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RESUMO 

 

Usamos o arcabouço de redes para estimar o efeito do portfólio de patente dos pares de uma 

empresa em sua decisão em inovar. Qual é o impacto na decisão de patenteamento da firma quando 

seus pares produzem uma patente? Para responder a essa pergunta, adquirimos acesso a um banco 

de dados de patentes solicitadas por organizações públicas e privadas brasileiras e posicionamo-las 

tanto no espaço tecnológico, criando links entre empresas que solicitaram patentes no mesmo 

campo tecnológico, como no espaço de competição, conectando empresas no mesmo mercado de 

produtos. Usando um modelo de rede unificado, encontramos efeitos heterogêneos de 

transbordamento de rivalidade de mercado e tecnológico, de acordo com a natureza legal das 

empresas. Em um cenário somente com empresas privadas, encontramos efeitos de pares positivos 

provenientes de vizinhos no espaço tecnológico e de competição, embora o efeito seja maior para 

os pares tecnológicos. Em um cenário, conectando somente empresas públicas e privadas, 

encontramos um efeito de transbordamento de tecnologia negativo e nenhum efeito de transbordo 

de rivalidade de mercado. Além disso, o modelo de rede unificado nos permite explicar dois 

diferentes efeitos endógenos, um efeito de conformidade social e um efeito social-multiplicador. 

 

Palavras-chave: inovação, rede, efeito de pares e patentes. 

 

 

 

 

 

 

 

 

 



 
 

 

 

ABSTRACT 

 

We use the framework of networks to estimate the effect of a firm’s peers’ patent portfolio on the 

firm’s decision to innovate. What is the impact on the firm patenting decision when its peers 

produce a patent? To answer this question, we acquired access to a new database of requested 

patents by public and private Brazilian organizations. We position them in the technology space, 

creating links between firms that requested patents in the same technological field, and in the 

competition space, connecting firms in the same product market. Using a unified network model, 

we find heterogeneous technology and market-rivalry spillover effects, according to the firms’ 

legal nature. In a private firms’ scenario, we find positive peer effects coming from neighbors in 

the technology and competition space, though the effect is greater in technology one. In a scenario 

connecting public and private firms, we find a negative technology spillover effect and no market-

rivalry spillover effect. Further, the unified network model allows us to account for two different 

endogenous effects, a social-conformity effect and a social-multipliers effect. 

 

Key words:  innovation, networks, peer effects, patents. 
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1. INTRODUCTION 

 

Several Economics fields strive for assessing peer effects. It is not different in the 

innovation literature. The empirical assessment of how firms’ decisions affect each other is 

important due to its impact on productivity, R&D investments, allocation of resources, and market 

competition, for example. Also, it is relevant for the design of public policies such as subsidies 1 

and taxation2, as well as to achieve general goals such as social development and inequality 

reduction. 

In this study, we intend to contribute to the estimation of peer effects in a patent innovation 

network setting 3. In order to do it, we use administrative data from Brazil. The patent information 

was provided by INPI (National Institute of Industrial Property). The dataset enables us to analyze 

a panel of any Brazilian firm that has requested a patent over the 1997-2017 period. We first 

construct a technology network using the firms’ patents’ technological fields to link them to other 

firms. Here, we can capture the technology spillover – unintentional technological benefits to firms 

that come from the peers’ efforts. Secondly, we place the firms in the competition space, using the 

firms’ industry code to connect them and generate the network. Now, we can assess the market-

rivalry spillover – a negative market stealing effect from product market rivals. 

In this network setting, we estimate the effect of a firm’s peers’ patent portfolio on the 

firm’s decision to innovate. We seek to understand if the granting of a patent induces more patents. 

When the firms’ peers produce a patent - in the sense of putting a patent on the market, and not in 

the sense of developing a patent – what is the impact on the firms patenting decisions? Are the 

firms going to patent more or less? Which spillover effect is greater? The paper proposes to respond 

to these questions. 

Two effects drive the correlation between outcomes of firms that interact together. The first 

one is the exogenous effect, that is, the influence of exogenous peer characteristics on one’s 

outcome. The second one is the endogenous effect – which we are most interested in – that is the

 
1 Einiö (2014) finds that R&D subsidies program impacts positively on firms’ R&D investment, employment, and 

sales. 
2 Acemoglu et al. (2018) developed a model of reallocation and innovation with different firms to investigate the 

implications of governmental industrial policies. They show that taxing the operation of some firms can lead to sizable 

welfare gains by encouraging exit of less productive firms and freeing up skilled labor to be used for R&D by high-

type firms. 
3 See Bramoullé et al. (2020) for a review on the topic of peer effects in networks. 
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 influence of peer outcomes on the firm’s outcome. We follow the framework of Liu et al. (2014), 

that employ a network unified model – a combination of the linear-in-means and the linear in sums 

model – embedding different endogenous effects of social interactions to analyze peer effects in an 

education setting. This unified model allows us to assess the endogenous effects through two 

distinct mechanisms. One mechanism is the social norm – measured as the average number of 

patents held by the peers. The impact on the firm outcome due to a change in the peers’ average 

outcome is estimated using the linear-in-means model (MANSKI, 1993). The other mechanism is 

the sum of peers’ efforts, where firms’ utilities are a function of the aggregate outcomes of their 

peers. The linear-in-sums model (BALLESTER et al., 2006) applies to this situation where there 

exist strategic complementarities and substitutabilities in the firms’ decisions of patents’ 

production. 

However, there are several potential identification problems in the estimation of spillovers 

that arise in the context of a network model, making the empirical estimation of peer effects not 

straightforward. We know that, through the network, firms generate spillovers not only to their 

direct collaboration partners but also indirectly to other firms that are connected to them within a 

complex network of collaborations and rivalry. The detection and measure of such peer effects are 

very difficult exercise. The main problem with estimating network-based peer effects is the 

possible correlation between individual unobserved characteristics and peers’ characteristics; 

individuals in the same reference group tend to behave similarly because they are alike or face a 

common institutional environment. Another issue is that distinguishing between the impact of 

peers’ outcomes and peers’ characteristics may be impossible because of simultaneity in the 

behavior of interacting agents. In a peer group, everyone’s behavior affects others and, we cannot 

know if one’s actions are the cause or the effect of peers’ actions. This reflection problem hinders 

the identification of the endogenous effect from the exogenous effects. 

We leverage the availability of a panel network data – which is not much common in the 

network literature4 – using a model with fixed effects by using appropriate differencing to eliminate 

unobserved variables, that may be correlated to the firm background. The fixed-effects attenuate 

the selection bias that originates from the possible classification of individuals with similar 

unobserved characteristics into a network. If the unobservable factor is firm-specific, then it is 

 
4 See De Giorgi et al. (2019), Hanushek et al. (2003), and Patnam (2011) for more on the literature of peer effects in 

networks with panel data 
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captured by the firm fixed-effect. If the unobservable factor is time-specific, then it is captured by 

the time fixed effect. Also, we take advantage of the existence of partially overlapping groups of 

peers (intransitive triads) – approach proposed by Bramoullé et al. (2009) and DE GIORGI et al. 

(2010)5 – to solve the simultaneity problem. We use the characteristics of the firm’s indirect peers 

(firms that are not in the individual reference group but are in the reference group of the individual 

peers) as instruments for the firm’s outcome. 

We estimate the results of the unified network model using a GMM method (LIU & LEE, 

2010). We find that both social-conformity and social-multiplier effects are significant when 

connecting firms in the technological space and the competition market space. We observe a 

positive technology spillover effect, this is, the production of a patent by a firm’s peers has a 

positive impact on the firm’s own patent production. In terms of magnitude, a 3.8 standard 

deviation change in the social-norm would lead to a one-unit increase in the patents held by the 

firm. Also, we observe a strategic complementarity between the firms’ actions and their peers’ 

actions. The firms benefit from the technology spillover accrued from their peers’ patents to build 

innovations. 2.14 standard-deviation change in the weighted sum of peers’ patents would lead to a 

one-unit increase in the firm’s patents. The higher the firm’s innovation is, the more its 

technological peer innovates. The market-rivalry spillover is also positive. There is a mutual 

reinforcement on the firms’ strategies from the same industry. A 33.4 standard-deviation change 

in a firm competitors’ patents would be needed to increase the firm’s patents by one unit. There is 

also a positive spillover effect rising from the competition space’s social-norm. That is, if we 

changed the weighted-average patents held by firm competitors in 5.3 standard-deviation, that 

would increase the firm’s patent in one unit. Although we see significant market-rivalry spillover 

effects, they are overcome by the technology spillover effects. The firms are more influenced by 

their peers from the technological space than by their competitors, when considering as outcome 

the firms’ patents. Our results are robust considering a shorter period (1997-2007); restricting the 

investigation to the most innovative patents; holding different duration in firms’ links and 

excluding patents that went through a process of technology transfer. 

 
5 Papers have addressed the identification problem of social interactions relying on group size variation (BOUCHER 

et al., 2014), exploiting fluctuations in the variances and covariances of outcomes (ROSE, 2017), and implementing 

conditional variance restrictions (GRAHAM, 2008). See Jackson et al. (2017) for a survey on the identification of peer 

effects in social networks. 
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To better interpret the effects, we performed further analysis connecting just private firms 

(private x private), and, in a separated network, we connected the private firms to the public ones 

(private x public). In the private x public scenario, the technology spillover effects are negative and 

significant. Such result is expected in a scenario in which collaboration stands out, where private 

and public institutions have distinct goals when producing a patent. The first aims at profit and 

market share, while the latter aims at the social welfare and development. This distinction, as well 

as innovation programs and subsidies from the government, make cooperation possible. A firm 

takes advantage of the technology generated by its peers and considers that there is no need to 

produce its patent. The results indicate the presence of substitute strategies between private and 

public firms, and a greater social-multiplier effect compared to the social-conformity effect. The 

firms react more to a change in the patenting behavior of individuals than to a change in the social 

norm. When looking at links between private and public firms, the market-rivalry spillover effects 

are non-significantly different from zero. 

On the other hand, considering only links between private firms, we have the indication that 

the firm leverages the technology spillover that comes from its peers’ patent production, in order 

to produce its patent innovation. The result may be driven by information, the firm having access 

to technological information through its peers. Moreover, the positive effect may be driven by 

collaboration, the firm may engage in some sort of technology transfer with its peers, benefiting 

from that to produce its patent, a different sort of collaboration compared to the private x public 

scenario. In the competition network, also unlike the private x public setting, we observe a positive 

and significant market-rivalry spillover effect, which may be the result of the fact that a company 

does not want to lose any market share. So, if its peers are innovating, the firm will also do so. 

Considering only private firms, we observe, in both networks (technology and competition), a more 

prominent social-conformity effect than a social-multiplier effect. Also, firms are more influenced 

by their technological peers than by their rivals when it comes to patent innovation. 

Some further investigation may be done. We look into the technology and market-rivalry 

spillover effects only on patent production. It would be interesting to understand the peer effects 

on different outcomes such as the firm’s market value, sales, productivity, and R&D stock. In this 

project, we make an effort to generate empirical evidence that could serve as income for the design 

of public policies. For the private x private scenario, although the social-conformity effect and the 

social-multiplier effect are significant, the first is greater, which evinces that the social norm of the 
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group affects more the firms’ behavior than peers individually, so an effective policy should aim 

at an entire industry or technological field. Differently, the linear-in-sums model shows, in the 

private x public scenario, that public policies aiming at just one firm may have more prominent 

effects than a public policy affecting the social norm. Still, we hope that future work would, as 

well, add to the formulation and assessment of public policies, such as subsidies and taxation, by 

analyzing which firms generate higher social returns based on their position and actions in the 

network, and extending the investigation to different outcomes. 

Our paper has the intent to be in the intersection of the patent innovation literature 6 on one 

hand, and the peer effect network literature on the other. The latter has mainly focused on 

education, Calvó-Armengol et al. (2009) and Arcidiacono et al. (2012) are some examples 7. The 

former has extensively studied patent innovation in developed countries both empirically 8 and 

theoretically 9. In the meantime, few studies have endeavored in the attempt to comprehend the 

innovation environment in developing countries, particularly how patents may affect the welfare 

and the competition market. In this context, we join Chaudhuri et al. (2006) and Duggan et al. 

(2016) in contributing to a better understanding of patents innovation in developing countries. 

By studying patent innovation in social networks, we add a small contribution to the 

literature on how network structure influences social outcomes such as information flow (ALATAS 

et al., 2016), supply chain (CARVALHO et al., 2020), labor market (LASCHEVER, 2013), crime 

(BALLESTER et al., 2010), and firm productivity (IYOHA, 2021). In this sense, our paper is closer 

to König et al. (2019) and Bloom et al. (2013), whose researches are focused on the technology (or 

knowledge) spillover effect of R&D collaborations and the product rivalry effect of competition 

for publicly listed US firms. As well as these papers, we differentiate and document the empirical 

impact of the technology spillover effect and the market-rivalry spillover effect. Our main 

contributions relative to those papers are the use of a new database of Brazilian firms’ patents, 

which provides empirical evidence for the understanding of innovation in developing countries; 

the use of non-publicly listed firms, which diminishes the bias due to sampled network, and the 

 
6 See Ozman (2009) for a survey on the literature of inter-firm networks and their implications for innovation and 

technological change. 
7 Most theoretical and structural papers referenced in this study exemplify and test their ideas in educational settings. 

It is the case of Bramoullé et al. (2009), De Giorgi et al. (2010), Boucher et al. (2014), Liu et al. (2014), and Graham 

(2008) for instance. 
8 See Howell (2017), Nicholas (2008), Kogan et al. (2017), Kline et al. (2019), and Ellison & Ellison (2011). 
9 See Kultti et al. (2006), Acemoglu et al. (2011), Hunt (2006), and Choi & Gerlach (2017). Also, see Goyal & Moraga-

González (2001) and Westbrock (2010) for theoretical models of R&D networks.  
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analysis of public and private firms, which shed light on mechanisms and heterogeneity in the 

spillover effects. 

The paper is organized as follows. Section (2) describes the data. Section (3) outlines our 

networks and peers’ definition. Section (4) discusses the main econometric issues and the strategies 

employed to overcome these issues. Section (5) contains the estimated results and robustness 

checks. Finally, Section (6) concludes. 

 

2. DATA 

 

The analysis in this paper is based on data from INPI (National Institute of Industrial 

Property), a Brazilian government organization responsible for the regulation of industrial 

property, including patent registration and granting. We complement these data with the RAIS 

dataset from the Brazilian Economy Ministry which has information about the Brazilian firms in 

the formal sector. Our analysis uses information on firms that requested patents from 1997 to 2017. 

We merged the INPI database with the RAIS database using the National Registry of Legal 

Entities (CNPJ in Portuguese). This identification code consists of 14 characters, the first 8 digits 

identify the institution, and the remaining 6 digits identify its headquarter and branches. In the 

present study, we identify the institution just considering the 8 initial digits of its CNPJ. Since the 

focus of our work is to study the innovation networks in a developing country such as Brazil, we 

only consider Brazilian private and public institutions. Our main estimation takes into account both 

types of institutions, though we perform further analysis considering private and public institutions 

in disjoint networks. From now on, we refer to private and public institutions as firms. 

Our working sample consists of the 14,934 firms that request at least one patent between 

1997 and 2017, from which 2,612 firms had been granted a patent. Table (1) reports descriptive 

statistics on the characteristics of these firms. We use the firms’ number of formal employees as a 

measure for the firm’s size. As a measure of employees’ skills, we use the proportion of employees 

with a high-school degree and the proportion of employees with some post-secondary degree. Also, 

we made use of the employees’ occupation as a manner to quantify the allocation of the firms’ 
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resources towards research and development 10. Table (1) also reports the number of patent requests 

and the number of patents granted by and to the firms over a year. Figure (1) shows the number of 

patent requests during the years. We have 49,975 patent requests from which 7,943 were granted. 

In our sample, a patent takes, on average, ten years to be granted from the moment it is requested. 

We take this information into account when estimating our results. 

 

Figure 1: Patent Requests (1997-2017) 

 

Source: elaborated by the author 

Table (1) Panel B reports the descriptive statistics for the private firms, while Panel C does 

so for the public firms. On average, public firms request 2.89 patents per year and they are granted 

0.34 patents per year. These values are greater compared to the private firms’ figures. On average, 

the private firms request 0.2 patents per year and are granted 0.03. When summing across the years, 

the public firms hold, on average, 5.99 patents and 50.87 requests. Private companies, on the other 

hand, hold 0.52 patents and 2.98 requests, on average. The firms in our database are very 

heterogeneous as we can see in Table (1). The mean firm size is approximately 384 employees. On 

average, firms are in two Brazilian states– most concentrated in São Paulo and Rio Grande do Sul, 

they have been around for 16.7 years, and 32% (12%) of their employees have a high-school (post-

 
10 For that, we avail the Brazilian Classification of Occupations (CBO-2002). We adapt the occupations from the 

periods before 2002, using an official conversion table from the Economy Ministry. However, not all occupations 

could be converted, which led to a measurement problem in our variable. 

1 , 997 2 , 001 2 , 005 2 , 009 2 , 013 2 , 017 
1 

1 . 5 

2 

2 . 5 

3 

3 . 5 
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secondary) diploma. The employees’ proportion in an R&D occupation is slightly higher in private 

firms (6.1%) than in public firms (5.1%). 

 

Table 1: Descriptive Statistics11 

Panel A - All Firms Mean SD Min Max 

Firms’ characteristics 

States 2.03 3.07 1 27 

Firm size 384.72 2,981.02 1 222,478 

Firm age 16.70 13.18 0 110 

Proportion high school 0.32 0.29 0 1 

Proportion post-secondary 0.12 0.21 0 1 

Proportion R&D 0.061 0.21 0 1 

Patents 

Granted 0.04 0.54 0 62 

Requested 0.25 1.72 0 135 

N 14,934    

Panel B - Private Firms Mean SD Min Max 

Firms’ characteristics 

State 2.01 3.00 1 27 

Firm size 314.23 2,158.64 1 126,677 

Firm age 16.56 13.11 0 110 

Proportion high school 0.32 0.29 0 1 

Proportion post-secondary 0.10 0.19 0 1 

Proportion R&D 0.061 0.21 0 1 

Patents 

Granted 0.03 0.49 0 62 

Requested 0.20 1.21 0 135 

 N 14,708 

Panel C - Public Firms Mean SD Min Max 

Firms’ characteristics 

State 2.76 5.71 1 27 

Firm size 4,209 14,946 1 222,478 

 
11 The table displays some descriptive statistics across all firms in the database over the years 1997-2017. The variable 

States is the number of states that a firm has a plant. Firm size is the number of firms’ employees. Firm age is the 

number of years since a firm has been established. Proportion high-school (post-secondary) is the portion of the firms’ 

total employees who have a high-school (post-secondary) diploma. Proportion R&D is the portion of the firms’ total 

employees who have an occupation related to research and development. On the block Patents, the variable Granted is 

the number of patents granted to the firms by year. Requested is the number of patents requested by the firms by year. 

Panel A reports the descriptive statistics for all firms, while Panel B (Panel C) reports for the descriptive statistics for 

the private (public) firms. 
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Firm age 24.12 14.22 0 76 

Proportion high school 0.20 0.14 0 1 

Proportion post-secondary 0.59 0.26 0 1 

Proportion R&D 0.051 0.15 0 1 

Patents 

Granted 0.34 1.84 0 38 

Requested 2.89 8.77 0 97 

N 226    

Source: elaborated by the author 

 

3. PEER GROUP DEFINITION 

 

The merged dataset allows us to study networks in several technological fields and 

industries over an extended period of 21 years. We construct our definition of peers based on two 

different networks 12 , capturing different spillovers. First, we connect firms in the same 

technological field, a technology network, that is meant to assess the technology spillover effect. 

Second, we connect firms in the same industry, a competition network, that captures the market-

rivalry spillover effect. The former effect captures the impact of R&D collaborations while the 

latter captures the impact of competition and market stealing effects. Network models provide a 

perfect framework that incorporates both types of spillovers, which is helpful to identify the 

empirical impact of these spillovers and to discriminate the technology spillovers from the market-

rivalry effects, since one may be influenced by the other. Although it would be interesting to 

estimate the spillover effects to different outputs, such as firm’s productivity, sales, market value, 

and R&D expenses, we are only able to assess the peer effects on patent production – due to data 

availability. Also, it is important to highlight that we are investigating the peer effects when firms 

are granted a patent, not in the firms’ patent development process. We further explain both 

networks below. 

 
12 See Jackson (2008) for an overview and synthesis of models and techniques for analyzing social and economic 

networks. 



16 
 

 

3.1. Technology Network 

As soon as a patent is requested, the Brazilian government organization (INPI) classifies 

the patent into a technological field 13. This classification is universal, and it is a summary of the 

International Patent Classification (IPC) developed by the World Intellectual Property 

Organization (WIPO). There are 35 technological fields 14 and a patent may be classified in more 

than one. It is important to highlight that the firm has no power over the decision in which field its 

patent will be categorized. Also, some firms might be acquired by other firms due to mergers and 

acquisitions; the firms may as well engage in some sort of technology transfer regarding the patents 

over time, and these will impact the technological network. The INPI database allows us to spot 

the patent that went through such a process. On Section (4), we further investigate the issues that 

arise from that. 

We considered that a firm belongs to a certain technological field if the firm has requested 

a patent classified in this field in any year throughout our panel (1997-2017). We balanced our 

panel so a firm would appear every year unless it was closed or had not been established yet. In 

our main specification, firms in the same technological field are considered peers, this is, they are 

undirected connected, and the connections are weighted by the number of common fields among 

firms. Formally, individual i’s peer group (Nit) includes all individuals j who are in the same 

technological field as individual i. Each of the j ∈ Niti is given an importance weight wi,j ∈ (0,1], 

according to the number of common fields shared with i. Initially, the firm is connected to the other 

firms in all the years in our database when they belong to the same technological field, regardless 

of the patent request date. However, we construct networks, for robustness checks in Section (5), 

in which the firms are only connected one, three, and five years before and after the patent request. 

 
13 Vaccario et al. (2018), in a similar way to ours, use IPC from firms’ patents to obtain the position of firms in the 

knowledge space. Else, Escolar et al. (2020) developed a new method to characterize firms’ inventive activities via 

topological data analysis (TDA). 
14  The technological fields are: Electrical Machinery, Apparatus, Energy; Audio-Visual Technology; 

Telecommunications; Digital Communication; Basic Communication Processes; Computer Technology; IT Methods 

for Management; Semiconductors; Optics; Measurement; Analysis of Biological Materials; Control; Medical 

Technology; Organic Fine Chemistry; Biotechnology; Pharmaceuticals; Macromolecular Chemistry, Polymers; Food 

Chemistry; Basic Materials Chemistry; Materials, Metallurgy; Surface Technology, Coating; Micro-Structural and 

Nanotechnology; Chemical Engineering; Environmental Technology; Handling; Machine Tools; Engines, Pumps, 

Turbines; Textile and Paper Machines; Other Special Machines; Thermal Processes and Apparatus; Mechanical 

Elements; Transport; Furniture, Games; Other Consumer Goods; and Civil Engineering. 
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Panel A from Table (2) reports some descriptive statistics for the variables related to our 

technology network. The variable excluded peers are the number of indirect connections of a firm, 

this is, the peers’ peers of a firm who are not its peers. The technological fields with most firms are 

Civil Engineering and Handling, while Basic communication processes and Semiconductors are 

the ones with the least number of firms. There are, on average, approximately 797 firms in each 

technological field, and firms are inserted in two different technological fields, on average. The 

mean quantity of peers is 1,619. Lastly, in the technology network, firms are indirectly connected 

15 with 8,975 other firms, on average. The technology network allows us to estimate the effects that 

technology peers have on the firms’ actions. We will be able to evaluate how firms benefit from 

the research and development efforts of other firms located in the same technological space. 

 

3.2. Competition Network 

For our second network, we define the industry where each firm competes using the first 

two digits of the firms’ CNAE 16 code. This is a proxy for product-market closeness. The National 

Classification of Economic Activities (CNAE in Portuguese) is a 7-digit code, used to identify the 

economic activities of a company in the formal market. The classification is coordinated by the 

Brazilian Institute of Geography and Statistics (IBGE in Portuguese) and the Internal Revenue 

Service. A firm may have more than one CNAE attached to its ID code. We collected all the CNAE 

codes reported by the firms in the RAIS database, and we only considered the first two CNAE 

digits, which led to 57 different industries. The competition network will lead us to the estimation 

of the product’s market-rivalry spillover effect. The effect on the firms’ behavior of their 

competitors’ peers. 

Here, firms in the same industry are considered peers, this is, they are undirected connected, 

and the connections are weighted by the number of common industries among them. Formally, 

individual i’s peer group (Mi) includes all individuals j who are in the same industry as individual 

i. Each of the j ∈ Mi is given an importance weight wi,j ∈ (0,1], according to the number of common 

industries shared with i. Panel B from Table (2) reports some descriptive statistics for the variables 

 
15 Two firms are indirectly connected if they do not share any technological field, but they have a common peer, this 

is, they are indirectly connected through this common peer. 
16 We use the IBGE-CNAE 1.0 code. 
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related to our competition network. The mean industry size is 547 firms. Firms are inserted in 1.2 

different industries, on average, and the mean quantity of peers (excluded peers) is 796 (9,797). 

 

Table 2: Descriptive Statistics Networks17 

Panel A - Technology Network Mean SD Min Max 

Firms by Field 797.19 569.23 63 2,186 

Fields by Firm 2.07 2.71 1 35 

Peers 1,619.04 1,241.99 62 11,647 

Excluded Peers 8,975.16 1,573.56 0 11,559 

Panel B - Competition Network Mean SD Min Max 

Firms by Industry 547.64 819.33 5 3,573 

Industries by Firm 1.21 .70 1 24 

Peers 796.41 620.34 0 6,625 

Excluded Peers 9,797.79 1,188.12 4,157 11,646 

Source: elaborated by the author 

4. ECONOMETRIC ANALYSIS 

4.1. Econometric Specification 

In this section, we introduce the econometric equation that we use to assess the 

technological spillover effect and the market-rivalry spillover effect in a network setting. As in 

(LIU et al., 2014), we want to assess peer effects through social networks, using the local-aggregate 

(linear-in-sums) and the local-average (linear-in-means) models. We are interested in investigating 

the following relationship: 

y  

where yt = (y1t,...,ynt)
T , Xt−1 is a (n × q) matrix, where q identifies the dependent variables in our 

specification, µ = (µ1,...,µn)
T is a firm dummy vector, ut = (u1t,...,unt)

T is the robust error-term vector, 

θt is an n-dimensional vector of ones and νt is a time dummy scalar. The social connections in the 

technology network are given by: (i) G = [gij,t], a row-normalized matrix (sum of each row is one), 

where gij,t is equal to wi,j/nit if some firm j has a connection with firm I in time t and, 0 otherwise; 

 
17 This table shows some descriptive statistics for the networks’ alliances for the period 1997-2017. Panel A (Panel B) 

reports the descriptive for the Technology (Competition) Network. Firms by Field (Industry) is the number of firms in 

each technological field (industry). Fields (Industry) by Firm is the number of fields (industries) that a firm is inserted. 

Peers are the number of a firm’s direct connections, that is, the number of institutions that a firm shares a common 

technological field or industry. Excluded Peers is the number of firm’s indirect connections, that is, the number of 

institutions that a firm does not share a technological field or industry but have at least one common peer with. 
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wi,j captures the importance of connection j to agent I measured by the number of common 

technological fields between an agent j and I divided by the fields agent I belongs to and; nit is the 

number of peers of agent I in period t in the technology network. The reference group of firm I in 

the technology network in year t is the set of its peers given by Nit = {j 6= i|gij,t 6= 0}; (ii) G∗ = [g
ij,t
∗ 

], where g
ij,t
∗ is equal to wi,j if some firm j has a connection with firm I in time t and, 0 otherwise; 

wi,j captures the importance of connection j to agent I measured by the number of common 

technological fields between an agent j and I divided by the fields agent I belongs to. The difference 

between G and G∗ is that he first one is row normalized. 

The same definition is applied to the social connections in the competition network. (i) C = 

[cij,t] is a row-normalized matrix (sum of each row is one), where cij,t is equal to pi,j/mit if some firm 

j has a connection with firm I in time t and, 0 otherwise; pi,j captures the importance of connection 

j to agent I measured by the number of common industries between the agents divided by the 

industries agent I belongs to and; mit is the number of peers of agent I in period t in the competition 

network. The reference group of firm I in the competition network in year t is the set of its peers 

given by Mit = {j 6= i|gij,t 6= 0}; (ii) C∗ = [cij,t
∗], where c∗ij,t is equal to pi,j if some firm j has a 

connection with firm I in time t and, 0 otherwise; pi,j captures the importance of connection j to 

agent I measured by the number of common industries between the agents divided by the industries 

agent I belongs to. The difference between C and C∗ is that he first one is row normalized. 

In terms of data, the variables will be measured as follows. Our outcome is the number of 

patents accumulated by a firm over time from the INPI database, Xt−1 is the one-year lag of the 

firm’s characteristics from the RAIS database, that includes firm size (log of the number of 

employees), firm age (years since it was established), the proportion of employees with a high 

school degree, the proportion of employees with some post-secondary degree, and proportion of 

employees with occupation related to R&D. We opted for using a year-lag for the firms’ attributes 

to capture the idea that the firms’ innovation is influenced by their past features. Gt is the average 

peer group matrix for the technology network in period t,  is the sum peer-group matrix for the 

technology network in period t, Ct is the average peer group matrix for the competition network in 

period t,  is the sum peer-group matrix for the competition network in period t, µ is the firm 

fixed-effects matrix, θt is the year fixed-effects, and ut is the robust error-term. 

Our model allows us to investigate two types of effects. The first one is the exogenous 

effect, that is, the influence of exogenous peer characteristics. This effect is captured by δ and ρ. 



20 
 

 

Also, we can explore the endogenous effect, which we are most interested in, that is the influence 

of peer outcomes on the firm’s outcome. We estimate the endogenous effect considering two 

models. In the linear-in-sums model, endogenous peer effects are captured by the sum of peers’ 

efforts in some activity so that the more active peers a firm has, the higher its marginal utility of 

exerting effort is. In our setting, ψ and α capture the local-aggregate effects, the effect of additional 

patents being granted to the firm’s peers. In the linear-in-means model, peers’ choices are viewed 

as a social norm, which, in our case, is defined as the average patents held by its peers. So, β and 

φ gives the impact of a change in the social norm on the firm’s innovation-decision. 

 

4.2. Identification Strategy 

For the identification of social interaction effects, as in Liu et al. (2014), we use both the 

Linear-in-Means model (MANSKI, 1993) and the Linear-in-Sums model (BALLESTER et al., 

2006). The local aggregate model considers settings where firms’ utilities are a function of the 

aggregate outcomes of their peers. This model applies to situations where there are strategic 

complementarities or strategic substitutabilities in the firms’ decisions of patents’ production – we 

will discuss more of that in Section (5). On the other hand, in the local average model, a firm’s 

outcome is influenced by the average outcome of its peers. We can see the impact on a firm’s 

innovation of a change in the average patent production of its peers, this is, how the firm will 

behave facing an alteration in the average behavior. However, there are several potential 

identification problems in the estimation of Equation (1) that arise in the context of a network 

model, which precludes us from estimating the peer effects. We address the problems below and 

describe the required strategies to assess the technology spillover effect and the market-rivalry 

spillover effect in the Brazilian firms’ patent innovation scenario. 

 

4.2.1. Correlated Effects 

As stated by Manski (1993), three possible effects can account for the similar behavior 

observed within a group. First, the influence of exogenous peer characteristics, firms may attain 

similar outcomes because they are influenced by their peers’ characteristics. Second, the influence 

of peer outcomes, the propensity of a firm to behave similarly to its peers’ actions. Lastly, 

individuals in the same reference group tend to behave similarly because they are alike or face a 

common institutional environment. This is the correlated effect, and it prevents us to assess the 
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impact of social interactions reflected by the endogenous and exogenous effects. It can be a 

challenge to sort out whether firms are behaving in a certain way because of the influence of their 

peers, or because some influences are common to them. Applying the Bramoullé et al. (2009) 

approach, we leverage the availability of a panel network data – which is not much common in the 

network literature – using a model with fixed effects to solve this problem by adopting appropriate 

differencing to eliminate unobserved variables that may be correlated to the firm’s background. 

We incorporate both firm (µi) and time (θi) fixed-effects18. 

 

4.2.2. Simultaneity 

Even in the absence of correlated effects, simultaneity in the behavior of interacting agents 

introduces perfect collinearity between the expected mean outcome of the group and its mean 

characteristics. In a peer group, everyone’s behavior affects others and, we cannot know if one’s 

actions are the cause or the effect of peers’ actions. This reflection problem hinders the 

identification of the endogenous effect from the exogenous effects. 

We solve the reflection problem using the approach proposed by Bramoullé et al. (2009) 

and De Giorgi et al. (2010), which captures the intuition that the characteristics of the peers’ peers 

of a firm which are not its peers may serve as instruments for the actions of its peers. We leveraged 

the existence of partially overlapping groups. In our network, we can find intransitive triads. These 

are sets of three firms i; j; k such that i is affected by j and j is affected by k (that is, a triad), but i 

is not affected by k. Here, i; j; k form an intransitive triad for any i. Bramoullé et al. (2009) show 

that the presence of intransitive triads (partially overlapping peers groups) is a sufficient condition 

for the identification of social effects in a linear-in-means model, that is, if the matrices I, G, G2, 

and G3 (I, C, C2, and C3) are linearly independent, endogenous and exogenous effects can be 

identified. 

Recall that Xt−1 denotes the time-lagged firms’ attributes at the time t − 1. To deal with the 

reflection issue, we instrument Gtyt and Ctyt using G2
t Xt−1 and Ct

2Xt−1. This is, we use the 

characteristics of the firms’ indirect peers (firms that are not in the reference group of firm i, but 

they are in the reference group of firm i peers) as instruments for the firms’ outcome. The 

intransitivity in firms’ connections provides an exclusion restriction such that the characteristics of 

the peers’ peers G2X and C2X may not be perfectly correlated with the firm’s characteristics X and 

 
18 See Bramoullé et al. (2009) for further analysis on the conditions for what social effects are identified. 
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the characteristics of the firm peers GX and CX. The G2 and C2 matrices include the influences of 

peers of peers who are not i peers, as well as the feedback loop effect (a cycle from individual i to 

i in the graph). Firm i influences its direct peers through contextual effects of its characteristics 

(GX and CX) and the endogenous effect (GY and CY). That’s how the characteristics of i end up 

affecting itself again through G2X and C2X. 

The rationale for this IV strategy is that the time-lagged attributes of the excluded peers of 

firm i directly affect the total output of firm i peers but only indirectly affects the output of firm i 

through the output of its peers. Thus, we can use instrumental variables like G2X and C2X to identify 

the social effects. Further, Liu et al. (2014) demonstrate the required conditions for a linear-in-

sums model to be identified. Since our matrices G∗ and C∗ have nonconstant row sums19 in any 

network, α and ψ can be assessed using leading-order terms of G∗X (C∗X) as instruments for G∗Y 

and C∗Y , if I, G, G∗, and GG∗ (I, C, C∗, and CC∗) are linearly independent. To estimate Equation 

(1), the general model that comprises the local aggregate and local-average models, we implement 

the GMM method (LIU & LEE, 2010), using [X,GX,G2X,G∗X] ([X,CX,C2X,C∗X]) as instruments 

for [GY,G∗Y ] ([CY,C∗Y ])18. This IV-based identification strategy is valid only if the network matrix 

of connections is exogenous. 

We address this problem in the next section. 

 

4.2.3. Endogeneity of the Connection Matrix 

The interaction matrix G, as well as G∗, is endogenous if there exists an unobservable factor 

that affects both the output, yt, and the existence of a connection across firms, gij,t. The random 

nature of our peer groups rules out the existence of this issue. A firm cannot self-select into a 

technological field neither choose its peers, this decision is only up to the INPI. As soon as a firm 

requests a patent, the government organization classifies the request into one or more fields out of 

the 35 technological fields defined by the World Intellectual Property Organization (WIPO). The 

firms have no control over the classification decisions; therefore, they are not able to choose their 

peers. However, we have a caveat here. The fact that a firm has no power over the classification of 

its patents, consequently not choosing its technological field and peers, corroborates the exogeneity 

 
19 If the matrices had constant row sums, it would be necessary a stronger assumption that I, G∗, G, GG∗, G2, G∗G2, 

and G3 (I, C∗, C, CC∗, C2, C∗C2, and C3) are linearly independent. 18Here we also could use GG∗X or G∗G∗X as 

instruments. 
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of the network matrix, which is crucial to the estimates’ identification. Still, one may inquire that 

some firms might be acquired by other firms due to mergers and acquisitions deals, just as the firms 

may engage in some sort of technology transfer regarding the patents over time, and these issues 

may impact the technological connections, leading to the endogeneity of the network – a firm 

would be choosing some of its peers. Luckily, the INPI database allows us to spot the patents that 

passed for any of these processes. We exclude the patents that have been through a process of 

technology transfer and construct a new technology network. The results considering this 

alternative network are discussed in Section (5). 

Moreover, the fixed-effects in the panel data model may help attenuate the potential 

endogeneity of the network. The network fixed-effect attenuates the selection bias that originates 

from the possible classification of individuals with similar unobserved characteristics into a 

network. If the unobservable factor is firm-specific, then it is captured by the firm fixed-effect. 

If the unobservable factor is time-specific, then it is captured by the time fixed effect. 

 

5. ESTIMATION RESULTS 

 

Before showing our results, it is important to clarify some points. We standardized our 

variables, subtracting the variables by their mean and dividing by their standard deviation. Thus, 

the coefficients are all measured in standard deviations, instead of the units of the variables, so they 

can be compared to one another. That said, our estimates should be interpreted as a one-standard-

deviation change in some variable that leads to a coefficient standard-deviation change in the 

patents accumulated, with the other variables held constant. Also, we made use of two 

specifications, capturing distinct effects. The linear-in-means model will capture the social 

conformity effects. Firms have no incentives to deviate from the social norm, measured as the 

average patent accumulated by its peers, there is a cost that firms pay to deviate from this. The cost 

could be in terms of market share, sales, productivity, or expenditures with R&D. On the other 

hand, the linear-in-sums model will capture the social-multiplier effects, measured by the sum of 

peers’ patents. In this model, two different relations between the firm patenting and its peers 

patenting are expected. The patent production decisions are considered strategic complements if 

an increase in the sum of firm peers’ patents increases the patent accumulated by the firm because 



24 
 

 

that gives the firm an incentive to innovate as well. Otherwise, they are strategic substitutes, the 

firm patenting offsets the increase in the sum of firm peers’ patents. 

 

5.1. Main Results 

Table (3) shows the endogenous effects estimates of equation (1). We estimate the OLS 

model and two IV models – the difference between them is just the addition of locality fixed-effect 

(state). The OLS model underestimates the social-conformity effects and overestimates the social-

multiplier effects compared to the IV specification. The inclusion of state fixed-effect does not 

change our results. We found that both, social-conformity, and social-multiplier effects, are 

significant when connecting firms in the technological space and the competition market space. 

We observe a positive technology spillover effect, this is, the production of a patent by a firm’s 

peers - in the sense of putting a patent on the market and not in the sense of developing a patent, 

has a positive impact on the firm’s own patent production. In terms of magnitude, a 3.8 standard-

deviation change in the social-norm would lead to a one-unit increase in the patents held by the 

firm (the patents held by the firms have a 5.8 standard deviation). Also, we observe a strategic 

complementarity between the firm’s actions and its peers’ actions. The firms benefit from the 

technology spillover accrued from their peers’ patents to build innovations. 2.14 standard-deviation 

change in the weighted sum of peers’ patents would lead to a one-unit increase in the firm’s patents. 

The higher the firm’s innovation is, the more its technological peer innovates. 

The market-rivalry spillover is also positive as captured by the linear-in-sums and linear-

in-means models. There is a mutual reinforcement on the firms’ strategies from the same industry. 

It would be needed a 33.4 standard-deviation change in a firm competitors’ patents to increase the 

firm’s patents by one unit. There is also a positive spillover effect rising from the social norm in 

the competition space. That is, if we changed the weighted-average patents held by firm 

competitors in 5.3 standard-deviation, that would increase the firm’s patent in one unit. Although 

we see significant market-rivalry spillover effects, they are overcome by the technology spillover 

effects. The firms are more influenced by their peers from the technological space, than by their 

competitors, when considering as outcome firms’ patents. 

Regarding the firms and peers’ characteristics, presented in Table (4), we observe that the 

firm age has a negative relation with its patent stock. Also, peer attributes are significant explaining 

the exogenous peer effects. 
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Table 3: Main Results - Endogenous Effects20 

 (1) (2) (3) 

Accumulated Patents OLS IV IV 

Technology Endogenous Effect 

social-conformity effect -0.01518*** 0.04477*** 0.04446*** 

 (0.00485) (0.00559) (0.00559) 

social-multiplier effect -0.16499*** 0.08004*** 0.07919*** 

 (0.02157) (0.00829) (0.00828) 

Market Rivalry Endogenous Effect 

social-conformity effect 0.01025*** 0.03227*** 0.03270*** 

 (0.00282) (0.00567) (0.00568) 

social-multiplier effect 0.01429*** 0.00515*** 0.00532*** 

 (0.00132) (0.00098) (0.00099) 

Year FE Yes Yes Yes 

State FE No No Yes 

Firm FE Yes Yes Yes 

Observations 204,750 204,437 204,437 

R-squared 0.83318 0.00374 0.00393 

Number of Firms 14,471 14,471 14,471 

First Stage F-test  79.30 79.30 

Source: elaborated by the author 

5.2. Exclusion Restriction 

For the brevity of our paper, hereafter, we will only report the endogenous effects. The 

tables containing the exogenous effects from the regressions can be found in Appendix (A). 

 

 
20 This table displays the OLS and IV estimates of endogenous effects. Technology Endogenous Effects is related to 

the network built considering the firms’ technological field. market-rivalry Endogenous Effects is related to the 

network built considering the firms’ industry. The social-conformity effect is the effect considering the linear-in-means 

model, weighted-average of peers’ patents. The social-multiplier effect is the effect considering the linear-in-sums 

model, weighted-sum of peers’ patents. Accumulated Patents is the number of patents accumulated by a firm over the 

years 1997-2017. We also control for firm fixedeffects, year fixed-effects, and state fixed-effects. First Stage F-test is 

the weak identification test of Kleibergen-Paap rk Wald F statistic. Robust standard errors in parenthesis. *** p<0.01, 

** p<0.05, * p<0.1. 
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Table 4: Main Results - Exogenous Effects21 

 (1) (2) (3) 

Accumulated Patents OLS IV IV 

Technology Exogenous Effect 

Prop Post-Secondaryt−1 0.00320 0.02768*** 0.02707*** 

 (0.00526) (0.00564) (0.00564) 

Prop R&Dt−1 0.02022*** -0.00996*** -0.00990*** 

 (0.00266) (0.00160) (0.00159) 

Prop High-Schoolt−1 0.10954*** 0.02641*** 0.02588*** 

 (0.00798) (0.00505) (0.00504) 

Log Firm Sizet−1 0.14591*** -0.03519*** -0.03426*** 

 (0.01538) (0.00847) (0.00847) 

Firm Aget−1 -0.10076*** 0.00336 0.00303 

 (0.01121) (0.00654) (0.00655) 

Market Rivalry Exogenous Effect 

Prop Post-Secondaryt−1 -0.00433 -0.00930** -0.00933** 

 (0.00415) (0.00399) (0.00404) 

Prop R&Dt−1 -0.01059*** 0.00720*** 0.00727*** 

 (0.00367) (0.00275) (0.00276) 

Prop High-Schoolt−1 -0.06148*** 0.00844*** 0.00863*** 

 (0.00659) (0.00279) (0.00280) 

Log Firm Sizet−1 -0.00600 -0.03086*** -0.03055*** 

 (0.00436) (0.00431) (0.00432) 

Firm Aget−1 -0.01206** 0.01609*** 0.01560*** 

 (0.00599) (0.00412) (0.00412) 

Own Characteristics 

Prop Post-Secondaryt−1 0.00577*** -0.00098 -0.00102 

 
21 This table displays the OLS and IV estimates of exogenous effects. Technology Exogenous Effects is related to the 

network built considering the firms’ technological field. market-rivalry Exogenous Effects is related to the network 

built considering the firms’ industry. Accumulated Patents is the number of patents accumulated by a firm over the 

years 1997-2017. Prop Post-Secondary is the proportion of the firms’ employees that holds a post-secondary degree. 

Prop R&D is the proportion of the firms’ employees that has an occupation related to Research Development. Prop 

High-School is the proportion of the firms’ employees that holds a high-school degree. Log Firm Size is the natural 

logarithm of the firms’ total employees. Firm Age is the number of years since the firms have been established. We 

also control for firm fixed-effects, year fixed-effects, and state fixed-effects. Robust standard errors in parenthesis. *** 

p<0.01, ** p<0.05, * p<0.1. 
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 (0.00149) (0.00123) (0.00123) 

Prop R&Dt−1 0.01121*** -0.00123 -0.00113 

 (0.00124) (0.00095) (0.00096) 

Prop High-Schoolt−1 -0.00489*** 0.00083 0.00079 

 (0.00107) (0.00068) (0.00068) 

Log Firm Sizet−1 0.00060 0.00135 0.00121 

 (0.00233) (0.00215) (0.00216) 

Firm Aget−1 0.43888*** -0.14109* -0.13813* 

 (0.05719) (0.07427) (0.07428) 

Source: elaborated by the author 

 

Our IV identification rests on the assumption that the group of excluded peers of a firm 

does not interact with this firm directly, just through the firm’s direct peers. In this sense, we add 

G3X and C3X as an instrument for GY and CY, this is, we use the 3-step away peers as an instrument 

for the outcome of the firms’ direct peers (Table (5), Column (1)). The existence of a direct effect 

from a 3-step away peer to a firm is improbable to occur in our setting. The endogenous effects are 

significant and have the same sign and similar size as our main specification, which helps to 

overrule the existence of a restriction hypotheses violation of the IV estimator. 

 

5.3. Patent Characteristics 

We shortened our panel to 10 years (1997-2007) due to the fact the patents in our sample 

take on average 10 years to be granted after its request (Table (5), Column (2)). Considering the 

entire panel, we could put more emphasis on technological fields with a faster-patenting process, 

biasing our estimates towards these fields. The new results contribute to our main findings for the 

technology spillover effect, though the competition network social-multiplier effect in this 

specification is not significant. 

Furthermore, the INPI distinguishes the patents into two distinct groups. One group consists 

of utility model patents, which are technical-functional creations related to the form or arrangement 

introduced in an object of practical use, giving the object a functional improvement in its use or 

manufacture. Another group consists of innovation patents, that are a new solution to an existing 

problem, resulting in an unexpected technical effect in a given technological area. Innovation 

patents can refer to industrial products and industrial processes, but we are not able to distinguish 
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them, which would be enriching to the study since the private values of patents are different, as 

well as the effects of the patents on rival firms could be heterogeneous (AUSTIN, 1993). Abernathy 

& Utterback (1978) have shown that different stages of firms’ maturity are accompanied by 

different innovation strategies. Innovation within an established industry is often limited to 

incremental improvements. Major changes will probably be introduced by new firms from other 

industries. With that in mind, we only use in our estimation, Table (5), Column (3), the innovation 

patents requests, which are more technically demanding, to connect the firms across the 

technological fields. We find that the estimates of the technology spillovers are still significant 

with the expected sign, but with greater size, indicating that the peer effect is more salient for 

disruptive patents. 

 

5.4. Endogeneity of the Network 

The fact that a firm has no power over the classification of its patents, consequently not 

choosing its technological field and peers, corroborates the exogeneity of the network matrix, 

which is crucial to the estimates’ identification. Still, one may inquire that some firms might be 

acquired by other firms due to mergers and acquisitions deals as well as the firms may engage in 

some sort of technology transfer regarding the patents over time, and these issues may impact the 

technological connections, leading to the endogeneity of the technology network22. Luckily, the 

INPI database allows us to spot the patents that passed for such a process. Hence, we exclude the 

patents that have been through a technology transfer process, and we reconnect the firms in the 

technological space. Some firms were excluded from our data with this restriction, which, 

consequently, impacted the competition network links. The estimates results are in Table (5), 

Column (4), just like the other columns, it adds up to the main findings. 

 

5.5. Growth Trend 

Both patent applications and patent granting have an increasing trend throughout the years. 

This growth raises the concern whether our results are due to the technology and market-rivalry 

peer effects or just a consequence of the fact that the firms are producing more patents. Table (6) 

shows the estimates using the changes on the firms’ patents instead of on its level. The results 

 
22 The interaction matrix G, as well as G∗, is endogenous if there exists an unobservable factor that affects both the 

output, yt, and the existence of a connection across firms, gij,t. 
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corroborate our main findings for the technology spillover effects in both specifications, a 1-year 

and a 5-year growth period. However, the market-rivalry spillover effects are not significant. 

 

Table 5: Robustness Checks - Endogenous Effects23 

 (1) (2) (3) (4) 

Accumulated Patents G3 1997-2007 Innovation Patent Tech 

Transfer 

Technology Endogenous Effect 

social-conformity effect 0.02451*** 0.01626*** 0.05775*** 0.02914*** 

 (0.00355) (0.00458) (0.00769) (0.00463) 

social-multiplier effect 0.04718*** 0.02841*** 0.08983*** 0.04638*** 

 (0.00510) (0.00852) (0.00923) (0.00736) 

Market Rivalry Endogenous Effect 

social-conformity effect 0.02347*** 0.05655*** 0.03226*** 0.03538*** 

 (0.00371) (0.00976) (0.00599) (0.00577) 

social-multiplier effect 0.00579*** -0.00180 0.00517*** 0.00642*** 

 (0.00095) (0.00206) (0.00109) (0.00094) 

Year FE Yes Yes Yes Yes 

Firm FE Yes Yes Yes Yes 

Observations 204,437 94,606 133,131 189,818 

R-squared 0.00527 0.00368 0.00219 0.00208 

Number of Firms 14,471 11,545 9,331 13,275 

First Stage F-test 67.43 29.33 40.27 62.76 

Source: elaborated by the author 

 

 

 

Table 6: Growth Trend - Endogenous Effects24 

 
23 This table displays the IV estimates of endogenous effects. Technology Exogenous Effects is related to the network 

built considering the firms’ technological field. market-rivalry Exogenous Effects is related to the network built 

considering the firms’ industry. The social-conformity effect is the effect considering the linear-in-means model, 

weighted-average of peers’ patents. The social-multiplier effect is the effect considering the linear-in-sums model, 

weighted-sum of peers’ patents. Accumulated Patents is the number of patents accumulated by a firm over the years 

1997-2017. Column (1), G3, considers G3X (3-step away peers’ attributes) as an instrument for GY (peers outcomes). 

Column 2, 1997/2007, considers just the period from 1997 to 2017. Column (3), Innovation Patent, considers only 

innovation patents requests to connect the firms in the network. Columns (4), Tech Transfer, excludes patents that are 

involved in a process of technology transfer when constructing the network. We also control for firm fixed-effects, 

and year fixed-effects. First Stage F-test is the weak identification test of KleibergenPaap rk Wald F statistic. Robust 

standard errors in parenthesis. *** p<0.01, ** p<0.05, * p<0.1. 
24 This table displays the IV estimates of endogenous effects. Technology Exogenous Effects is related to the network 

built considering the firms’ technological field. market-rivalry Exogenous Effects is related to the network built 
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 ∆ 1 year ∆ 20 years 

∆ Accumulated Patent G2 G3 G2 G3 

Technology Endogenous Effect 

social-conformity effect 0.05084*** 0.01669*** 0.03342*** 0.01886*** 

 (0.00907) (0.00604) (0.00585) (0.00491) 

social-multiplier effect 0.01819** 0.02471*** 0.02644*** 0.03086*** 

 (0.00743) (0.00644) (0.00714) (0.00609) 

Market Rivalry Endogenous Effect 

social-conformity effect -0.00218 -0.00097 0.00559 -0.00098 

 (0.00223) (0.00125) (0.00494) (0.00330) 

social-multiplier effect 0.00038 -0.00012 0.00245*** 0.00140 

 (0.00070) (0.00068) (0.00093) (0.00088) 

Year FE Yes Yes Yes Yes 

Firm FE Yes Yes Yes Yes 

Observations 204,437 204,437 147,282 147,282 

R-squared 0.00161 0.00205 0.00280 0.00240 

Number of Firms 14,471 14,471 12,684 12,684 

First Stage F-test 9.369 8.806 13.67 11.65 

Source: elaborated by the author 

5.6. Links Duration 

Recall that for a firm to be considered in our setting, it is necessary that the firm has 

requested a patent in any year on the period from 1997 to 2017. Following the request, the patent 

is assigned to one or more technological fields, and we use the technological field assignments to 

create links among firms. So far, we placed a firm in a technological field in all years in our panel, 

regardless of the year which this firm requested a patent, as long as this firm had already been 

established and had it not been closed. Here, we analyze the impact of different duration of firms’ 

alliances on the estimated spillover effect. We allocate the firms in their assigned technological 

 
considering the firms’ industry. The social-conformity effect is the effect considering the linear-in-means model, 

weighted average of peers’ patents. The social-multiplier effect is the effect considering the linear-in-sums model, 

weighted-sum of peers’ patents. The outcome is the growth of patents accumulated by a firm over the years 1997-

2017. ∆ 1 year refers to the outcome changes measured in a one-year gap. ∆ 5 years refers to the outcome changes 

measured in a five-year gap. G2 considers G2X (2-step away peers’ attributes) as an instrument for GY (peers’ 

outcomes). G3 considers G3X (3-step away peers’ attributes) as an instrument for GY (peers’ outcomes). We also 

control for firm fixed-effects, and year fixed effects. First Stage F-test is the weak identification test of Kleibergen-

Paap rk Wald F statistic. Robust standard errors in parenthesis. *** p<0.01, ** p<0.05, * p<0.1. 
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fields 1, 3, and 5 years before and after the patent request. Outside these periods, a firm may still 

appear in our network, but it is not connected with the other firms in the technological field. 

Importantly, the connections in the competition network, considering the firms’ industry, remain 

the same throughout the three technology networks’ specifications. The estimation results for link 

duration ranging from 1 to 5 years are shown in Table (7). We find that the estimates are robust 

over the different duration considered. 

 

Table 7: Alternative Links Duration25 

 
 1 year 3 years 5 years 

Accumulated Patent G2 G3 G2 G3 G2 G3 

Technology 

Endogenous 

Effect 

social-conformity 

effect 0.02264*** 0.01555*** 0.01623*** 0.01137*** 0.01900*** 0.01258*** 

 (0.00380) (0.00349) (0.00266) (0.00237) (0.00246) (0.00212) 

social-multiplier 

effect 

0.02128*** 0.01943*** 0.01834*** 0.01591*** 0.02419*** 0.02171*** 

 (0.00474) (0.00462) (0.00326) (0.00315) (0.00270) (0.00259) 

Market Rivalry 

Endogenous 

Effect 

social-conformity 

effect 0.02505*** 0.02110*** 0.01841*** 0.01887*** 0.02026*** 0.01835*** 

 (0.00583) (0.00377) (0.00563) (0.00371) (0.00543) (0.00363) 

social-multiplier 

effect 

0.00271*** 0.00294*** 0.00244*** 0.00287*** 0.00252*** 0.00275*** 

 (0.00093) (0.00090) (0.00091) (0.00089) (0.00090) (0.00088) 

Year FE Yes Yes Yes Yes Yes Yes 

Firm FE Yes Yes Yes Yes Yes Yes 

 
25 This table displays the IV estimates of endogenous effects. Technology Exogenous Effects is related to the network 

built considering the firms’ technological field. Market-rivalry Exogenous Effects is related to the network built 

considering the firms’ industry. The social-conformity effect is the effect considering the linear-in-means model, 

weighted-average of peers’ patents. The social-multiplier effect is the effect considering the linear-in-sums model, 

weighted-sum of peers’ patents. Accumulated Patents is the number of patents accumulated by a firm over the years 

1997-2017. G2 considers G2X (2-step away peers attributes) as an instrument for GY (peers’ outcomes). G3 considers 

G3X (3-step away peers attributes) as an instrument for GY (peers’ outcomes). 1 year refers to the network with links 

one year before and after the patent request. 3 years refers to the network with links one year before and after the patent 

request. 5 years refers to the network with links one year before and after the patent request. We also control for firm 

fixed-effects, and year fixed-effects. First Stage F-test is the weak identification test of Kleibergen-Paap rk Wald F 

statistic. Robust standard errors in parenthesis. *** p<0.01, ** p<0.05, * p<0.1. 
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Observations 204,437 204,437 204,437 204,437 204,437 204,437 

R-squared 0.01628 0.01532 0.01400 0.01311 0.01343 0.01241 

Number of Firms 14,471 14,471 14,471 14,471 14,471 14,471 

First Stage F-test 73.50 64.49 77.51 67.97 77.91 69.17 

Source: elaborated by the author 

 

 

5.7. Heterogeneity and Mechanisms 

In this section, we construct two distinct networks. These new networks are meant to help 

us to better understand the mechanisms through which the technology and market-rivalry spillover 

effects affect the patent production, as well as to identify heterogeneity in the results. In the first 

one, we connect only private and public institutions. If two firms are both public or both private 

institutions, they are not connected in this network. Recall our main equation: 

y  

where the social connections in the technology network are given by: (i) G = [gij,t], a row 

normalized matrix (sum of each row is one), where gij,t is equal to wij/ni,t if some firm j has a 

connection with firm i in time t and, 0 otherwise; (ii) G∗ = [gij,t
∗ ], where gij,t

∗ is equal to wij if some 

firm j has a connection with firm i in time t and, 0 otherwise. Also, the social connections in the 

competition network is given by: (i) C = [cij,t] is a row-normalized matrix (sum of each row is one), 

where cij,t is equal to pi,j/mit if some firm j has a connection with firm i in time t and, 0 otherwise; 

(ii) , where  is equal to pij if some firm j has a connection with firm i in time t and, 0 

otherwise. Now, consider zij assumes 1 if j has a different legal nature than i, and 0 otherwise. 

Therefore, gij,t is equal to zijwij/ni,t and  is equal to zijwij. If some firm j has a common 

technological field with firm i and a distinct legal nature in time t, then, gij,t = wi,j/nit, and gij,t = 0 

otherwise. Also,  if two firms i and j share a technological field, but they have a distinct 

legal nature. Likewise, we extrapolate the same definition for the competition network, though 

using the firms’ industry codes. In the second network, we exclude public institutions. We consider 

only private institutions that requested a patent at some point in the period from 1997 to 2017. 

The results estimated from Equation (2) are in Table (8). Columns Private × Public report 

the estimates for network considering links among private and public institutions. The technology 

spillover effects of patent production are negative and significant. This result is expected in a 

scenario that collaboration stands out, where private and public institutions have distinct goals 

when producing a patent. The first aims at profit and market share, while the latter aims the social 
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welfare and innovation itself. This distinction, as well as innovation programs and subsidies from 

the government, make cooperation possible. It is important to highlight that, most universities, 

think tanks, and research centers in Brazil are public institutions. In our database, these public 

institutions are responsible for 15% of the granted patents, but only represent 1.5% of all 

institutions. The negative social-multiplier effect on the technology network shows us the presence 

of substitute strategies between private and public firms. A firm takes advantage of the technology 

generated by its peers and considers that there is no need to produce its patent. Here we observe, a 

greater social-multiplier effect compared to the social-conformity effect. The firms react more to a 

change in the patenting behavior of few peers than a change in the social norm. Considering 

Column G2 (G3), a 0.53 (0.74) standard-deviation increase in the peers’ patents weighted sum, leads 

to a one-unit decrease in the firm’s patents. Also, 2.73 and 3.81 standard-deviation increase in the 

peers’ patents weighted average, leads to a one-unit decrease in the firm’s patents, considering G2 

and G3, respectively. As expected, the market-rivalry spillover effects are non-significantly 

different from zero, when looking to links between private and public firms. 

On the other hand, the peer effect estimates, considering only links between private firms, 

can be found in Columns Private×Private in Table (8). Now, the endogenous effects are positive 

and, still, significant. Griffith et al. (2004) provides empirical evidence that research and 

development activities have a role in stimulating innovation, and in facilitating the imitation of 

others’ discoveries. In our study, for the technology network, we have the indication that the firm 

leverages the technology spillover that comes from its peers’ patent production, to produce its 

innovation. This result may be driven by information, the firm having access to technological 

information through its peers. This means that as soon as a firm’s peer puts a patent on the market, 

the firm becomes informed about a certain technology that it did not know about ex-ante, and, 

consequently, the firm will also make an effort to obtain some gains within this technological field. 

Also, the positive effect may be driven by collaboration, the firm may engage in some sort of 

technology transfer with its peers, benefiting from that to produce its patent. 

Table 8: Public and Private Firms26 

 
26 This table displays the IV estimates of endogenous effects. Technology Exogenous Effects is related to the network 

built considering the firms’ technological field. Market-rivalry Exogenous Effects is related to the network built 

considering the firms’ industry. The social-conformity effect is the effect considering the linear-in-means model, 

weighted average of peers’ patents. The social-multiplier effect is the effect considering the linear-in-sums model, 

weighted-sum of peers’ patents. Accumulated Patents is the number of patents accumulated by a firm over the years 

1997-2017. G2 considers G2X (2-step away peers’ attributes) as an instrument for GY (peers’ outcomes). G3 considers 

G3X (3-step away peers’ attributes) as an instrument for GY (peers’ outcomes). Private × Private is the network 
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 Private x Private Private x Public 

Accumulated Patent G2 G3 G2 G3 

Technology Endogenous Effect 

social-conformity effect 
0.05406*** 0.04285*** -0.06298*** -0.04511*** 

 (0.00601) (0.00443) (0.01100) (0.00739) 

social-multiplier effect 0.04944*** 0.03634*** -0.32009*** -0.23184*** 

 (0.00546) (0.00347) (0.03694) (0.02645) 

Market Rivalry Endogenous Effect 

social-conformity effect 
0.02383*** 0.01730*** 0.00519 0.00361 

 (0.00465) (0.00274) (0.00398) (0.00240) 

social-multiplier effect 0.00730*** 0.00697*** -0.00592* -0.00288 

 (0.00101) (0.00095) (0.00314) (0.00283) 

Year FE Yes Yes Yes Yes 

Firm FE Yes Yes Yes Yes 

Observations 200,688 200,688 204,437 204,437 

R-squared 0.00504 0.00615 0.02005 0.01762 

Number of Firms 14,245 14,245 14,471 14,471 

First Stage F-test 45.12 35.23 461.2 356 

Source: elaborated by the author 

 

Unlike Bloom et al. (2013), who found no significant effect of market-rivalry on firms’ 

patents, we observe a positive and significant spillover effect coming from product market peers’ 

actions. In an environment where competition is the main feature, a positive market-rivalry 

spillover effect is expected since a company does not want to lose any market share. So, if its peers 

are innovating, the firm will also do so (FEDERICO et al., 2020). In both networks, technology, 

and competition network, there is a more prominent social-conformity effect than a social-

multiplier effect. This indicates that firms respond more to changes in the peers’ mean behavior 

than to changes in individuals’ behaviors. Moreover, the technology spillover effects are greater 

than the market-rivalry spillover effects. This means that firms are more influenced by their 

technological peers than by their rivals when it comes to patent innovation. To influence a one-unit 

change in firm patents, the social-norm in the competition network should have an 11.31 standard-

 
considering only private firms. Private × Public is the network considering just links between private and public firms. 

We also control for firm fixed-effects, and year fixed-effects. First Stage F-test is the weak identification test of 

Kleibergen-Paap rk Wald F statistic. Robust standard errors in parenthesis. *** p<0.01, ** p<0.05, * p<0.1. 
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deviation change, while the social-norm in the technology network should only have a 4.56 

increment. A larger difference is found by the social-multiplier effect estimates. A 5.38 (28.08) 

standard-deviation increase in the peers’ patents weighted sum would lead to a one-unit increase 

in the firm’s patents in the technology network (competition network). We consider the estimates 

from Column G3, and the 5.10 standard-deviation of patents held by the private firms to construct 

those figures. 

In terms of policy implication, for the private x private scenario, although the social-

conformity effect and the social-multiplier effect are significant, the first is greater, which evinces 

that the social norm of the group affects more the firms’ behavior than peers individually, so an 

effective policy should aim at an entire industry or technological field. Differently, in the private x 

public scenario, public policies aiming at just one firm would have more prominent effects than 

public policies affecting the social norm, since the social-multiplier effect is larger than the social-

conformity effect. 

 

6. CONCLUSION 

 

In this study, we have contributed to the estimation of peer effects in a patent innovation 

network setting. We constructed a technology network and a competition network using 

administrative data from Brazil. Thus, we could assess the technology spillover effects and the 

market-rivalry spillover effects. The network model enabled us to estimate two endogenous effects, 

the social conformity effect – the influence of the reference group on the firm’s behavior to fit in, 

and the social-multiplier effect – the influence of peers individually on the firm’s actions. In this 

framework, we estimate the effect of a firm’s peers’ patent portfolio on the firm’s decision to 

innovate. We sought to understand if the granting of a patent induces more patents. 

We showed that social-conformity and social-multiplier effects are significant when 

connecting firms in the technological space and the competition market space. Besides, we 

observed a strategic complementarity between the firms’ actions and their peers’ actions. The firms 

benefit from the technology spillover accrued from their peers’ patents to build innovations. The 

higher the firm’s innovation is, the more its technological peer innovates. The market-rivalry 

spillover is equally positive. There is a mutual reinforcement on the firms’ strategies from the same 
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industry. There is also a positive spillover effect rising from the competition space’s social norm. 

As in previous papers, we found a greater technology spillover effect than a market-rivalry one. 

We also discovered evidence of heterogeneity in the spillover effects. Connecting just 

private firms, we had similar results to the main ones: the indication that the firm leverages the 

technology spillover that comes from its peers’ patent production, to produce its patent innovation. 

Else, we observed a positive and significant market-rivalry spillover effect, unlike the private x 

public scenario. In this last scenario, we found a negative technology spillover effect – + 30 =09 

firms take advantage of the technology generated by their peers and consider that there is no need 

to produce patent innovation – and a greater social-multiplier effect compared to the social-

conformity effect. The results indicate the presence of substitute strategies between private and 

public firms, whilst complementary strategies among private firms. 

Some extensions looking into the technology and market-rivalry spillover effects on 

different outcomes, such as firm’s market value, sales, productivity, and R&D stock may be done. 

Further, we hope future works would, as well, add to the formulation and assessment of public 

policies focused on innovation by analyzing welfare gains of such policies through the lens of 

social networks. Despite the need for these extensions, we believe that this paper offers relevant 

empirical evidence of peer effects in a patent set, which is much discussed in developed countries 

but rarely studied in developing ones. 
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8. APPENDIX  

8.1. Exogenous Effects Tables 

Table 9: Robustness Checks - Exogenous Effects27 

 (1) (2) (3) (4) 

Accumulated Patents G3 1997-2007 Innovation 

Patent 

Tech 

Transfer 

Technology 

Exogenous Effect 

Prop Post-

Secondaryt−1 0.01463*** -0.00902 0.01258** 0.01753*** 

 (0.00478) (0.00783) (0.00596) (0.00526) 

Prop R&Dt−1 -

0.00600*** 

-0.00126 -

0.00778*** 

-

0.00652*** 

 (0.00128) (0.00150) (0.00174) (0.00161) 

Prop High-Schoolt−1 0.02198*** 0.03485*** 0.02811*** 0.01792*** 

 (0.00454) (0.00644) (0.00585) (0.00472) 

Log Firm Sizet−1 -0.00891 0.02721*** 0.00389 -0.00633 

 (0.00569) (0.00978) (0.00753) (0.00757) 

Firm Aget−1 -0.00356 -

0.05597*** 

-

0.04426*** 

-0.00439 

 (0.00608) (0.01669) (0.01134) (0.00659) 

Market Rivalry 

Exogenous Effect -0.00591 -0.00785 -0.00852* -0.00322 

 
27 This table displays the IV estimates of exogenous effects. Technology Exogenous Effects is related to the network 

built considering the firms’ technological field. market-rivalry Exogenous Effects is related to the network built 

considering the firms’ industry. Prop Post Secondary is the proportion of the firms’ employees that holds a post-

secondary degree. Prop R&D is the proportion of the firms’ employees that has an occupation related to Research 

Development. Prop High-School is the proportion of the firms’ employees that holds a high school degree. Log Firm 

Size is the natural logarithm of the firms’ total employees. Firm Age is the number of years since the firms have been 

established. Accumulated Patents is the number of patents accumulated by a firm over the years 1997-2017. Column 

(1), G3, considers G3X (3-step away peers’ attributes) as an instrument for GY (peers’ outcomes). Column 2, 

1997/2007, takes into account just the period from 1997 to 2017. Column (3), Innovation Patent, considers only 

innovation patents requests to connect the firms in the network. Columns (4), Tech Transfer, excludes patents that are 

involved in a process of technology transfer when constructing the network. We also control for firm fixed-effects, 

and year fixed-effects. Robust standard errors in parenthesis. *** p<0.01, ** p<0.05, * p<0.1. 
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Prop Post-

Secondaryt−1 

 (0.00378) (0.00502) (0.00439) (0.00414) 

Prop R&Dt−1 0.00640*** -0.00648* 0.00643** 0.00225 

 (0.00237) (0.00393) (0.00280) (0.00269) 

Prop High-Schoolt−1 0.00716*** -0.00388 0.00433 0.01263*** 

 (0.00249) (0.00492) (0.00328) (0.00271) 

Log Firm Sizet−1 -

0.02693*** 

-

0.03160*** 

-

0.03306*** 

-

0.03606*** 

 (0.00381) (0.00658) (0.00521) (0.00457) 

Firm Aget−1 0.01683*** 0.00327 0.01605*** 0.01578*** 

 (0.00408) (0.00665) (0.00511) (0.00419) 

Own Characteristics 

Prop Post-

Secondaryt−1 -0.00051 -0.00285* 0.00156 0.00080 

 (0.00120) (0.00161) (0.00146) (0.00130) 

Prop R&Dt−1 -0.00062 -0.00318** 0.00066 -0.00030 

 (0.00092) (0.00140) (0.00098) (0.00081) 

Prop High-Schoolt−1 0.00068 0.00261*** -0.00074 0.00061 

 (0.00065) (0.00074) (0.00091) (0.00068) 

Log Firm Sizet−1 0.00044 0.00118 -0.00194 0.00025 

 (0.00209) (0.00407) (0.00238) (0.00205) 

Firm Aget−1 -0.14443** -0.21388** -0.01415 -0.12530 

 (0.07357) (0.08386) (0.09855) (0.07780) 

Source: elaborated by the author 
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Table 10: Growth Trend - Exogenous Effects28 

 

 ∆ 1 year ∆ 5 years 

 ∆ Accumulated Patent G2 G3 G2 G3 

Technology Exogenous 

Effect 

Prop Post-Secondaryt−1 0.01527*** 0.01262*** 

-

0.02688*** 

-

0.02184*** 

 (0.00393) (0.00313) (0.00896) (0.00740) 

Prop R&Dt−1 -

0.01171*** 

-

0.00872*** 

-

0.00358*** 

-

0.00398*** 

 (0.00170) (0.00129) (0.00107) (0.00097) 

Prop High-Schoolt−1 0.02899*** 0.03260*** 0.07365*** 0.05306*** 

 (0.00499) (0.00425) (0.00762) (0.00518) 

Log Firm Sizet−1 -

0.03588*** 

-

0.02398*** 

0.00184 0.00976 

 (0.00637) (0.00442) (0.01180) (0.00835) 

Firm Aget−1 -0.00703 -0.01084** 0.01749 0.01036 

 (0.00598) (0.00525) (0.01166) (0.00865) 

Market Rivalry Exogenous 

Effect 

Prop Post-Secondaryt−1 

-

0.00574*** 

-

0.00469*** 0.00867*** 0.00864*** 

 (0.00189) (0.00182) (0.00207) (0.00171) 

Prop R&Dt−1 0.00319 0.00318* -

0.00411*** 

-

0.00466*** 

 (0.00208) (0.00169) (0.00091) (0.00080) 

 
28 This table displays the IV estimates of exogenous effects. Technology Exogenous Effects is related to the network 

built considering the firms’ technological field. Market-rivalry Exogenous Effects is related to the network built 

considering the firms’ industry. Prop Post-Secondary is the proportion of the firms’ employees that holds a post-

secondary degree. Prop R&D is the proportion of the firms’ employees that has an occupation related to Research 

Development. Prop High-School is the proportion of the firms’ employees that holds a high-school degree. Log Firm 

Size is the natural logarithm of the firms’ total employees. Firm Age is the number of years since the firms have been 

established. The outcome is the growth of patents accumulated by a firm over the years 1997-2017. ∆ 1 year refers to 

the outcome changes measured in a one-year gap. ∆ 5 years refers to the outcome changes measured in a five-year gap. 

G2 considers G2X (2-step away peers’ attributes) as an instrument for GY (peers’ outcomes). G3 considers G3X (3-step 

away peers’ attributes) as an instrument for GY (peers’ outcomes). We also control for firm fixed-effects, and year 

fixed-effects. Robust standard errors in parenthesis. *** p<0.01, ** p<0.05, * p<0.1. 
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Prop High-Schoolt−1 0.00253 0.00320 0.00770*** 0.00598*** 

 (0.00227) (0.00208) (0.00148) (0.00126) 

Log Firm Sizet−1 -

0.01750*** 

-

0.01439*** 

-

0.01308*** 

-

0.01174*** 

 (0.00255) (0.00222) (0.00338) (0.00279) 

Firm Aget−1 0.00492 0.00608** 0.00140 0.00257 

 (0.00304) (0.00280) (0.00328) (0.00257) 

Own Characteristics 

Prop Post-Secondaryt−1 -0.00216* -0.00179* 0.00308** 0.00158 

 (0.00111) (0.00106) (0.00143) (0.00124) 

Prop R&Dt−1 -0.00056 0.00058 0.00669*** 0.00568*** 

 (0.00098) (0.00087) (0.00105) (0.00098) 

Prop High-Schoolt−1 0.00216*** 0.00188*** -0.00142 -0.00091 

 (0.00065) (0.00061) (0.00097) (0.00082) 

Log Firm Sizet−1 -0.00371* -0.00440** 0.00053 0.00205 

 (0.00202) (0.00196) (0.00213) (0.00206) 

Firm Aget−1 -0.09265 -0.08988 0.14022 0.08261 

 (0.06884) (0.06799) (0.08551) (0.07720) 

Source: elaborated by the author 
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Table 11: Alternative Links Duration - Exogenous Effects29 

 

 1 year 3 years 5 years 

Accumulated Patent G2 G3 G2 G3 G2 G3 

Technology 

Exogenous Effect 

Prop Post-

Secondaryt−1 0.01823*** 0.02076*** 0.02691*** 0.02739*** 0.02654*** 0.02781*** 

 (0.00295) (0.00287) (0.00190) (0.00183) (0.00162) (0.00155) 

Prop R&Dt−1 -0.00418* -

0.00669*** 

-

0.01357*** 

-

0.01467*** 

-

0.01246*** 

-

0.01385*** 

 (0.00233) (0.00224) (0.00166) (0.00161) (0.00142) (0.00138) 

Prop High-

Schoolt−1 

0.02595*** 0.02799*** 0.04196*** 0.04361*** 0.04087*** 0.04141*** 

 (0.00826) (0.00789) (0.00524) (0.00499) (0.00414) (0.00392) 

Log Firm Sizet−1 -

0.08190*** 

-

0.06723*** 

-

0.06583*** 

-

0.05814*** 

-

0.06879*** 

-

0.05826*** 

 (0.01057) (0.00999) (0.00673) (0.00644) (0.00543) (0.00511) 

Firm Aget−1 0.00489 -0.00363 -0.01574* -0.01832** -0.01684** -

0.02076*** 

 (0.01162) (0.01116) (0.00822) (0.00786) (0.00688) (0.00659) 

Market Rivalry 

Exogenous Effect 

Prop Post-

Secondaryt−1 -0.00834** -0.00936** -0.00720* -0.00740** -0.00646* -0.00650* 

 
29 This table displays the IV estimates of exogenous effects. Technology Exogenous Effects is related to the network 

built considering the firms’ technological field. market-rivalry Exogenous Effects is related to the network built 

considering the firms’ industry. Prop Post Secondary is the proportion of the firms’ employees that holds a post-

secondary degree. Prop R&D is the proportion of the firms’ employees that has an occupation related to Research 

Development. Prop High-School is the proportion of the firms’ employees that holds a high school degree. Log Firm 

Size is the natural logarithm of the firms’ total employees. Firm Age is the number of years since the firms have been 

established. Accumulated Patents is the number of patents accumulated by a firm over the years 1997-2017. G2 

considers G2X (2-step away peers’ attributes) as an instrument for GY (peers’ outcomes). G3 considers G3X (3-step 

away peers attributes) as an instrument for GY (peers outcomes). 1 year refers to the network with links one year 

before and after the patent request. 3 years refers to the network with links one year before and after the patent request. 

5 years refers to the network with links one year before and after the patent request. We also control for firm fixed-

effects, and year fixed-effects. Robust standard errors in parenthesis. *** p<0.01, ** p<0.05, * p<0.1. 
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 (0.00387) (0.00367) (0.00387) (0.00365) (0.00387) (0.00365) 

Prop R&Dt−1 0.00246 0.00384* 0.00618** 0.00533** 0.00594** 0.00545** 

 (0.00271) (0.00233) (0.00267) (0.00231) (0.00267) (0.00231) 

Prop High-

Schoolt−1 

-0.00095 0.00052 0.00177 0.00330 0.00216 0.00331 

 (0.00267) (0.00239) (0.00267) (0.00238) (0.00271) (0.00241) 

Log Firm Sizet−1 -

0.02236*** 

-

0.02213*** 

-

0.02139*** 

-

0.02448*** 

-

0.02424*** 

-

0.02558*** 

 (0.00424) (0.00368) (0.00417) (0.00368) (0.00408) (0.00364) 

Firm Aget−1 0.00963** 0.01315*** 0.01326*** 0.01712*** 0.01646*** 0.01990*** 

 (0.00399) (0.00393) (0.00403) (0.00394) (0.00402) (0.00395) 

Own 

Characteristics 

Prop Post-

Secondaryt−1 -0.00156 -0.00138 -0.00287** 

-

0.00302*** 

-

0.00297*** 

-

0.00340*** 

 (0.00114) (0.00111) (0.00113) (0.00111) (0.00114) (0.00111) 

Prop R&Dt−1 0.00297*** 0.00379*** 0.00140 0.00208** 0.00174* 0.00205** 

 (0.00091) (0.00088) (0.00090) (0.00088) (0.00089) (0.00088) 

Prop High-

Schoolt−1 

-0.00104 -0.00138** 0.00002 -0.00031 -0.00030 -0.00020 

 (0.00066) (0.00062) (0.00065) (0.00063) (0.00065) (0.00063) 

Log Firm Sizet−1 0.00542*** 0.00539*** 0.00435** 0.00589*** 0.00409* 0.00512** 

 (0.00209) (0.00198) (0.00209) (0.00197) (0.00212) (0.00202) 

Firm Aget−1 0.15838*** 0.13500** 0.12386* 0.08051 0.10499 0.06215 

 (0.05843) (0.05560) (0.06956) (0.06911) (0.06987) (0.06925) 

Source: elaborated by the author. 
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Table 12: Public and Private Firms - Exogenous Effects30 

 

 Private x Private Private x Public 

 Accumulated Patent G2 G3 G2 G3 

Technology Exogenous 

Effect 

Prop Post-Secondaryt−1 0.01527*** 0.01262*** 

-

0.02688*** 

-

0.02184*** 

 (0.00393) (0.00313) (0.00896) (0.00740) 

Prop R&Dt−1 -

0.01171*** 

-

0.00872*** 

-

0.00358*** 

-

0.00398*** 

 (0.00170) (0.00129) (0.00107) (0.00097) 

Prop High-Schoolt−1 0.02899*** 0.03260*** 0.07365*** 0.05306*** 

 (0.00499) (0.00425) (0.00762) (0.00518) 

Log Firm Sizet−1 -

0.03588*** 

-

0.02398*** 

0.00184 0.00976 

 (0.00637) (0.00442) (0.01180) (0.00835) 

Firm Aget−1 -0.00703 -0.01084** 0.01749 0.01036 

 (0.00598) (0.00525) (0.01166) (0.00865) 

Market Rivalry Exogenous 

Effect 

Prop Post-Secondaryt−1 

-

0.00574*** 

-

0.00469*** 0.00867*** 0.00864*** 

 (0.00189) (0.00182) (0.00207) (0.00171) 

Prop R&Dt−1 0.00319 0.00318* -

0.00411*** 

-

0.00466*** 

 (0.00208) (0.00169) (0.00091) (0.00080) 

 
30 This table displays the IV estimates of exogenous effects. Technology Exogenous Effects is related to the network 

built considering the firms’ technological field. market-rivalry Exogenous Effects is related to the network built 

considering the firms’ industry. Prop Post Secondary is the proportion of the firms’ employees that holds a post-

secondary degree. Prop R&D is the proportion of the firms’ employees that has an occupation related to Research 

Development. Prop High-School is the proportion of the firms’ employees that holds a high school degree. Log Firm 

Size is the natural logarithm of the firms’ total employees. Firm Age is the number of years since the firms have been 

established. Accumulated Patents is the number of patents accumulated by a firm over the years 1997-2017. G2 

considers G2X (2-step away peers’ attributes) as an instrument for GY (peers’ outcomes). G3 considers G3X (3-step 

away peers’ attributes) as an instrument for GY (peers’ outcomes). Private×Private is the network considering only 

private firms. Private × Public is the network considering just links between private and public firms. We also control 

for firm fixed-effects, and year fixed-effects. Robust standard errors in parenthesis. *** p<0.01, ** p<0.05, * p<0.1. 
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Prop High-Schoolt−1 0.00253 0.00320 0.00770*** 0.00598*** 

 (0.00227) (0.00208) (0.00148) (0.00126) 

Log Firm Sizet−1 -

0.01750*** 

-

0.01439*** 

-

0.01308*** 

-

0.01174*** 

 (0.00255) (0.00222) (0.00338) (0.00279) 

Firm Aget−1 0.00492 0.00608** 0.00140 0.00257 

 (0.00304) (0.00280) (0.00328) (0.00257) 

Own Characteristics 

Prop Post-Secondaryt−1 -0.00216* -0.00179* 0.00308** 0.00158 

 (0.00111) (0.00106) (0.00143) (0.00124) 

Prop R&Dt−1 -0.00056 0.00058 0.00669*** 0.00568*** 

 (0.00098) (0.00087) (0.00105) (0.00098) 

Prop High-Schoolt−1 0.00216*** 0.00188*** -0.00142 -0.00091 

 (0.00065) (0.00061) (0.00097) (0.00082) 

Log Firm Sizet−1 -0.00371* -0.00440** 0.00053 0.00205 

 (0.00202) (0.00196) (0.00213) (0.00206) 

Firm Aget−1 -0.09265 -0.08988 0.14022 0.08261 

 (0.06884) (0.06799) (0.08551) (0.07720) 

Source: elaborated by the author 


