
1 

Modern era Knowledge Spillovers in the Solar energy sector 

 

 
JONAS GRAFSTRÖM* 

The Ratio Institute and Luleå University of Technology 

SE-113 59 Stockholm 

Sweden 

 

E-mail: jonas.grafstrom@ratio.se 

 
 

 

Abstract 

The purpose of this paper is to provide an updated analysis of international knowledge 

spillovers in the solar energy sector. Specifically, the paper investigates how the accumulation 

of solar energy patents and public R&D spending affected the output of domestic granted solar 

energy patents. The econometric analysis relies on a data set consisting of most of the OECD 

countries plus China and analyzes two time periods; from 1990 to 2014 and the years 2000 to 

2014. To analyze the data material, a Poisson fixed-effects estimator based on the Hausman, 

Hall and Griliches (1984) method was used. The empirical findings suggest that the domestic 

accumulation of patents and R&D is important for the potential development of new ones. 

Indeed, early investment in specific technology can be an indicator of future leadership in that 

field. It also seems to be the case that long run investment works better for a country that wants 

to be a part of the development of a particular technology. 
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1. Introduction 

There is an increasing interest in assessing the knowledge spillover effects of renewable energy 

R&D policies – policies that play an important role in stimulating innovation in the renewable 

energy sector (De Vries and Withagen, 2005; Johnstone et al., 2012; Johnstone, Hascic, and 

Popp, 2010; and Tang, 2018). Public R&D spending in renewable energy technologies is 

expected to enhance, and hence lift, other technologies through knowledge spillovers (see e.g., 

Cohen and Levinthal, 1989; Hussler, 2004; Antonelli, 2008; Costantini and Crespi, 2008a; 

Antonelli and Quatraro, 2010).  

However, the renewable energy spillover literature has concentrated on within-industry-

spillovers in the rather early stages of the development of renewable energy, mostly covering 

the time period 1990-2014 (see, e.g., Klaassen et al., 2005; Mancusi, 2008; Aldieri and Cincera, 

2009; Braun, 2011; Corradini et al., 2014; Lehmann, 2013; Grafström 2018a; Grafström and 

Lindman 2017). Most research has been focused on wind power to the neglect of solar power. 

The recent two decades have seen an unprecedented growth in several renewable energy 

sources, yet the time period is under researched.  

The purpose of this paper is to provide an updated analysis of international knowledge 

spillovers in the solar energy sector. The paper investigates how the accumulation of solar 

energy patents and public R&D spending affected the output of domestic granted solar energy 

patents. The paper draws methodologically from Grafström, 2018a; 2018b who has made 

similar studies in the field of wind power, but adds another econometric approach. Solar power 

is also a fast-growing renewable energy production method with its own benefits and 

downsides. The results obtained from this paper are therefore important for policymakers 

concerned with solar power since we cannot assume that all technologies are similar in their 

ability to produce knowledge spillovers.  

The paper therefore adds to the existing literature in the sense that it: (a) expands the existing 

knowledge spillover literature concerning international spillovers in the solar industry to the 

modern era; (b) applies another economic approach to knowledge spillovers; and (c) our 

understanding of international knowledge spillovers in another energy field is enhanced. Two 

research questions are considered:  

• Does the accumulation of solar energy patents in a country affect the output of solar 

power patents in neighboring countries? 
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• Does the public R&D spending affect the output of domestic granted solar energy 

patents?  

The econometric analysis relies on a data set consisting of most of the OECD countries plus 

China1 and analyzes two time periods; from 1990 to 2014 and the years 2000 to 2014.2 The 

usage of two time periods is motivated by the fact that there was a significant increase of solar 

patents at the beginning of the 2000s.3 To analyze the data material, a Poisson fixed-effects 

estimator based on the Hausman, Hall and Griliches (1984) method was used since the model 

allows for count data estimations.4 To empirically investigate the two posed questions a so-

called knowledge production function is estimated; the rate of new knowledge creation is 

assumed to depend on, for instance, the environmental policy stringency,5 public R&D 

spending and the patents-based stock of knowledge available to these researchers (e.g., 

Ibenholt, 2002; Klaassen et al., 2005; Krammer, 2009; Söderholm and Klaassen, 2007; Joutz 

and Abdih, 2005). 

Studying knowledge spillovers is highly relevant. In the presence of international knowledge 

spillovers, countries can choose a free-riding approach where a sub-optimal amount of R&D 

expenditures are allocated towards renewable energy (Garrone and Grilli, 2010). Hence, it is 

important to understand and handle incentives for free-riding (e.g., Mansfield et al., 1977; Jaffe 

et al., 2005; Popp, 2005; Fischer, 2008) because countries might try to absorb spillovers and 

make use of the technologies invented abroad. For the development towards an energy sector 

free from carbon emissions, knowledge spillovers are mostly a positive thing (free-riding could 

lead to a faster implementation of renewable energy at a lower cost). However, a country’s 

ability to make use of new technology and to respond efficiently to changes in the external 

constraints will depend on its technological capabilities and on its so-called absorptive capacity 

(Antonelli, 2008; Antonelli and Quatraro, 2010; Costantini and Crespi, 2008a, 2008b; Dosi et 

al., 1988; Fagerberg et al., 2005; Rennings, 2000).6  

                                                 
1 The Countries are Australia, Austria, Belgium, Canada, Chile, China (People's Republic of), Czech Republic, Denmark, 

Estonia, Finland, France, Germany, Greece, Hungary, Iceland, Ireland, Israel, Italy, Japan, Korea, Luxembourg, Mexico, 

Netherlands, New Zealand, Norway, Poland, Portugal, Slovak Republic, Slovenia, Spain, Sweden, Switzerland, Turkey, United 

Kingdom, United States. The broad choice of countries on several continents is motivated by the fact that during the selected 

time period the solar industry had grown and become multinational, consequently companies from all parts of the world were 

selling components to each other.  
2 Priority date is used, additional robustness test with other time periods were also tested. 
3 The early time period saw a slow growth of patents whilst the later period saw a fast increase.  
4 A negative binomial model could also have been used, a discussion about the decision to use the somewhat criticized Poisson 

fixed-effects estimator is presented in the section concerning “Econometric issues”. 
5 Most of the renewable technologies have not yet reach grid parity (in all geographical areas), public policies have been 

implemented in order to foster their deployment. 
6 In the context of this paper absorptive capacity refers to a country’s ability to absorb knowledge developed abroad. The ability 

of international technology flows to affect a country’s technological level crucially depends on the destination country's ability 

to comprehend and make use of external knowledge (Verspagen, 1991; Mancusi, 2008). 
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From a general policy perspective, the necessity of developing renewable energy, and 

developing it sooner rather than later, should not be underestimated. Human economic activity, 

which still is highly dependent on fossil fuels, is increasing the atmospheric concentrations of 

CO2, surpassing 400 parts per million (ppm) compared to an historical value of around 250 ppm 

(EPA, 2016). The increased concentrations of greenhouse gases (GHG) may cause a 

transformation of our climate towards a critical mix of dangers (e.g., changed weather patterns 

with increased variability, rising sea levels and droughts etc.) (e.g., Dietz and Maddison, 2009; 

Suganthi and Samuel, 2012). To mitigate the concentration of CO2 diffusion of new carbon-

free or low carbon technologies is essential - knowledge spillovers are one way to increase the 

speed of that diffusion (Stern, 2007).  

The remainder of the paper is organized as follows. Section 2 introduces three important 

concepts regarding knowledge spillovers. Section 3 presents the model specification and 

discusses some important econometric issues, whilst section 4 provides a description of the data 

definitions and sources. Section 5 reports on the results from the different empirical 

specifications, whilst section 6 synthesizes the empirical findings and discusses the results. 

Section 7 contains the conclusions and policy implications. 

 

2. Innovation – The role of Knowledge Spillovers and crowding out 

In this section, three conceptual topics that are important for the paper will be presented and 

discussed.  Specifically, these three concepts are: (a) Knowledge Spillovers; (b) Knowledge 

Spillovers in the renewable energy sector with an emphasis on the solar sector.; and (c) 

Knowledge Spillovers and Free-riding, here commented on in more detail with reference to 

relevant research done in the renewable energy sector.  

2.1 Knowledge Spillovers  

In general, theoretical terms, if a country (firm) lack capabilities to assimilate new knowledge, 

spill-overs will occur at a sub-optimal level (Verspagen, 1991). In a letter written by Isaac 

Newton in the year 1676 the phrase “If I have seen further it is by standing on ye shoulders of 

Giants” was coined. The phrase can be interpreted as: progress in science builds on previous 

findings. Following Newton’s intuition; a key characteristic of technological change is that 

innovation in a country builds upon prior existing knowledge and the ability to absorb new 

knowledge (Dosi, 1982; Aldieri and Cincera, 2009; Mancusi, 2008). A significant part of the 

previous literature on technological change has emphasized the significance of the cumulative 
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character of knowledge for the expansion of further technological improvements (Griliches 

1979, 1992; Antonelli 2008; Costantini and Crespi 2008a, 2008b).  

There are according to Griliches (1979, 1992) two major distinguishable types of spillover. 

Pure knowledge spillover and Rent Spillovers. Pure spillovers are not incorporated into tradable 

goods, rather, the relevant knowledge is instead transferred from one firm to another without 

the recipient of the knowledge directly paying the producer of the knowledge. Rent spillovers 

arise when the improvement in physical productivity derived from technological innovation 

within a product is not followed by a price change of the same magnitude.  

Pure- and Rent knowledge spillovers move from one agent to another in two stylized ways 

(Glaeser et al., 1992). The first builds on a Jacob-type externality frame; knowledge produced 

by other actors (e.g., a country) may be a useful input for the domestic knowledge production 

function of all other actors (irrespective of previous experience). In the other setting, i.e., a 

Marshall-type externality setting, knowledge only flows between various homogeneous actors 

(Corradini et al., 2014). 

Furthermore, the domestic absorptive capacity is important when it comes to understanding the 

capacity a country must transform imported technology into productivity gains in its production 

apparatus (Engelbrecht, 1997; and Nelson and Phelps, 1966). Hence, the ability to receive 

technological spillovers or use advancements made abroad is a function of the country's 

experience in R&D, if there is no absorptive capacity then the spillover flow might not exist 

(Cohen and Levinthal, 1989).  

2.2 Knowledge Spillovers in the renewable energy sector with an emphasis of the solar 

sector. 

In the renewable energy sector, the empirical evidence, on the country level7, of the existence 

of international knowledge spillovers is somewhat limited. Peters et al. (2012) found evidence 

of public policy-related spillovers in the solar PV industry. Braun et al. (2010) studied solar and 

wind power finding no knowledge spillover effects between 21 OECD countries between 1978 

and 2004. Grafström and Lindman (2017) and Grafström (2018a) found evidence of knowledge 

spillovers in the wind sector and Tang (2018) found evidence of knowledge spillovers on wind 

farm operation at the US state level. Johnstone et al. (2012) investigated the determinants of 

                                                 
7 There are other studies (which were more focused on the firm level) that have investigated knowledge spillovers, and the 

determinants of renewable energy patents. Aldieri and Cincera (2009) used the knowledge-stock approach to study spillovers 

between large international R&D companies’ productivity growth. Corradini et al. (2015) found that the positive correlation 

between environmental and innovation performances might be reinforced by different spillover mechanisms. Furthermore, the 

knowledge stock of previously filed patents is included in many patent count models to account for a country’s absorptive 

capacity (Peters et al., 2012; Cohen and Levinthal, 1990). 
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environmentally related patents (e.g., for wind and solar power), and found that both general 

innovative capacity and environmental policy stringency have played positive roles in 

environment related innovation. 

In addition, in an effort to measure spillovers, Dechezleprêtre et al. (2013) compared the 

intensity of patent citations in clean energy with their less-clean counterparts. Finding that, 

clean energy patents are cited more frequently than patents based on less-clean technologies. 

Furthermore, Poirier et al. (2015) estimated a knowledge production function, analyzed the 

effect of international co-authorship of scientific publications on patenting in wind energy 

technologies within the OECD and the non-OECD countries. Their results suggest that 

knowledge spillovers exist between these country groups. Corradini et al. (2014) studied how 

firms and sectors in 15 European Union (EU) countries and 23 manufacturing sectors had been 

affected by environmental protection decisions in other firms, sectors, or countries.  

2.3 Knowledge Spillovers and Free-riding 

Knowledge spillovers can bring about free-riding. Mansfield et al. (1977) found that the public 

social benefits of investments in innovation were larger than the firms’ private benefits. The 

gap between the private and social benefits of R&D can lead to underinvestment in R&D (Jaffe 

et al., 1995; Popp, 2005; Fischer; 2008).  

The free riding incentive problem may also arise because of technological development efforts 

based on learning in the production and use of technology, i.e., learning-by-using and learning-

by-doing (e.g., Arrow, 1962). For example, demand-pull policies (e.g., feed-in tariff schemes) 

have been found to create significant cross-country innovation spillovers, which in turn could 

serve as disincentives for national policy makers to engage in domestic market creation and 

thus drive them to adopt a free-riding approach instead (e.g., Peters et al., 2012). However, in 

a recent paper Baudry and Bonnet (2018) found that a free-riding strategy is not a good option 

for a country that targets diffusion of wind power.   

In the presence of international knowledge spillovers, countries can choose a free-riding 

approach where a sub-optimal amount of R&D expenditures are spent. Instead, they try to 

absorb spillovers and make use of the technologies invented abroad. For the development 

towards an energy sector free from carbon emissions, knowledge spillovers can be either 

positive or negative (free-riding could lead to a faster implementation of renewable energy at a 

lower cost). However, a country’s ability to make use of new technology will depend on its 

technological capabilities and on its so-called absorptive capacity. Absorptive capacity here 

concerns countries’ abilities to absorb knowledge developed abroad; the effect of international 
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technology flows crucially depends on the destination country's ability to comprehend and 

make use of external knowledge (Mancusi, 2008). For a country to respond efficiently to 

changes in the external constraints, it needs to be equipped with adequate scientific and 

technological knowledge, i.e., a country needs to build absorptive capacity (Antonelli 2008; 

Costantini and Crespi 2008a, 2008b; Dosi et al., 1988; Rennings, 2000; Fagerberg et al., 2005; 

Antonelli and Quatraro, 2010).  

For the above reasons it is highly relevant to identify and study knowledge spillovers in the 

renewable energy sector. The presence (or absence) of cross-border technological spillovers is 

likely to influence government policies on, for instance, public R&D support and the 

implementation of technology deployment schemes. If knowledge does not spill over, it is more 

reasonable for a national government to invest in building up a green industry domestically 

without having to free-ride on other countries’ efforts. If, however, the knowledge generated in 

one country is found to spill over freely to a neighbor then it could be more effective and 

efficient for cross-governmental entities, such as the EU, to devise and implement R&D 

policies. If proper policy measures are not implemented there is a risk that the countries will 

diverge in their technological capabilities, and this will hamper their ability to make use of new 

knowledge as well as give rise to a non-optimal global response to the climate change challenge 

(Grafström 2018b).  

 

3. Model Specifications and Econometric Issues 

3.1 Model Specification 

The empirical approach for assessing spillovers in the solar energy sector stems from various 

previous studies (e.g., Klaassen et al., 2005; Antonelli et al. 2011; Boschma and Iammarino 

2009; Corradini et al., 2014). Our empirical work is related to the literature which uses patent 

counts to measure inventions and innovation in renewable energy technologies (Popp, 2002; 

Dekker et al, 2012; Johnstone and Haščič, 2010; Braun et al., 2011; Grafström and Lindman 

2017; and Grafström, 2018a).8 The baseline for the empirical estimations is presented in 

                                                 
8 Using patent data covering eleven different energy technologies, Popp (2002) finds evidence for significant intra-technology 

knowledge spillovers. Johnstone and Haščič (2010) also find inter-technology spillovers, showing that previous knowledge 

accumulated in storage technologies positively affect innovation in other clean technologies. Most studies that have concerned 

environmentally related patents have tended to focuse on how public policies affect innovative activity. Johnstone et al. (2010) 

found that different policies are better or less well-suited regarding inducing innovations. De Vries and Withagen (2005) use 

environmentally related patents in Europe as environmental innovation indicators. They measure policy stringency, with an 

underlying idea about a connection between high emission levels, which trigger strict environmental policy, thus creating 

stronger incentives for innovation. Grafström (2018b) found divergence of energy invention capabilities across the 13 EU 

countries. 

 Electronic copy available at: https://ssrn.com/abstract=3345916 



8 

equation (1), a production function of patents commonly encountered in the literature is 

presented: 

𝑃𝐶𝑛𝑡 = 𝛽0 + 𝛽1𝐸𝑅𝑛𝑡−3 + 𝛽2𝑅&𝐷𝑛𝑡−3 + 𝛽3K𝑛𝑡 + 𝛼𝑛 + 𝑇𝑛 + 휀𝑛𝑡   (1) 

where the dependent variable, PCnt, is a count of solar power patents applications in country n 

(n = 1, …, N) for a given year t (t = 1, …, T) i.e., the year the granted patent had its priority 

year. Public solar power R&D expenditures (R&Dnt) and an Environmental Policy Stringency 

Index (ERnt) are control variables for the general level of research output capacity in the country. 

These control variables are lagged three years (more variables are incorporated in the models, 

they are described in more detail in section 4.2 The Independent variables). For example, public 

R&D expenditures taking place in period t may lead to a patent application and, eventually, to 

a patent being granted no earlier than in period t + x (x = 3) (Nicolli et al., 2012). Knt is a 

domestic solar power patent-based knowledge stock in country n in period t. In the based model 

(equation 1), each country’s separate knowledge stock consists of an accumulation of 

previously assembled solar power patents in that country, here denoted as the national 

knowledge stock.  

Moreover, the patent-based stocks are constructed with a three-year lag and a 15 percent 

depreciation rate (see further section 4). Country-specific fixed effects, α𝑛, are introduced to 

capture any unobservable country-specific heterogeneity. Time dummies, Tn, are also included. 

The econometric analysis includes time dummies, and therefore a concern is remedied – that 

the coefficients on the variables of interest capture shocks correlated with both the level of R&D 

policies and the knowledge stocks, and innovation activity. This could include any 

macroeconomic shocks and one can contemplate plenty of such unobserved variables that may 

cause the coefficients to be strongly biased. The error term captures all the residual variation, 

휀𝑛𝑡.  

Model I presented in equation (1) is the baseline upon which eight additional model 

specifications (II-VIII) will be built. The time period 1990-2014 is tested for the specifications. 

The different specifications (Models I-VIII) of the patent production model are presented in 

Table 1. 
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Table 1: Patent production model specifications 

Model Estimated model specification Description 

I 𝑃𝐶𝑛𝑡 = 𝛽0 + 𝛽1𝐸𝑅𝑛𝑡−3 + 𝛽2𝑅&𝐷𝑛𝑡−3 + 𝛽3K𝑛𝑡 + 𝛼𝑛 + 𝑇𝑛 + 휀𝑛𝑡  Base model with national 

knowledge stock and R&D 

flow 1990-2014. 

II 𝑃𝐶𝑛𝑡 = 𝛽0 + 𝛽1𝐸𝑅𝑛𝑡−3 + 𝛽2𝑅&𝐷𝑛𝑡−3 + 𝛽3IK𝑛𝑡 + 𝛼𝑛 + 𝑇𝑛 + 휀𝑛𝑡 International knowledge 

stock and R&D flow 1990-

2014.  

III 𝑃𝐶𝑛𝑡 = 𝛽0 + 𝛽1𝐸𝑅𝑛𝑡−3 + 𝛽2𝑅&𝐷𝑆𝑛𝑡−3 + 𝛽3K𝑛𝑡 + 𝛼𝑛 + 𝑇𝑛 + 휀𝑛𝑡 Base model with national 

knowledge stock and R&D 

Stock 1990-2014. 

IV 𝑃𝐶𝑛𝑡 = 𝛽0 + 𝛽1𝐸𝑅𝑛𝑡−3 + 𝛽2𝑅&𝐷𝑛𝑡−3 + 𝛽3IK𝑛𝑡 + 𝛼𝑛 + 𝑇𝑛 + 휀𝑛𝑡 International knowledge 

stock and R&D flow 1990-

2014. 

V 𝑃𝐶𝑛𝑡 = 𝛽0 + 𝛽1𝐸𝑅𝑛𝑡−3 + 𝛽2𝑅&𝐷𝑆𝑛𝑡−3 + 𝛽3K𝑛𝑡 + 𝛼𝑛 + 𝑇𝑛 + 휀𝑛𝑡  Base model with national 

knowledge stock and R&D-

Stock 2000-2014. 

VI 𝑃𝐶𝑛𝑡 = 𝛽0 + 𝛽1𝐸𝑅𝑛𝑡−3 + 𝛽2𝑅&𝐷𝑆𝑛𝑡−3 + 𝛽3IK𝑛𝑡 + 𝛼𝑛 + 𝑇𝑛 + 휀𝑛𝑡 International knowledge 

stock and R&D-Stock 

2000-2014.  

VII 𝑃𝐶𝑛𝑡 = 𝛽0 + 𝛽1𝐸𝑅𝑛𝑡−3 + 𝛽2𝑅&𝐷𝑆𝑛𝑡−3 + 𝛽3K𝑛𝑡 + 𝛼𝑛 + 𝑇𝑛 + 휀𝑛𝑡 Base model with national 

knowledge stock and R&D-

Stock 2000-2014. 

VIII 𝑃𝐶𝑛𝑡 = 𝛽0 + 𝛽1𝐸𝑅𝑛𝑡−3 + 𝛽2𝑅&𝐷𝑆𝑛𝑡−3 + 𝛽3IK𝑛𝑡 + 𝛼𝑛 + 𝑇𝑛 + 휀𝑛𝑡 International knowledge 

stock and R&D-Stock 

2000-2014. 

 

Models I-IV analyze the development of knowledge spillovers originating in the solar power 

field, including the role of international solar power knowledge spillovers between 1990 and 

2014. A positive statistically significant result would indicate knowledge spillovers whilst a 

negative statistically significant sign could indicate a crowding out effect. Models V-VIII 

mirror Models I-IV but cover the period 2000-2014. 

Specifically, Model II includes an international stock. Model III tests the same variables as 

Model I but with a R&D stock instead. Model IV mirrors Model II but with a R&D stock 

instead. Models V-VIII address the same set up as Models I-IV but consider a later time period, 

2000-2014.   

3.2 Conceptual and Econometric Issues 
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There are econometric and conceptual criticisms against the use of patent data as a measure of 

invention output (see e.g. Johnstone, Managi, Rodríguez, Haščič, Fujii, and Souchier, 2017 and 

Grafström, 2018a).9 However, patent data has been commonly used econometric studies as 

approximations of the impact of technological change and invention (e.g. Budd and Hobbis, 

1989a, 1989b; Fagerberg, 1988; Jungmittag, 2004; Jungmittag and Welfens, 2002; Jungmittag 

et al., 1999). The main concern is that not all new inventions are patented, and patents differ 

greatly in their economic impacts (Pakes and Griliches, 1980, 378). Moreover, the economic 

value of patents varies, and some become economically worthless within a relatively short 

period (Pakes, 1985; Schankerman and Pakes, 1987). The top 10% of patents have been 

estimated to capture most of the total monetary returns, between 48% and 93% (Scherer and 

Harhoff, 2000).  

Furthermore, it has been argued that small firms find the application process difficult; as a 

result, they may not bother applying (Adams 2005). Another strategy is that firms will employ 

various types of secrecy to shroud their production methods (Cohen, Nelson, and Walsh 2000; 

Trajtenberg 2001). But, as Griliches (1990) expressed it, “In this desert of data, patent statistics 

loom up as a mirage of wonderful plenitude and objectivity” (p. 287). Even with potential 

defects, patenting records remain a good source for assessing technological change. As 

Griliches (1998) puts it, “Nothing else even comes close in the quantity of available data, 

accessibility, and the potential industrial, organizational, and technological detail,” (p. 336). 

Patent data is of a binomial nature; thus, the dependent variable will have a count nature (e.g., 

Baltagi, 2008; Greene, 2012). For these types of count data regressions, either a negative 

binomial or Poisson estimators should be applied (Hausman et al., 1984). A Poisson fixed-

effects estimator will be used. There is some general criticism against the model choice that 

will be presented and a rebuttal. 

The Poisson model has been criticized in the count panel data literature for its assumption that 

the variance is equal to its mean i.e., equi-dispersion. Thus, the Poisson distribution is often 

rejected in favor of models accommodating over-dispersion, i.e., where the variance is larger 

than the mean. The problem with the traditional Poisson distribution, which assumes equi-

dispersion, is that the results contain incorrect standard errors of the parameter estimates. To 

                                                 
9 There is criticism of the use of patent data as a proxy for technological development. Patents carry some properties that 

however make patent data a good proxy for innovation. Patents are to a large extent internationally standardized, (Rübbelke 

and Weiss, 2011). Moreover, it is hard to get a patent application approved: basically, several prerequisites are required where 

a patent must be: ‘novel’, ‘useful’, and ‘non-obvious’, and that has an inventive step (Griliches 1987; Hall and Ziedonis, 2001). 

Moreover, there are conceptual criticisms against the use of patent data as a measure of invention output. For example: all new 

inventions are patented, and patents differ greatly in their economic impacts (Pakes and Griliches, 1980, 378). 
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model over-dispersion, therefore, the negative binominal specification is usually employed 

(e.g., Baltagi, 2008). The negative binominal specification modification relaxes the Poisson 

assumption (Greene, 2012). However, some have argued that the conditional fixed effects 

negative binomial estimator available in Stata (xtnbreg) should be avoided, since it is not a true 

fixed-effects estimator (see Allison and Waterman 2002; Greene 2007). A remedy is to use the 

Poisson fixed-effects estimator based on the Hausman, Hall and Griliches (1984) method (the 

count data equivalent to the within groups estimator), available in Stata as xtpoisson (contrary 

to what is commonly claimed, Poisson models estimated by pseudo-maximum likelihood as is 

the case in Stata are perfectly capable of dealing with both under and over-dispersion, as is 

explained by Santos Silva and Tenreyro, 2006). Hence, the negative binomial models offer no 

particular advantage.10 

When one works with patent count models, there are frequently concerns about the presence of 

many zero (0) counts, especially when long time series are used (Blundell et al., 2002; Hu and 

Jefferson, 2009). A zero count means that an event did not occur, so many zero counts in terms 

of patents can be the result of countries that have not innovated at all, or which have tried but 

failed. This problem is partly remedied by the time period that is on the latter half of the 

development of solar power. The dependent variable is kept in its original form, rather than 

taking logs. This decision was made due to the presence of a significant portion of zeros: those 

values would be dropped if a logarithmic transformation were performed (Nicolli et al., 2012). 

The dependent variable will be a non-negative integer-valued variable with relatively few zeros, 

close to 9 %, and with small values at the beginning of the data set. 

4. Data Sources and Definitions 

4.1 The Dependent Variable 

The dependent variable, granted patent applications, (priority year11) in solar energy is used. 

The patent data originates from the OECD Environment Directorate who collaborate with the 

Directorate for Science, Technology and Innovation. The OECD Environment Directorate have 

constructed patent-based innovation indicators to track developments in environment-related 

technologies. The patent statistics are constructed using data extracted from the Worldwide 

                                                 
10 If a negative binomial model is used, an unconditional negative binomial estimator with both country and time dummies is 

far more preferable than the xtnbreg model. 
11 The priority date refers to the date when the patent was filed. Only patents filed under the Patent Cooperation Treaty (PCT) 

were included to approximate innovations in line with OECD recommendations (Hascic et al., 2009). The geographical location 

of the inventor is considered, and thus not the formal applicant since the applicant can be a company registered in a country 

other than where the knowledge was produced in the first place (e.g., Fischer et al., 2006). 
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Patent Statistical Database (PATSTAT) of the European Patent Office (EPO) using algorithms 

developed by the OECD.12 

The relevant patent documents were identified using search strategies for environment-related 

technologies (ENV-TECH). Which allow identifying technologies relevant to environmental 

management, water-related adaptation and climate change mitigation etc. Solar energy is one 

of the environmental energy categories.13   

The patent count for solar energy patents are based OECD-data where a patent is granted at one 

patent jurisdiction in the world. The positive aspect of this selection approach is that it covers 

inventive activities on a broad scale. The negative is that the data will including many low-

value inventions.14 The patents are based on the Inventor country – in cases of fractional counts 

by country of residence of the inventor(s); e.g. for a patent listing inventor from two different 

countries, each country will obtain a count of 0.5, to avoid double-counting of inventions. 

Furthermore, the Priority date – the first filing date worldwide, under the Paris Convention is 

used as the patent date. The priority date is considered to be closest to the actual date of 

invention.  

There is an understandable criticism apart from the usual pro-et-contra argument for patent 

data, as well as the choice of data source for a patent study, but for this particular study the data 

source is suitable.15 Alternative sources for selecting patent data have become available in 

addition to the Green Inventory Classification, that is a rather old classification and others have 

become available.16 E.g., IPC and EPO Y02E10/70 Cooperative Patent Classification class or 

the OECD ENVTECH Indicator. What motivates the use of the Green Inventory Classification 

(GIC) was to enable a study of inter-industry spillovers. 

4.2 The Independent Variables 

Following economic theory, the invention capabilities of a country are considered to depend 

fundamentally on three factors: (a) its invention infrastructure such as R&D employees or R&D 

expenditures as well as the stock of previous innovations (e.g. Romer, 1990; Grossman and 

Helpman, 1991); (b) its technological and economic specialization (Archibugi and Coco, 2005), 

                                                 
12 Consistent with other patent statistics provided in OECD.Stat, only published applications for "patents of invention" are 

considered (i.e. excluding utility models, petty patents, etc.). 
13 An obvious argument against the use of this data is that some solar patents will not be counted. However, as a broad indicator 

of the existence of the phenomena we investigate the variable work, but any interpretation of the scale of the effect is not done.  
14 If data were to have been selected from cases where the patent would have been granted in more jurisdictions the data would 

have captured more high-quality inventions. 
15 See section 3.2.  
16 See e.g., OECD, (2015) for an in-depth general discussion or Costantini et al, (2015b) for a discussion about pros and cons 

of the different data selection systems and a keyword-based methodology for patent analysis which was applied to the biofuels 
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and (c) the quality of the linkages between its common infrastructure and those industries 

(Jungmittag, 2006). The aspects (a) to (c) are incorporated in the model with a number of control 

variables.  

The spillovers measuring approach in this paper studies how a knowledge stock in one country 

affects inventive output in other countries. This stems from various previous studies (e.g., 

Klaassen et al., 2005; Mancusi, 2008; Aldieri and Cincera, 2009; Corradini et al., 2014). Firstly, 

the variable count of granted solar energy patents (Knt) is created to assess if there are domestic 

knowledge spillovers. The sources of spillovers – one of the questions of this study – were 

obtained by constructing two different Knowledge stocks, i.e., one national (Knt) the solar power 

sector ad one international knowledge stock (IKnt).
17 One public solar power R&D stock 

(R&DSnt) was created to investigate if an accumulation of R&D spending affected national 

output.18 The patent-based knowledge stock was constructed using the so-called perpetual 

inventory method commonly employed for related purposes (e.g., Ek and Söderholm, 2010). 

Specifically, this knowledge stock is constructed as follows: 

𝐾𝑛𝑡 = (1 − 𝛿)𝐾𝑛(𝑡−1) + 𝑅𝑛(𝑡−𝑥) (4) 

where 𝐾𝑛𝑡 is the knowledge stock in country n during time period t. Moreover,   is the annual 

depreciation rate of the knowledge stock (0 ≤ δ ≤ 1), 𝑃𝐶𝑛𝑡 represents the count of patents, and 

x is the number of years (lag) it takes before new patents add to the knowledge stock (Hall and 

Scobie, 2006). The time lag is assumed to be three years.  Following the approach adopted in 

other studies (e.g., Griliches 1998; Corradini et al., 2014), a depreciation rate of 15% was 

applied to the knowledge stocks.19  

Each country´s initial national knowledge stock (𝐾0) followed Grafström (2018a) suggestion 

and was calculated as: 

𝐾0 =
𝑅0

𝑔+𝛿
 , (5) 

where 𝑅0 is the number of solar power patent counts in the first year in the dataset (1990), and 

g is the average geometric growth rate of granted solar power patents and R&D for the first ten 

years in the respective country. The motivation for calculating an initial stock is that we in some 

                                                 
17 The international solar power knowledge stock available for country n is based on the accumulated granted solar power 

patent counts for all countries in the sample minus country n´s own patents. 
18 Furthermore, in many patent count models the knowledge stock of previously filed patents is included to account for a 

country’s absorptive capacity (Peters et al., 2012; Cohen and Levinthal, 1990). 

19 Park and Park (2006) calculated the technological knowledge stock depreciation rate for 23 different industries and found 

that it was in the realm of 11.9–17.9%.  
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cases can assume that there was solar power patent activity in the country prior to the starting 

year which therefore accounts for that activity.20 

The R&D and R&DS variable respectively represents a flow and stock variable of government 

expenditure on solar energy R&D in million USD (2014 prices). General- and specific purpose 

R&D is commonly considered when analyzing a country’s inventive capacity (e.g. Romer, 

1990; Grossman and Helpman, 1991; Dechezleprêtre et al., 2013; Furman et al., 2002). The 

data is derived from the International Energy Agency. This IEA data is known as possibly the 

best accessible data source of public R&D expenditures in the energy sector (Garrone and Grilli, 

2010).  

Despite the fact that the IEA being a good data source, there are of course issues to consider 

(Bointner, 2014). For example, the database could be an incomplete representation of public 

support provided to energy R&D (e.g., Arundel and Kemp, 2009). There are some consistency 

issues to consider with respect to the geographical coverage. For instance, Germany was 

reunified in 1991 but reports some missing data for the new Bundesländer (i.e., states formerly 

part of the German Democratic Republic) prior to 1992. Also, the R&D data from regional 

governments are not provided by all countries (IEA, 2012). R&D data from the private sector 

would have been both important and interesting to include, but a comprehensive form of such 

data was not available.  

Public R&D support is not the only channel for public support for individual firms; there are 

tax incentives, direct government funding, co-operation arrangements between firms, research 

institutes and universities, and loan guarantees. Hence, we use the Environmental Policy 

Stringency Index (ER) which is a relatively new index provided by the OECD that combines 

quantitative and qualitative information related to environmental policy (laws and regulations). 

The index´s construction enables comparisons across countries, an issue that has been 

problematic before (Botta and Koźlak, 2014).  

The Environmental Policy Stringency Index consists of environmental indicators corresponding 

to several policy instruments. The index covers the degree of stringency of 15 environmental 

policies, primarily related to climate and air pollution.21 The stringency ranges from 0 (not 

                                                 
20 For some countries, the application of the average geometric growth rate did not matter as they had minimal (0) patent 

activity observed in the initial years.  

21 Using an index gives some advantages over using single policies in the way that several studies, that examine the impact of 

demand-pull policies on the deployment of renewable energy, have done before; by using dummy variables that represent the 

existence of a support instrument. By paying somewhat more attention to the general effect of how instruments are designed, 

a somewhat better understanding of the policy effect should be reached (Baudry and Bonnet, 2018). 
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stringent) to 6 (highest degree of stringency). The index is divided into two main subsets. There 

is a Market-based subset of instruments, with e.g., taxes on emissions, trading schemes (e.g., 

the European carbon allowances and the green certificates), systems of deposit and refund and 

FITs (feed in tariffs). The Non-market subset includes for example the norms concerning 

emissions ceilings and the limit of sulphur content in diesel, and governmental subsidies for 

renewable energy.22 

Table 3 provides definitions and descriptive statistics for the variables that are used in the 

empirical investigation. 

Table 3: Data definitions and descriptives 

Variable Description Mean 
Standard 

deviation 
Minimum Maximum 

Patents granted 
Number (counts) of solar patents 

over the time period 1990-2014. 
98 297 0 2481 

R&D 

Public expenditures on solar power 

R&D in million USD (2014 prices 

and assuming purchasing power 

parity). 

22.16 44.0 0 430 

R&D stock 

Stock of public expenditures on solar 

power R&D in million USD (2014 

prices and assuming purchasing 

power parity). 

100.98 200.55 0 1530 

National solar 

stock 

Knowledge stock based on patents 

granted to domestic inventors in the 

field of solar power technology. 

385 1159 0 8997 

International 

stock 

International solar power knowledge 

stock. 
8776 9891 353 30193 

Environmental 

Policy 

Stringency Index 

(ER) 

The stringency ranges from 0 (not 

stringent) to 6 (highest degree of 

stringency). 

1.78 0.94 0.20 4.13 

 

5. Results 

Table 4 presents the empirical results from model specifications I-IV, i.e., the models 

addressing the presence of domestic knowledge spillovers in the solar power sector. Models I 

to IV covers the period 1990 - 2014 and models V – VIII cover the (later) period 2000 – 2014. 

The main coefficients of interest in Table 4 are those relating to the national solar stock and the 

International stock, respectively. Further tests will be displayed in table 5 (models V – VIII).   

                                                 
22 In some, but not all countries there was a lack of reporting of the last two years, in those cases we have assumed that the 

policy stringency was equal to the previous year, this might possibly reduce the effect of the stringency variable since the trend 

has been more on the side of an increased stringency. 
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Models I - II indicate that the variable National Stock is statistically significant and positive. 

Models III and IV show that the coefficient representing the international knowledge spillovers, 

International stock, was negative and statistically significant. The variable R&D flow has a 

contradictory, statistically significant coefficient in models I and III. In models II and IV, R&D 

Stock showed statistically significant and positive results. R&D data from the private sector 

would have been both important and interesting to include, but a comprehensive form of such 

data was not available and was hence not included. The policy stringency variable was 

statistically significant and positive in all models.  

Table 4: Parameter estimates for models I-IV, time period 1990-2014. 

Variable Model V Model VI Model VII Model VIII 

National Stock 0. 677*** 0. 508***   

 (51.85) (33.32)   

International Stock   -0.634*** -0.425*** 

   (-28.03) (-14.85) 

R&D flow -0.040***  0.075***  

 (-7.17)  (14.53)  

R&D Stock  0. 209***  0.522*** 

  (12.37)  (39.27) 

Policy Stringency 0. 195*** 0. 225*** 0.143*** 0.228*** 

 (19.40) (21.88) (14.83) (22.67) 

Wald chi2 39147 39116 40241 40007 

Observations 616 616 616 616 

Log-likelihood -3862 -3812 -5014 -4306 

Prob>=chibar2 0.000 0.000 0.000 0.000 

Time fixed effects Yes Yes Yes Yes 

Country Fixed effects Yes Yes Yes Yes 

Notes: *, ** and *** indicate statistical significance at the 10%, 5% and 1% levels, respectively. 

 

Table 5 displays the results from models V-VIII, i.e., addressing the later time period (2000 - 

2014). Models V - VII indicate that the variable National Stock is statistically significant and 

positive. Models VI and VIII show that the coefficient representing the international knowledge 

spillovers, International stock, was negative and statistically significant. The variable R&D 

flow has statistically significant coefficient negative results in models VI and VIII. In models 

VI and VIII, R&D Stock showed statistically significant and positive results. The policy 

stringency variable was statistically significant and positive in all models.  

 

Table 5: Parameter estimates for models VI-X, time period 2000-2014 

Variable Model V Model VI Model VII Model VIII 

National Stock 0.519*** 0. 270***   

 (29.76) (13.02)   

International Stock   -1.479*** -0.311*** 

   (-20.84) (-4.08) 

R&D flow -0.046***  -0.0362***  
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 (-8.00)  (-5.93)  

R&D Stock  0. 306***  0.431*** 

  (14.81)  (22.18) 

Policy Stringency 0.09*** 0.149*** 0.028** 0.125*** 

 (7.67) (11.86) (2.43) (10.01) 

Wald chi2 13782 13795 13590 13828 

Observations 336 336 336 336 

Log-likelihood -2606 -2529 -2836 -2606 

Prob>=chibar2 0.000 0.000 0.000 0.000 

Time fixed effects Yes Yes Yes Yes 

Country Fixed effects Yes Yes Yes Yes 

 

Notes: *, ** and *** indicate statistical significance at the 10%, 5% and 1% levels, respectively. 

 

6. Discussion 

6.1 National and international knowledge spillovers 

The variable national solar stock had a statistically significant positive coefficient in models I, 

II, V and VI. The statistically significant and positive result suggests that previous solar power 

research output in a country can affect the domestic capacity for realizing future inventions in 

a positive way. In other words, the inventive capacity in the solar field was improved by 

knowledge accumulation in the solar power field. The findings also show that the domestic 

accumulation of patents is important for the potential development of new ones (much in line 

with e.g., Antonelli, 2008; Antonelli and Quatraro, 2010; Costantini and Crespi, 2008a, 2008b; 

Dosi et al., 1988; Fagerberg et al., 2005; Rennings, 2000). Thus, domestic patents add to a 

national knowledge stock, in turn suggesting that early investment in a specific technology can 

be an indicator of future leadership in that field. These results were rather expected and followed 

results in similar studies on other technologies (see e.g., Klaassen et al., 2005; Mancusi, 2008; 

Aldieri and Cincera, 2009; Braun 2011; Corradini et al., 2014; Lehmann, 2013; Grafström 

2018a, c; Grafström and Lindman 2017).  

The overall findings of this analysis reveal interesting results regarding the state of international 

knowledge spillovers in the solar sector. The results indicate that a large build up in neighboring 

countries’ patents stock in the solar sector have a negative effect on the buildup of an own 

knowledge stock. Hence, there might be incentives for free-riding (as suggested by e.g., 

Mansfield et al., 1977; Jaffe et al., 2005; Popp, 2005; Fischer, 2008) because countries might 

try to absorb spillovers and make use of the technologies invented abroad.  

For a laggard country, the free-riding approach might not be a problem if the value of turbine 

sales and patent-use revenues are high enough. If, however, it can be shown that incentives exist 

that encourage free-riding – and that such free-riding has a negative effect on the goal 
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fulfillment regarding renewable energy generation in the EU – then public policies should seek 

to discourage such behavior because it could affect the speed at which low-cost renewable 

energy production diffuses in western Europe. 

6.2 R&D and Policy Stringency 

The results in this paper highlight that long running public R&D spending policies and policy 

stringency plays an important role in stimulating innovation in the solar energy sector. The year 

to year R&D spending was however statistically significant and negative. The policy stringency 

variable was statistically significant and positive in all estimations – indicating that the more 

emphasis a state puts on environmental efforts (fiscal and legal) the higher output of solar 

patents the country has.  

Public R&D funding are said to be needed since private firms have too weak incentives to make 

R&D investments in clean energy technologies (Jaffe et al., 2005; Edenhofer et al., 2013). 

Another argument for why public policies need to combine the standard environmental policies 

(such as carbon taxes or permits) with R&D support in clean technologies is that once the 

knowledge base in clean energy is large enough, firms will start innovating; rendering public 

policy intervention only temporary (Acemoglu et al., 2012, Aalbers et al., 2013). Hence, 

improved information on what kind of policies benefit existing technologies and what kind of 

policies have the potential to increase technological variety has important implications for 

policy makers who want to engage in R&D spending. 

The analysis developed here shows that year to year (flow) public R&D funding appeared to 

have a small negative effect. One possible explanation is that technological change is a long 

run process where it takes a long accumulation period of knowledge before inventions can be 

made. A decreased return to innovation spending might also have been revealed. Alternatively, 

a late spending increase might indicate that countries that are laggard are trying to catch up but 

with initial low level of invention output. These findings therefore matter for public science 

strategies, technology and innovation policies. 

7. Concluding Remarks and Directions for Future Research 

The purpose of this paper is to provide an updated analysis of international knowledge 

spillovers in the solar energy sector. Specifically, the paper investigates how the accumulation 

of solar energy patents and public R&D spending affected the output of domestic granted solar 

energy patents. The econometric analysis relies on a data set consisting of most of the OECD 

countries plus China and analyzes two time periods; from 1990 to 2014 and the years 2000 to 
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2014.  To analyze the data material, a Poisson fixed-effects estimator based on the Hausman, 

Hall and Griliches (1984) method was used since the model allows for count data.   

The empirical findings suggest that the domestic accumulation of patents and R&D is important 

for the potential development of new ones. Indeed, early investment in specific technology can 

be an indicator of future leadership in that field. It also seems to be the case that long running 

investments work better for a country that wants to be a part of the development of a particular 

technology.  

There are several ways to improve the analysis carried out here if newer data could be obtained 

and soon enough time will have elapsed, to allow for a comprehensive analysis of the 

development in the last two decades, which has been highly important for the development of 

solar power. An obvious way to do this is by having observations of the same country across a 

greater number of periods, including before, during and after various major changes in 

technology. This should allow a better control for unobserved country specific effects. The 

analysis presented here is just a step for a better understanding of the effects of public R&D 

subsidies and the effect of investments in a specific technology. The paper is focused around 

the knowledge production function, but further research could be extended to factors that affect 

diffusion more and study its contribution to knowledge spillovers.  

Outstanding questions include: does government-sponsored energy technology research 

outcompete private initiatives? Are there ways of improving R&D resource allocations? 

Additional analyses should devote more attention to related themes in order to broaden the 

understanding of environmental technological change. Such themes include the determinants 

of the development and diffusion of different types of renewable energy technologies; many 

types of technologies face their own challenges. Naturally, since this thesis only attempts to 

provide answers to questions concerning a limited part of the entire technological development 

process, the field for future research should be wide. If we want to predict and understand how 

the new renewable energy technologies develop over time and what policy makers can do to 

stimulate this development, it is essential to continue to improve our understanding of the 

subject. 
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