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Abstract
The aim of the present paper is to compare the innovation output of State-Owned Enterprises (SOEs) and Privately-Owned Enterprises (POEs), as measured by patent activity, taking a cross-industry perspective. Estimation results focusing on EU countries over the period 2011-2018 reveals that in some medium high-tech manufacturing industries (i.e., manufacturing of chemical products and motor-vehicles) and in the gas and electricity industries the innovative performance of SOEs is on average superior to those of POEs. No statistically significant difference can be detected in high-tech manufacturing, while in knowledge intensive services the evidence is mixed: SOEs innovation output is inferior to POEs’ in professional, scientific, and technical activities; yet SOEs outperform POEs in transport services. Overall, these results suggest that, in specific economic sectors, SOEs may act as an important vehicle for technological development.
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1. Introduction
Many economic theories consider innovation as the key determinant of economic growth. According to the endogenous growth theory, policy measures that support research, development, and innovation are crucial to support the long run growth rate of an economy (see e.g. Arrow, 1962; Romer, 1990; Aghion and Howitt 1992, Acemoglu, 2009). This is particularly true in case of radical inventions, such as General-Purpose Technologies that can act as “engines” of long-term economic growth (see Lipsey et al. 2005; Bresnahan and Trajtenberg, 1995; Helpman, 1998). Great emphasis on technological innovation as a triggering force for economic development is put also by the neo-Schumpeterian economics (see Hanusch and Pyka, 2007), which assigns the public sector the role of providing support for uncertain innovation activities (Acs, 2006). According to the National Innovation System theory, the technology-based economic development crucially depends on the interaction among innovation actors, including enterprises, universities, and government research institutes (see Lundvall, 1992 and Nelson, 1993).
Embracing this message, an increasing strand of the economic literature highlights the role played by the State in enhancing directly scientific and technological development, and fostering radical innovation (see Mazzucato, 2013 and 2016; Castelnovo and Florio, 2020; Fuchs, 2010; Block and Keller, 2011).
The reasons for this renewed interest in public intervention in research and innovation activities comes from the recognition that States may have some advantages over private companies in undertaking innovation investments in some areas (see Mazzucato, 2016). The features of the knowledge creation process, such as the long-term horizon, uncertainty, and financial constraints, lead to market failures and private sector underinvestment in R&D, as suggested for example by Romer (1990) and Jamasb and Pollitt (2011).
Supporters of a direct State involvement in innovation activities rely on three main arguments. First, governments can act as a long-term investor since they have no need for immediate returns and profit-seeking, while private companies typically invest to capture value in a short time and in those forms of knowledge that may generate economic returns. Second, Governments may act as risk-takers, investing in risky breakthrough technologies and funding the most-uncertain phase of research, whose uncertain returns may discourage private companies from bearing innovation costs. Third, States have softer budget constraints than private companies, making R&D investments less influenced by business cycles. 
However, the debate about the proper role of Governments as catalyst and challenger in promoting innovation is still open among economists. Mazzucato (2013) suggests a proactive role for the State in shaping innovation policies: the State shouldn’t be just a regulator, but should be entrepreneurial, take risks and invest to produce knowledge. On the contrary, Porter (1990) suggests that State’s role should be limited to create an environment where companies can gain competitive advantage.
[bookmark: _Hlk65852500]The issue concerning the proper role of State in supporting innovation introduces the question on the possible forms of public intervention. We can distinguish four alternative measures: direct intervention through the R&D investment of SOEs (see Landoni 2020, Antonelli et al., 2014; Tonurist and Karo, 2016; Musacchio and Lazzarini, 2014); support to private firms’ R&D, using supply-side innovation tools like tax incentives and subsidies (see Almus and Czarnitzki, 2003; Bloom et al., 2019; Bérubé and Mohnen, 2009); use of demand-side innovation policies like public procurement for innovation, which in turn can be managed through SOEs or other public agencies and organizations (see Edquist and Hommen, 2000; Edquist et al., 2015; Castelnovo et al., 2018); funding of organizations such as public agencies, research universities and large research infrastructures, e.g., the CERN (European Organization for Nuclear Research), ESA (European Space Agency), NASA (National Aeronautics and Space Administration), and NIH (National Institutes of Health).
The present paper focuses on the first of these possible forms of State involvement in innovation activities.
According to Tonurist and Karo (2016), SOEs can be used as tools for innovation policy. One important advantage of SOEs as instruments of innovation is that they can allow overcoming many of the conventional challenges of innovation policies, like coordination, implementation, and funding of innovation projects. However, they recognized that their role as innovation policy tools requires challenging policy reforms, as changes in their internal managerial practices, incentives, and performance orientation.
Given the uncertainty of theoretical predictions and the contrasting opinions of economists, the aim of the present study is to empirically assess whether the innovation performance of SOEs is comparable to that of private enterprises. This should advance the understanding of SOEs’ role in driving innovation, ultimately promoting economic development. 
This paper contributes to the extant literature in two ways. First, it provides new empirical evidence to an overlooked topic: while a vast literature compared SOEs to POEs in terms of economic and financial performance, few studies focused on innovation outputs. Secondly, it is the first paper reporting a cross-industry investigation, focusing on high- and medium high-tech manufacturing industries, and knowledge intensive services[footnoteRef:1] in European countries. Breaking down the analysis by industries is relevant to identify the fields where SOEs have lower or superior innovation performance and understand the reasons of their lacks or advantages, helping policy makers to shape effective innovation policies. [1:  I rely on the Eurostat technological classification to identify high-tech industries and knowledge intensive services, and then on NACE codes at the 2-digits level to distinguish the different economic activities within these broader classifications.] 

The measures of innovation output used for the empirical analysis are the number of patent applications filed by firms[footnoteRef:2] as a proxy for their innovation capacity, and the number of patents’ forward citations as a proxy for the innovation value[footnoteRef:3]. The empirical strategy is organized in three steps. First, non-parametric matching techniques are applied to select a suitable group of private enterprises having observable features comparable with those of SOEs. Then, econometric models are used to estimate the correlation between ownership type and innovation output. Lastly, robustness checks are performed to test estimates’ reliability.  [2:  Patents are widely used in the economic literature as a proxy of innovation capacity (see e.g., Hausman et al. 1984, Pakes and Griliches, 1980; Crépon et al., 1998). The use of patents as a proxy of firms’ innovation capacity is further discussed in Section 4.2.]  [3:  See Trajtenberg (1990).] 

Results reveal that SOEs often outperform POEs in terms of innovation performance and unveils relevant across-industry heterogeneity. In some medium high-tech manufacturing industries (like chemicals and motor vehicles manufacturing), as well as in the gas and electricity industries, SOEs display on average a superior innovation performance. No statistically significant difference can be detected in the high-tech manufacturing, while the evidence is mixed in knowledge intensive services, where SOEs innovation output can be either superior or inferior to the one of POEs, according to the industry considered.
The paper proceeds as follows: section 2 reviews the literature studying the association between firms’ ownership and performance. Section 3 describes the dataset building process and presents summary statistics. Section 4 explains the empirical strategy adopted. Section 5 reports and discusses the estimation results, while Section 6 draws conclusions. 

2. Literature review: the impact of ownership on firms’ innovation performance
[bookmark: _Hlk67383342]The impact of ownership on firms’ economic performance has been broadly investigated both theoretically and empirically. The traditional view of public ownership, as presented in many public economics textbooks (see e.g., Atkinson and Stiglitz, 2015) suggests that SOEs can address market failures, such as natural monopoly, public goods, externalities, and incomplete markets. However, the main criticism to this argument was that government failures may be even worse than market failures: a well-established economic literature asserts that SOEs are inefficient compared to private firms. Traditional arguments about SOEs inefficiency mainly rely on three criticisms. 
According to the «agency view» (see e.g., Holmstrom and Milgrom, 1994), SOEs are characterized by poorly monitoring and low-powered incentives. In a property right theory perspective (see Coase, 1937), private ownership clearly defines claims to profits and hence provides the right incentives to managers. On the contrary, the State is an abstraction where politicians or bureaucrats have no incentive to guarantee the citizen-owner rights (see Alchian and Demsetz, 1973). In more recent years, this view has been challenged by some authors such as Francois (2000) who argued that when a “public service motivation” exists, government bureaucracy may better obtain effort from employees than a standard profit maximizing firm.
Also, the principal-agent theory (see Laffont and Tirole, 1993 and 2000) pointed to information asymmetries between owners and managers in both public and private organizations, with ambiguous predictions on the relative efficiency.
A second criticism, moved by the so-called «political view» (see e.g., Jensen and Meckling, 1976; Scott and Falcone, 1998) is that public firms may have a distorted objective function. This may happen for different reasons. According to a first and more pessimistic view, SOEs may pursue politicians’ individual goals (see Shleifer and Vishny, 1993 and 1994), targeting short-term political gains rather than the long-term projects for shareholder value. In the words of Niskanen (1971), individual utility in the public sector is ultimately made of the three “p-objectives”: pay, power, and prestige. On the opposite, SOE may seek social goals, such as correcting market failures (Atkinson and Stiglitz, 2015) or pursuing employment objectives (Shleifer, 1998).
Lastly, according to the “Austrian view” (see the seminal work of Hayek, 1945 or Huang et al., 2017, for a more recent contribution) SOEs are sheltered from competition and enjoy protection in the form of legal monopoly or other barriers to entry. Hence, they would tend to be less innovative than private firms because innovation arises as a response to competition under incomplete information. Belloc (2014) suggested that SOEs’ inefficiency in the production of technological innovation is not due to state ownership per se but is likely related to other conditions, such as institutions, culture, legislation, and the degree of political competition. Hence, measures aimed at increasing managers' commitment to long-term investment plans and reducing political interference should be more effective on long-run technological progress than company privatization. According to Landoni (2020), there are specific factors that allow SOEs to innovate efficiently, namely managerial autonomy and external coordination. Managerial autonomy refers to the independence from political interference, while external coordination means mutual reinforcement and alignment with the government innovation policy. Managerial autonomy guarantees advantages with respect to other public sector innovators like universities and public research facilities: since SOEs are organized as firms, they combine governance structures with more flexible routines. External coordination provides advantages over private firms, guaranteeing a privileged relationship with the government, and thus easier access to public innovation networks.
Given the uncertain predictions of theoretical studies, a crucial contribution for the understanding of ownership type on firms’ performance should be provided by the empirical analysis.
A large empirical literature has investigated the impact of ownership on firms’ economic outcomes such as profitability and productivity. Earlier literature frequently found that SOEs display a lower productivity compared to private enterprises (see e.g., Boardman and Vining, 1989). However, other contributions showed that public ownership is not necessarily associated with worse economic outcomes. For example, Parker and Liang Wu (1998) and Willner (2001) found that public ownership has no statistically significant impact on performance or may be even associated with a premium with respect to private ownership. A recent review (Muhlenkamp, 2015) of empirical studies on this topic suggested that the available evidence does not allow to conclude that privately owned firms are more efficient than otherwise-comparable SOEs. By focusing on the telecommunication industry, Castelnovo et al. (2019) highlighted the importance of the institutional setting in determining firms’ productivity: while in countries characterized by a poor institutional environment SOEs have on average lower total factor productivity than POEs, in countries with high-quality institutions SOEs may even outperform private firms.
Focusing specifically on the available empirical evidence about SOEs’ innovation performance, we can distinguish two alternative approaches: i) a direct comparison between the R&D expenditure and innovation outcomes of SOEs and private companies operating at the same time in a specific market; ii) use of privatization reforms to identify changes in these outcomes when moving from State- to private-ownership.
[bookmark: _Hlk67909352]Recent evidence from studies taking the former approach points out that SOEs may innovate even more intensively and originally than their private peers. Lazzarini et al. (2020), focused on a worldwide sample of 288 large SOEs and 264 POEs, built starting from a SOE survey compiled by the OECD and the Fortune Global 500 dataset, covering 44 countries and 23 industries over the period 1997-2012. Using matching techniques to control for firm characteristics, they showed that SOEs invent more intensively (i.e., file more patents) than private firms, produced more pioneering inventions (i.e., filed more patents that do not cite any other previously patented work), but their inventions might be less impactful (patents filed by SOEs are less cited in the future). Moreover, they found that institutional and industry features influence SOEs innovative performance. A strong institutional environment in the home country, such as improved checks-and-balances against governmental intervention, increases the intensity, originality, and impact of SOEs’ inventions. Also, sector characteristics matter: SOEs operating in high innovation industries display better innovation outcomes.
Clò et al. (2020) compared privately- and State-owned enterprises’ innovation output in the telecommunications industry. They used the number of patent applications as a proxy of innovation capacity and studied whether the relation between ownership and innovation varies with the quality of institutions. They found that SOEs with direct public control in countries with high institutional quality have a superior innovation performance than private firms. The importance of the institutional environment and industry features is confirmed by Kou and Kroll (2017), who found a heterogeneous effect of State ownership on the patent applications of Chinese listed firms, depending on the activity sector and the specific economic, institutional, and political features of the region.
Cao et al. (2020) investigated the innovative activity of SOEs in China, using the output of patents per dollar of R&D expenditure as a proxy for innovation efficiency. Their results highlight that minority SOEs are substantially more innovatively efficient than both non-SOEs and majority SOEs.
Papers adopting the latter approach mainly focused on network industries, especially the electricity sector, due to the pervasive process of privatization that affected these industries in the last decades. Dooley (1997) uncovered for the first time the declining trend in energy R&D investments associated with the deregulation of the energy sectors in developed countries. More recently, Sterlacchini (2012) showed that the liberalization and privatization processes have led to a sharp decline in the R&D investment by the major electric utilities worldwide. However, this phenomenon can be detected only for private or newly privatized companies, while those remaining under public control did not reduce R&D expenditure. 
Jamasb and Pollitt (2008, 2011) provided consistent descriptive evidence in the electricity industry of the UK. Analysing the patenting activity of UK electricity firms from the ‘70 to 2005-06, they showed that after the liberalization reforms a reduction of R&D investments occurs. This has consequently led to a drop in the number of patents filed by firms, except for the electricity-related patents in non-nuclear and renewable technologies which increased in the post-liberalization period thanks to strategic subsidies. In addition, R&D productivity and innovative output per unit of input improved. Despite this, the authors warned that a lasting decline in R&D may have negative consequences on the long-run technological progress and efficiency improvement of the sector. However, in more recent years a significant recovery in R&D expenditure took place, thanks to an improved institutional framework and the implementation of effective innovation policies (see Jamasb and Pollitt, 2015). 
The present paper expands the reviewed literature providing new empirical evidence on the innovation performance of SOEs as compared to POEs. Specifically, it relies on a much larger sample than previous research (over 2,000 SOEs), focuses the attention on EU countries, and breaks down the analysis by economic sector.


3. Data and summary statistics
3.1 Dataset building process
[bookmark: _Hlk67997449]As the first step of the dataset building process, I identified high-tech and medium high-tech industries, and knowledge-intensive services exploiting the Eurostat classification[footnoteRef:4], which aggregates manufacturing industries and service sectors according to their technological intensity, based on the NACE Rev. 2 at 2-digit level. [4:  https://ec.europa.eu/eurostat/cache/metadata/Annexes/htec_esms_an3.pdf] 

[bookmark: _Hlk66719455]Specifically, I focused the attention on the following categories: high-tech and medium high-tech manufacturing, high-tech knowledge-intensive services, and knowledge intensive market services. Moreover, I included in the analysis the electricity and gas industries, since they involve a relevant number of SOEs, and they are included among the sectors with the largest number of patent applications by the 2019 EPO Patent Report[footnoteRef:5].  [5:  https://www.epo.org/about-us/annual-reports-statistics/statistics/2019/statistics/patent-applications.html#tab3 ] 

Overall, the industries and service sectors included in my analysis cover the fifteen 2-digits Nace codes listed in Table 2[footnoteRef:6]. They correspond to the main technology fields with the highest number of patent applications in 2019, according to the EPO Patent Report. [6:  I excluded some activity codes which are classified as high-tech industries, medium high-tech industries, or knowledge-intensive services because they involve no SOEs, hence a comparison with POEs is not feasible.   ] 

Subsequently, I used the online Orbis database, maintained by the Bureu Van Djik[footnoteRef:7], to retrieve the financial information of the companies operating in these industries/sectors over the years 2011-2018. I stopped the observation period in 2018 to avoid data censoring issues, because the lag in reporting information on Orbis does not allow to have complete and reliable information over the years 2019-2020. [7:  https://www.bvdinfo.com/en-gb/ ] 

The investigation focuses on the EU14 countries. In this way I could select a sample of fairly homogeneous countries, which operate in a similar economic environment, and guarantee a sufficiently large number of firms in each industry/sector. At the same time, this avoids a too large number of observations which could overload the Orbis download process. 
As a further step in the searching strategy, I asked Orbis to select only companies for which financial data are available over the period considered. After this, I decided to exclude Denmark firms from the sample because financial accounts are available only for a very small fraction of them, possibly generating self-selection concerns.
The choice to adopt these sectorial and geographical selection criteria led to a sample of 264,443 firms. After excluding firms with missing ownership information, I am left with a dataset of 171,592 firms. To identify SOEs I exploited the ownership information available in Orbis, focusing on the Global Ultimate Owner (GUO) variable. Specifically, I created a dummy variable (called SOE) which takes value 1 if the GUO is a “Public authority, state, government” according to the Orbis classification, and 0 otherwise. Following this definition, 2,581 firms in my sample can be classified as SOEs, corresponding to 1.5% of the total. Note that this is a quite stringent definition of SOE, since it includes only firms in which the government is the entity at the top of the corporate ownership structure. State-invested enterprises in which the State holds minority, even if relevant, stakes are hence excluded from this definition of State-Enterprise.  
[bookmark: _Hlk67575966]Strong heterogeneity exists, over several dimensions, among the firms included in my sample, particularly between SOEs and POEs. For example, there are relevant size differences: SOEs are mostly large firms while POEs’ size may range from very small to very large[footnoteRef:8]. To reduce such heterogeneity and make the two subsets of firms comparable, I performed a propensity score matching (PSM), which allows to build a comparable and balanced sample of private firms that are similar to SOEs in terms of firm-, industry-, and country-characteristics. Details about the matching procedure are provided in the empirical strategy Section (see below). The resulting matched dataset includes 2,143 SOEs and 6,281 POEs for a total of 28,784 observations over the period 2011-2018[footnoteRef:9]. [8:  According to the Orbis size definition, based on the number of employees, amount of operating revenues and total assets, less than 20% of SOEs in the sample is classified as a small firm, while 55% of POEs are. Similarly, focusing on the number of employees, it always exceeds 300 for SOEs in all the years considered, while ranges from 120 to 145 for POEs.  ]  [9:  This is an unbalanced panel dataset because on occasion observations are missing for some firms. Before carrying out the econometric analysis, I implemented imputation techniques for missing data to increase the number of observations.] 

[bookmark: _Hlk68080833]As the last step of the data-building process, I downloaded patent data from the Orbis Intellectual Property database. Following previous research (see e.g., Clò et al., 2020), I restricted the attention only to patents filed in three world main patent offices - USPTO, EPO, JPO[footnoteRef:10] – which, on top of granting a wider geographical intellectual property protection in the most relevant markets, are acknowledged for presenting a rigorous and transparent patent evaluation procedure. This choice guarantees that only high-quality patents are considered and should increase the likelihood that patents represent a good proxy of firms’ innovation performance. Moreover, I carefully checked the patent data extracted from the Orbis IP to avoid potential duplications of applications referring to the same invention. [10:  Following the suggestion of an anonymous referee, I dropped from the sample patents filed at the WIPO, which were previously included in my analysis. The reason is that the WIPO provides a provisional evaluation of patents: the so-called PCT applications to the WIPO allow the applicants to keep the priority date of the invention for other 30-31 months, so that the decision to apply in a specific country (and the substantial costs implied by such decision) can be delayed.] 

3.2 Summary statistics
Table 1 shows the distribution across countries of the firms included in the matched sample, distinguishing between the ownership type. As it can be noticed, the largest number of SOEs in my sample is in France and Germany (which together account for 44.5% of the total), followed by Italy (18%), Sweden (10%), Austria (6.8%) and Spain (6.3%). 
Table 1. Distribution of SOEs by country (after matching)
	Country
	SOEs
	POEs
	Total

	Austria
	146
	308
	454

	Belgium
	57
	232
	289

	Finland
	117
	232
	349

	France
	465
	1,325
	1,790

	Germany
	490
	1,106
	1,596

	Greece
	18
	46
	64

	Ireland
	50
	148
	198

	Italy
	385
	1,649
	2,034

	Luxembourg
	12
	24
	36

	Netherlands
	33
	88
	121

	Portugal
	21
	116
	137

	Spain
	134
	585
	719

	Sweden
	215
	422
	637

	Total
	2,143
	6,281
	8,424



Table 2 shows that the vast majority of SOEs (59.3%) is active in the electricity and gas industries. This is not surprising due to the natural monopoly features of these industries and because of national strategic reasons and confirms that, despite the liberalization reforms that took place in the last 30 years, the State still plays a relevant role in these industries (see Florio, 2013, for a deep discussion of this topic). The Knowledge intensive market services include 362 SOEs (16.9%), while 392 SOEs (18.3%) operate in High-tech knowledge intensive services. Lastly, the sample includes 94 SOEs (4.4%) active in the medium high-tech manufacturing and 25 (1.2%) in the high-tech manufacturing (which includes only two NACE codes). 


Table 2. Distribution of firms by industry and ownership type (matched sample)
	
	Industries
	SOEs
	POEs
	Total

	High-tech Manufacturing
	Manufacture of basic pharmaceutical products and pharmaceutical preparations (nace 21)
	6
	17
	23

	
	Manufacture of computer, electronic and optical products (nace 26)
	19
	99
	118

	Medium high-tech Manufacturing
	Manufacture of chemicals and chemical products (nace 20)
	29
	167
	196

	
	Manufacture of electrical equipment (nace 27)
	18
	95
	113

	
	Manufacture of machinery and equipment n.e.c. (nace 28)	
	23
	146
	169

	
	Manufacture of motor vehicles, trailers, and semi-trailers (nace 29)
	8
	52
	60

	
	Manufacture of other transport equipment (nace 30)
	16
	77
	93

	Knowledge intensive market services


	Water Transport (nace 50) + Air Transport (nace 51)
	42
	145
	187

	[bookmark: _Hlk67998257]
	Architectural and Engineering Activities; Technical Testing and Analysis (nace 71)
	232
	1,211
	1,443

	
	Other Professional, Scientific and Technical Activities (nace 74)
	88
	456
	544

	High-tech knowledge intensive services
	Telecommunications (nace 61)
	97
	270
	367

	
	Computer Programming, Consultancy and Related Activities (nace 62)
	143
	877
	1,020

	
	Information Service Activities (nace 63)
	79
	427
	506

	
	Scientific Research and Development (nace 72)
	73
	326
	399

	Electricity, gas, and steam supply	
	Electric power generation, transmission and distribution (nace 35.1) + 
Manufacture of gas; distribution of gaseous fuels through mains (nace 35.2)
	1,271
	1,916
	3,187

	Total
	2,143
	6,281
	8,424




Concerning the patenting activity of the firms included in the sample, the average yearly number of patent application is 0.12 (std. dev. 2.55) ranging from a minimum of 0 and a maximum of 240[footnoteRef:11].  [11:  Before the implementation of the matching algorithm the average yearly number of patent application was 0.17 (std. dev. 5.89).] 

Looking at the total number of patents filed over the time span considered, 98.5% of the firms has filed zero patents[footnoteRef:12],  1.2% from 1 to 10 patents, 0.3% more than 10 patents. [12:  This data is perfectly in line with previous studies focusing on the patenting activity of firms operating in high-tech sectors, e.g. Castelnovo et al. (2018) and Bastianin et al. (2021).] 

[bookmark: _Hlk83031608]Table 3 provides details about the average number of patent applications by the SOEs and POEs included in the sample, breaking down statistics by sectors and comparing data before and after the matching procedure. Note that some changes in these statistics emerge after the implementation of matching: specifically, in the “Architectural and Engineering Activities; Technical Testing and Analysis” (NACE 71), and Computer Programming, Consultancy and Related Activities (NACE 62), SOEs report on average a statistically significant greater number of patent applications in the original sample, but this superiority disappears after the matching. In addition, in the “Manufacture of electrical equipment” (NACE 27) no statistically significant difference could be detected before matching, while POEs display a stronger innovation capacity in the matched sample. 
From the preliminary and descriptive evidence provided by after-matching statistics it can be concluded that SOEs show a superior and statistically significant innovation capacity in two of the sectors included in the medium hight-tech manufacturing industry (NACE 20 and NACE 29), in the electricity and gas industry (NACE 35) and in the transport services (NACE 50+51). On the contrary, private firms display a statistically significant superior patenting activity in the “Manufacture of electrical equipment” (NACE 27). In most of the remaining sectors, POEs report on average more patent applications but the difference from SOEs is not statistically distinguishable from zero.


Table 3. Average yearly number of patent applications by sector and ownership
	[bookmark: _Hlk83031721]Industry
	Yearly patent application (avg 2011-2018)

	
	Before matching
	After matching

	
	SOEs
	POEs
	t-stat 
	SOEs
	POEs
	t-stat

	High-tech Manufacturing
	[bookmark: _Hlk66949878]Manufacture of basic pharmaceutical products and pharmaceutical preparations (NACE 21)
	0.229
(48)
	0.784
(3,262)
	0.612
	0.262
(42)
	0.667
(42)
	0.667

	
	Manufacture of computer, electronic and optical products (NACE 26)
	0.560
(168)
	0.561
(14,245)
	0.002
	0.618
(152)
	1.098
(152)
	0.810

	[bookmark: _Hlk67317220]Medium high-tech Manufacturing
	Manufacture of chemicals and chemical products (NACE 20)
	1.746
(272)
	0.170
(13,344)
	7.596***
	2.152
(217)
	0.382
(217)
	2.245**

	
	[bookmark: _Hlk68078510]Manufacture of electrical equipment (NACE 27)
	0.056
(160)
	3.462
(13,256)
	0.628
	0.082
(73)
	0.547
(73)
	1.676*

	
	[bookmark: _Hlk66949536][bookmark: _Hlk67679052]Manufacture of machinery and equipment n.e.c. (NACE 28)	
	0.565
(216)
	0.253
(39,262)
	1.346
	0.503
(151)
	1.470
(151)
	1.099

	
	Manufacture of motor vehicles, trailers and semi-trailers (NACE 29)
	5.984
(64)
	0.387
(7,128)
	6.210***
	6.279
(61)
	0.639
(61)
	1.795*

	
	Manufacture of other transport equipment (NACE 30)
	1.280
(168)
	0.723
(3,975)
	0.709
	0.629
(116)
	1.405
(116)
	1.618

	Knowledge intensive market services


	Water Transport + Air Transport (NACE 50+51)
	0.010
(400)
	0.001
(6,648)
	4.102***
	0.014
(276)
	0.001
(276)
	1.642*

	
	Architectural and Engineering Activities; Technical Testing and Analysis (NACE 71)
	0.117
(2,312)
	0.027
(73,936)
	3.840***
	0.131
(1,633)
	0.269
(1,633)
	0.894

	
	Professional, Scientific and Technical Activities (NACE 74)
	0.001
(720)
	0.010
(30,112)
	0.715
	0.002
(672)
	0.007
(672)
	0.905

	High-tech knowledge intensive services
	Telecommunications (NACE 61)
	0.015
(792)
	0.306
(5,486)
	1.573
	0.017
(721)
	0.137
(721)
	1.289

	
	[bookmark: _Hlk67578117]Computer Programming, Consultancy and Related Activities (NACE 62)
	0.050
(1,136)
	0.014
(71,096)
	2.904***
	0.057
(1,097)
	0.013
(1,097)
	1.605

	
	[bookmark: _Hlk83291271]Information Service Activities (NACE 63)
	0.009
(656)
	0.005
(17,000)
	0.446
	0.005
(588)
	0.010
(588)
	0.557

	
	[bookmark: _Hlk67577851]Scientific Research and Development (NACE 72)
	0.323
(600)
	0.381
(8,639)
	0.347
	0.311
(544)
	0.294
(544)
	0.177

	Electricity, gas, and steam supply	
	Electric power generation, transmission and distribution + Manufacture of gas; distribution of gaseous fuels through mains (NACE 35.1 + NACE 35.2)
	0.042
(12,247)

	0.009
(29,496)
	2.931***
	0.029
(8,001)
	0.002
(8,001)
	2.171**


Note: number of observations in parenthesis. * p-value < 0.10, ** p-value < 0.05, *** p-value < 0.01.

4. Empirical strategy
4.1 Propensity score matching (PSM)
The first step of my empirical strategy relies on the implementation of PSM (see Rosenbaum and Rubin, 1983) to reduce the heterogeneity in the observable characteristics of the SOEs and POEs included in the original sample of 171,592 firms with financial information downloaded from Orbis. PSM allows building a comparable and balanced sample of POEs that are similar to SOEs in terms of firm-, industry-, and country-features. To this aim, I used a logit model to estimate the probability of being a SOE conditionally on observable firms’ characteristics like operating revenues, tangible and intangible fixed assets and year of incorporation, and sets of dummy variables accounting for country and year fixed effects. To impose exact matching for the two-digit industries to which the companies belong, I implemented the matching procedure separately for each activity sector (based on the NACE 2-digits classification). The results of the logistic regressions are reported in the Appendix (Table A.1).
I opted for a stringent single nearest neighbour (NN) matching which selects for comparison only the observation whose propensity score value is the closest to that of the “treated” (i.e., State-owned) firm i. As mentioned in section 3.1, the resulting matched dataset includes 2,143 SOEs and 6,281 POEs over the period 2011-2018. A less stringent matching algorithm, which does not involve a 1:1 matching, is used to check the robustness of estimation results (see section 4.4).
As highlighted by Figure A.1 in the Appendix, which shows the Kernel density of the propensity scores before and after the matching for each industry, the PSM algorithm significantly reduced the observable heterogeneity between SOEs and POEs. This is confirmed by Table 4, which reports summary statistics of the balance sheet information used to perform the matching, highlighting that after the matching procedure there are no statistically significant differences between SOEs and POEs in the variables considered, except for firms’ age.

Table 4. Summary statistics on key balance-sheet variables before and after matching
	
	Pre-matching
	
	Post-mathcing
	

	
	SOEs
	POEs
	t-test 
p-value 
	SOEs
	POEs
	(p-value) 

	Avg. Intangile Fixed Assets (thd €)
	16,580.48
	9,253.05
	0.034**
	17,489,46
	16,141,54
	0.134

	Avg. Tangible Fixed Assets (thd €)
	172,429.90
	12,775.96
	0.000***
	52,581.18
	60,831,85
	0.434

	Avg. Operating Revenues (thd €)
	200,163.1
	48,792.84
	0.000***
	147,130.70
	129,488.80
	0.342

	Avg. Year of incorporation
	1995.73
	1997.52
	0.000***
	1995.19
	1995.55
	0.070*

	Unlisted
	99.31
	99.46
	0.005***
	99.22
	99.32
	0.288


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

4.2 Negative binomial regression model
As the second step of the empirical strategy, following other papers (e.g., Choi et al. 2011; Furman and Stern 2011; Castelnovo et al. 2018), I investigated the determinants of firms’ patenting activity relying on a negative binomial regression model. 
Given the count nature of the variable measuring the number of patent applications, which exhibits a positive-skewed distribution with a long right tail (due to the large number of zero observations), negative binomial models should better fit the distribution of the dependent variable. This model generalizes the Poisson regression model by introducing an unobserved heterogeneity term which is independent on the vector of regressors (see Blundell et al., 1995). This choice is driven by the overdispersion of the data compared to the Poisson distribution, which assumes the sample variance of the patent variables being equal to the sample mean. 
The negative binomial model is robust to several misspecifications such as over-dispersion, the presence of an excessive number of zeros, as well as cross-sectional dependence. 
Specifically, I tested the association between firms’ ownership and innovation output using the following model and running separate regressions for each industry:  

[bookmark: _Hlk65931136]where the dependent variable  is a log-transformation[footnoteRef:13] of the number of patent applications filed in year t by firm i, located in country c. Note that the year of patent applications refer to the application/filing date. Patents are widely used in the economic literature as a proxy of innovation (see e.g., Crépon et al., 1998; Raiteri, 2018; Jia et al., 2019), although I’m aware they may underestimate firms’ innovation achievements because many firms might not patent their innovations or use alternative forms of intellectual property protection. See e.g., Hall et al. (2014) and Dziallas and Blind (2019) for a critical overview of innovation indicators. This might be particularly true in the case of SOEs, which may have less incentive in creating legal or informal barriers to knowledge dissemination.  [13:  Since the logarithm of zero is not defined, following Aghion et al. (2013) and Lazzarini et al. (2020), I used the following log-transformation: patenti,t,c=ln(number of applicationsi,t,c +1).] 

The explanatory variable of interest is the dummy variable , which takes value 1 if the firms’ GUO is a Government, State, or public authority, and 0 otherwise.  is a vector of firm-level control variables, taken in natural logarithm, which includes intangible fixed assets (IFAi,t,c), tangible fixed assets (TFAi,c,t), operating revenues (ORi,t,c) and year of incorporation (yr_inci,t,c).  is a vector of country-level control variables, including the GDP growth rate (GDPc,t) and an indicator of country’s institutional quality (IQc,t). and  are vectors of time and country fixed effect respectively, while  is a random error term which is robust to heteroskedasticity.
[bookmark: _Hlk67993817]Focusing on firm-level controls, intangible fixed assets are used as a proxy for internal R&D effort. Indeed, Orbis provide no R&D data for more than 90% of the firms in the sample under analysis, while it includes R&D asset value in intangible fixed assets. Even if they are an imperfect measure of R&D spending, intangible assets are often used in the economic literature instead of direct measures of R&D expenditure (see e.g., Castelnovo et al., 2018; Leoncini et al., 2018; Marin, 2014). Tangible assets are included to measure the firm’s capital expenditures, and hence as a proxy of size, while operating revenues are used as a proxy of firm business strength, customer base, size, and market share. Firm size is expected to be positively associated with the probability to patent since large firms can exploit economies of scale and have more financial resources to afford the costly process of patent application (see e.g., Fernández-Olmos and Ramírez-Alesón, 2017; Block et al. 2015, Blind et al. 2006). Firms’ age is a variable that counts the years running from firms’ incorporation date to 2011 (i.e., the beginning of the observational period) and is included to account for the possibility that young firms (start-up) are more prone to undertake innovation activities. 
Looking at country-level control variables, GDP growth accounts for the country macro-economic situation while an aggregate indicator capturing several dimensions of Government quality is used as proxy of the quality of the institutional environment. Specifically, I considered the “Quality of Government (QoG) composite indicator[footnoteRef:14]”, developed by the International Country Risk Guide, which is computed as the mean of three underlying variables on “Corruption”, “Law and Order” and “Bureaucracy Quality” and is a continuous variable between 0 and 1 with higher values corresponding to higher quality of government. [14:  This indicator is taken from the Quality of Government (QoG) Social Policy Dataset (see Teorell et al., 2016), maintained by the QoG Institute, which collects indicators of governance and institutional quality taken from different sources.] 

Country fixed effects capture time-invariant differences in patenting activities across geographical areas. They have been added to control for potential confounding factors and for correlated unobserved heterogeneity, while the year fixed effects are included to control for time-dependent common shocks, including macroeconomic exogenous shocks. In fact, macroeconomic conditions are expected to affect the profitability of firms, the business environment where they operate and the relationship between technology collaboration networks and innovation performance (Fernández-Olmos and Ramírez-Alesón, 2017).
4.3 Patent Quality
In addition to the study of innovation capacity, I analysed patents’ value to figure out whether the quality of innovation carried out by SOEs is comparable to that of POEs.
Patents’ forward citations are widely used as a proxy of patent quality (see e.g., Aghion et al. 2013; Lazzarini et al. 2020). In the previous analysis, I restricted the attention to patents filed in patent offices acknowledged for presenting a rigorous and transparent patent evaluation procedure (USPTO, EPO and JPO), which should guarantee that only high-quality patents are considered. However, looking at patents’ forward citations is a further check to test whether SOEs’ innovation activity is as impactful as that of POEs’. 
I obtained information on patents’ forward citations from the Orbis IP database to build a measure of patent quality by weighting the number of patents by the forward citations they received (see Trajtenberg, 1990 and Lazzarini et al., 2020). In attributing forward citations to patents, the problem of "time truncation" should be considered, since more recent patents have a lower probability to be cited. To address this issue, I adopted the "fixed-effects" approach proposed by Hall et al. (2001) for providing "time-adjusted" citations: the number of citations received by a patent filed in each year are divided by the average number of citations received by all the patents, filed in the same year, by the companies belonging to the same sector. However, this procedure could give rise to a remarkable increase of citations for the few very recent applications (those filed in 2017 and 2018) that have been already cited, artificially over-stating the average quality of the relevant patents. To avoid this, following Schettino et al. (2013), I attributed to the most recent applications a maximum of citations corresponding to the maximum number of actual citations received by a patent owned by a company in the same sector.
Lastly, I re-estimated equation (1) using the “time-adjusted” citation-weighted average of patents as the dependent variable. The results of the regression analysis are reported in Table 8.
4.4 Robustness checks: less stringent matching algorithm
The third step of my empirical strategy consists in performing a robustness check to test the validity of the estimation results obtained. To be sure that the estimation results of the negative binomial regression models are not driven by the sample selection resulting from the use of a specific matching algorithm, I selected a new sample using a less stringent matching procedure. Specifically, in place of a single NN matching, I used a three NN with a caliper set to 0.25 to impose a minimum degree of quality on the matching. This led to a sample of 2,407 SOEs and 11,329 POEs. Table 5 reports the average number of patent applications by SOEs and POEs in the different industries after the new matching procedure is implemented. As it can be noticed, results are closed to those obtained with the 1:1 PSM algorithm.
Tables 7 and 9 report the coefficients of the negative binomial regression models having respectively the number of patents and the number of patents weighted by forward citations as the dependent variable.

Table 5.  Average yearly number of patent applications by sector and ownership after NN3 matching
	
	Avg n° of yearly patent application

	
	SOEs
	POEs
	t-stat

	High-tech Manufacturing
	Manufacture of basic pharmaceutical products and pharmaceutical preparations (NACE 21)
	0.234 (47)
	0.812 (64)
	1.036

	
	Manufacture of computer, electronic and optical products (NACE 26)
	0.618 (152)
	0.550 (391)
	0.171

	Medium high-tech Manufacturing
	Manufacture of chemicals and chemical products (NACE 20)
	2.122 (220)
	0.452 (544)
	3.155***

	
	Manufacture of electrical equipment (NACE 27)
	0.048 (123)
	0.401 (342)
	1.628

	
	Manufacture of machinery and equipment n.e.c. (NACE 28)	
	0.526 (154)
	0.768 (435)
	0.430

	
	Manufacture of motor vehicles, trailers and semi-trailers (NACE 29)
	0.598 (64)
	0.472 (163)
	2.792***

	
	Manufacture of other transport equipment (NACE 30)
	0.625 (128)
	1.181 (306)
	0.914

	Knowledge intensive market services
	Water Transport + Air Transport (NACE 50+51)
	0.013 (302)
	0.001 (524)
	2.158**

	
	Architectural and Engineering Activities; Technical Testing and Analysis (NACE 71)
	0.133 (1,656)
	0.136 (4,060)
	0.030

	
	Other professional, Scientific and Technical Activities (NACE 74)
	0.001 (680)
	0.015 (1,823)
	0.830

	High-tech knowledge intensive services
	Telecommunications (NACE 61)
	0.015 (784)
	0.177 (1,277)
	1.209

	
	Computer Programming, Consultancy and Related Activities (NACE 62)
	0.057 (1,097)
	0.227 (2,996)
	1.404

	
	Information Service Activities (NACE 63)
	0.010 (595)
	0.024 (1,508)
	0.560

	
	Scientific Research and Development (NACE 72)
	0.336 (577)
	0.332 (1,184)
	0.038

	Electricity, gas, and steam supply	
	Electric power generation, transmission and distribution + Manufacture of gas; distribution of gaseous fuels through mains (NACE 35.1 + NACE 35.2)
	0.043 (11,817)
	0.003 (10,501)
	2.401**


Note: number of observations in parenthesis. * p-value < 0.10, ** p-value < 0.05, *** p-value < 0.01.

5. Results 
5.1 Estimation results
[bookmark: _Hlk67385962]Table 6 shows the results obtained from the estimation of the negative binomial regression model (1). As it can be noticed, the sign and significance of the ownership variable (SOE) varies according to the industry considered. Overall, it emerges that, except for two industries, the innovative performance of SOEs is comparable, if not superior, to that of POEs. Focusing specifically on the different industries, within the high-tech manufacturing, ownership type is not associated with patenting activity in a statistically significant way, neither in the manufacturing of basic pharmaceutical products and preparations (NACE 21) nor in the manufacturing of computer, electronic and optical products (NACE 26).
Looking at the medium high-tech manufacturing industry, SOEs show a statistically significant superior performance in the chemical industry (NACE 20, p-value<0.010) and in the manufacturing of motor vehicles, trailers, and semi-trailers (NACE 29, p-value<0.100). A negative impact of public ownership shows up in the manufacturing of electrical equipment (NACE 27, p-value<0.010), while no statistically significant difference can be detected in the manufacturing of transport equipment (NACE 30), machinery and other equipment (NACE 28). 
In the gas and electricity industries (NACE 35) SOEs display a superior innovation capacity (p-value<0.050).
Moving to the high-tech knowledge intensive services (NACE 61: “Telecommunications”; NACE 62: “Computer Programming, Consultancy and Related Activities”; NACE 63: “Information Service Activities”; NACE 72: “Scientific Research and Development activities”) State-ownership is negatively associated with the number of patents filed but such association is never statistically significant. 
Concerning the knowledge intensive market services, the estimation results suggest that SOEs filed significantly more patent in the “Water” and “Air Transport” (NACE 50+51, p-value<0.010). On the contrary, a negative association between public ownership and innovation capacity emerges in “Other Professional, Scientific and Technical Activities” (NACE 74, p-value<0.050), while no statistically significant correlation is detected in “Architectural and Engineering Activities, Technical Testing and Analysis” (NACE 71).
[bookmark: _Hlk100826638]These results are mostly confirmed by the estimates performed over the larger sample, with small changes in the size and significance level of some coefficients (see Table 7). The superior innovative output achieved by SOEs is confirmed in the electricity and gas industries (NACE 35), chemical industry (NACE 20), manufacturing of motor vehicles, trailers, and semi-trailers (NACE 29) and “Water” and “Air Transport” (NACE 50+51). On the contrary, the negative association between public ownership and innovation performance is confirmed in the manufacturing of electrical equipment (NACE 27). The results on the larger sample differ from those on the smaller only for “Scientific Research and Development activities” (NACE 72), where the SOE’s coefficient is significant at the 5% level, and “Other Professional, Scientific and Technical Activities” (NACE 74), where the SOEs’ coefficient is still negative but not statistically significant.
[bookmark: _Hlk83107871]Lastly, estimates from the regression models having the “time-adjusted” citation-weighted number of patents as the dependent variable (Tables 8 and 9), point out that SOEs’ innovation is more impactful in the chemical industry (NACE 20, p-value<0.010 in the smaller sample and <0.050 in the larger), in the “manufacturing of motor vehicles, trailers and semi-trailers” (NACE 29, p-value<0.010 in both the samples) and in the “Water” and “Air Transport” (NACE 50, p-value<0.050 in the smaller sample and <0.010 in the larger). Also, the SOEs’s coefficient is positively associated with the “time-adjusted” citation-weighted number of patents in the “Manufacturing of basic pharmaceutical products and preparations (NACE 21)” and in “Telecommunications (NACE 61)” but this association vanishes when the larger sample, obtained with the NN3 matching, is considered. On the contrary, SOEs’ inventions received on average less citations in “Scientific Research and Development activities” (NACE 72, p-value<0.050 in both samples) and “Other Professional, Scientific and Technical Activities” (NACE 74, p-vale<0.010 in the larger sample). These results are coherent with those obtained for the number of patent applications. The only difference concerns the gas and electricity industries, where SOEs display a higher innovation capacity, but their patents receive on average less citations, even if the difference with POEs is not statistically significant.
[bookmark: _Hlk100854886]As a final remark, it is worth noticing that the results obtained for the two sectors “Manufacturing of basic pharmaceutical products and preparations (NACE 21)” and “Manufacturing of motor vehicles, trailers, and semi-trailers (NACE 29)” should be taken with caution given the low number of observations used for the estimations.

5.2 Discussion
[bookmark: _Hlk68074565]The empirical evidence provided by the current analysis shows that, with few exceptions, in the EU countries SOEs have achieved a comparable, or even superior, performance with respect to POEs.
[bookmark: _Hlk67905775]Results related to the gas and electricity industries are in line with the previous findings of Sterlacchini (2012) and Jamasb and Pollitt (2008, 2011), who showed that a drop in the R&D expenditure of private electricity firms took place after the liberalization process occurred in the last three decades. The data used for the present analysis confirms that a statistically significant difference in the amount of intangible assets, my proxy for R&D investments, exists between SOEs and POEs in the gas and electricity industries (NACE 35.1 and 35.2). This may have in turn reduced POEs’ innovation capacity.
Results from the manufacturing industries may appear more surprising. However, many factors may contribute to explain the satisfactory innovation performance achieved by SOEs. First, it should be remembered that the analysis focused on high-tech and medium high-tech manufacturing, that is industries that employs cutting edge or advanced technologies and with high intensity of R&D activities[footnoteRef:15]. These features may favour less risk-adverse and more patient investors (see Mazzucato, 2013), as already pointed out by Lazzarini et al. (2020), who showed that SOEs operating in highly innovative industries display superior innovation outcomes. Moreover, the role played by risk-neutrality and greater propensity for long-term R&D investments might be particularly relevant over the first years of the time span considered (2011-2018), that is after the severe 2008 financial crisis and the subsequent economic downturn. In this period, SOEs may have benefited from softer budget constraints which allow R&D investments to be less influenced by the economic cycles, translating into a superior patent activity in the next years.  [15:  See https://ec.europa.eu/eurostat/statistics-explained/index.php?title=Glossary:High-tech ] 

Cross-industry heterogeneity may emerge for several reasons. For example, in the pharmaceutical industry (NACE 21) or in biotechnology (included in the NACE 74 division) the differences in risk attitudes and R&D time scale make SOEs better suited to conducting basic or pre-competitive applied research but then its exploitation is left to few private entities, which manufacture innovative products with government-granted patent rights. This is a possible reason why, even if SOEs may have a greater propensity to undertake risky research investments, we observe a statistically insignificant (NACE 21) or even negative (NACE 74) correlation between ownership type and patenting activity. 
Differences among industries can also be explained at the light of their strategic importance for national economies. For example, the chemical (NACE 20) and motor vehicles (NACE 29) industries are sometimes strategic industries (e.g., in countries like Germany, France, and Italy) where SOEs still play a role. For this reason, it is possible that Governments are particularly interested in safeguarding the productivity[footnoteRef:16] of these industries, undertaking large R&D investments and protecting SOEs’ inventions with patents.  [16:  As highlighted in the seminal paper by Crepon et al. (1998) innovation, as measured by the number of patents per employee, is a key determinant of productivity and, in turn, innovation depends on R&D investments. ] 

The same argument may apply to knowledge intensive services like water and air transport (NACE 50+51). 
However, it does not hold for the Telecommunication industry (NACE 61). This result may seem, at a first sight, in contrast with the findings of Clò et al. (2020) and Castelnovo et al. (2019). However, it should be noted that they focused on a worldwide sample and considered both state-owned and partially state-owned enterprises. Castelnovo (2016) showed that the superior economic performance of telecom state-invested[footnoteRef:17] enterprises is mainly due to the new mixed-ownership actors that emerges from the regulatory reforms implemented in this industry, while a gap with private firms still exists in the amount of intangible assets. [17:  This definition includes firms in which the government holds either majority or minority stakes.] 

Specific industry features may also have a role in explaining the heterogeneity of results across activity codes. Indeed, patenting activity is linked to the appropriability conditions in the different industries, their technological characteristics, the specificities of the R&D and production processes, the market structure, and the patterns of competition (see Orsenigo and Sterzi, 2010, for a review of the possible determinants of firms’ likelihood to patent). It is possible that public and private firm ownership interacts differently with these factors. For example, concerning the market structure, in an analysis of the patenting activity in the chemical industry, Arora (1997) suggested that patents may be used by firms to exclude competitors and preserve their market position. Hence, it might be the case that SOEs resort more often to patents in industries where they previously were monopolist (e.g., gas and electricity), to preserve their status of incumbents. Hall and Ziedonis (2001) provide a further interpretation for the differences found within the manufacturing industry. While in chemicals patents are used primarily to protect the product (or process) innovation and extract the rent from the monopoly created, in industries such as electronics (NACE 26) and electrical equipment (NACE 27) other factors play an important role in the strategic management of intellectual property: small, specialized design firm (mostly private start-ups) have invested more aggressively in patents which are used as a signal of profitability for potential investors, to attract venture capital funds and exploit cross-licensing agreements.
Lastly, it is worth remembering that the pattern of patenting can be influenced by the action and pressure of firms and industries themselves, leading to differences in rules, legislation, and Court interpretations (see Burk and Lemley, 2003).

6. Conclusions
6.1 Contribution and findings 
[bookmark: _Hlk68033867]Theoretical predictions about the innovation performance of SOEs are uncertain. On the one side, SOEs may benefit from patient capital orientation, risk-neutral attitude, and softer budget constraint: this is particularly helpful in high-tech manufacturing industries and knowledge intensive services, characterized by breakthrough technologies, high R&D intensity, and risky research investments with uncertain returns, which may discourage private firms. On the other side, SOEs have been often criticized for their poor efficiency caused by distorted objectives, poor monitoring, lack of incentives and protection from competition, which may translate into poor performance, also in innovation activities. 
The aim of this paper was to contribute to this debate providing new empirical evidence from high-tech/medium high-tech manufacturing industries and knowledge intensive services in European countries, highlighting cross-industry differences. This is crucial to define the role of SOEs as drivers of innovation. 
The analysis involves over 2,000 SOEs and uses the number of patent applications as a proxy for innovation capacity and citation-weighted average of patents as a proxy for innovation value. Results show that between 2011 and 2018 SOEs’ number of innovations and innovation quality in European countries have been comparable or even superior to that of POEs, with only few exceptions.
Overall, these findings suggest that some SOEs’ features could benefit innovation capacity in high R&D intensive industries. When not beneficial, SOEs’ positive attitude toward innovation mostly compensate their weakness and lead to statistically insignificant differences with POEs. In only two industries, out of the fifteen considered, POEs outperform SOEs in terms of innovation output. Possible interpretations for the cross-industry heterogeneity that emerges from the empirical analysis are provided.
[bookmark: _Hlk67691855]This result implies that innovation policies could take advantage from SOEs as a vehicle of technological development and contributor to long-term economic growth.
6.2 Limitations and future research
This paper advanced the current knowledge on modern SOEs as drivers of innovation and cross-industry differences in the impact of state-ownership. However, it presents some limitations that should be addressed by future research. First, I focused attention only on SOEs in which the State is the global ultimate owner, that is the entity at the top of the corporate ownership structure, who exercises ultimate effective control over the company. Alternative definitions of the ownership variable, which include minority State participation and mixed-ownership forms, should be considered to understand whether results vary with the degree of State participation.
Second, the paper restricts attention to a set of developed countries, that is the EU Member States. Therefore, its findings cannot be generalized to developing countries where firms may deal with a different economic and institutional environment, and property right system.
A third issue is related to the use of patents as proxy for innovation outcomes. It should be noted that States may be less willing to create legal or informal barriers to knowledge dissemination, while appropriability mechanisms such as patents, are essential for private firms to enjoying the benefits of R&D investments. Hence, focusing on patents may underestimate SOEs’ innovation capacity: the study of other innovation proxies could help the understanding of the differences between SOEs and POEs in innovation attitudes and performance. 
Moreover, it is worth remembering that in many fields (e.g., the pharmaceutical industry and biotechnologies) States have often undertaken supply-side innovation policies (see Almus and Czarnitzki, 2003; Bloom et al. 2019), devoting huge subsidies to the R&D of private enterprises. This has led to “private inventions financed with public money” (see Mazzuccato, 2013). To provide just a couple of examples, the Human Genome Project costed around 3 billion dollars[footnoteRef:18], entirely financed by the public sector of different countries, and generated thousands of patents filed by private firms. Similarly, the N.I.H. contribution to R&D for the development of 210 drugs (2010-2016) was on average 0.84 billion per drug (Cleary et al. 2018), but the economic exploitation of the products developed is often left to few private entities. This may partly explain why, in these fields, POEs’ innovation output does not statistically differ from that of SOEs (NACE 21) or is even superior (NACE 74). Future research should consider the amount of public R&D expenditure to private firms as a possible factor enhancing the patenting activity of POEs.  [18: See https://www.genome.gov/about-genomics/fact-sheets/Sequencing-Human-Genome-cost and
https://www.genome.gov/about-genomics/fact-sheets/DNA-Sequencing-Costs-Data ] 

Lasty, my analysis focused on innovation capacity and quality, however it is worth to provide evidence on innovation efficiency (see Hollanders and Celiker-Esser, 2007) of SOEs compared to POEs. Hence, future study should investigate SOEs’ R&D input/output efficiency, via appropriate indicators such as the ratio of outputs (e.g., the number of patents) over inputs (e.g., R&D investments). Unfortunately, the present data provided by the Orbis database, include only inaccurate proxy for firms’ R&D expenditure, namely intangible fixed assets, consequently such analysis would be unreliable.

2

Table 6 – Results: Innovation capacity (PSM 1:1)
Dependent variable: yearly number of patents filed
	
	[bookmark: _Hlk67730323]HT manufacturing
	Medium HT manufacturing
	Electricity & Gas
	HT knowledge intensive services
	Knowledge intensive mkt services

	
	21
	26
	20
	27
	28
	29
	30
	35
	61
	62
	63
	72
	50
	71
	74

	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	SOE
	0.230
	0.229
	0.957***
	-1.770***
	-0.095
	1.355**
	0.135
	0.538**
	-0.886
	-0.164
	-1.910
	-0.301
	6.997***
	-0.006
	-1.675**

	
	(0.941)
	(0.354)
	(0.350)
	(0.491)
	(0.438)
	(0.593)
	(0.347)
	(0.265)
	(0.586)
	(0.662)
	(1.590)
	(0.250)
	(0.465)
	(0.293)
	(0.811)

	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	lnIFA
	-0.359***
	0.117*
	0.295***
	0.193
	0.092
	0.779***
	0.255**
	0.017
	0.030
	0.596**
	0.382
	0.188***
	0.731***
	0.262***
	0.809

	
	(0.137)
	(0.060)
	(0.061)
	(0.144)
	(0.110)
	(0.293)
	(0.126)
	(0.059)
	(0.158)
	(0.235)
	(0.507)
	(0.046)
	(0.142)
	(0.064)
	(0.514)

	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	lnOR
	1.294
	0.349
	0.328**
	0.617***
	0.921***
	0.381
	0.457*
	0.656***
	0.977***
	-0.321
	0.486
	-0.009
	1.669***
	0.229**
	-0.689

	
	(0.843)
	(0.241)
	(0.135)
	(0.156)
	(0.287)
	(0.472)
	(0.251)
	(0.139)
	(0.257)
	(0.323)
	(0.485)
	(0.071)
	(0.216)
	(0.094)
	(0.561)

	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	lnTFA
	0.086
	0.162
	0.065
	0.119
	0.202
	0.068
	-0.356
	0.265*
	-0.123
	0.383***
	0.409
	0.080*
	0.286**
	0.251***
	-0.058

	
	(0.517)
	(0.118)
	(0.138)
	(0.140)
	(0.183)
	(0.361)
	(0.221)
	(0.138)
	(0.129)
	(0.143)
	(0.384)
	(0.047)
	(0.119)
	(0.044)
	(0.203)

	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	yr_inc
	-0.293
	-0.007
	0.018***
	0.036*
	0.018***
	-0.022
	-0.009*
	-0.010*
	0.034***
	-0.051***
	0.068
	0.000
	0.137***
	-0.003
	0.089**

	
	(0.210)
	(0.018)
	(0.006)
	(0.020)
	(0.006)
	(0.023)
	(0.005)
	(0.006)
	(0.013)
	(0.018)
	(0.070)
	(0.010)
	(0.001)
	(0.008)
	(0.039)

	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	QoG
	8.161
	-2.378
	5.169***
	-1.582
	1.652
	-4.039
	5.862***
	3.581**
	-5.480**
	8.533**
	4.360
	4.114***
	22.075***
	6.211***
	3.306

	
	(14.117)
	(1.783)
	(1.584)
	(2.141)
	(2.476)
	(3.225)
	(1.815)
	(1.723)
	(2.432)
	(3.860)
	(12.741)
	(1.309)
	(2.979)
	(1.303)
	(3.975)

	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	lnGDP
	2.049
	0.708
	-0.697**
	1.615*
	0.165
	7.268***
	1.055
	0.189
	-0.313
	0.125
	-9.955**
	-0.045
	-2.951*
	-0.415
	0.229

	
	(2.456)
	(0.686)
	(0.319)
	(0.943)
	(0.633)
	(2.423)
	(1.121)
	(0.745)
	(1.423)
	(0.313)
	(4.657)
	(0.182)
	(1.749)
	(0.517)
	(3.429)

	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	Year F.E.
	yes
	Yes
	Yes
	yes
	Yes
	yes
	yes
	yes
	yes
	yes
	yes
	yes
	yes
	yes
	yes

	Country F.E.
	yes
	Yes
	Yes
	yes
	Yes
	yes
	yes
	yes
	yes
	yes
	yes
	yes
	yes
	yes
	yes

	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	Constant
	559.629
	8.640
	-47.893***
	-85.020**
	-48.864***
	22.439
	6.835
	-0.235
	-74.332***
	86.887**
	-151.885
	-6.400
	-330.642
	-6.009
	-184.238**

	
	(396.221)
	(35.492)
	(12.832)
	(43.011)
	(12.842)
	(42.962)
	(10.578)
	(10.932)
	(27.228)
	(35.584)
	(150.977)
	(19.945)
	(220.687)
	(15.174)
	(78.958)

	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	lnalpha
	-1.987
	-1.757
	-21.551***
	-16.657***
	-0.046
	-73.392***
	-17.076***
	-19.433***
	-16.807***
	0.160
	0.825
	0.356
	-20.822**
	1.809***
	-38.055

	
	(3.209)
	(1.578)
	(5.509)
	(0.945)
	(0.566)
	(16.982)
	(0.278)
	(1.739)
	(3.548)
	(1.183)
	(7.174)
	(0.347)
	(7.851)
	(0.276)
	(24.611)

	N
	84
	304
	342
	242
	245
	124
	232
	15,957
	1,433
	1,848
	1,176
	900
	548
	3,263
	1,344

	Pseudo-R2
	0.432
	0.251
	0.321
	0.610
	0.308
	0.654
	0.320
	0.508
	0.495
	0.350
	0.498
	0.146
	0.826
	0.219
	0.517


[bookmark: _Hlk83038784]Robust standard errors in parentheses; * p<0.1, ** p<0.05, *** p<0.01





Table 7 – Results: Innovation capacity (NN3 PSM)
Dependent variable: yearly number of patents filed
	
	HT manufacturing
	Medium HT manufacturing
	Electricity & Gas
	HT knowledge intensive services
	Knowledge intensive mkt services

	
	21
	26
	20
	27
	28
	29
	30
	35
	61
	62
	63
	72
	50
	71
	74

	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	SOE
	0.294
	0.482
	0.982***
	-2.205***
	0.338
	1.353**
	0.126
	0.609**
	-0.561
	-0.608
	-0.994
	-0.439**
	6.356***
	0.115
	-2.008

	
	(0.721)
	(0.382)
	(0.272)
	(0.667)
	(0.366)
	(0.653)
	(0.293)
	(0.250)
	(0.554)
	(0.564)
	(0.920)
	(0.208)
	(0.647)
	(0.247)
	(1.576)

	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	lnIFA
	-0.861***
	0.155**
	0.242***
	0.339***
	0.110
	0.760***
	0.141
	0.106
	0.008
	0.632***
	0.335
	0.205***
	0.522***
	0.272***
	0.682*

	
	(0.318)
	(0.065)
	(0.070)
	(0.093)
	(0.083)
	(0.181)
	(0.102)
	(0.073)
	(0.163)
	(0.126)
	(0.209)
	(0.038)
	(0.110)
	(0.049)
	(0.363)

	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	lnOR
	0.488*
	0.365
	0.247
	0.412*
	0.866***
	0.171
	0.558***
	0.608***
	0.994***
	-0.478***
	-0.471
	0.004
	2.372***
	0.233***
	-0.028

	
	(0.251)
	(0.255)
	(0.154)
	(0.211)
	(0.211)
	(0.222)
	(0.170)
	(0.130)
	(0.247)
	(0.140)
	(0.399)
	(0.058)
	(0.233)
	(0.077)
	(0.352)

	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	lnTFA
	0.483**
	0.184
	0.218
	0.108
	0.169
	-0.240
	-0.230
	0.290***
	-0.049
	0.320***
	0.792***
	0.116***
	-0.001
	0.203***
	-0.312

	
	(0.223)
	(0.128)
	(0.160)
	(0.153)
	(0.154)
	(0.272)
	(0.175)
	(0.110)
	(0.142)
	(0.089)
	(0.162)
	(0.039)
	(0.115)
	(0.053)
	(0.295)

	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	yr_inc
	-0.286***
	0.009
	0.016***
	0.020
	0.006
	0.015*
	-0.018***
	0.000
	0.038***
	-0.038*
	0.071
	0.004
	0.106***
	-0.010
	0.028

	
	(0.073)
	(0.014)
	(0.006)
	(0.013)
	(0.004)
	(0.088)
	(0.005)
	(0.005)
	(0.013)
	(0.019)
	(0.054)
	(0.008)
	(0.004)
	(0.007)
	(0.136)

	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	QoG
	-15.128
	-1.496
	5.184***
	2.425
	0.324
	-0.441
	3.867***
	2.354*
	-4.950*
	6.735*
	7.016*
	3.468***
	30.238***
	6.235***
	5.430*

	
	(10.690)
	(2.338)
	(1.585)
	(2.348)
	(2.011)
	(3.438)
	(1.429)
	(1.382)
	(3.001)
	(3.587)
	(3.665)
	(0.994)
	(8.854)
	(1.128)
	(2.818)

	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	lnGDP
	1.168
	1.022**
	-0.508
	-0.759
	0.344
	3.846*
	-0.042
	-0.568
	-0.002
	-0.242
	2.228
	0.041
	-7.236***
	-0.213
	2.336

	
	(2.005)
	(0.484)
	(0.327)
	(0.760)
	(0.470)
	(2.274)
	(0.698)
	(0.703)
	(1.059)
	(0.193)
	(2.063)
	(0.144)
	(1.598)
	(0.448)
	(3.615)

	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	Year F.E.
	yes
	Yes
	yes
	yes
	Yes
	Yes
	yes
	yes
	yes
	Yes
	yes
	yes
	yes
	yes
	yes

	Country F.E.
	yes
	Yes
	yes
	yes
	Yes
	Yes
	yes
	yes
	yes
	Yes
	yes
	yes
	yes
	yes
	yes

	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	Constant
	573.918***
	-26.206
	-42.785***
	-50.211*
	-24.605***
	17.060
	24.598***
	-17.811*
	-84.109***
	63.496*
	-175.035
	-14.016
	-285.433
	6.437
	-71.174

	
	(148.111)
	(28.763)
	(11.604)
	(27.692)
	(9.022)
	(17.838)
	(8.846)
	(9.200)
	(28.045)
	(36.767)
	(108.987)
	(15.526)
	(207.112)
	(14.809)
	(275.434)

	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	lnalpha
	-17.926***
	-0.907
	-0.062
	-0.700
	0.293
	-18.571***
	-15.314***
	-67.882***
	-38.853***
	1.256
	1.660
	0.586**
	-20.885**
	1.848***
	0.264

	
	(0.399)
	(1.368)
	(0.475)
	(2.175)
	(0.480)
	(1.525)
	(3.583)
	(20.221)
	(14.771)
	(0.936)
	(1.013)
	(0.267)
	(10.211)
	(0.237)
	(6.157)

	N
	111
	543
	582
	465
	478
	217
	432
	22,278
	2,059
	3,433
	2,103
	1,477
	817
	5,710
	2,503

	Pseudo-R2
	0.484
	0.259
	0.307
	0.343
	0.296
	0.645
	0.324
	0.512
	0.546
	0.275
	0.424
	0.149
	0.836
	0.212
	0.378


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





[bookmark: _Hlk83037333]Table 8 – Results: Innovation quality (PSM 1:1)
Dependent variable: time-adjusted citation-weighted average of patents
	
	HT manufacturing
	Medium HT manufacturing
	Electricity & Gas
	HT knowledge intensive services
	Knowledge intensive mkt services

	
	21
	26
	20
	27
	28
	29
	30
	35
	61
	62
	72
	50
	71

	
	
	
	
	
	
	
	
	
	
	
	
	
	

	SOE
	2.030*
	-1.711
	2.953***
	-5.115
	1.027
	13.258***
	-1.879
	-0.552
	5.475**
	3.361
	-1.540**
	0.393**
	-0.482

	
	(1.066)
	(1.750)
	(0.632)
	(4.323)
	(1.099)
	(4.805)
	(1.673)
	(0.835)
	(2.445)
	(4.087)
	(0.722)
	(0.186)
	(0.398)

	
	
	
	
	
	
	
	
	
	
	
	
	
	

	lnIFA
	-0.365
	-0.069
	0.612***
	1.138***
	2.750***
	-0.600
	-0.266
	-0.139
	2.360**
	1.997**
	-0.129
	0.160***
	0.062

	
	(0.230)
	(0.082)
	(0.124)
	(0.151)
	(0.691)
	(0.637)
	(0.226)
	(0.120)
	(1.072)
	(0.868)
	(0.115)
	(0.044)
	(0.081)

	
	
	
	
	
	
	
	
	
	
	
	
	
	

	lnOR
	4.643***
	0.936***
	0.397
	4.128***
	2.980*
	1.029
	1.193**
	-0.665**
	1.792***
	-0.559
	0.373***
	-0.023
	0.579***

	
	(0.405)
	(0.352)
	(0.291)
	(0.319)
	(1.552)
	(0.699)
	(0.488)
	(0.262)
	(0.624)
	(0.383)
	(0.118)
	(0.040)
	(0.191)

	
	
	
	
	
	
	
	
	
	
	
	
	
	

	lnTFA
	0.609
	0.049
	0.602*
	-0.813***
	4.306***
	1.183
	0.452
	2.841***
	-2.138***
	-0.614
	0.203***
	0.007
	0.293***

	
	(0.650)
	(0.191)
	(0.314)
	(0.173)
	(0.433)
	(0.722)
	(0.643)
	(0.844)
	(0.803)
	(0.415)
	(0.077)
	(0.030)
	(0.061)

	
	
	
	
	
	
	
	
	
	
	
	
	
	

	yr_inc
	-5.088***
	0.006
	0.001
	-0.242***
	0.593***
	0.151*
	-0.057***
	0.023**
	0.204***
	-0.108***
	0.024
	0.006***
	-0.009

	
	(0.002)
	(0.051)
	(0.008)
	(0.003)
	(0.006)
	(0.090)
	(0.021)
	(0.010)
	(0.067)
	(0.036)
	(0.015)
	(0.001)
	(0.010)

	
	
	
	
	
	
	
	
	
	
	
	
	
	

	QoG
	457.260***
	-1.069
	12.765**
	-29.177***
	37.493***
	-9.273
	17.788***
	-4.004
	16.012
	9.101**
	8.038**
	2.218***
	6.770***

	
	(7.883)
	(7.073)
	(5.738)
	(5.438)
	(6.615)
	(6.160)
	(6.204)
	(2.479)
	(9.869)
	(3.908)
	(3.661)
	(0.815)
	(2.047)

	
	
	
	
	
	
	
	
	
	
	
	
	
	

	lnGDP
	9.796***
	0.268
	0.159
	5.179
	14.434***
	3.671
	-2.522
	4.556**
	-2.589*
	0.484
	0.086
	-2.123***
	-0.831***

	
	(3.455)
	(0.442)
	(0.712)
	(6.106)
	(3.208)
	(2.611)
	(1.579)
	(2.087)
	(1.419)
	(0.999)
	(0.289)
	(0.311)
	(0.218)

	
	
	
	
	
	
	
	
	
	
	
	
	
	

	Year F.E.
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes

	Country F.E.
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes

	
	
	
	
	
	
	
	
	
	
	
	
	
	

	Constant
	638.339
	30.166
	-34.783**
	387.220
	-133.440
	-53.394
	99.446***
	-383.381
	-441.0***
	155.911**
	-62.606**
	-3.096
	1.424

	
	(598.016)
	(96.366)
	(17.211)
	(344.210)
	(209.681)
	(60.956)
	(36.263)
	(299.978)
	(140.128)
	(63.600)
	(30.405)
	(3.224)
	(19.104)

	
	
	
	
	
	
	
	
	
	
	
	
	
	

	lnalpha
	-166.662***
	0.077
	-18.143***
	-21.804
	-26.298
	-20.682
	-42.193
	-34.601
	-20.079
	2.274*
	-0.026
	-21.817
	-51.746

	
	(30.430)
	(3.855)
	(0.638)
	(16.798)
	(21.006)
	(41.843)
	(34.761)
	(26.409)
	(18.227)
	(1.283)
	(1.136)
	(14.960)
	(44.839)

	N
	84
	304
	342
	242
	245
	122
	232
	15,959
	1,433
	1,848
	900
	548
	3,263

	Pseudo-R2
	0.766
	0.227
	0.551
	0.817
	0.799
	0.597
	0.585
	0.816
	0.702
	0.459
	0.215
	0.821
	0.360


Robust standard errors in parentheses; * p<0.1, ** p<0.05, *** p<0.01. Note that “Other Professional, Scientific and Technical Activities” (NACE 74) and “Information Service Activities” (NACE 63) are not included in the regression analysis because there are no patent citations in the sample obtained with the 1:1 matching algorithm.
Table 9 – Results: Innovation quality (NN3 matching)
Dependent variable: time-adjusted citation-weighted average of patents
	
	HT manufacturing
	Medium HT manufacturing
	Electricity & Gas
	HT knowledge intensive services
	Knowledge intensive mkt services

	
	21
	26
	20
	27
	28
	29
	30
	35
	61
	62
	72
	50
	71
	74

	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	SOE
	-0.581
	1.684
	1.431**
	0.660
	0.968
	15.603***
	1.008
	-0.908
	2.458
	2.677
	-0.319**
	6.091***
	-0.012
	-4.336***

	
	(0.620)
	(1.760)
	(0.693)
	(1.020)
	(1.981)
	(4.310)
	(0.862)
	(0.995)
	(1.960)
	(5.981)
	(0.129)
	(0.971)
	(0.395)
	(1.350)

	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	lnIFA
	-0.933
	0.022
	0.302**
	0.393*
	0.509**
	-0.600
	-0.056
	0.025
	2.348
	1.363*
	-0.092
	1.039***
	0.291***
	5.325***

	
	(0.741)
	(0.114)
	(0.120)
	(0.221)
	(0.200)
	(0.635)
	(0.233)
	(0.072)
	(1.534)
	(0.759)
	(0.087)
	(0.106)
	(0.085)
	(0.308)

	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	lnOR
	0.701
	0.133
	0.163
	0.835***
	2.018***
	1.029
	1.275**
	-0.119**
	1.669***
	0.198
	0.254***
	1.146***
	0.208
	3.122***

	
	(0.603)
	(0.274)
	(0.235)
	(0.268)
	(0.752)
	(0.696)
	(0.511)
	(0.047)
	(0.471)
	(0.178)
	(0.087)
	(0.316)
	(0.127)
	(0.277)

	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	lnTFA
	0.919***
	0.339
	0.558***
	0.121
	0.426
	1.183
	-0.209
	1.637***
	-2.013*
	-0.703
	0.174**
	0.746***
	0.204**
	-2.146***

	
	(0.179)
	(0.302)
	(0.202)
	(0.283)
	(0.562)
	(0.721)
	(0.298)
	(0.141)
	(1.045)
	(0.553)
	(0.068)
	(0.207)
	(0.102)
	(0.152)

	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	yr_inc
	-0.421***
	0.017
	-0.025***
	0.114***
	0.016**
	0.151*
	-0.047***
	0.030
	0.063**
	-0.089***
	0.009
	0.247***
	-0.023*
	0.622***

	
	(0.107)
	(0.038)
	(0.007)
	(0.033)
	(0.007)
	(0.090)
	(0.009)
	(0.020)
	(0.027)
	(0.024)
	(0.017)
	(0.001)
	(0.012)
	(0.002)

	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	QoG
	-7.422
	0.149
	-1.614
	4.755
	54.464
	-9.273
	12.318***
	2.072
	10.734
	6.657***
	6.340**
	27.924***
	6.811***
	4.707

	
	(10.124)
	(4.324)
	(2.227)
	(3.242)
	(45.706)
	(6.148)
	(3.298)
	(4.128)
	(8.344)
	(2.577)
	(2.777)
	(2.944)
	(1.573)
	(4.130)

	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	lnGDP
	-0.416
	3.225***
	-0.447
	0.711
	2.807**
	1.694***
	-1.998**
	0.764
	-0.927
	-0.118
	0.241
	-8.423***
	-0.644
	67.419***

	
	(0.785)
	(0.967)
	(0.747)
	(0.820)
	(1.306)
	(0.409)
	(0.842)
	(0.589)
	(1.275)
	(0.464)
	(0.230)
	(1.233)
	(0.501)
	(12.763)

	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	Year F.E.
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes

	Country F.E.
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes
	Yes

	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	Constant
	397.290***
	-43.043
	36.984**
	-265.61***
	-136.79***
	-334.215*
	66.620***
	-87.251**
	-168.604***
	120.738***
	-30.703
	-577.235
	30.322
	-127.285

	
	(111.596)
	(76.718)
	(14.489)
	(67.549)
	(27.026)
	(188.989)
	(14.771)
	(39.448)
	(64.767)
	(38.671)
	(34.835)
	(438.612)
	(24.098)
	(104.209)

	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	lnalpha
	-16.441***
	0.228
	-17.532***
	-26.461
	-29.054
	-20.983
	-27.432
	-30.821
	-59.263
	1.658
	-1.363
	-21.837
	-0.717
	-18.850

	
	(0.399)
	(2.488)
	(0.968)
	(35.487)
	(30.622)
	(18.886)
	(21.507)
	(36.941)
	(48.684)
	(3.718)
	(2.201)
	(14.080)
	(1.282)
	(26.410)

	N
	111
	543
	582
	465
	478
	227
	432
	22,279
	2,059
	3,433
	1,477
	817
	5,710
	2,503

	Pseudo-R2
	0.698
	0.250
	0.454
	0.555
	0.649
	0.652
	0.469
	0.703
	0.653
	0.495
	0.191
	0.831
	0.292
	0.406


Robust standard errors in parentheses; * p<0.1, ** p<0.05, *** p<0.01. Note that “Information Service Activities” (NACE 63) are not included in the regression analysis because there are no patent citations in the sample obtained with the NN3 matching algorithm.
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APPENDIX
Figure A.1 – Propensity score for SOEs and POEs before and after the PSM[image: ]

Table A.1 – Results of the logit regression models
Dependent variable: SOE (dummy=1 if the firm is State-owned)
	
	HT manufacturing
	Medium HT manufacturing
	Electricity & Gas
	HT knowledge intensive services
	Knowledge intensive mkt services

	
	21
	26
	20
	27
	28
	29
	30
	35
	61
	62
	63
	72
	50
	71
	74

	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	lnIFA
	0.691***
	0.011
	-0.080***
	0.037
	0.083**
	0.003
	0.158***
	0.067***
	0.011
	0.090***
	0.038*
	-0.035*
	-0.089***
	-0.016
	0.031

	
	(0.096)
	(0.039)
	(0.031)
	(0.053)
	(0.039)
	(0.061)
	(0.048)
	(0.006)
	(0.023)
	(0.015)
	(0.021)
	(0.019)
	(0.029)
	(0.013)
	(0.023)

	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	lnOR
	0.252**
	0.207*
	0.189
	-0.017
	0.450***
	0.138
	-0.055
	0.153***
	-0.023
	0.147***
	0.340***
	0.174***
	0.142***
	0.362***
	0.219***

	
	(0.128)
	(0.123)
	(0.128)
	(0.141)
	(0.089)
	(0.170)
	(0.062)
	(0.007)
	(0.045)
	(0.035)
	(0.039)
	(0.034)
	(0.037)
	(0.030)
	(0.033)

	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	lnTFA
	-0.009
	0.141*
	0.596***
	0.450***
	-0.174**
	-0.040
	0.381***
	-0.036***
	0.259***
	0.288***
	-0.001
	0.205***
	-0.058***
	0.157***
	0.243***

	
	(0.060)
	(0.076)
	(0.120)
	(0.150)
	(0.080)
	(0.124)
	(0.079)
	(0.006)
	(0.029)
	(0.028)
	(0.028)
	(0.032)
	(0.022)
	(0.019)
	(0.026)

	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	yr_inc
	0.127***
	0.031***
	0.021***
	0.009
	-0.005
	-0.003
	0.004
	-0.014***
	0.012***
	0.007
	-0.005
	-0.016***
	-0.020***
	-0.011***
	-0.013***

	
	(0.029)
	(0.006)
	(0.006)
	(0.008)
	(0.003)
	(0.009)
	(0.007)
	(0.001)
	(0.003)
	(0.004)
	(0.004)
	(0.005)
	(0.003)
	(0.002)
	(0.003)

	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	Year F.E.
	yes
	yes
	yes
	yes
	yes
	yes
	yes
	yes
	yes
	yes
	yes
	yes
	yes
	yes
	yes

	CountryF.E.
	yes
	yes
	yes
	yes
	yes
	yes
	yes
	yes
	yes
	yes
	yes
	yes
	yes
	yes
	yes

	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	Constant
	-259.915***
	-68.626***
	-49.647***
	-23.751
	2.695
	1.284
	-11.367
	24.143***
	-31.980***
	-19.238**
	3.694
	28.312***
	38.579***
	15.890***
	19.630***

	
	(58.220)
	(12.680)
	(11.597)
	(15.338)
	(6.938)
	(17.762)
	(14.015)
	(2.570)
	(7.035)
	(8.791)
	(8.354)
	(9.438)
	(6.027)
	(4.698)
	(6.492)

	N
	495
	8,483
	9,938
	6,724
	21,017
	3,193
	2,556
	32,065
	4,315
	38,329
	13,949
	5,352
	3,208
	42,965
	19,569

	r2
	0.392
	0.256
	0.247
	0.263
	0.091
	0.132
	0.395
	0.290
	0.255
	0.150
	0.115
	0.141
	0.180
	0.176
	0.141


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


image1.emf
0

2

0

4

0

6

0

8

0

k

d

e

n

s

i

t

y

 

p

s

c

o

r

e

0 .2 .4 .6 .8 1

BEFORE

treated control

0

2

0

4

0

6

0

8

0

k

d

e

n

s

i

t

y

 

p

s

c

o

r

e

0 .1 .2 .3

AFTER

treated control

NACE 20 

0

2

4

6

8

1

0

k

d

e

n

s

i

t

y

 

p

s

c

o

r

e

0 .1 .2 .3 .4

BEFORE

treated control

0

2

4

6

8

1

0

k

d

e

n

s

i

t

y

 

p

s

c

o

r

e

0 .1 .2 .3 .4

AFTER

treated control

NACE 21 

0

5

0

1

0

0

1

5

0

k

d

e

n

s

i

t

y

 

p

s

c

o

r

e

0 .2 .4 .6 .8 1

BEFORE

treated control

0

5

0

1

0

0

1

5

0

k

d

e

n

s

i

t

y

 

p

s

c

o

r

e

0 .2 .4 .6 .8 1

AFTER

treated control

NACE 26 

0

1

0

0

2

0

0

3

0

0

k

d

e

n

s

i

t

y

 

p

s

c

o

r

e

0 .2 .4 .6 .8 1

BEFORE

treated control

0

1

0

0

2

0

0

3

0

0

k

d

e

n

s

i

t

y

 

p

s

c

o

r

e

0 .2 .4 .6 .8 1

AFTER

treated control

NACE 27 

0

1

0

0

2

0

0

3

0

0

k

d

e

n

s

i

t

y

 

p

s

c

o

r

e

0 .05 .1 .15 .2 .25

BEFORE

treated control

0

1

0

0

2

0

0

3

0

0

k

d

e

n

s

i

t

y

 

p

s

c

o

r

e

0 .05 .1.15 .2.25

AFTER

treated control

NACE 28 

0

5

0

1

0

0

1

5

0

k

d

e

n

s

i

t

y

 

p

s

c

o

r

e

0 .2 .4 .6

BEFORE

treated control

0

5

0

1

0

0

1

5

0

k

d

e

n

s

i

t

y

 

p

s

c

o

r

e

0 .2 .4 .6

AFTER

treated control

NACE 29 

0

2

0

4

0

6

0

k

d

e

n

s

i

t

y

 

p

s

c

o

r

e

0 .2 .4 .6 .8 1

BEFORE

treated control

0

2

0

4

0

6

0

k

d

e

n

s

i

t

y

 

p

s

c

o

r

e

0 .2 .4 .6 .8 1

AFTER

treated control

NACE 30 

0

2

4

6

k

d

e

n

s

i

t

y

 

p

s

c

o

r

e

0 .2 .4 .6 .8 1

BEFORE

treated control

0

2

4

6

k

d

e

n

s

i

t

y

 

p

s

c

o

r

e

0 .2 .4 .6 .8 1

AFTER

treated control

NACE 35 

0

5

1

0

1

5

k

d

e

n

s

i

t

y

 

p

s

c

o

r

e

0 .2 .4 .6 .8

BEFORE

treated control

0

5

1

0

1

5

k

d

e

n

s

i

t

y

 

p

s

c

o

r

e

0 .2 .4 .6 .8

AFTER

treated control

NACE 50 

0

5

1

0

1

5

k

d

e

n

s

i

t

y

 

p

s

c

o

r

e

0 .2 .4 .6 .8

BEFORE

treated control

0

5

1

0

1

5

k

d

e

n

s

i

t

y

 

p

s

c

o

r

e

0 .2 .4 .6

AFTER

treated control

NACE 61 

0

1

0

2

0

3

0

4

0

5

0

k

d

e

n

s

i

t

y

 

p

s

c

o

r

e

0 .2 .4 .6 .8

BEFORE

treated control

0

1

0

2

0

3

0

4

0

5

0

k

d

e

n

s

i

t

y

 

p

s

c

o

r

e

0 .02 .04 .06 .08

AFTER

treated control

NACE 62 

0

2

0

4

0

6

0

8

0

k

d

e

n

s

i

t

y

 

p

s

c

o

r

e

0 .2 .4 .6

BEFORE

treated control

0

2

0

4

0

6

0

8

0

k

d

e

n

s

i

t

y

 

p

s

c

o

r

e

0 .2 .4 .6

AFTER

treated control

NACE 63 

0

1

0

2

0

3

0

4

0

k

d

e

n

s

i

t

y

 

p

s

c

o

r

e

0 .2 .4 .6 .8 1

BEFORE

treated control

0

1

0

2

0

3

0

4

0

k

d

e

n

s

i

t

y

 

p

s

c

o

r

e

0 .2 .4 .6 .8 1

AFTER

treated control

NACE 71 

0

5

1

0

1

5

k

d

e

n

s

i

t

y

 

p

s

c

o

r

e

0 .2 .4 .6

BEFORE

treated control

0

5

1

0

1

5

k

d

e

n

s

i

t

y

 

p

s

c

o

r

e

0 .2 .4 .6

AFTER

treated control

NACE 72 

0

1

0

2

0

3

0

4

0

5

0

k

d

e

n

s

i

t

y

 

p

s

c

o

r

e

0 .2 .4 .6 .8 1

BEFORE

treated control

0

1

0

2

0

3

0

4

0

5

0

k

d

e

n

s

i

t

y

 

p

s

c

o

r

e

0 .2 .4 .6 .8 1

AFTER

treated control

NACE 74 


