of 

renewable policies, and F is the cumulative distribution function for the logistic distribution. I 

generated and added one-year lagged political and economic variables as explanatory variables 

in the first regression to avoid reverse causality. (Delmas and Montes-Sancho, 2011) The 

equation for the first stage logit model is: 

Probability of (RES-E policyit=1) = F (Z’i,t-1) 

 After running the first stage regression, I estimate a second-stage model using fitted 

values of policy variables obtained from the first stage regression. The equation for the second 

stage regression is:  
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6. Results 

The results of the first-stage logit model are reported in Table 2. This model aims to 

obtain the predicted RES-E policy variables, estimating the likelihood that a given state will 

adopt RES-E policies including RPS, PBF, MGPO, net-metering, and green energy purchasing.  

Table 2. Results of first-stage logit model 
 (1) (2) (3) (4) (5) 

VARIABLES 
RPS PBF MGPO Net-Metering 

Green Energy 

Purchasing 

      

Coal average Price(1) -0.023 -0.096 0.095 -0.157 -0.029 

 (0.122) (0.102) (0.117) (0.121) (0.123) 

Total Energy Average Price(2) 0.335*** 0.183*** -0.013 0.191*** 0.187*** 

 (0.030) (0.021) (0.020) (0.024) (0.027) 

Income(3) 0.000 0.000 0.000*** 0.000*** 0.000** 

 (0.000) (0.000) (0.000) (0.000) (0.000) 

LCV Score(4) 0.001 0.001 -0.013*** 0.001 -0.004 

 (0.004) (0.004) (0.003) (0.003) (0.005) 

Dependence on coal capacity(5) 0.536 0.587 0.589* 0.182 -0.049 

 (0.410) (0.381) (0.327) (0.337) (0.513) 

Constant -6.481*** -4.305*** -5.076*** -3.985*** -5.741*** 

 (0.561) (0.432) (0.467) (0.430) (0.576) 

      

Observations 1,018 1,018 1,018 1,018 1,018 

Note: (1) Coal average pricet-1 (USD / million Btu); (2) Total energy average pricet-1 (USD / million Btu) ; (3) Individual real 

income t-1 (USD, inflation adjusted); (4) LCV score of House t-1 (1-100) (5) Dependence on coal capacityt-1 (%) 

Robust standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.1 

 

Table 3 summarizes the results of the models in the present study. The first column in the 

table is the fixed effects model in which the dependent variable is the absolute RES-E generating 

capacity. In the second, third, and fourth columns, the dependent variable in column one is 

replaced by the log of RES-E generating capacity. In the third and fourth column, I add the 

predicted values of RES-E policies obtained from the first stage logit model. Models 1, 2, and 3 

specify that the disturbances are assumed to be panel-level heteroskedastic only, with no 

contemporaneous correlation across panels; while the fourth model assumes that the disturbances 

are heteroskedastic and contemporaneously correlated across the panels.  
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Table 3. Impact of RES-E policies on RES-E generating capacity 
 (1) (2) (3) (4) 

VARIABLES Generating 

Capacity 

Log of Capacity Log of Capacity Log of Capacity 

Policy Variables 

RPS(1) (Binary) -87.044 -0.096 0.129* 0.129* 

 (94.886) (0.092) (0.069) (0.070) 

RPS Trend (year) 119.704*** 0.011 0.005*** 0.005*** 

 (13.300) (0.009) (0.002) (0.002) 

RPS nominal requirement (%) 545.965*** 0.228 -0.001 -0.001 

 (200.783) (0.242) (0.040) (0.036) 

PBF(2) (Binary) -84.845** -0.035 -0.012 -0.012 

 (37.396) (0.061) (0.064) (0.065) 

Net-Metering(3) (Binary) -15.827 0.053 0.123*** 0.123** 

 (23.430) (0.040) (0.045) (0.053) 

Net-metering customer (%) -20,162.278* -4.124 2.609 2.609 

 (10,593.259) (15.246) (3.101) (2.508) 

MGPO(4) (Binary) -6.799 0.153*** -0.016 -0.016 

 (33.285) (0.035) (0.019) (0.020) 

MGPO customer (%) 9,349.975*** 0.766 0.399* 0.399* 

 (2,196.011) (1.316) (0.239) (0.238) 

Green Energy Purchasing (Binary) 194.628*** 0.252*** 0.065 0.065 

 (61.722) (0.061) (0.072) (0.064) 

Interaction (RPS*MGPO) 338.236*** 0.119* 0.008 0.008 

 (72.769) (0.068) (0.037) (0.033) 

Interaction (RPS*Net-Metering) -234.453** 0.024 -0.207** -0.207** 

 (98.908) (0.078) (0.084) (0.090) 

Source: Energy Information Administration (EIA.gov), Database of State Incentives for Renewable & Efficiency (2012), League of 

Conservation Voters (1990-2011), Bureau of Economic Analysis (www.bea.gov) 

Note: (1) Renewa ble Portfolio Standards; (2) Public Benefit Fund; (3) Number of net-metering customers / total number of electricity 

customers; (4) Mandatory Green Power Option; (5) Readers can see the results of all variables in one place. Table 4 and 6 are 

combine3d into a single table that is included in the appendix; (6) Policy variables in Models 3 and 4 are fitted policy variables 

obtained from the 1st stage logit model. 

Robust standard errors in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 

When running a fixed effects model, it is crucial to look for the presence of 

autocorrelation or serial correlation of disturbances across periods.  According to Green, 2007, 

“the problems for estimation and inference caused by autocorrelation are similar to those caused 

by heteroskedasticity.” To see if a time-series model is suffering from autocorrelation, 

Wooldridge (2002) derives a simple test for panel-data models. Wooldridge’s test for 

autocorrelation in panel data could not reject the presence of serially correlated errors in my 

fixed effect models. (Prob > F= 0.00) I use the Prais-Winsten estimator to fix autocorrelation in 

panel data.  
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Not only serial correlation, but also spatial dependence or cross sectional dependence is 

commonly found in panel data. “Spatial dependence typically occurs when cross section units are 

large relative to the population, such as when data are collected at the county, state, province, or 

country level.” (Wooldridge, 2002) The presence of cross-sectional dependence might bias 

statistical inference. To detect cross sectional dependence, I uses Pesaran, Friedman, and Free’s 

tests of cross sectional independence. These tests confirm the presence of spatial dependence in 

my panel data as shown in figure 4. Thus, I use linear regression with panel-corrected standard 

errors to control for the disturbances which are contemporaneously correlated across the panels. 

Table 4. Results of tests for cross sectional dependence 

Pesaran’s test 

Pesaran's test of cross sectional independence 12.172 

Average absolute value of the off-diagonal elements 0.491 

Friedman’s test 

Friedman's test of cross sectional independence 92.923 

Average absolute value of the off-diagonal elements 0.498 

Frees’ test 

Frees' test of cross sectional independence 12.749 

Critical values from Frees' Q distribution 0.1438 (alpha=0.10) 

 

6.1 Results of 1st stage logit model 

The results from the logit model representing the probability of RES-E policy adoption 

shows that as total energy average price increases, state governments are more likely to adopt 

RES-E policies, except MGPO. Comparing the magnitude of the coefficient, RPS is most 

sensitive to the change in energy average price. Other variables including coal average price, 

individual income level, LCV score, and dependence on coal energy capacity have neither a 

statistically significant impact on the policy adoption nor a meaningful magnitude of the 

coefficient. Even though income level is statistically significant at the 99% level of confidence in 
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the adoption of three policies ─ MGPO, net-metering, and green energy purchasing ─ the 

magnitude of the coefficient is trivial.   

 

6.2 Impact of Policy variables on RES-E generating capacity 

6.2.1 Renewable portfolio standard 

Table 3 indicates that the RPS binary variable is statistically insignificant in models 1 and 

2 while being statistically significant in models 3 and 4. The sign of RPS binary variable in 

models 1 and 2 is negative, but becomes positive in models 3 and 4. The coefficients for RPS 

trend are statistically significant at the 99 percent confidence level in models 3 and 4. 

Consistently, the coefficients of RPS trend in four models are positive and statistically significant 

at the 99 percent confidence level, except model 2. The coefficient for RPS nominal requirement 

in model 1 is statistically significant at the 99 percent level of confidence, but becomes 

ineffective in increasing RES-E generating capacity after the log transformation of the dependent 

variable, RES-E generating capacity.  

The presence of RPS policy in a state expects to increase RES-E generating capacity by 

13.7 percent. Then, does the RPS trend variable has a positive association with RES-E 

generating capacity? Yes. One more year that RPS has been enacted expects to increase RES-E 

generating capacity by 0.5 percent. Unlike my expectation that higher level of RPS nominal 

requirement will push electricity generators to establish RES-E generating capacity, RPS 

nominal requirement does not show statistically significance. Since nominal requirement of RPS 

does not reflect a state’s existing generating capacity, the magnitude of RPS nominal 

requirement might not indicate the actual RPS requirement that generator needs to comply with.  
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6.2.2 Public benefit fund 

Though we would expect the impact of the PBF binary variable on RES-E generating 

capacity to be positive and statistically significant, the results of four models indicate that the 

coefficients for the PBF binary variable are negative and statistically insignificant in all models.  

Information related to PBF on the DSIRE website includes not only funds for promoting 

RES-E generation but also for maximizing energy efficiency. Due to this broad applicability of 

the PBF variable used in this research, the effect of PBF on RES-E generating capacity is not 

statistically significant.  

6.2.3 Net-metering 

For the first two models, the coefficients for net-metering are not statistically significant. 

The sign of the coefficient estimate in the first model shows a negative association between net-

metering and RES-E generating capacity which are different from my expectation. The third and 

fourth models which use predicted net-metering policy binary variables show the coefficients are 

statistically significant at the 99 percent and 95 percent level of confidence, respectively. The 

regression results for models 3 and 4 indicate that the net-metering binary variable is positively 

associated with RES-E generating capacity.  

To capture the magnitude of net-metering policy implementation, I introduce the 

variable, “share of net-metering customers among total electricity customers”. Even though this 

variable is statistically insignificant across all four models, except model 1, the sign of net-

metering policy variable becomes positive at a statistically insignificant level of confidence. The 

net-metering policy variable is statistically significant at the 99 percent level of confidence when 

I get rid of endogeneity in policy adoption by using the fitted policy variables as shown in model 
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3 and 4. Joint effects of the net-metering binary variable and the share of net-metering customers 

are not statistically significant at the 95% level of confidence, but they are significant at the 90 

percent level of confidence.  

6.2.4 Mandatory green power option 

For the first model, the coefficients for the MGPO binary variable are insignificant, but 

the coefficient for the share of MGPO customers is statistically insignificant, respectively. After 

the log transformation of the dependent variable, the statistical significance of MGPO binary 

variable increases to the 99 percent, while the share of MGPO customers becomes statistically 

insignificant. However, in contrast to the previous two results, in the third and fourth models, the 

MGPO binary variable is not statistically significant. But, the share of MGPO customers has a 

statistically significant coefficient at the 90% level of confidence. The coefficients associated 

with the share of MGPO customers in the third and fourth models are positive and statistically 

significant, both with the value of 0.399.  

6.2.5 Green energy purchasing 

In the first and second models, the coefficients for the green energy purchasing variable 

significantly explain the variations observed in RES-E capacity. However, after adding the 

predicted policy variables in the third and fourth model, the regression results indicate that the 

green energy purchasing variable does not have a statistically significant association with RES-E 

capacity. Since the amount of RES-E required by green energy purchasing is not large enough to 

increase RES-E generating capacity, green energy purchasing policy is neither statistically nor 

substantially significantly. The result of this research supports the finding by Shrimli and Kniefel 

(2011). 
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6.3 Impact of economic variables on RES-E generating capacity 

Most of the economic variables are generally statistically insignificant across all four 

models as shown in Table 5. Only the individual real income variable meets my expectation. The 

individual real income variable in models 3 and 4 is positively associated with RES-E generating 

capacity at the 99 percent level of statistical significance; while being statistically insignificant in 

models 1 and 2. The coal average price variable is constantly insignificant across fou models. 

Total energy price is statistically significant at the 95 percent level of confidence in model 1, but 

is insignificant in models 2, 3, and 4. Change in total energy price is statistically significant in 

adopting RES-E policies, but not significant in predicting RES-E generating capacity.  

Table 5. Impact of economic and political variables on RES-E generating capacity 
 (1) (2) (3) (4) 

VARIABLES Generating 

Capacity 

Log of Capacity Log of Capacity Log of Capacity 

Economic variables 

Individual real income (USD, inflation adjusted) 0.001 -0.000 0.000*** 0.000*** 

 (0.002) (0.000) (0.000) (0.000) 

Coal average price (USD / million Btu) 18.997 -0.016 0.000 0.000 

 (15.039) (0.028) (0.008) (0.006) 

Total energy average price (USD / million Btu) -6.945** 0.001 0.000 0.000 

 (2.835) (0.004) (0.001) (0.001) 

Political Variables 

LCV score of House (1-100) -0.082 0.000 -0.000 -0.000 

 (0.788) (0.001) (0.000) (0.000) 

Dependence on coal capacity (%) -913.212*** 0.780*** -1.460*** -1.460*** 

 (185.150) (0.136) (0.054) (0.062) 

     

Constant -78.430 9.042*** 10.968*** 10.968*** 

 (102.845) (0.155) (0.062) (0.067) 

Observations 1,020 1,020 1,017 1,017 

R-squared 0.824 0.969 0.999 0.999 

Number of state 51 51 51 51 

State FE YES YES YES YES 

Cross-sectional Dependence NO NO NO YES 

Predicted policy variables NO NO YES YES 

Source: Energy Information Administration (EIA.gov), Database of State Incentives for Renewable & Efficiency (2012), 

League of Conservation Voters (1990-2011), Bureau of Economic Analysis (www.bea.gov) 

Note: (1) Renewable Portfolio Standards; (2) Public Benefit Fund; (3) Number of net-metering customers / total number 

of electricity customers; (4) Mandatory Green Power Option;(5) Readers can see the results of all variables in one 

place. Table 4 and 6 are combined into a single table that is included in the appendix; (6) Policy variables in Models 3 and 

4 are fitted policy variables obtained from the 1st stage logit model. 

Robust standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.1 
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6.4 Impact of political variables on RES-E generating capacity 

Table 5 indicates that the coefficients for the LCV score of House are not statistical 

significant across all of models in the table. The variable representing dependence of a state on 

coal electricity capacity is statistically significant across all four models at the 99 percent level of 

confidence. For the first, third, and fourth models, the sign of the coefficients for state 

dependency on the coal industry variable are negative, except in the second model. This finding 

is in line with the conceptual framework of this study.   

7. Discussions and Implications 

This thesis studies the effects of RES-E policies on RES-E generating capacity using 

panel data for the fifty states and the District of Columbia for the last twenty years. I use a fixed 

effects model with the Prais-Winsten estimator to fix autocorrelation and spatial dependence in 

the panel data. To obtain unbiased policy variables for the regression models, I use a logit model 

to obtain predicted policy variables (See Table 2.), which are expected to be exogenous, and I 

use a log transformed variable as my dependent variable.  

My results indicate that RES-E policies effectively increase RES-E generating capacity. 

The expansion of RPS helps state governments to increase the generating capacity of RES-E. In 

addition, the number of years during which RPS has been in place increases RES-E generating 

capacity substantially at a statistically significant level of confidence.  

One interesting finding is that net-metering policy is also effective at expanding non-

hydro renewable capacity, which is different from the findings by Yin and Powers (2010). Yin 

and Powers found that the implementation of net-metering policy is insignificant and negatively 

associated with RES-E investment. However, the present study finds that net-metering policy is 
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effective at increasing RES-E generating capacity when I include the fitted value of policy 

variables and the variable representing the share of net-metering customers among total 

electricity customers. The share of net-metering customers represents the magnitude of net-

metering policy. Without this variable, it is impossible to measure how many people actually 

comply with this policy instrument.  

Conversely, previous studies find that MGPO is positively associated with RES-E 

generating capacity at statistically significant levels, while in my study the MGPO policy binary 

variable is not statistically significant. However, my analysis suggests that the number of MGPO 

customers is positively associated with RES-E generating capacity, as shown in Table 3. Joint 

effects of MGPO binary variable and share of MGPO customers are statistically insignificant 

since the magnitude of MGPO is not large enough to make a significant difference in RES-E 

generating capacity.  

Overall, RES-E policies are positively associated with RES-E generating capacity, but it 

is not clear how efficiently these policy instruments increase RES-E generating capacity. Since 

the purpose of this study is to see if RES-E policies really increase RES-E generating capacity 

and which policy is most conducive to promoting RES-E capacity, the results of the present 

study do not give a clear idea about how efficiently each policy achieves its goal, which is 

increasing RES-E generating capacity or generation. It would be interesting to investigate the 

efficiency of RES-E policy implementation in future research.  

One limitation of my paper is that it defines Public benefit fund too broadly. PBF aims 

not only at increasing RES-E generation, but also at enhancing energy efficiency. For example, 

California created a public benefit funds for renewable energy, energy efficiency, and research, 
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development, & demonstration. Thus, looking at PBF in general, as my study does, might bias 

the coefficient estimates of the PBF variable in models.  

A second limitation is that the analysis does not take account of heterogeneity embedded 

in RES-E policies. In addition, to capture the magnitude of RPS, MGPO, and net-metering 

policies, my model includes the RPS trend, the share of MGPO customers, and net-metering 

customers. However, it is not enough to describe various mechanisms and magnitudes of each 

RES-E policy. For example, most RPS policies are enforced through a credit-trading mechanism. 

Therefore, a power utility is able to meet the requirement of the RPS not by installing new RES-

E generating capacity, but by purchasing renewable energy credits from utilities that generate 

RES-E elsewhere. Yin and Powers (2010) take an important step by creating a new variable to 

measure the incremental requirement of RPS by incorporating existing capacity into their 

variable formulation. In order to extend my analysis and overcome some of the limitations I have 

noted, further research could build upon the work of Yin and Powers and try to specify and 

capture the magnitude and details of each policy variable. 
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Appendix 

 

Results of four models 
 (1) (2) (3) (4) 

VARIABLES Generating 

Capacity 

Log of Capacity Log of Capacity Log of Capacity 

Policy Variables 

RPS(1) (Binary) -87.044 -0.096 0.129* 0.129* 

 (94.886) (0.092) (0.069) (0.070) 

RPS Trend (year) 119.704*** 0.011 0.005*** 0.005*** 

 (13.300) (0.009) (0.002) (0.002) 

RPS nominal requirement (%) 545.965*** 0.228 -0.001 -0.001 

 (200.783) (0.242) (0.040) (0.036) 

PBF(2) (Binary) -84.845** -0.035 -0.012 -0.012 

 (37.396) (0.061) (0.064) (0.065) 

Net-Metering(3) (Binary) -15.827 0.053 0.123*** 0.123** 

 (23.430) (0.040) (0.045) (0.053) 

Share of net-metering customers (%) -20,162.278* -4.124 2.609 2.609 

 (10,593.259) (15.246) (3.101) (2.508) 

MGPO(4) (Binary) -6.799 0.153*** -0.016 -0.016 

 (33.285) (0.035) (0.019) (0.020) 

Share of MGPO customers (%) 9,349.975*** 0.766 0.399* 0.399* 

 (2,196.011) (1.316) (0.239) (0.238) 

Green energy purchasing (Binary) 194.628*** 0.252*** 0.065 0.065 

 (61.722) (0.061) (0.072) (0.064) 

Interaction (RPS*MGPO) 338.236*** 0.119* 0.008 0.008 

 (72.769) (0.068) (0.037) (0.033) 

Interaction (RPS*Net-Metering) -234.453** 0.024 -0.207** -0.207** 

 (98.908) (0.078) (0.084) (0.090) 

Economic variables 

Individual real income (USD, inflation adjusted) 0.001 -0.000 0.000*** 0.000*** 

 (0.002) (0.000) (0.000) (0.000) 

Coal average price (USD / million Btu) 18.997 -0.016 0.000 0.000 

 (15.039) (0.028) (0.008) (0.006) 

Total energy average price (USD / million Btu) -6.945** 0.001 0.000 0.000 

 (2.835) (0.004) (0.001) (0.001) 

Political Variables 

LCV score of House (1-100) -0.082 0.000 -0.000 -0.000 

 (0.788) (0.001) (0.000) (0.000) 

Dependence on coal capacity (%) -913.212*** 0.780*** -1.460*** -1.460*** 

 (185.150) (0.136) (0.054) (0.062) 

Constant -78.430 9.042*** 10.968*** 10.968*** 

 (102.845) (0.155) (0.062) (0.067) 

Observations 1,020 1,020 1,017 1,017 

R-squared 0.824 0.969 0.999 0.999 

Number of state 51 51 51 51 

State FE YES YES YES YES 

Cross-sectional dependence NO NO NO YES 

Predicted policy variables NO NO YES YES 

Source: Energy Information Administration (EIA.gov), Database of State Incentives for Renewable & Efficiency (2012), League of 

Conservation Voters (1990-2011), Bureau of Economic Analysis (www.bea.gov) 

Note: (1) Renewable Portfolio Standards; (2) Public Benefit Fund; (3) Number of net-metering customers / total number of electricity 

customers; (4) Mandatory Green Power Option; (5) Policy variables in the third and fourth columns are fitted values obtained from 

the first-stage logit models; (6) Policy variables in Models 3 and 4 are fitted policy variables obtained from the 1st stage logit model. 

Robust standard errors in parentheses                        *** p<0.01, ** p<0.05, * p<0.1 
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