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Abstract:
Comparing and evaluating the performance of the policy networks are important tasks for
researchers of network governance and public administration. Limited by the availability of
policy network data across time and space, the study of network performance is not on pace with
advances in theories and methodologies in network governance and analysis. Measuring the
clean energy policy networks across the 48 continental states in the United States with hyperlink
networks, this study puts together a large sample of policy networks in the same policy domain
across geographic locations. Drawing upon the theoretical framework of Institutional Collective
Action (ICA), a set of hypotheses regarding network performance was developed in this paper.
This paper argues that policy networks with high overall bridging and bonding social capitals,
operationalized as average degree, average closeness, average betweenness and average
clustering, have better network performance or policy outcomes, measured as the changes in
green jobs in the clean energy policy arenas across the U.S. states. Regression analysis shows
that network structures have statistically significant and practically substantial effects on the
policy outcomes. States with high overall bridging and bonding social capitals in their policy
networks are more likely to have faster green economic development.
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Introduction
The trend to decentralize the authorities of government and to involve diverse actors in
the policy making process has attracted much academic attention on the dynamics of network
governance (Heclo 1978; Dowding 1995; O’Toole 1997; Klijn and Koppenjan 2000; Provan and
Milward 1995). The research on network governance has advanced dramatically over the past
decade in terms of theory development and methodology evolvement (Lubell et al. 2012). In
terms of theory, competing theoretical frameworks, such as the Advocacy Coalition Framework
(Sabatier and Jenkins-Smith 1993; Sabatier and Weible 2007), Institutional Collective Action
framework (Feiock and Scholz 2010), and Ecology of Games (Lubell et al. 2010; Henry, Lubell,
and McCoy 2011), are developing and evolving to explain the dynamics of network governance.
The advancement in theory is accompanied with breakthroughs in statistical tools of network
analysis, such as Quadratic Assignment Procedures (QAP), and Exponential Random Graph
Models (ERGMs) (Robins, Lewis, and Wang 2012; Robins et al. 2007; Snijders et al. 2006),
with which a set of previously unaddressed research questions could be answered.
The coevolution between theories and methods has stimulated investigations on a series
of research questions on the dynamics of network governance. ERGMs are typically used to
study the formation of policy networks and collaborative relationships among policy actors
(Andrew, 2010; Shrestha, 2010; Park and Rethemeyer 2012). QAP is used to study the
multiplexity among the multiple relationships in the policy network (Shrestha, 2012). Network
regression is applied to study the impact of nodal characteristics on the performance of
individual actors (XXX, XXX). What is missing in this literature is the comparison of network
performance across networks. After the early call for the study of network performance (Provan
and Milward 1995), very few studies were done to compare network performance across
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geographic areas (Milward and Provan 1998; Provan and Kenis 2008; Lee and Rethemeyer
2013). The few studies on comparing network performance have mostly relied on case studies of
policy networks, and the lack of large samples of comparable policy networks has thwarted
meaningful comparisons of network performance.
A few research questions need to be addressed in underlying network performance. Does
network structure matter in determining policy outcomes? If yes, what specific structures are
important in shaping the performance of the policy networks? What theories could be used to
inform the study of network performance? Relying on the Institutional Collective Action (ICA)
framework (Feiock and Scholz 2010), this study seeks to understand the relationship between
network structures and network performance across 48 policy networks in the U.S. states, using
state clean energy policy arenas as the cases and green economic development as the
performance indicator.
The next section presents extant comparative studies on network performance. Drawing
upon ICA framework, theoretical arguments are then articulated on how bridging and bonding
social capitals at the network level affect network performances across the policy networks.
Afterwards, this paper discusses the data collection strategies for the network data and other
variables. A regression model is used to evaluate the impact of the network structures, along with
other policy and socio-economic variables, on the performance of clean energy policy networks,
measured in percent changes in green jobs in each state. The results are then presented and
discussed. The paper concludes with theoretical and practical implications with directions for
future research.

Network Structures and Network Performance
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The mainstream view among policy makers, academics, and public administration
professionals on network governance is that it helps achieve performance that otherwise could
not be achieved through individual organizations (Provan and Kenis 2008; Turrini et al. 2010).
Therefore, studying and evaluating the performance and effectiveness of the public management
and policy networks are of academic and practical importance. The assumption of this stream of
research is that network structure matters and shapes behavior and outcomes (Berry et al. 2004).
Different from other streams of network research, studies investigating network
performance use network as the unit of analysis. Examining the whole network can help
understand how networks evolve and how collective outcomes are achieved (Provan et al. 2007).
This stream of research is typically context-specific, relying on case studies with network
analysis as the research methodology. Provan and Milward (1995) offered one the early studies
on comparing network effectiveness across policy networks. Comparing network performance
across four community mental health systems, they found that network integration, external
control, system stability and environmental resource munificence are important determinants for
network outcomes. This study is extended by Provan and Sebastian (1998), showing that
network integration matters when small cliques have overlapping relationships through
reciprocal referrals and case coordination.
The network structures used are mainly density, fragmentation and structural holes,
centralization and network cliques (Provan et al. 2007; Albert and Barabasi 2002; Provan and
Milward 1995), but are generally in lack of theoretical bases for the choice of network structure.
This study will further examine the additional network structures, such as betweeness centrality,
closeness centrality and clustering coefficient, informed by ICA framework (Feiock and Scholz
2010).
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Over-reliance on case studies to investigate network effectiveness comes with advantages
and disadvantages. As summarized by Berry et al. (2004), these case studies offer much
contextual complexities, but are “less able to substantiate the extended effects of structural
relations among multiple actors” (Berry et al. 2004, p.548). Thus they called for large-N studies
of network performance, which could provide the most generalizable results. This paper is an
effort to conduct large-N studies of policy networks across the clean energy policy domain in 48
U.S. states. The goal is to theorize and empirically test the nuanced and relationship between
network structure and network performance.

State Clean Energy Policy Arenas
In an age of emerging impacts on the natural environment and human society from global
climate change and rising price of traditional sources of energy, clean energy development is
increasingly seen as a promising alternative to mitigate the climate change, diversify the energy
supply and stimulate the economic development (Rabe, 2006; Drummond, 2010; Yi, 2013). In
the context of the U.S., the federal government had not taken a proactive role in clean energy
until President Obama took office in 2008. The lack of national leadership in this policy arena
has resulted in greater reliance on state and local efforts in energy efficiency and renewable
energy. State governments in the U.S. have adopted renewable portfolio standards, energy
efficiency resource standards and various tax incentives to stimulate the growth of clean energy
industry (Rabe, 2004, 2006; Yi, 2014; Li and Yi, 2014).
Among the three goals of energy policy (i.e. energy security, environmental sustainability
and economic development), job creation is increasingly considered an important policy goal by
policy makers. In fact, the rationales for the adoption of renewable portfolio standards are based
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on economic development instead of climate protection in some states (Rabe, 2004). As a result,
the number of green jobs could be used as an indicator to evaluate the performance of the clean
energy policy arena among the U.S. states (Yi, 2014).
Some empirical studies were done to evaluate the growth of green jobs in the states. Yi
(2013) empirically evaluated the impact of clean energy policies on green jobs in US
metropolitan areas, and found moderate to positive associations among state clean energy tools,
local climate policies and the number of green jobs. Bowen et al. (2013) pointed out that the state
renewable energy portfolio standards (RPS) in the United States did not have a significant effect
on green job growth, but did help create green businesses, a result also confirmed in another
study (Yi, 2014).
What is missing in this literature is that no studies were targeted on how the varying
structures of policy networks in different states affect the policy performance of green economic
development. Using the green jobs creation as the dependent variable, this study investigates
how network-level characteristics of the state clean energy policy networks affect green jobs
creation as a policy outcome across the 48 continental states.

Bridging and Bonding Capitals and Network Performance
Recent decade has seen an increasing interest in policy network studies, with significant
advancement of new theories and frameworks of policy networks. Institutional Collective Action
(ICA) framework and the related Ecology of Games framework are directly addressing
theoretical and methodological issues involving policy networks. Under the ICA framework,
studies were done to understand local economic development (Lee, Feiock and Lee, 2010), local
public goods supply (Shrestha and Feiock, 2011) and local water governance (Scholz, Berardo
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and Kile, 2008). The ICA framework explicitly deal with policy networks and is grounded on
network analytic methodologies, and various network statistical models were used, including
QAP (Quadratic Assignment Procedure) model and ERGM (Exponential Random Graph)
models.
Policy actors in the state clean energy policy arena are engaging in two types of games in
this policy network: a coordination game and a cooperation game (Berardo and Scholz, 2010).
The coordination game is characterized by a low risk prisoner’s dilemma, in which efficient
information sharing and transmission is needed to ensure collaborative relationships. In the field
of clean energy policy, this coordination is exemplified by the mutual sharing of policy-relevant
technical knowledge regarding the causes of climate change, the cost and benefits of different
clean technology alternatives and expert judgment regarding appropriate windows for policy
change for green jobs.
The cooperation game comes into play when higher risks are at stake, and trust among
the players is important to achieve collaboration. In the case of clean energy policy, trust-based
cooperation is needed among the advocacy organizations to collectively lobby for favorable
policy change for green jobs creation. The games at play have implications for the underlying
network signatures needed to maintain the overall structural relationships in the policy network.
A network microstructure conducive for information bridging and diffusion of ideas is needed in
a coordination game, while tightly-clustered and strong bonding structures are needed in a
cooperation game. The presence and strength of the relevant bridging and bonding network
structures will affect the performance in green job creation.
State Clean Energy Policy Arena as a Coordination Game
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Information sharing and coordination is important for clean energy policy actors. Policy
makers need information from target population to ensure policy implementation and evaluation.
Policy advocacy groups need policy relevant information and technical knowledge in the policy
area to influence the policy making process (Carpenter et al., 1998). Policy actors in the
complicated clean energy policy arena need quality policy information regarding job creation
opportunities, cost effectiveness and employment effects of relevant renewable and efficiency
technologies, and implementation strategies etc. In the clean energy policy area, it is highly
costly for these policy actors to invest their own resources for all policy information needed for
lobbying. In addition to doing their own research on some topics, they also look to other policy
actors for relevant information. The sharing of policy information helps maintain a relationship
among the policy actors that benefits the individual network participants in ensuring collective
policy outcomes. In a policy network with microstructures conducive for information sharing, it
is much easier for policy makers to gain information from companies who are likely to invest in
clean energy and job creation, and at the same time, green businesses and NGOs also have easier
access to policy makers regarding their policy decisions to pursue clean energy and green
development. As a result, a network structure with better information sharing capabilities will
have better policy performance in clean energy development.
Three network structures are conducive for information sharing among policy actors.
Coordination needs efficient ways of acquiring quality information. Therefore, popular clean
energy advocacy organizations serve a role to provide policy information to other actors. Other
policy actors also prefer to link to popular actors, because the popularity itself signals quality of
information. This is also called “preferential attachment” in the network science literature
(Barabasi et al., 2000). Average degree reflects the general level of activity for each node, while
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the distribution of degree across all nodes provides additional information about the overall
structure of the network and hence the efficiency of information flows.
Bridging hypothesis A: The network-level average degree centrality is positively associated with
green job creation in the U.S. states.

To search for novel and unique information, actors also prefer to link to actors that are
connecting clustered networks. The actors that are bridging between two clustered networks are
brokers. By linking to brokers, the clean energy policy actors can acquire information
unavailable in the tightly clustered policy clique. In the context of hyperlink networks, this
means that a website is more inclined to link to a website connecting different clusters of
websites. Two network measures capture the level of brokerage in the policy networks: average
closeness centralities and average betweenness centralities. Closeness measures connectivity or
ability to communicate with the whole network by calculating the average reciprocal of the
number of links required to reach all other actors, where actors that cannot be reached are
assigned a distance value of zero. Central actors that require fewer links to reach everyone
therefore have larger closeness scores to indicate that they are on average closer to all nodes.
Since large degree actors can enhance communication flow in networks, they may also be
positioned to dominate other actors. Network centrality measures indicate which actors are in
strong positions to influence outcomes (Padgett and Ansell 1993; Jackson 2008). Betweenness
centrality measures the proportion of all shortest paths between all pairs of actors that pass
through a given node, thus capturing the potential influence of an actor in controlling
communication. Other measures of centrality reflect the assumption that an actor’s importance is
based on the importance of its partners or alters. In this perspective, powerful actors are not
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necessarily those with the most alters, but rather those whose alters have the most influential
relationships.
Bridging hypothesis B: The network-level average closeness centrality is positively associated
with green job creation in the U.S. states.
Bridging hypothesis C: The network-level average betweenness centrality is positively associated
with green job creation in the U.S. states.

State Clean Energy Policy Arena as a Cooperation Game
In addition to the coordination game that defines the relationships among the clean
energy policy actors, a cooperation game is an alternative explanation for the overall network
structure. Clean energy policy actors are in a cooperation game for several reasons. First, clean
energy policy advocacy organizations are faced with external policy competition from carbon
intensive oil companies and electric utilities with stakes in preserving the policy status quo, i.e., a
carbon intensive economy. In face with a strong competitive advocacy coalition, internal
solidification and cooperation among the clean energy policy groups are needed to change the
national energy policy toward a low-carbon path. Secondly, the policy actors in the clean energy
policy arena are also very diverse. These organizations are representing different technologies
(solar, wind, biomass, geothermal, or energy efficiency) with different emphasis (industry
development, employment opportunities or environmental protection). These actors are
advocating for a green economy, but with different approaches. They are lobbying for a policy
change for a low-carbon economy, in which their own agenda could be set as a priority in the
state energy policy. Therefore, the policy actors have motivations for defection to seek a higher
payoff for their own. Trust and monitoring are needed to ensure cooperation among the policy
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actors. Thirdly, from the standpoint of policy makers, to effectively implement policies targeted
for clean energy development, they need to foster a collaborative relationship with clean energy
companies, NGOs, and utility companies to facilitate voluntary regulatory enforcement. Scholz
and Wang (2009) argued that regulatory enforcement is not only a top-down process that relies
on deterrence strategies, but also a bottom up process that relies on public-private partnerships
and trust between policy makers and other local policy actors. The energy led economic
development at the state level could be depicted as a regulatory enforcement process that policy
makers regulate the energy industries to pursue clean energy and green jobs. The success of a
state in green economic development is typically a result of strong partnerships among policy
makers (legislature, administrative agencies) and other policy actors (utility companies, local
clean energy companies, and green NGOs).
Mutually beneficial exchanges of information and resources between policy actors are
necessary for cooperation among policy actors. Third party enforcement is also needed to ensure
credible commitment. This social enforcement mechanism could be achieved by forming tightlyclustered relationships with other policy actors. The egonet clustering coefficient is perhaps the
most conventional measure for individual bonding capital. It calculates the proportion of an
actor’s partners that are also linked to each other or, more exactly, the proportion of links
between ego’s partners that exist over the total number that could exist. An actor with three
relationships would have a clustering coefficient of 0 if none of the three knew each other, 1/3 if
only two partners shared one link out of the three possible links, and 1 if all partners were linked.
Higher clustering among an actor’s relationships provides more redundancy of linkages within
the group, a trait associated with greater trust, expected belief congruity, and general ability to
resolve collective action problems among the group (Granovetter 1985; Burt 2005).
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Bonding hypothesis: The network-level average clustering coefficient is positively associated
with green job creation in the U.S. states.

Data
To test the above hypotheses on the influence of clean energy policy network structures
on the creation of green jobs, data on green jobs, policy network and other socio-economic
variables were collected from different sources. We will first present data source of the
dependent variable, then data collection and calculation process on the independent variables
(network structures), and lastly, all other control variables.
Dependent variable: Green jobs growth in the states
To measure the performance of the clean energy policy network, we use percent change
of green jobs from 2010 to 2011 for all 48 continental states as a performance indicator. Green
jobs were defined as “jobs in businesses that produce goods and provide services that benefit the
environment or conserve natural resources” (U.S. BLS, 2011). Most states experienced growth in
green jobs from 2010 to 2011, with an average growth of XXXXX. There are wide variations
among states in terms of green jobs growth. For example, state A experienced a dramatic growth
of XXXX, while state B suffered a loss of XXXXX. We argue in this paper that the variation of
green jobs growth across different states is not only a result of policy designs and socioeconomic conditions, but is also heavily influenced by the way the policy actors are organized
and structured in the individual states.
Independent variable: network structures
a. Hyperlink networks
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The independent variables for this study are the network-level measures of average
degree centrality, average closeness centrality, average betweenness centrality and average
clustering coefficient for the 48 state clean energy policy networks. In order to calculate these
network measures, it is crucial to first define and collect network data on the 48 clean energy
policy networks. This study relies on a methodology using hyperlink network data (Yi, 2012; Yi
and Scholz, 2012).
In a hyperlink policy network, actors (nodes) are defined as the World Wide Web
websites associated with each participant in the policy arena, such as www.harvard.edu for a
university actor, www.greenpeace.org for an advocacy group, and www.whitehouse.gov for a
governmental agency. The links between the nodes are defined as the hyperlinks in the webpages
of one site that refers to those of the other websites included in the network. Because there are
directions in the hyperlinks (i.e. website A has a hyperlink to website B, but B may or may not
have a hyperlink to A), the resulting network is a directed network with senders and receivers.
The network is also a valued network, in that a website could send multiple links to another
website, suggesting a stronger relationship with multiple points at which references are directed
to pages in the other website.
Yi and Scholz (2012) demonstrated that hyperlink network measures consistent
underlying relationships in the Tampa Bay water policy network, compared with other network
measurement strategies such as media networks and partnership networks. The hyperlink
network is especially consistent in measuring the underlying bridging relationships, while less so
in capturing bonding relationships. This study collects network data through hyperlink measures,
keeping in mind the advantages and disadvantages of hyperlink measures.
b. Defining actors in the state clean energy policy network
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One of the difficult problems in studying policy networks is how to define the population
of network actors. The actors in the clean energy policy arena can be categorized by the
following categories: policy-making entities, non-profit renewable energy advocacy groups,
investor-owned utilities, and renewable energy private companies. The policy-making entities in
the renewable energy policy arena involves the state legislature, public utility regulatory
commission, state environmental protection department, state natural resource management
department, state energy office and other administrative agencies. The website URLs for state
legislatures are obtained from National Conference of State Legislatures (NCSL). The website
URLs for public utility regulatory commissions are obtained from National Association of
Regulatory Utility Commissioners (NARUC). The website URLs for state environmental
protection departments are obtained from federal Environmental Protection Agency (EPA). The
website URLs for state energy offices are obtained from National Association for State Energy
Officials (NASEO).
The non-profit renewable energy advocacy groups are defined as organizations who are
categorized by NTEE (National Taxonomy of Exempt Entities) as C35 (Energy Resources
Conservation & Development), which includes organizations that conserve existing energy
resources, ensure efficient use of available energy and develop new energy resources while
protecting the quality of the environment(Data Source: NCCS). The utility actors include both
investor-owned and municipal-owned utilities (Data Source: EIA). The private renewable energy
companies include companies that are involved in the research and development, manufacturing,
distribution, installation and maintenance of renewable energy products
(http://energy.sourceguides.com).
c. Matching the Website URLs for the Policy Actors
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After locating the URLs for all the policy actors in the 48 states, I end up with 48 lists of
policy actors for each state. The starting list of actors varies dramatically across the states. This
list of actors is not the final network actors, because some of them may be identified as isolates
and not connected to the state renewable energy policy network. Even though, the length of the
lists is highly associated with the node size of the resulting networks. It is logical to infer that
large states like California and New York would have more policy actors, because of more
renewable energy companies and non-profits. Table X presents the number of actors in the lists
for each state after the matching process. We can see that the number of potential policy actors
ranges from 7 in South Dakota to 246 in California. To control for the influence of the size of the
policy networks, network size, average geodesic and graph density were included as controls in
the regression analysis.
After loading these lists into Issuecrawler and getting the crawls completed, the network
data for 48 states are obtained. Network measures, including average degree centrality, average
closeness centrality, average betweenness centrality, average clustering coefficient, network size,
average geodesic and graph density were calculated for each individual state using UCINET
(Borgatti and XXX, XXX) and NodeXL (XXXXXX, XXX).

Control variables
A set of control variables is also included in the analysis. Renewable portfolio standards
(RPS), state gross domestic product (GDP), unemployment rate, citizen ideology, solar and wind
potentials were included as standard predictors for green jobs and economy (Yi and Feiock, 2012;
Yi, 2013, 2014; Bowen et al., 2013). E-government index is included to take into account the
unexplained variations across states in their level of online activities. Considering that this study
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uses hyperlink network to measure the underlying policy networks, controlling for the level of
online activities could help reduce the amount of errors introduced by hyperlink measures.
Table X presents information on the measures and data sources. State RPS, the data for
which were collected from Database of State Incentives for Renewables and Efficiency (DSIRE),
is measured as a dummy variable, with “1” indicating states with RPS and “0” indicating states
without RPS. State GDP, measured in trillion dollars, was collected from Bureau of Economic
Analysis. The unemployment rate was collected from Bureau of Labor Statistics. The citizen
ideology index measures the mean position of citizens on a liberal-conservative continuum
(Berry et al.,1998). It is generally argued that liberal political ideology is associated with green
policies and renewable energy programs (Stoutenborough and Beverlin, 2008; Matisoff, 2008;
Yi and Feiock, 2012). The data on citizen ideology index were collected by William Berry and
Richard Fording. Updated measures were extracted from Fording’s University of Kentucky data
archive website. With data collected from Census Bureau, solar and wind potentials were
included to take into account the influence of natural resources on the growth of green economy.
The E-government Index is an indicator system measuring the level of E-government
achievement made by the state governments (West, 2008).

Empirical Model
The purpose of this paper is to analyze policy network’s structural factors contributing to
the variations in green jobs growth in U.S. states. Due to limited availability of data tracking
changes in policy networks over time, this paper relies on a cross sectional data set. An Ordinary
Least Square (OLS) regression model is employed as the modeling strategy. In a mathematical
formula, the model could be formulated as:
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Y = aX + bZ + c + e

, where Y is the dependent variable, the percent changes in green jobs from 2010 to 2011 in U.S.
states. X represents explanatory variables the average degree centrality, average closeness
centrality, average betweenness centrality and average clustering coefficient for the 48 state
clean energy policy networks individually. Z represents control variables including RPS, GDP,
unemployment rate, citizen ideology, E-government index, solar and wind potentials. e
represents an error term and a, b, c are parameters to be fitted.

Results and Discussions
The descriptive statistics are presented in Table X. Table X presents the results for the
regression analysis. The adjusted R-squared for this model is 0.299, a relatively good model fit.
As hypothesized in the above sections, this paper argues bridging and bonding network
structures are conducive for the policy network as a whole to achieve better policy outcomes.
The results present empirical support for both bridging and bonding hypotheses.
The first measure for bridging capital is the average degree centrality. The coefficient for
average degree centrality is positive and statistically significant at 0.05 level, consistent with the
hypothesis. This indicates that the more connections an average policy actor makes, the more
effective the policy network as a whole. To interpret the coefficient, with every additional link
made within the state clean energy policy network, an estimated average of 4.5 percent
additional new jobs will be created in the state.
The second and third measures for bridging capital are the average closeness centrality
and average betweenness centrality, capturing the level of brokerage in the policy networks. As
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shown in the results, both coefficients are positive and significant at least at 0.05 level, consistent
with the hypotheses. To put the coefficients into perspective, the difference between states with
highest and lowest average closeness centrality is 12 percent point in green job creation, a
substantial impact. For every unit increase in average betweenness centrality for the policy
network in a state, a 1.6 percent point more green jobs is expected in the state. Both measures
indicate that high level of brokerage in the policy networks is conducive for sharing information
and coordinating policy activities in creating new green jobs.
Average clustering coefficient is used to measure the level of bonding activities in the
state clean energy policy network. The coefficient for the clustering coefficient is positive and
statistically significant at 0.1 level. To put the coefficients into perspective, the difference
between states with highest and lowest average closeness centrality is 6 percent point in green
job creation. This indicates that trust building and closely clustered relationships are important
for policy actors in achieving policy outcomes.
Note that the coefficients for bridging capital are all significant at least at 0.05 level,
while the coefficient for bonding capital is only significant at 0.1 level. This result is consistent
with the findings of Yi and Scholz (2012) that hyperlink network provides more consistent
measures for the bridging capitals than for the bonding capitals in the underlying policy network.
For the control variables, network size, average geodesic and graph density were found
negative and statistically significant. Some traditional socio-economic variables are also found to
have an impact. Unemployment rate and citizen ideology are both statistically significant, with
the former having a negative sign and the latter a positive sign. Wind potential, however, is
found to be negatively correlated with the green jobs creation. The results do not find support for
the impacts of RPS, GDP, E-government index and solar potential.
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Conclusions
Comparing and evaluating the performance of the policy networks are important tasks for
researchers of network governance and public administration. Limited by the availability of
policy network data across time and space, the study of network performance is not on pace with
advances in theories and methodologies in network governance and analysis. Measuring the
clean energy policy networks across the 48 continental states in the United States with hyperlink
networks, this study puts together a large sample of policy networks in the same policy domain
across geographic locations. Drawing upon the theoretical framework of Institutional Collective
Action (ICA), a set of hypotheses regarding network performance was developed in this paper.
This paper argues that policy networks with high overall bridging and bonding social capitals,
operationalized as average degree, average closeness, average betweenness and average
clustering, have better network performance or policy outcomes, measured as the changes in
green jobs in the clean energy policy arenas across the U.S. states. Regression analysis shows
that network structures have statistically significant and practically substantial effects on the
policy outcomes. States with high overall bridging and bonding social capitals in their policy
networks are more likely to have faster green economic development.
The results for this study have both theoretical and methodological implications. As most
of the extant policy network studies have focused on the explaining the reasons why
administrators/policy actors form relationships/linkages with each other, or why nodal
characteristics affect the performance of individual policy actors, this study demonstrates that
overall network performance does vary with changes in the alignment of network structures
across a large sample of policy networks, showing the feasibility of comparing the performance
of policy networks using statistical methods. More importantly, this study advances the ICA
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framework to go beyond explaining formation of policy networks into theorizing the
performance of the policy networks. It demonstrates that ICA is a well-suited theoretical
framework in explaining the overall performance across the policy networks.
This study also presents a novel methodological approach to policy networks. Measuring
the relationships among the policy actors using a hyperlink network, this study is able to collect a
large number of policy networks in a reasonable time frame. It clearly demonstrates the ability
and potential of this approach in collecting policy and management network data in other policy
areas/domains across time and space.
This study is only the first step in conducting large-N comparative studies across policy
networks. Using cross sectional data, this study is limited by its ability to make strong causal
inference. Future studies could be done to track the clean energy policy networks overall time to
investigate the interactions between network structures and network performance over time and
geographic locations.
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Table X: Variables, Measures and Data Sources
Variables
Green jobs growth

Measures

Predicted
Relationship

GDP

Percent changes in green jobs
from 2010 to 2011
Average degree centrality in the
policy network
Average closeness centrality in
the policy network
Average clustering coefficient in
the policy network
The number of nodes in the
policy network
Average geodesic distance in the
policy network
The density of the policy
network
Dummy, 1: with RPS; 0: without
RPS
Trillion dollars

Unemployment rate

Percent unemployed in a state

Control

Citizen ideology
E-government index
Solar potential
Wind potential

Index score
Index score
Percent days of sunshine
Wind speed measured as miles
per hour

Control
Control
Control
Control

Average degree
Average closeness
Average clustering
Network size
Average geodesic
Graph density
RPS

N/A

Data source

+

Bureau of Labor
Statistics, 2012
Calculated by author

+

Calculated by author

+

Calculated by author

Control

Calculated by author

Control

Calculated by author

Control

Calculated by author

Control

DSIRE

Control

Bureau of Economic
Analysis
Bureau of Labor
Statistics
Berry et al. 1998
West 2008
Census bureau
Census bureau
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Table X: Descriptive Statistics
Variables
Average degree
Average closeness
Average betweenness
Average clustering
Network size
Average geodesic
Graph density
RPS
GDP
Unemployment rate
Citizen ideology
E-government index
Solar potential
Wind potential

Obs.

Mean

Standard
Deviation

Minimum

Maximum

48
48
48
48
48
48
48
48
48
48
48
48
48
48

2.931
0.130
7.734
0.352
14.354
1.676
0.359
0.646
0.293
5.285
60.977
51.360
57.012
9.234

1.159
0.130
16.041
0.251
18.142
0.526
0.211
0.483
0.348
1.238
17.628
12.882
8.059
1.668

1.333
0.013
0
0
3
0.667
0.045
0
0.025
3.100
25.237
31.100
38.904
5.800

5.862
0.541
110.168
1
125
3.074
1
1
1.912
8.300
91.848
83.700
81.086
12.900
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Table X: Regression results for the influence of network structures on policy performance
Dependent Variable: Percent changes in green jobs from 2010 to 2011
Variables
Bridging: Average degree
Bridging: Average closeness
Bridging: Average betweenness
Bonding: Average clustering
Controls
Network size
Average geodesic
Graph density
RPS
GDP
Unemployment rate
Citizen ideology
E-government index
Solar potential
Wind potential
Constant
Observation
Adjusted R-squared

4.461**
24.517**
1.561***
5.912*

Standard
Errors
1.867
10.859
0.553
3.961

-1.585***
-5.996**
-29.584***
-0.481
1.450
-1.751***
0.101**
0.048
0.099
-1.399***
26.239**

0.567
3.144
9.511
1.696
3.461
0.583
0.057
0.057
0.107
0.418
13.580

Coefficients

48
0.299

Notes: *p<0.10; **p<0.05; ***p<0.01. (One-tailed)
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Table X: Number of Potential Actors in the Lists for Each State
State
Alabama
Arizona
Arkansas
California
Colorado
Connecticut
Delaware
Florida
Georgia
Idaho
Illinois
Indiana
Iowa
Kansas
Kentucky
Lousiana
Maine
Maryland
Massachusetts
Michigan
Minnesota
Mississippi
Missouri
Montana
Nebraska
Nevada
New Hampshire
New Jersey
New Mexico
New York
North Carolina
North Dakota
Ohio
Oklahoma
Oregon
Pennsylvania
Rhode Island
South Carolina
South Dakota
Tennessee
Texas
Utah
Vermont
Virginia
Washington
West Virginia
Wisconsin
Wyoming

Total
Number of
actors

Number of
policymaking
actors

Number of
utility actors

Number of
renewable energy
companies

Number of
renewable
energy NGO

11
32
9
246
79
27
10
78
32
13
50
20
15
11
11
16
19
46
65
41
40
10
31
14
9
16
22
28
29
68
40
8
38
21
46
57
12
19
7
19
65
16
29
27
30
13
42
8

4
4
2
8
4
3
4
3
4
4
5
4
3
3
5
3
3
4
3
3
4
3
4
4
3
4
3
3
3
3
4
5
5
4
4
4
3
4
3
3
3
4
4
3
5
3
4
3

2
5
2
4
2
3
2
5
1
1
4
5
3
2
2
3
3
2
8
5
3
3
5
1
0
2
6
1
1
9
2
1
6
2
3
12
2
3
2
0
8
1
6
1
3
7
14
1

2
14
4
113
37
12
3
48
14
6
25
6
4
2
2
5
4
13
25
21
18
1
9
2
2
5
11
14
10
32
15
1
14
8
13
27
4
3
1
12
27
5
7
8
9
2
4
0

3
9
1
121
36
9
1
22
13
2
16
5
5
4
2
5
9
27
29
12
15
3
13
7
4
5
2
10
15
24
19
1
13
7
26
14
3
9
1
4
27
6
12
15
13
1
20
4
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