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ABSTRACT

In the past 5 years, consumer options for procuring renewable energy have
increased, ranging from rooftop solar installation to utility green pricing to Community
Choice Aggregation. These options vary in terms of costs and benefits to the consumer as
well as grid integration implications. However, little is known regarding how the
presence of a wide range of options for utility-scale renewable procurement affects
demand for distributed residential solar installations. In theory, there are three possible
relationships, (1) positive correlation, where utility-scale and distributed resources
complement each other to increase overall production, (2) negative correlation, where
utility-scale and distributed resources are substitutes, and (3) no correlation, suggesting
that these different procurement choices are unrelated. To examine the relationship,
aggregated at the state level, we use a mixed effects regression model with panel data
from 2016 to 2019 for all fifty US states plus the District of Columbia, controlling for
policy, resource availability, and demographics. Although there was no evidence of a
relationship between demand for utility-scale and distributed options across states, the
estimated random effects suggest variation between states. An investigation of Vermont
(positive), North Dakota (negative), and Oregon (zero) suggest that the policy
environment, available resources, and average energy cost may explain this
heterogeneity. As more data becomes available over time, there will be additional
opportunities to explore this relationship.

Keywords: Voluntary Procurement, Renewable Energy, Consumer Demand,

Utility-Scale, Distributed, Photovoltaic Solar
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1. INTRODUCTION

As costs for renewable energy have decreased and consumer demand has
increased, options for procuring renewable energy have proliferated. In fact, total
voluntary procurement (i.e., renewable energy procured above state mandates) has more
than quintupled between 2010 and 2020 (Heeter, 2022). For example, residential
consumers who want to purchase renewable energy can install solar panels on their roof,
subscribe to a green pricing program via their utility or contract with a third-party
developer.

However, the characteristics and implications of these options vary widely. At a
high level, these options can be divided into (a) distributed or (b) utility-scale renewable
procurement options, which vary in terms of costs and benefits to consumers, as well as
the grid (see summary in Table 1-1). As a result, it may be valuable to incentivize some
procurement options over others or encourage combined procurement options in different
regions.

Distributed renewable generation involves installing generation technology (e.g.,
solar) on the consumer’s property. This can require a large up-front investment from the
consumer for installation and maintenance, but they also benefit from opportunities to
sell excess generation to the grid (via net-metering). In addition, this option reduces
reliance on the electrical grid and ensures that consumers are directly benefiting from
renewable generation (rather than increasing renewable content elsewhere on the grid).
However, this option can increase grid integration challenges since the generation is

behind-the-meter (BTM) and difficult for utilities to control (McAllister et al., 2019).



Distributed solar also requires higher engagement from consumers, since they must
coordinate with installers and may be inconvenienced by construction.

In contrast, there are many options for utility-scale procurement for residential
consumers, including (1) power purchase agreements (PPAS), (2) competitive suppliers,
(3) unbundled renewable energy credits (RECs), (4) utility green pricing, and (5)
community choice aggregation (CCA). These options vary in terms of the price premium,
monetary benefits, grid implications and effort required. In general, utilities have more
control over utility-scale renewable generation since it is directly connected to the grid
for transmission and distribution (O’Shaughnessy et al., 2017).

In Power Purchase Agreements (PPAS), a consumer enters a long-term contract to
buy electricity directly from a generator, typically between 5 and 20 years (NREL, 2016).
In the most common form, customers purchase electricity that is credited towards their
electricity demand (O’Shaughnessy et al., 2017). Although the utility still charges fees
for transmission and distribution services, these agreements tend to have lower generation
costs and provide a hedge against economic volatility due to their length. Depending on
the interconnection terms, these generators may provide grid services, such as curtailment
and ancillary services (O’Neill & Chernyakhovskiy, 2016).

In restructured electricity markets, consumers can purchase renewable energy
from competitive suppliers. In this arrangement, the consumer receives electricity as well
as Renewable Energy Certificates (RECs) (O’Shaughnessy et al., 2017). Typically, the
consumer pays a price premium, but competition may lower prices overall.

When producing renewable electricity, generators may choose to sell the

electricity itself wholesale into the market as well as the REC, which represents the



environmental value, in a separate market. When the REC is separated from the
generated electricity, it is “unbundled” (O’Shaughnessy et al., 2017). Unbundled RECs
are highly flexible as no actual electricity is exchanged. Typically, they are directly
purchased to offset the environmental impact of fossil fuel generation.

Utility green pricing programs offer renewable energy to consumers at a price
premium. In some cases, these funds are invested in additional renewable generation that
is owned by the utility. In other cases, the utility retires RECs in proportion to the
quantity of green power sold (O’Shaughnessy et al., 2017). Often, green pricing programs
are tax deductible, providing some benefits to consumers who wish to purchase them
(Swezey & Bird, 2001).

Lastly, Community Choice Aggregation (CCA) programs enroll consumers by
default to achieve economies of scale for lowering electricity prices (O’Shaughnessy et
al., 2017). Many CCAs explicitly aim to increase renewable energy generation and
provide higher renewable content by default. In addition, similar to utility green pricing
program, CCAs will offer packages at a price premium with even higher renewable
energy content (e.g., 100% renewable). CCAs pull customers from existing investor-
owned utility companies and increase demand for renewable energy in their local grids
(O’Shaughnessy et al., 2019).

To investigate the relationship between distributed and utility-scale procurement
options, this study aims to answer the following research questions:

(1) What is the relationship between the share of utility-scale renewable
procurement and distributed solar installation at the state level in the US?

(2) How does this relationship vary between states?



Table 1-1. Distributed and Utility-Scale Renewable Procurement Options

Procurement Cost to Benefit to Grid Consumer
Options Consumer Consumer Integration Engagement
Distributed Options
Solar High up- Tax credits, Reduced Coordination with
Generation front Rebates, reliance on installer,
installation Excess solar grid, Disruptions from
cost, compensation Limited installation
Maintenance (e.g., net utility
costs metering) control for
BTM
Utility-Scale Options
Power No up-front Long term Generator  Enrollment in long-
Purchase cost contract may provide term contract
Agreement providesa  grid services
(PPA) hedge against
volatility
Competitive Price Consumer Generator Purchase directly
Suppliers premium  receives RECs may provide from generator
grid services
Unbundled Additional  Environmental None, Purchase from third
RECs cost for value financial party REC
renewable instrument merchant
energy
offset
Utility Green Price Consumer May involve Enroliment in
Pricing premium per receives RECs utility- program
kWh of owned
electricity renewable
investment
or RECs
Community Price Oftentimes Contract Enroliment by
Choice premium lower with default with opt-
Aggregation per KWh electric renewable out option
(CCA) of prices than energy
electricity investor- generators
owned
utilities due
to
economies
of scale &
collective
buying

power




This relationship can inform policy-makers’ efforts to increase renewable
generation by incentivizing distributed generation, utility-scale procurement, or a
combination of the two. Demand for distributed versus utility-scale renewable generation
has long-term implications for grid planning and integration challenges.

Overall, there was no evidence of a relationship between utility-scale procurement
and distributed solar generation when aggregated at the state level. However, analysis of
state-level random effects suggests there is significant variation between states. In
particular, the type of generation incentivized by existing policy as well as available

energy resources may play a role in determining this relationship.



2. LITERATURE REVIEW

In this section, we summarize literature on (1) distributed generation adoption, (2)

utility-scale procurement, and (3) choosing between renewable options.

2.1. DISTRIBUTED GENERATION ADOPTION

Residential distributed solar generation increases as individual households decide
to install solar panels on their property. These decisions are influenced by policy,
economic, contextual, and socio-economic factors. Distributed generation increases as
policies favoring renewable energy adoption increase. Policy factors include Renewable
Portfolio Standards (RPS), CCAs, and access to markets. RPS are associated with higher
levels of distributed solar generation, likely due to increased pressure for utilities to
provide incentives (Carley, 2009a; Li & Yi, 2014; Sarzynski et al., 2012; Wiser et al.,
2011). There is mixed evidence regarding whether states that have had an RPS for a
longer amount of time have more distributed solar installations (Crago & Koegler, 2018;
Crago and Chernyakhovskiy, 2017). Given the recent emergence of CCAs, little research
has been able to evaluate the effect on distributed solar. Deregulated electricity markets
tend to have more distributed solar installations (Carley, 2009a).

Similarly, economic incentives for renewable energy adoption tend to increase
distributed generation. For instance, net metering laws, and other legislation favoring
compensation for distributed solar generation, increase residential photovoltaic
installations (Carley, 2009a; Michaud & Pitt, 2018; Crago & Koegler, 2018; Matisoff &

Johnson, 2017). However, these effects tend to be much more pronounced when



following best practices (Michaud & Pitt, 2018) and combined with interconnection
legislation (Michaud & Pitt, 2018; Borchers et al., 2014). The existence of state-wide
rebates have increased distributed solar installations (Borchers et al., 2014; Crago &
Chernyakhovskiy, 2017; Hughes & Podolefsky, 2015; Crago & Koegler, 2018; Matisoff
& Johnson, 2017; Sun & Sankar, 2022; Sarzynski et al., 2012), sped up adoption (Bauner
& Crago, 2015), and increased capacity (Carley, 2009a). Evidence suggests that front-
loaded rebates may be the most effective in incentivizing distributed solar (Sun & Sankar,
2022). In one case, rebates have not influenced distributed generation, despite decreasing
costs associated with installing distributed generation, likely because the financial
incentives in this study assisted the residential sector less than the commercial sector,
where a significant increase in distributed installations was seen. (Shrimali & Jenner,
2013). Additionally, tax credits can increase solar capacity additions (Borchers et al.,
2014; Durham et al., 1988; Michaud & Pitt, 2018) and speed up adoption (Bauner &
Crago, 2015). For example, tax credits increased the average rate of return for installing
solar by 16-25% in Hawaii (Coffman et al., 2016). However, in general, state-level tax
incentives tend to not be significantly effective (Li & Yi, 2014; Sarzynski et al., 2012;
Carley, 2009a; Matisoff & Johnson, 2017; Shrimali & Jenner, 2013), likely since tax
credits may be less visible to consumers than other forms of incentives. Some evidence
suggests that city-level tax credits are more effective than state-level tax credits (Li & Yi,
2014), likely because city-level tax credits are more specialized and targeted towards a
smaller population. Studies also suggest that rebates are more effective than tax credits

in increasing distributed solar installations (Crago & Chernyakhovskiy, 2017; Carley,
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2009a; Sarzynski et al., 2012). However, Schelley (2014) found that almost all early solar
adopters had at least one form of tax or cash incentive.

Contextual factors, such as availability of energy resources and the average cost
of electricity, also influence distributed generation adoption. Places with more sunlight,
or solar insolation, tend to have more distributed solar installations because they can
generate more electricity (Crago and Chernyakhovskiy, 2017; Michaud & Pitt, 2018;
Borchers et al., 2014; Hsu, 2018; Crago & Koegler, 2018; Li & Yi, 2014; Kwan, 2012;
Bennett et al., 2020). In addition, adoption of solar tends to increase as the average cost
of energy increases (Durham et al., 1988; Crago & Chernyakhovskiy, 2017; Michaud &
Pitt, 2018; Hsu, 2018; Crago & Koegler, 2018; Carley, 2009a; Matisoff & Johnson, 2017;
Kwan, 2012), though a few studies failed to find a significant effect (Borchers et al.,
2014; Shrimali & Jenner, 2013).

Lastly, socio-economic factors include demographics and political lean. Many
studies have found more solar installations in places with higher incomes (Borchers et al.,
2014; Crago & Koegler, 2018; Carley, 2009a; Kwan, 2012; Bennett et al., 2020) and that
those with lower incomes tend to have decreased access to solar installations (Schunder
et al., 2020). However, some studies found that income was not a significant predictor of
adoption (Durham et al., 1988; Michaud & Pitt, 2018; Hsu, 2018; Matisoff & Johnson,
2017; Mundaca & Samahita, 2020). In general, gender is not a significant predictor of
distributed solar capacity (Mundaca & Samahita, 2020; Kwan, 2012; Jirakiattikul et al.,
2021). However, younger individuals are more likely to adopt distributed solar than older
individuals (Reames, 2020; Mundaca & Samahita, 2020). Kwan (2012) found that solar

adoption occurred most often for individuals aged 34 to 55, with older and younger



populations installing at lower rates, and Bennet et al. (2020) found that older people
were more likely to adopt distributed solar. Studies suggest that White populations tend
to install distributed solar at higher rates than minority groups (Kwan, 2012; Reames,
2020; Sunter et al., 2019; Bennett et al., 2020) and that minority groups tend to have less
access to distributed solar (Schunder et al., 2020). Democratic-leaning areas tend to
install distributed solar at higher rates than more Republican-leaning areas (Crago &
Chernyakhovskiy, 2017; Borchers et al., 2014; Crago & Koegler, 2018; Kwan, 2012),
though Bennet et al. (2020) found higher distributed generation in more Republican-
leaning areas. Finally, most studies have found that increased educational attainment is
associated with an increase in distributed solar installations (Durham et al., 1988; Hsu,

2018; Kwan, 2012; Jirakiattikul et al., 2021; Bennett et al., 2020).

2.2. UTILITY-SCALE RENEWABLE PROCUREMENT

Similar to distributed generation, utility-scale renewable procurement is also a
household-level decision that is sensitive to policy, economic, contextual, and socio-
economic factors.

For the most part, different policy factors influence distributed generation versus
utility-scale procurement, with only a few policies having a significant impact on both.
States with an RPS tend to have higher utility-scale procurement (Carley, 2009b; Carley,
2017; Sahu, 2015), although this finding is not replicated by Yin & Powers (2017). CCAs
make up the majority of voluntary utility-scale renewable procurement customers
(O'Shaughnessy et al., 2018; O'Shaughnessy et al., 2019). For the eight states that allow

CCAs, this is a significant driver of utility-scale procurement. Lastly, states with a
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deregulated energy market tend to have less utility-scale procurement (Carley, 2009b);
Carley (2009b) speculates this may be because deregulated utilities tend toward the
cheapest sources of fuel, which tend to be fossil fuels.

Incentive policies affect utility-level adoption similarly to distributed generation,
although some policies are specific to one form or the other. Net metering is less
influential in predicting utility-scale renewable procurement, since it is only related to
distributed generation Sahu (2015) found a positive relationship between utility-scale
procurement and net metering, but Yin & Powers (2017) found that no relationship.
Utility-scale renewable subsidies, such as rebates, consistently increase utility-scale
procurement (Carley, 2009b; Carley, 2017; Sardianou & Genoudi, 2013; Ntanos et al.,
2018; Zhai & Williams, 2012). The role of utility-scale renewable tax credits is mixed,
with studies finding that tax credits increase (Sardianou & Genoudi, 2013; Sahu, 2015),
decrease (Carley, 2009b), or are unrelated (Kahn, 1996) to utility-scale procurement. It is
possible that consumer decision-making is focused on the overall installation cost, rather
than the opportunity for utility-scale renewable tax credits (Zhai & Williams, 2012).

When it comes to contextual factors, there is again little evidence that both
distributed generation and utility-scale procurement are affected by the same factors.
Although increased solar resources are associated with increased utility-scale
procurement, there is no relationship for wind resources and states with more biomass
resources tend to have less utility-scale procurement (Carley, 2009b). Additionally,
demand for utility-scale renewable energy tends to be price inelastic, suggesting that
price may not be an important measure for adoption of utility-scale renewable energy

programs (Dagher et al., 2017). Yin & Powers (2017) did not find energy cost to be a
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significant factor in predicting utility-scale adoption of renewable energy, but Carley
(2009b) found that an increased cost of energy predicted lower adoption of utility-scale
renewable energy.

Finally, demographic factors tend to affect both distributed generation and utility-
scale procurement in similar ways. Higher incomes are associated with greater utility-
scale renewable energy adoption (Kowalska-Pyzalska, 2018; Lin & Kaewkhunok, 2021;
Menegaki, 2004; Sardianou & Genoudi, 2013; Zarnikau, 2003). Similarly, states with a
higher gross state product tend to have increased utility-scale renewable adoption
(Carley, 2009b; Carley, 2017). There is little evidence that gender influences an
individual’s willingness to pay for utility-scale renewable energy (Sardianou & Genoudi,
2013; Lin & Kaewkhunok, 2021; Zarnikau, 2003), though Menegaki (2004) found that
women are more willing to pay for utility-scale renewable energy than men. Generally,
studies have found that willingness to pay for utility-scale renewables is lower in those
over 55 (Zarnikau, 2003) and increases as age decreases (Kowalska-Pyzalska, 2018;
Menegaki, 2004). However, one study found that older heads of households were actually
more likely to invest in utility-scale renewable energy adoption (Lin & Kaewkhunok,
2021). Sardianou & Genoudi (2013) found that middle aged consumers were most likely
to adopt utility-scale renewable energy over older consumers and younger consumers.
Predominantly White areas tend to have higher rates of utility-scale renewable adoption
(Tidwell & Tidwell, 2021) and White people tend to have a higher willingness to pay for
utility-scale renewable energy (Zarnikau, 2003). Higher education attainment consistently
predicts a higher likelihood of adopting voluntary utility-scale renewable energy

(Menegaki, 2004; Kowalska-Pyzalska, 2018; Sardianou & Genoudi, 2013; Lin &
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Kaewkhunok, 2021; Zarnikau, 2003; Ntanos et al., 2018). Finally, individuals with more
liberal attitudes predicted higher levels of utility-scale renewable energy adoption than
those with conservative attitudes (Menegaki, 2004) and areas with more right-leaning
attitudes had lower rates of utility-scale renewable energy adoption than those with more

left-leaning attitudes (Carley, 2017).

2.3. CHOOSING BETWEEN PROCUREMENT OPTIONS

Little research has examined the relationship between a consumer’s likelihood to
procure renewable energy from one source of energy versus another. Frederiks et al.
(2015) contend that more research is needed to determine the primary determinants —
including predictive variables, moderating variables, and mediating variables — of
renewable energy consumption, as well as the impact of public policy on assisting
consumers to make optimal energy decisions, especially for consumers who have
multiple options for procuring renewable energy.

We propose three possible models for how individuals choose between renewable
options, a complements, substitutes, or no relationship (summarized in Table 2-1). In a
complements relationship, individuals who adopt one type of renewable energy are more
likely to adopt another, so there is a positive relationship between distributed and utility-
scale procurement. For example, households with solar may be motivated to also
subscribe to a 100% renewable utility green pricing program to ensure that all of their
energy needs are met by renewable energy. In a substitutes relationship, individuals who
adopt one type of renewable energy are less likely to adopt another, so there is a negative

relationship. For example, households may be less likely to adopt distributed solar if it is
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easier to satisfy their environmental goals with utility-scale options. Consumers may
engage in satisficing, in which, rather than seeking out the optimal options, they simply
search for the first satisfactory option and then stop (Frederiks et al., 2015). If there is no
relationship, this suggests that one of these options is dominating, but not replacing the

other option.

Table 2-1. Summary of Possible Models for Relationship Between Distributed and
Utility-Scale Procurement Options

Possible Relationship | Direction Driver
Complements Positive Motivated by environmental goals
Substitutes Negative Motivated by economics to satisfice
Unrelated Zero One option dominates, but does not replace

As discussed in the previous section, some factors influence both distributed solar
generation and utility-scale procurement in the same way, which may lead to a positive
correlation between the two categories of renewable procurement. For example, factors
such as the presence of RPS tend to predict both higher levels of distributed generation
and increased amounts of voluntary utility-scale procurement. Ndebele (2020) found that
consumers who already subscribed to one form of voluntary renewable energy showed a
willingness to pay for additional renewable energy (aligning with the complements
model).

Some factors, such as average energy costs, may have opposite effects on
adoption decisions. Higher energy costs are associated with decreased utility-scale
procurement and higher distributed solar generation. This is likely because of desires to

offset the cost of utility-provided energy. Some research suggests that physical options
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(i.e., distributed generation) tend to be substitutes of virtual options (i.e., utility-scale
renewable energy) as the cost of solar installation increases (Fikru et al., 2022).
Consumers may be less likely to enroll in utility-scale renewable programs if they are
already engaging in energy-efficient behavior, which includes rooftop solar (Hobman &
Frederiks, 2014).

In some cases, there are factors that only influence one of the procurement
options. For instance, we would expect CCAs to be associated with an increase in utility-
scale renewable adoption, but not directly affect residential solar adoption since CCA
procurement is a type of utility-scale procurement. Similarly, net metering is expected to
increase distributed generation but not directly affect utility-scale procurement because it
only incentivizes distributed generation. Additionally, many other policy variables are
specific to one form or the other (e.g., solar tax credits for distributed, voluntary
procurement subsidies for utility-scale) and have been shown to influence one form but
may not influence the other. If these factors tend to be the primary predictors, then

distributed generation and utility-scale procurement may vary independently.
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3. METHODOLOGY

3.1. DATA

In this state-level analysis, data are available for all 50 states as well
as Washington DC with one observation per year for four years from 2016-2019
(N = 204). The data, R code, and appendices are publicly available in an Open Science
Framework repository (https://osf.io/kf7wd/).

To estimate distributed procurement (Ppis) per state per year, EIA data on small-
scale PV generation was used to estimate residential solar adoption (EIA, 2020). To make
comparisons across states, percent of total energy generation (GENToT) that is residential
solar (GENDpis) per state per year was calculated. The data are highly skewed, so a log
transformation was used with an added constant normalize the data. The formula for this
measure is:

Ppis=log(GENpis/GENTo7+1/1000000)

To estimate utility-scale procurement (PutL) per state per year, National
Renewable Energy Laboratory (NREL) data on utility-scale voluntary renewable energy
procurement in the residential sector was included in the model (O’Shaughnessy et al.,
2018; Heeter & O’Shaughnessy, 2019; Heeter & O’Shaughnessy, 2020). Utility-scale
procurement is the sum in MWhs per state per year of Utility Green Pricing, Competitive
Suppliers, Unbundled Renewable Energy Credits (REC), Community Choice
Aggregation (CCA), and Power Purchase Agreements (PPA). Similarly, the percent of

residential utility-scale renewable procurement per state per year as a fraction of total
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procurement was calculated and a log transformation with a log-linear correction was
used.

To account for policy effects, the model included binary variables for each state in
each year to indicate whether there was deregulation of the electricity market,
Community Choice Aggregation (CCA), solar compensation, renewable portfolio
standards (RPS), tax credits for residential solar installations, or rebates for residential
solar installations (Database of State Incentives for Renewables & Efficiency, 2021).
Solar compensation was used in place of the term “net metering” in order to ensure that
states which use a form of mandatory distributed solar generation compensation other
than net metering were included in the analysis. In addition, to account for economic and
environmental effects, the model used the average cost of energy from EIA data (EIA,
2020) and personal income from US Bureau of Economic Analysis data (Bureau of
Economic Analysis, 2020). Solar insolation was calculated for each state by averaging
NREL data for all cities in the state (Marion & Wilcox, 1994). Demographic data,
including gender (%), race (%), and average age are aggregated values at the state level
based on US Census data (US Census Bureau, 2019). In addition, political lean was
estimated based on the electoral college vote in 2016 (US National Archives, 2016).
Electoral college data from 2016 was used instead of data from 2020 because it was the
most recent election in all four years studied (2016-2019). A logarithmic transformation
was applied to data which exhibited a log-normal scale (insolation, personal income, and

energy cost).
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3.2. MODELING APPROACH
This model estimates how the availability of utility-scale procurement options
influence distributed procurement (i.e., residential solar installation). To control for
differences between states, two different approaches were used. The primary model uses
random effects to control for differences between states by estimating separate intercepts
and slopes for each state. In addition, we control for policy, economic, contextual, and
time fixed effects. The equation for the regression model is given below.
log(distributed generation)
=a; + P;(log(utilty scale procurement)) + y(Year)
+ §(Insolation) + {(Personal Income) + n(Energy Cost)
+ 6(CCA) + ((RPS) + k(Solar Compensation Legislation)
+ A(Rebates) + u(Tax Credits) + v(Deregulated Electric)
In addition, we estimate a fixed effects model, which also includes demographic controls.

Additional regression models are included in Appendix C as robustness checks.
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4. RESULTS AND DISCUSSION

4.1. DESCRIPTIVE STATISTICS

In the last 4 years, utility-scale procurement has grown faster than distributed
procurement. As shown in Figure 4-1, distributed generation (red bars on left) increased
each year, nearly doubling from 2016 to 2019. In addition, utility-scale
procurement nearly tripled, increasing by 173%. The vast majority of utility-scale
procurement is from PPAs, followed by Competitive Suppliers. The prevalence of PPAS
is likely because they provide consumers with green electricity at a stable, predefined rate

which can act as a hedge against uncertainty (NREL, 2018).

2016 2017 2018 2019

60

Type

. Distributed Solar

. CCAs

. IUtility Green Pricing
. Unbundled RECs
. Competitive Suppliers

B eeas

Distributed IUtility Distributed Utility Distributed |Hility Distributed Utility
Type

Figure 4-1. Both Distributed Solar Generation and Utility-Scale Procurement Increase
Over Time
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Pearson correlations in Table 4-1 suggest there are distinct patterns for distributed

and utility-scale renewable procurement. Higher insolation was associated with higher

utility-scale procurement, r(244) =0.18, p=.003, more so than distributed

generation, r(244) =-0.05, p=.047. For distributed generation, the strongest correlations

were with rebates r(244) =0.54, p <.001 followed by personal income per capita r(244) =

0.47, p <.001. For utility-scale procurement, the strongest correlation was with the RPS

laws, suggesting that RPS laws tend to incentivize utility-scale options r(244) =0.23, p

<.001. A correlation table with the additional demographic variables included in the

fixed effects model (Model 2) only, as well as descriptive statistics and histograms for

each variable are provided in the Appendix.

Table 4-1. Correlation Matrix

1 2 3 4 5 6 7 8 9 10 11
1. Distributed PV 1

Generation

2. Utility-Scale

Procurement 0.02 1

3. Tax Credits 0.34* | 0.12 1

4. Rebates 0.54* 0 0.11 1

5. Solar 0.22% | 005 | -0.02 | 0.18* | 1

Compensation

6. RPS 0.18* | 0.27* | 0.07 | 0.18* | 0.34* 1

7.CCA 007 | 006 | -0.04 | 0.05 | 013 | 0.24* | 1

8. Deregulated 0.3* | 004 | 013 | 0.36* | 011 | 0.31* | 054% | 1

Electric

9. Daily Insolation | -0.05 | 0.18* | 0.11 | -0.11 | -0.12 | 0.01 | -0.2* | -0.42* 1

10. Energy Cost 0.39* 0 0.08 | 0.37* | 0.15* | 0.29* | 0.33* | 0.37* | -0.35* 1

11. Income 0.45* | 0.03 | -0.05 | 0.51* | 0.01 | 0.28* | -0.04 | 0.29* | -0.02 | 0.28* | 1

Note: *p < .05
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4.2. MODELING RESULTS

The relationship between utility-scale and distributed generation was estimated at
the state-level using mixed effects (Model 1) as well as fixed effects (Model 2) for
comparison. A Hausman test was employed to detect model misspecification, where the
null hypothesis would suggest that the mixed effects model performs better, and the
alternative hypothesis suggests the fixed effects model performs better (Hausman, 1978).
The Hausman test rejected the null hypothesis, suggesting that the fixed effects model is
superior due to model misspecification, y?(14) = 34.13, p = .002.

An Augmented Dickey-Fuller test can be used to test for stationarity or the
existence of a unit root. In a Dickey-Fuller test, the null hypothesis states that there is a
unit root whereas the alternative hypothesis verifies that the data is stationary (Dickey &
Fuller, 1979). The test found that every predictor variable was stationary at the .01
significance level, as shown in Table 4-2. This provides evidence that a first differences
model or a difference in differences model may not be superior to a standard regression
model.

A Durbin-Watson test was used to determine the serial independence, or
autocorrelation, of variables in the regression which were not consistent across each year.
In this test, the null hypothesis states that the variables are serially independent, and the
alternative hypothesis states that the variables are serially correlated (Durbin & Watson,
1971; Hatekar, 2010, p. 379). The mixed effects model DW = 1.60, p=.0009 rejected the
null hypothesis, determining that there is serial correlation in idiosyncratic errors,
whereas the fixed effects model DW=2.22, p=.95 accepted the null hypothesis,

determining that there is little risk of serial correlation.
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The mixed effects model was still included as the primary model (Model 1)
because this research aimed to study the heterogenous differences in procurement trends
between states and the mixed effects model allows for varying slopes and intercepts for
each state. In addition, the high conditional R? value of the mixed effects model suggests
that the random effects in the mixed effects model explain significantly more variation

than the fixed effects alone.

Table 4-2 Augmented Dickey-Fuller Test

Variable Dickey-Fuller Statistic
Distributed Generation -11.858**
Utility-Scale Procurement -12.906**
Personal Income -11.581**
Energy Cost -15.217**
Male -14.543**
White -14.776**
Age -15.833**

Across states, both the mixed effects and fixed effects models suggest there is no
statistically significant relationship between distributed and utility-scale procurement
decisions when controlling for policy, environmental, and socio-economic variables
(Table 4-3). Consistent with the literature, the models suggest that the implementation of

residential solar tax credits (Durham et al., 1988; Michaud & Pitt, 2018), solar
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compensation legislation (Carley, 2009a; Crago & Koegler, 2018; Matisoff & Johnson,
2017; Michaud & Pitt, 2018), and rebates (Model 2 only) (Crago & Chernyakhovskiy,
2017; Crago & Koegler, 2018; Hughes & Podolefsky, 2015; Sarzynski et al., 2012; Sun
& Sankar, 2022) are associated with higher rates of distributed solar generation in the
residential sector. These results are expected as they all provide a financial incentive to
install distributed solar. In addition, states with higher distributed solar generation tend to
have higher average energy costs and incomes. However, both models suggest that the
ratio of distributed solar generation decreases when an RPS is present. This contrasts with
the literature, which estimates that RPS laws have increased residential solar distribution;
however, studies in the literature tended to use distributed solar installations as a response
variable when measuring distributed solar, whereas this study uses distributed solar
generation, indicating that RPS may play a role in increasing installations but not
necessarily impact the total amount of distributed generation (Carley, 2009a ; Crago &
Koegler, 2018; Li & Yi, 2014; Sarzynski et al., 2012; Wiser et al., 2011). In addition, we
do not find an effect for solar insolation, which has been a significant predictor of solar
generation in other models (Bennett et al., 2020; Borchers et al., 2014; Crago and
Chernyakhovskiy, 2017; Crago & Koegler, 2018; Hsu, 2018; Kwan, 2012; Li & Yi,
2014; Michaud & Pitt, 2018). Additional models serving as robustness checks are

included in the Appendix.



Table 4-3. Mixed and Fixed Effects Model Estimation of Log (Distributed Solar
Generation Ratio)

Model 1
(Mixed Effects)

Model 2
(Fixed Effects)

Variables Estimate (SE) Estimate (SE)
Constant -56.72 (19.62)** 13.79 (13.39)
log(Utility-Scale Procurement Ratio) 0.03 (0.05) -0.01 (0.05)
RPS -1.24 (0.49)* -0.8 (0.28)**
CCA Legislation -0.42 (0.83) -0.64 (0.39)
Deregulated Electric 1.17 (0.71) 0.26 (0.35)
Solar Compensation 2 (0.81)* 1.54 (0.39)***
Tax Credit 2.14 (0.61)** 2.12 (0.28)***
Rebate 1.05 (0.67) 1.22 (0.33)***
Solar Insolation 1.2 (0.98) 0.34 (0.51)
Energy Cost 2.18 (0.48)*** 2.93 (0.6)***
Personal Income 4.09 (1.66)* 3.74 (0.84)***
Female 0.97 (0.18)***
White 0.03 (0.01)*
Age -0.34 (0.06)***
Democratic Lean 0.75 (0.29)*

N 204 204

Number of States + Washington, DC 51 51

Year Fixed Effects Yes Yes

Marginal R? 0.5028 0.6195
Conditional R? 0.9338

*x* < 001, **p < .01, *p < .05

4.3. STATE ANALYSES
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Based on the mixed effects model, state-level estimates of the coefficient for the

utility-scale procurement ratio were also examined. As shown in Figure 4-2, the state-
level random effect coefficients range from -0.1 to 0.3, suggesting that this relationship
between distributed and utility-scale procurement varies between states. To investigate

this relationship, we highlight 3 states for discussion (1) Vermont, positive relationship,

(2) North Dakota, negative relationship, and (3) Oregon, no relationship. Table 4-4 shows

data for each of these three states.
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Respanses
0.2
0.1 -

0.0 {r-}

0.1

Figure 4-2. State Random Effects Relationship Between Utility-Scale Procurement and
Distributed Generation

In Vermont, the model suggests that as utility-scale procurement increases by 1%,
distributed solar generation also increases by 0.32%. This is largely attributed to a policy
environment that encourages both distributed and utility-scale renewable procurement.
While Vermont does not have solar PV tax credits, there is net metering at the retail rate
which allows for extra generated electricity to be credited to the customer’s next
electricity bill (DSIRE, 2021; Vermont, 2022). Vermont’s Clean Energy Development
Fund (CEDF) specifically incentivizes distributed generation by providing funding for
solar, wind, geothermal, and other types of renewable generation (DSIRE, 2021;

Vermont, 2016). Roughly 26% of the fund’s budget goes to funding biogas, with 23%
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going towards incentive programs for consumers to adopt renewables and another 22%
going to tax credits for solar energy (with tax credits being counted separately from other
forms of incentives); the remaining budget is divided up among efficiency technologies,
wind, hydro, and other costs associated with promoting clean energy (Symington et al.,
2013). In 2016, Vermont established a goal as part of their Comprehensive Energy Plan
to procure 90% of energy used in the state from renewable sources by 2050. To achieve
this goal, the Vermont Renewable Energy Standard requires utilities to meet 75% of
energy sales with utility-scale renewable energy and 10% with distributed generation by
2032 (Vermont, 2016). As of 2020, electricity generation in Vermont is almost entirely
from renewable sources, primarily utility-scale hydro-electric (58%) and wind (15%).
Vermont’s utilities are regulated monopolies and there is no CCA-enabling legislation
(DSIRE, 2021). Overall, Vermont is a net importer of energy, as demand for electricity is
approximately three times the available in-state production (EIA, 2021).

Vermont has less-than-average solar insolation, approximately a third of a
standard deviation below the national average (Marion & Wilcox, 1994). However,
Vermont’s average energy cost was, on average, 14.72 cents per kWh, which was a
standard deviation higher than the average (10.97 cents per kWh), suggesting that high
energy costs are contributing to Vermont consumers’ willingness to engage in distributed
generation, but not high enough to discourage utility-scale renewable adoption (EIA,
2020). Lastly, the demographics of Vermont are consistent with populations that tend to
adopt distributed solar at higher rates. Vermont’s population is more female, White, and
older (US Census Bureau, 2019). Average personal income in Vermont was at $52,100,

averaged across all years, only slightly higher than the average across all states, or less
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than a tenth of a standard deviation (US Census Bureau, 2019). The state also voted for
the Democratic nominee in 2016 (US National Archives, 2016).

In contrast, for North Dakota, the model suggests that as utility-scale procurement
increases by 1%, distributed solar generation decreases by 0.20%. This is largely
attributed to weak incentives for renewables in the context of high fossil fuel reserves
within the state. North Dakota has a modest RPS, targeting 10% renewable generation by
2015, but there are no future goals or penalties (DSIRE, 2021). North Dakota
compensates excess solar production at the avoided-cost rate, which is usually
significantly lower than the retail rate (DSIRE, 2021; Lawson, 2019; Schelly et al., 2017).
North Dakota does not have any incentives for distributed renewable generation and the
utilities are regulated monopolies (DSIRE, 2021).

North Dakota is a net-exporter of electricity and produces seven times more
electricity than is consumed within the state due to the small population and large
amounts of available energy resources. Overall, electricity is cheap at 8.77 cents per
kWh, over half a standard deviation lower than the average of 10.97 cents per kWh (EIA,
2020). North Dakota is the second largest producer of crude oil and has the largest
deposit of lignite coal in the U.S. Most of the electricity production is from coal (57%),
followed by wind (31%) and hydroelectric (8%). North Dakota has abundant solar
resources, receiving 2.6 standard deviations more solar insolation than the average state
(Marion & Wilcox, 1994). Despite favorable environmental conditions, there are no
utility-scale geothermal or solar generation facilities (EIA, 2021). Given the economic
reliance on coal, fossil fuels are likely perceived as more favorable than renewable

energy (Crowe & Li, 2020). Additionally, production of ethanol — a major source of
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renewable energy in North Dakota — has plateaued in recent years, indicating new
renewable generation may be stagnating (Coon et al., 2012). This stagnation may lead to
a reduction in utility-scale procurement because ethanol is included in some utility-scale
renewable options (O’Shaughnessy et al., 2017). North Dakota’s population is more
male, less White, and younger (US Census Bureau, 2019). North Dakota averaged
$57,600 in personal income, putting it above the national average for the period studied
(US Census Bureau, 2019). The state voted for the Republican nominee in 2016 (US
National Archives, 2016).

Lastly, in Oregon, the model suggests that there is no relationship between utility-
scale procurement and distributed solar generation, = -0.03. While Oregon has policy
incentives for distributed solar, there is less solar insolation, minimizing uptake. Oregon
incentivizes distributed solar via rebates, net metering, and an RPS. Oregon has four solar
rebate programs, one of which is funded by the state budget rather than a public benefits
fund (DSIRE, 2021). The state-funded rebate reimburses consumers between $0.20 and
$1.80 per kW depending on a consumer’s income and eligibility for utility incentives
(DSIRE, 2021). The Energy Trust of Oregon administers the remaining three rebate
programs, two of which reimburse consumers for new installations of solar photovoltaics,
focusing on those specifically with low income, and one of which is awarded based on an
“energy performance score” in new housing units (DSIRE, 2021). Oregon net metering
allows utilities to compensate consumers for excess solar generation with either energy
credits which can be credited to future months and rolled-over for up to a year or
purchased at the avoided-cost rate (DSIRE, 2021). Oregon also has an RPS which

requires large utility companies to sell at least 15% green power by 2015, increasing
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every 5 years to a total of 50% green energy sold by 2040 (DSIRE, 2021; State of

Oregon, 2021). The state does not have CCA-enabling legislation or residential solar tax

credits, however, it does have a deregulated electricity market (DSIRE, 2021).

Table 4-4. Select States’ Averages and Standard Deviations

State Vermont North Dakota Oregon

Observed Positive Negative No Correlation
Relationship Correlation Correlation

Relationship Level 0.32 -0.20 -0.03

(B)

Tax Credits No No No

Rebates Yes No Yes

Solar Yes —at Yes — at Avoided Yes — Either as
Compensation Residential Retail ~ Cost Rate Energy Credit or at

Rate

Avoided Cost Rate

RPS Yes - 75% by 2032 Yes — 10% by 2015 Yes —50% by 2040
CCA No No No
Deregulated No No Yes
Electric

Daily Insolation 13,375 26,011 12,614
(KJ/m~2/day)

Energy Cost 14.72 8.70 8.73

(2017 cents/fKWh)  (0.08) (0.33) (0.24)
Personal Income  $52,127 $53,764 $49,415
(2017 ($694) ($1,088) ($1,545)
Dollars/year)

Female % 49.4 (0.13) 50.5 (0.25) 49.6 (0.06)
White % 94.1 (0.25) 86.8 (0.56) 84.1 (0.44)
Age 42.9 (0.24) 36.3 (0.84) 39.5 (0.24)
Democratic Lean  Democrat Republican Democrat

Oregon is below-average state for solar insolation, at about half a standard

deviation below the mean (Marion & Wilcox, 1994). Energy costs are also lower, just

over half of a standard deviation below the average, largely due to hydroelectric
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resources (EIA, 2020; EIA, 2021a). Only 2% of Oregon’s energy came from solar energy
(EIA, 2021a). Oregon’s population is more female, more White, and older (US Census
Bureau, 2019). The state averaged $49,400 in personal income, putting it slightly below
the national average (US Census Bureau, 2019). Oregon also voted for the Democratic
presidential candidate in 2016 (US National Archives, 2016). The state is a net importer

of electricity (Oregon Department of Energy, 2020).
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5. CONCLUSION

This study estimated the relationship between distributed and utility-scale
renewable procurement across the US. In theory, there are three possible relationships,
(1) positive correlation, where utility-scale and distributed resources complement each
other to increase overall production, (2) negative correlation, where utility-scale and
distributed resources are substitutes, and (3) no correlation, suggesting that these different
procurement choices are unrelated. When aggregated across states, there is no evidence
of a relationship between utility-scale and distributed procurement ratios. However, when
disaggregated, there are heterogeneous effects across the different states, with a few clear
outliers.

At the state level, the relationship between distributed and utility-scale
procurement is influenced in part by the interactions between policy incentives, available
energy resources, and energy costs. An examination of Vermont (positive relationship),
North Dakota (negative relationship), and Oregon (no relationship) demonstrates the
variability between states. Vermont has aggressive renewable energy goals and imports
most of their electricity from nearby states (primarily hydro). The primary difference
between Vermont and Oregon, which have comparable solar insolation, is the cost of
electricity. Electricity is much more expensive in Vermont. In contrast, North Dakota
does not incentivize renewable energy, largely due to a large amount of fossil fuel
resources in the state. As a result, there is weak uptake of distributed solar, despite a

higher level of solar insolation than Vermont and Oregon.
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Ultimately, this suggests that consumers are sensitive to the choice framing or
how the choice between distributed and utility-scale options are presented. Research
suggests that households are more likely to adopt solar if they see their neighbors
adopting solar (Rai & Robinson, 2015). In addition, a meta-regression analysis of
willingness-to-pay for renewable energy studies suggested that the willingness to pay
depended more on a given study’s methodology (such as survey design and
administration), rather than the factors measured by that study (such as income or the
share of renewable energy generated by an option) (Ma et al., 2015). This suggests that
consumer decisions may be highly sensitive to how they are presented, so decision-
makers need to decide whether or not to actively incentivize both options.

Because these results suggest that the relationship between distributed generation
and utility-scale procurement for renewable procurement varies considerably between
states, policymakers should keep this in mind when designing policy to promote
renewable procurement. For instance, policymakers may allow those who opt-in to green
pricing programs with their utility to gain additional rebates on solar panels they purchase
in the near future, thus incentivizing the adoption of multiple renewable options at
once. For states in which renewable options tend to be positively related, a policymaker
may be able to increase multiple forms of renewable procurement simultaneously even if
only one form of renewable procurement is specifically incentivized.

Additionally, in terms of policies, this work suggests that providing rebates and
tax credits for installing residential solar panels correlates with an increase in generation
from residential solar panels, consistent with literature (Bauner & Crago, 2015; Crago &

Chernyakhovskiy, 2017; Crago & Koegler, 2018; Durham et al., 1988; Hughes &
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Podolefsky, 2015; Michaud & Pitt, 2018; Sarzynski et al., 2012; Sun & Sankar,
2022). Solar compensation tended to be associated with a significant increase in
distributed generation as well, again consistent with the literature (Carley, 2009a; Crago
& Koegler, 2018; Matisoff & Johnson, 2017; Michaud & Pitt, 2018). Finally, even after
controlling for policies, states which voted for the democratic candidate in 2016 tended to
see higher levels of distributed solar procurement (Carley, 2017; Menegaki, 2004).

There are 2 primary limitations for this study, (1) high level of aggregation and
(2) limited data availability. First, aggregating data at the state level masks decision-
making dynamics at the household, municipal, and utility levels. However, there is very
limited data availability at a lower resolution than the state-level. For example, there are
differences in how NREL and EIA collect data, which makes it difficult to join. In
addition, utility territories can cover multiple states, so the policy environment is not
consistent for utility-level analysis. More detail is provided in Appendix C.

Second, data was only available for 4 years (2016-2019). Over time, more data
will become available and increase opportunities for more appropriate modeling
approaches. For example, it may be worthwhile to consider the presence of moderating
and mediating variables or use two-stage models. Energy is a complex system and many
factors influence these decisions. Future studies will be able to perform much more
robust analyses, being able to detect smaller effects and see a more holistic view of how
consumers view utility-scale renewable options.

Overall, our findings suggest that future research should explicitly consider how
options for renewable procurement influence each other. Consumers are not making

decisions in a vacuum and perceive advantages and disadvantages for these different



options. To speed up renewable deployment, it may be advantageous to specifically
incentivize complementary adoption, where consumers leverage both distributed and

utility-scale resources.
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APPENDIX A.

DESCRIPTIVE STATISTICS PLOTS
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APPENDIX B.

FIXED EFFECTS CORRELATIONS



Table B-1. Fixed Effects Correlations

50

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
1. Distributed 0.02 0.34 0.54 0.22 0.18 0.07 0.3 -0.05 0.39 0.45 0.2 -0.3 0.01 -0.39
PV Generation Kk *kk *k * *kk Kk Kk *% *kk *kk
2. Utility-Scale 0.02 0.12. 0 -0.05 0.27 0.06 0.04 0.18 0 0.03 -0.21 0.07 -0.16 -0.13
Procurement *orx * *x *
3. Tax Credits 0.34 0.12. 0.11 -0.02 0.07 -0.04 -0.13 0.11 0.08 -0.05 -0.14 -0.04 -0.07 0.04
ok *
4. Rebates 0.54 0 0.11 0.18 0.18 0.05 0.36 -0.11 0.37 0.51 0.1 -0.26 0.18 -0.43
ok *x *x K *hk *hk ok * ok
5. Solar 0.22 -0.05 -0.02 0.18 0.34 0.13. 0.11 -0.12 0.15 0.01 0.12. -0.07 0.19 -0.25
Compensation ** ** *kk * ok Kk K
Laws
6. RPS Laws 0.18* 0.27 0.07 0.18 0.34 0.24 0.31 0.01 0.29 0.28 0.06 -0.04 0.11 -0.42
*ok K * K Aok Hokk ok ok * ok * ok XKk
7. CCA Laws 0.07 0.06 -0.04 0.05 0.13. 0.24 0.54 -0.2 0.33 -0.04 0.18 -0.05 0.1 -0.28
ok ok *x ok * ok
8. Deregulated 0.3 0.04 -0.13. 0.36 0.11 0.31 0.54 -0.42 0.37 0.29 0.38 -0.09 0.25 -0.45
EIECtriC A%k Hokk Hokk Hokk >k * ok >k ok ok ok ok * Kk
9. Daily -0.05 0.18 * 0.11 -0.11 -0.12 0.01 -0.2 -0.42 -0.35 -0.02 -0.34 0.06 -0.45 0.04
Insolation ** EEE *okk Ak Hkk
10. Energy Cost 0.39 0 0.08 0.37 0.15 0.29 0.33 0.37 -0.35 0.28 0.05 -0.35 0.28 -0.34
*hk ok * ok ok ok *hk *hk ok ok ok
11. Personal 0.45 0.03 -0.05 0.51 0.01 0.28 -0.04 0.29 -0.02 0.28 0.02 -0.08 0.18 -0.43
Income ok ok ok ok ok *x ok
12. Female 0.2 ** -0.21 -0.14 0.1 0.12. 0.06 0.18 0.38 -0.34 0.05 0.02 -0.31 0.35 -0.1
* K * * ok ok * ok ok ok ok ok
13. White -0.3 0.07 -0.04 -0.26 -0.07 -0.04 -0.05 -0.09 0.06 -0.35 -0.08 -0.31 0.25 0.23
* %k Hokk >k Hokok Hokok >k
14. Age 0.01 -0.16 -0.07 0.18 * 0.19 0.11 0.1 0.25 -0.45 0.28 0.18 0.35 0.25 -0.17
* *k ok *kk ok *x ok Hkk *
15. Presidential -0.39 -0.13. 0.04 -0.43 -0.25 -0.42 -0.28 -0.45 0.04 -0.34 -0.43 -0.1 0.23 -0.17
Vote * %k Hokk * kK Hokk Hokk Hokk >k >k Hokok *
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Table C-1. Regression Model With First Differences Model Included for Comparison

Model 1
(Mixed Effects)

Model 2
(Fixed Effects)

Model 3
(First Differences)

Variables Estimate (SE) Estimate (SE)  Estimate (SE)
Intercept -56.72(19.62)** 13.79(13.39)  0.2(0.15)
Utility-Scale Procurement 0.03(0.05) -0.01(0.05) 0.03(0.03)
RPS -1.24(0.49)* -0.8(0.28)**

CCA Legislation -0.42(0.83) -0.64(0.39)

Deregulated Electric 1.17(0.71) 0.26(0.35)

Solar Compensation 2(0.81)* 1.54(0.39)***

Rebate 1.05(0.67) 1.22(0.33)***

Tax Credit 2.14(0.61)** 2.12(0.28)***

Insolation 1.2(0.98) 0.34(0.51)

Energy Cost 2.18(0.48)***  2.93(0.6)***  2.8(0.59)***
Personal Income 4.09(1.66)* 3.74(0.84)***  8.22(7.79)
Female 0.97(0.18)***  -0.05(0.17)
White 0.03(0.01)* 0.03(0.01)*
Age -0.34(0.06)*** -0.22(0.07)**
Political Lean -0.75(0.29)*

2017 0.35(0.14)* 0.34(0.29) 0.03(0.09)
2018 0.57(0.15)***  0.58(0.29). -0.03(0.09)
2019 0.78(0.16)***  0.87(0.3)**

Number of Observations 204

R"2 (Marginal) 0.5028 0.6195 0.3046

R”2 (Conditional) 0.9338




Table C-2. Regression Table with RPS Trend Instead of RPS Binary

Model 1
(Mixed Effects)

Model 2
(Fixed Effects)

Variables Estimate (SE) Estimate (SE)
Constant -53.54 (19.76)** 9.26 (15.60)
Utility-Scale Procurement Ratio 0.02 (0.05) -0.02 (0.05)
RPS Trend -0.06 (0.04)* -0.05 (0.02)*
CCA Legislation -0.34 (0.82) -0.64 (0.39)
Deregulated Electric 1.10 (0.70) 0.30 (0.34)
Solar Compensation 1.8 (0.79)* 1.46 (0.41)***
Rebate 1.25 (0.65) 1.34 (0.30)***
Tax Credit 2.09 (0.70)** 1.99 (0.26)***
Solar Insolation 1.23 (0.99) 0.34 (0.51)
Energy Cost 2.10 (0.49)*** 3.00 (0.66)***
Personal Income 3.77 (1.63)* 3.63 (0.72)***
Female 0.93 (0.22)***
White 0.03 (0.01)*
Age -0.32 (0.07)***
Democratic Lean 0.72 (0.31)*

N 204 204

Number of States + Washington, DC 51 51

Year Fixed Effects Yes Yes

Marginal R? 0.5028 0.6195
Conditional R? 0.9338

***n < 001, **p < .01, *p < .05
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Table C-3. Mixed and Fixed Effects Model Estimation of Log (Distributed Solar
Generation Ratio) with Demographic Variables Included in Mixed Effects Model

Model 1 Model 2

(Mixed Effects) (Fixed Effects)
Variables Estimate (SE) Estimate (SE)
Constant -27.25(23.04) 13.79 (13.39)
Utility-Scale Procurement Ratio 0.05(0.05) -0.01 (0.05)
RPS 0.93(0.16)*** -0.8 (0.28)**
CCA Legislation 3.31(1.77). -0.64 (0.39)
Deregulated Electric 2.43(0.49)*** 0.26 (0.35)
Solar Compensation 0.64(0.14)*** 1.54 (0.39)***

Rebate 0.36(0.13)** 1.22 (0.33)***

Tax Credit 0.1(1.03) 2.12 (0.28)***

Solar Insolation -0.95(0.86) 0.34 (0.51)

Energy Cost -1.48(0.5)** 2.93 (0.6)***

Personal Income 2.01(0.87)* 3.74 (0.84)***

Female 1.38(0.72). 0.97 (0.18)***

White 2.02(0.64)** 0.03 (0.01)*

Age -0.34
1.1(0.75) (0.06)***

Democratic Lean -0.08(0.15) 0.75 (0.29)*

N 204 204

Number of States + Washington, DC 51 51

Year Fixed Effects Yes Yes

Marginal R? 0.5170 0.6195

Conditional R? 0.9483

*** < 001, **p < .01, *p < .05
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First, there appear to be substantial differences in the way that data is collected by
NREL and the EIA. Many times, companies will report to NREL higher rates of
renewable procurement in MWh than the EIA reports total energy procurement. Thus, it
was impossible to calculate the percentage of voluntary renewable procurement at the
utility level. Additionally, when it comes to residential solar, the EIA only reports the
amount of energy sold back to the utility rather than the total amount produced, making it
difficult to calculate the share of residential solar energy generation.

Another problem lies in how utilities are separated. Many privately owned
utilities have a number of different sub-divisions. Thankfully, the EIA reports data using
utility 1D numbers as the unit of analysis, making data collection easy. However, NREL
tends to collect data for the entire corporation, it is difficult to join the multiple data sets.
Additionally, some utilities cross state lines, making it difficult to control for state policy
factors.

There are also a number of variables which cannot easily be collected for
individual utilities. For instance, solar insolation tends to be an important control.
However, in order to calculate the insolation for a utility area, one must first collect a GIS
file containing the exact borders and area of the utility. From there, one would need to
use that file to calculate the average insolation throughout the utility’s area of service
using insolation data from the National Solar Radiation Database (NSRDB) provided by
NREL. The other major variables which cannot easily be gathered for individual utilities

are demographic data, such as average age, race, and sex data.
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