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understand the role of employee connections at all job levels in firm outcomes, we construct and describe 
a comprehensive network for 7,715 publicly traded U.S. firms from 2004 to 2018, using data on over 9 
million people with 2 billion connections from the professional social network LinkedIn. We identify the 
most closely connected industries and companies in the U.S. economy. Although employees do not 
necessarily make connections for the company’s benefit, we find that companies’ centrality in the employee 
network positively predicts company value. This effect is largely driven by mid-level employees. 
Furthermore, company centrality in the employee network predicts company innovation inputs (R&D 
spending), and controlling for these inputs, predicts the quantity, scientific impact, and economic value of 
companies’ patented innovation outcomes.  
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I. Introduction 

In his 1944 book The Great Transformation, economic historian Karl Polanyi posited that “man's 

economy, as a rule, is submerged in his social relationships” (Polyani, 1944). Measurement of activity in 

the modern economy is generally focused on the relationships between firms. But firms are made up of 

individuals who each have their own social relationships. Thus, underlying the relationships of firms are 

the relationships of people, i.e., employees. Social relationships and the networks they form have an 

important impact across a wide variety of areas in the natural world, including disease transmission in 

insects (Stroeymeyt et al, 2018) and the general health and well-being of many mammals (Snyder-Mackler 

et al, 2020). In particular, social networks impact the flow of information in everything from insects (Fewell, 

2003) to humans (Park, Blumenstock, and Macy, 2018).  

In the human economy, firm-level networks, and resultant firm positions in those networks, have 

long been shown to play a role in firm behavior and outcomes due to their role in  identifying innovative 

opportunities, solving problems, and reducing market uncertainty (Podolny, 2001; Uzzi, 1997). Prior 

studies have examined some aspects of such networks based on various economic ties including firm 

supplier-customer relationships (Ataly et al, 2011; Cohen and Frazzini, 2008), industry trade flows (Antras 

et al, 2012), patent co-authorship (Ahuja, 2000; Breschi and Catalini, 2010), and joint ventures (Chu and 

Davis, 2016; Gulati, 1995; Polidoro, Ahuja, and Mitchell, 2011). But these network measures are either at 

the industry level (and are thus not firm specific), capture a very narrow view of firms’ connections (e.g., 

based only on certain job types), or only apply to a small set of companies. Further, these measures ignored 

the vast majority of human-level connections that underlie firm-level economic ties. Other research has 

attempted to delve into these human connections, but either only captures connections between high-level 

roles such as top executives or board members (e.g., Chu and Davis, 2016; Gulati and Westphal, 1999; 

Larcker, So, and Wang, 2013) or only has insights into a handful of firms (e.g., Jacobs and Watts, 2021). 

Such measures only represent the tip of the iceberg of the true depth and breadth of connections between 

firms and are often indirect measures of connections. Further, top-level and rank-and-file employee 

connections are likely to influence firm outcomes in different ways. Thus, the goal of this paper is to first 
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understand what the network of firms resulting from the connections of employees looks like, and then to 

show the relationship between a firm’s centrality in this network and the value of the firm in an attempt to 

drive future theory generation. 

Firms' economic activities are carried out by hundreds or thousands of individual employees – 

whose professional connections could affect the information flow and relational capital upon which 

business transactions rely. On one hand, in a world where human capital has steadily become an 

increasingly important productive input (Ben-Porath, 1967; Black and Lynch, 1996; Romer, 1990), the 

professional connections of an individual are an extension of their innate human capital, and could have 

important implications for the information and resources flowing into the firm who employs them, and in 

turn the outcome of innovative activities and firm value. On the other hand, most of these connections are 

made by individuals based on non-work related ties (friends, schoolmates, etc.) or to optimize their own 

career outcomes (e.g., to find a new job, Granovetter, 1973; Rajkumar et al, 2022), and may have little 

impact on a firm’s economic outcomes, especially if most employees without high-level job roles cannot 

affect value-relevant decisions and activities. Thus mapping the firm-level networks that result from these 

connections, and understanding what relationship (if any) they have with firm value is of critical importance 

to resolve this debate. 

Online professional social network platforms make it possible to systematically observe these 

extensive social relationships. In this paper, we utilize data that is both deep (employees at all job levels in 

the firm) and broad (nearly 8,000 companies), to describe these human connections and explore the 

relationship between human connections and firm performance. We build a firm-level network using 

employee-level connections for 7,715 U.S. public firms and generate various network measures for each 

firm-year from 2004 to 2018. Our sample covers more than 9 million LinkedIn users employed at those 

companies, and 2 billion individual-level connections.1We then utilize eigenvector centrality metrics to 

measure the centrality of the firm in this network and explore the relationship with firm value as measured 

 
1 We focus on LinkedIn users who use English as their profile language and do not filter based on physical 
locations. Therefore, it is possible that our sample includes international employees working for a U.S. firm.  
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by Tobin’s Q. We then dig deeper into one potential factor that can help explain this relationship – 

innovation.  

Our results show the firm-level network of U.S. public firms based on real-world employee 

connections (as proxied by LinkedIn connections) is well-connected, although distinct communities (related 

to, but different than, industry-classification) emerge. Importantly, these communities differ when 

considering the connections of employees at different-levels of employment at the firm. The results further 

show an important relationship between firm centrality in the network and firm value that is driven primarily 

by the low and middle employees in the network. Results accounting for how the relationship between 

centrality and firm value can be moderated by investment in research and development (R&D), show that 

firms with higher R&D expenditure gain more value from their centrality in the network. Finally, the results 

show that even when controlling for R&D expenditure, centrality in the network is positively related to 

more patented innovation output that is both more scientifically and economically valuable, and these 

results are again driven by the connections of low- and middle-level employees at the firm. 

Our study contributes to the literature in a number of important ways. First, we show a novel way 

of measuring how firms are connected to each other. Firm connectivity has long been an important topic of 

interest in the management literature (e.g., Atalay et al, 2011; Gulati, 1995; Larcker et al, 2013). However, 

nearly all prior studies have focused on firm-level measures, and those that go to the individual-level almost 

exclusively focus on top-level executives and directors who have the power to affect high-level firm 

activities like mergers and acquisitions (Lin et al, 2009). Our work shows that the networks of rank-and-

file employees at the firm can also impact firm outcomes, although the mechanism is different and is a 

result of access to enhanced information flow at all levels of the firm which can impact daily decisions, 

especially those related to creativity, R&D, and innovation (Alvarez, Marin, and Fonfria, 2009; Lofsten and 

Lindelof, 2005; Perry-Smith and Mannucci, 2017) rather than through the high-level (but infrequent) 

decisions made by top executives. Second, we contribute by bridging two burgeoning literatures – that 

using digital trace data to understand human and firm behavior (e.g., Lazer et al, 2009; Miric, Yin, and 

Fehder, 2023) and that emphasizing the importance of the micro-mechanisms of firm strategy (e.g., Teece, 
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2007; Barney and Felin, 2013). It is rare that these two literatures intersect, but with the increasing 

availability of nuanced, granular data captured via digitalization, researchers have new opportunities to 

understand the individual-level micro-mechanisms that aggregate to drive firm behavior. Finally, we 

contribute to the long-running literature on how innovation can drive firm performance (e.g., Bennett and 

Levinthal, 2017; Child, 1974; Utterback, 1971). We add to the growing subset of this work that highlights 

the importance of individual and firm networks to successful innovation (e.g., Ahuja, 2000; Alvarez, Marin, 

and Fonfria, 2009; Lofsten and Lindelof, 2005; Perry-Smith and Mannucci, 2017; Schrader, 1991). 

The paper proceeds as follows. First, in Section II, we describe the rich data we use to craft the 

firm-level network based on employee connections and how we combined this with firm-level financial 

information. Next, in Section III, we overview our empirical methodology that we use to analyze this data 

and derive useful insights about the network itself and the relationship between a firm’s centrality in this 

network and its value. In Section IV, we present our results, starting with those that describe and show the 

network and how our measures differ from other firm-level measures of connectivity. Then we present the 

results showing the relationship between a firm’s centrality in the network and its value as well as digging 

deeper to show the role of innovation in this relationship. Finally, in Section V we conclude. 

 

II. Data Sources: LinkedIn and Compustat 

LinkedIn is an online professional social network founded in 2003. By the end of 2018, LinkedIn 

had 6.9 million companies and 624 million users with more than 27 billion connections worldwide. Users 

of LinkedIn create a profile that is often similar to a resume and contains their education, prior and current 

employers, and various skills. Then users can create a connection with other users by inviting them to 

connect. Generally, these connections are based on existing people the user knows from, for example, going 

to the same school, working at the same prior or current employer, via business dealings, or socially. This 

dataset has been used in a handful of recent management research studies (e.g., Miric et al, 2023), however, 

we are the first to utilize the connection data rather than only the resume data. Although this dataset 

represents the most comprehensive collection of employee-level connections in the world, it still has 
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limitations as individuals self-select into whether or not to join LinkedIn and who they connect with if they 

do, and thus coverage (i.e., proportion of a company’s employees who have a LinkedIn profile) is likely to 

vary by industry and firm size. To help address this potential coverage bias, we chose to focus on employees 

of publicly traded firms in the United States, where coverage is likely to be more consistent, at least within 

industry. As the focus of our analyses, U.S. public companies are defined as public companies with U.S 

headquarters. Using only public firms has the added benefit of allowing for deeper analysis, as there is 

substantial publicly available information about such firms. We also conducted additional analysis on the 

S&P 100 companies, some of which have international headquarters, but are listed on U.S. stock markets. 

To generate our sample, we match public companies in CompuStat, a database of financial filings, 

to companies reported on the LinkedIn platform using the following method. We started by utilizing the 

matched sample from (Rock, 2019) as a starting point. Then, for each unmatched CompuStat company, we 

found the closest LinkedIn company using the dedupe package2, a library for the Python programming 

language that does a fuzzy match between text items and provides a confidence score from 0 to 1 that 

represents the accuracy of the match. We improved the matching algorithm by cleaning company names 

using the python cleanco package and incorporating industry classifications as a second variable to match 

on. 72% of companies were matched via this algorithmic method using a matching score higher than 0.7 as 

the cutoff, and we manually checked a random subset of these results to ensure accuracy. The remaining 

U.S. public companies and S&P 100 companies with international headquarters were then matched 

manually.  

Using data from 2004 to 2018, we build our network using 7,715 U.S. public companies on the 

LinkedIn platform of which the subset of 3,584 non-finance and utility firms that publicly report all of the 

necessary financial and employee data are included in the sample for our regression analyses3. To our 

knowledge, this sample represents the largest matched sample of public firms on LinkedIn with detailed 

 
2 https://github.com/dedupeio/dedupe 
3 Firms are dropped from the final sample for various reasons including missing employee data, missing financial 
data, non-positive real sales, etc.  

https://github.com/dedupeio/dedupe
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financial data and connectivity data. We count the total number of connections that belong to a given firm’s 

employees on the LinkedIn platform, after removing “extreme” connectors (i.e. those individuals with more 

than 10,000 connections, a very small proportion of the dataset4). Since companies could become public or 

private during the sample period, the total number of companies in the network fluctuates from year to year.  

 

LinkedIn coverage 

Although LinkedIn is the most widely-used professional network in the United States, as alluded 

to above, not all employees of all companies have a profile on it. Therefore, we consider LinkedIn coverage 

as the percentage of a firm’s employees who are present on LinkedIn and calculated it by dividing the 

number of employees on LinkedIn for a given firm (as reported by the employee/LinkedIn user) in that year 

by the total number of employees reported by the firm (as recorded in Compustat). Overall, LinkedIn users 

represent 22% of the total number of company employees. The coverage varies significantly across 

industries, with Information, Finance, and Professional, Scientific, and Technical Services holding the 

highest coverage in the U.S. public firm samples. As average company sizes increase, overall coverage 

increases slightly. For example, coverage increases from 22% in the full sample to 28% in a sample of only 

firms that are included in the Standard & Poors (S&P) 100, which includes the largest and most established 

public companies.  

 

III. Empirical Methodology 

Consistent with the goals of this paper – to first describe how the firm network based on employee-

connections is structured, and to then show how this network can be predictive of firm value – our 

methodology is first focused on descriptive measures of the network, and then moves to consider the 

relationship between centrality in the network and firm value, with a specific focus on the role of R&D in 

this relationship. 

 
4 Out of the more than 8 million employees in our sample, fewer than 3,000 were dropped due to “extreme” number 
of connections. 
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We start by considering pairwise connections at the industry-level and amongst the largest 

companies in the dataset (the S&P 100). These measures are based simply on the total number of 

connections between two companies or between all of the companies in two industries. 

Next, we build a firm-level network based on employee connections. Two firms are connected if 

there is at least one individual-level connection on LinkedIn between these two firms. The strength of the 

connection between two firms is measured by the natural logarithm of the number of connections between 

them.5 To better understand how this network compares to other networks used in prior literature, we first 

compare our network at the industry level to the input-output network of trade values between industries in 

the U.S. Then, we compare our network to the co-patent network frequently used in the literature discussed 

above. In both of these comparisons, we show that although our firm-level network based on employee 

connections has a few similarities to these networks, it adds a substantial amount of information and insight 

beyond what these other measures contain. 

Since we aim to measure the “importance” of the firm to the network and since firms are tightly 

connected to each other (making other centrality measures such as “betweenness” less applicable in this 

setting), we focus on eigenvector centrality as the main network measure in this paper. Eigenvector 

centrality measures the influence of a node in the network (Newman, 2008). Eigenvector centrality is a 

frequently used measure for analysis of firm networks as it highlights the potential for the flow of 

knowledge between firms (Haunschild and Beckman, 1998; Srinivasan, Wuyts, and Mallapragada, 2018; 

Wang, Gupta, and Grewal, 2017). Companies with strong connections to more central firms have higher 

eigenvector centrality. On average, each firm has 2,909 employees on LinkedIn, with an average of 314 

connections per employee and a total of almost 850,922 connections per firm on average.  

 

Community detection 

 
5 We use the natural log of the number of connections, rather than the number of connections between firms, because 
the existence of a power law distribution is typically observed in social networks (28,29).  
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To look for tight-knit communities of firms in the resultant network, we utilized a community 

detection algorithm to help provide additional insights. First, the network was pruned by finding the 

significant edges in the network using the Python package python-backbone-network 

(https://github.com/aekpalakorn/python-backbone-network) by Palakorn Achananuparp with minor 

changes for our use case. The package is based on (Serrano et al, 2009). The package finds significant edges 

in the network using a disparity filter with an alpha of 0.05. The weight assigned to the edges is the total 

number of connections between each pair of firms (nodes). Only nodes with at least one remaining edge 

were included in the final network.  

Using this pruned network, communities were then detected using the python-louvain package 

(https://github.com/taynaud/python-louvain). This package uses the community detection method 

following (Blondel et al, 2008). The seed 6907 and a resolution of 1 was used to generate the communities 

for each of the networks. The 5 nodes with the highest eigenvector centrality in each community were 

labeled in the networks. 

The visualizations were created using D3 (https://github.com/d3/d3, https://d3js.org/) which was 

created by Mike Bostock. In order to visually separate the communities, the effective weight of the edges 

between nodes in the same community was multiplied by 100. The edge weights were then linearly scaled 

to be between 0.0005 (some small number greater than 0) and 1. In order to prevent overlapping nodes and 

allow the communities to be visually distinct, a repellant force with a strength of 100 is applied equally 

between every node in the network. 

 

Firm Value Calculations  

To measure the relationship between a firm’s centrality in the network and the firm’s value, we utilize 

Tobin’s Q. Tobin’s Q is the ratio of a firm’s market value to its replacement value and is calculated as 

follows:  

Tobin’s Q = (𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝐸𝐸 𝑉𝑉𝑀𝑀𝑉𝑉𝐸𝐸𝑀𝑀+𝐿𝐿𝐸𝐸𝑀𝑀𝐿𝐿𝐸𝐸𝑉𝑉𝐸𝐸𝐸𝐸𝐸𝐸𝑀𝑀𝐿𝐿 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝐸𝐸 𝑉𝑉𝑀𝑀𝑉𝑉𝐸𝐸𝑀𝑀)
(𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 𝐵𝐵𝐵𝐵𝐵𝐵𝑀𝑀 𝑉𝑉𝑀𝑀𝑉𝑉𝐸𝐸𝑀𝑀+𝐿𝐿𝐸𝐸𝑀𝑀𝐿𝐿𝐸𝐸𝑉𝑉𝐸𝐸𝐸𝐸𝐸𝐸𝑀𝑀𝐿𝐿 𝐵𝐵𝐵𝐵𝐵𝐵𝑀𝑀 𝑉𝑉𝑀𝑀𝑉𝑉𝐸𝐸𝑀𝑀)

 

https://github.com/aekpalakorn/python-backbone-network
https://github.com/taynaud/python-louvain
https://github.com/d3/d3
https://d3js.org/
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In this equation, 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝐸𝐸 𝑉𝑉𝑀𝑀𝑉𝑉𝐸𝐸𝑀𝑀 is the product of shares outstanding (Compustat item commonshr) 

and share price at the end of the year (Compustat item prcc_f). 𝐿𝐿𝐸𝐸𝑀𝑀𝐿𝐿𝐸𝐸𝑉𝑉𝐸𝐸𝐸𝐸𝐸𝐸𝑀𝑀𝐿𝐿 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝐸𝐸 𝑉𝑉𝑀𝑀𝑉𝑉𝐸𝐸𝑀𝑀 equals the book 

value of assets (Compustat item at) minus the book value of equity (Compustat item ceq) and deferred taxes 

(Compustat item txdb). 

Prior research has used Tobin’s Q to estimate the effect of firm intangible resources on firm valuation 

(Kogan et al, 2017; Villalonga, 2004) and thus we believe it is the best measure for understanding the 

relationship between social connectivity (as represented by centrality in the firm-level network created by 

employee connections). We use Tobin’s Q as the outcome variable in the following regression as a way to 

better measure the impact of social capital on firm value: 

 

ln(𝑇𝑇𝑇𝑇𝐿𝐿𝐸𝐸𝑛𝑛′𝐿𝐿 𝑄𝑄𝐸𝐸𝐸𝐸) = 𝛼𝛼1𝐶𝐶𝑀𝑀𝑛𝑛𝐸𝐸𝑀𝑀𝑀𝑀𝑉𝑉𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 + 𝛼𝛼2𝐼𝐼𝑛𝑛𝐸𝐸𝑀𝑀𝑀𝑀𝑛𝑛𝑀𝑀𝑉𝑉 𝑐𝑐𝑇𝑇𝑛𝑛𝑛𝑛𝑀𝑀𝑐𝑐𝐸𝐸𝐸𝐸𝑇𝑇𝑛𝑛 𝐸𝐸𝑛𝑛𝐸𝐸𝑀𝑀𝑛𝑛𝐿𝐿𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 + 𝛼𝛼3𝑉𝑉𝑛𝑛 (𝑀𝑀𝐿𝐿𝐿𝐿𝑀𝑀𝐸𝐸𝐿𝐿)𝐸𝐸𝐸𝐸 +

𝛼𝛼4𝐶𝐶𝑀𝑀𝐶𝐶𝐸𝐸𝐸𝐸𝑀𝑀𝑉𝑉 𝐸𝐸𝑛𝑛𝐸𝐸𝑀𝑀𝑛𝑛𝐿𝐿𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 + 𝛼𝛼5𝑅𝑅𝑅𝑅𝑅𝑅𝐸𝐸𝐸𝐸 + 𝛼𝛼6𝑉𝑉𝑛𝑛 (#𝑀𝑀𝑒𝑒𝐶𝐶)𝐸𝐸𝐸𝐸 + 𝛼𝛼7𝐶𝐶𝑀𝑀𝐿𝐿ℎ𝐸𝐸𝐸𝐸 + 𝛼𝛼8𝐿𝐿𝑀𝑀𝐿𝐿𝑀𝑀𝑀𝑀𝑀𝑀𝐿𝐿𝑀𝑀𝐸𝐸𝐸𝐸 + 𝜀𝜀𝐸𝐸𝐸𝐸   

 

We use the log of Tobin’s q as the outcome variable in the regression to adjust for the strong positive 

skewness in Tobin’s Q. Centrality represents the variable of main interest, the firm connectivity measure 

we used in previous analyses. We control for internal connection (internal connection intensity) as measured 

by the total number of connections within a firm divided by the total number of possible connections 

(Internal connection intensity), firm size (ln(Assets)), Capital intensity (𝐺𝐺𝑀𝑀𝑇𝑇𝐿𝐿𝐿𝐿 𝑃𝑃𝑃𝑃𝐸𝐸/𝑅𝑅𝐿𝐿𝐿𝐿𝑀𝑀𝐸𝐸𝐿𝐿𝐸𝐸𝐸𝐸 ), firm 

profitability (ROA), leverage (Leverage), total number of employees (ln(#emp)), cash holding 

(𝐶𝐶𝑀𝑀𝐿𝐿ℎ/𝑅𝑅𝐿𝐿𝐿𝐿𝑀𝑀𝐸𝐸𝐿𝐿𝐸𝐸𝐸𝐸) and include both firm and industry-year fixed effects6. 

To dig deeper into this relationship between network centrality and firm value, we consider one 

potential mechanism that could be driving this result – innovation. Innovation is a key factor in firm 

performance, and has been shown to drive firm value (Belenzon, 2012; Hall, 1999). Further, smaller scale 

studies have shown R&D benefits from individual network relationships (Alvarez et al, 2009; Lofsten and 

Lindelof, 2005). We recognize that innovation is not necessarily the only mechanism through which 
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centrality can act, but given the importance of innovation to firm value, we delve more deeply into it. 

Therefore, we first consider whether the relationship between centrality and market valuation is stronger 

for firms who devote more resources to R&D. To provide more direct evidence of the relationship between 

centrality and innovation, we consider the relationship between firm centrality in the network and 1) 

innovative output (measured by the number of firm patents submitted in a given year that eventually are 

approved), 2) the value of the patented innovations both from a scientific perspective (measured by the total 

patent citations of firm patents submitted in a given year) and from a market perspective (measured by stock 

market reactions to firm patents). 

 For these innovation outputs, to measure the quantity of patented innovations, we use the natural 

log value of (1 + the number of patents that were applied in the year and were eventually granted).7 To 

measure the scientific quality or impact of the patented innovation, we use the natural log of the number of 

citations received (by the end of 2020) by the patents that were applied in the year and were eventually 

granted. To measure the economic value of these patented innovations, we aggregate the patent-level 

economic value estimates by Kogan et al. to firm-year level based on the year in which the patent was 

applied for. For each patent, this value represents the market reaction (in U.S. dollars) to the announcement 

of the patent approval.  

 

IV. Results  

We start by considering relationships purely based on the number of connections between companies, 

and then compare these measures to existing measures of firm and industry connectivity. We then shift 

our focus to analyzing the centrality of the firms in this network, and the communities that emerge within 

the network. Finally, we consider the relationship between this centrality and firm value (as measured by 

Tobin’s Q) and dig deeper by considering the role innovation plays in this relationship. 

 

 
7 We utilize the publicly-available patent data from Kogan, et al. (2017) for this analysis, which includes data on 
firm patenting, forward citations, and the economic value of the patent based on market reaction to patent approval. 
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Closely linked industries and large companies based on employee connections 

 

Before constructing a full firm-level network, we first examine pairwise connections to reveal 

closely linked industries and large companies based on the extent to which their employees are connected. 

We consider two companies or industries connected if there are employee-level connections on LinkedIn 

between them. In Figure 1, we aggregate employee connections to the industry level and show the industry-

level pairwise connections for all U.S. public firms at the end of 2018, the final year in our dataset. We use 

the 2-digit NAICS industry classification. The darker the line between two industries, the more connections 

these two industries have with each other and the size of the node represents the centrality of the industry 

in the overall network. Information, Finance and Insurance, and Manufacturing are highly connected 

overall and with each other. Manufacturing is the most central industry in this network (which is partially 

a result of it being the industry with the largest number of LinkedIn users), while Retail Trade and 

Information are the second and third most central industry, respectively.  

 

---------------------------------------------------Insert Figure 1 ----------------------------------------------- 

To visually represent detailed pairwise connections between firms, we focus on the S&P 100 firms, 

which represent roughly 60% of the market capitalization of all U.S. public firms. There are 4 million 

LinkedIn users working for the S&P 100 companies at the end of 2018 with 1.3 billion connections. In 

Figure 2, we present a heat map showing the 2018 S&P 100 firm-to-firm network. The color of the box 

represents the number of realized connections initiated from one company (horizontal) and accepted by the 

other (vertical). Therefore, the colorings are not perfectly symmetric as even if two companies are tightly 

connected, one of them may be initiating more of the connections than the other. For the boxes where the 

same company is both on the vertical and horizontal (the diagonal), the color represents the number of 

internal connections at the company itself. Firms are grouped based on industry (2-digit NAICS), and within 

each industry are ordered based on assets. Each row provides the composition of connections made by the 

firm. The number of connections has been log-transformed to the scale on the right and darker colors 
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represent a larger number of connections. We observe: (1) there are a high number of connections within 

firms and amongst firms in the same industry. (2) The Finance and Insurance industry, and the Information 

industry show the highest level of connectivity, which may be partially driven by the higher coverage in 

those industries (coverage is measured by the percentage of a firm’s employees who have a LinkedIn 

profile; see above for detailed description). (3) Anecdotally, based on visual inspection, there appears to be 

a geographic element to the connections as well. For example, companies that are headquartered in 

Minnesota (e.g., UnitedHealth Group, Target, 3M, and U.S. Bancorp) are well connected to each other, 

even though they are in different industries. This adds support to prior literature that has discussed the 

importance of managerial talent to the growth of such clusters (Shaver, 2018).  

It is interesting to note that although companies in the Information industry are very well connected to each 

other, the industry as a whole is slightly less central compared to traditional industries like Manufacturing 

and Retail Trade (as seen in Figure 1). 

----------------------------------------------------Insert Figure 2 ---------------------------------------------- 

Comparison with other measures of firm connectivity networks 

Next, we compare the network of firms generated by our employee connection data with other 

measures of networks of firms used in prior research, including industry input-output tables and co-patents. 

In aggregate, we find that the employee connection data in our study has limited overlap with existing firm 

network structures commonly used to understand the flow of information between companies. 

Comparing the firm-level network measures from the sample of all U.S. public firms to the 2018 

Bureau of Economic Analysis (BEA)/Bureau of Labor Statistics (BLS) input-output tables at the same 

industry level (which measures sales from one industry to another), we find that the natural log of the 

number of connections between two two-digit NAICS industries is positively correlated with the natural 

log of the input-output between the same two industries, with a coefficient of 0.33 and a p-value of 0.00. 

This indicates that our measure of firm-level connectivity positively correlates with measures of economic 



 

14 
 

ties between industries, but measures something distinct that is not fully captured by flows of sales between 

industries.  

Finally, we also consider the correlation between professional connections and the frequency with 

which a firm obtains a joint patent with another firm (co-patenting). Among the 2,108,905 firm-pairs with 

LinkedIn connections, only 86 of them, less than 0.01%, have a co-patent applied for in 20158. This suggests 

that our measure of firm connections captures something distinct from prior firm network measures based 

on joint patenting.9  

 

Firm-level network reveals communities of firms and characteristics of the most connected firms 

Figure 3 shows the firm level network in 2018, with node size reflecting the firm’s eigenvector 

centrality, node color reflecting the firm’s 2-digit NAICS industry, and line thickness reflecting the natural 

log of the number of connections between the two firms. Seven “communities” emerged through the process 

described above from the network and the top five most central companies within each community are 

labeled. While each community covers multiple industries, firms in the same community engage in similar 

types of businesses and are likely to have employees of similar skills. For example, although manufacturing 

is the largest industry in several communities, a closer look would show that in Community 0 manufacturing 

companies are mostly industrial/defense firms (e.g., Lockheed Martin, Boeing); Community 1 includes 

manufacturing companies that closely relate to the consumer-oriented businesses (e.g., PepsiCo, General 

Motors) as well as retail companies (e.g., Walmart, Target); Community 2 includes pharmaceutical and 

medical manufacturing companies (e.g., Pfizer and Stryker); Community 3 covers manufacturing firms 

related to technology and digital devices (e.g., Intel, Texas Instruments). High levels of connectivity exist 

both within each community and between different communities. In aggregate, the communities generated 

 
8 Because patent grants can take three to five years, we use applications in 2015 as the most recent year that all patents 
applied for are likely to have been processed.  
9 Among the firm pairs with LinkedIn connections and at least one co-patent, the correlation between the number of 
co-patents between two firms and the number of professional connections between two firms has a coefficient of 0.16 
with a p-value of 0.14. 
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by the network of employees highlight that traditional industry definitions may only scratch the surface of 

how companies are connected to each other. Firms across industries can be more closely related to each 

other than those within the same industries through their employee networks.  

-------------------------------------------------------------Insert Figure 3 ----------------------------------------------- 

In Figure 4, we highlight the firms that are in the top 100 on two economic measures of firm size: 

real sales and market capitalization. While many of these top firms are central to the overall network, this 

is not always the case as many economically large firms are not highly central to the network (e.g., colored 

but not labeled as a top central firm), and many highly central firms are not large (e.g., labeled as a top 

central firm, but not colored).  

-------------------------------------------------------------Insert Figure 4 ----------------------------------------------- 

 In addition to generating these “communities” of closely-linked companies, the firm eigenvector 

centrality measures allow us to identify the most central public companies in the overall U.S. economy. In 

particular, in 2018, although tech and finance companies dominate the top 30 most central firms (which is 

not surprising given those are the two industries with the highest percentage of employees on LinkedIn), 

we see companies from industries including healthcare, consumer goods, retail, and real estate breaking 

into the top 30 as well. A large portion of these companies are not the largest as measured by number of 

employees, revenues, assets, or number of LinkedIn users. For example, Gartner Inc. is ranked in the top 

30 based on eigenvector centrality, but it is ranked number 458 for number of employees, 612 for revenue, 

707 for assets, and 147 for the number of employees with a LinkedIn profile. However, given what Gartner 

does (global research and advising, including evaluating and ranking companies in various industries), it is 

unsurprising that their employees would be highly connected to other important firms in the network. These 

patterns (i.e. more centrally connected companies seem to depend highly on information or knowledge) 

suggest that this firm-level network is likely to reflect information flows between companies.  

To further understand the role these networks play in the economy, and to elucidate the importance 

of including employees at all job levels of the company in such networks, we constructed three additional 
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networks that are based on high-, medium-, and low-level employees at each company and their connections 

to individuals at that same level in other companies. Individuals considered as owners, partners, or CXOs 

are classified as “high”, individuals that are seniors, managers, directors, or vice presidents are classified 

as “medium”, and unpaid, training, or entry positions are classified as “low”. Using these classifications, 

we re-calculate each firm’s eigenvector centrality using only the connections of individuals in a given 

category with other individuals in the same category (e.g., we first calculate all firms’ eigenvector centrality 

as if all companies only had the employees that are classified as “high-level”, then we do the same thing 

for “medium-level” and “low-level”). A visual representation of the 2018 networks at the high, medium, 

low level can be found in Figures 5 to 7 in the Supplementary Materials. We performed the same community 

detection process to these networks as described above for the full network shown in Figure 1. When 

comparing these high-, medium-, and low-level networks with the full network, a number of differences 

are apparent. First, in the high-level network (Figure S1), there is only one discernible community that 

includes all of the firms, suggesting that all high-level executives connect in one group. Further, the most 

well-connected firms in this network are dominated by finance and technology firms with two notable 

exceptions – Gartner (discussed above) and Heidrick & Struggles, an executive recruiting firm. Second, in 

the medium-level network (Figure S2), there are numerous similarities to the network with all employees 

(Figure 1), but there is now also a distinct community (Community #7) that is made up primarily of 

construction companies and dominated by home manufacturers. Finally, in the low-level network, there are 

fewer distinct communities, indicating that lower-level employees likely have more diverse networks and 

larger groups that share common skills than those in the middle of the organization. 

-------------------------------------------------------------Insert Figures 5, 6, and 7 ----------------------------------- 

 

Network Centrality and Firm Value 

After exploring the various aspects of the firm centrality measure, we now turn to ascertaining 

whether it is related to the overall value of the firm. It has long been known that human capital is a critical 

input into the firm (Romer, 1990), and employee relationships can be considered a form of human capital. 
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Our data allows us to consider the relationship between employee professional connections, and the 

resulting centrality of the firm in that network, to firm value. To examine this relationship, we utilize the 

firm’s eigenvector centrality, as discussed above, and consider its interaction with various characteristics 

of the firm and the makeup of its network. We consider the relationship of firm centrality, based on 

employee professional connections, to firm valuation as captured by Tobin’s Q, the ratio between a firm’s 

market value and its replacement value (calculation details can be found in the Materials and Methods 

section). For our main measure of centrality, we create a decile ranking based on the eigenvector centrality 

values. Table 1 reports the descriptive statistics of the main variables used in this test and following tests. 

Table 2 shows the results for various estimations of the relationship between firm centrality and firm value 

as measured by Tobin’s Q. Overall, for most of the specifications, we see a positive and significant 

coefficient on the relationship between firm centrality and firm value (Tobin’s Q). We see that in our 

primary specification with the network that includes connections of employees at all levels (Column 1), 

firm centrality has a coefficient of 0.014. This indicates that an increase in firm eigenvector centrality of 

one decile group is associated with a 1.4% increase in Tobin's Q. Extrapolating, this indicates that a one 

standard deviation increase in eigenvector centrality (2.674) relates to an increase in Tobin’s Q by 3.7%. 

The next two columns indicate the coefficients for the medium-level employee network (0.016) and the 

low-level employee network (0.013) are fairly similar to that for all jobs. The effect is no longer statistically 

significant when considering centrality in the network of firms based only on the connections of high-level 

employees to other high-level employees in Column 4. In Column 5, we include centrality measures based 

on employees at different levels in the same regression, and we find consistent results that both centrality 

based on middle- and low-level employees are positively related to Tobin’s Q whereas there is a limited 

association between centrality based on high-level employee networks and Tobin’s Q. We include firm 

fixed effects and industry-year fixed effects in all of the specifications.  

-------------------------------------------------------------Insert Tables 1 and 2 ---------------------------------------- 

Firm centrality in the employee network predicts innovation inputs and outputs 



 

18 
 

 

As highlighted above, to dig deeper into this relationship between network centrality and firm 

value, we consider one potential mechanism that could be driving this result – innovation. Innovation is a 

key factor in firm performance, and has been shown to drive firm value (Belenzon, 2012; Hall, 1999). 

Further, smaller scale studies have shown R&D benefits from individual network relationships (Alvarez et 

al, 2009; Lofsten and Lindelof, 2005). We recognize that innovation is not necessarily the only mechanism 

through which centrality can act, but given the importance of innovation to firm value, we delve more 

deeply into it. We first examine whether the positive relationship between centrality and market valuation 

is stronger when the firm devotes more resources to R&D. In Table 3, we regress Tobin’s Q onto an 

interaction between centrality and R&D expenses and find a positive coefficient for the interaction term 

regardless whether the R&D expense measure includes firms not disclosing R&D amount.10 This provides 

supporting evidence that one of the mechanisms through which centrality relates to firm value is via 

innovation.  

-------------------------------------------------------------Insert Table 3 ------------------------------------------------- 

To provide more direct evidence on the relationship between centrality and innovation, we consider 

the relationship between firm centrality, innovative output (measured by the number of firm patents 

submitted in a given year that eventually are approved), and the value of the patented innovations both from 

a scientific perspective (measured by the total patent citations of firm patents submitted in a given year) 

and from a market perspective (measured by stock market reactions to firm patents).  

Table 4 presents the relationship between centrality and R&D input and output. In both Columns 1 

and 2, we find a positive and significant relationship between centrality and R&D expenditure (input). This 

indicates that firms that are more central in the network are associated with higher R&D expenses. A firm 

that increases its eigenvector centrality by one decile group increases its R&D spending by around 5%. To 

 
10 The dataset from which we obtain R&D investment (Compustat) is based on company reporting in public 
financial filings. However, the data is structured such that it is not possible to tell if a value of “0” means the 
company actually does not spend anything on R&D or if it simply did not report this value. Therefore, it is 
customary to estimate results both including and not including the zero values (Bardhan et al, 2013). 
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account for this difference in inputs, we control for R&D expenditure in the following analyses. In Columns 

3 to 5, we still find a positive and significant relationship between centrality and all measures of R&D 

outputs. Column 3 shows that firms that are more central obtain more patents, while column 4 shows that 

the patents obtained by more central firms are more highly-cited. Column 5 uses a measure of economic 

value derived from patents filed by the firm measured by abnormal returns to the firm’s stock price when 

the applied patents are approved (Hall, Jaffe, and Trajtenberg, 2005) and shows that more central firms 

derive greater economic value from their patents. In terms of economic significance, increasing eigenvector 

centrality by one decile group increases patent output from 3.5% to 5.8%. These add weight to the above 

arguments that centrality is important due to increased information flow. Higher centrality can lead to better 

inflows of knowledge and hence more and better patenting. On the other hand, higher centrality can also 

lead to better outflows of knowledge after it has been created, leading to a larger scientific impact (as 

measured by citations) and economic impact (as measured by abnormal returns attributable to a patent).11  

-------------------------------------------------------------Insert Table 4 ------------------------------------------------- 

Table 5 replicates the analysis in Table 4 but uses the networks and centrality measures based on different 

levels of employees (high, middle, and low) as discussed above. The results show the aggregate effects 

found in Table 4 are primarily driven by the networks of low- and middle-level employees.  

 
V. Conclusion 

In this paper, we use a novel dataset capturing employee-level professional connections between 

companies to shine a light on the vast majority of individual-level networks that are often unobserved in 

studies of firm-level connections. These previously “invisible” connections show tightly linked U.S. public 

firms where “communities” of firms emerge based on their employees’ connections. Importantly, a firm’s 

centrality in this network consisting of employees of all job levels, shows a stronger relationship to firm 

value than its centrality in a network consisting of only high-level employees. In addition, centrality in this 

 
11 In additional results (not shown), we find the positive impact of centrality on innovation input and output remains 
robust if we use the innovation measures in year t+1 rather than year t as the dependent variables.  
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network predicts firm innovation inputs and various measures of innovation outputs, suggesting a potential 

mechanism through which firm centrality in the employee network can help create value that is different 

than the mechanism through which higher-level employee connectivity can influence firm outcomes. 

Despite the limitations in our dataset (LinkedIn connections are not randomly formed and do not capture 

the full extent of professional connections), our analyses show that taking into account employee-level 

connections at all levels of the firm allows for both a broader and more granular analysis than existing 

measures of firm connectivity and will allow scholars to revisit earlier studies of firm networks to explore 

new avenues through which this connectivity may impact productivity and other social and economic 

outcomes. Further, our results can help inform theory generation on the role firm and employee networks 

play in firm outcomes and the micro-mechanisms through which this occurs.  
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Figure 1 Industry Network Diagram for All U.S. Public Firms (2018) 

 

 

2-digit 

NAICS code 

Industry Name Number of 

firms 

Number of employees on 

LinkedIn 

11 Agriculture, Forestry, Fishing 

and Hunting 

3 85 
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21 Mining, Quarrying, and Oil and 

Gas Extraction 

145 172,984 

22 Utilities 70 106,298 

23 Construction 44 82,876 

31-33 Manufacturing 1,167 2,808,057 

42 Wholesale Trade 90 124,793 

44-45 Retail Trade 122 864,920 

48-49 Transportation and 

Warehousing 

61 244,607 

51 Information 311 1,533,203 

52 Finance and Insurance 456 1,141,070 

53 Real Estate and Rental and 

Leasing 

66 111,185 

54 Professional, Scientific, and 

Technical Services 

86 513,031 

56 Administrative and Support and 

Waste Management and 

Remediation 

66 126,207 

61 Educational Services 8 6,628 

62 Health Care and Social 

Assistance 

50 95,096 

71 Arts, Entertainment, and 

Recreation 

19 12,369 

72 Accommodation and Food 

Services 

48 248,878 

81 Other Services (except Public 

Administration) 

4 6,541 

99 Missing 3 540 

Note: The darker the line between two industries, the more connections these two industries have to each 
other and the size of the node represents the centrality of the industry in the overall network. 
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Figure 2 Connection Heat Map for S&P 100 Firms 

 

 
Note: Each company in the S&P 100 in 2018 is listed on both the vertical and the horizontal. The color of 
the box represents the log transformed number of realized connections initiated from one company 
(horizontal) and accepted by the other (vertical). For the boxes where the same company is both on the 
vertical and horizontal (the diagonal), the color represents the number of internal connections at the 
company itself.
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Figure 3 Firm-level Network Centrality and Industry for U.S. Public Firms in 2018 

 
Note: Node size reflects the firm’s eigenvector centrality, node color reflects the firm’s 2-digit NAICS 
industry as described in the legend, and line thickness reflects the natural log of the number of connections 
between the two firms. Nodes closer to the center of the graph are better connected to nodes in other 
communities than nodes further from the center. The top 5 most central companies within each community 
are labeled.
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Figure 4 Firm-level Network Centrality and Economic Performance for U.S. Public Firms 

in 2018 

 
Note: Node size reflects the firm’s eigenvector centrality, node color reflects the top 100 firms based on 
real sales (red), market capitalization (blue), or both (purple) as described in the legend, and line thickness 
reflects the natural log of the number of connections between the two firms. The top 5 most central 
companies within each community are labeled.  
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Figure 5 Firm-level Network for High-level Employees at US Public Firms in 2018 

  
Note: Node size reflects the firm’s eigenvector centrality, node color reflects the firm’s 2-digit NAICS 
industry as described in the Figure 2 legend, and line thickness reflects the natural log of the number of 
connections between the two firms. Nodes closer to the center of the graph are better connected to nodes in 
other communities than nodes further from the center. The top 20 most central companies within the 
community are labeled.
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Figure 6 Firm-level Network for Middle-level Employees at US Public Firms in 2018 

 
Note: Node size reflects the firm’s eigenvector centrality, node color reflects the firm’s 2-digit NAICS 
industry as described in the Figure 1 legend, and line thickness reflects the natural log of the number of 
connections between the two firms. Nodes closer to the center of the graph are better connected to nodes in 
other communities than nodes further from the center. The top 5 most central companies within each 
community are labeled.
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Figure 7 Firm-level Network for Low-level Employees at US Public Firms in 2018 

 
Note: Node size reflects the firm’s eigenvector centrality, node color reflects the firm’s 2-digit NAICS 
industry as described in the Figure 2 legend, and line thickness reflects the natural log of the number of 
connections between the two firms. Nodes closer to the center of the graph are better connected to nodes in 
other communities than nodes further from the center. The top 5 most central companies within each 
community are labeled.
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Table 1 Summary descriptive statistics for the regression sample  
     N #of firms   Mean   SD   p25   Median   p75 

 Tobin's Q 27059 3,584 .631 .6 .201 .52 .96 
 Centrality 27059 3,584 6.38 2.674 4 7 9 
 Centrality_low 21086 2,919 5.982 2.824 4 6 8 
 Centrality_middle 26114 3,470 6.068 2.769 4 6 8 
 Centrality _high 16950 2,588 5.846 2.808 4 6 8 
 Internal connection intensity 27059 3,584 .057 .097 .004 .018 .067 
 ln(assets) 27059 3,584 6.415 2.193 4.845 6.414 7.947 
 Capital intensity 27059 3,584 .468 .409 .154 .34 .688 
 ROA 27059 3,584 -.082 .374 -.068 .029 .075 
 ln(#emp) 27059 3,584 1.405 1.351 .243 .969 2.262 
 cash 27059 3,584 .245 .258 .046 .144 .365 
 lev 27059 3,584 .213 .235 .002 .158 .33 
 ln(R&D) 14863 2,065 3.256 1.95 2.022 3.29 4.407 
 ln(R&D expense with missing) 27059 3,584 1.832 2.123 0 .991 3.516 
 ln(#patents) 7815 1,076 2.508 1.604 1.099 2.079 3.466 
 ln(#cites) 7815 1,076 3.014 2.263 1.099 2.773 4.635 
 Economic value 7815 1,076 3.948 2.544 1.78 3.619 5.719 

Table 1 provides descriptive statistics for our sample. Sample sizes differ due to data availability. Continuous variables are winsorized 
at the 1st and 99th percentile. 
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Table 2 Eigen ranking and market value  

 (1) (2) (3) (4) (5) 
 Tobin’s Q Tobin’s Q Tobin’s Q Tobin’s Q Tobin’s Q 

Centrality 0.014**     
 (2.75)     

Centrality_low  0.013***   0.015*** 
  (4.03)   (3.05) 

Centrality 
_middle 

  0.016***  0.020** 
  (3.02)  (2.37) 

Centrality_high    0.003 0.001 
   (1.25) (0.32) 

Control 
variables 

Yes Yes Yes Yes Yes 

Firm FE Yes Yes Yes Yes Yes 
Industry*Year 

FE 
Yes Yes Yes Yes Yes 

N 27059 21086 26114 16950 15768 
R2 0.797 0.813 0.797 0.823 0.830 

Adj. R2 0.724 0.740 0.723 0.746 0.756 
Table 2 examines the relationship between firm centrality and firm value as measured by Tobin’s 
Q. Sample size varies based on the number of observations available for the network measure 
used in the regression. Unreported control variables include internal connection intensity, 
ln(assets), capital intensity, ROA, ln(#emp), cash, and leverage. Robust t-statistics in 
parentheses. *** p<0.01, ** p<0.05, * p<0.1 
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Table 3 The Moderating role of R&D 
 (1) (2) 
 Tobin’s Q Tobin’s Q 

Centrality -0.007 0.009 
 (-0.57) (1.56) 

Centrality*ln(R&D) 0.009***  
 (3.23)  

Centrality*ln(R&D with 
missing) 

 0.004* 
 (1.84) 

ln(R&D)  0.004  
 (0.15)  

ln(R&D with missing)  0.003 
  (0.17) 

Control variables Yes Yes 
Firm FE Yes Yes 

Industry*Year FE Yes Yes 
N 14863 27059 
R2 0.763 0.797 

Adj. R2 0.680 0.724 
Table 3 examines whether the positive relationship between centrality and market valuation is 
stronger when the firm devotes more resources to R&D. Column 1 focuses on observations 
where firms report their R&D expense, and Column 2 treats firms not reporting R&D expenses 
as having no R&D expenses and is based on the same sample as Table 1. Unreported control 
variables include internal connection intensity, ln(assets), capital intensity, ROA, ln(#emp), cash, 
and leverage. Robust t-statistics in parentheses. *** p<0.01, ** p<0.05, * p<0.1 
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Table 4 The impact of centrality on R&D inputs and outputs  
 (1) (2) (3) (4) (5) 
 ln(R&D) ln(R&D with 

missing) 
ln(#patents) ln(#cites) Economic 

values 
Centrality 0.054*** 0.053** 0.035** 0.058*** 0.037** 

 (3.00) (2.56) (2.82) (3.01) (2.28) 
ln(R&D exp)   0.126*** 0.140** 0.170*** 
   (4.94) (2.97) (5.61) 

Control 
variables  

Yes Yes Yes Yes Yes 

Firm FE Yes Yes Yes Yes Yes 
Industry*Year 

FE 
Yes Yes Yes Yes Yes 

N 7022 7815 7815 7815 7815 
R2 0.978 0.973 0.918 0.879 0.949 

Adj. R2 0.969 0.962 0.883 0.826 0.927 
Table 4 examines the relationship between firm centrality and innovative input and output. The 
sample is based on firm-year observations where the firm has successfully applied for a patent. 
Unreported control variables include internal connection intensity, ln(assets), capital intensity, 
ln(#emp), and book-to-market. Robust t-statistics in parentheses. *** p<0.01, ** p<0.05, * p<0.1 
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Table 5 Centrality based on different levels of employees and R&D inputs and outputs  
 (1) (2) (3) (4) (5) 
 ln(R&D) ln(R&D 

with 
missing) 

ln(#patents) ln(#cites) Economic 
values 

Centrality_low 0.039*** 0.044*** 0.018* 0.031* 0.038** 
 (4.58) (3.95) (1.93) (2.03) (2.94) 
Centrality_middle 0.058*** 0.056*** 0.032** 0.048** 0.032* 
 (3.75) (3.19) (2.68) (2.72) (1.95) 
Centrality_high 0.002 -0.002 -0.005 -0.011 -0.007 

 (0.40) (-0.33) (-0.65) (-1.28) (-0.71) 
Table 5 examines the relationship between firm centrality based on different level of employees, 
and innovative input and output. Each coefficient represents one regression where the dependent 
variable is regressed onto centrality measures based on one level of employees, e.g., the table 
should not be read as if each column is its own regression. All fifteen regressions use the same 
set of control variables and fixed effects specifications as the models in Table 4. Control 
variables include internal connection intensity, ln(assets), capital intensity, ln(#emp), and book-
to-market and additionally ln(R&D exp) for regressions in columns 3-5. Both Firm and 
Industry*Year FE are included. The sample is based on firm-year observations where the firm 
has successfully applied for a patent and where the network measure is available. Robust t-
statistics in parentheses. *** p<0.01, ** p<0.05, * p<0.1 
 




